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Abstract

4D generation has made remarkable progress in syn-
thesizing dynamic 3D objects from input text, images,
or videos. However, existing methods often represent
motion as an implicit deformation field, which limits di-
rect control and editability. To address this, we pro-
pose SkeletonGaussian, a novel framework for gener-
ating editable, dynamic 3D Gaussians from monocu-
lar video input. Our approach introduces a hierarchi-
cal, articulated representation that decomposes motion
into sparse, rigid motion explicitly driven by a skeleton
and fine-grained, non-rigid motion. Concretely, we ex-
tract a robust skeleton and drive rigid motion via lin-
ear blend skinning, followed by a hexplane-based re-
finement for non-rigid deformations—enhancing inter-
pretability and editability. Experimental results show
that SkeletonGaussian surpasses existing methods in
generation quality while enabling intuitive motion edit-
ing, establishing a new paradigm for editable 4D gener-
ation.

Keywords: 4D Generation, Gaussian Splatting, Motion
Editing, Skeleton Modeling, Dynamic 3D

1. Introduction

Dynamic 3D generation, also referred to as 4D gener-
ation, aims to create dynamic 3D objects from input text,
images, or videos. It has become a prominent research area,
expanding creative possibilities in fields such as animation,
game design, autonomous driving, and film production. In
this paper, we focus on generating editable dynamic 3D
Gaussian models [ 14, 53, 60] from monocular video input.

Recent advancements in text-to-3D generation [22, 38,

, 63] and image-to-3D synthesis [23, 26, 39, 48, 49]
have enhanced the creation of diverse 3D objects. Build-
ing upon these developments, novel techniques [14, 53, 60]

have emerged in the field of 4D generation. These methods
leverage Score Distillation Sampling (SDS) loss, derived
from diffusion model priors [57, 43, 27, 19], to optimize
4D object representation models. Depending on the type of
4D model used, existing methods can be categorized into
three main classes: dynamic Neural Radiance Field (NeRF)

generation [13, 32, 64, 37, 34, 35], dynamic 3D Gaussian
generation [33], and dynamic mesh generation [19].

Despite these advances, current 4D object representa-
tion methods typically model motion as an implicit defor-
mation field [3], which limits direct control and editability.
Editing deformation fields [3] in 4D models often requires
retraining the deformation field, making the process time-
consuming and lacking real-time feedback. Moreover, the
parameter requirements of the deformation method grow
quadratically with time, making it challenging to apply this
motion modeling approach to long-duration sequences. Ad-
ditionally, implicit deformation representations are diffi-
cult to convert into standard skeleton or pose data, which
obstructs seamless integration with widely used animation
tools and pipelines (e.g., Blender [2]). Together, these lim-
itations hinder the adoption of practical motion generation
workflows.

To tackle these challenges, we aim to develop a high-
quality 4D generation workflow that not only produces su-
perior 4D results but also facilitates real-time motion edit-
ing. Inspired by recent advances in human reconstruc-
tion [36, 40, 11, 15], which integrate the SMPL model [28]
into 4D Gaussian modeling, we introduce SkeletonGaus-
sian. SkeletonGaussian is an innovative framework for
editable 4D generation through Gaussian skeletonization.
This framework introduces a lightweight, hierarchical ar-
ticulated motion representation technique that captures mo-
tion details across multiple levels. Therefore, it enables effi-
cient and high-quality 4D generation, while providing flex-
ible editing capabilities.

SkeletonGaussian integrates linear blend skinning (LBS)
and skeleton-driven articulated motion representations into
4D generation tasks. It decomposes object motion into two
components: sparse rigid deformation, driven by the skele-
ton, and fine non-rigid deformation, which captures intri-
cate motion details such as wrinkles in clothing and skin.
Our 4D generation pipeline consists of three stages: static
3D Gaussian generation, rigid motion modeling, and non-
rigid motion refinement. We adopt UniRig [66] as the de-
fault skeleton extractor for robust, category-agnostic rig-
ging, while using Coverage Axis++ as an ablation base-
line. By leveraging hierarchical motion structures, Skele-
tonGaussian effectively captures complex motion dynam-
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Figure 1: Given (a) an input monocular video, we propose a novel 4D generation method SkeletonGaussian which uses
(b) a skeleton to drive the motion of 4D Gaussian model. SkeletonGaussian enables (c) direct motion editing through the
skeleton’s explicit motion representation, allowing users to adjust skeleton poses to modify the motion of the objects directly.

ics, particularly in scenarios involving substantial transfor-
mations and intricate deformations. Moreover, Skeleton-
Gaussian enables users to directly modify motion by edit-
ing the skeleton. It seamlessly integrates into existing 3D
animation workflows, allowing for real-time motion adjust-
ments without the need for computationally expensive opti-
mization. The skeletal structure encodes the object’s physi-
cal topology, eliminating the need for auxiliary constraints,
such as ARAP loss. Meanwhile, the explicit skeleton defor-
mation method is highly parameter-efficient. The number
of learnable pose parameters grows linearly with joints and
time (O(B x T')), reducing memory and training time com-
pared to dense deformation fields. To validate the effective-
ness of our method, we conduct quantitative and qualitative
experiments using the Consistent4D [ 3] dataset. Our con-
tributions are summarized as follows:

¢ We propose SkeletonGaussian, a skeleton-driven dy-
namic 3D Gaussian framework for motion model-
ing in generative tasks. By employing a hierarchi-
cal motion representation, SkeletonGaussian enhances
motion fidelity while offering interpretable and ed-
itable pose controls. In contrast to dense deforma-
tion fields, the skeleton-based pose parameterization is
more parameter-efficient, thereby reducing both stor-
age demands and training times.

* Our explicit skeleton-based representation enables di-
rect, real-time motion editing through the manipula-

tion of skeletal poses. The generated motions can be
exported in standard skeleton and pose formats, ensur-
ing seamless integration with animation pipelines such
as Blender [2].

2. Related Work

Skeleton-Based Motion Representations. Skeleton-based
motion representation is crucial in computer vision and
graphics due to its manipulability and ability to model de-
tailed object motion. It is extensively used in computer
graphics, animation generation, and pose estimation. Lin-
ear Blend Skinning (LBS) is a commonly used technique
for animating 3D models by applying transformations to a
hierarchical skeleton, where the movement of joints influ-
ences the deformation of the model’s surface, enabling re-
alistic motion and posing [16]. LBS is extensively used in
contemporary 3D animation and motion modeling. In prac-
tical applications, models such as the Skinned Multi-Person
Linear Model (SMPL) [28] employ LBS to combine joint
articulation with skin meshes, resulting in realistic human
motion and deformation. Similarly, FLAME [18] extends
this method to facial animation, while SMAL [71] adapts
it for animal modeling, demonstrating its versatility across
different specialized fields.

3D Skeleton Generation. The extraction of skeletons from
3D representations, such as meshes or point clouds, is a
well-established study area. Traditional methods relied on
hand-crafted rules to extract geometric features. Techniques



such as Laplacian contraction [4] reduce point clouds to
their topological structures, facilitating the extraction of key
joints and skeletons. Offline approaches [31, 6, 52, 54, 17]
have further refined this process. Recent methods [59, 21]
employ deep neural networks to predict curve-based skele-
tons. In our system, we adopt UniRig [06] as the de-
fault skeleton extractor due to its generalizable rigging
prior across categories, while also evaluating Coverage
Axis++ [52] as a baseline in our ablations (section 4.3).
Both extractors are integrated into a unified pipeline with
consistent axis correction and scale normalization.

3D Deformation. In 3D modeling, deformation techniques
incorporate deformation fields into static 3D models. These
techniques can be classified based on the model’s 3D rep-
resentation: (1) Mesh Deformation. Classical mesh-based
methods, such as Laplacian coordinates [25, 46] and cage-
based techniques [61], focus on preserving geometric de-
tails during transformations, making them suitable for static
objects. (2) NeRF-Based Deformation. Recent advance-
ments in dynamic NeRF reconstruction utilize plane de-
composition and 4D grids [3, 7] to achieve dynamic scene
reconstruction by deforming canonical NeRF. (3) 3D Gaus-
sian Deformation. Recent advancements in 3D Gaussian
splatting [14] significantly accelerate rendering. Dynamic
3D Gaussian methods [30, 53, 60] leverage deformation
fields [3] to model 3D Gaussian motion. Some approaches,
such as SC-GS [12] and BAGS [69], use sparse control
points to represent 3D deformation. However, these meth-
ods rely on hexplane and MLP-based techniques to im-
plicitly model control point movement and deformation,
whereas our method explicitly models motion using a skele-
ton and joint pose parameterization. Recent techniques for
3D Gaussian-based dynamic human motion [36, 40, 11, 15]
combine rigid skeletal skinning and non-rigid deformations
for precise motion modeling. Our approach draws inspi-
ration from these works, employing a skeleton-based defor-
mation in 3D Gaussian rendering to provide an intuitive and
efficient method for editable 4D generation.

3D and 4D Generation. In 3D generation, Dream-
Fusion [38] first introduced score distillation sampling
(SDS) [38, 51] loss, which optimizes NeRF [32] to pro-
duce high-quality 3D models. Building on advancements
in 3D Gaussian techniques [ 4], DreamGaussian [49] lever-
ages Gaussian splatting for 3D generation, significantly im-
proving speed and performance. In 4D generation research,
traditional motion generation methods [9, 47] are often lim-
ited to specific characters or datasets, reducing their appli-
cability across diverse objects. Recently, diffusion model-
based approaches [44, 1, 24, 42, 70, 13, 65, 62] address
these limitations by integrating SDS loss into 4D frame-
work, enabling more versatile and generalized motion gen-
eration. Approaches such as SC4D [55] introduce control
points for motion transfer, enhancing editing flexibility in

4D generation. Additionally, Diffusion4D [20] and Stable
Video 4D [56] achieve spatiotemporal consistency through
specialized attention layers. STAG4D [65] initializes multi-
view images anchored to input video frames, which are
then used for multi-view SDS computation. Building on
these advancements, our work introduces a novel skeleton-
driven 3D Gaussian deformation framework for 4D gener-
ation tasks, offering a more intuitive and efficient approach
to motion modeling and editing.

3. Method

As illustrated in figure 2, the 4D object generation
pipeline of SkeletonGaussian consists of three stages: (1)
Static 3D Object Generation and Skeleton Extraction
(section 3.1): A static 3D object is initially generated us-
ing a 3D Gaussian generation method [14, 49]. Subse-
quently, an inherent skeletal structure is constructed for the
3D Gaussian model. (2) Rigid Motion Modeling (sec-
tion 3.2): To capture the primary rigid motion of the object,
a skeletal skinning network is employed, and the motion
trajectories of each skeletal point are calculated using For-
ward Kinematics. Linear Blend Skinning (LBS) is then ap-
plied to deform the 3D Gaussian model according to these
skeletal trajectories. During this stage, the skeleton poses
are optimized to match the reference video sequences. (3)
Non-Rigid Motion Modeling (section 3.3): Fine-grained
non-rigid motions are represented through a hexplane [3]
and a deformation MLP. At this stage, the skeletal skinning
network remains frozen, while only the 3D Gaussian and
the hexplane deformation field are trained to capture finer
deformations.

Through these three stages, SkeletonGaussian generates
a high-quality 4D object comprising a 3D Gaussian model,
a skeletal pose representing the object’s rigid motion, and
a fine-grained deformation field, achieving high-quality dy-
namic 3D object generation. The following sections detail
each of these training stages.

3.1. Static 3D Gaussian and Skeleton Generation

To generate a static 3D Gaussian and its corresponding
skeletal structure, we select the middle frame of the video
as the reference frame for constructing the initial static 3D
Gaussian model G, in canonical space:

gc - {PC»QmS,U»C}, (l)

where p., q., s, 0, and c represent the position, quater-
nions, scale, opacity, and spherical harmonics coefficients
of the 3D Gaussian in canonical space, respectively. The
middle frame is chosen as the static reference because it
minimizes the motion discrepancy with all other frames,
thereby reducing task complexity. The static 3D Gaussian
model is trained using both the multi-view SDS loss and the
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Figure 2: Pipeline of the SkeletonGaussian framework for 4D object generation, divided into three stages: (1) Static 3D
Object Generation and Skeleton Extraction: Starting from a frame at the video’s midpoint, a static 3D Gaussian model
G (section 3.1) is generated in canonical space, from which an inherent skeletal structure is subsequently extracted. (2)
Rigid Motion Modeling: Using LBS, rigid deformations F;, (section 3.2) under various poses 6; are applied to rigidly
deform G, into G,. During this stage, the skeleton poses 6; are optimized. (3) Non-Rigid Motion Modeling: To capture
fine-grained deformations, a deformation field F,,,. (section 3.3) refines the motion of the rigidly deformed 3D Gaussian G,,
transforming it into the observation space Gaussian G,. F,, comprises a hexplane [3] and an MLP. All three stages share
the same Training Objectives (section 3.4). A differentiable Gaussian rasterizer renders images of the observation space
3D Gaussian G, from multiple viewpoints, comparing them to the reference video with photometric and MV-SDS losses for

backpropagation.

photometric consistency loss. Further details are provided
in section 3.4.

Skeleton Generation. To generate the kinematic tree struc-
ture of the skeleton joints J, the mesh structure of the static
object is first extracted from the static 3D Gaussian using
occupation fields and the marching cubes algorithm [29].
We adopt a robust rigging pipeline built on UniRig [66]
(default in our system), which predicts joint candidates and
their connectivity to form an articulated skeleton for gen-
eral objects. In practice, we support two invocation modes
to enhance reproducibility and portability across environ-
ments: (1) an internal Python inference path, and (2) an
external script path that caches results on disk and can be
launched from sandboxed environments. Prior to building
forward kinematics (FK), we apply standard preprocessing
to ensure consistent coordinate conventions across extrac-
tors.

Based on the extracted skeletal points, we construct a
kinematic tree by computing a Minimum Spanning Tree
(MST) over candidate joints, and we preserve joint iden-
tifiers when available from the extractor to maintain con-
sistency with rigging conventions. The kinematic tree pro-
vides a compact structural abstraction of the 3D Gaussian
and serves as the control scaffold for subsequent motion
generation.

3.2. 3D Gaussian Rigid Deformation

To model the primary motion of the 3D Gaussian, we use
LBS to apply rigid deformation to the canonical 3D Gaus-
sian G, denoted as Fs. Let J = {J b}le represent the set
of static joint positions of the skeleton, and let 6; represent
the skeleton’s pose at a specific time ¢. Under these condi-
tions, the corresponding rigidly deformed 3D Gaussian G,
is computed as follows:

gr - Ebs(gc;‘]vet)‘ (2)

Note that while LBS results in non-rigid deformation, we
term this “rigid deformation” to highlight it is driven by
rigid skeletal joints, distinguishing it from the subsequent
non-rigid refinement.
Rigid Position and Rotation Transform. The deformed
3D Gaussian point G¢ is computed by applying a transfor-
mation matrix T; to the 3D Gaussian point G:. T; is a
weighted sum of the transformation matrices By (J, 6;) cor-
responding to the nearest K skeletal joints, with weights
Wi .-
7 K
Ti =Y wBr(J,0). 3)
k=1

The transformed position p.. and the rotation q;. of the de-



formed 3D Gaussian G! are calculated as follows:

p; = Ttpzc + t07 q:— = Ti(1:3,1:3) . an (4)

where T';.3 1.3 refers to the rotational component extracted
from the transformation matrix T';. The term t, denotes the
global translation of the root joint at time ¢.
Forward Kinematics. To compute skeletal animations and
joint motions, we use the forward kinematics approach.
Forward kinematics determines each joint’s transformation
by recursively accumulating the transformations of its an-
cestor joints. It relies on a hierarchical skeleton tree struc-
ture, where the transformation matrix By (J,6;) for each
joint k is obtained by multiplying the local transformations
67 of all its ancestor joints j € A(k):

Bi(3,0) = [] 61 (5)

JEA(k)

Skeletal Skinning Weights. To compute the skinning
weights wy, ; for each Gaussian point 7 relative to its sur-
rounding skeleton joints, we apply the K-nearest neighbors
(KNN) algorithm to identify the K nearest points. The
weights are determined using inverse distance weighting,
where the weight is inversely proportional to the distance
dy,; between point ¢ and skeleton joint &:

1
Wk, = 7;“ o
Dkt e

We employ fixed inverse-distance KNN weights due to their
simplicity and lack of training requirements. In future work,
we plan to explore learning-based skinning weight fields to
further improve deformation quality.

Skeletal Pose Smoothness. The skeletal pose is repre-
sented by a tensor § € RT*Bx4 where T is the number
of frames, B is the number of joints, and each entry 6, j
represents a 4D quaternion encoding the rotation of the k-th
joint at the ¢-th frame. Additionally, we introduce a variable
t, to record the global translation of the root joint. Directly
optimizing skeleton poses can lead to overfitting, causing
the model to capture noise from the training data and pro-
duce jitter in the generated motion. To mitigate this prob-
lem, we employ window smoothing to the skeleton poses,
which uses a sliding window of size 2w + 1 during training
to smooth the motion across w neighboring frames. For the
local skeletal pose 6; at each time step ¢, we compute the av-
erage pose 6, by averaging across frame ¢ and its neighbors.
This smoothed value 6, is then used as input for LBS defor-
mations. For simplicity, we use #; instead of §; elsewhere.
The formula is:

(6)

w

- 1
0 =51 Z_;w Orti. )

3.3. Non-Rigid Refinement

LBS effectively captures global object motion but strug-
gles to represent detailed motions, such as clothing wrin-
kles, due to the limited number of skeletal joints. To over-
come this limitation, we propose a non-rigid deformation
method to capture these detailed motions. Our approach
employs a hexplane-based 4D representation to refine the
motion of static 3D Gaussians. Specifically, we integrate
a hexplane and an MLP to regress displacement, rotation,
and scale changes of the 3D Gaussian. The non-rigid defor-
mation function F,,,- which transforms the rigidly deformed
3D Gaussian G, into the observation space 3D Gaussian G,
is given by:

go = -Fn’r(gr)~ (8)

The observation space 3D Gaussian G, is then rendered
through Gaussian rasterization. During this refinement field
training stage, the skeletal skinning network is frozen, and
only the 3D Gaussian and hexplane deformation field are
trained to capture fine-grained deformations.

3.4. Training Objectives

Our objective is to generate a 4D Gaussian representa-
tion of the target object from an input video sequence by
optimizing the static 3D Gaussian model, the skeleton poses
0:, and the refinement field parameters F,,,.. We begin by
applying the multi-view diffusion model Zero123++ [43]
to generate multi-view sequences I’ , = from the video in-
puts. These sequences act as spatiotemporal anchors, which
are later used to compute the MV-SDS loss. The 3D Gaus-
sian is then projected onto the screen to produce output im-
ages, which are compared with the anchor images I?, . . us-
ing the multi-view Score Distillation Sampling (SDS) loss
Lav—sps from Zerol123 [27]. In addition, the loss func-
tion includes a reconstruction loss L,.. and a foreground
masking loss £, 451 between the reference image I: ¢/ and
the front-view rendered image. A regularization loss L.
is also applied to the deformation field F,,, to enforce tem-
poral smoothness in the motion. For a detailed explanation
of the loss function, please refer to the Appendix section 7.
The final optimization objective is given by:

L= ‘CMstDS + >\1£rec + )\2£mask + A3£7“eg- (9)

3.5. Generated Motion Editing

SkeletonGaussian provides an efficient approach for
editing generated motion through its sparse, explicit
skeleton-based representation. Users can intuitively adjust
the motion of skeletal points by modifying poses at spe-
cific time steps, thereby altering the entire motion trajec-
tory. We develop a GUI that simplifies the process of mo-
tion editing. This method also aligns with current motion
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Figure 3: Visualizing 4D Object Motion with Skeleton Poses. We present generated 4D object motion and its corresponding
skeleton poses, where the viewpoint rotates from left to right, and time progresses linearly from left to right.
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Figure 4: Editing Generated Motion. We visualize the gen-
erated motion (top) and edited motion sequence (bottom).
Users can directly adjust the skeleton poses of specific joints
at different times to edit the object’s motion.

modeling techniques in computer graphics, enabling users
to modify skeletal movements in popular 3D editors such as
Blender [2]. Additionally, the hierarchical structure of the
skeleton tree facilitates hierarchical motion editing, where
adjustments to a parent node automatically propagate to its
child nodes. Motion editing is illustrated in figure 4.

4. Experiments
4.1. Experiment Setup

Implementation Details. (1) Static Stage: We generate six
anchor view videos I} (i € {1...6}) using Zero123++ [43]
from the input monocular video I;/. The SDS loss is
computed using Zero-1-to-3 [27]. 10000 3D Gaussian
points are randomly initialized within a spherical canoni-
cal space. This stage is trained for 1500 steps to produce
a static 3D Gaussian. Subsequently, a skeleton is gener-
ated using UniRig [66] (default). We support both an in-
ternal Python path and an external cached script path for
cross-environment execution. (2) Skeleton Training Stage:
Skeleton poses are trained for 2500 steps. A smoothing

window of size three is applied to the skeleton poses. (3)
Non-Rigid Motion Refinement: A hexplane and a defor-
mation MLP are trained for 7000 steps to capture the fine-
grained motion. The detailed implementation and hyper-
parameters are provided in Appendix section 8. The en-
tire training process takes approximately 1 hour on an RTX
3090 GPU, and the rendering process can be performed at
150 FPS in real time.

Evaluation Dataset. To fairly evaluate our method against
the baselines, we use the Consistent4D dataset [13], which
includes 4D animation assets from Sketchfab [45] for fur-
ther animation assessment. The dataset comprises 12 syn-
thetic and 12 real-world videos, each captured with a static
vertically aligned camera focused on dynamic objects. Each
video contains 32 frames over approximately 2 seconds.
Evaluation Metrics. We evaluate the quality of generated
4D videos based on their alignment with reference videos,
spatio-temporal consistency, and motion fidelity. For each
test object and method, we use a frontal view video as in-
put to generate a corresponding dynamic 3D model, ren-
dering four videos from azimuth angles of 75°, 15°, 105°,
and 195° at a 0° elevation. These rendered videos are com-
pared with the ground-truth videos in the dataset to evalu-
ate the generation quality. Our evaluation metrics include
CLIP [41], LPIPS [68], and FVD [50] for Video-to-4D
evaluation. CLIP and LPIPS evaluate the semantic and
perceptual similarities between generated and real images,
while FVD computes frame quality and temporal consis-
tency. Since DreamGaussian4D generates videos with only
16 frames, we use the FVD-16 score, which computes the
FVD based on the first 16 frames.

Baselines. We compare SkeletonGaussian with several re-
cent 4D generation methods capable of generating multi-
view videos from a single-view video input, including Con-
sistentdD [13], STAG4D [65], 4DGen [62], and Dream-
Gaussian4D [42]. All baselines are evaluated on the Consis-



N
£
e
e
2
?

Reference video SkeletonGaussian (Ours)

DreamGaussian4D

Figure 5: Qualitative Comparisons. We compare our method with STAG4D [65] and DreamGaussian4D [42]. For each
instance, we render two viewpoints at two time steps. We also visualize the skeleton poses of SkeletonGaussian.

Table 1: Quantitative Evaluation of 4D Generation on
the Consistent4D Dataset. SkeletonGaussian outperforms
in both image quality and video frame consistency.

Method CLIPT LPIPS| FVD|
Consistent4D [13] 0.877 0.161 1518.5
DreamGaussian4D [42] 0913 0.143 994.11
4DGen(16 frames) [62] 0.909 0.137 913.10

STAG4D [65] 0.909 0.126 992.2
SkeletonGaussian (Ours)  0.923 0.125 847.8

tent4D dataset using their official code and configurations.
Quantitative and qualitative comparisons are presented in
figure 5 and table 1.

4.2. Comparisons

Quantitative Comparisons. As shown in table 1, our
method outperforms STAG4D, DreamGaussian4D, and
4DGen on the Consistent4D [13] dataset in terms of ref-
erence view alignment (LPIPS, CLIP), indicating that our
approach generates more realistic images. Furthermore, our

method achieves the lowest FVD score, demonstrating that
our generated videos exhibit fewer temporal artifacts and
better match real-world footage. These results highlight the
effectiveness of SkeletonGaussian.

Qualitative Comparison. We compare the 4D outputs gen-
erated by our method with STAG4D and DreamGaussian4D
in figure 5. For each video, we render the 4D results at two
timestamps and from two perspectives: one from the front
and the other from the back. Additionally, we visualize
the skeletons of our method. Our approach achieves high-
fidelity reconstruction with stable geometry and consistent
texture. The results maintain fine details across frames,
demonstrating robustness in both spatial and temporal as-
pects.

User Study. To validate our method, we conduct user stud-
ies to evaluate multi-view video synthesis and 4D outputs.
We select 20 real-world and synthetic videos from the Ob-
javerse [5] and Consistent4D [13] datasets. Participants
compare results from three methods (SkeletonGaussian and
three baselines) based on a novel camera view, choosing
the most stable, realistic, and reference-like video. Skele-
tonGaussian is preferred by 32.5%, followed by STAG4D
(27.5%), 4DGen (22.5%), and DreamGaussian4D (17.5%).
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Figure 6: Qualitative evaluations of the ablation study. We visualize the skeleton poses and the objects at different time steps.

4.3. Ablation Studies

In this section, we evaluate the effectiveness of various
motion modeling methods by analyzing the quality of the
generated 4D Gaussians through a series of ablation stud-
ies. We assess the quality, memory requirements, and train-
ing time of different motion modeling approaches, provid-
ing quantitative comparisons in table 2 and qualitative com-
parisons in figure 6.

Rigid-only (LBS). Using only rigid LBS preserves articu-
lated structure but underfits fine non-rigid motion (see fig-
ure 6). Thanks to the compact pose parameterization that
scales as O(Bx3xT), it achieves the smallest deformation-
module VRAM and the shortest training time in table 2.
In our setting with B =~ 30 and T" = 32, this amounts to
30x32x3 scalars, i.e., only storing joint rotation angles; the
rigid stage takes about 1000 steps ( 0.2 h).

Non-rigid-only (HexPlane+MLP). The non-rigid field
captures detailed deformations but lacks an articulated
prior, reducing temporal stability. Its parameter count scales
with grid/plane resolutions and MLP widths, leading to the
largest deformation-module VRAM and the longest training
time; empirically the memory cost grows roughly O(T?)
with sequence length, making long sequences hard to opti-
mize. On Consistent4D with T"= 32, we measure the defor-
mation module VRAM at 136.40 MiB, and the deformation
stage takes about 8000 steps ( 1.5h). Quantitatively, it can
slightly improve per-frame fidelity (LPIPS/CLIP) but still
trails the Full model on overall temporal quality.

The Full (Rigid+Non-rigid) model combines both stages;
its deformation-module VRAM is close to the non-rigid
variant with a negligible skeleton overhead, and the total
training time is roughly the sum of the two stages ( 1.7 h).

Pose Smoothness. The pose-smoothness regularizer im-
proves the temporal continuity of articulated poses, yielding
smoother motion and fewer jitters. Quantitatively, remov-
ing it degrades LPIPS/FVD, as summarized in table 4.

Skeleton Extractor (Coverage Axis++ vs UniRig). We
also ablate the skeleton extractor under the same pipeline.
Coverage Axis++ [52] selects skeletal points via cover-
age heuristics and connects them via a Minimum Spanning
Tree, whereas UniRig [06] provides a stronger, category-
agnostic rigging prior with joint proposals and connectiv-
ity that we further regularize via FK. Replacing UniRig
with Coverage Axis++ (row “Using Coverage Axis++” in
table 4) weakens temporal stability and increases artifacts.
Qualitatively, figure 6 shows more stable and semantically
aligned joints with UniRig, which improves control and re-
duces topological errors.

Impact of Initial Frame Selection. We further analyze
how the choice of the initial reference frame affects the gen-
eration results. Our method typically uses the first frame as
the canonical reference. Experiments indicate that selecting
a frame with clear visibility and a neutral pose contributes to
a more accurate canonical 3D Gaussian initialization. How-
ever, our skeleton-driven deformation mechanism provides
strong geometric priors, making the system relatively ro-
bust to the initial frame selection. Even when initialized
from frames with partial self-occlusions, the method can
recover plausible motion dynamics through the subsequent
rigid and non-rigid optimization stages. Quantitative results
are shown in table 3.



Table 2: Quantitative ablation on motion modeling. Metrics include CLIP/LPIPS/FVD and efficiency (VRAM in MiB and
training time in minutes) measured for the deformation module only, excluding the static 3D Gaussian. We compare Rigid-
only (LBS), Non-rigid-only (HexPlane+MLP), and Full (Rigid+Non-rigid).

Method CLIPT LPIPS]| FVD| VRAM (MiB)] Train Time (min) |
Rigid-only (LBS) 0.901 0.135 1012.6 0.01 12
Non-rigid-only (HexPlane+MLP)  0.909 0.126 992.2 136.40 90
Full (Rigid+Non-rigid) 0.923 0.125 847.8 136.41 102

Table 3: Ablation study on the impact of initial frame se-
lection. We compare selecting the first frame (Frame 0),
the middle frame (Frame 15), and a random frame as the
initialization for the 3D Gaussian field. The results show
consistent performance across different initial frames.

Initial Frame Selection CLIPtT LPIPS| FVD|

Frame O (First Frame) 0.921 0.126 851.2
Frame 15 (Middle Frame)  0.923 0.125 847.8
Random Frame 0.919 0.128 858.5

Table 4: Compact ablations on pose smoothness and skele-
ton extractor. “Coverage Axis++ swaps UniRig in the Full
(Rigid+Non-rigid) model; “w/o Pose Smoothness” drops
the pose-smoothness regularizer; “Full” uses UniRig with
pose smoothness.

Method CLIPT LPIPS| FVD|]
Using Coverage Axis++ 0918 0.128 890.4
w/o Pose Smoothness 0.906 0.131 1034.3
Full (Rigid+Non-rigid) 0.923 0.125 847.8

5. Discussion

Limitations and Future Directions. We observe that in-
correct skeleton retrieval can degrade the quality of the gen-
erated results. Specifically, in some cases, severe topolog-
ical errors in skeleton extraction can diminish the quality
of the generated results. Additionally, there may be cases
where objects do not have a clear skeleton structure, and
our method performs poorly in these situations. The hex-
plane deformation field demonstrates error compensation
capabilities for mild skeletal inaccuracies, helping to ad-
dress this issue. Furthermore, we are developing an adap-
tive skeleton error-correcting mechanism that dynamically
adjusts the skeleton structure during training. Please refer to
Appendix section 9 for a detailed analysis of failure cases.
Currently, our method does not support multi-object mo-
tion, thus limiting its applicability in scenarios involving

multiple objects. Future work could address this limitation
by incorporating independent skeletons for each object. Ad-
ditionally, we are developing the integration of predefined
skeleton templates, such as SMPL [28], to initialize the
3D Gaussian and skeleton structure using vertex and joint
positions. We also successfully integrate the human pose
estimation method ViTPose [58] into SkeletonGaussian to
initialize the skeleton poses. This integration is expected
to improve the accuracy and quality of 4D motion gener-
ation significantly. Furthermore, our approach can seam-
lessly integrate with skeleton-controlled video generation
techniques, such as ControlNet [67, 8, 10]. Using 3D skele-
tons as conditional inputs for diffusion models in 2D images
opens new possibilities for 4D generation. Additionally, en-
hanced skeletal control provides a novel representation of
motion, which could be applied to motion-tracking tasks.

6. Conclusion

This paper introduces SkeletonGaussian, a framework
for generating editable 4D Gaussian-based models from
monocular video. By explicitly decomposing motion into
rigid skeletal movements and fine-grained non-rigid details,
this framework improves control and interpretability in 4D
Gaussian modeling. SkeletonGaussian operates in three
phases: constructing a static 3D Gaussian model, modeling
rigid motion through skeletal LBS, and refining non-rigid
motion using a hexplane-based deformation field. This hi-
erarchical structure enables intuitive motion editing by ad-
justing skeleton poses and aligning seamlessly with stan-
dard animation workflows. Experimental results demon-
strate that SkeletonGaussian delivers superior quality over
existing methods, offering a new paradigm for editable 4D
motion generation.
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