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Abstract

Recent advancements in 2D/3D generative techniques have facilitated the gener-
ation of dynamic 3D objects from monocular videos. Previous methods mainly
rely on the implicit neural radiance fields (NeRF) or explicit Gaussian Splatting as
the underlying representation, and struggle to achieve satisfactory spatial-temporal
consistency and surface appearance. Drawing inspiration from modern 3D an-
imation pipelines, we introduce DreamMesh4D, a novel framework combining
mesh representation with geometric skinning technique to generate high-quality
4D object from a monocular video. Instead of utilizing classical texture map for
appearance, we bind Gaussian splats to triangle face of mesh for differentiable
optimization of both the texture and mesh vertices. In particular, DreamMesh4D
begins with a coarse mesh obtained through an image-to-3D generation procedure.
Sparse points are then uniformly sampled across the mesh surface, and are used
to build a deformation graph to drive the motion of the 3D object for the sake
of computational efficiency and providing additional constraint. For each step,
transformations of sparse control points are predicted using a deformation network,
and the mesh vertices as well as the surface Gaussians are deformed via a novel geo-
metric skinning algorithm. The skinning algorithm is a hybrid approach combining
LBS (linear blending skinning) and DQS (dual-quaternion skinning), mitigating
drawbacks associated with both approaches. The static surface Gaussians and mesh
vertices as well as the dynamic deformation network are learned via reference view
photometric loss, score distillation loss as well as other regularization losses in a
two-stage manner. Extensive experiments demonstrate superior performance of
our method in terms of both rendering quality and spatial-temporal consistency.
Furthermore, our method is compatible with modern graphic pipelines, showcasing
its potential in the 3D gaming and film industry. The source code is available at
our website: https://lizhiqi49.github.io/DreamMesh4D.

1 Introduction

The emergence and development of Generative Artificial Intelligence (GenAI) have significantly
revolutionized 3D generation techniques in recent years [20]. The technology has effectively allowed
the creation of static objects, including their shape, texture, and even an entire scene from a simple
text prompt or a single image. Recently, the wave of advancement has been propelled to the filed of
dynamic (4D) content generation [45], which offers immense potential in fields including, but not
limited to, AR/VR, filming, gaming and animation. However, it’s still quite challenging to efficiently
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Figure 1: Given monocular videos, our method is able to generate high-fidelity dynamic meshes.
We also produce a composited scene demo (top bar and left side of the figure) with the generated
dynamic meshes, showcasing our method’s compatibility with modern 3D engines.

generate high-quality 4D content due to its increased spatial-temporal complexity and higher demand
on algorithm design.

The promising strides in 3D generation are largely attributed to the pre-trained large 2D diffusion
models [39, 41, 31]. In particular, score distillation sampling (SDS) [33] enables the 3D generation
[30, 55, 18, 42, 9] from scratch by distilling 3D knowledge from a pre-trained 2D diffusion model
[39]. Following works on text-to-3D [24, 57, 44, 15] and image-to-3D [26, 35, 50, 48] have further
improved the performance of 3D generation tasks both in quality and stability. Inspired by the
successes of SDS-based 3D generation, recent works [69, 1, 38, 12, 65, 66] explore generating 4D
assets by distilling prior knowledge from pre-trained video diffusion models [54, 3] or novel-view
synthesis models [26, 43]. Both text-to-4D [45, 1, 25] and image-to-4D methods [69] mainly rely
on pre-trained video diffusion models, which are not yet capable of generating high-quality video,
thus usually struggle to generate high-quality 4D content. On the contrary, video-to-4D methods
[38, 12, 66, 65] directly generate 4D assets from off-the-shelf monocular videos, making the results
more appealing and with better spatial-temporal consistency. Existing video-to-4D methods either
rely on the implicit dynamic NeRFs [12] or explicit dynamic Gaussian splatting [38, 65, 66] as the
underlying representation. Nevertheless, both of them do not have tight constrains for surface, leading
to redundant optimization space and impeding the learning of deformation.

Inspired by modern graphic pipelines for 3D animation, we propose DreamMesh4D, which exploits
3D triangular mesh representation and sparse-controlled geometric skinning methods [47, 16] for
video-to-4D generation. To better supervise the generation with 2D signals, instead of using classic
mesh with UV texture maps, we choose a hybrid representation, SuGaR [9], which marries 3D
Gaussians to mesh surface for more elaborate appearance modeling. Flat Gaussians are bound to mesh
faces based on barycentric coordinates hence the rendering process of 2D images is differentiable with
respect to both the position of mesh vertices and the attributes of Gaussians. For high-quality object
modeling and efficient motion driving of the object, our method is designed in a static-to-dynamic
optimization manner. In particular, during the static stage, an initial coarse mesh is generated utilizing
existing image-to-3D generation methods [26, 68, 61]. Then we refine its both geometry and texture
by jointly optimizing the mesh vertices as well as the attributes of bound surface Gaussians under the
hybrid representation via both the reference image photometric loss and the SDS loss. For dynamic
learning, we uniformly sample sparse control nodes from the surface of the refined mesh, to build
a deformation graph. Then at each timestamp, transformation associated with each control node is
predicted by a deformation network. The deformation of all mesh vertices and surface Gaussians
are obtained from those predicted transformations via a novel geometric skinning algorithm, which
benefits from both the LBS (linear blending skinning) and DQS (dual-quaternion skinning) methods.
The deformation network is optimized under the supervision of photometric loss from reference video
frames, novel-view SDS loss and geometric regularization terms.
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Extensive experiments are conducted and demonstrate that our method can generate high-�delity
dynamic textured mesh from monocular video, and signi�cantly outperforms previous works both
quantitatively and qualitatively, establishing new benchmark in the �eld of video-to-4D generation.
As shown in Fig. 1, our generated assets can be directly simulated in modern 3D engines, showcasing
its potential in the 3D gaming and �lm industries.

2 Related Work

3D Generation Since the introduction of score distillation sampling (SDS) by DreamFusion
[33], subsequent works [24, 5, 57, 35, 48, 49, 23] have signi�cantly improved the performance
of optimization-based 3D generation algorithms. Many works adopt a multi-stage optimization
strategy [24, 5, 57, 48] to enhance generated appearance. Another line of research [26, 44, 27, 19]
focuses on training multi-view diffusion models to inject multi-view supervision into SDS loss for
addressing the Janus problem. DreamGaussian [49] and GaussianDreamer [64] pioneer the usage
of 3D Gaussian[18] as the underlying representation and achieve 3D content generation in minutes.
Although these methods demonstrate the potential of 3D Gaussian in 3D content generation, obtaining
an object with high-quality geometry is still quite challenging. In this work, we explore to employ
a Gaussian-mesh hybrid representation [9] in our 4D generation tasks for better modeling of both
object surface geometry and texture.

4D Representations Dynamic 3D representations form the foundation of 4D reconstruction and
generation tasks. Most current methods extend static NeRF [30] to dynamic scenarios. These
approaches, such as deformable [32, 34, 51, 59] and time-varying [4, 7, 8, 6] NeRF-based methods, are
prevalent. There are also some works trying to model dynamic with 4D neural implicit surface [56, 14].
However, these implicit representations suffer from long optimization time and low reconstruction
quality due to its computationally expensive volume rendering and implicit representation. Recent
interest in 4D tasks has focused on 3D Gaussian representations due to their fast rendering speed and
explicit nature. Some works [63, 58, 22] train networks to predict Gaussian kernel deformations, while
others model kernel motion via polynomial representation or per-frame optimization [28, 21]. Besides,
both SC-GS [11] and HiFi4G [13] employ sparse control points for Gaussian kernel deformation, with
SC-GS using LBS and HiFi4G using DQS to drive Gaussians motion, thus ensuring spatial-temporal
consistency. In this work, we propose to deform the object through a novel geometric skinning
method, handling the artifacts associated with both LBS and DQS.

4D Generation Although great progress has been achieved in 3D generation tasks, 4D generation is
still challenging due to its requirement on additional temporal supervision. Since current pre-trained
video diffusion models [3, 54] still struggle to generate high-quality video contents, it is challenging to
distill useful motion knowledge via SDS optimization. Hence, the performance of existing text-to-4D
[45, 1, 25] and image-to-4D methods [69] usually struggle with low appearance quality. Another line
of works focus on video-to-4D generation [12, 38, 65]. These methods leverage current multiview
diffusion models [26, 43, 27] to calculate the SDS loss [38, 12, 60] or generate per-frame multi-view
images [66, 62] as supervision signal. Among them, a concurrent work of our method, SC4D [60],
optimizes a set of sparse-controlled dynamic 3D Gaussians by per-frame SDS loss from Zero123
[26] with a coarse-to-�ne strategy. However, the issue of unsatisfying surface quality caused by 3D
Gaussian-based representation still exists. In contrast, our method is grounding on a Gaussian-mesh
hybrid representation [9], enhancing the reconstruction quality both in texture and geometry.

3 Method

In this section, we �rst introduce the relevant preliminaries in section 3.1. Then we illustrate the
details of DreamMesh4D which is divided into static stage and dynamic stage in section 3.2 and 3.3
respectively. The overview of our method is presented in Fig. 2.

3.1 Preliminaries

Geometric Skinning Algorithms Given a mesh withNv vertices,M = fV ; Fg whereV =
f v i jv i 2 R3g; i 2 f 1; 2; :::; Nv g is the set of vertices andF represents the triangle faces. In
geometric skinning algorithms, there are also some sparse control nodes (bones/skeletons)P =
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f p i jp i 2 R3g; i 2 f 1; 2; :::; Npg, whereNp is the number of control nodes. For a mesh vertex
v 2 V , its deformation is calculated by blending a number of neighboring control nodesN (v)
through skinning algorithms. The local deformation for a control nodep 2 N (v) can be decomposed
into a deformation matrixFp 2 R3� 3 and a translation vectortp 2 R3, and the deformation matrix
can be further decomposed into a rotation matrixRp 2 R3� 3 and a shear matrixSp 2 R3� 3 using
polar decomposition. The strength of the in�uence of nodep to vertexv can be represented aswp
and

P
p 2N (v ) wp = 1 . Linear blending skinning (LBS) [47] computes the deformation of vertexv

by linearly blending the in�uence of nodes inN (v ):

~v lbs =
X

p 2N (v )

wp (Fp v + tp ): (1)

LBS is widely used due to its simple formulation and natural animations. However, it suffers from
the well-known "volume loss" or "candy wrapper" artifacts under complex deformation. As an
enhancement, dual-quaternion skinning (DQS) [16] represents the transformation of nodep with a
unit dual-quaternion� p = DQ(Rp ; tp ). Then the deformation ofv can be calculated with DQS by:

~v dqs = �� v �� � ; where�� =

P
p 2N (v ) wp � p

jj
P

p 2N (v ) wp � p jj
; (2)

where�� � represents the conjugate of�� . DQS can eliminate the artifacts associated with LBS, but
cannot handle non-rigid deformation since the strain effect is not considered. It also suffers from an
undesirable joint-bulging artifact while blending, which requires artistic manual work to �x [40].

3D Gaussians and SuGaR Gaussian Splatting [18] represents the scene as a collection of 3D
Gaussians, where each Gaussiang is characterized by its center� g 2 R3 and covariance� g 2 R3� 3.
The covariance� g is parameterized by a scaling factorsg 2 R3 and a rotation matrix represented
via a unit quaternionqg 2 R4. Additionally, each Gaussian maintains opacity� g 2 R and color
featurescg 2 RC for rendering via splatting. Typically, color features are represented using spherical
harmonics to model view-dependent effects. During rendering, the 3D Gaussians are projected onto
the 2D image plane as 2D Gaussians, and color values are computed through alpha composition of
these 2D Gaussians in front-to-back depth order. While the vanilla Gaussian Splatting representation
may not perform well in geometry modeling, SuGaR [9] introduces several regularization terms to
enforce �atness and alignment of the 3D Gaussians with the object surface. This facilitates extraction
of a mesh from the Gaussians through Poisson reconstruction [17]. Furthermore, SuGaR offers a
hybrid representation by binding Gaussians to mesh faces. A SuGaR mesh can be represented as
S = fV ; F ; GgwhereG denotes all surface Gaussians. For a triangle facef 2 F , the Gaussians
G(f ) bound onf are de�ned with barycentric coordinates. This hybrid representation allows joint
optimization of texture and geometry through backpropagation.

3.2 Static Stage

The purpose of the static stage is to generate a re�ned Gaussian splats bounded triangular mesh. This
procedure starts with a coarse mesh generated from a reference imageI � that is sampled from all
video framesI . Although there exists several fast mesh generation methods [68, 61], we refer to
Zero123-based SDS optimization for its stability. In particular, we conduct simple SDS training on a
set of randomly initialized 3D Gaussians for a �xed number of steps with regular densi�cation and
pruning. After that, we stop densi�cation and pruning, and include SuGaR's regularization terms [9]
to make Gaussians aligned to object surface. Finally all Gaussians with opacity lower than a threshold
�� = 0 :5 are pruned, after which Poisson reconstruction [17] is performed to extract a coarse mesh.

On the generated coarse mesh, we attachx = 6 new �at Gaussians to every triangle face. For each
training step, we render RGB imageÎ � and maskM̂ � under reference view to calculate RGB loss
L s

ref = jj Î � � I � jj2
2 and mask lossL s

mask = jj M̂ � � M � jj2
2. The SDS lossL s

SDS based on Zero123
[26] is also computed under randomly sampled views. The total loss for static SuGaR optimization is:

L static = � s
SDS L s

SDS + � s
ref L s

ref + � s
mask L s

mask ; (3)

where� s
SDS , � s

ref and� s
mask are the weights for different loss terms in static stage.
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Figure 2:Overview of DreamMesh4D.In static stage shown in top left part, a reference image is
picked from the input video from with we generate a Gaussian-mesh hybrid representation through a
image-to-3D pipeline. As for dynamic stage, we build a deformation graph between mesh vertices
and sparse control nodes, and then the mesh and surface Gaussians are deformed by fusing the
deformation of control nodes predicted by a MLP through a novel adaptive hybrid skinning algorithm.

3.3 Dynamic Stage

In this section, we are going to delve into the deformation procedure for the Gaussian-mesh hybrid
representation. First, we will discuss the construction of the deformation graph on the surface of the
re�ned mesh. Then, we will explain the deformation �ow, which progresses from the sparse control
nodes to the mesh vertices, and ultimately to the surface Gaussians. We will break down each step to
give a clear picture of the entire process.

3.3.1 Deformation Graph Construction

We begin by uniformly samplingNnode sparse points on the surface of the re�ned mesh to serve
as control nodes. To establish connections between the mesh vertices and the sparse control nodes,
instead of using simple Euclidean distance to locate the nearest nodes (KNN), we pickNneighbor
nodes with the shortest geodesic distance (as indicated by GeoDist in Fig. 2) based on the mesh's
topology. This ensures that inappropriate connections between disparate mesh regions are avoided.
Then, for a vertexv , the in�uencewp of each neighboring control nodep 2 N (v) is calculated
following [47]:

wp =
ŵpP

p k 2N (v ) ŵp k

; whereŵp k =
�

1 �
jjv � pk jj

dmax

� 2

; (4)

wheredmax is the distance to the(Nneighbor + 1) -nearest node.

3.3.2 Deformation with Adaptive Hybrid Skinning

Given that the object's texture was re�ned in the previous static stage, we �x the Gaussians' appear-
ance properties (color and opacity) and focus the dynamic learning phase solely on spatial properties
(positions, rotations, scalings). Initially, the local deformations of the control nodes are predicted by a
deformation network	 . The updated spatial properties post-deformation are subsequently computed
by integrating the local deformations of the control nodes through geometric skinning. In particular,
given a control nodep 2 P and timestamp� , the deformation network predict its local deformation
at � following the equation below. Note that we omit the subscript "� " is omitted here and in rest
paragraphs for simplicity.

(Rp ; Sp ; tp ; � p ) = 	( p); (5)
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whereRp ; Sp 2 R3� 3 and tp 2 R3 are the rotation, shear matrix and translation respectively.
Furthermore, to mitigate artifacts associated with LBS and DQS, we propose an adaptive fusion of
their effects to calculate the deformation of mesh vertices. Here,� p 2 R denotes the local rigid
strength, indicating the extent to which the region aroundp is in�uenced by DQS at time� .

Deformation of Control Nodes The predicted shear matrixSp for nodep is intended only for
LBS, whose strength is weaken by the predicted factor� p , and the �nal shear matrix at this location
is computed as:

�Sp = (1 � � p )Sp + � p I ; (6)

whereI 2 R3� 3 represents an identity matrix indicating no strain effect. Afterwards, the new position
of nodep at timestamp� is:

~p = Fp p + tp = Rp �Sp p + tp : (7)

Deformation of Mesh Vertices For the deformation of a speci�c vertexv using hybrid skinning,
the new vertex position calculated with LBS,~v lbs , and that with DQS,~v dqs, can be obtained following
Eq.1 and Eq.2 respectively. The local rigid strength atv can be computed by linearly blending that of
neighboring nodes:

� v =
X

p 2N (v )

wp � � p ; (8)

then the fused position ofv after deformation is the interpolation between~v lbs and~v dqs:

~v = (1 � � v )~v lbs + � v ~v dqs: (9)

The local rotation and strain atv are the corresponding linear blending from neighboring control
nodes:

Rv = exp
� X

p 2N (v )

wp � logRp

�
; (10)

Sv =
X

p 2N (v )

wp � �Sp : (11)

Deformation of Surface Gaussians Now we have obtained deformations on the level of mesh
vertices, afterwards the deformation on each Gaussian kernel will be calculated. Given a Gaussian
kernelg 2 G(f ) on a triangle facef = ( va ; vb; v c) 2 F , its new center at timestamp� is computed
as:

~� g = � a ~va + � b~vb + � c ~v c; (12)
where(� a ; � b; � c) is the Gaussian's barycentric coordinate relative to the three triangle vertices. The
new rotation is calculated by applying the local rotation� qg fused from related vertices to its original
rotationqg:

� qg = exp(� a � logRv a + � b � logRv b + � c � logRv c ); (13)
~qg = � qg � qg: (14)

We further apply the local shear matrix� Sg fused from all three vertices to the original Gaussian
scalingsg to obtain the new scaling:

� Sg = � aSv a + � bSv b + � cSv c ; (15)

~sg = � Sgsg: (16)

Training Losses After obtaining the deformed hybrid mesh at timestamp� , we render its RGB̂I �
�

and alphaM̂ �
� under reference view. We then compute the reconstruction lossL ref = jj Î �

� � I �
� jj2

2

and mask lossL mask = jj M̂ �
� � M �

� jj2
2, whereI �

� andM �
� are the ground truth image and mask

of input video at timestamp� . For supervision under other views, we calculate SDS lossL SDS
based on Zero123 [26] under randomly sampled views. Furthermore, our mesh-based representation
naturally facilitates the introduction of local rigid constraints by leveraging the topology of the mesh.
Speci�cally, the as-rigid-as-possible (ARAP) loss [46] is computed as:

L ARAP =
X

v 2V

X

v n 2C (v )

! n (v )
�
�
�
�(~v � ~vn ) � Rv (v � vn )

�
�
�
�2
2; (17)
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