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Fig. 1. We present TSMC, a novel compression method for time-varying 4D unbounded scene meshes. TSMC separates the scene into dynamic objects and
static backgrounds, then efficiently compresses dynamic parts using reference meshes with displacement fields by generating a volume-tracked reference
mesh for dynamic parts and encoding displacements. TSMC decoders can run on VR headsets such as MetaQuest 3 and achieve real-time decoding at 24 FPS.

Time-varying scene meshes are a widely used representation for volumetric
video, offering immersive six degrees of freedom (6DoF) interaction in virtual
environments. However, their significantly larger size presents major chal-
lenges for efficient storage, Internet transmission, and real-time streaming.
Existing mesh compression standards are not well-suited for complex scene
meshes with dynamic content, and no standardized encoding techniques
have been widely adopted for this class of data. To address this gap, we
propose TSMC, a novel compression framework for 3D time-varying scene
mesh sequences. TSMC uses voxel-based analysis to establish temporally
stable correspondences, segment static and dynamic regions, and extract
volume-tracked reference meshes for dynamic content to support inter-
frame prediction. Static backgrounds and reference meshes are compressed
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using Google Draco, while dynamic displacements are encoded using a com-
bination of the Karhunen-Loève Transform (KLT) and Laplacian coordinates.
Extensive experiments demonstrate that at 30 fps and an SSIM of 0.9, TSMC
reduces bandwidth usage and decoding time by up to 56.54% and 85.42%,
respectively, compared to state-of-the-art mesh compression methods. Our
code and dataset are available at https://github.com/SINRG-Lab/TSMC.
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1 INTRODUCTION
Free-viewpoint 4Dmesh scene representation, generated from depth
sensors, is emerging as a foundational media format, which offers
highly realistic and immersive AR/VR experiences with six degree-
of-freedom (6-DoF) interaction [Jin et al. 2024a; Tang et al. 2018].
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Compared to alternative representations such as Gaussian splat-
ting [Kerbl et al. 2023] or NeRF [Mildenhall et al. 2021], meshes pro-
vide an explicit and structured representation of scenes, offering ac-
curate geometry, well-defined topology, and clear object boundaries.
These propertiesmakemesh-based representations particularly well-
suited for applications such as autonomous driving [Abbasi et al.
2022], surgical environments [Özsoy et al. 2022], and industrial
automation [Agapaki and Brilakis 2021]. Moreover, this structural
advantage has recently motivated hybrid 3DGS approaches that
integrate mesh priors into Gaussian splatting frameworks [Guédon
and Lepetit 2024; Sun et al. 2026; Waczyńska et al. 2024; Zheng
et al. 2025], further highlighting the importance of meshes as a core
representation for dynamic 3D scenes.

Unlike traditional static or animated 3D meshes, 4D scene meshes
reconstructed from depthmeasurements consist of temporally evolv-
ing mesh frames with changing topology, varying vertex counts,
and dynamic face connectivity [Jin et al. 2024a; Tang et al. 2018].
These sequences often represent unbounded environments rather
than isolated objects, combining largely static background geome-
try with multiple independently moving foreground objects. While
the explicit mesh structure enables robust collision detection and
object-level reasoning, it also introduces substantial computational
complexity. Sensor noise and frame-to-frame reconstruction vari-
ability further exacerbate temporal inconsistency, making effective
compression and redundancy removal in large-scale time-varying
4D scene meshes a nontrivial challenge.

Existing time-varying mesh compression methods, such as [Ren
et al. 2025; Tang et al. 2018] employ an implicit Truncated Signed
Distance Function (TSDF) representation; [Collet et al. 2015] uses
nonrigid transformations; and [Hoang et al. 2023] applies embed-
ded deformation. However, these methods fundamentally fail to
compress large-scale, unbounded scenes effectively. They typically
rely on deforming a selected keyframe to match subsequent frames
with similar shapes while maintaining topology and connectivity.
This approach proves inadequate for complex scenes, as it struggles
with self-contact regions, leading to severe visual artifacts and inac-
curacies in the decoded meshes. Furthermore, deformation-based
strategies introduce additional challenges, where the movement of
a single object can propagate distortions for the entire scene by
affecting all vertices in the mesh.

Neural progressive meshes [Chen et al. 2023] learn a shared gen-
erative space of mesh detail and enable progressive transmission for
compact shape encoding. However, this method is also designed for
individual 3D shapes or bounded deforming objects and relies on
learned subdivision refinements, which fundamentally limit their
applicability to large-scale, unbounded 4D scene meshes, where
topology, connectivity, and object composition vary over time.
Recent advances in volume tracking [Dvořák et al. 2023, 2022;

Hácha et al. 2024] have demonstrated the potential to take advan-
tage of the volume enclosed by meshes to establish stable correspon-
dences between frames, offering a promising direction for address-
ing these challenges, and have been successfully used to compress
time-varying object meshes in [Chen et al. 2025].
Building on this insight and the inherent properties of spatial

and temporal correlations in large-scale scenes, we propose TSMC,
a novel time-varying mesh compression method designed for 4D

unbounded scenes. TSMC employs a region identification algorithm
based on SAM3 [Carion et al. 2025] to effectively differentiate dy-
namic regions from static backgrounds. For dynamic regions, it
constructs a volume-tracked reference mesh to resolve self-contact
issues, which is then deformed to approximate each dynamic part
of the frame and compute displacement fields. It then computes
displacement fields by tracking vertex movements between the
reference mesh and subsequent frames, ensuring accurate motion
representation while preserving temporal coherence. TSMC pro-
cesses the static background only once for a group of frames and
encodes dynamic parts into one reference mesh and displacement
fields. The displacement fields are compressed using Karhunen-
Loève Transform and Laplacian coordinates [Váša et al. 2014; Váša
and Petřík 2011], significantly reducing the data size while retaining
high visual quality.

With extensive experiments, we show that TSMC outperforms the
state-of-the-art scene compressionmethods, including Draco [Draco
2018], a scene mesh extended version of TVMC [Chen et al. 2025]
denoted as TVMC*, a TSDF-based compression method [Tang et al.
2018] denoted as KLT, and the neural-based compression method
NeCGS [Ren et al. 2025], in terms of scene compression ratio and de-
coding time. We highlight TSMC’s performance from our evaluation
as follows:

• TSMC achieves a compression ratio of around 200× to 240×
at 30 FPS, with an SSIM of around 0.85 to 0.95, depending on
the complexity of the scene mesh sequence. Overall, this is a
67.63%, 34.43%, 75.03%, 60.39% reduction in data compared to
Draco [Draco 2018], TVMC* [Chen et al. 2025], KLT [Tang
et al. 2018], and NeCGS [Ren et al. 2025], respectively.

• TSMC supports real-time applications, and can achieve an
overall fps around 30 for scene mesh sequences.

• TSMC is the first method to enable compression specifically
for full scene meshes, a capability not supported by prior
approaches such as V-DMC 4.0 [MPEG 2023] and recent em-
bedded deformation-based techniques [Chen et al. 2025; Jin
et al. 2024b].

2 BACKGROUND AND RELATED WORK

2.1 Static Mesh Compression
Static mesh compression utilizes intra-frame redundancy to com-
press each mesh independently. Draco [Draco 2018], a state-of-
the-art mesh compression tool, uses Edgebreaker [Rossignac 1999]
algorithm that takes an explicit model (i.e., a triangle mesh) and
compresses vertices’ positions, connectivity, and other attributes.
Another notable work, the TFAN algorithm [Mamou et al. 2009],
organizes triangles into fans around shared vertices to reduce con-
nectivity redundancy, particularly for manifold meshes. However,
like Draco, TFAN operates purely on individual frames and lacks
inter-frame prediction capabilities. A recent implicit approach [Tang
et al. 2018] uses Karhunen-Loève Transform (KLT) to learn a global
mean and principal components offline. However, the learned prin-
cipal components do not generalize well across different objects in
scenes. Deep learning methods like NeCGS [Ren et al. 2025] con-
verts meshes into an improved version of TSDF, called TSDF-Def,
to ensure the uniformity and low resolution of TSDF tensors and
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Fig. 2. Post-deformation artifacts in self-contact regions, such as when arms
rest on a desk or when drinking from a bottle. In these scenarios, the areas
of self-contact may remain unnaturally stuck together after deformation.

use neural networks to compress them. However, NeCGS is also
designed for static object compression.

2.2 Dynamic Mesh Compression
Dynamic mesh compression encodes a sequence of meshes by stor-
ing a base mesh and a displacement field, which is feasible because
dynamic meshes have a constant topology.
In 2021, the MPEG 3DG group issued a Call for Proposals on

dynamic mesh coding [MPEG 2021], which led to the development
of the V-DMC standard. Apple’s VSMC [Mammou et al. 2022] was
then selected as the foundation for V-DMC. It represents dynamic
meshes through a decimated base mesh and displacement vectors
derived from subdivision surface fitting. The reference base mesh is
then deformed to approximate the current base mesh, and ultimately
subdivided and adjusted to fit the current mesh to get updated
displacements. However, V-DMC depends on a consistent topology
across the input mesh sequence. While VSMC [Mammou et al. 2022]
introduces a time-consistent re-meshing method to remove these
constraints, its instability makes the representation of inter-frame
differences between time-varying meshes challenging.

2.3 Time-varying Mesh Compression
Time-varyingmesh compression, on the other hand, deals withmesh
sequences in which both the geometry and topology vary over time
(typically captured by the real-world depth sensors), making it a
more complex problem to solve. A common method in the literature
to reduce complexity is to transform or relax time-varying meshes
into dynamic meshes through deformation.
Early works [Yang et al. 2005] used the first mesh frame in a

sequence as a reference mesh to estimate motion and map onto
subsequent meshes. However, these methods often accumulate er-
rors over time, leading to significant artifacts and distortions. To
mitigate error accumulation, [Collet et al. 2015] proposed select-
ing keyframes based on factors such as surface area, genus, and
connected components to better represent the sequence while ad-
dressing self-contact challenges. Despite improvements, they used
the non-rigid ICP [Li et al. 2009] for mesh registration, which relies
only on vertex information, leading to high fitting errors and high
computational costs due to iterative optimizations.
In contrast to methods that directly apply ICP registration [Col-

let et al. 2015; Doumanoglou et al. 2014], many works proposed
custom dynamic registration algorithms along with deformation

Fig. 3. Volume tracking results on the entire "Arena" scene mesh. Gray dots
represent the estimated volume centers, and the gray surface represents
the scene mesh. Directly applying volume tracking to the scene mesh fails,
as the reference centers cannot correctly represent the region enclosed by
the mesh surface due to the winding number issue.

methods such as embedded deformation [Sumner et al. 2007] to
deform selected reference meshes while preserving topology. [Mar-
vie et al. 2022] first decimated all time-varying meshes and then
used Dijkstra’s algorithm [Dijkstra 2022] to generate approximately
uniformly distributed seeds for better tracking. Hoang et al. [Hoang
et al. 2023] first used the intrinsic shape signatures (ISS) keypoints
method [Zhong 2009], then introduced an optimization-based sur-
face mapping technique to determine the correspondence between
meshes for deformation, while Jin et al. [Jin et al. 2024b] developed
an embedded graph representation to capture differences between
meshes. However, these methods rely solely on geometric infor-
mation, which can lead to significant distortions when self-contact
regions are present in the reference mesh, as illustrated in Figure 2.
Additionally, occlusion issues, such as parts of the mesh becoming
invisible in certain frames due to contact (e.g., feet touching the
floor), introduce further inaccuracies and distortions.
To address these problems, Chen et al. proposed TVMC [Chen

et al. 2025], which employs volume tracking and center affinity
deformation to compress a group of time-varying meshes into a
single volume-tracked reference mesh along with corresponding
displacement fields. However, TVMC is not directly applicable to
time-varying scene meshes due to limitations in the in-out test
based on winding number [Barill et al. 2018], which is unreliable for
complex or open geometries often found in large scenes, as shown
in Figure 3. Furthermore, TVMC encodes the displacement fields
directly using Draco, thereby ignoring temporal redundancy and
structural similarities across displacements induced by smooth and
continuous motion.

3 TSMC
Figure 4 provides an overview of the TSMC pipeline. The core idea
behind TSMC is to exploit temporal redundancy across adjacent
mesh frames by identifying and leveraging stable reference struc-
tures called volume centers (§ 3.1). To manage the complexity of
large, unbounded scenes, TSMC first separates static backgrounds
from dynamic foregrounds using a region differentiation algorithm
based on SAM3 [Carion et al. 2025] (§ 3.2). For dynamic regions,
TSMC constructs a volume-tracked reference mesh that avoids self-
contact artifacts and serves as a deformation anchor. Displacement
fields are then computed by tracking vertex-level deviations be-
tween this reference and each frame, and are compactly encoded
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Fig. 4. Simplified workflow of TSMC. The process consists of several key stages, with major operations enclosed in solid boxes. Dotted boxes represent the
inputs and outputs of specific processing steps. The workflow begins with the input scene meshes, shown in their original colors, which are then divided into
static and dynamic parts through region differentiation. The dynamic parts are utilized to generate a set of reference centers (orange) and a reference mesh
(orange). The Static parts are encoded into the Static Background Bitstream, while the reference centers and reference mesh undergo processing to generate
displacement fields, which are then encoded into the Displacement Bitstream using KLT and Laplacian coordinates. During decoding, the static background
and reference mesh are first decoded. The reference mesh is then deformed into various shapes using displacement fields and subsequently combined with
static parts to produce the final reconstructed meshes.

using a hybrid of the Karhunen-Loève Transform and Laplacian co-
ordinates. This results in high compression ratios while preserving
geometric fidelity and temporal coherence (§ 3.3). The following
subsections detail each of these components in depth.

3.1 As-Rigid-As-Possible Volume Tracking
Consider a time-varying mesh sequence, 𝑆 = {𝑀0, 𝑀1, . . . , 𝑀𝑁−1},
where 𝑁 is the total number of frames in the sequence. Let 𝑀𝑡 =

(𝑉𝑡 , 𝐸𝑡 , 𝐹𝑡 ) be a static mesh at time 𝑡 . 𝑉𝑡 , 𝐸𝑡 , and 𝐹𝑡 represent the
sets of vertices, edges, and faces (triangles), respectively. To obtain
stable correspondence between adjacent meshes, we apply volume
tracking [Dvořák et al. 2023, 2022] to 𝑆 to extract representative
volume centers C = {C𝑘 }𝐾𝑘=1, where each trajectory C𝑘 = {𝑐𝑡

𝑘
}𝑁−1
𝑡=0 ,

with 𝑐𝑡
𝑘
∈ R3, traces the spatial trajectory of a localized volume

across all 𝑁 frames. Here, 𝐾 denotes the total number of tracked
centers. Regarding how volume tracking works, we refer readers to
the supplementary material.

3.2 Static and Dynamic Scene Decomposition
Applying the above volume tracking directly to full scene meshes is
computationally inefficient and often inaccurate, as shown in Fig-
ure 3. To address this, TSMC first performs a robust decomposition
into static and dynamic regions, targeting only the dynamic compo-
nents for temporal modeling. Static parts, such as walls, floors, and
other background structures, can be encoded once or periodically
for a group of frames, while dynamic parts, corresponding to mov-
ing objects, are encoded with frame-specific motion compensation.
This separation not only reduces redundancy but also improves the
effectiveness of temporal compression strategies.

Given a time-varying mesh sequence 𝑆 , our goal is to decompose
each mesh𝑀𝑡 into static and dynamic parts in a temporally consis-
tent manner. For each mesh𝑀𝑡 , we render the surface from a fixed

set of 𝑋 viewpointsV = {𝑣1, . . . , 𝑣𝑋 }, shared across all frames. This
produces a set of rendered images 𝐼𝑡,𝑥 .

We identify dynamic regions using a two-stage SAM3-based track-
ing strategy. First, we select a reference viewpoint 𝑣𝑟 and apply
SAM3 [Carion et al. 2025] dense tracking to the image sequence
{𝐼𝑡,𝑟 }𝑁−1

𝑡=0 to initialize dynamic object hypotheses based on tempo-
ral mask variations. Next, for each frame 𝑡 , we treat the 𝑋 ren-
dered views {𝐼𝑡,𝑥 }𝑋𝑥=1 as a multi-view video and apply SAM3 track-
ing again to obtain per-view masks:M𝑡 = {𝑚𝑡,1, . . . ,𝑚𝑡,𝑋 }, where
𝑚𝑡,𝑥 ∈ {0, 1}𝐻×𝑊 indicates dynamic pixels under viewpoint 𝑣𝑥 .

To lift 2D dynamic masks to the mesh surface, we compute per-
pixel triangle visibility via ray casting using the Open3D [Zhou et al.
2018]. For each viewpoint 𝑣𝑥 , we generate a primitive-ID image:

𝑃𝑡,𝑥 ∈ {−1, 0, . . . , |𝐹𝑡 | − 1}𝐻×𝑊 , (1)

where each pixel stores the index of the visible triangle or −1 if the
ray misses the marked surface.

For each face 𝑓 ∈ 𝐹𝑡 , we accumulate dynamic votes and visibility
counts across all views as follows:

𝑉𝑡 (𝑓 ) =
𝑋∑︁
𝑥=1

∑︁
𝑝∈Ω

1
[
𝑃𝑡,𝑥 (𝑝) = 𝑓 ∧ 𝑚𝑡,𝑥 (𝑝) = 1

]
, (2)

𝑈𝑡 (𝑓 ) =
𝑋∑︁
𝑥=1

∑︁
𝑝∈Ω

1
[
𝑃𝑡,𝑥 (𝑝) = 𝑓

]
, (3)

where Ω denotes the image domain. We then define a normalized
dynamic score for each face as:

𝑅𝑡 (𝑓 ) =
𝑉𝑡 (𝑓 )

max(𝑈𝑡 (𝑓 ), 1)
. (4)

A face is classified as dynamic if 𝑅𝑡 (𝑓 ) ≥ 𝜏 , where 𝜏 is a prede-
fined threshold. Finally, we construct two sub-meshes by grouping
faces according to this partition. Through this SAM3-based scene
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decomposition process, TSMC achieves robust and precise decom-
position of each mesh into static and dynamic regions. Static parts
are encoded once and reused across frames, while dynamic parts
are compressed using the techniques described in § 3.3.

3.3 Dynamic Parts Compression
Once static and dynamic regions have been identified, TSMC treats
the dynamic parts as a new time-varying mesh sequence. As we
mentioned in § 2, a key challenge in compressing dynamic meshes is
handling self-contact regions where different parts of a mesh come
into close proximity or collide, such as limbs touching the body or
feet contacting the ground. Such cases often degrade the quality of
embedded deformation methods. A recent method, TVMC [Chen
et al. 2025] addressed this at the object level by constructing a self-
contact-free reference mesh, but it does not scale to complex scene
meshes. Building on this, TSMC first generates a self-contact-free
reference mesh tailored to the dynamic regions.

3.3.1 Reference centers generation. To construct a self-contact-free
reference mesh for dynamic parts, TSMC leverages the volume
centers obtained from volume tracking (§ 3.1) as implicit guidance.
These centers represent small tracked volumes whose trajectories
span the mesh sequence, providing a robust basis for geometric
correspondence over time. To extract a stable reference surface,
we aim to reposition these volume centers into a canonical 3D
configuration that best reflects their long-term spatial relationships.
To do that, we first build a distance matrix from the largest distances
between centers. Let 𝑑𝑖 𝑗 be the largest Euclidean distance between
two centers 𝑐𝑖 and 𝑐 𝑗 over the entire sequence. The largest distance
matrix 𝐷 is defined as 𝐷 = [𝑑𝑖 𝑗 ]𝐾×𝐾 . Once the distance matrix 𝐷 is
computed, it is used as the input of Multidimensional Scaling (MDS).
MDS seeks to find a set of points 𝑟1, 𝑟2, . . . , 𝑟𝐾 in a 3-dimensional
space that minimizes the stress function given by:

min𝜎 (𝑅) =

√√∑
𝑖< 𝑗

(
𝑑𝑖 𝑗 − ∥𝑟𝑖 − 𝑟 𝑗 ∥

)2∑
𝑖< 𝑗 (𝑑𝑖 𝑗 )2 . (5)

Here, 𝑅 = [𝑟1, 𝑟2, . . . , 𝑟𝐾 ] represents the reference centers we want
in the 3-dimensional space and ∥𝑟𝑖 − 𝑟 𝑗 ∥ is the Euclidean distance
between points 𝑟𝑖 and 𝑟 𝑗 in the set of reference centers 𝑅.
We also define 𝑎𝑖 𝑗 as the affinity of these centers, which is a

function of the maximum distance and reflects how strongly the
two centers are connected. The affinity 𝑎𝑖 𝑗 is given by:

𝑎𝑖 𝑗 = exp(−(𝜎𝑑𝑖 𝑗 )2), (6)

where 𝜎 is a scaling factor determined by the global scale of the
input sequence, which is in the range from 10−2 to 101. This affinity
encodes long-term structural proximity and is later used in the
deformation process to preserve coherent geometry.

3.3.2 Displacement fields calculation. After getting the reference
centers from MDS, TSMC then extracts the self-contact-free refer-
ence mesh specifically for dynamic parts based on that. The way
to do that is to deform dynamic parts from multiple meshes in the
group to the shape represented by reference centers, then employ
Poisson surface reconstruction [Kazhdan et al. 2006] based solely
on the dense set of vertices. Many deformation algorithms can be

applied here, such as As-Rigid-As-Possible deformation [Sorkine
and Alexa 2007] and embedded deformation [Hoang et al. 2023;
Jin et al. 2024b]. While As-Rigid-As-Possible deformation and em-
bedded deformation utilize some localized feature, they update a
vertex’s position entirely depending on the spatial Euclidean dis-
tance. To prevent the influence of neighbors that are close in terms
of Euclidean distance but belong to different parts of the mesh,
TSMC uses the center affinity deformation, drawing inspiration
from [Chen et al. 2025; Hácha et al. 2024].
Center-affinity deformation uses dual quaternions to represent

rigid transformations due to their efficient blending and inversion
properties. For each vertex 𝑣𝑡𝑖 at frame 𝑡 , we first identify its nearest
center in terms of Euclidean distance:

𝑘1 = arg min
𝑘

∥𝑣𝑡𝑖 − 𝑐𝑡𝑘 ∥, (7)

and denote the corresponding center as 𝑐𝑡
𝑘1
.

We then select a set of neighboring centers N(𝑘1) consisting of
the top-𝐾nbr centers with the highest affinity 𝑎𝑘1𝑘 to 𝑐𝑡𝑘1

, rather than
using Euclidean proximity. These centers are used to construct the
transformation for vertex deformation. As a result, the deformed
mesh will significantly align with the transformation of its centers,
while maintaining its topology.

Although our center-affinity deformation method can deform
meshes with different shapes to the same reference space with high
accuracy, large motion differences can bring excessive distortions.
Therefore, TSMC divides the sequence into groups of𝐺𝑜𝐹 meshes,
where 𝐺𝑜𝐹 denotes the group of frames size. Within each group,
we apply center affinity deformation to obtain a dense vertex set.
Quadric Error Metric (QEM) decimation [Garland and Heckbert
1997] and subdivision schemes in [Peters and Reif 2008] can be used
for surface fitting to reduce distortion. Here, we adopt the mid-point
subdivision scheme for the entire process as it is computationally
efficient and preserves the original mesh’s topology, which is vital
for stable and high-speed decoding.
The dense vertex set is fed into the Poisson reconstruction algo-

rithm [Kazhdan et al. 2006] implemented by Open3D [Zhou et al.
2018] (with a setting of 𝑑𝑒𝑝𝑡ℎ = 9) to extract a single surface. Af-
ter adopting QEM decimation again, we call this simplified mesh
volume-tracked reference mesh, which contains complete compo-
nents and surfaces to approximate each of the meshes with the
help of center affinity deformation. Then TSMC can deform it to a
geometric approximation 𝑀 ′

𝑡 of the mesh 𝑀𝑡 using the positions of
reference centers and the centers of themesh𝑀𝑡 . Since the deformed
meshes share a constant topology, each frame can be efficiently rep-
resented using a displacement field and the reference mesh.

3.3.3 Karhunen-Loève Transform and Laplacian coordinates com-
pression. So far, we have extracted the redundancy between time-
varying meshes and represented them as a single reference mesh
along with displacement fields. Considering the fact that for time-
varying meshes the displacements represent a series of continuous
movements, we can do the second-order trajectory tracking for dis-
placements to further increase the compression performance. To ex-
tract the similarity and geometry structure of displacement fields, we
create the displacement vector as d𝑖 = (dis0

𝑖 , dis1
𝑖 , . . . , dis𝐺𝑜𝐹−1

𝑖 ) ∈
R3·𝐺𝑜𝐹 , where dis𝑡𝑖 represents the (𝑥,𝑦, 𝑧) displacement coordinates
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Answering

Drinking

Arena

Sitting

(a) Ground Truth

8.74 Mbps

7.94 Mbps

8.44 Mbps

3.68 Mbps

(b) TSMC (Ours)

9.67 Mbps

8.43 Mbps

8.47 Mbps

3.84 Mbps

(c) TVMC*

10.82 Mbps

8.33 Mbps

10.02 Mbps

4.12 Mbps

(d) Draco

9.41 Mbps

9.41 Mbps

10.30 Mbps

4.13 Mbps

(e) KLT

10.22 Mbps

8.80 Mbps

8.83 Mbps

7.23 Mbps

(f) NeCGS

Fig. 5. Overall compression efficiency of TSMC compared to several baselines across multiple scenes and operating bitrates, demonstrating consistently higher
visual quality at equal or lower data rates. Colors correspond to normalized vertex normals mapped to [0, 1], making geometric distortions and self-contact
artifacts clearly visible on non-textured meshes. Compared to TVMC*, Draco, KLT, and NeCGS, TSMC preserves fine motion and surface details with fewer
artifacts, especially in self-contact regions, while achieving comparable or lower bitrates.

for the 𝑖-th vertex at the time 𝑡 , and use Karhunen-Loève Transform
(KLT) [Jorgensen and Song 2007] to reduce their dimensionality.

Using the collection {d𝑖 ∈ R3·𝐺𝑜𝐹 }𝑛𝑖=1 of 𝑛 vertices as training
signals, we learn a linear transformation matrix P and a mean vec-
tor 𝝁 that define the forward and inverse KLT transforms for the
displacement vectors. Let D ∈ R𝑛×3·𝐺𝑜𝐹 denote the matrix formed
by stacking d𝑖 row-wise. This PCA-based method allows us to re-
tain only the first𝑚 principal components (eigenvectors) for lossy
encoding and reconstruction. For each displacement vector d𝑖 , the
forward KLT transform and its inverse are given by:

ẑ𝑖 = (PI𝑚)𝑇 (d𝑖 − 𝝁), (8)

d̂𝑖 = PI𝑚 ẑ𝑖 + 𝝁 . (9)
Here, I𝑚 is a diagonal matrix that retains only the first𝑚 prin-

cipal components. In this way, the collection can be compactly
represented as a matrix G = (𝑔1, 𝑔2, . . . , 𝑔𝑛) ∈ R𝑛×𝑚 , where each

𝑔𝑖 = (PI𝑚)𝑇 (d𝑖 − 𝝁) ∈ R𝑚 . (10)

Next, we create a discrete geometric Laplace operator [Váša et al.
2014] to further compress the matrix G. The geometric Laplacian
L ∈ R𝑛×𝑛 is defined as follows:

L𝑖𝑖 = 1, L𝑖 𝑗 = −
𝑤𝑖 𝑗∑
𝑘≠𝑖 𝑤𝑖𝑘

, 𝑖 ≠ 𝑗, (11)

where 𝑤𝑖 𝑗 are weights computed using the MV formula [Floater
2003]. Note that the geometric Laplacian L is computed using the
decoded reference mesh, ensuring that both the encoder and decoder
operate on the same set of values so that the correct Laplacian L can
be computed on the client side without requiring additional stream-
ing. We employ a GPU to accelerate its calculation and optimize the
time within 10 to 20 ms per frame. 𝑙 anchor points are added in L

to eliminate ambiguities and improve stability for reconstruction.
The resulting extended Laplacian L∗ ∈ R(𝑛+𝑙 )×𝑛 has full column
rank and thus can be reconstructed via least-squares. Using this
extended Laplacian L∗, we can convert G into matrix Y ∈ R(𝑛+𝑙 )×𝑚

with much smaller entropy:

Y = L∗G. (12)

The values in thematrixY are then uniformly quantized and encoded
for streaming. On the decoder side, the matrix G is decoded by
solving the sparse least squares problem:

Ḡ = ((L∗)𝑇 L∗)−1 (L∗)𝑇 Ȳ, (13)

where Ȳ is the decoded Y at the client side.
For reference mesh compression, we observed that intra-frame

compression using Draco [Draco 2018] consistently outperformed
KLT-based methods in terms of decoding time, particularly for full,
unbounded scene meshes. Consequently, we use Draco with high-
quality settings (𝑞𝑝 = 14, 𝑐𝑙 = 7) to encode the volume-tracked
reference mesh. For temporal compression, we apply our custom
KLT+Laplacian pipeline to encode the displacement fields.

4 EVALUATION

4.1 Dataset and metrics
To evaluate on a broader range of time-varying scene mesh se-
quences, we use high-resolution 4D scenes from [Kim et al. 2026].
This dataset is captured using a setup with four Azure Kinect cam-
eras [Microsoft 2022], recording at 640x576 depth resolution and
30 FPS. We use Open3D [Zhou et al. 2018] to convert RGB-D im-
ages into TSDF volumes and then extract meshes via the Marching
Cubes [Lorensen and Cline 1998]. We named these datasets as Arena
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(a) RD performance for the Answering
dataset

(b) RD performance for the Drinking
dataset

(c) RD performance for the Arena
dataset

(d) RD performance for the Sitting
dataset

Fig. 6. Rate-distortion (RD) performance evaluation on Answering, Drinking, Arena, and Sitting scene sequences. We vary the number of basis vectors used for
TSMC, 𝑞𝑝 level during encoding for TVMC* and Draco, and TSDF resolution and block size for KLT and NeCGS to reach a similar range of bitrates. Note that
below 0.7 SSIM, the quality is not perceivable.

and Sitting, each containing 200 frames. Additionally, we conduct
experiments on the FSVVD [Hu et al. 2023] dataset, a point cloud
dataset for complex scenes. To convert point cloud to 4D meshes, we
use MeshLab [Cignoni et al. 2008] and Open3D [Zhou et al. 2018].
Specifically, we selected two datasets from FSVVD, Answering with
339 frames and Drinking with 316 frames. We further construct a
Synthetic dataset with a high dynamic ratio by synchronizing and
combining 4 time-varying mesh sequences used by the MPEG V-
DMC standard [MPEG 2021]: Dancer, Basketball player, Mitch, and
Thomas, each with 300 frames [Yang et al. 2023]. This dataset is
designed to evaluate the scalability and robustness of TSMC under
highly dynamic and diverse scene conditions.

Metrics. D2-PSNR metric, as defined by the MPEG group [MPEG
3DG 2019] is primarily suited for dynamic meshes where vertex
correspondences are available, as they measure the error based on
the Euclidean distance between tracked vertex pairs. However, in
time-varying meshes without such correspondence information,
the nearest neighbor is typically used instead, which introduces
limitations in accurately evaluating D2-PSNR. To conduct a more
comprehensive evaluation, we also use the SSIM [Chen and Bovik
2011] metric from four viewpoints to evaluate the quality of decoded
meshes, considering both static background and dynamic parts
simultaneously. To increase the accuracy and perceptual relevance
of SSIM, we disable lighting effects and convert vertex normals to
RGB colors, then render the meshes with these normal-based colors.

4.2 Comparisons
We compare TSMC with several state-of-the-art methods:

• Draco [Draco 2018]: A widely adopted tool that performs intra-
frame compression independently on each mesh frame.

• TVMC*: A scene mesh-compatible extension of TVMC [Chen
et al. 2025] method, adapted to handle full scenes by bypassing
the original winding number test. Displacement fields are com-
puted as in TVMC but compressed directly using Draco instead
of the KLT + Laplacian pipeline, providing a strong baseline for
reference-based compression with standard tools.

• KLT [Tang et al. 2018]: An implicit compression approach that
represents scenes as time-varying TSDF volumes and applies KLT
to reduce temporal redundancy.

• NeCGS [Ren et al. 2025]: A TSDF-based neural compression
method that introduces TSDF-Def to regularize geometry and
employs neural networks to learn efficient scene representations.

4.3 Qualitative Results
Figure 5 presents qualitative comparisons between TSMC and state-
of-the-art compression methods across four datasets and operating
bitrates. Vertex-normal-colored renderings are used to visualize geo-
metric distortions on non-textured meshes, making artifacts, par-
ticularly in self-contact regions, clearly visible and less dependent
on lighting conditions. Across all four datasets, TSMC consistently
achieves the highest quality at the lowest data rate. In contrast,
TVMC* and Draco require aggressive quantization settings (𝑞𝑝 < 3
or 4) to remain under 10Mbps or 5Mbps, often introducing temporal
jitter or severe geometric distortions. TSDF-based methods such as
KLT and NeCGS degrade rapidly at low bitrates due to reduced TSDF
resolution and limited basis vectors, resulting in over-smoothing
and missing background structures.
We show more results and comparison on these 4 datasets in

Figure 7, Figure 8, and the supplementary video. From the visual
comparisons, we can clearly see that TSMC significantly eliminates
the effects of self-contact regions and has a much better visual qual-
ity than the other 4 baselines with a relatively low bitrate. Similarly,
limited bitrates lead to over quantization for TVMC* and Draco, and
huge distortions for TSDF-based methods, KLT, and NeCGS.

4.4 Objective Rate Distortion Performance
Figure 6 shows the rate-distortion performance of TSMC and the
baselines. We evaluated the performance of TSMC by varying the
number of volume centers to 1000, 2000, 3000, and 4000, and the
group of frames (GoF) of 5, 10, and 15. In this section, we present
the results with 2000 volume centers and a GoF of 10.
As shown in Figure 6, TSMC outperforms all baselines in main-

taining a relatively high quality at bitrates below 15 Mbps. Notably,
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Table 1. Objective comparisons between TSMC and baselines for the qualitative results shown in Figure 5 and Figure 8. The dynamic ratio indicates the
proportion of vertices belonging to dynamic parts in the original scene. SSIM results are calculated after converting the vertex normal to RGB colors and
assigning it to non-textured meshes, where higher SSIM values indicate better quality. Reported SSIM values are averaged over four viewpoints. Table 1 also
includes average decoding times, showing that TSMC can decode scenes in real-time at ≈30 FPS. The first- and second-best values for D2-PSNR, SSIM, and
decoding time in each scene are highlighted in orange and yellow, respectively.

Dataset Dynamic Ratio TSMC (Ours) TVMC* Draco KLT NeCGS

D2-PSNR ↑ SSIM ↑ Decoder ↓ D2-PSNR ↑ SSIM ↑ Decoder ↓ D2-PSNR ↑ SSIM ↑ Decoder ↓ D2-PSNR ↑ SSIM ↑ Decoder ↓ D2-PSNR ↑ SSIM ↑ Decoder ↓
Answering 24.46% 54.63 0.9046 40.41 ms 55.90 0.8610 12.07 ms 33.70 0.7588 14.00 ms 44.05 0.7999 47.17 ms 37.90 0.8068 42.48 ms
Sitting 16.31% 50.44 0.9209 29.10 ms 50.60 0.8815 5.022 ms 27.87 0.8389 7.00 ms 37.75 0.8546 65.35 ms 44.91 0.8739 21.09 ms
Arena 9.487% 51.20 0.8204 31.50 ms 51.10 0.7951 14.03 ms 15.36 0.7211 19.00 ms 25.80 0.7482 215.98 ms 25.17 0.7238 170.80 ms

Drinking 4.654% 58.64 0.9335 36.98 ms 57.74 0.8964 12.01 ms 28.79 0.8472 12.00 ms 41.49 0.8667 53.21 ms 47.41 0.8718 45.41 ms

Average 13.73% 53.48 0.8949 34.50 ms 53.84 0.8585 10.78 ms 26.43 0.7915 13.25 ms 37.27 0.8174 95.43 ms 38.85 0.8191 69.95 ms

Ground Truth TSMC, SSIM: 0.9046

Ground Truth TSMC
8.74 Mbps

TVMC*
9.67 Mbps

Draco
10.82 Mbps

KLT
9.41Mbps

NeCGS
10.22 Mbps

Fig. 7. Comparison between TSMC and baselines on the Answering dataset. We compare TSMC with all baselines and show the SSIM value and per-frame
decoding time for TSMC, along with bitrates for all methods at 30 fps. Despite its high compression ratio and low bitrate, TSMC can reconstruct the scene
mesh sequence with the least distortion.

TSMC achieves high-quality reconstruction at low bitrates due to
the combined use of KLT and Laplacian coordinates compression.
For example, in the Answering sequence, TSMC achieves an SSIM
above 0.9 at around 8 Mbps, whereas TVMC* requires nearly 13
Mbps to reach comparable quality. TSMC manages to do this by
noticing the structural similarity between displacements. For a se-
ries of continuous actions, the KLT can effectively capture over 95%
of the displacement information using as few as least𝑚 = 3 basis
vectors. By further converting only these𝑚 basis vectors into Lapla-
cian coordinates, additional redundancy is removed by exploiting
spatial coherence. This enhanced compression efficiency explains
why TSMC stands out even better at low bitrates.

However, TSMC’s SSIM fluctuates slightly with increasing bitrate
and reaches a peak when all basis vectors are used. This behavior
arises because TSMC can already reconstruct a reasonably accurate
overall geometry using just the initial few basis vectors. As more

basis vectors are included, the shape is further refined toward the
ground truth. Unlike quantization-based methods, this refinement is
not strictly linear, leading to fluctuations in quality before converg-
ing to its maximum. In contrast, Draco can become nearly lossless
as the bitrate increases. TSMC and TVMC* are inherently lossy due
to the volume-tracking and reference mesh extraction processes,
which impose an upper limit on the achievable quality.

Furthermore, as shown in Table 1, under similar bitrates, TSMC
achieves comparable D2-PSNRwith TVMC*, while substantially out-
performing all other baselines in terms of SSIM. TSMC also achieves
an average decoding time of 34.50 ms, slower than TVMC* (10.78 ms)
and Draco (13.25 ms), but up to 85.42% faster than KLT and NeCGS,
which rely on the Marching Cubes algorithm [Lorensen and Cline
1998] for decoding. This efficiency is due to TSMC’s use of simple
subdivision and displacement deformation techniques during decod-
ing. Moreover, TSMC enables GPU acceleration for the displacement
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(a) Ground Truth (b) TSMC (c) TVMC* (d) Draco (e) KLT (f) NeCGS

Fig. 8. Qualitative evaluation on four scenes: Answering, Drinking, Arena, and Sitting. For each scene, we visualize both the ground truth meshes and the
reconstructed meshes produced by different methods. The corresponding data rates and SSIM values are detailed in Figure 5 and Table 1. In each visualization,
the region enclosed by the solid red box provides a magnified view of the area highlighted by the dotted red box in the original scene mesh.

decoding. Decoding large meshes typically consumes substantial
computational resources, however, the reuse of static backgrounds
in TSMC greatly reduces decoding times. While TSMC’s encoding
complexity is relatively high (e.g., a few seconds/frame), its fast
decoding speed makes it well-suited for real-time playback style
applications in which encoding can be done offline in advance.

4.5 Results on Synthetic Dataset
The Synthetic dataset represents an extreme scenario with a 100%
dynamic ratio, where all regions in the scene exhibit continuous
motion. Increasing the dynamic proportion to this level naturally
reduces the relative gains obtained from our static–dynamic region
differentiation algorithm, as the proportion of static regions becomes
negligible.

Table 2. Objective results of TSMC and baselines on Synthetic dataset with
100% dynamic ratio. All methods are compared at comparable D2-PSNR
levels to enable a fair evaluation of other metrics, including SSIM, decoding
time, and bitrate.

Method D2-PSNR ↑ SSIM ↑ Decoder (ms) ↓ Bitrate (Mbps) ↓
TSMC (Ours) 63.472 0.9416 66.04 8.72
TVMC* 60.385 0.8820 36.46 9.847
Draco 57.597 0.8990 9.10 14.487
KLT 61.450 0.9424 24.70 10.737
NeCGS 61.739 0.9340 6.89 6.931

Nevertheless, the dynamic-region compression component of
TSMC remains effective under such conditions. Our results in Table 2
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Answering Drinking Sitting Arena Synthetic

Fig. 9. Screenshots of TSMC real-time VR playback on a standalone Meta Quest 3 headset. All decoding and rendering are performed fully on-device and can
achieve 24 FPS.

Table 3. Impact of TSMC on a hybrid Gaussian–mesh framework LMG [Sun
et al. 2026] on the Dancer sequence. TSMC reduces the mesh bitrate by
nearly 60× while maintaining comparable rendering quality in terms of
SSIM and PSNR. The Gaussian splatting (GS) bitrate remains unchanged
because of the same number of splats.

Method SSIM ↑ PSNR ↑ GS Bitrate (Mbps) Mesh Bitrate (Mbps)

LMG w/ TSMC 0.9462 25.35 719.8 6.13
LMG w/o TSMC 0.9594 26.46 719.8 357.6

show that TSMC still achieves competitive performance compared
to baseline methods, and in many cases continues to outperform
them in terms of rate–distortion efficiency. This demonstrates the
robustness of TSMC across a wide spectrum of 4D scenes.

4.6 Real-time TSMC decoder on MetaQuest 3
We implement TSMC on Meta Quest 3 together with a full VR
playback system that can achieve a FPS of 24. To the best of our
knowledge, TSMC is the first 4D mesh decoder that runs entirely
on a standalone VR headset, demonstrating its practicality for 4D
decoders. Figure 9 shows screenshots of the VR playback system.
Additional visual results of the real-time decoding are provided in
the supplementary video. While not yet optimized for higher frame
rates, this implementation highlights the practicality of TSMC for
on-device 4D mesh playback under realistic hardware constraints.

4.7 Discussion with Gaussian Splatting and Other
Volumetric Content

Although TSMC is designed for compressing meshes, we note that
other 4D representations, such as point clouds [Liang et al. 2024]
and Gaussian splats [Liang et al. 2026; Sun et al. 2026; Zheng et al.
2025], are also widely used. We do not consider point clouds in
our evaluation due to their relatively lower visual fidelity for a
given bitrate. Instead, we focus on Gaussian splatting approaches,
which have recently demonstrated strong rendering quality and are
increasingly adopted in high-fidelity volumetric pipelines. TSMC
can also benefit hybrid 3DGS frameworks that integratemeshes with
Gaussian splats. In these systems, meshes are often used as structural

priors (e.g., for binding or regularizing Gaussian primitives), and
their storage cost can still be significant. To demonstrate this, Table 3
reports results on the LMG framework [Sun et al. 2026], which
binds Gaussian splats to mesh triangles, evaluated on the Dancer
sequence from our Synthetic dataset. By applying TSMC to compress
the mesh component, we reduce the mesh bitrate approximately
by the factor of 60 (from 357.6 Mbps to 6.13 Mbps). Despite this
significant reduction, the rendering quality remains comparable,
with only minor differences in SSIM and PSNR. Gaussian splats here
are encoded using traditional Entropy encoding. Note that the SSIM
and PSNR metrics reported here are computed on rendered RGB
images within the Gaussian splatting pipeline, and therefore differ
from the metrics defined in Section 4.1.

5 CONCLUSION
In this paper, we propose TSMC, a novel compression method for
time-varying 4D scene mesh sequences. To the best of our knowl-
edge, TSMC is the first mesh compression method that can exploit
temporal redundancy for inter-frame coding to compress large and
unbounded scene meshes. Unlike prior methods that are limited to
static or object-level dynamic meshes, TSMC supports compres-
sion of full scenes with complex spatial and temporal variations.
Moreover, TSMC can also benefit hybrid 3DGS frameworks that
integrate meshes with Gaussian splats. With extensive experiments,
we demonstrate that TSMC outperforms several state-of-the-art
baselines, including Draco [Draco 2018], a scene mesh extended ver-
sion of TVMC [Chen et al. 2025] denoted as TVMC*, a TSDF-based
compression method [Tang et al. 2018] denoted as KLT, and the
neural-based compression method NeCGS [Ren et al. 2025], both in
quantitative and qualitative evaluations.
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