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Disentangled 3D Gaussian Splatting: High-Fidelity Relightable
Volumetric Video through Geometry-Appearance Decoupling
ANONYMOUS AUTHOR(S)
SUBMISSION ID: 1404

Fig. 1. We present a novel disentangled 3D Gaussian representation and extend this framework to temporal modeling, achieving both high-fidelity geometry
reconstruction and photorealistic novel view synthesis. Our framework generates relightable volumetric video that supports practical downstream lighting
manipulation via a deferred shading pipeline.

Recent advances in novel view synthesis have been greatly accelerated by
the efficient, photorealistic rendering capabilities of 3D Gaussian Splatting
(3DGS), bringing volumetric video technology closer to practical adoption.
Numerous studies have successfully extended this approach to 4D reconstruc-
tion, showcasing its significant potential for volumetric video production.
However, to fully realize the capabilities of 3DGS-based volumetric video, en-
hancing its geometric fidelity and relighting performance remains a critical
challenge. In this work, we demonstrate that a controlled disentanglement
of geometry and appearance modeling in 3DGS mutually enhances both
aspects, leading to optimized convergence. Motivated by this observation,
we propose a novel disentangled 3DGS representation that introduces a

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM 0730-0301/2025/8-ART
https://doi.org/10.1145/nnnnnnn.nnnnnnn

disentangling factor to regulate the interaction between geometry and ap-
pearance. Combined with well-designed pruning and densification strategies,
our method improves performance in both novel view synthesis and surface
reconstruction. We incorporate normal and visibility as additional Gaussian
attributes, optimized in a staged manner, enabling high-quality relighting
through a deferred shading pipeline. Furthermore, we extend our framework
to the temporal domain, incorporating customized optimization strategies
to produce temporally stable volumetric videos with relighting capabilities.
Extensive experiments on both custom and public datasets demonstrate
that our approach achieves competitive results in rendering quality and
geometric reconstruction compared to existing methods.

CCS Concepts: • Human-centered computing→Mixed / augmented
reality; • Computing methodologies→ Reconstruction.

Additional Key Words and Phrases: 3D Gaussian Splatting, 3D Reconstruc-
tion, Relightable voluemtric video
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Fig. 2. Impact of the disentanglement in our approach. (a) demonstrates
varying fitting abilities when emphasizing different branches through ad-
justed loss weights. (b) showing how the disentangling factor influences
modeling quality.

1 INTRODUCTION
3D Gaussian Splatting (3DGS) [Kerbl et al. 2023] has emerged as
a widely adopted representation for volumetric video production
due to its photorealistic modeling capabilities. Unlike traditional
mesh-based methods [Collet et al. 2015; Guo et al. 2019; Prada et al.
2017; Zhou et al. 2023], which often suffer from artifacts, low fidelity,
and lack of realism, 3DGS demonstrates remarkable potential to cap-
ture fine geometric details. Its anisotropic modeling ability enables
realistic rendering of reflective materials and mitigates multi-view
parallax artifacts or blurring caused by inaccurate calibration while
maintaining real-time rendering ability. Moreover, 3DGS excels at
efficiently reconstructing intricate structures such as hair and fin-
gers, which are critical yet challenging elements in human-centric
volumetric applications. These advantages significantly expand its
practical applicability and commercial value.
Recent advances have propelled volumetric video quality far

beyond traditional mesh-based approaches. [Jiang et al. 2024b]
pioneered sequential Gaussian modeling initialized from tracked
meshes. [Wang et al. 2024] achieved high-compression-rate encod-
ing for bandwidth-efficient streaming of 3DGS, [Xu et al. 2024] ex-
tended 4D reconstruction to long-duration sequences, and [Zhang
et al. 2025] enabled unbounded-length volumetric video while pre-
serving per-frame fidelity. Despite these innovations, key challenges
remain for industrial adoption. A critical limitation is the lack of
relightable modeling in existing methods, which severely restricts
their utility for downstream applications. Incorporating relight-
ing capabilities, including environment lighting and editable light
sources, would substantially enhance immersion in virtual produc-
tion pipelines.

Recent work has explored material parameterization in 3DGS for
physics-based rendering (PBR). Methods like [Gao et al. 2024; Jiang
et al. 2023; Shi et al. 2024; Wu et al. 2024a], have adopted deferred
rendering strategies to decompose environment light and Gauss-
ian PBR attributes through inverse rendering techniques. Through
our experiments, we observed that naively incorporating geometry-
related attributes into 3DGS is suboptimal, as it forces color and
geometry to share the same distribution across the opacity field. We

argue that these attributes should be disentangled: appearance ex-
hibits higher-frequency features and greater tolerance to multi-view
inconsistencies than geometry. Therefore, we conducted a series of
experiments to maintain the mutual impact that boosts both geom-
etry and appearance modeling, while enabling these two branches
to achieve optimal distribution, resulting in better reconstruction
results.
The most direct approach for disentangling geometry and ap-

pearance employs separate modeling frameworks. For instance, one
might use a hybrid representation with meshes for geometry and
3DGS for rendering the appearance similar to [Cai et al. 2025; Lin
et al. 2025]. Alternatively, [Zhou et al. 2025] using 2D Gaussian
Splatting (2DGS) for geometry while modeling the appearance with
3DGS. However, for relighting applications, such hybrid representa-
tions often fail to maintain precise pixel-level alignment between
geometry and appearance. Thus, a unified primitive that jointly
models both aspects is essential.

We present a disentangled representation that independently pa-
rameterizes appearance and geometric attributes while preserving
pixel-level alignment during rendering. Specifically, we disentan-
gle appearance and geometry rendering into separate branches by
disentangling geometric opacity fields from color opacity fields,
accumulating them independently during splatting. We introduce a
disentanglement factor to regulate the interaction between these
branches, ensuring optimal convergence as shown in Fig. 2. Thanks
to this representation, we can apply distinct regularization to each
branch with minimal cross-influence.

By integrating this approach, we achieve stable and high-fidelity
relightable 3DGS sequential modeling with temporal consistency.
Our contributions include:

• A novel 3DGS-based representation that separates appear-
ance and geometry attributes, mutually enhancing the qual-
ity of both branches.

• An improved training framework with refined pruning, den-
sification strategies, and optimization schedules to produce
compact surface representations with superior geometric
and appearance fidelity for relightable 3DGS modeling.

• Ourmethod extends to dynamic scenes, enabling high-fidelity,
relightable 4D reconstruction with temporal coherence.

2 RELATED WORK

2.1 Volumetric Video
Volumetric video reconstruction traditionally builds upon novel
view synthesis techniques. Early approaches [Collet et al. 2015;
Prada et al. 2017; Zhou et al. 2023] employed mesh-based represen-
tations, where geometry was obtained through multi-view stereo
reconstruction [Liu et al. 2010; Shao et al. 2022] or depth sensors
[Lawrence et al. 2021; Newcombe et al. 2015; Yu et al. 2018; Zollhöfer
et al. 2014]. These methods generated textured meshes by projecting
multi-view imagery onto the reconstructed surfaces [Orts-Escolano
et al. 2016]. However, they suffered from geometric inaccuracies,
texture seams, ghosting artifacts, and topological inconsistencies
during deformation resulting in rendering artifacts.
Neural radiance fields (NeRF) [Işık et al. 2023; Mildenhall et al.

2021; Müller et al. 2022; Park et al. 2021; Pumarola et al. 2020; Xian

ACM Trans. Graph., Vol. 1, No. 1, Article . Publication date: August 2025.
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et al. 2021] later addressed these issues, achieving photorealistic ren-
dering quality. While NeRF-based methods significantly improved
visual fidelity, they remained limited by implicit representations,
leading to inefficient modeling and rendering. The advent of 3DGS
[Kerbl et al. 2023; Lu et al. 2024] offered an explicit alternative that
preserved rendering quality while improving practicality. Recent
4D extensions of 3DGS [Duan et al. 2024; Huang et al. 2023; Li et al.
2023; Luiten et al. 2024; Wu et al. 2024b; Yang et al. 2023] have
demonstrated promising results for dynamic scenes. [Wang et al.
2024] proposes a group-of-pictures (GoP) modeling approach us-
ing MLPs with target compression along temporal Gaussians, and
[Sun et al. 2024] introduces a two-stage training pipeline involving
MLP-based deformation followed by per-frame refinement. [Jiang
et al. 2024a; Xu et al. 2024; Zhang et al. 2025] extend these methods
to support longer sequences while achieving higher reconstruc-
tion quality. Among these temporal modeling approaches, we build
upon [Zhang et al. 2025] due to its per-frame refinement strategy,
which effectively preserves high-frequency temporal details while
retaining the representational benefits of 3DGS.

2.2 3DGS-based Geometry Modeling
Recent advances in 3DGS have focused mainly on enhancing geo-
metric accuracy and surface reconstruction [Chen et al. 2024; Dai
et al. 2024]. Notably, [Guédon and Lepetit 2024] proposed optimizing
3DGS to flatten primitives, encouraging the Gaussian field to approx-
imate a zero-crossing of signed distance field (SDF). [Huang et al.
2024] introduced native 2D Gaussian Splatting (2DGS) for improved
surface estimation.[Yu et al. 2024b], have developed methods for
extracting well-defined zero-crossing surfaces from 3DGS, where
surface normals are derived from the ray-Gaussian intersection
plane. [Zhang et al. 2024a] further advanced geometric modeling
through view-dependent distortion, although this introduced incon-
sistencies in normal image rasterization. Our experiments reveal
that such geometric regularization often comes at the cost of appear-
ance modeling flexibility. We found that extending normal attributes
through splatting similar to [Gao et al. 2024] achieves comparable
effectiveness without these limitations.
Subsequent work has significantly progressed in PBR model-

ing, with [Jiang et al. 2023; Keyang et al. 2024; Shi et al. 2024;
Wu et al. 2024a] introducing efficient inverse rendering solutions,
while [Moenne-Loccoz et al. 2024] incorporated ray tracing for
further enhancement. These methods collectively progress toward
joint geometry and material modeling, aligning with our objectives.
However, these approaches typically depend on inverse rendering
pipelines and precise environment map estimation [Munkberg et al.
2022; Verbin et al. 2022], which constrains their effectiveness for
diffuse materials prevalent in volumetric video capture scenarios.
Imperfect lighting estimation tends to amplify artifacts during tem-
poral modeling. While high-fidelity material estimation typically
requires programmable light stage [Guo et al. 2019; Saito et al. 2024],
we adopt a simplified approach assuming constant environment
lighting and diffuse materials with direct illumination modeling,
enabling practical relighting through our geometric reconstruction
framework.

3 PRELIMINARIES
3DGS represents a scene explicitly using anisotropic Gaussian el-
lipsoids. Each 3D Gaussian 𝐺𝑖 ∈ {𝐺𝑖 |𝑖 = 1, · · · , 𝑁 } is defined by a
covariance matrix 𝚺𝑖 and mean 𝝁𝑖 , along with three sets of spherical
harmonics (SH) coefficients that describe its view-dependent color
for each RGB channel. To be physically plausible, covariance matrix
has to be positive semi-definite and therefore decomposed into a
scaling matrix 𝑺 and rotation matrix 𝑹:

𝚺𝑖 = 𝑹𝑖𝑺𝑖𝑺
⊤
𝑖 𝑹

⊤
𝑖 , (1)

in which 𝑺𝑖 is parameterized as a scaling vector 𝒔𝑖 and 𝑹𝑖 is param-
eterized as a quaternion 𝒒𝑖 .
When viewing from a specific camera perspective, a covariance

matrix 𝚺 is projected to the image space through:

𝚺
2𝐷 = (𝑱𝑾𝚺𝑾⊤ 𝑱⊤)1:2,1:2 (2)

Here, 𝑱 is the Jacobian of the affine approximation of the projec-
tive transformation and𝑾 denotes the view matrix of the camera.
Meanwhile, the corresponding Gaussian mean 𝝁 is projected onto
the 2D plane resulting in 𝝁2𝐷 . With 𝛼𝑐

𝑖
in 2D plane computed from

{𝚺2𝐷
𝑖 , 𝝁2𝐷

𝑖
}, the color I𝑐 of a pixel can be retrieved by blending N

ordered Gaussian overlapping the pixel:

I𝑐 =

𝑁∑︁
𝑖=1

𝝍𝑖𝛼
𝑐
𝑖

𝑖−1∏
𝑗=1

(1 − 𝛼𝑐𝑗 ) (3)

where 𝝍𝑖 represents the Gaussian attributes related to appearance
modeling, comprising both the 0-degree spherical harmonic co-
efficient 𝑑𝑐

𝑖
and higher-order components 𝑑𝑟

𝑖
for view-dependent

effects.

4 METHOD
Building upon dense multi-view RGB inputs, our pipeline first re-
constructs the initial disentangled 3DGS representation, and then
bakes the visibility to render ambiment occlusion (AO) maps, as
illustrated in Fig. 3. We then extend this framework to sequential
modeling based on [Zhang et al. 2025], enabling stable and explicit
reconstruction of relightable 3DGS sequences.

4.1 Disentangled Modeling.
We enhance the standard 3DGS framework by introducing geo-
metric parameters that undergo simultaneous rasterization with
appearance attributes. Our key insight lies in the complete factor-
ization of geometry and appearance through separate opacity fields:
𝜎𝑔 for geometry and 𝜎𝑐 for appearance. The geometric splatting
operation is formulated as:

I𝑔 =

𝑁∑︁
𝑖=1

𝜸𝑖𝛼
𝑔

𝑖

𝑖−1∏
𝑗=1

(1 − 𝛼𝑔
𝑗
), (4)

where 𝜸𝑖 represent geometric attributes including surface normal
𝒏𝑖 , and center position 𝝁𝑖 , visibility 𝑣𝑖 , producing corresponding
rasterized normal map N, and depth map D and visibility map V .
𝛼
𝑔

𝑖
is used for geometric blending.
Achieving complete disentanglement remains challenging, as geo-

metric reconstruction fundamentally depends on the consistency
of the multi-view appearance [Chen et al. 2024]. Our experimental
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Fig. 3. Overview of our disentangled representation framework and training pipeline. The Gaussian primitives𝐺𝑖 are decomposed into geometry𝐺𝑔

𝑖
and

appearance𝐺𝑐
𝑖
branches via a multi-stage optimization strategy. In Stage 1, we train a standard 3DGS model with zero-degree SH coefficients, focusing on

optimizing the appearance branch to initialize the Gaussian distribution, with the disentanglement factor set to zero. In Stage 2, both the geometry and
appearance branches are jointly optimized. Once convergence is achieved, AO is baked, and higher-order SH coefficients are further optimized in the final
stage to achieve the complete model.

results reveal that joint optimization of both branches leads to a mu-
tual improvement in performance, a finding consistent with [Zhou
et al. 2025]. To precisely control this interdependence, we intro-
duce disentanglement factor 𝛽 ∈ [0, 1] that balances the interaction
between geometry and appearance:

𝛼𝑐𝑖 =
1
2
(
(1 + 𝛽)𝛼𝑐 + (1 − 𝛽)𝛼𝑔

)
,

𝛼
𝑔

𝑖
=

1
2
(
(1 − 𝛽)𝛼𝑐 + (1 + 𝛽)𝛼𝑔

)
.

(5)

Here, 𝛼𝑐
𝑖
and 𝛼𝑔

𝑖
denote partially disentangled alpha values partici-

pating in the splatting process. As shown in Fig. 2(b), 𝛽 = 0 merges
the two branches, while 𝛽 = 1 forces complete disentanglement.
Disentangled Densification. Similar to [Kerbl et al. 2023], we

periodically densify underfitting regions to get better reconstruc-
tion. Our approach follows the standard 3DGS densification strategy,
where both geometry and color branches determine densification
based on pixel-space gradient magnitudes. For the opacity parame-
ters geometry 𝜎𝑔 and appearance 𝜎𝑐 of each 3D Gaussian primitive,
their influence on densification is quantified through:

𝜕L𝑐
𝑖

𝜕𝒖2𝐷
𝑖

∝
𝜕𝛼𝑐

𝑖

𝜕𝒖2𝐷
𝑖

and
𝜕L𝑔

𝑖

𝜕𝒖2𝐷
𝑖

∝
𝜕𝛼

𝑔

𝑖

𝜕𝒖2𝐷
𝑖

. (6)

We monitor gradient statistics from both geometry and appearance
branches to evaluate underfitting in local regions, triggering den-
sification when these values exceed predefined thresholds. When
a Gaussian is densified in one branch, while its counterpart in the
other branch remains below the densification threshold, we initial-
ize the new Gaussian in the inactive branch with minimal opacity.

The opacity values for cloned Gaussians follow the revised formula-
tion from [Bulò et al. 2024], ensuring stable training progress while
maintaining the disentangling of geometric and appearance.

4.2 Relightable Geometric Surface Splatting
We reconstruct the geometry branch through a combination of
inherent depth-normal consistency constraints and geometric priors,
followed by ambient occlusion baking and higher-order spherical
harmonics refinement. This pipeline ultimately enables practical
relightable rendering through the deferred shading framework.
Geometric Splatting. Building on recent advances in vision

foundation models [Khirodkar et al. 2024], we integrate monocular
normal estimation as geometric guidance through a composite loss
function:

L𝑛 = 𝜆𝑟𝑒𝑐𝑜𝑛𝑛 𝐿1 (N, N̂) + 𝜆𝑠𝑚𝑜𝑜𝑡ℎ
𝑛 ∥∇N∥ exp(−∥∇N̂∥) . (7)

The reconstruction term enforces alignment between our splat-
ted normals N and the monocular prior N̂, while the edge-aware
smoothing term preserves geometric discontinuities. Additionally,
we employ a depth-normal consistency loss, similar to [Dai et al.
2024], to enforce consistency between normal and depth maps. This
term also helps mitigate multi-view inconsistencies arising from
monocular estimation:

L𝑛,𝑑 = 𝜆𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑛 (sg(O𝑔) − N · ∇𝑉 (D)
∥∇𝑉 (D)∥ ). (8)

Here,𝑉 (·) back-projects each pixel from the depth map to 3D space,
producing a point map. O𝑔 denotes the accumulated geometric
alpha map, and sg(·) is the stop-gradient operator. During training,
we do not normalize the output normal map, allowing it to softly

ACM Trans. Graph., Vol. 1, No. 1, Article . Publication date: August 2025.
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Fig. 4. Overview of our sequential modeling. The model evolves from the
initial state 𝑡0 to 𝑡𝑛 through a two-stage reconstruction process, consisting
of iterative deformation and refinement steps. During the deformation stage,
the model is updated using the EDGraph, while the refinement stage closely
follows the single-frame reconstruction pipeline.

align with the rendered anti-aliased color map. This approach yields
improved relighting results at edges.
Baking Ambient Occlusion. The incident light from an envi-

ronment for each direction 𝜔𝑖 is given by:

𝐿𝑖 (𝜔𝑖 ) = 𝑉 (𝜔𝑖 ) · 𝐿direct (𝜔𝑖 ) + 𝐿indirect (𝜔𝑖 ), (9)

where𝑉 (𝜔𝑖 ) represents statistical visibility during ray tracing,𝐿direct
denotes direct lighting, and 𝐿indirect represents indirect lighting.
Since volumetric video capture systems typically employ even light-
ing setups with low-reflection materials [Collet et al. 2015], we
simplify this equation by ignoring indirect lighting. We model the
view-dependent 𝐿direct based on original high-order SH attributes
𝑑𝑟
𝑖
to capture isotropic effects under capture scenarios. For the am-

bient occlusion map, we first initialize visibility attributes for each
3DGS using point-based ray tracing with Bounding Volume Hier-
archy (BVH), as suggested in [Gao et al. 2024]. To further bake
the occlusion map and disentangle visibility shadows from color
attributes, we utilize ray tracing for each shading point in training
cameras. Based on the rasterized depth and normal maps, we gen-
erate downscaled and bilaterally filtered occlusion maps V̂ . The
rasterized AO map V serves as additional guidance to supervise
visibility attributes:

Lvis = 𝜆
recon
vis 𝐿1 (V, V̂) + 𝜆smooth

vis ∥∇V∥ exp(−∥∇N̂∥) . (10)

Since visibility edges are highly correlated with surface attributes,
we use the prior normal map as guidance to achieve a smoother AO
map.
Optimization. We employ a photometric loss L𝑝 identical to

[Kerbl et al. 2023], resulting in a full loss function:

L𝑟𝑒𝑐𝑜𝑛 = L𝑝 + L𝑛 + L𝑛,𝑑 + Lvis . (11)

We implement a three-stage computational pipeline to decompose
surface attributes, as in Fig. 3. First, we fit 3DGS to obtain a rough
point cloud reconstruction with base color attributes for initializing
appearance and geometry modeling. Second, we training geometric
branch for normal reconstruction and depth alignment. Finally, we
bake visibility attributes and train for view-dependent effects.

4.3 Extending to Sequential Modeling
Weextend our approach to sequential modeling following themethod
proposed in [Zhang et al. 2025], which produces a representation
consistent with vanilla 3DGS. This approach implements a two-stage
temporal reconstruction strategy: first deforming Gaussians set G𝑡

to G′
𝑡+1 with an explicit embedding node graph (EDGraph) [Sumner

et al. 2007] then performing refinement to get G𝑡+1. This workflow
is iterating through frames to reconstruct the entire sequence, as
illustrated in Fig 4.

Skinning and Deformation. Each embedding node is sampled
from the existing Gaussian primitives as 𝑢𝑒 , with parameters includ-
ing a local rotation quaternion 𝒒𝑒 and translation 𝒕𝑒 . The warping
of Gaussian primitive follows:

𝝁̃𝑖 =
∑︁

𝑗∈𝑁 (𝐺𝑖 )
𝑤 𝑗 (𝐺𝑖 ) [𝒒𝑒𝑗 ⊗ (𝝁𝑖 − 𝒖𝑒𝑗 ) + 𝒖𝑒𝑗 + 𝒕𝑒𝑗 ] (12)

where𝑁 (𝐺𝑖 ) denotes the set of𝐾𝑔 nearest control nodes to Gaussian
𝐺𝑖 . The blending weight 𝑤 𝑗 (𝐺𝑖 ) is computed as 𝑤 𝑗 (𝐺𝑖 ) = (1 −
∥𝝁𝑖 −𝒄 𝑗 ∥/𝑑max)2, where 𝑑max is the maximum distance to the (𝐾𝑔 +
1)-nearest node. The weights are normalized to sum to one. The
quaternion multiplication operator is denoted by ⊗. Following the
principle of locality, each point is influenced only by nearby control
nodes, and node deformations are linearly blended to ensure smooth
transitions.

Similarly, the normal attributes are deformed as:

𝒏̃𝑖 =
∑︁

𝑗∈𝑁 (𝐺𝑖 )
𝑤 𝑗 (𝐺𝑖 ) [𝑹 𝑗 · 𝒏𝑖 ] (13)

where 𝑹 𝑗 is the rotation matrix derived from quaternion 𝒒 𝑗 . The
overall optimization objective for this stage is:

L𝑑𝑒𝑓 𝑜𝑟𝑚 = L𝑝 + L𝑛 + L𝑞𝑢𝑎𝑡 + L𝐴𝑅𝐴𝑃 (14)

where L𝑞𝑢𝑎𝑡 softly regularizes the quaternion norm to enforce
unit length, and L𝐴𝑅𝐴𝑃 is an as-rigid-as-possible (ARAP) term to
encourages local rigidity.

Refinement Stage. With a well-initialized Gaussian cloud after
deformation, we jointly refine all attributes to obtain high-fidelity
Gaussians. Unlike the previous training stage, we leverage the cor-
respondences established during deformation to apply temporal
smoothing, thereby achieving more stable geometric reconstruction
through temporal regularization. For each geometric attribute:

Lreg = 𝐿1 (𝛾𝑖 , 𝛾𝑖 ), (15)

where 𝛾𝑖 denotes the geometric attributes after deformation stage.
Since physically deforming Gaussian points can introduce signifi-
cant distortions, we incorporate an anisotropic loss as proposed in
[Feng et al. 2024]:

L𝑎𝑛𝑖𝑠𝑜 =
1
|P |

∑︁
𝑝∈P

max

{
𝑆1
𝑝

𝑆2
𝑝

− 𝑎, 0
}
. (16)

𝑆1
𝑝 and 𝑆2

𝑝 are the principal scaling factors, and 𝑎 is a threshold
parameter. The complete optimization objective for the refinement
stage is:

L𝑟𝑒 𝑓 𝑖𝑛𝑒 = L𝑝 + L𝑛 + L𝑛,𝑑 + L𝑣𝑖𝑠 + L𝑟𝑒𝑔 + L𝑎𝑛𝑖𝑠𝑜 (17)
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Fig. 5. We compare our method with both sequential modeling and geometry-based approaches for qualitative analysis in Tab. 3, with extra De-
formable3DGS [Yang et al. 2023]. Overall, our method demonstrates better rendering quality, robustness to topology changes, and more accurate geometry
estimation compared to existing techniques.
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Table 1. Quantitative comparison. We evaluate the novel view synthesis . For temporal reconstruction methods the sequence are segmented with GoP length
20 to ensure best results on all methods. As for 3DGS-like methods we reconstruct the estimated mesh by truncated SDF fusion proposed by [Yu et al. 2024b]

best second best
Lecturer Dancer ActorsHQ Modeling

Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ Normal ↑ C.D.×10−2↓ Sequential Geometry
HumanRF [Işık et al. 2023] 28.24 0.897 0.154 27.42 0.861 0.121 30.62 0.941 0.076 - - ✓ ×
ReRF [Wang et al. 2023b] 24.93 0.746 0.409 19.51 0.749 0.370 28.10 0.830 0.292 - - ✓ ×
SC-GS [Huang et al. 2023] 29.36 0.906 0.175 26.15 0.879 0.182 28.30 0.929 0.141 - - ✓ ×
STG [Li et al. 2023] 29.10 0.952 0.101 27.20 0.913 0.109 26.95 0.875 0.289 - - ✓ ×
4DGS [Wu et al. 2024b] 27.32 0.954 0.124 25.65 0.909 0.145 24.12 0.876 0.290 - - ✓ ×
3DGStream [Sun et al. 2024] 28.26 0.942 0.148 27.96 0.901 0.102 26.59 0.874 0.150 - - ✓ ×
𝑉 3 [Wang et al. 2024] 30.40 0.960 0.082 29.02 0.925 0.075 28.20 0.925 0.160 - - ✓ ×
EvolvingGS [Zhang et al. 2025] 33.33 0.969 0.074 29.09 0.928 0.074 30.87 0.952 0.095 - 0.596 ✓ ×
Ours 33.90 0.975 0.066 30.09 0.938 0.068 33.09 0.963 0.072 0.973 0.182 ✓ ✓

Neus2 [Wang et al. 2023a] 31.55 0.957 0.069 27.88 0.881 0.092 30.89 0.922 0.106 0.985 0.440 ✓ ✓
GSurfels [Dai et al. 2024] 31.34 0.963 0.098 27.70 0.906 0.132 29.40 0.937 0.161 0.973 0.290 × ✓
2DGS [Huang et al. 2024] 30.76 0.964 0.080 26.99 0.916 0.096 24.72 0.870 0.190 0.925 1.110 × ✓
R3DG [Gao et al. 2024] 29.97 0.963 0.097 20.63 0.880 0.206 30.19 0.956 0.063 0.943 0.287 × ✓
GOF [Yu et al. 2024b] 32.77 0.974 0.066 28.67 0.929 0.074 28.78 0.942 0.098 0.948 0.340 × ✓
RaDeGS [Zhang et al. 2024a] 33.01 0.975 0.069 28.84 0.931 0.070 28.99 0.948 0.093 0.957 0.216 × ✓
D2DGS [Zhang et al. 2024b] 29.84 0.831 0.125 28.07 0.862 0.158 27.73 0.920 0.161 0.956 0.350 ✓ ✓
Ours 33.90 0.975 0.066 30.09 0.938 0.068 33.09 0.963 0.072 0.973 0.182 ✓ ✓

5 IMPLEMENTATION
For basic reconstruction, we follow the hyperparameter settings
from [Kerbl et al. 2023] and [Zhang et al. 2025]. We begin geometry
training at 7,000 iterations and bake AO at 21,000 iterations. The
weights for the objective function are set as follows: 𝜆𝑟𝑒𝑐𝑜𝑛𝑛 = 0.2,
𝜆𝑠𝑚𝑜𝑜𝑡ℎ
𝑛 = 0.05, 𝜆𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑛 = 0.01, and 𝜆𝑎𝑛𝑖𝑠𝑜 = 0.01. The learning rate
for normals is set to 0.01 by default. For the disentanglement strategy,
we adopt a simulated annealing schedule, gradually increasing the
disentanglement factor from 0 to 0.7 by the end of training. During
the 3DGS Gaussian deformation stage, the regularization weights
for each parameter are set as follows: 0.01 for geometry opacity,
1.0 for position, 0.3 for rotation, and 0.5 for normal attributes. The
pruning threshold for ratio 𝜌𝑚𝑎𝑥 is set to 0.25 for the ActorsHQ
dataset and 0.1 for other datasets. We also employ a descending
strategy to control the impact of pruning: specifically, we downscale
this threshold by 0.75 each time the opacity is reset.

Disentangled Rasterization. Based on the vanilla 3DGS raster-
izer, we implement disentangled branches by separating the alpha
channel. To minimize the impact on rasterization efficiency and
training time, geometry and color attributes are accumulated along
the same rasterization pass with different weights during both the
forward and backward passes. Additionally, we employ [Ye et al.
2024] to correct densification gradients and use the 2D box filter
proposed in [Yu et al. 2024a] to alleviate zoom-out artifacts.

6 EXPERIMENTS
We evaluate our method on both public benchmarks and custom-
captured datasets. The ActorsHQ dataset [Işık et al. 2023] con-
sists of recordings of eight actors captured by 160 synchronized
12-megapixel cameras at 25 FPS, with ground-truth 4K meshes gen-
erated using multi-view geometry techniques. Ground-truth normal
maps are rendered from the aligned RGB-mesh pairs. For evaluation,
we downsample the input images to one-quarter of their original res-
olution to better assess mesh quality. In addition, we introduce two
datasets from [Zhang et al. 2025] specifically designed to evaluate

Table 2. Ablation study on ActorsHQ dataset. We evaluate the impact of
our design on novel view synthesis ability and geometry quality.

PSNR↑ SSIM↑ Normal↑ C.D.↓
baseline [Zhang et al. 2025] 30.30 0.950 - 0.534
w/o normal prior 32.09 0.951 0.952 0.274
w/o pruning strategy 31.96 0.956 0.954 0.239
w/o temporal regularization 32.53 0.957 0.973 0.213
w/o anisotropic regularization 32.37 0.955 0.972 0.238
Full 32.48 0.956 0.972 0.236

temporal performance under challenging real-world conditions. The
Dancer dataset is captured using 52 10-megapixel cameras arranged
in a three-tier configuration, while the Lecturer dataset utilizes 24
8-megapixel cameras focused on the subject’s upper frontal body.
Our custom datasets present significantly more challenging scenar-
ios, featuring complex clothing, extreme motion, and substantial
topological changes.
Quantitative and Qualitative Analysis.We conduct compar-

ative evaluations with both temporal methods and single-frame
reconstruction approaches to assess the quality of novel view syn-
thesis and surface reconstruction accuracy for downstream relight-
ing applications. For each sequence, we evaluate multiple clips using
a GoP size of 20 frames. Using [Zhang et al. 2025] as our baseline,
we compare our method against recent open-source 3DGS-based
temporal modeling approaches, as shown in Tab. 3. By extending
EvolvingGS’s high-frequency detail recovery capability with our
disentangled representation, our method achieves state-of-the-art
results among temporal methods. In the second phase of evaluation,
we compare with geometry-focused methods, particularly various
3DGS variants. While our method and D2DGS are evaluated using
a GoP size of 20, other methods are assessed in a per-frame recon-
struction manner. Our optimization strategy not only surpasses
per-frame reconstruction in novel view synthesis tasks, but also
produces high-quality surface splatting results on the ActorsHQ
dataset. Selected qualitative comparisons are presented in Fig. 5.
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Fig. 6. Qualitative analysis of the ablation study on geometry branch re-
constructions.

Fig. 7. Our reconstructed samples demonstrate robust interaction under
various environmental lighting conditions.

Ablation Study.We evaluate our disentanglement framework
on randomly sampled frames from our datasets. As shown in Fig. 2,
appropriate tuning of the disentangling factor leads to significant
improvements in both appearance and geometry modeling. Further
comparisons, illustrated in Fig. 6, highlight the necessity of both
our proposed normal prior injection for the reconstruction term
L𝑛 and the inherent depth-to-normal consistency term L𝑛,𝑑 . The
reconstruction prior provides detailed geometry, while the depth-to-
normal consistency regularizes the opacity field and the positions
of Gaussian points, preventing local noisy splatting artifacts. Fur-
thermore, we present statistical results from our ablation studies in
Tab. 2, which demonstrate the following: Normal prior supervision
enables robust initialization and improves geometry reconstruction.
The pruning strategy effectively removes local minima and redun-
dant Gaussians, thereby enhancing the overall quality of reconstruc-
tion during temporal modeling, as also shown in Fig. ??. Anisotropic
regularization preserves the shape of primitives during deformation,
leading to improved results. Temporal regularization trades a slight
reduction in quality for increased stability across frames, which
we recommend as the default setting. Overall, our configuration is
compared to the baseline method EvolvingGS [Zhang et al. 2025],
demonstrating the effectiveness of our disentangled framework.

7 DISCUSSIONS AND CONCLUSION
The core insight of our modeling approach is that splatting-based
geometry representation requires separate accumulation processes
for geometry and appearance attributes. By disentangling these two
branches, we can apply distinct regularization strategies: for exam-
ple, imposing stronger opacity constraints to preserve geometry,
while avoiding unnecessary appearance restrictions that could blur
high-frequency details or degrade novel view synthesis quality. This
framework naturally accommodates branch-specific optimization

strategies, including specialized pruning and densification for each
domain.

Limitations. While our method builds upon [Zhang et al. 2025]
and achieves superior reconstruction quality through the deform-
then-refine paradigm, two limitations merit discussion. First, the
approach demands greater computational resources due to its itera-
tive per-frame optimization process. Second, unlike continuous 4D
representations [Wu et al. 2024b], our method requires explicit reg-
ularization to maintain temporal coherence when handling complex
topological changes and high-frequency details.

Future Work. The framework’s modular design readily extends
to physically-based rendering pipelines. As foundation models, like
[Zeng et al. 2024], for material estimation advance, we anticipate
seamless integration of PBR attribute decomposition via deferred
rendering techniques. Such developments would not only enhance
reconstruction fidelity but also bridge the gap to industrial applica-
tions in VR/AR content production, where material-accurate rep-
resentations are crucial for photorealistic results under dynamic
lighting conditions.
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Table 3. Quantitative comparison. We evaluate the novel view synthesis . For temporal reconstruction methods the sequence are segmented with GoP length
20 to ensure best results on all methods. As for 3DGS-like methods we reconstruct the estimated mesh by truncated SDF fusion proposed by [Yu et al. 2024b]

best second best
Lecturer Dancer ActorsHQ Modeling

Method PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ Normal ↑ C.D.×10−2↓ Sequential Geometry
HumanRF [Işık et al. 2023] 28.24 0.897 0.154 27.42 0.861 0.121 30.62 0.941 0.076 - - ✓ ×
ReRF [Wang et al. 2023b] 24.93 0.746 0.409 19.51 0.749 0.370 28.10 0.830 0.292 - - ✓ ×
SC-GS [Huang et al. 2023] 29.36 0.906 0.175 26.15 0.879 0.182 28.30 0.929 0.141 - - ✓ ×
STG [Li et al. 2023] 29.10 0.952 0.101 27.20 0.913 0.109 26.95 0.875 0.289 - - ✓ ×
4DGS [Wu et al. 2024b] 27.32 0.954 0.124 25.65 0.909 0.145 24.12 0.876 0.290 - - ✓ ×
3DGStream [Sun et al. 2024] 28.26 0.942 0.148 27.96 0.901 0.102 26.59 0.874 0.150 - - ✓ ×
𝑉 3 [Wang et al. 2024] 30.40 0.960 0.082 29.02 0.925 0.075 28.20 0.925 0.160 - - ✓ ×
EvolvingGS [Zhang et al. 2025] 33.33 0.969 0.074 29.09 0.928 0.074 30.87 0.952 0.095 - 0.596 ✓ ×
Ours 33.90 0.975 0.066 30.09 0.938 0.068 33.09 0.963 0.072 0.973 0.182 ✓ ✓

Neus2 [Wang et al. 2023a] 31.55 0.957 0.069 27.88 0.881 0.092 30.89 0.922 0.106 0.985 0.440 ✓ ✓
GSurfels [Dai et al. 2024] 31.34 0.963 0.098 27.70 0.906 0.132 29.40 0.937 0.161 0.973 0.290 × ✓
2DGS [Huang et al. 2024] 30.76 0.964 0.080 26.99 0.916 0.096 24.72 0.870 0.190 0.925 1.110 × ✓
R3DG [Gao et al. 2024] 29.97 0.963 0.097 20.63 0.880 0.206 30.19 0.956 0.063 0.943 0.287 × ✓
GOF [Yu et al. 2024b] 32.77 0.974 0.066 28.67 0.929 0.074 28.78 0.942 0.098 0.948 0.340 × ✓
RaDeGS [Zhang et al. 2024a] 33.01 0.975 0.069 28.84 0.931 0.070 28.99 0.948 0.093 0.957 0.216 × ✓
D2DGS [Zhang et al. 2024b] 29.84 0.831 0.125 28.07 0.862 0.158 27.73 0.920 0.161 0.956 0.350 ✓ ✓
Ours 33.90 0.975 0.066 30.09 0.938 0.068 33.09 0.963 0.072 0.973 0.182 ✓ ✓

We introduce a disentanglement factor to regulate the interaction
between these branches, ensuring optimal convergence as shown
in Fig. 2.

A IMPLEMENTATION
For basic reconstruction, we follow the hyperparameter settings
from [Kerbl et al. 2023] and [Zhang et al. 2025]. We begin geometry
training at 7,000 iterations and bake AO at 21,000 iterations. The
weights for the objective function are set as follows: 𝜆𝑟𝑒𝑐𝑜𝑛𝑛 = 0.2,
𝜆𝑠𝑚𝑜𝑜𝑡ℎ
𝑛 = 0.05, 𝜆𝑐𝑜𝑛𝑠𝑖𝑠𝑡𝑛 = 0.01, and 𝜆𝑎𝑛𝑖𝑠𝑜 = 0.01. The learning rate
for normals is set to 0.01 by default. For the disentanglement strategy,
we adopt a simulated annealing schedule, gradually increasing the
disentanglement factor from 0 to 0.7 by the end of training. During
the 3DGS Gaussian deformation stage, the regularization weights

for each parameter are set as follows: 0.01 for geometry opacity,
1.0 for position, 0.3 for rotation, and 0.5 for normal attributes. The
pruning threshold for ratio 𝜌𝑚𝑎𝑥 is set to 0.25 for the ActorsHQ
dataset and 0.1 for other datasets. We also employ a descending
strategy to control the impact of pruning: specifically, we downscale
this threshold by 0.75 each time the opacity is reset.

Disentangled Rasterization. Based on the vanilla 3DGS raster-
izer, we implement disentangled branches by separating the alpha
channel. To minimize the impact on rasterization efficiency and
training time, geometry and color attributes are accumulated along
the same rasterization pass with different weights during both the
forward and backward passes. Additionally, we employ [Ye et al.
2024] to correct densification gradients and use the 2D box filter
proposed in [Yu et al. 2024a] to alleviate zoom-out artifacts.
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