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Fig. 1: DR-GS enables physically plausible rendering under deformations and lighting
changes via decoupled geometry, lighting, and materials. The project page is available
at https://jiaxinlia.github.io/DR-GS/.

Abstract. Gaussian splatting (GS) has garnered significant attention in
VR/AR and digital content creation due to its explicit parameterization
and efficient rendering capabilities. However, existing GS-based methods
for deformable objects face two key limitations: (i) illumination is er-
roneously baked into textures, causing physically inconsistent responses
under dynamic deformations and lighting changes; (ii) snapshot-based
reconstruction restricts post-reconstruction material editing. To address
these challenges, we propose Deformable and Relightable GS (DR-GS),
a unified Gaussian framework that integrates physically-based inverse
rendering, relighting, and deformation-aware manipulation. Through ex-
plicitly disentangling geometry, illumination, and material representa-
tions, DR-GS overcomes the limitations of static snapshots, resolving
unrealistic appearance under varying conditions while enabling post-
reconstruction parameter editing. Extensive experiments show that DR-
GS achieves leading visual quality across static reconstruction, dynamic
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deformation, and relighting, reliably preserving reflections and specu-
lar highlights on glossy surfaces. It further establishes a fully decoupled
geometry-illumination-material pipeline, enabling high-quality 3D asset
creation and comprehensive post-editing.

Keywords: 2D Gaussian Splatting · Inverse Rendering · Physics-Based
Rendering

1 Introduction

Gaussian splatting (GS) represents 3D scenes with learnable anisotropic Gaus-
sians, providing an explicit scene representation and real-time rendering. Com-
pared with NeRF [36], GS achieves substantially higher rendering throughput
and supports interactive applications that require both realism and low la-
tency, such as VR/AR [14, 21, 28, 33], avatars [17, 26, 40], and embodied sys-
tems [20,32,45,57,62].

Existing deformable GS methods largely follow a reconstruct-then-drive
pipeline [9,10,13,19,30,53]: a static reconstruction is first obtained from multi-
view images, then Gaussians are driven by particle-based or mesh-based defor-
mation. This design introduces two fundamental limitations. First, appearance
is typically baked into per-Gaussian colors, yielding physically inconsistent re-
sponses under deformation and relighting, especially for glossy surfaces. Second,
the static reconstruction stage restricts post-hoc editing of materials. While in-
verse rendering can disentangle geometry, materials, and illumination for pho-
torealistic relighting, existing solutions remain largely confined to static scenes.

We present DR-GS, a unified deformable Gaussian framework that jointly
supports inverse rendering, relighting, physics-based simulation, and 3D anima-
tion within a shared representation. DR-GS models materials from diffuse to
specular for reconstruction, and introduces a hybrid driving mechanism that
supports both particle systems and mesh deformations. Following the separa-
tion principle in GSP [7], we decouple simulation from rendering and update
Gaussians through generalized moving least squares (GMLS) interpolation [35].

To render dynamic scenes under changing illumination, DR-GS estimates
the full rendering equation with low-sample Monte Carlo integration and mul-
tiple importance sampling (MIS), combining cosine-weighted, GGX [16], and
environment-light sampling [39], followed by cross-bilateral denoising [42]. For
efficiency, we store decoupled material parameters on TSDF-extracted mesh ver-
tices and perform mesh-based ray tracing, replacing 2D Gaussian ray tracing [11]
during continuous deformation. This design preserves high-quality shadows and
inter-reflections while significantly improving runtime.

To summarize, our contributions include: (i)Unified deformable GS: DR-
GS integrates physically-based inverse rendering, relighting, and deformation-
driven control in a single Gaussian framework; (ii)Efficient dynamic ren-
dering: We combine MIS-based Monte Carlo rendering with denoising and
mesh-based ray tracing to accelerate relighting under deformation efficiently;
(iii)Editable asset pipeline: A decoupled geometry–illumination–material
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Fig. 2: Overview of DR-GS. Our framework consists of three stages: (i) Static re-
construction: building initial 2D Gaussians and mesh from calibrated images, with
optional mesh-based reinitialization; (ii) Parameters decoupling: generating material
(albedo, metallic, roughness) and geometry (position, normal) maps via splatting while
solving the rendering equation through MIS and ray tracing; (iii) Dynamic driving: up-
dating Gaussians via deformation gradients between canonical and deformed particle
clouds/meshes from physical simulation/animation. Overall, our decoupled geometry-
illumination-material framework supports physically plausible rendering under defor-
mations, illumination changes, and material edits with interactive manipulation.

pipeline enables high-�delity creation and post-editing of 3D assets for content
production and simulation.

2 Related works

Dynamic Gaussian splatting. Prior work mainly falls into two paradigms.
Learning-based methods take videos as input and encode temporal variation
directly into Gaussians [5,17,26,27,34,40,52,54,55]. Deformation-driven meth-
ods follow a reconstruct-then-drive pipeline: they �rst reconstruct a static GS
from multi-view images and then drive deformation via physics simulation or
mesh manipulation. Our framework adopts the latter. Within this line, physics-
inspired approaches couple GS with material-aware simulation [3,19,30,33,41,60,
61], e.g., MPM in PhysGaussian [53] and PBD in GSP [7], while geometry-driven
methods rely on mesh editing for artist-controlled deformation [9,10,13,21,49].
Although e�ective for rendering static appearance, existing methods largely bake
lighting into colors and thus cannot faithfully reproduce appearance changes
under deformation or varying illumination, producing noticeable artifacts, es-
pecially on glossy surfaces. DR-GS addresses this limitation with a decoupled
representation that stores editable material parameters separately and renders
them with physically-based rendering, improving realism in dynamic scenarios.
Physically-based inverse rendering aims to recover geometry, materials, and
illumination from images, but is inherently ill-posed due to ambiguities between
observations and physical parameters. Most methods rely on di�erentiable ren-
dering with physics-based light transport. NeRF-based approaches [1, 2, 12, 31,
46,58,63] can model global illumination via ray marching over neural �elds, but
remain computationally expensive. In contrast, 3DGS [24] provides an e�cient
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explicit representation and has been extended with material modeling for inverse
rendering [4,8,15,25,29,44,47,56]. Ref-Gaussian [56] uses deferred BRDF shad-
ing and mesh ray tracing for specular visibility, but the split-sum approximation
can compromise material and lighting accuracy. IRGS [11] evaluates the full ren-
dering equation with 2D Gaussian ray tracing to capture inter-re�ections, but
its heavy strati�ed sampling is ine�cient and often struggles on glossy surfaces.
To support deformable objects under changing illumination, DR-GS builds on
these advances while explicitly maintaining the full physically-based rendering
equation and improving e�ciency in dynamic settings.

3 Method

This section introduces DR-GS, a decoupled deformable and relightable GS
framework for physically-plausible rendering of deformable objects under vary-
ing illumination. Our three-stage pipeline �rst establishes the foundations of 2D
Gaussian splatting and Gaussian ray tracing (Sec. 3.1). The static reconstruc-
tion stage builds initial 2D Gaussians and mesh representations from multi-view
imagery (Sec. 3.2). We then solve the rendering equation to decouple material
attributes from illumination while simultaneously optimizing geometric parame-
ters (Sec. 3.3). Finally, we develop a physically-based deformation-driven method
for 2D Gaussians utilizing physical simulation and animation (Sec. 3.4). The full
pipeline is illustrated in Fig. 2.

3.1 Preliminary

2D Gaussian splatting [18] addresses key limitations of 3DGS [24], including
its lack of explicit surface normals and multi-view inconsistencies, through ge-
ometrically constrained explicit surface representation. It compresses 3D Gaus-
sians into 2D surfels parameterized by a center p, opacity �, view-dependent
color c, axial scaling s = (su ; sv ), and a rotation matrix R built from orthonor-
mal tangents tu and t v . The surface normal is explicitly derived as n = t u � t v ,
ensuring view-consistent geometry. A central innovation is ray-splat intersec-
tion, which maps screen-space pixels to UV coordinates via the Gaussian kernel
G(u) = exp

�
�(u 2 + v 2)=2

�
, augmented with perspective-correct splatting to

reduce multi-view artifacts. Rendering uses depth-ordered alpha blending:

c(r) =
NX

i=1

ci � i Ĝi (u)
i�1Y

j=1

�
1 � � j Ĝj (u)

�
; (1)

enabling end-to-end optimization of learnable parameters �i = fp i ; si ; R i ; � i ; ci g.
Gaussian ray tracing integrates ray tracing techniques with Gaussian prim-
itives to overcome limitations of rasterization-based Gaussian splatting in sim-
ulating e�ects like shadows and inter-re�ections. The pioneering 3DGRT [37]
introduces particle-based ray tracing for 3D Gaussians, using a k-bu�er hit-
based marching algorithm with OptiX [38] hardware acceleration to improve
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both speed and accuracy. Following this advancement, 2DGRT [11] resolves ray-
splat inconsistencies through explicit surface representation and geometric con-
straints. This approach achieves physically accurate ray tracing, particularly for
complex light paths involving multi-bounce indirect illumination.

3.2 Static Reconstruction

Initialization. Our framework begins by pretraining with Ref-Gaussian [56] to
acquire initial 2D Gaussians � P = fp; s; R; �g and subsequently extracts trian-
gular mesh M = fV; Fg via TSDF. DR-GS accommodates dual deformation ap-
proaches: particle-based deformation with optional mesh �lling and mesh-based
deformation necessitating reinitialization of � P with M.
Mesh-based reinitialization. We initialize a set of 2D Gaussians � M =
fd; !; s; R; �g on each triangular face f 2 F, where R aligns with the face
normal n, and s determined by local geometric properties. Same as Gaussian-
Mesh [9], each Gaussian center p is parameterized by interpolation weights
! = f! a ; ! b; ! cg and normal o�set d, initialized as barycentric coordinates and
zero, respectively. The relationship can be expressed as p = (!ava + ! bvb +
! cvc) + drn, where r denotes the circumradius of the associated triangle with
vertices fv a ; vb; vcg. Pretrained Gaussians � P are projected onto mesh surfaces
using spatial acceleration structure, retaining only interior projections. Finally,
we compute averaged ! and � per face and transfer them to corresponding mesh-
based Gaussians �M , achieving geometry-aware reparameterization. See Alg. 1
for details.

Algorithm 1 Mesh-based 2D Gaussian Initialization

Input: Mesh M = (V; F), pretrained Gaussians � P = f(p i ; � i )g
N p
i=1 .

Output: Face-attached Gaussians � M = f(d j ; ! j ; s j ; R j ; � j )g
N f
j=1 .

1: Per-face init.
2: for j = 1; : : : ; N f do
3: n j / (v j2 � v j1 ) � (v j3 � v j1 ), R j  Align(n j )
4: cj  (v j1 + v j2 + v j3 )=3, ~dj  min k6=j kcj � c k k
5: dj  0, ! j  (1=3; 1=3; 1=3), s j  log( ~dj + �)1 2

6: end for
7: Project to faces. Build BVH on M.
8: for i = 1; : : : ; N p do
9: (di ; f i ; ! i )  � M (p i )

10: if f i � 0 ^ min(! i ) > � then
11: append i to I f i

12: end if
13: end for
14: Aggregate & transfer.
15: for j = 1; : : : ; N f with I j 6= ; do
16: ! j  1

jI j j

P
i2I j

! i , � j  1
jI j j

P
i2I j

� i

17: (opt.) 8i 2 I j : (! i ; � i )  (! j ; � j )
18: end for
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3.3 Parameters Decoupling

Rasterization. Following the same framework as IRGS [11], DR-GS employs
a physically-based deferred rendering pipeline: Gaussians are �rst rasterized to
generate per-pixel maps, after which the rendering equation is applied. Each
Gaussian is augmented with a set of material parameters �mat , which includes
albedo a 2 [0; 1]3, roughness r 2 [0; 1], and metallic m 2 [0; 1]. Per-pixel at-
tributes are aggregated via Gaussian rasterization:

NX

i=1


 i fc i ; di ; n i ; a i ; r i ; mi g; where 
i =
Ti � i

P N
k=1 Tk � k

; Ti =
i�1Y

j=1

(1 � � j ): (2)

Here, ci denotes the outgoing radiance, di represents depth, and ni is the normal
vector. Leveraging the resulting depth map, the 3D surface point x corresponding
to each pixel can be computed.
Physically-based rendering. To achieve photorealistic rendering, we employ
the complete rendering equation [23], which is the fundamental formulation sim-
ulating light transport in physically-based rendering (PBR):

L o(! o; x) =
Z



f (! o; ! i ; x)L i (! i ; x)(! i � n)d! i ; (3)

where Lo and L i denote outgoing and incident radiance at point x in direction ! o

and ! i , respectively. The integral is computed over the hemisphere 
 around the
surface normal n. The bidirectional re�ectance distribution function (BRDF) f
captures the material's light scattering behavior.

We further decompose incident light at the surface point x into direct and
indirect components:

L i (! i ; x) = V (! i ; x)L dir (! i ) + L ind (! i ; x); (4)

where Ldir represents distant illumination from an environment map, while vis-
ibility V and indirect light L ind are calculated using 2DGRT [11]. Note that
L ind is handled di�erently during reconstruction training and dynamic driving
stages: during training, it is obtained by alpha-blending outgoing radiance ci
from Gaussians; the relight stage methodology is detailed in Sec. 3.4.

Given the incident radiance, we estimate the Eq. 3 via importance sam-
pling [6]:

cpbr =
1

N r

N rX

i=1

f (! o; ! i ; x)L i (! i ; x)(! i � n)
q(! i )

; (5)

where Nr directions ! i are drawn from proposal distribution q with PDF q(! i ).
Training strategy. Accurate modeling of light-surface interactions through
geometry-aware ray tracing requires robust scene geometry. Precise disentan-
glement of geometry, illumination, and material is essential for �exible editing
of virtual assets. We jointly optimize pretrained Gaussians � and material pa-
rameters � mat while estimating illumination. To reduce computational cost, we
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selectively evaluate the Eq. 3 on a subset of pixels per view during training. The
loss function is de�ned as:

L = L c + � pbr
1 L pbr

1 + � light L light ; (6)

where Lc denotes the RGB reconstruction loss from 3DGS [24] for rendered
radiance C, Lpbr

1 represents the L1 loss between physically-based rendered results
and ground truth, and L light regularizes incident illumination to natural white
balance.

3.4 Dynamic Driving

Particle-driven deformation. Particle representations provide superior �ex-
ibility for modeling complex geometries. Conventional mesh extraction often
yields non-manifold, self-intersecting, or non-watertight meshes [43], complicat-
ing physical simulations. High-resolution meshing incurs signi�cant computa-
tional cost, while low-resolution alternatives lose geometric �delity. We therefore
employ particles for spatial discretization and leverage the MPM for simulation.

Speci�cally, we generate a particle cloud P by populating the interior of an
extracted mesh M and incorporating its vertices. This hybrid representation
supports subsequent mesh-based ray tracing and deformation-aware processing.
Physical simulation is performed, yielding a deformed particle set. We then com-
pute the deformation gradient Fi and updated center position �pi for each 2D
Gaussian via GMLS interpolation (detailed in Alg. 2). The deformation gradi-
ent F i is decomposed via polar decomposition into a rotation matrix �R i and a
scaling-shearing matrix �Si . We e�ciently apply �R i and �Si to each Gaussian as
follows:

p0
i = �pi ; R 0

i = �R i R i ; S0
i = diag( �� i ) � S i ; (7)

where
�� i =

�
j� 2( �Si )j 0

0 j� 1( �Si )j

�
:

Mesh-driven deformation. Mesh-based representations enable e�cient edit-
ing, sculpting, animation, and relighting operations. For each deformed triangle
f 0 = (v 0

a ; v0
b; v0

c ) in mesh M 0 and its corresponding face f = (va ; vb; vc ) in the
canonical mesh M, we compute a rotation matrix �R i , a shearing matrix �Si , and
face-based displacement, which are directly applied to the bound Gaussians.

�p = w a(v 0
a � v a) + w b(v 0

b � v b) + w c(v 0
c � v c);

�R i = w a
�R v0

a
+ w b

�R v0
b

+ w c
�R v0

c
;

�Si = w a
�Sv0

a
+ w b

�Sv0
b

+ w c
�Sv0

c
:

(8)

The Gaussian center is updated as p0i = p i + �p, while the rotation and scale
updates remain consistent with Eq. 7 and Eq. 8.
Rendering acceleration and optimization. During the dynamic driving
phase, the original radiance values ci are no longer valid due to changes in the



8 J. Li et al.

Algorithm 2 GMLS Interpolation
Input: Reference positions X i 2 R 3 , deformed positions x i 2 R 3 , deformation gra-
dients F i 2 R 3�3 , target points y j 2 R 3 , binding matrix B jk (maps target j to source
k), distance matrix D jk Output: Interpolated positions y interp

j 2 R 3 , interpolated
deformation gradients F interp

j 2 R 3�3

1: Initialize: y interp
j  0, F interp

j  I
2: for each batch J � f1; : : : ; N gg do
3: N j  fkjB jk = 1g; 8j 2 J
4: W j  exp(�D 2

jk =� 2); k 2 N j

5: � k  [1; X T
k ]T

6: A j  
P

k2N j
W k

j � k � T
k + �I

7: bj  
P

k2N j
W k

j � k x T
k

8: � j  A �1
j bj

9: y interp
j  �(0) T � j

10: F interp
j  

P
k2N j

W k
j � k Fk A �1

j �(0)
11: end for

illumination conditions from those in the static reconstruction stage. We need
to aggregate material attributes via Gaussian ray tracing and estimate incident
radiance. To address the computational bottleneck of ray tracing, we replace
2DGS-based tracing with mesh-based ray tracing in this stage. Material proper-
ties learned through physical-based parameter decoupling (detailed in Sec. 3.3)
are stored on a triangular mesh extracted via TSDF, enabling accelerated at-
tribute lookup at the �rst ray intersection.

To further improve ray sampling e�ciency, we employ multiple importance
sampling (MIS) [48], combining cosine-weighted, GGX, and environmental dis-
tributions to model di�use, specular, and environmental lighting, respectively.
The Monte Carlo estimator with the balance heuristic is de�ned as:

nX

i=1

1
ni

n iX

j=1

wi (X i;j )
g(X i;j )
pi (X i;j )

; wi (x) =
ni pi (x)

P
k nk pk (x)

: (9)

To mitigate inherent Monte Carlo noise, we incorporate a cross-bilateral �lter
based on spatiotemporal variance-guided �ltering (SVGF) [42], which preserves
geometric edges through depth- and normal-aware weighting.

4 Experiment

4.1 Experiment Setup

Datasets and metrics. To evaluate the proposed method, we conducted ex-
periments on the widely-used GlossySynthetic dataset [31], TensoIR dataset [22]
and character models from Sketchfab and Mixamo (including Vegeta, Mutant,
NotEnrique). For quantitative assessment of static reconstruction and relighting
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quality, we employed three metrics: PSNR, SSIM [50], and LPIPS [59]. Since
ground truth images are unavailable after deformation, quantitative evaluation
is infeasible. We therefore conduct a user study with three perceptual criteria: (i)
Physical plausibility (PP), assessing whether light transport appears physically
realistic; (ii) Temporal coherence (TC), assessing �ickering and temporal insta-
bility in dynamic sequences; and (iii) Deformation consistency (DC), assessing
whether local appearance details remain consistent before and after deformation.
We invite 30 participants to rate each criterion on a 0-5 scale and report the
mean scores. The corresponding videos are provided in the project page.
Baselines. We extensively compare with dynamic Gaussian splatting baselines
(PhysGaussian [53], GSP [7], SuGaR [13], Mani-GS [10], GaussianMesh [9])
and physics-based relightable reconstruction methods (GSP [7], IRGS [11], Ref-
Gaussian [56], GS-ROR2 [64]). Notably, GSP serves as our primary baseline for
simultaneously supporting deformation and relighting. For fair comparison, all
methods are implemented using identical input data.
Implementation details. We �rst strictly adhere to the original con�guration
of Ref-Gaussian [56] for pre-training, followed by an extended �ne-tuning phase
of 20,000 iterations. For MIS, 512 rays are sampled during reconstruction (256
cosine-weighted, 128 GGX, and 128 light samples), while the number is reduced
to 32 rays (16 cosine-weighted, 8 GGX, and 8 light samples) for dynamic driving
and relighting stage. Environment maps are set to a resolution of 128�256.

4.2 Evaluations and Comparisons

Qualitative comparison. Rendering results under geometric deformation are
shown in Fig. 3. PhysGaussian bakes environment re�ections into static tex-
tures, causing severe artifacts on Angel under motion, while GSP's inaccurate
surface reconstruction fails on glossy objects. In contrast, DR-GS preserves crisp,
consistent metallic appearance even under large deformations.

As further shown in Fig. 4 and Fig. 6, GSP su�ers from surface irregularities
and holes that are ampli�ed by deformation, leading to catastrophic relighting.
DR-GS instead reconstructs smooth surfaces and remains physically plausible
under joint deformation and illumination changes.

Under novel illumination (Fig. 7), Ref-Gaussian produces mottled relighting
due to insu�cient material�lighting disentanglement, whereas DR-GS stays spa-
tially coherent. IRGS yields implausibly dim glossy relighting (Fig. 5) due to
missing importance sampling and metallic modeling.

Quantitative comparison. Table 1 and Table 2 summarize quantitative re-
sults on the GlossySynthetic dataset, where darker red indicates better perfor-
mance. Table 1 compares per-scene static reconstruction quality across dynamic
methods, while Table 2 evaluates relighting quality and additionally reports ef-
�ciency in terms of training time and rendering speed. Overall, our method
achieves the best or competitive reconstruction and relighting performance across
most scenes, while maintaining favorable computational e�ciency.
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Due to the lack of ground-truth after dynamic deformation, we evaluate visual
quality via a user study (Table 3). Our method achieves the highest ratings across
all metrics, and remains superior under relighting. GSP degrades noticeably
after relighting, while PhysGaussian does not support relighting and is therefore
marked as N/A.

Fig. 3: Qualitative comparisons on deformed re�ective scenes. Compared with
PhysGaussian [53] and GSP [7], DR-GS yields the clearest, most physically plausible
glossy re�ections under large deformations.

Fig. 4: Qualitative comparison of illumination decomposition and recon-
struction. Compared with GSP, DR-GS better decouples environment lighting and
yields clearer, more photorealistic novel-view renderings.

4.3 Ablations

Parameter editing. DR-GS's fully decoupled parameters enable �exible post-
reconstruction editing of digital assets. Fig. 8 and Fig. 9 showcase edits for
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