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Abstract

3D Gaussian splatting (3DGS) has emerged as a promising
approach for high-fidelity 3D scene representation. However,
relighting and composition of Gaussian splatting remain
challenging because path tracing is not directly applicable.
Existing relighting methods for Gaussian splatting typically
adopt either approximate rendering formulations or rely on
Gaussian ray tracing, yielding low relighting performance
and low rendering efficiency. To address these limitations,
we propose Gaussian hybrid path tracing (GHPT), a three-
stage framework to acquire relightable Gaussian splatting
models. The first stage utilizes planar-based Gaussian splat-
ting reconstruction representation (PGSR) to enable multi-
view consistent depth rendering and reconstruct the surface
mesh of a scene. The second stage performs physically-based
differentiable rendering on the obtained mesh to reconstruct
the material maps and the environment map. The third stage
utilizes factorized inverse path tracing (FIPT) on the G-
buffer rendered by the PGSR, and visibility and indirect illu-
mination are evaluated by hardware-accelerated ray tracing
on the mesh with the material maps and the environment map
reconstructed in the second stage. Experiments demonstrate
that the relighting performance of GHPT outperforms the
baselines, and our method can perform real-time relighting
and composition of Gaussian splatting.

1. Introduction
In recent years, explicit volumetric radiance fields, such
as 3D Gaussian splatting (3DGS) [20] have gained signifi-
cant attention in the computer vision and computer graphics
communities. However, as a novel view synthesis method,
3DGS cannot be used as an asset to build a complex scene
as conventional mesh models because it cannot be relit, and
inter-object effects such as shadows and interreflections can-
not be simulated, which limits its applications in many fields
such as AR/VR. Relighting and composition of Gaussian
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Figure 1. Real-time Gaussian splatting relighting and composition
under the CITY environment map. 113 fps at 1920×1080, NVIDIA
GeForce RTX 4080.

splatting is challenging because conventional photorealis-
tic rendering techniques such as Monte Carlo path tracing
cannot be directly employed on it. Although many attempts
have been made to relight and composite Gaussian splatting,
most of them leverage simplified rendering formulations
such as split-sum approximation, ambient occlusion, and ap-
proximate indirect global illumination [8, 10, 22], resulting
in reduced realism. Other methods that model the full global
illumination rely on Gaussian ray tracing [12, 13, 35], which
leads to low rendering efficiency.

In this work, we present Gaussian hybrid path tracing
(GHPT) to acquire relightable Gaussian splatting. Hybrid
path tracing, which shoots rays from the rasterized G-buffer
instead of the cameras, is widely used in many real-time
renderers and game engines. Inspired by hybrid path tracing,
we propose a hybrid rendering model based on the G-buffer
rendered by PGSR, which is a modified GS model that can
render multi-view consistent depth. We perform path tracing
on the G-buffer, and evaluate visibility and indirect illu-
mination using the underlying meshes generated by PGSR
and physically-based differentiable rendering, which can
leverage hardware-accelerated ray tracing of modern GPUs.
During training, FIPT is utilized to make the optimization of
material properties more efficient and stable. Experimental
results demonstrate that our method has best relighting per-
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formance among the inverse rendering baselines based on
GS, and can acquire Gaussian splatting models that support
real-time relighting and scene composition.

The main contributions of this work are listed below:
• A hybrid physically-based rendering model based on de-

ferred shading on the G-buffer generated by Gaussian
splatting and path tracing on the underlying mesh to evalu-
ate visibility and indirect illumination.

• A three-stage inverse rendering framework that acquires
geometries and environment maps before material decom-
position, which enables utilization of FIPT to improve
training efficiency.

• A real-time renderer based on Vulkan that supports relight-
ing and composition of GS models.

2. Related Work

2.1. Novel View Synthesis
The task of novel view synthesis aims to leverage a set of
images captured from known viewpoints to generate photore-
alistic images from arbitrary, previously unseen viewpoints.
NeRF [25] represents a scene as a continuous volumetric
radiance field, which is parameterized and optimized by a
neural network (MLP), thereby enabling the synthesis of
photorealistic images. Subsequent research in novel view
synthesis has predominantly focused on accelerating ren-
dering [27, 30], enhancing image quality [2, 3], integrating
explicit structural representations [27]. 3DGS [20] decom-
poses a scene into a large number of Gaussian primitives,
which provides novel avenues for research across multiple
domains, including geometry reconstruction [7, 15, 40], in-
verse rendering [8, 10, 13, 22, 35], and robotic perception
and navigation. However, 3DGS relies on rasterization to
project Gaussian primitives into screen space, which impedes
accurate simulation of lighting effects based on ray tracing,
such as soft shadows and indirect illumination. To overcome
these limitations, 3DGRT [26] replaces rasterization with
ray tracing, builds a bounding volume hierarchy (BVH), and
leverages ray–triangle intersections to efficiently compute
the accumulated radiance of primitives, but the rendering
speed is significantly reduced.

2.2. Inverse Rendering
The aim of inverse rendering is to infer scene geometry,
material properties, and scene illumination from images.
Inverse rendering is extremely challenging due to the high-
dimensional nonlinear interactions between light and sur-
faces and the interdependence of the decomposed material
properties. Controlled-illumination [4, 5, 11, 24, 29, 41]
approaches simplify the problem under restrictive lighting
setups. Due to that physically-based differentiable rendering
[16, 21, 23, 42] can faithfully model global illumination via
path tracing for differentiable light transport, many inverse

rendering methods based on explicit geometry representa-
tions are proposed [9, 14, 28, 34, 38, 43]. More recently,
neural implicit-field methods [17, 34, 44, 45] leverage NeRF-
style ray marching with learnable material and lighting pa-
rameters represented by spherical harmonics, spherical Gaus-
sians, or environment maps for end-to-end optimization, but
suffer from limited expressiveness and high ray-marching
costs. To accelerate rendering, Gaussian splatting has been
adapted for inverse rendering, which can be classified into
forward and deferred rendering methods. Forward render-
ing methods [12, 35] shade Gaussians individually and then
blend the shading results via alpha-blending, and deferred
rendering methods [8, 10, 13, 22] rasterize G-buffer and then
employ the rendering formulation based on the split-sum ap-
proximation or Gaussian ray tracing [26] on the G-buffer.
Our method is a deferred rendering method maintaining both
quality and efficiency because we perform hybrid path trac-
ing on the G-buffer with the underlying meshes to render
shadows and indirect illumination.

3. Preliminary
3D Gaussian Splatting 3DGS represents a scene explicitly
as a set of Gaussian distributions Gi, each approximating a
local neighborhood around points in a 3D point cloud. Each
Gaussian distribution is defined as:

Gi(x | µi,Σi) = exp
(
− 1

2 (x− µi)
⊤Σ−1

i (x− µi)
)
,

(1)
where µi ∈ R3 denotes the center coordinates of point
pi ∈ P and Σi ∈ R3×3 is its covariance matrix. The
covariance matrix Σi is factorized as:

Σi = RiSiS
⊤
i R⊤

i , (2)

where Si = {sx, sy, sz} represents the scaling factors and
Ri is a rotation matrix constructed from a unit quaternion
q. 3DGS facilitates fast alpha-bending for rendering. Given
a transformation matrix W and an intrinsic matrix K, the
Gaussian parameters transform from world to camera coor-
dinates and project onto the 2D image plane as follows:

µ′
i = KW [µi, 1]

⊤, Σ′
i = JWΣiW

⊤J⊤, (3)

where J is the Jacobian matrix of the perspective projection
approximation. Pixel color C ∈ R3 is obtained through
alpha-blending:

C =
∑
i∈N

Tiαici, Ti =

i−1∏
j=1

(1− αj), (4)

where αi is derived from evaluating Gi(u | µ′
i,Σ

′
i) scaled

by a learned opacity value. The color ci ∈ R3 at Gaus-
sian Gi depends on the viewing direction and is encoded
by spherical harmonics (SH), The cumulative opacity Ti
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accounts for occlusion among Gaussians along a viewing
ray. The Gaussian primitive center µi projects into camera
coordinates as:

[xi, yi, zi,1]
⊤ = W [µi, 1]

⊤. (5)

4. Method
4.1. Overview
Figure 2 outlines our proposed GS-based inverse rendering
pipeline, which employs hybrid path tracing to evaluate both
direct and indirect illumination. We employ a three-stage
process: initially, we use PGSR to reconstruct mesh models
from multi-view images. In the second stage, we leverage
physically-based differentiable rendering to produce mate-
rial maps for the mesh models and the environment maps,
thereby providing the prerequisites for visibility and indirect
illumination computation for FIPT. In the third stage, we
employ FIPT on the G-buffer rendered by PGSR to generate
pre-baked shadings and integrate this with GS-based inverse
rendering to recover material properties for each Gaussian.

4.2. Multi-View Consistent Depth Rendering
The main purpose of this stage is to obtain multi-view con-
sistent depth maps and the corresponding mesh model for
the second and third stages.

Planar-Based Gaussian Splatting for Surface Reconstruc-
tion To achieve multi-view geometric consistency, we
leverage PGSR [7], which compresses 3D Gaussians into 2D
planar representations, and render plane distance and normal
maps to obtain unbiased depth maps.

In PGSR, the normal map under the current viewpoint is
obtained through alpha-blending:

n =
∑
i∈N

TiαiR
⊤
c ni, (6)

where Rc is the rotation from the camera to the global world.
The distance from the plane to the camera center can be
expressed as:

di =
(
R⊤

c (µi − Tc)
)⊤

(R⊤
c ni), (7)

where Tc is the camera center in the world. µi is the center
of Gaussian Gi. The final distance map under the current
viewpoint is obtained through alpha-blending:

D =
∑
i∈N

Tiαidi. (8)

After obtaining the distance and normal of the plane through
alpha-blending, the depth map can be acquired by intersect-
ing rays with the plane:

D(p) =
D

n(p)K−1p̃
, (9)

where p = [u, v]T denotes the 2D position on the image
plane, p̃ is the homogeneous coordinate of p, and K is the
intrinsic matrix of the camera.

Unlike other methods that render the depth map based
on alpha-blending of the depth of Gaussians, which intro-
duces inconsistency with the flat Gaussian shape and causes
geometric conflicts, PGSR renders the normal and distance
maps of the plane first and then converts them into the depth
map, which ensures that the depth lies on the Gaussian flat
plane. PGSR also introduces single-view geometric, multi-
view photometric, and geometric consistency loss to ensure
global geometry consistency.

Additionally, we incorporate a pretrained monocular
surface-normal prior from StableNormal [39] as an addi-
tional supervision to counteract the influence of specular
reflections. Concretely, we define a normal consistency loss:

Lnormal =
∑

(1− nrender · nmono), (10)

where nmono is the normal predicted by StableNormal and
nrender is the corresponding rendered normal in PGSR via
alpha-blending. Minimizing Lnormal aligns the rendered
normals with the monocular normal prior. Additionally, we
introduce a binary cross-entropy loss [37] as other methods
[12, 13] do to explicitly constrain the geometric structure:

Lmask = −M logO − (1−M) log(1−O), (11)

whereM denotes the object mask and O denotes the accu-
mulated opacity.

4.3. Physically-Based Differentiable Rendering

The goal of this stage is to combine the mesh model obtained
from the first stage with multi-view images to obtain a mesh
model with material maps and an environment map.

The outgoing radiance at the surface point x can be evalu-
ated by the rendering equation [18], which is an integral over
the upper hemisphere Ω+ if we ignore the emission term:

Lo(x,ωo) =

∫
Ω+

Li(x,ωi)fr(x,ωi,ωo)(n · ωi)dωi,

(12)
where Lo(x,ωo) denotes the outgoing radiance at x from
direction ωo, Li(x,ωi) denotes the incident radiance ar-
riving from direction ωi, fr(x,ωi,ωo) is the bidirectional
reflectance distribution function (BRDF) at x from ωi to ωo,
and n is the surface normal at x. Path tracing can be used
to solve the rendering equation, in which the hemisphere
integral in Eq. (12) is approximated by drawing N sam-
ples {ωi} from a particular distribution with the probability
density function (PDF) p(ωi). If we assume the scene is
illuminated by an environment map with incident radiance
Lenv
i (ωi), we can divide the outgoing radiance Lo(x,ωo)
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Figure 2. Our three-stage GS-based inverse rendering pipeline using hybrid path tracing. In the first stage, the scene geometry is reconstructed
from multi-view images through planar-based Gaussians guided by normal priors. The second stage employs physically-based differentiable
rendering to recover material properties of the mesh and the environment map. In the final stage, we use FIPT to recover material property of
each Gaussian and take into account visibility and indirect illumination by ray tracing the underlying mesh.

into direct and indirect components, where the direct com-
ponent Ldirect

o (x,ωo) can be estimated by

Ldirect
o (x,ωo) =

∫
Ω+

Lenv
i (ωi)fr(x,ωi,ωo)(n · ωi)dωi

≈ 1

N

N∑
k=1

Lenv
i (ωk

i )fr(x,ω
k
i ,ωo)(n · ωk

i )

p(ωk
i )

,

(13)

and the indirect component Lind
o (x,ωo) can be estimated by

tracing rays recursively as:

Lind
o (x,ωo) =

∫
Ω+

Lind
i (x,ωi) fr(x,ωi,ωo) (n · ωi) dωi

≈ 1

N

N∑
k=1

Lind
i (x,ωk

i ) fr(x,ω
k
i ,ωo) (n · ωk

i )

p(ωk
i )

.

(14)

Our physically-based differentiable renderer has two
passes for each Monte Carlo sample. The first pass is not
differentiable, in which we obtain the primary hit, the visi-
bility of samples to the environment map, and the indirect
outgoing radiance, and store them for the second pass. In the
second pass, we use the visibility, the environment map, and
the BRDF at the primary hit to evaluate the direct radiance
and then add the indirect radiance to acquire the final radi-
ance. After the contributions of all samples are accumulated,
we compute the per-pixel L1 loss between the final radiance
and the corresponding value in the target image to optimize

the BRDF and the environment map through backward prop-
agation of the gradients. Additionally, we leverage next
event estimation (NEE) to directly sample the environment
map based on an alias table, and combine BRDF importance
sampling and environment map importance sampling using
multiple importance sampling (MIS) with the balance heuris-
tic [36]. Please refer to the supplementary document for
more details.

4.4. Factorized Inverse Path Tracing on Gaussian
Splatting

The aim of this stage is to decompose the material properties
of a scene represented by Gaussians based on the environ-
ment map and the mesh with material maps optimized by
the previous stages. The textured mesh is used to evaluate
visibility and indirect illumination. As previous methods do,
we assign each Gaussian diffuse additional material prop-
erties: albedo a and roughness r, and the predicted albedo
mapA and roughness mapR can be obtained through alpha-
blending:

{A,R} =
∑
i∈N

Tiαi{ai, ri}. (15)

Since the environment map remains unchanged and we
have the mesh with material maps, we can adopt FIPT [38]
to improve the training efficiency. FIPT factorizes the light
transport integral by pre-baking diffuse and specular shading
maps, thereby separating the material properties out from
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the rendering integral. In FIPT, we can rewrite Eq. (12) as:

Lo(x,ωo) = kdLd(x) + ksL
0
s (x,ωo, r) + L1

s (x,ωo, r),
(16)

Ld(x) =

∫
Ω+

Li(x,ωi)
n · ωi

π
dωi,

L0
s (x,ωo, σ) =

∫
Ω+

Li(x,ωi)
F0DG

4(n · ωo)
dωi,

L1
s (x,ωo, σ) =

∫
Ω+

Li(x,ωi)
F1DG

4(n · ωo)
dωi,

(17)

where kd = a and ks = 0.04 are the diffuse and specular re-
flectances, r denotes the roughness, Ld is the diffuse shading,
and L0

s and L1
s are the specular shadings corresponding to

the two Fresnel components F0 = 1−(1−h·ωi)
5 and F1 =

(1− h · ωi)
5. The specular shadings can be further approxi-

mated by linearly interpolating the shadings pre-computed at
various roughness levels L∗

s (·, r) ≈ lerp({L∗
s (·, ri)}6i=1, r),

where {ri}6i=1 is uniformly sampled between (0, 1). With
the factorization, kd, ks, and r are all separated out of the in-
tegral, and the shadings Ld, L0

s , and L1
s can be precomputed

for each view with a large number of samples per pixel (spp)
for variance reduction, and then be queried during training
to accelerate the training process.

Although PGSR can ensure multi-view geometric con-
sistency, the surface of the reconstructed mesh still slightly
differs from the rendered G-buffer, which may cause self-
intersection in hybrid ray tracing. To alleviate this issue, we
ignore the intersections with a hit distance less than a small
threshold (we use 0.1 in the experiments) and on the back
face. Please refer to the supplementary document for more
details.

After generating the diffuse and specular shadings, we
conduct material decomposition for the Gaussians to disen-
tangle reflectance from shading.

Loss Function We employ the following loss function to
optimize the albedo and roughness of each Gaussian:

L = Lshade + λaLs,a + λrLs,r, (18)

where Lshade denotes the L1 loss between the target image
and the rendered image obtained using FIPT with the pre-
dicted current albedo and roughness maps. Ls,a and Ls,r

are the edge-aware smoothness losses of predicted albedo
and roughness maps to regularize them. Taking the albedo
map as an example, we define the smoothness loss of the
predicted albedo map as:

Ls,a = ∥∇A∥ exp(−∥∇Igt∥), (19)

where A and R are computed by Eq. (15), and Igt is the
target image.

5. Experiments
5.1. Datasets and Metrics
The performance of our method is validated by two datasets:
SYNTHETIC4RELIGHT [45] and TENSOIR SYNTHETIC
[17]. For quantitative comparisons, we adhere to prior work
and utilize a suite of evaluation metrics to assess our method.
Specifically, we employ PSNR, SSIM, and LPIPS metrics to
quantitatively evaluate image quality across novel view syn-
thesis, albedo, and relighting. In the real-time relighting and
composition experiments, we use GARDEN, KITCHEN, and
ROOM from the MIP-NERF 360 dataset [2] as the scenes,
and the trained models from SYNTHETIC4RELIGHT [45]
and TENSOIR SYNTHETIC datasets are inserted into the
three scenes.

5.2. Training
We use a computer equipped with an Intel Core i7-13700K
CPU with 32 GB RAM and an NVIDIA GeForce RTX 4080
GPU in our experiments.

PGSR Training and Mesh Reconstruction During PGSR
training, we set the weight of the normal prior loss Lnormal

to 0.15 and the weight of the binary cross-entropy loss LO

to 0.05. Then we reconstruct the surface meshes with a
voxel size of 0.002 for the scenes in SYNTHETIC4RELIGHT
[45] and TENSOIR SYNTHETIC [17] datasets, and 0.01 for
the scenes in MIP-NERF 360 dataset. The reconstructed
meshes are decimated to 500 k triangles using quadric error
metrics. UV atlases of the meshes are generated by Blender
[6] because UV coordinates are required by the differentiable
renderer in the second stage to optimize the material maps.

Physically-Based Differentiable Rendering In this stage,
we implement the physically-based differentiable renderer
using SlangPy [19] because it supports hardware-accelerated
ray tracing via D3D12/Vulkan and automatic differentiation
via SLANG.D [1]. We optimize the material maps and the
environment map of a scene. We utilize 256 spp, where
128 samples are for BRDF sampling and the other 128 sam-
ples are for environment map sampling. The resolutions of
the albedo map, the roughness map, and the environment
map are set to 4090×4096, 2048×2048, and 512×256, re-
spectively. We set the initial values of the albedo map, the
roughness map, and the environment map to 0, 0.8, and 0.5,
respectively. We divide the training process into two phases,
where the first phase is mainly for the environment map and
the second one is for the material maps. The first phase
takes 5000 iterations, and the Adam optimizer with an initial
learning rate of 0.1 is applied for the material maps, and
the initial learning rate for the environment map is set to
0.005. As NVDIFFREC [28] and NVDIFFRECMC [14] do, the
gradients of the material parameters are divided by 8 at each
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iteration. We find that the above training process tends to
bake the lighting in the albedo map instead of obtaining a
high-contrast environment map. To better disentangle mate-
rial and lighting, we enhance the contrast of the optimized
environment map by raising it to the power of 1.35. In the
second phase, we keep the environment map unchanged,
reset the roughness map to the initial value, and continue
to train the material maps for 1000 iterations. The initial
learning rate of the material maps is set to 0.005.

FIPT on Gaussian Splatting We also use SlangPy to bake
the diffuse and specular shadings, and we use PyTorch to
perform material decomposition in this stage. We use 256
spp in training because FIPT only needs to generate diffuse
and specular shadings once before iterative optimization.
During inference, 256 spp are used, and spatial denoising is
applied to the rendering results to further reduce the noise,
and the window size of the edge-aware spatial filter is set to
9. The initial values of the albedo and the roughness are set
to 0.5 and 0.8, respectively. The learning rate of albedo and
roughness is set to 0.01, and the training iterations are set to
5000, and we set λs,a and λs,r in Eq. (18) to 0.025 and 0.05,
respectively.

For SYNTHETIC4RELIGHT and TENSOIR SYNTHETIC
datasets, the training process takes ∼40 minutes for geome-
try reconstruction, ∼15 minutes for physically-based differ-
entiable rendering, and ∼5 minutes for FIPT on Gaussian
splatting. For the MIP-NERF 360 dataset, the training pro-
cess takes ∼2 hours, 40∼100 minutes depending on the
scene complexity, and 10∼30 minutes for the three stages.

5.3. Comparison
We report error metrics and compare them to the NeRF/GS-
based inverse rendering baselines. To deal with the inherent
ambiguity between the albedo and the environment map,
we follow the prior work [8, 13, 22, 35] to scale each RGB
channel of the albedo map by a global scalar based on the
ground truth. We use the official codes of R3DG [12] and
IRGS [13] to generate the results. The quantitative compar-
ison in Tab. 2 demonstrates that our method has the best
relighting performance on SYNTHETIC4RELIGHT dataset,
and also outperforms all baselines on TENSOIR SYNTHETIC
dataset in terms of PSNR. Additionally, the SSIM scores of
relighting are also comparable to the best. The PSNR scores
of novel view synthesis on SYNTHETIC4RELIGHT dataset
and albedo on TENSOIR SYNTHETIC dataset are also the
best. We also provide the qualitative comparisons on the two
datasets in Fig. 3 and Fig. 4. Please see the supplementary
document for more qualitative comparisons.

5.4. Real-Time Relighting and Composition
To use the trained GS models for relighting and scene com-
position, we implement GHPT in a real-time renderer using
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Figure 3. Qualitative comparison of relighting results under differ-
ent environment maps on SYNTHETIC4RELIGHT dataset.
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Figure 4. Qualitative comparison of relighting results under differ-
ent environment maps on TENSOIR SYNTHETIC dataset.

the Vulkan Graphics API with the ray query extension to
support hardware-accelerated ray tracing.

G-Buffer Rendering We render the normal map and the
depth map as the G-buffer using the tile-based software
rasterizer instead of the graphics pipeline because normals
and distances are required to be alpha-blended in PGSR,
which requires high GPU memory bandwidth and is time-
consuming for the graphics pipeline. We use the Chained
Scan Decoupled Lookback Decoupled Fallback [33] and the
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Table 1. Quantitative comparison on SYNTHETIC4RELIGHT dataset.

Novel View Synthesis Albedo Relighting

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
NeRFactor [44] 22.80 0.916 0.150 19.49 0.864 0.206 21.54 0.875 0.171
InvRender [45] 30.74 0.953 0.086 28.28 0.935 0.072 28.67 0.950 0.091
TensorIR [17] 35.80 0.978 0.049 29.69 0.951 0.079 30.58 0.946 0.065
GS-IR [22] 33.95 0.965 0.057 19.48 0.896 0.117 25.40 0.924 0.083
R3DG [12] 36.06 0.980 0.031 28.67 0.953 0.063 32.89 0.968 0.051
GI-GS [8] 35.42 0.973 0.042 24.68 0.931 0.085 27.36 0.945 0.070
IRGS [13] 35.66 0.970 0.050 33.07 0.953 0.060 34.76 0.963 0.055
Ours 37.11 0.976 0.037 32.20 0.950 0.074 35.87 0.971 0.045

Table 2. Quantitative comparison on TENSOIR SYNTHETIC dataset.

Novel View Synthesis Albedo Relighting

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
NeRFactor [44] 24.68 0.922 0.121 25.13 0.940 0.109 23.38 0.908 0.131
InvRender [45] 27.37 0.934 0.089 27.34 0.933 0.101 23.97 0.901 0.101
TensorIR [17] 35.09 0.976 0.041 29.28 0.950 0.085 28.83 0.950 0.077
GS-IR [22] 35.02 0.964 0.043 32.25 0.943 0.085 24.69 0.886 0.099
R3DG [12] 33.15 0.960 0.040 28.55 0.922 0.087 27.60 0.921 0.081
GI-GS [8] 36.75 0.973 0.037 31.97 0.941 0.086 24.70 0.886 0.106
IRGS [13] 35.58 0.965 0.048 33.40 0.954 0.076 30.63 0.935 0.075
SVG-IR [35] 36.71 0.975 0.033 30.34 0.951 0.074 31.10 0.946 0.056
Ours 35.57 0.967 0.038 33.67 0.938 0.088 32.46 0.948 0.057

Device Radix Sort algorithms developed by Smith [31, 32]
to perform inclusive sum and radix sort.

Hybrid Path Tracing To achieve real-time performance,
we use only 2 spp in hybrid path tracing, where one sample
is for BRDF sampling and the other for environment map
sampling. In addition to spatial filtering, temporal accumula-
tion with a history length of 20 is applied to further reduce
the noise. The rendering resolution is 1920×1080.

Figure 5 gives the rendering results without path tracing,
with our hybrid path tracing, and the results of our method
relit by two environment maps, BRIDGE and FIREPLACE.
Since the rendering results without path tracing do not take
into account visibility and indirect illumination, shadows
and interreflections cannot be rendered, which leads to low
realism. Our method can simulate a full global illumina-
tion solution and capture all inter-object effects, such as soft
shadows, specular shadows, color bleeding, and glossy in-
terreflections, which significantly enhances the realism of
scene composition.

The timing breakdown of our real-time relighting and
composition in these scenes is provided in Tab. 3. All timings

Table 3. Timing breakdown in ms of the real-time relighting and
composition

GARDEN KITCHEN ROOM

G-buffer rendering 3.51 3.03 3.35
Hybrid path tracing 2.70 2.54 4.65

Denoising 1.74 1.75 1.75
Total 7.95 7.32 9.75

are averaged over 100 frames. From the timings, we can
see that the ROOM scene takes more time in path tracing
than other scenes because the environment map is partially
blocked by the walls, which increases the path length in path
tracing. Please see the supplementary video for live demos.

5.5. Ablation Study
We conduct ablation studies on SYNTHETIC4RELIGHT and
TENSOIR SYNTHETIC datasets to investigate the influences
of different components of our method on the relighting
performance. The PSNR, SSIM, and LPIPS are reported in
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Figure 5. Real-time relighting and composition results in the GARDEN, KITCHEN, and ROOM scenes. From left to right: results without
path tracing, results of our method, and results of our method relit by two environment maps, BRIDGE and FIREPLACE. Our method can
produce more realistic results due to the presence of shadows and indirect illumination.

Table 4. Ablation studies on SYNTHETIC4RELIGHT and TENSOIR
SYNTHETIC datasets on the relighting performance.

SYNTHETIC4RELIGHT [45] TENSOIR SYNTHETIC [17]
PSNR ↑ SSIM ↑ LPIPS ↓ PSNR ↑ SSIM ↑ LPIPS ↓

Underlying mesh 34.83 0.964 0.044 31.81 0.940 0.062
w/o denoising 35.46 0.952 0.062 32.06 0.929 0.084
16 spp (relight) 34.87 0.954 0.066 31.69 0.931 0.080
64 spp (relight) 35.71 0.968 0.047 32.22 0.944 0.065
w/o indirect 34.68 0.968 0.047 32.28 0.947 0.058
Full 35.87 0.971 0.045 32.46 0.948 0.057

Tab. 4 and the qualitative comparisons are shown in Fig. 6,
and we also give the predicted albedo maps A without and
with indirect illumination during training in the third stage.
We can see that the proposed GHPT can improve the re-
lighting performance compared to the underlying meshes
produced by the second stage, and the rendering results with-
out spatial denoising and the results of 16 and 64 spp are
noisier than those of 256 spp. Additionally, training without
indirect illumination leads to overbrightening on the albedo
in the concave region, and training and rendering both with-
out indirect illumination results in overdarkening.

6. Conclusion

In this work, we introduce GHPT, a physically-based inverse
rendering pipeline to create real-time relightable GS models.
First, we generate multi-view consistent depth maps and
reconstruct the surface mesh of the 3D scene using PGSR.
Then physically-based differentiable rendering is performed

Mesh w/o denoising 16 spp 64 spp

A w/o indirect A w/o indirect Full
Figure 6. Ablation studies on different components of our method.

on the mesh to obtain the textures that store material param-
eters and environment maps. Finally, FIPT is performed
on the rasterized G-buffer, and visibility and indirect illumi-
nation are computed using the textured mesh in the previ-
ous stage, which leverages hardware-accelerated ray tracing
to improve the rendering efficiency. Experimental results
demonstrate that the relighting performance of our method
outperforms all baselines, and our method can relight and
composite Gaussian splatting in real-time. In the future, we
will improve the accuracy of geometry reconstruction and
material decomposition to achieve better inverse rendering
and relighting performance.
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