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Figure 1. Overview: (a) Our inverse rendering pipeline recovers geometry and material properties from 3D captures, visualized through
normal (iii) and roughness (iv) maps. The decomposition enables various editing capabilities: object insertion, material editing, and
relighting. Our screen-space ray tracing technique ensures physically plausible reflections (visualized through corresponding point pairs).

Abstract

3D Gaussian Splatting shows great potential in reconstruct-
ing photo-realistic 3D scenes. However, these methods typ-
ically bake illumination into their representations, limiting
their use for physically-based rendering and scene editing.
Although recent inverse rendering approaches aim to de-
compose scenes into material and lighting components, they
often rely on simplifying assumptions that fail when editing.
We present a novel approach that enables efficient global
illumination for 3D Gaussians Splatting through screen-
space ray tracing. Our key insight is that a substantial
amount of indirect light can be traced back to surfaces vis-
ible within the current view frustum. Leveraging this ob-
servation, we augment the direct shading computed by 3D
Gaussians with Monte-Carlo screen-space ray-tracing to
capture one-bounce indirect illumination. In this way, our
method enables realistic global illumination without sacri-
ficing the computational efficiency and editability benefits
of 3D Gaussians. Through experiments, we show that the
screen-space approximation we utilize allows for indirect
illumination and supports real-time rendering and editing.
Project page: https://wuzirui.github.io/gs-ssr.

1. Introduction

Creating digital replicas of the physical world that support
realistic simulations is a fundamental challenge in 3D com-
puter vision and graphics. Physically-based rendering en-
gines like Blender [12] enable the creation of virtual en-
vironments that adhere to real-world physics, allowing us
to edit and simulate scenarios as if they truly existed in
the physical world. For instance, autonomous driving re-
searchers may need to insert cars into reconstructed scenes
or modify lighting conditions (as in Fig. 1-b) to test their
perception algorithms. With recent advances in neural ren-
dering, especially Neural Radiance Fields [3, 31, 33, 60]
and 3D Gaussian Splattings [5, 18, 47, 50, 51], we can now
reconstruct the 3D world and render photorealistic images
using the reconstructed model.

Among these advances, Gaussian Splatting is particu-
larly promising for simulation environments, thanks to its
discrete nature and efficient rendering capabilities. Repre-
senting scenes as individual Gaussian primitives naturally
facilitates local editing operations, and its rasterization-
based pipeline enables real-time performance. However,
current methods primarily focus on reconstruction, where
illumination and material properties are baked into their
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representation. This results in poor view extrapolation and,
crucially for simulation purposes, the inability to edit ma-
terial properties, scene geometry, and lighting conditions
while maintaining physically plausible results (Fig. 1-b).

Recent inverse rendering techniques attempt to address
these limitations by recovering explicit material and light-
ing properties [2, 26]. These methods combine physically
based rendering theory with Gaussian Splats [19, 44, 56].
However, most existing works [19, 44] only consider direct
illumination - light arriving directly from sources like the
sun or lamps. They typically approximate this using envi-
ronment maps that assume all light originates from an infi-
nite distance. This simplification breaks down in real-world
scenes where indirect illumination - light bouncing between
surfaces before reaching our eyes - plays a crucial role. As
shown in Fig. 1-(ii), these indirect effects are ubiquitous,
from reflections of billboards on the ground to subtle color
bleeding between walls. Without modeling these complex
light interactions, current approaches struggle to achieve re-
alistic rendering results in such environments.

Incorporating global illumination effects into Gaussian
Splatting is desirable but presents certain technical consid-
erations. While Gaussian Splatting produces photorealistic
results efficiently [5], its rasterization-based approach dif-
fers from ray tracing methods - instead of actively explor-
ing points in 3D space, it passively receives points that are
projected onto the canvas, making it challenging to track
reflection paths and compute indirect illumination.

Previous works have attempted to address these chal-
lenges through various simplifying assumptions, but this
often comes at the cost of real-time editability. For in-
stance, GaussianShader [19] operates under an object-
centric model, using a global environment map to represent
all incident lights. While some studies [14, 16, 56] tackle
global illumination by pre-computing light-surface interac-
tions into specific data structures, such as volumetric grids
of indirect lights, these precomputed resources become in-
valid after any scene edits. This necessitates costly recom-
putation and ultimately limits real-time performance.

In this work, we bypass costly pre-computations and
recomputations by utilizing rasterized G-buffers that store
per-pixel geometric and material properties (Fig. 1 iii,iv).
Our key insight is that a significant portion of indirect il-
lumination can be visible within the current view frustum
(as shown by the connected point pairs in Fig. 1). We pro-
pose a novel approach that approximates global illumina-
tion through efficient screen-space ray tracing [29]. Specif-
ically, we first perform deferred shading to generate per-
pixel G-buffers encoding surface geometry and material
properties. Then, we execute a fast Monte-Carlo screen-
space ray tracing step directly on these G-buffers to estimate
the indirect illumination. Finally, we composite the result-
ing indirect illumination with direct shading to produce the

final rendered image. This method is particularly effective
in enclosed environments (e.g. underground garages) where
most light-contributing and receiving surfaces are simulta-
neously visible. Unlike full global illumination methods
that require complete scene geometry [6, 32], our screen-
space ray tracing approach relies solely on the informa-
tion available in the current frame, significantly reducing
computation latency. Coupled with our customized CUDA
kernel, this allows for real-time performance in both novel
view synthesis and scene editing.
In summary, we make the following contributions:
• We propose an inverse rendering framework for Gaussian

Splattings that facilitates approximation of one-bounce
global illumination by screen-space ray tracing while pre-
serving real-time scene editability.

• Our framework accurately decomposes scene appearance
into intrinsic surface properties and direct/indirect illumi-
nation components, enabling realistic edits to geometry,
materials, and lighting conditions.

• Our approach delivers realistic global illumination effects
while ensuring real-time performance. Our code will be
made publicly available.

2. Related Works

Inverse Rendering. Inverse rendering aims to decompose
appearance into its intrinsic material and lighting compo-
nents. It presents a more complex challenge than 3D re-
construction alone, as it is inherently ill-posed - multiple
combinations of materials and lighting can produce identi-
cal appearances.

Traditional methods tackle this ambiguity through con-
trolled lighting conditions [1, 2, 4, 27, 54]. FIPT [39] intro-
duced a hybrid approach for global illumination with high
physical accuracy, IRIS [24] successfully tackled the prob-
lem of HDR recovery from LDR inputs with physically-
based rendering. Zhu et al. [59] demonstrated impres-
sive results through Monte Carlo raytracing. The field has
evolved with data-driven approaches that leverage large-
scale models to learn intrinsic property priors [48, 52]. Re-
cent advances in neural representations have transformed
inverse rendering approaches. Ref-NeRF [37] introduced
Integrated Directional Encoding (IDE) for view-dependent
effects, NeILF [46, 53] enabled single-bounce global illu-
mination via incident light field modeling.

The emergence of 3D Gaussian Splatting (3DGS) has
led to numerous innovations [13, 36, 40, 49]. Gaussian-
Shader [19] links material properties to Gaussians and mod-
els appearance through environmental lighting. GS-IR [56]
assumes static lighting and caches indirect illumination into
a grid of light probes, which limits editability by fixing the
indirect radiance in local light maps. Relightable3DGS [14]
enables Monte-Carlo ray tracing through a bounding vol-
ume hierarchy (BVH) of Gaussians but requires costly BVH
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Figure 2. Pipeline: (a) Our method extends standard Gaussian splatting with material intrinsic properties. We first rasterize the Gaussian
primitives into G-buffers containing both geometric and material properties of the current rendering frame; (b) We perform deferred shading
on the alpha-composited G-buffers with direct environment lights from a learnable cubemap. (Sec. 3.2); (c) We approximate one-bounce
indirect lights through screen-space ray tracing and compose the final rendered RGB through Monte-Carlo integration. (Sec.3.3).

updates for any geometry modifications. PRTGS [16] en-
codes light transport in spherical harmonics (SH) param-
eters but still relies on expensive pre-computation during
editing. In contrast, our method computes screen-space re-
flection dynamically, providing greater flexibility for mod-
eling inter-reflections. Concurrently, GI-GS [8] effectively
leveraged screen-space techniques for efficient global illu-
mination calculation.

Neural Simulation. Neural simulation has become a vital
technology that connects real-world perception with syn-
thetic training environments for computer vision [15] and
robotics [11, 28, 41, 57]. The Real2Sim pipeline facilitates
cost-effective training of autonomous systems by creating
digital twins of real environments. However, this is partic-
ularly challenging in driving scenarios due to the need to
accurately model complex reflective surfaces, dynamic mo-
tion, sparse viewpoints, and various environmental factors,
all while ensuring real-time editing capability.

Recent advances in driving simulation have primarily fo-
cused on modeling traffic agent behavior and scene dynam-
ics through neural scene graphs [10, 34, 41, 43, 58]. It was
first used by Ost et al. [34], who proposed separating the
representation of dynamic vehicles from static backgrounds
using distinct neural rendering models. This approach was
further developed in UniSim [43] and MARS [38], which
incorporated efficient large-scale neural radiance fields [33]
to improve rendering quality and computational perfor-
mance. OmniRe [10] extended these capabilities to handle
general dynamic objects [45] and pedestrians, addressing a
significant limitation in previous frameworks.

However, these approaches share a common limitation:
they typically encode lighting and material properties im-
plicitly within their neural representations. This implicit
encoding complicates the modification of scene illumina-
tion and the reuse of assets across different lighting condi-

tions. Our work addresses this gap by explicitly modeling
material properties and enabling dynamic global illumina-
tion, supporting more flexible simulation environments.

3. Methods
As illustrated in Fig. 2, our method extends Gaussian Splat-
ting with physically-based materials and efficient screen-
space global illumination. In Sec. 3.1, we review the fun-
damentals of physically-based rendering and the Gaussian
Splatting framework. We then present our deferred shading
pipeline in Sec. 3.2, which efficiently processes the raster-
ized G-buffers to compute direct illumination. In Sec. 3.3,
we detail our Monte-Carlo screen-space ray tracing tech-
nique that approximates indirect illumination. Finally, we
describe our optimization framework in Sec. 3.4.

3.1. Preliminaries

The Rendering Equation. The rendering equation [21] de-
scribes the light transport at any surface point p. The out-
going radiance c in direction ωo is the sum of reflected in-
cident lights from all directions:

c(ωo) =

∫
Ω+

Li(ωi)f(ωi,ωo)(ωi · n) dωi , (1)

where Li(ωi) is the incident radiance from direction ωi

over the hemisphere Ω+, f is the Bidirectional Reflectance
Distribution Function (BRDF), and ωi · n accounts for the
Lambert’s cosine law. Unlike the original rendering equa-
tion [21], we omit the emission term ce(ωo). This design
choice stems from our observation that emission terms can
dominate the produced radiance during optimization, ef-
fectively suppressing proper material decomposition. In-
cluding such terms risks degrading our inverse rendering
pipeline to behave like the original Gaussian Splatting,
which lacks relighting capabilities.



3D Gaussian Rasterization. 3D Gaussian Splatting
(3DGS) [5] represents a scene as a set of 3D Gaussian
primitives that can be efficiently rasterized through alpha-
blending. Each Gaussian is parameterized by its spatial po-
sition µ ∈ R3, covariance matrix Σ ∈ R3×3, and appear-
ance attributes including opacity α and spherical harmon-
ics coefficients for view-dependent color. The 3D Gaussian
distribution is defined as:

G(x) = exp(−1

2
(x− µ)⊤Σ−1(x− µ)) . (2)

For efficient rendering, the covariance matrix is decom-
posed into rotation and scale components Σ = RSS⊤R⊤,
where R is a rotation matrix and S is a scaling matrix.

During rendering, these 3D Gaussians are projected to
2D screen space and alpha-blended in front-to-back order.
The final pixel color C is computed as:

C =

N∑
i=1

Tiαici , (3)

where Ti =
∏i−1

j=1(1 − αj) is the accumulated transmit-
tance, αi is the opacity, and ci is the view-dependent color
of the i-th Gaussian.

While this rasterization-based approach enables efficient
rendering, it presents challenges for global illumination
simulation. The key limitation stems from its forward-only
accumulation nature – each Gaussian can only receive il-
lumination from directly visible light sources, making it dif-
ficult to model indirect bounces that require tracking light
paths through multiple surfaces.

3.2. Deferred Shading
To enable physically-based rendering, we extend each
Gaussian with material properties following Disney’s prin-
cipled BRDF [7]. Specifically, each Gaussian is augmented
with a diffuse albedo a ∈ [0, 1]3, roughness ρ ∈ [0, 1],
and metallic parameter m ∈ [0, 1]. Following previous
works [40, 49], we employ a deferred rendering process
that separates the material composition and shading stages.
We first alpha-composites the material parameters into 2D
buffers (i.e. G-Buffers, see Fig. 2-a) and then perform the
shading computations on these buffers (Fig. 2-b). Com-
pared to the per-Gaussian shading process, this saves un-
necessary computation on the Gaussians that are invisible
to the current viewing frustum and prevents blending arti-
facts as stated in [40].

Similar to Eq. (3), the material properties are alpha-
composited into G-buffers as:

Gp =

N∑
i=1

Tiαipi , (4)

where p ∈ {a, ρ,m, γ} represents the material property.
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Figure 3. (a) While alpha-composited normals work well from
the original camera view (top), they can produce incorrect esti-
mates in novel views (bottom) when rays intersect with previously
occluded surfaces. (b) Qualitative comparison showing that depth-
based normals maintain consistency across both training and novel
views, while rendered normals exhibit artifacts in novel views.

Different from prior inverse rendering approaches [19,
56] that directly rasterize per-Gaussian normals, we com-
pute surface normals from the rendered depth buffer
(dubbed depth normal), which we found to be more robust
in practice. Similar to 2DGS [18], the depth normal is com-
puted through finite differences.

Per-Gaussian v.s. Depth Normal. While previous meth-
ods [19, 56] obtain surface normals through the alpha com-
position of per-Gaussian normals (Rendered Normals), we
find that this can lead to inconsistent normal estimates at
novel views (Fig. 3-b, bottom left). This is because that the
rendered normals only represent the orientation of individ-
ual Gaussians along each ray, without considering the un-
derlying local geometry structure. In contrast, depth-based
normal estimation leverages the spatial distribution of re-
constructed surface points to compute geometrically mean-
ingful normals (Fig. 3-b, right column). The superior ro-
bustness of depth normals is crucial for stable view synthe-
sis, as accurate surface normals are essential for the shading
process. Please find more details in the supplementary.

Physically-Based BRDF. We adopt a simplified Disney
BRDF [7] that models the surface interaction through a
combination of diffuse and specular terms, parameterized
by diffuse albedo a, roughness ρ, and metallic m:

f =
1−m

π
a︸ ︷︷ ︸

fd

+
DFG

4(n · ωi)(n · ωo)︸ ︷︷ ︸
fs

, (5)

where D, F , and G represent the normal distribution, Fres-
nel, and geometry terms respectively. The equations for
these terms are detailed in the supplementary materials.

Combining the BRDF with the rendering equation
(Eq. (1)), the outgoing radiance of a shading point can be



expressed as c = cd + cs, where:

cd =
1−m

π
a

∫
Ω+

Li(ωi)(ωi · n) dωi , (6)

cs =

∫
Ω+

Li(ωi)fs(ωi · n) dωi . (7)

A direct solution to these integrals would require consid-
ering all possible light interactions between points in the
scene, resulting in an algorithm with O(N2) time complex-
ity (N being the number of points). This approach is com-
putationally prohibitive in practice. To make physically-
based rendering feasible with 3DGS, we employ the split-
sum approximation [22] (detailed below), which allows us
to consider only the dominant incident light direction. The
approximations reduce the computational complexity to lin-
ear time while maintaining high rendering quality.
Shading. With the G-buffers providing the necessary in-
formation, we compute the first-pass shading that captures
direct illumination from the environment. (Fig. 2-b).

As solving the full integrals in Eq. (6) and (7) is com-
putationally prohibitive, we employ the split-sum approx-
imation [22] that separates the “sum of product” integral,
where lighting and BRDF are entangled, into the product of
two integrals. For the specular term cs, this gives:

cs≈
∫
Ω+

Li(ωi)D(ρ, r) dωi︸ ︷︷ ︸
specular light integral

·
∫
Ω+

fs · (ωi · n) dωi︸ ︷︷ ︸
BRDF integral Fs

, (8)

where r is the reflection direction r calculated from the view
direction v and surface normal n as r = 2(v · n)n− v.

The BRDF integral can be pre-computed and stored in
a 2D lookup table indexed by roughness ρ and the cosine
angle of n · v. Detailed explanations are provided in the
supplementary materials.

The specular light integral represents the color of the re-
flection lobe, whose direction follows r and whose width
is determined by the surface roughness ρ - rougher sur-
faces receive a broader range of reflection. We implement
this through a range query on the environment light using a
learnable cubemap E with the NVDiffrast [23] library. This
process is expressed as:

LE(r, Gρ) = SampleEnvMap(r, λ, E) , (9)

where the mipmap level λ is computed empirically as λ =
log2(Gρ+1)λmax, with λmax being the maximum mipmap
level. This ensures proper integration over the specular lobe
defined by the material roughness.

With these approximations, the specular term cs can be
simplified to:

cs = LE(r, Gρ) · Fs, (10)

where Gρ is the alpha-composited roughness buffer as in
Eq. (4). The diffuse color cd can be simplified similarly by
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Figure 4. Screen-space ray tracing process. For each pixel, we
march along the sampled reflection ray step by step and compare
the ray’s depth with the scene depth buffer at each step. An in-
tersection is detected when the ray depth transitions from being in
front of to behind the depth buffer values, indicating the ray has
intersected with scene geometry.

querying the environment light map on the surface normal
direction as cd = (1−Gm)Ga · LE(n, Gρ). The first-pass
radiance c1 can then be obtained by combining the diffuse
and specular components: c1 = cd + cs.

3.3. Screen-space Ray Tracing
While the first-pass shading captures direct illumination, it
fails to account for indirect bounces that are crucial for re-
alistic rendering, particularly in indoor environments. We
propose to incorporate an efficient screen-space ray trac-
ing approach that approximates one-bounce indirect illu-
mination by leveraging the information available in the G-
buffers [29] (Fig. 2-c).

We illustrate the screen-space tracing process in Fig. 4.
For each pixel, we trace reflection rays in screen space to
find potential indirect light contributions (shown as corre-
sponding point pairs in Fig. 2-c). Given a pixel’s world po-
sition p (un-projected from the depth buffer), view direction
v, and normal n, we generate a reflection ray as r(t) with t
being the marched distance.

To detect intersections, we project the ray into screen
space and march along it in fixed steps. At each step i,
we compare the ray’s depth zray with the scene depth zscene
from the depth buffer:

∆zi = zray(ti)− zscene
(
proj

(
r(ti)

))
, (11)

where proj denotes perspective projection. An intersection
is detected when ∆zi changes from negative to positive, in-
dicating the ray has passed through a surface. We denote
the UV coordinate of the intersection point as p∗.

In practice, we sample Ns = 8 reflection rays from the
reflection lobe and trace the reflection colors {c1,i}Ns

in the
screen space. Then, the sampled colors are combined using



Garage-0 Garage-1 Garage-2 Garage-3 Campus-0 Campus-1
PSNR* SSIM* LPIPS PSNR* SSIM* LPIPS PSNR* SSIM* LPIPS PSNR* SSIM* LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS

PVG [9] 28.41 0.8415 0.1645 26.99 0.6926 0.2721 30.71 0.8486 0.2355 34.68 0.9407 0.1211 28.36 0.8408 0.2562 26.40 0.8792 0.1881
StreetGS [42] 26.60 0.8172 0.1716 25.52 0.6245 0.3395 27.77 0.7811 0.2844 36.39 0.9598 0.1409 29.07 0.8627 0.2018 26.54 0.8888 0.1239
OmniRe [10] 26.83 0.8227 0.1712 25.72 0.6291 0.3370 28.25 0.7965 0.2818 36.04 0.9586 0.1402 29.38 0.8631 0.2018 26.53 0.8889 0.1241
GShader [19] 25.02 0.7343 0.2837 23.70 0.5334 0.5060 24.56 0.6571 0.4259 33.88 0.9029 0.1530 24.57 0.7821 0.4463 25.04 0.8646 0.1755

NVS

Ours 28.14 0.8374 0.1587 25.99 0.6609 0.1694 27.72 0.7816 0.2295 36.23 0.9583 0.0424 29.66 0.8646 0.1812 26.37 0.8704 0.1389
PVG [9] 28.90 0.7986 0.1621 28.89 0.7987 0.2940 32.20 0.8842 0.2291 38.47 0.9631 0.1367 30.19 0.8749 0.2329 28.15 0.9017 0.1750
StreetGS [42] 27.78 0.8537 0.1655 27.46 0.7764 0.2655 28.92 0.8229 0.2776 38.23 0.9646 0.1499 30.88 0.8941 0.1919 29.12 0.9223 0.1126
OmniRe [10] 27.30 0.7746 0.1635 27.30 0.7746 0.2689 29.63 0.8436 0.2747 38.43 0.9691 0.1413 30.86 0.8960 0.1925 29.15 0.9224 0.1126
GShader [19] 26.57 0.7965 0.272 23.89 0.5608 0.5025 27.01 0.7706 0.2867 36.54 0.9606 0.1792 25.03 0.7920 0.4388 26.90 0.8957 0.1657

Recon

Ours 28.82 0.8720 0.1348 28.47 0.8232 0.1591 29.16 0.8288 0.1945 36.97 0.9562 0.0458 32.02 0.9066 0.1610 29.07 0.9115 0.1205

Table 1. Quantitative evaluation results. * For PSNR and SSIM computation, we exclude the region that contains the ego car in the image.

Monte-Carlo integration:

c′s =
1

Ns

Ns∑
i=1

fsc1,i(ωi · n)
pGGX(ωi)

, (12)

where ωi is the i-th reflection direction sampled from the
GGX [38] distribution pGGX .

The final rendered color is obtained by combining the
diffuse component with the Monte Carlo integrated specular
reflection, followed by tone mapping and gamma correction
to convert the result into the standard RGB color space.

3.4. Optimization
Our optimization objective combines several losses to en-
sure high-quality reconstruction of both geometry and ma-
terial properties. The total loss is defined as:

Ltotal = Lrgb + λoLopacity + λnLn + λregLreg , (13)

where Lrgb is the standard RGB reconstruction loss, Lopacity
encourages the Gaussians to fully cover the images, Ln is a
depth-normal consistency loss following [18], and Lreg is a
total variance loss applied on the G-buffers. Details on the
loss functions are provided in the supplementary.

4. Experiments

Baselines. We compare our method with 3 lines of base-
line methods: 1) Dynamic view synthesis algorithm: We
select Periodic Vibration Gaussian (PVG) [9], which mod-
els appearance changes through temporal-dependent Gaus-
sians. 2) Driving Simulators: We compare against Street
Gaussians (StreetGS) [42], which augments 3D Gaussians
with dynamic spherical harmonics for appearance changes.
We also compare with OmniRe [10], which constructs dy-
namic neural scene graphs using multiple types of dynamic
nodes to model various kinds of actors in driving scenes. 3)
Inverse rendering algorithm: We include GaussianShader
(GShader) [19] as our primary baseline for inverse render-
ing comparison, as it also builds upon Gaussian Splatting
but only uses cubemap lighting.

To ensure fair comparisons, all methods are initialized
with identical point clouds derived from LiDAR captures.

We maintain the original hyperparameters as specified in
each method’s paper. For PVG [9] and StreetGS [42], we
utilize the implementations provided in the OmniRe repos-
itory [10]. GShader [19] is integrated directly into our eval-
uation pipeline through code migration to ensure consistent
evaluation conditions.
Dataset. Our evaluation uses a self-collected dataset com-
prising 4 sequences from underground garages and 2 cam-
pus scenes. Garage sequences are captured using a multi-
sensor setup: three synchronized RGB cameras operating at
30 FPS, accompanied by LiDAR scans for geometric refer-
ence. Campus scenes are captured with a hand-held scanner
with calibrated LiDAR and images [25]. These environ-
ments present challenging lighting conditions with multiple
light sources, significant indirect illumination, and various
surface materials.

We conduct quantitative experiments under two proto-
cols established by prior works [10, 34, 41]: 1) Scene Re-
construction: Using all frames for both training and testing
to evaluate the method’s reconstruction fidelity; 2) Novel
View Synthesis: Using 50% of frames for training and the
remainder for testing, selecting test frames uniformly across
the sequence to assess generalization.

4.1. Quantitative Evaluations

Metrics. Due to the presence of ego vehicle parts in our
captured images, we modify all baseline methods to ex-
clude those regions in the reconstruction losses during train-
ing. Each method is trained for 30,000 steps. We evaluate
performance using standard image quality metrics: PSNR,
SSIM, and LPIPS [55]. For PSNR and SSIM calculations,
we exclude regions containing the ego vehicle to focus on
scene reconstruction quality.
Results. Table 1 shows the quantitative comparison re-
sults. PVG [9] (first row) serves as an effective upper
bound in our quantitative evaluations due to its unique ap-
proach to modeling time-dependent Gaussians. While it
cannot extrapolate views with physically plausible reflec-
tions, it achieves superior reconstruction and view interpo-
lation quality by encoding light-surface interactions as tem-
poral features. This makes it particularly effective at re-
producing the training sequence, albeit without the physical
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Figure 5. Qualitative comparisons. We show the rendering re-
sults for each method. The regions highlighted in yellow boxes
show reflections on the ground where baseline methods struggle to
capture dramatically dynamic indirect illumination effects; Green
boxes show blurry artifacts.

PVG [9] StreetGS [42] OmniRe [10] GShader [19] Ours w/o SSR Ours
FPS 72 69 71 74 38 37

Table 2. Real-time rendering performance comparison. FPS is
measured using an NVIDIA 4090 at 960×540 resolution.

interpretability that our method provides.
Beyond the comparison with PVG, our method is on par

with other 3D reconstruction baselines (row 2 and 3) in both
settings and consistently outperforms the inverse rendering
baseline GShader [19] (fourth row), which lacks enough ca-
pacity to model indirect lighting effects.
Rendering speed. We evaluate the real-time rendering per-
formance of our method against the baselines. As shown
in Table 2, reconstruction-based methods like PVG [9],
StreetGS [42], OmniRe [10], and GShader [19] achieve 69-
74 FPS. Our method maintains 37 FPS while computing
physically-based shading and global illumination effects.
The small overhead between our full method and the vari-
ant without screen-space reflections (38 vs 37 FPS) demon-
strates that our ray marching implementation adds minimal
computational cost.

4.2. Qualitative Evaluation

We demonstrate our method’s capabilities through several
visual experiments:

GT RGB Rendered RGB Albedo Roughness

Figure 6. Decomposition results. We show our decomposed in-
trinsic channels. The contrast ratio of the consistency channels is
amplified for visualization.

Reconstruction. As shown in Fig. 5, our method achieves
faithful reconstruction quality compared to baseline ap-
proaches, particularly in handling reflective surfaces and
indirect illumination effects. The most notable differences
appear in the reflective floor regions (highlighted in yellow
boxes) where GShader [19] exhibits significant artifacts due
to its limited modeling of global illumination. Standard re-
construction methods like OmniRe [10] and StreetGS [42]
also struggle with these challenging lighting scenarios, pro-
ducing blurry or inconsistent reflections (highlighted in
green boxes). In contrast, our physically-based shading
model successfully captures the complex interplay of light,
accurately reproducing both the billboard reflections on the
floor and the subtle ambient lighting throughout the park-
ing garage. PVG [9] achieves comparable visual quality
but does so through temporal encoding rather than explicit
physical modeling.

Decomposition. Our method achieves convincing decom-
position of scene appearance into its constituent compo-
nents. As shown in Fig. 6, we can separate the complex
visual effects in indoor scenes into intrinsic components.
The albedo map reveals the intrinsic surface colors without
the influence of illumination. We also show decomposition
results of small objects from TensoIR [20] dataset in Fig. 7.

Relighting. As demonstrated in Fig. 7, our method success-
fully handles various lighting conditions by incorporating
HDRI environment maps from online sources [17, 20, 35].

Object Insertion. We demonstrate the seamless integration
of external 3D assets into the reconstructed scene. The pro-
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Figure 7. Top: Intrinsic channels and editing results (relighting,
material editing) from NeRF-Synthetic dataset [30]. Bottom: Re-
lighted garage scene with inserted object.

cess begins by rendering the inserted object into G-buffers
using NVDiffrast [23]. These buffers are then composited
with the scene’s G-buffers through depth-based compari-
son. As shown in Fig. 7, this approach enables the inserted
object to receive proper illumination while contributing to
indirect lighting effects, evidenced by the realistic reflec-
tions on the floor.

Material Editing. Our method enables direct manipula-
tion of material properties, including roughness and metal-
lic parameters (Fig. 7). By adjusting these physically-based
parameters, we can achieve a range of surface appearances
from diffuse to highly specular, while maintaining consis-
tent interactions with both direct and indirect illumination.

Our decomposed representation also allows for intuitive
editing of surface colors. As demonstrated in Fig. 8, we

(a) Reference (b) w/o Screen-Space Reflection

(c) Traced Color (d) Ours

Figure 8. Effect of screen-space reflections during editing. (a)
Reference image. (b) Without modeling screen-space reflections,
the floor reflections remain unchanged after editing since they are
baked into the albedo. (c) Visualization of the screen-space traced
lights. (d) Our method reflects the edited billboard content. We set
roughness to a relatively low value to exaggerate the effect.

can easily modify scene content by editing the albedo chan-
nel. Our method automatically updates all lighting interac-
tions to maintain physical consistency, with floor reflections
dynamically adapting to the new content. This showcases
how our approach preserves the natural interaction between
edited materials and global illumination.

Effect of Screen-Space Reflections. Fig. 8 also serves
to demonstrate the importance of our screen-space reflec-
tion technique. Without it, reflections become baked into
the ground floor albedo thus showing noticeable artifacts at
novel views (b). Our method properly handles indirect il-
lumination through ray tracing, ensuring reflections update
accurately with edited content (d).

5. Conclusion

We have developed a novel inverse rendering framework
for Gaussian Splatting that enables real-time editing with
global illumination effects. By combining screen-space ray
tracing with Gaussian representations and a learned consis-
tency parameter, our method achieves physically plausible
rendering and interactive performance. It allows for scene
decomposition into editable components, facilitating oper-
ations like object insertion, material editing, and relighting
in complex indoor environments. Experimental results con-
firm the effectiveness of our approach and realistic screen-
space reflections. However, our method has limitations.
The non-differentiable nature of screen-space ray march-
ing can impact optimization stability, suggesting a need for
numerical gradient techniques. Our method’s performance
decreases in outdoor settings with distant light interactions,
indicating a need for a hybrid approach to managing vary-
ing scales of light transport.
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