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Figure 1. GS-ID pipeline and relighting results. GS-ID introduces a novel lighting model based on adaptively optimized spherical Gaussian
mixtures, enabling precise and editable control of local lighting. Combined with per-splat shadow-aware vectors and diffusion-guided
material priors, GS-ID achieves state-of-the-art illumination decomposition on 3D Gaussian Splatting.

Abstract

Gaussian Splatting (GS) has emerged as an effective rep-
resentation for photorealistic rendering, but the underlying
geometry, material, and lighting remain entangled, hinder-
ing scene editing. Existing GS-based methods struggle to
disentangle these components under non-Lambertian con-
ditions, especially in the presence of specularities and shad-
ows. We propose GS-ID, an end-to-end framework for illu-
mination decomposition that integrates adaptive light ag-
gregation with diffusion-based material priors. In addition
to a learnable environment map for ambient illumination,
we model spatially-varying local lighting using anisotropic
spherical Gaussian mixtures (SGMs) that are jointly opti-
mized with scene content. To better capture cast shadows,
we associate each splat with a learnable unit vector that en-
codes shadow directions from multiple light sources, further

improving material and lighting estimation. By combining
SGMs with intrinsic priors from diffusion models, GS-ID
significantly reduces ambiguity in light-material-geometry
interactions and achieves state-of-the-art performance on
inverse rendering and relighting benchmarks. Experiments
also demonstrate the effectiveness of GS-ID for downstream
applications such as relighting and scene composition.

1. Introduction

3D Gaussian Splatting (3DGS) [14] has emerged as a
promising 3D representation, offering explicit scene mod-
eling with real-time differentiable rendering capabilities.
However, its practical adoption by downstream applica-
tions faces a critical limitation: the inherent entanglement
of geometry, material, and illumination components dur-
ing multiview reconstruction, which prevents further editing



of individual components. Illumination decomposition on
3DGS has significant value as it can facilitate versatile GS
editing using disentangled components, including changing
the light and material for scene composition.

There are three critical challenges in achieving effective
illumination decomposition on 3DGS. 1) Insufficient light
modeling: Existing methods struggle to represent complex
lighting environments, often failing to balance global am-
bient lighting with localized high-frequency effects. 2)
Entangled shadows: Shadows arising from intricate light-
geometry interactions obscure material estimation and are
difficult to isolate. 3) Ill-posed intrinsic estimation: With-
out priors, decomposing the coupled outputs of 3DGS into
geometry, material, and lighting remains highly ambiguous.

Recent methods [4, 5, 10, 11, 16, 29, 35] model illumi-
nation using global lighting representations, such as learn-
able environment maps or neural light fields. However, they
typically assume distant light sources, neglecting near-field
effects that are critical for capturing localized specular high-
lights and accurate material properties. Emerging solutions
like VMINer [7] and GS® [3] incorporate photometric prior
knowledge (e.g., predefined light sources, intensity distribu-
tions, and angular profiles) into near-field illumination mod-
eling. However, strong parametric assumptions about light
configurations restrict their practical applicability, making
them dependent on synthetic scenes with calibrated lighting
setups. Shadow modeling is another bottleneck. MII [37]
employs a learned visibility MLP, but struggles with mul-
tiple discrete light sources. Prior-free decomposition un-
der such conditions remains ill-posed, especially in in-the-
wild captures. To resolve geometry-light ambiguity, DN-
Splatter [25] uses pre-trained models to provide pseudo-
normal supervision, but it relies on additional sensors (e.g.,
LiDAR), limiting its applicability.

To address these challenges, we propose GS-ID, a novel
end-to-end framework for illumination decomposition on
3DGS. GS-ID integrates an adaptive lighting model, a de-
shadowing module, and pretrained diffusion-based priors
for geometry and material. A customized CUDA-based op-
timization with deferred rendering further accelerates the
decomposition process. Inspired by production lighting
pipelines in tools like Unity [26] and Unreal Engine [6],
which combine ambient lighting with localized sources,
we design a lighting model that explicitly separates ambi-
ent and localized illumination. GS-ID represents ambient
light via a learnable environment map and models high-
frequency localized lighting using spatially-varying spheri-
cal Gaussian mixtures (SGMs). These SGMs are initialized
on a 3D grid and adaptively aggregated during optimization
to capture complex lighting effects (Section 3.1). To handle
shadow-induced errors in material estimation, we introduce
a deshadowing module that learns per-splat visibility vec-
tors, enabling the network to disentangle shadows caused

by multiple unknown light sources (Section 3.2). Finally,

to resolve ambiguity in joint light-material optimization,

we introduce pretrained diffusion priors. For geometry, we
incorporate normal priors [34] to stabilize reconstruction.

For material, we guide decomposition using albedo and

roughness maps from a pretrained diffusion model (Sec-

tion 3.3.1).

This paper makes the following contributions:

¢ We introduce GS-ID, an end-to-end framework for illu-
mination decomposition, which leverages material priors
from pretrained diffusion models to improve joint light
and material optimization on 3DGS.

* We propose a novel lighting model supporting adaptive
optimization of local and ambient illumination under un-
known conditions with a CUDA implementation.

* We develop a GS-based visibility-aware deshadowing
model for efficient shadow approximation caused by mul-
tiple light sources, improving material estimation quality.

2. Related Work

Geometry Reconstruction. Regarding surface reconstruc-
tion, some methods [20, 21, 23, 28, 31, 32] use an MLP to
model an implicit field representing the target surface. After
training, surfaces are extracted using isosurface extraction
algorithms [12, 17]. Recently, several methods [9, 33] have
achieved fast and high-quality geometry reconstruction of
complex scenes based on 3DGS [14]. However, these meth-
ods often treat the appearance of a functional of view di-
rections, neglecting the modeling of physical materials and
light transport on the surface.

Intrinsic Decomposition. To decompose the intrin-
sics from observations, some monocular methods [15, 34,
39, 40] learn from labeled datasets and estimate intrin-
sics directly from single images. However, these methods
lack multi-view consistency and struggle to tackle out-of-
distribution cases. In contrast, other methods [2, 10, 11,
16, 18, 24, 36, 38] construct a 3D consistent intrinsic field
from multiple observations. While obtaining impressive re-
sults, current methods almost only consider environmental
illumination, making precise editing challenging.

Lighting Models. Accurate illumination estimation
from multi-view observations remains challenging due to
inverse rendering ambiguities. Current methodologies pri-
marily follow two paradigms: 1) For unknown illumi-
nation conditions, approaches utilize either implicit neu-
ral representations (e.g., MLP-based coordinate networks
like NeRF variants [4, 5]) or explicit parametric models
(e.g., HDR environment maps in [l1, 16]). While neu-
ral light fields ( [30, 35]) achieve differentiable surface re-
construction with inter-reflection modeling through MLPs,
they trade interpretability for flexibility - excelling at view
synthesis but lacking spatially aware editing controls. Ex-
plicit directional lighting models enable intuitive environ-



Figure 2. lllustration of the SGM optimization process. (a) A single SGM can adaptively represent different anisotropic illuminations
after optimization. (b) Multiple SGMs can adaptively aggregate to represent complex and irregular highlight regions. (b) lllustration of the
overall adaptive lighting optimization. The detailed optimization process is available in the supplemental material.

mental map replacement yet fail to resolve localized light wherex represents a point in the 3D space anis the sur-
interactions. 2) Under known illumination constraints (e.g., face normal.f; is the bidirectional re ectance distribution
calibrated ash images), hybrid decomposition frameworks function (BRDF) for physically based rendering [19].;

like VMINER [7] leverage controlled captures with/with- and! , refer to the incident and outgoing directions, respec-
out auxiliary lights to separate near/far- eld components tively. V represents a modulating weight caused by shadow,
within xed viewpoints. This photometric prior integra- which is modeled in detail in Section 3.2.

tion addresses partial information scenarios but restricts dy-3 1 1 sgM-Based Local Lighting

namic scene adaptation. . . .
Local light sources are often accountable for various light-

3. Methodology ing effects like highlights. We model complex.local .Iigr_\ting
using SGMs [27], where each SGM comprises; indi-
GS-ID uses an adaptive lighting model, a deshadowingvidual SGs. Thek-th SG in an SGM is parameterized by
model, and diffusion-guided normal and material priors to primary emission directioby, 2 S, sharpnessy 2 R*,
decompose intrinsic properties from illumination on 3DGS. amplitude x 2 R*, and mixture weightsvy, 2 R® con-
We use deferred shading with the G-buffer pack for more trolling RGB chromaticity. An SGM contains multiple di-
ef cient rendering. Figure 3 shows the complete GS-ID rectional lobes represented by the SGs along their primary
pipeline. To initialize a reasonable 3DGS scene before opti-emission directions, producing a “spotlight-like” distribu-
mizing the lighting model, we only use normal priors in the tion (Figure 2a). Multiple SGMs can be adaptively placed
rst 20k iterations for reconstruction, and use all normal in the 3D space and aggregated to model complex light
and material priors afterward for joint material and lighting sources that cause irregular highlights. As shown in Fig-

optimization. ure 2b, the SGMs can be jointly optimized because of their
. o differentiable parameters:

3.1. Adaptive Lighting Model P yee

Effectively modeling complex lighting conditions in a scene SGM(! o;b; ;)= e k(o P Dy 2

is the rst step toward illumination decomposition. We k=1

propose an adaptive lighting model using a set of SGMs The output radiancke 5™ at the surface point integrates
to model high-frequency lighting components originating incident illumination through the Cook-Torrance BRBE
from spatially localized discrete emitters and a learnable en- 5, z
vironment map to model ambient illumination. The initial Lo
SGMs are uniformly placed in a xed range pf3; 3. Our
optimization process aggregates them to model the complex \
local lighting adaptively. j IP;
Using this adaptive lighting model, we formulate inci- whereNjg: SGMs are initialized on a 3D grid and strate-
dent radiance ag:; = LM+ L™, whereL5¢M accounts  gically optimized. All SGs in an SGM use the same spa-
for high-frequency effects from discrete emitters arftt is tial positionp; while maintaining their own SG parameters
ambient lighting from distant sources. The rendering equa-(bx; «; k). The modulating weight caused by shad®y,

(X' o)= (Uit LM i) (n 1)

ot som i 10y v @

Xj2 ’

tion can be written as: is estimated using a shadow-aware unit vector associated
4 with each splat and each lighting direction, as discussed in
Lo(X;' o) = L™ )f (it o)(Vy n)d! i+ Section 3.2 and illustrated in Figure jp;  Xj is the dis-
d tance between the surface and jhth light source, mod-

LSSMx:1 ), (111 o)1 nydi; (D) eling illumination decay over distance. To enhance com-
' putational ef ciency, we apply progressive pruning of low-
LEM(x;! o)+ L3®M(x;! o) V; energy SGMs withw,j < , as discussed in Section 4.1.



Figure 3. Overview of the GS-ID pipeline. We rst reconstruct a coarse 3D Gaussian Splatting (3DGS) scene using normal priors from a
diffusion model. Material priors are then incorporated to jointly optimize illumination and intrinsic properties, which are stored as G-Buffer
maps for ef cient deferred shading. lllumination is represented by an adaptive lighting model composed of spherical Gaussian mixtures
(SGMs) and a learnable environment map.

To ensure that SGM optimization leads to an accurate integral.LE™ can be represented as:

model of local lighting rather than ambient lighting, we in- LE™x;1 o) = LWy + Lo o
troduce two regularization terms considering the position A
and value of each SGM light source: odi  Kalar: Kag =@ M)—;
o % DFG z ®)
Noan | - L& e a1 DLi()(I n)di:
Lpos = maX(d%,L Omax; 0); Lva = ijk k2 I ) {7 } | ) {7 }
i i K Environment BRDRK &Y Pre-Fil. Env. Map(1 g5
Lign = posLpos*  valLvat K gpec €an be quickly accessed in p_re(_:omputed lookup ta-
_ (4) bles. | " and1 & are embedded within a learnable envi-
HeredfTJ“)n = m)i(n jp;  Xxj represents the minimum distance ronment map.

between thg -th light positionp; and the surface position 3.2, Deshadowing Model
x in the scene. The 3D positian in world coordinates

is derived by back-projecting the depth valdefrom the
depth buffer. The parametdr,ax is a hyperparameter with

a default value of 3. The weight;x is responsible for con-
trolling the contribution of th&-th SG in thg -th SGM. We
setboth pesand yytol 10 6 by default. These two reg-
ularization terms help direct the SGMs toward the surface

During reconstruction, cast shadows are often baked into
the albedo, leading to inaccurate material estimation. Ex-
isting methods like ray tracing or of ine baking [16] are
non-differentiable and computationally expensive, limiting
scalability. To address this during training, we assign each
3DGS primitive a learnable unit vectsr2 S? that captures
the dominant shadow direction under multiple lights. These

so that SGMs can better model complex local lighting. .
o . vectors are alpha-blended [14] into a screen-space shadow
Our SGM-based lighting model can represent spatially o4 anq integrated into the G-buffer, enabling ef cient, dif-

varying illumingtion through an a_daptive me_cha_nism. Com- ferentiable shadow prediction without explicit ray tracing
pared to existing met.hod's, as |IIustr.ated n Flgurg 1,.our (see Figure 4a). This deshadowing mechanism is used only
app_roach can cr_eate Ilghtln_g eff_ects_ like quallzed highlight during training. At inference, standard shadow mapping
regions and easily support illumination editing. techniques are applied for relighting (see Figure 4b).

The visibility of incident light from direction i(” is es-
timated as:
In addition to local lighting, ambient lighting ™ can be V= S 1My . ®)
reformulated into its diffusel(§) and specularl(§Ty,. ' o ’
components. We adopt an image-based lighting model andvhereS is a screen-space shadow vector eld derived from
the split-sum approximation [13] to handle the intractable alpha-blending the per-primitive vectassn the G-Buffer.

3.1.2. Ambient Lighting



Figure 4. lllustration of our proposed deshadowing model. The lighting directions are dendtedaby! ,. For each Gaussian splat, we
optimize a unit vectos to represent the dominant direction in which a light casts a shadow on it.

Here, () denotes the sigmoid function. The hyperparame- where R and A denote estimated roughness and RGB

ters and modulate the sharpness and baseline level of albedo maps from the G-buffer pack, whikeandA rep-

shadow effects, respectively, with default values= 8 resent their corresponding pseudo-GT values. We omit the

and = 10 3. This differentiable formulation facilitates —metallic term as it shows a weak impact on lighting effects.

shadow-material disentanglement during training, as visual-The hyperparametersz and » are set to default values

ized in Figure 7 and validated through ablation in Figure 9. of 0.1 and 1.0, respectively. Combining Equations (4), (7)
and (8), the total loss is:

L total = L pase* I—Iight + L materiai 9
whereL jghe andL materiaitake effect after 10Kk iterations after
We observe that 3DGS reconstruction sometimes mistak-an initial scene is reconstructed.
enly interprets glossy regions as holes, as shown in Figure 8.

To address this issue, we incorporate priors from a monoc-4. Experiments

ular geometric estimator to improve the output geometric
structures. Speci cally, we leverage a pretrained diffusion
model RGBS X [34] to provide normal supervision. The We implement GS-ID and conduct experiments on an

3.3. Diffusion-Guided Priors

3.3.1. 3DGS Reconstruction with Normal Priors

4.1. Implementation Details

supervision los$ paseis de ned as: NVIDIA RTX 4090 GPU. The pipeline begins by adapt-
ing the original 3DGS method [14] for 20k iterations to re-
Lbase= Lgolor+ nln; construct robust scene geometry, assisted by normal priors.
X . L L L L a3
L = 11 A'n - 7 For illumination decomposition, we initializMigny = M
n — [}

localized spherical Gaussian mixtures (SGMs) uniformly
distributed within the scene's axis-aligned bounding box
whereL qpor is an RGB reconstruction loss that combines (AABB), whereM controls the spatial resolution. We em-
the L1 loss with D-SSIM from 3DGS. We use RGEX to plr!cally setM = 3 to balance expressiveness and compu-
estimate the normal vectar, treating it as a pseudo ground  tational ef ciency. Each SGM containssc = 16 spherical
truth (pseudo-GT) normal, to supervise our rendered normalGaussians. The positign of each SGM is de ned as:

rt in the G-buffer pack. We propose a depth-masked weight- _ ix oy iz )

ing scheme to avoid unreliable priors from distantareas. We P = “mn™ "~ 1'm 1'm 1 (Cmax  Cmin); (10)
assign a weight of 0 to pixels with depth values exceeding awhere ¢, and cnha are the AABB bounds (default:
default threshold of 0.8 and a weight of 1 otherwise, which [ 3;3]), andj;jy;j index the grid.

we denote ad in Equation (7). The hyperparameteg Other hyperparameters, including the shadow vector
is set to a default value of 0.05. By incorporating normal blending parameters; ) = (8;10 2), are selected em-
priors, we improve the accuracy of normal estimation and pirically to ensure stable gradient behavior. Crucially, our
address geometry reconstruction challenges in texturelesgramework includes light regularization terms—both value-
regions, providing robust normal estimation. and position-based—that consistently guide the optimiza-
tion to convergence across different initializations and hy-
perparameter choices, reducing the sensitivity to manual
To reduce the inherent ambiguity in joint light optimization, tuning. To improve training ef ciency, we employ an
we leverage pseudo-GT material attributes derived from energy-aware pruning strategy that adaptively disables low-
RGB$ X [34]: activation light sources during optimization:

— (1) . — .
L material = RLZ(R; lb) oA LZ(A;A)); (8) Wmax = rnakx Wijk ! © = Wmax + In( )! (11)

n N

3.3.2. Light Optimization with Material Priors
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