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Fig. 1. From 500-2,000 multi-view one-light-at-a-time (OLAT) input photographs, we train a representation consisting of spatial and angular Gaussians, for
real-time, high-quality novel lighting-and-view synthesis. The reconstructions of a number of challenging objects with complex geometry and appearance are
shown above. Please refer to the accompanying video for animated results with varying lighting and view conditions. We achieve a training time of 40-70

minutes and a rendering speed of 90 frames per second on a single commodity GPU.

We present a spatial and angular Gaussian based representation and a triple
splatting process, for real-time, high-quality novel lighting-and-view synthe-
sis from multi-view point-lit input images. To describe complex appearance,
we employ a Lambertian plus a mixture of angular Gaussians as an effective
reflectance function for each spatial Gaussian. To generate self-shadow, we
splat all spatial Gaussians towards the light source to obtain shadow values,
which are further refined by a small multi-layer perceptron. To compen-
sate for other effects like global illumination, another network is trained to
compute and add a per-spatial-Gaussian RGB tuple. The effectiveness of our
representation is demonstrated on 30 samples with a wide variation in geom-
etry (from solid to fluffy) and appearance (from translucent to anisotropic),
as well as using different forms of input data, including rendered images
of synthetic/reconstructed objects, photographs captured with a handheld
camera and a flash, or from a professional lightstage. We achieve a training
time of 40-70 minutes and a rendering speed of 90 fps on a single commod-
ity GPU. Our results compare favorably with state-of-the-art techniques in
terms of quality/performance.
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1 INTRODUCTION

Realistically reproducing the look of a physical object at different
view and lighting conditions in the virtual world has been a long-
standing problem in computer graphics and computer vision. It
is critical in various applications, including cultural heritage, e-
commerce and visual effects.

Digital representation of shape and appearance plays a key role
in this task. Traditional representations like 3D surface mesh and
parametric spatially-varying bidirectional reflectance distribution
function (SVBRDF) are widely used in both academia and indus-
try [Dorsey et al. 2010]. However, they are inherently difficult to
jointly optimize with respect to input photographs, therefore often
leading to suboptimal results. In the past five years, implicit rep-
resentations, such as Neural Radiance Fields (NeRF) [Mildenhall
et al. 2020], demonstrate extraordinary ability in high-quality novel
view synthesis, and even relighting [Jin et al. 2023; Lyu et al. 2022;
Zeng et al. 2023]. But these techniques often suffer from expensive
training computation and/or slow rendering speed, limiting their
applications in practice.

Recently, 3D Gaussian Splatting (GS) [Kerbl et al. 2023] gains
tremendous popularity in high-quality and efficient reconstruc-
tion of Lambertian-dominant objects/scenes baked with static light-
ing, by essentially upgrading to a differentiable tile-based splat-
ting method. Considerable research efforts [Gao et al. 2023; Jiang
et al. 2023; Liang et al. 2023b; Saito et al. 2023] are made to ex-
tend GS towards novel lighting-and-view synthesis. However, high-
quality relighting remains challenging, as complex appearance like
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anisotropic re ectance is not modeled, and the shading computation
is usually con ned tosurface geometrgnly.

cues, and then compute isotropic surface re ectance. Structured
illumination is adopted to recover highly precise surface geometry,

In this paper, we present a novel representation based on spa- after which the appearance is computed [Holroyd et 2010; Xu

tial and angular Gaussians along with a triple splatting process,
for real-time, high-quality novel lighting-and-view synthesis from
around 500-2,000 multi-view input images, lit with one point light

et al. 2023]. Despite training an image-space neural renderer [Gao
et al 2020; Philip et al2021], both methods learn to relight using
bu ers rendered with xed, non-optimizable geometry. Due to the

at a time. To describe complex appearance, we replace the spheri-di culty in performing an end-to-end, joint optimization of shape

cal harmonics (SH) associated with each vanilla spatial Gaussian
with a Lambertian and a mixture of angular Gaussians (a di er-
entiable anisotropic spherical Gaussian modi ed from [Saito et al
2023; Xu et al2013]), essentially representing a microfacet normal
distribution (i.e., #! splatting). To e ciently support self-shadow,

we splat all spatial Gaussians toward the light source, by reusing
the same high-performance pipeline as the original screen-space
splatting (i.e., 29 splatting). To compensate for other e ects like
global illumination, we employ an additional multi-layer perceptron

and appearance, the result quality of the above work is limited: once
computed, errors in geometric estimation cannot be easily xed,
and may contaminate the subsequent appearance reconstruction.
On the other hand, few exception papers try to conduct a highly
involved optimization that alternates between solving for shape and
re ectance [Nam et al2018; Wu et al2015; Xia et al2016]; the
latter two even solve for unknown environment lighting. However,
due to the non-di erentiable nature of directly optimizing common
traditional representations, approximations/tricks have to be applied

(MLP) to compute a RGB tuple for each spatial Gaussian. The above from one place to another. Therefore, the result quality is still not

three factors are splatted to the camera and mixed to produce an
image (i.e., i splatting), whose di erence with a corresponding
input photograph drives the optimization of our representation in a
end-to-end, fully di erentiable manner.

The e ectiveness of our representation is demonstrated on sam-
ples with a wide variation in geometry and appearance. With a
modest increase in footprint and training/runtime computation
compared with GS, we obtain high-performance and -quality syn-
thesis results under novel lighting and view conditions. These results
compare favorably with state-of-the-art techniques in terms of qual-
ity/performance. Our representation can handle a wide spectrum of
input data, including rendered images of synthetic/reconstructed
objects, as well as photographs captured with a smartphone and
a ash, or from a professional lightstage. Our code and data are
publicly available at https://GSrelight.github.io/.

2 RELATED WORK

Below we review the most relevant work mainly in chronological
order. While some existing papers require additional lighting es-
timation/decoupling, we would like to emphasize that this paper
focuses on a general relightable representation only. We assume
that the lighting is known or calibrated, and can work well with a
wide spectrum of input data, from synthetic images to photographs
captured with a low-end camera or a high-end lightstage. Interested
readers are referred to excellent recent surveys for a broader view
of the topic [Fei et al. 2024; Tewari et al. 2022; Wu et al. 2024].

2.1 Traditional Relighting

While widely deployed in practice, traditional representations, such
as 3D surface mesh and parametric SVBRDF which varies with
location, view and lighting directions, are challenging to optimize
jointly. The majority of existing work performs separate estimations
of shape and appearance, the latter of which is typically represented
as attributes de ned on a known 3D geometry. Dense lights are
used to remove adversarial e ects like strong specular re ections
to enable geometry reconstruction with multi-view stereo, prior to
re ectance estimation [Kang et a2019; Tunwattanapong et.&013].
Zhou et al. [2013] recover a 3D shape from multi-view photometric
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satisfactory. It is not even clear if the optimization converges.

2.2 Neural Relighting

With the advances in deep learning, neural implicit representations
and/or modern large-scale optimization tools make it possible to
jointly solve for geometry and appearance in a fully di erentiable,
end-to-end fashion. Compared with traditional relighting, direct
optimization with respect to input photographs leads to higher
quality results. Implicit representations like NeRF [Mildenhall et al
2020] demonstrate unprecedented quality in novel view synthesis.
And considerable research e orts are made to extend the idea to
relighting [Bi et al. 2020; Munkberg et aR022; Sun et ak021;
Zhang et al 2021b]. Due to the space limit, below we brie y review
representative approaches.

One class of existing work takes images underknownenvi-
ronment lighting(s) as input, and has to deal with the fundamen-
tal lighting-material ambiguity. These methods typically integrate
approximate physical-based rendering (PBR), along with various
regularization to better condition the optimization. Boss et al. [2021]
assume spatial coherence and jointly optimize a compressed latent
BRDF space. Zhang et al. [2021a] employ a homogeneous specular
appearance. Both methods ignore occlusion and indirect illumina-
tion. Extending from surface BRDFs, a MLP-predicted micro ake
volume is proposed in [Zhang et 22023]. Jin et al. [2023] calculate
visibility from the volume transmittance in a Siamese radiance eld,
and consider second-bounce illumination. A pre-trained neural ren-
derer is proposed in [Liang et a2023a], as a neural approximation
of the explicitly PBR rendering equation. Lyu et al. [2022] incor-
porate PBR prior by bootstrapping light transport modeling with
synthesized OLAT images as training data, and re ne the result with
captured photographs. The shape and appearance are not optimized
in tandem.

Another class of work directly takes photographs captured with
known/calibratedighting conditions as input. Srinivasan et al. [2021]
train MLPs to predict elds of volumetric density, surface normal,
material parameters, intersection, and visibility, which are jointly
optimized via inverse rendering. Yu et al. [2023] employ a neural


https://GSrelight.github.io/

scattering function that approximates radiance transfer from a dis-
tant light, with OLAT input images. Recently, Zeng et al. [2023]
improve over [Gao et al2020] with a neural implicit radiance rep-
resentation, and add shadow and highlight hints to help a network
to model high frequency light transport e ects. A hybrid point-
volumetric representation is proposed in concurrent work [Chung
et al. 2024] for e cient inverse rendering. Due to hard visibility
thresholding, transparent/furry objects are not supported.

While most state-of-the-art neural techniques can produce high-
quality results, both the training and rendering costs are substan-

tially more expensive than, e.g., GS-based methods. And it is non-

trivial to directly apply the ideas here to GS, due to the considerable
di erences between the representations.

2.3 Gaussian-Spla ing-Based Relighting

Recently, 3D Gaussian Splatting [Kerbl et 2023] introduces a
highly e cient di erentiable rasterization pipeline for a Gaussian-
based representation, substantially improving the training time and
runtime performance. Low-order SH is employed in each vanilla

GS: E icient Relighting with Triple Gaussian Splaing = 3

3 PRELIMINARIES

Our pipeline builds upon the highly e cient GS [Kerbl et aR023].
Similarly, we represent the geometry with anisotropic 3D Gaussians
(or spatial Gaussianis this paper), whose density at a 3D location
pis de ned as:
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='(( )'), where( is a scaling matrix and is a rotation matrix.
Each spatial Gaussian is associated with an opaditsnd a color
Co. To generate an image, the spatial Gaussians are projected to the
screen as 2D Gaussian splats. Then, for each pixel, its intersecting
Gaussian splats are sorted and alpha-blended as follows:
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Here' is the nal color of the current pixel) gis the cumulative
opacity for the top-most9Gaussian splats, and is the density at

Gaussian to represent Lambertian-dominant appearance variations the current pixel center of the k-th Gaussian splat.

under a xed environment lighting. Several approaches replace SH
with higher-frequency functions to improve the view-dependent
synthesis quality, which, however, cannot support lighting change
[Malarz et al. 2023; Yang et al. 2024; Ye et al. 2024].

Towards the goal of relighting with more complex, general ap-

pearance, a number of techniques have been proposed. Similar to

neural relighting, the majority of related work here takes images
under an unknown environment lighting as input [Gao et.&023;
Jiang et al2023; Liang et ak023b; Shi et aR023]. The basic idea

is to model the appearance for each 3D Gaussian as an isotropic

parametric BRDF, precompute or ray-trace the visibility, sample
indirect illumination and store as low-frequency SH, and perform
inverse rendering. All these methods require well de nedrface
normals to properly regularize their optimizations, which limits the
applicable geometry to opaque ones with clear boundaries.
Another line of work takes images captured with varying light

sources as input. Saito et al. [2023] propose a relightable head avatar.
For each 3D Gaussian, the specular re ectance is modeled as a

single learnable isotropic spherical Gaussian, and the light visibility
is computed from a neural network.

All the above work for general objects/scenes does not handle
challenging appearance such as anisotropic re ections, with the
exception of specialized models (e.g., [Luo et28124] for hair).
Their relighting quality is limited, when compared with latest neu-
ral relighting approaches (e.g., [Zeng et 2D23]). In comparison,
we present the rst general GS-based relightable representation
for complex geometry and appearance. Unlike the aforementioned
work, we do not rely on any regularizations/strong priors in the
optimization (e.g., we do not require well de ned surface normals),
which can be fragile in handling complex cases. Our quality is com-
parable to or higher than state-of-the-art neural relighting, while
our computation is substantially more e cient, by exploiting the
di erentiable rasterization pipeline of GS.

4 OUR APPROACH

We take photographs of an object/scene from di erent calibrated
views, lit with one point light at a time as input, and output a set
of spatial Gaussians to represent the geometry, each of which is
associated with an opacity and an appearance function, mainly
represented as a linear combination of angular Gaussians.

To e ciently render an image under a point light, a deferred
shading approach is adopted. First, we color each spatial Gaussian
by evaluating its appearance function, and splat them intsreding
image(Sec. 4.1). Next, for each spatial Gaussian, we compute a
shadow value by splatting all of them towards the light (which we
call shadow splatting and re ne it with an MLP. We color each
spatial Gaussian with its own shadow value, and splat them into
ashadow imagéSec. 4.2). Finally, we color each spatial Gaussian
with another MLP that represents unhandled e ects like global
illumination, and splat them into aesidual imagéSec. 4.3). The
nal rendering result is computed by multiplying the shading image
with the shadow one, and adding the residual image, on a per-pixel
basis. Please refer to Fig. 2 for a graphical illustration.

For training, an end-to-end, joint optimization of spatial Gaus-
sians and corresponding appearance functions are performed. Sim-
ilar to vanilla GS, it minimizes the di erences between the input
photographs and our rendering. Adaptive density control in GS is
also applied.

4.1 Shading

To accurately represent complex appearance (e.g., anisotropic re-
ections), we replace for each spatial Gaussian the low-order SH as
de ned in vanilla GS with a view- and lighting-dependent function
5as:

5:8%8%°=d358P, dz3'8 383 @
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Fig. 2. Our deferred-shading-based pipeline. First, we color each spatial Gaussian by evaluating its appearance function, defined as a Lambertian plus a linear
combination of basis angular Gaussians, and splat into a shading image. Next, for each spatial Gaussian, we compute a shadow value by spla ing all of them
towards the light (i.e., shadow spla ing), and refine it with an MLP. We color each spatial Gaussian with its shadow value, and splat them into a shadow
image. Finally, we color each spatial Gaussian with another MLP that represents unhandled e ects like global illumination, and splat them into a residual
image. The final rendering result is computed by multiplying the shading image with the shadow one, and adding the residual image, on a per-pixel basis.

Hereds/dgis the di use/specular albeddg/Sis the di use/specular whereUg is a weight, anch®is the half vector computed als® =
e_lppearancg fuonption to be dg ngd in Fhe re_mair_lder of this s_ubsec- kg 8 g gk_ ang9is an angular Gaussian, de ned as:

tion, and8 /83 is the local lighting/view direction, respectively. 8 =>
The learnable shading frame at a spatial Gaussian is de nechas [

t, b], which, as the name suggests, consists of normal, tangent and rccosh® Zoq 19%02 1 §»"Yozaza
. . . 1 © 1A ST
binormal. In practice, we do not explicit store the three vectors. angth’ = Zexp. = ' (7)
Instead, we use a unit quaternion to express an equivalent rotation f 2 fi
« « -

transform from the world space to the shading frame of a particular
Gaussian. Note that the shading frame is totally independent from
the 3 axes of the spatial Gaussian (represented)in

To generate a shading image, we color each spatial Gaussian by
evaluating5, and then perform splatting. Below we describe the
details abouty and .

Di use Appearance. We modify a common cosine-weighted
Lambertian function to the following functiory:

Here [x, y, 7] is the local frame of the angular Gaussias?,is the
normalized result of the projection df® onto the x-y plane, and

f o/f ~/f| are the standard deviations in three dimensions. Note that
we extend the isotropic de nition in [Saito et a023] with [Xu

et al. 2013] to support anisotropy. Directly employing the de nition
from [Xu et al. 2013] often cannot model highly specular re ections
well, and its smooth term is unfriendly to di erentiable optimization,

® ELUNO ggb, Yi1 %0 according to [Saito et al2023] and our pilot study. We call the
3188’ = 1 i1 leo " (5) evaluation of Eq. 6 aangular Gaussian splattings it involves the
. 3c mixing of multiple Gaussians.
HerenPis the normal in the shading frame, and we set the hyper- Furthermore, for a particular object/scene, a set of the basis an-
parameter of ELU antfas 0.01. Note tha is slightly di erent gular Gaussians are shared across all spatial Gaussians, essentially
from the standard de nition, and its gradient is non-zero for a2, exploiting the spatial coherence to better condition the optimization,

which is amenable for di erentiable optimization. In comparison, as common in related work [Chen et.&014; Lensch et a2003;
the original cosine-weighted Lambertian has a zero gradient over Nam et al 2018]. Consequently, for each spatial Gaussian, the com-
the lower hemisphere, which would form a "dead zone" once the plete set of learnable parameters to representaronsist of h, t, b],

optimization gets stuck there. [x,v,2), [fe f~,f1], d3, ds, and the set of weightd g} to linearly
Specular Appearance. To represent complex all-frequency spec- combine the shared basis angular Gaussians, whose total number
ular appearance, we modé&t as a mixture of modi ed anisotropic is 8 in main experiments. Note that when the input appearance
spherical Gaussians (denoted asgular Gaussianis this paper) information is su cient to condition our optimization [Ma et al
below: o) 2021; Tunwattanapong et.#013], it is possible to use a separate set
%8 g.g Qo = U angglhOO. (6) of angular Gaussians for each spatial Gaussian, instead of sharing
9 them, to further improve the result quality.
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