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Fig. 1. Our splatting-free framework ensures consistency between forward path-traced rendering and backward optimization. We demonstrate recovered 3D
Gaussian assets under physically based multi-bounce global illumination in a heterogeneous scene, where all objects except the light sources, walls, and
metallic box are modeled as 3D Gaussian primitives. This allows the recovered Gaussian materials to be reused for path-traced rendering and relighting.

Ray tracing enables 3D Gaussian fields to serve as a representation for
physically based light transport. Faithful inverse rendering requires forward
rendering and backward optimization to be defined within a consistent light-
transport pipeline. Existing Gaussian inverse-rendering methods typically
rely on splatting-derived G-buffers and screen-space optimization. The local
affine approximation of perspective projection can introduce inconsistencies
with path tracing, while simplified rendering formulations often neglect or
approximate indirect illumination and visibility. Therefore, we propose a
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splatting-free path-traced inverse-rendering framework for 3D Gaussian
fields that unifies forward rendering and backward optimization within
the same recursive multi-bounce light-transport pipeline. We formulate
light transport over overlapping Gaussian primitives directly in path space,
enabling Monte Carlo path tracing and pathwise gradient replay over the
same recursively sampled transport paths. The framework jointly optimizes
materials and environment light under the full rendering equation, with
ray-traced visibility and global illumination explicitly evaluated. Extensive
experiments demonstrate competitive material estimation and improved
path-traced rendering quality, producing more plausible shadows, reflections,
and relighting under global illumination. The code is available at https:
//junkzhu.github.io/project_pages/PTIR.
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1 INTRODUCTION

3D Gaussian Splatting (3DGS) has achieved remarkable success in
novel view synthesis [Kerbl et al. 2023], becoming an important
representation for 3D scene perception and understanding. Most
3DGS methods rely on rasterization, projecting Gaussian primitives
onto the image plane and compositing them through ordered al-
pha blending. This formulation is highly effective for image-space
reconstruction, but physically based inverse rendering requires re-
covered materials to remain valid under light transport involving
ray-space visibility and indirect illumination. Ray tracing provides
a physically based rendering paradigm for 3D Gaussian fields by
treating Gaussians as scene primitives in light transport simulation,
naturally supporting shadows, reflections, and indirect illumination
that remain challenging to model in splatting-based pipelines [Hu
et al. 2026; Moenne-Loccoz et al. 2024; Xie et al. 2024].

As illustrated in Fig. 2, existing inverse-rendering methods for
Gaussian representations typically estimate physically motivated
properties from splatting-derived G-buffers optimized with screen-
space shading objectives. However, splatting sorts Gaussians ac-
cording to their center depths [Gao et al. 2024], whereas ray tracing
determines interactions from their peak responses along each ray.
In addition to the depth inconsistency, projecting a 3D Gaussian
into a 2D splat through a local affine approximation can introduce
additional errors. Consequently, naively integrating materials in-
verted with splatting-based methods into a path-traced rendering
pipeline can lead to severe artifacts, revealing that the recovered
properties remain tied to screen-space optimization rather than
path-space transport. Moreover, these methods typically rely on
simplified rendering equations. Without multi-bounce path tracing,
indirect illumination is often neglected, while visibility effects such
as shadows are approximated using precomputed or rasterization-
based terms.

We therefore introduce a splatting-free inverse-rendering frame-
work based on a path-space equivalent interaction model for 3D
Gaussian fields. Under this model, forward Monte Carlo path trac-
ing and backward optimization are performed over the same ray-
traced Gaussian interactions without relying on splatting. We con-
struct equivalent surface interactions in ray space, evaluate visi-
bility through ray tracing, and perform multi-bounce path tracing
under the full rendering equation. Gradients are propagated by re-
playing the same interactions using path replay backpropagation
(PRB) [Vicini et al. 2021]. Multiple importance sampling and a com-
pact Spherical-Gaussian environment parameterization are used for
variance reduction and stable lighting optimization. Experiments
demonstrate competitive material estimation quality together with
improved consistency in path-traced rendering, relighting, and ap-
pearance editing. The main contributions of our work are as follows:

e We propose a splatting-free path-traced inverse rendering frame-
work for 3D Gaussian fields, where forward rendering and
backward optimization are defined within the same ray-tracing
pipeline, avoiding the mismatch between splatting-based mate-
rial estimation and path-traced rendering.

e We formulate path-space light transport for 3D Gaussian fields
under the full rendering equation, where equivalent surface
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Fig. 2. Path-traced evaluation of inverse-rendered 3D Gaussian assets. (Left)
Splatting orders Gaussians by their center depths, whereas ray tracing
determines effective depths from peak-response locations along each ray.
(Right) R3DG [Gao et al. 2024] optimizes materials within a splatting-based
pipeline, resulting in inconsistencies under path-traced rendering, while our
framework produces more consistent results.

interactions define shading states for material and illumination
optimization through recursive multi-bounce transport.

e We experimentally demonstrate that material and illumination
can be recovered in 3D Gaussian fields within a ray-traced light-
transport pipeline, achieving competitive inverse-rendering qual-
ity while enabling physically based relighting and appearance
editing under global illumination.

2 RELATED WORK
2.1 Ray Tracing of Gaussian Primitives

3D Gaussian Splatting (3DGS) [Kerbl et al. 2023] represents radi-
ance fields with anisotropic 3D Gaussian primitives and enables
real-time novel-view synthesis through tile-based splatting. How-
ever, its screen-space compositing and spherical-harmonic view-
dependent appearance limit effects involving incoherent light paths.
HTGS [Hahlbohm et al. 2025] performs perspective-correct Gauss-
ian evaluation along per-pixel viewing rays and introduces hybrid
transparency to reduce depth-ordering artifacts. 3DGUT [Wu et al.
2025] employs an unscented-transform formulation for nonlinear
camera models and supports hybrid rendering with traced secondary
rays. These methods retain rasterized primary visibility, whereas
fully ray-traced formulations process primary and recursively gener-
ated rays within a unified ray-tracing pipeline. For fully ray-traced
rendering, 3D Gaussian Ray Tracing (3DGRT) [Moenne-Loccoz
et al. 2024] approximates Gaussians with icosahedral mesh proxies
and constructs a scene-level BVH for hardware-accelerated differ-
entiable ray tracing. Similarly, Byrski et al. [2025] use ellipsoidal
proxies for accurate ray—primitive intersections. Several works [Hu
et al. 2026; Sun et al. 2025b] improve efficiency with probabilistic
ray-intersection tests that reduce ray payload overhead and avoid
explicit sorting. Another line of research [Condor et al. 2025; Zhou
et al. 2024] reformulates Gaussian light transport for volumetric
rendering. EnvGS [Xie et al. 2024] models environmental reflections
by ray tracing Gaussians visible only through indirect paths. Be-
yond 3D Gaussians, 2D Gaussian Splatting (2DGS) [Huang et al.
2024] improves geometry with anisotropic 2D primitives, while
IRGS [Gu et al. 2025] introduces 2D Gaussian ray tracing for inter-
reflections. Poirier-Ginter et al. [2025] use ray tracing for physically
based specular reflections.



2.2 Inverse Rendering of 3D Gaussians

Reconstructing scene geometry, materials, and illumination from
multi-view images via inverse rendering remains highly challenging.
Recent advances in 3DGS have inspired several works to integrate
traditional shading models into the 3D Gaussian framework to disen-
tangle radiance into explicit material and lighting components [Guo
et al. 2024; Jiang et al. 2024; Sun et al. 2025a; Wu et al. 2024]. For
relighting, Gao et al. [2024] bake occlusion and indirect illumina-
tion via point-based ray tracing, while Liang et al. [2024] adopt a
split-sum approximation of the rendering equation and store pre-
computed occlusion and indirect terms in volumes. In contrast, Bi
et al. [2024] and Fan et al. [2025] bypass explicit lighting models and
instead regress global illumination effects using neural networks,
which is particularly effective for challenging structures such as
hair. Gu et al. [2025] proposed a 2D Gaussian-based ray-tracing
approach to efficiently sample incident radiance and compute inter-
reflections. Jiang et al. [2025] extended classical radiosity to Gauss-
ian surfels and formulated a differentiable solution for global light
transport; however, due to the low-frequency nature of radiosity,
their method cannot faithfully capture high-frequency illumination
effects. Poirier-Ginter et al. [2025] optimize materials in 3D Gaussian
scenes using path tracing driven by multi-view G-buffers. Yang et al.
[2026] recover diffuse albedo through single-bounce optimization
using a reconstructed radiance cache and apply multi-bounce path
tracing after scene editing.

Environmental illumination is a key component of inverse ren-
dering and has been represented by image-based lighting [Debevec
1998], spherical harmonics [Ramamoorthi and Hanrahan 2001],
spherical Gaussians [Wang et al. 2009], and Haar wavelets [Ng
et al. 2003]. Existing methods either explicitly optimize lighting rep-
resentations or implicitly encode illumination in neural fields [Du
et al. 2024; Ling et al. 2024; Yao et al. 2022; Zhang et al. 2023]. Several
works approximate the rendering equation through closed-form SG
integration [Zhang et al. 2021, 2022], whereas TensolR [Jin et al.
2023] evaluates environment illumination by ray sampling, which
naturally aligns with our ray-traced formulation.

Our method follows a different formulation from these approaches.

Existing Gaussian inverse-rendering methods typically remain cou-
pled with splatting-based material buffers, screen-space visibility,
precomputed transport terms, or use ray tracing only as an aux-
iliary component for selected effects. In contrast, we consider a
splatting-free, perspective-correct path-tracing setting, where ma-
terial recovery and relighting are performed under multi-bounce
global illumination without precomputed light-transport approxi-
mations.

Concurrent and independent work, SRT-GS [Xu et al. 2026], intro-
duces a sorting-free stochastic estimator for differentiable ray-traced
3DGS reconstruction and extends it to a neural relightable repre-
sentation. It propagates gradients through Monte Carlo-sampled
Gaussian interactions, while our framework uses path replay to op-
timize explicit material parameters through BRDF evaluations along
recursively sampled multi-bounce transport paths. Its stochastic
estimator could potentially accelerate the ray-Gaussian evaluation
component of our pipeline.
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3 METHOD

We first introduce the necessary background definitions (Sec. 3.1).
We then present path-space light transport for 3D Gaussian fields
with path-traced global illumination (Sec. 3.2). Next, we describe the
learnable Spherical-Gaussian environment light (Sec. 3.3). Finally,
we formulate inverse rendering by replaying the same path-space
interactions for gradient propagation (Sec. 3.4).

3.1 Preliminary

3.1.1 3D Gaussian Primitives. Each Gaussian primitive is further
associated with material attributes, including shading normal n €
R3, albedo a € R3, roughness r € R, and metallic m € R, in addition
to the vanilla 3D Gaussian parameters [Kerbl et al. 2023].

For each Gaussian primitive intersected by a ray, we first identify
its maximum-response point along the ray r(¢) = o + td. This point
corresponds to the peak of the Gaussian response along the ray and
admits a closed-form solution [Moenne-Loccoz et al. 2024]:

. d'> Yo - u. . .

B i)
a7z d

where p; denotes the center of the i-th Gaussian primitive and X;

its covariance matrix encoding anisotropic shape. Since Eq. (1) is

analytic, both and pl(]ie)ak are differentiable with respect to the ray

O

peak
parameters and Gaussian parameters, enabling gradient propagation
through the response query. At this point, we evaluate both the
Gaussian response and the associated local material attributes of

the primitive. The effective opacity is defined as
a; = CfiP(PI(,Z,k) ; @

where o; denotes the opacity parameter of the i-th Gaussian prim-
itive, and p is the Gaussian density evaluated at its maximum-
response point. This quantity is later used to determine interaction
validity and to weight material aggregation.

3.1.2  Rendering Equation. Consistent with prior Gaussian inverse
rendering works [Gao et al. 2024; Gu et al. 2025; Sun et al. 2025a],
we focus on opaque, surface-dominated scenes. Given an equiv-
alent surface interaction at x and an outgoing direction w,, the
outgoing radiance is described by the classical surface rendering
equation [Kajiya 1986]:

Lo(x, @) = Le (x, @0) + / £ (% 01, @0)Li (x, 1) (n-@0;) dws,  (3)
Q

where L,, L;, and L, denote the outgoing, incident, and emitted
radiance, respectively; w; and @, denote the incident and outgoing
directions; and Q denotes the upper hemisphere defined by the
shading normal n. Since we assume non-emissive Gaussians, L, =
0 at Gaussian surface interactions. The function f, denotes the
bidirectional reflectance distribution function (BRDF). We adopt a
simplified Disney BRDF [Burley 2012], parameterized by diffuse
albedo a, roughness r, and metallic value m. The BRDF in Eq. (3)
combines a Lambertian diffuse term f; = £ and a Cook-Torrance
specular term f;:

DFG
4(n-w;) (n w,)’
where D, F, and G denote the GGX normal distribution function,
the Schlick Fresnel term, and the Schlick-GGX geometry term,
respectively.

fs(wi, wo) = 4
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Fig. 3. Our framework jointly defines forward rendering and backward optimization for 3D Gaussian fields within a unified ray-tracing pipeline. Given a
3D Gaussian scene, we construct ray-traced equivalent surface interactions, evaluate visibility and multi-bounce path-traced light transport under the full
rendering equation, and support optimization of environment illumination using a compact Spherical-Gaussian representation. Multiple importance sampling
reduces the variance of incident radiance estimation. Gradients are propagated through path replay backpropagation via equivalent interactions, ensuring
consistency between backward optimization and the forward ray-traced transport paths.

Applying Eq. (3) to 3D Gaussian fields requires defining both sur-
face interactions and light transport in path space. Instead of query-
ing an explicit surface, each scattering event is constructed from
the responses of overlapping Gaussians for BRDF evaluation. The
rendering integral is then estimated through stochastic sampling
and ray-traced visibility, while recursive ray propagation accounts
for multi-bounce indirect illumination. This formulation provides
a common physical basis for both path-traced rendering and the
subsequent inverse optimization.

3.2 Ray-Traced Light Transport in 3D Gaussian Fields

Path tracing naturally models global illumination through multi-
bounce light transport. Ray tracing provides a unified way to evalu-
ate surface interactions, visibility, and secondary rays in ray space,
which remains challenging for purely rasterization-based pipelines.

We trace rays directly through 3D Gaussian fields in a perspective-
correct manner, rather than relying on the affine projection used
in splatting. Our formulation targets solid objects, where Gaussian
primitives are interpreted as surface-oriented elements rather than
volumetric media such as smoke, as considered by the VPPT inte-
grator of Condor et al. [2025]. Under this assumption, the Gaussian
field forms a thin-shell surface representation, allowing ray—surface
interactions to be modeled without treating the field as a participat-
ing medium or sampling volumetric scattering events along the ray.

Q p o
& T - / & i (// @

4 ’ MC Sampled o
Equivalent Interaction
MC Sample 2

a. Aggregate Modeling Strategy b. Discrete Modeling Strategy

Fig. 4. Different modeling strategies for ray-Gaussian interactions. (a) The
aggregate strategy treats overlapping Gaussians as a single equivalent
interaction. (b) The discrete strategy samples one primitive according to the
opacity responses and treats it as the interaction.
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3D Gaussians are semi-explicit primitives: a local surface is typi-
cally represented by multiple overlapping Gaussians, so a ray inter-
action cannot always be assigned to a single primitive. In this work,
we adopt an aggregated-surface interpretation (Fig. 4(a)), widely
used and empirically supported in splatting-based methods, in which
nearby contributing Gaussians jointly define an equivalent inter-
action state. Ray spawning and shading are then performed from
this representative state, rather than from a stochastically selected
primitive. A discrete micro-surface interpretation (Fig. 4(b)) is also
compatible with our framework by replacing the aggregation with
stochastic selection of a contributing Gaussian primitive, but we
found it more sensitive to local geometric inconsistencies in practice
(Fig. 13). Path replay can propagate gradients through the selected
interaction, so stochastic selection does not introduce additional
nondifferentiability.

3.2.1 Path-Space Equivalent Surface Interaction. Under the above
assumption, our goal is to define a stable path-space representative
interaction for the local aggregated surface encountered by the
ray. This interaction provides a common path-space state for BRDF
evaluation, ray spawning, and gradient replay.

Interaction Validity. Monte Carlo path tracing inherently intro-
duces stochastic variance in the transport estimator. In 3D Gaussian
fields, however, a ray may additionally accumulate weak responses
from Gaussian tails or unstable overlaps that do not correspond to
stable local surface interactions. If such unreliable responses are
directly treated as valid hits, they can lead to unstable interaction
depth and material estimates, and this instability further propagates
through multi-bounce transport.

Therefore, we enforce a geometric validity criterion based on the
accumulated contribution weight along the ray, i.e., the predicted
opacity. A candidate path-space interaction is valid only when this
weight exceeds a geometry threshold:

N
Xgeom = H(Z Ty > Tg) B ()

i=1

where Ygeom € {0, 1} denotes a binary indicator of geometric valid-
ity, T; is the accumulated transmittance up to the i-th Gaussian along
the ray, ¢; is the effective opacity of the i-th Gaussian evaluated at



the ray interaction location, and 7, is set to 0.5 by default. Since the
Gaussian geometry is constructed using the same response-based
accumulation mechanism during training and is further regularized
by a mask entropy loss that encourages foreground opacity toward
one, this criterion does not introduce noticeable discontinuities
during inverse rendering in practice.
Interaction State. Conditioned on a valid path-space interaction
p, we then define an equivalent interaction state s, that represents
the aggregate contribution of the Gaussian primitives. Since this
state is intended to represent the local surface configuration rather
than the accumulated response magnitude itself, we use normal-
ized contribution weights to aggregate the contributing primitives.
Accordingly, the representative interaction depth is defined as
N (i) T a;
D =E[d | xgeom =1] = Z Wilio Wi = SN a0 (6)
i=1 j=11j @;

Under the valid-hit condition, wl-ll.\i , defines a conditional distri-
bution over the contributing Gaussian primitives. Accordingly, O
serves as the representative depth of the aggregated interaction.

Using the same normalized contribution weights, we further ag-
gregate the local material attributes to obtain the effective interac-
tion state. Specifically, the effective shading normal N € R?, albedo
A € R3, roughness R € R, and metallic M € R are defined as

N

N, AR M} = > wi{n;a;ri,m}, wi:%,
T

The aggregated normal N is normalized before BRDF evaluation.
The contribution-weighted attributes define the path-space shading
state of our equivalent-surface model, under which the induced

light-transport integral is evaluated using Monte Carlo path tracing.

™

3.2.2  Ray Spawning and Visibility Test. We use multiple importance
sampling (MIS) [Veach 1997] to estimate incident radiance at each
equivalent surface interaction, which reduces variance by combining
environment-light sampling and BRDF importance sampling. At the
i-th bounce, the incident radiance term in Eq. (8) can be compactly
expressed as

TERRORASE @) Leny (£, @4 () Lisa(risa)

Ll = Wenv i Wb df i ’ ( )
penv(wgl{/ " pbrdf(w](;zlf | Spi)

Environment-sampled Query BRDF-sampled Query

where we(rlll, and wéizlf are the MIS weights, V (-) denotes the visibility
estimated by the shadow-ray test, and ﬁi+1(ri+1) is the radiance
carried by the next-bounce ray r;,;.

Shadow Ray Test: We estimate shadow-ray visibility V(-) using
a stochastic transmittance test in the any-hit shader, following Hu
et al. [2026]. This yields a reliable estimate of transmittance while
allowing early termination in high-opacity regions for improved
efficiency.

Next-Ray Event Determination: The BRDF-sampled term in Eq. (8)
is evaluated by tracing the spawned ray r;;; and determining the
next transport event. For continuation rays, the stochastic transmit-
tance test used for shadow rays must be coupled with a geometric
validity check, since weak Gaussian-tail responses should not be
treated as valid secondary surface interactions. Accordingly, we
augment stochastic transmittance continuation with an additional
geometric validity criterion:

Xpass = ]I(Xgeom = 0) ]I(f < T;'ay) > § ~ (L[(O’ 1): (9)
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where Ypass € {0,1} indicates whether the spawned ray passes
through the Gaussian field when no valid subsequent interaction is
formed, Ygeom is the geometric validity indicator defined in Eq. (5),
and Tray denotes the accumulated transmittance along the ray.

Self-Intersection Rejection: A direct consequence of representing
a surface by overlapping Gaussian primitives is that rays spawned
from an equivalent interaction may immediately encounter residual
responses from primitives that already contributed to the same local
surface. Such responses do not correspond to a new transport event,
but to repeated intersections with the same aggregated thin-shell
surface, and can therefore introduce spurious self-occlusion for both
shadow rays and continuation rays.

A fixed origin offset treats self-intersection as a purely numerical
issue and does not generalize well across models, since the appro-
priate offset magnitude depends on object scale and local Gaussian
support thickness. We therefore introduce a backface-aware origin-
offset strategy that classifies local back-facing responses along the
spawned ray as self-intersections and advances the ray origin past
the corresponding Gaussian peak:

6=0+ Xself (tpeak +e)d, KNself = ]I(tpeak > 0) H(dTn > O) . (10)

Here 6 denotes the updated ray origin, t,cax is defined in Eq. (1), € is
a small positive constant for numerical robustness, and n denotes the
shading normal of the candidate Gaussian primitive. The condition
d"n > 0 identifies a back-facing response relative to the spawned
ray, which is treated as a repeated hit of the current aggregated
surface rather than a valid occluding interaction.

3.3 Learnable Environment Light

Incident directions sampled from the environment illumination
directly participate in BRDF evaluation and can affect gradient vari-
ance. In addition to conventional 2D environment maps or cube
maps, we optionally parameterize environment illumination using a
compact set of Nsy Spherical Gaussians (SGs). This continuous and
differentiable representation is compatible with Monte Carlo ray
sampling and multiple importance sampling (MIS), while its com-
pact parameter space yields smoother optimization and improved
stability under low-SPP training.

The SG lobe directions {r]i}ﬁsf’ are initialized uniformly over the
unit sphere via Fibonacci sampling [Gonzélez 2009], where n; € S?
denotes the unit direction of the i-th SG lobe. The radiance along
direction v is modeled as

Nsg
L(v) = Y eiexp(di(n; v =1)). e =R(xiy), (1)
i=1
where x; € R® denotes the unconstrained RGB amplitude param-
eter of the i-th SG lobe, A; controls its sharpness, and R(x;y) =
exp(softplus(x)/y) — 1 maps raw parameters to non-negative HDR
radiance values. This compact parameterization preserves high-
dynamic-range illumination, avoids invalid negative radiance, and
stabilizes environment-light optimization in our ray-traced inverse
rendering framework.

3.4 Inverse Rendering

3.4.1  Problem Formulation. Building upon the path-tracing frame-
work defined above, we formulate physically based rendering with
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multiple importance sampling (MIS) over 3D Gaussian fields. A cam-
eraray is denoted as r(o, d), where o and d denote the ray origin and
direction, respectively. Given a camera ray r, the rendered radiance
is expressed as

. (12)

K N;
T(1) = ) i forar(sp) Li(6,di),  sp, = @i, Y wi©;
i=0 Jj=1
where f; is the path throughput up to the i-th bounce, fyr4r(sp;)
is the BRDF evaluated at the equivalent interaction state s, and
L;(¢,d;) denotes the incident radiance arriving from direction d;
under lighting ¢. Each path-space interaction p; is associated with a
local shading state sp, formed by aggregating the attributes of the
Gaussians contributing to that interaction, where ®(-) denotes the
mapping from the current ray and aggregated Gaussian attributes
to the local shading state.
Our goal is to jointly recover material attributes © and lighting
¢ by minimizing the discrepancy between rendered images and
ground-truth images Iy:

n(;i? Er~7r(r) [L(T(l‘, o, [), Igt(r))] > (13)

where 7(r) denotes the camera-ray sampling distribution over
image pixels, and p(r) = (po, p1, - - -, px) denotes the multi-bounce
light transport path induced by the camera ray r.

3.4.2  Gradient Propagation over Equivalent Interactions. Direct dif-
ferentiation of Eq. (13) with respect to the learnable parameters is
impractical for Monte Carlo path tracing;: it requires retaining a large
intermediate computation graph across many sampled paths, while
Gaussian aggregation further requires tracking the contributing
primitives and their interaction states, leading to substantial mem-
ory overhead. Existing inverse rendering methods in 3D Gaussian
fields [Gao et al. 2024] typically address this by caching interme-
diate screen-space states via splatting (e.g., G-buffers). In a fully
ray-traced pipeline, however, explicitly caching per-path states be-
comes increasingly expensive as the sample count and the number
of bounces increase.

We instantiate path replay backpropagation (PRB) [Vicini et al.
2021] over the same path-space equivalent interactions used by
the forward estimator. During replay, equivalent interactions are
reconstructed from replayed rays and random numbers, yielding a
pathwise gradient conditioned on the replayed sampling decisions.
The replayed contribution uses the same weighted estimator form
as the forward pass, with PDFs, MIS weights, visibility indicators,
and validity decisions evaluated on the replayed path and held fixed
during differentiation. Gradients propagate only through smooth
pathwise terms, including BRDF evaluation, equivalent interaction
attributes, incident radiance, and ray-direction reparameterization.
The resulting pathwise replay gradient can be expressed as

d7; dL; ad; aspi
aLi adi aspi (9@]' ’
—_———

oL :Z oL 9 ofwar (14)

00 i a7; aﬁ,rdf 3Spi
-
BRDF gradient Ray-induced gradient

Since the local BRDF value enters the path throughput multi-
plicatively at the current interaction, its derivative is accumulated
through the replayed throughput along the sampled path. For the
BRDF parameterization in this work, albedo a only affects the local
BRDF value but not the sampled direction and therefore receives
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gradients only through the BRDF branch, while roughness r affects
both the local BRDF value and the reparameterized outgoing di-
rection, and therefore additionally receives gradients through the
ray-induced branch.

Since each equivalent interaction is explicitly aggregated from
contributing 3D Gaussian primitives, the contribution weight of
each participating primitive is known. For local material attributes,
this allows gradients of the equivalent interaction state to be directly
redistributed to the contributing Gaussians:

98p;
ag;

= w;l)l, gj += wj(.l)épi, (15)

where g; denotes the local material-attribute vector of the j-th

Gaussian primitive, and w(.i) is its contribution weight at the i-th
replayed interaction. This weight-sharing between primal aggrega-
tion and gradient redistribution is what keeps the backward pass
aligned with the forward ray-traced estimator.

The gradient of the environment light parameters can be ex-
pressed as

dL;
at’

ot

oL Z 9L aF; oL; 16)

oL
o7 aL; ot _Zfﬂﬁiﬁ‘df

where the gradient flows from the rendering loss to the environment
parameters through the path throughput and the incident radiance
evaluated along replayed paths.

3.4.3 Training Objective. We optimize the material attributes ©
and the light parameters ¢ by minimizing an objective composed
of an appearance term Ly;ey, and regularization terms Lcg. Follow-
ing Kerbl et al. [2023], the appearance term combines an #; term
with a D-SSIM term:

Lyiew = (1 = As) L1 + As Lp-ssiv- (17)

For regularization Lcg, we apply an edge-aware total variation
penalty to the predicted material attribute maps. Let 7 denote the
set of regularized attribute maps. The smoothness term is defined
as

L= 3 IVIR) I exp( 11 VIg (D)) (18)
Iel p
where Iy is the reference RGB image used to compute the edge-
aware weights.

Jointly estimating material properties and environment light can
be ambiguous. Following Du et al. [2024], we introduce an early-
stage material prior to alleviate this coupling without requiring
per-scene parameter tuning. Specifically, we employ a monocular
diffusion-based estimator [Zeng et al. 2024] to provide material
priors and regularize the predicted material maps during the early
optimization stage:

.Creg =Av Liv + Apri Z Lo(1, Ipri)3 (19)
Iel

where I,y denotes the corresponding values predicted by the monoc-
ular prior. The prior weight A is initialized to 0.5, linearly decayed
to 0.005 over the first 400 iterations, and kept fixed thereafter. The
prior is assigned a relatively small weight and mainly provides weak
guidance for material initialization during early optimization, with
the RGB reconstruction loss remaining the primary supervision.
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Fig. 5. Albedo recovery results on benchmark datasets, demonstrating that our framework achieves superior performance on albedo recovery.

4 EXPERIMENTS AND ABLATIONS
4.1 Implementation Details

We implement our method in an NVIDIA OptiX-based ray-tracing
framework [Parker et al. 2010] and run all experiments on an NVIDIA
RTX 3090 GPU. We adopt a two-stage optimization pipeline. In
the first stage, Gaussian normals are supervised by depth-derived
pseudo-normals using an angular normal-consistency loss, together
with a normal prior from the same diffusion-based estimator de-
scribed in Sec. 3.4.3. Gaussian densification via splitting and cloning
is enabled in this stage. In the inverse-rendering stage, we fix the
geometry and optimize the model for 800 iterations. Optimization
is performed with 32 samples per pixel (SPP) and a maximum of 2
bounces, while final rendering uses 256 SPP. The D-SSIM mixing
weight is set to A; = 0.2, and the TV regularization weight is set
to Ay = 0.095. For the spherical Gaussian representation, we set
Ngg = 24 and y = 0.3, and use a learning rate of 0.035 for both
material and light parameters. A single filtering pass with a fixed
3 X 3 normalized binomial kernel is applied to the rendered image
during optimization to suppress Monte Carlo noise.

4.2 Results

We compare our method with state-of-the-art splatting-based inverse-
rendering approaches [Gao et al. 2024; Gu et al. 2025; Liang et al.
2024; Sun et al. 2025a]. IRGS [Gu et al. 2025] and SVG-IR [Sun et al.
2025a] incorporate indirect illumination through screen-space ap-
proximations. To align with these baselines, we fix the metallic

Table 1. Quantitative evaluation on TensolR dataset.

Albedo NVS  Relight Roughness Normal Training

Method

¢ PSNRT PSNRT PSNRT MSE| MAE|  Hours]
TensolR [Jin et al. 2023] 29.27 35.09 28.58 0.013 4.100 4.0
GS-IR [Liang et al. 2024] 29.94 35.33 24.37 0.027 4.948 0.5
R3DG [Gao et al. 2024] 29.27 33.35 27.37 0.016 5.927 1.1
SVG-IR [Sun et al. 2025a] 30.48 36.71 31.10 0.033 4.358 1.1
IRGS [Gu et al. 2025] 30.62 35.43 29.91 0.054 4.209 0.9
O Pri 31.04 36.50 31.31 0.023

urs w/o Prior 4028 04
Ours 32.12 36.17 31.84 0.015

Table 2. Quantitative evaluation on Synthetic4Relight dataset.

Albedo  NVS  Relight Roughness Training

Method
PSNRT PSNRT PSNRT MSE| Hours]

GS-IR [Liang et al. 2024] 19.48 33.95 25.40 0.011 0.4
R3DG [Gao et al. 2024] 28.65 34.10 33.12 0.010 0.9
SVG-IR [Sun et al. 2025a] ~ 29.06 36.10 32.59 0.009 1.0
IRGS [Gu et al. 2025] 30.50 34.42 34.35 0.008 0.7
Ours w/o Prior 30.80 36.84 33.82 0.008 06
Ours 31.09 36.66 34.59 0.008 ’

parameter to zero and use a 128x64 2D environment map for bench-
mark evaluations. Given sufficient optimization, this higher-capacity
representation offers flexibility for fitting complex illumination and
can achieve stronger benchmark performance. Separately, for our

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.
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Table 3. Quantitative evaluation on RT4Relight dataset.

Albedo  NVS  Relight Roughness Training

Method
PSNRT PSNRT PSNRT MSE| Hours]

GS-IR [Liang et al. 2024] 23.89 33.87 24.91 0.083 0.5
R3DG [Gao et al. 2024] 25.80 34.61 24.60 0.025 0.9
SVG-IR [Sun et al. 2025a] 26.71 36.63 27.77 0.022 14
IRGS [Gu et al. 2025] 29.28 36.35 29.56 0.065 0.7
Ours w/o Prior 29.34 36.49 29.81 0.018 o
Ours 29.57 35.99 30.76 0.016 ’

standalone real-world experiments, we adopt the compact spherical
Gaussian illumination representation, which enables faster conver-
gence and smoother optimization gradients.

Results on Benchmark Datasets. We evaluate on TensolR [Jin et al.
2023], Synthetic4Relight [Zhang et al. 2022], and RT4Relight. These
synthetic datasets provide ground-truth materials and relighting
images, enabling quantitative evaluation of material decomposition
and relighting quality. Quantitative results in Tabs. 1, 2, and 3 show
that our method achieves competitive and stable performance across
most metrics while maintaining competitive training efficiency.
Training time is averaged across all scenes. Qualitative albedo and
roughness results are shown in Figs. 5 and 6.

GT IRGS SVG-IR Ours w/o Prior Ours

Fig. 6. Roughness recovery results. Our recovered roughness is closer to the
ground truth, while the diffusion prior helps regularize early optimization
and suppress degenerate low-roughness artifacts.

IRGS SVG-IR Ours
PSNR: 23.98 PSNR: 26.77 PSNR: 28.71

PSNR: 26.99 I PSNR: 23.63 I PSNR: 29.03 I I

Fig. 7. Indirect-only rendering results from inverse-rendered scenes. Our
result is obtained through path tracing under the full rendering equation,
yielding indirect-light estimates that are closer to the ground truth.
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Global lllumination Direct Illumination Indirect lllumination

&

IRGS

Ours

Fig. 8. Multi-bounce light transport result. Compared with IRGS [Gu et al.
2025], our path-traced framework explicitly traces repeated light bounces
under the full rendering equation, enabling more consistent direct illumina-
tion, reflections, and indirect radiance.

1

Albedo Direct Indirect

&
&
o

GT

SVG-IR

Qurs

bmﬁ::

Albedo

Roughness

QomEmam

Fig. 9. Cornell box inverse rendering and material editing with a maximum
of 4 bounces. Material edits in our framework, including albedo and rough-
ness changes, affect not only the directly visible appearance but also global
illumination effects such as indirect radiance and color bleeding.
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t

Fig. 11. Relighting results from our method on Stanford-ORB [Kuang et al. 2023], DTU [Aanaes et al. 2016], and Mip-NeRF 360 [Barron et al. 2022] scenes. We
demonstrate relighting with environment maps and near-field light sources, producing consistent illumination and soft shadows under the target illumination.

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.
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Results on Global Illumination. We compare our method with
IRGS [Gu et al. 2025] and SVG-IR [Sun et al. 2025a] in terms of indi-
rect illumination (Fig. 7). When the recovered objects are rendered
in a forward path-tracing pipeline, our method produces more plau-
sible indirect illumination (Fig. 8). IRGS models indirect illumination
using spherical-harmonic values attached to Gaussians, which can
lead to inaccurate indirect-light intensity when evaluated under
multi-bounce global illumination. Experiments on the Cornell-box
scene (Fig. 9) suggest that multi-bounce global illumination helps
disentangle surface albedo from color bleeding. Moreover, due to the
consistency between forward rendering and backward optimization,
material edits propagate to the resulting global illumination.

Relighting Results on Synthetic and Real Datasets. We first compare
relighting on synthetic benchmarks (Fig. 10). For real objects without
ground-truth relighting, we show single-object results on Stanford-
ORB and DTU, and scene-level results on Mip-NeRF 360 scenes
(Fig. 11) under environment maps and near-field lights. Our path-
traced framework naturally accounts for visibility under the target
illumination. Relighting is evaluated through Monte Carlo path trac-
ing without relying on screen-space visibility or cached transport.
This enables realistic soft shadows and illumination changes, es-
pecially under near-field lights, supporting physically consistent
relighting and appearance editing.

4.3 Ablation Study

We conduct ablation studies on the TensolR dataset without prior
regularization to validate the effectiveness of key components (Tab. 4)
and analyze the effects of different implementation settings (Tab. 5).

Global Illumination. Modeling global illumination with the full
rendering equation via multi-bounce transport improves material
recovery and relighting quality over direct illumination alone, high-
lighting the importance of indirect light transport for inverse ren-
dering (Fig. 12(a) and the 1-bounce setting in Tab. 5).

Table 4. Ablation study of key components on TensolR dataset (w/o Prior),
demonstrating the effectiveness of each component.

Method Albedo PSNRT NVS PSNRT Relight PSNRT
w/o Geom. Criterion 30.96 36.19 31.13
w/o Backface-aware Offset, €, = 0.025 30.89 36.16 31.13
w/o Backface-aware Offset, ¢, = 0.05 30.94 36.38 31.24
Discrete Interaction 30.71 36.15 30.65
Full 31.04 36.50 31.31

Geometric Validity Criterion. The geometric-validity criterion for
ray continuation in Eq. (9) introduces a stricter condition for sec-
ondary interactions during multi-bounce transport, improving their
reliability and avoiding light-leaking artifacts (Fig. 12(b)).

Self-Intersection Rejection. We evaluate the backface-aware origin-
offset rule in Eq. (10). It suppresses spurious self-occlusion by re-
jecting local back-facing responses from overlapping Gaussians
that represent the same aggregated surface. Compared with a fixed
ray-origin offset, our rule reduces self-occlusion artifacts without
relying on a manually selected offset magnitude (Fig. 12(c)).

Prior Regularization. The diffusion prior provides a coarse percep-
tual anchor during the early stage of path-traced inverse rendering,

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.

W/0 l(Xgeom = 0)

Albedo

(a) Global lllumination (b) Geometry Validity Criterion

w/ Fixed Offset 0.025 Ours w/o Prior Ours

xj@

(c) Self-Intersection Rejection

~_

‘.ﬁ
=
s

Unscaled Albedo

(d) Prior Regularization

Fig. 12. Ablation studies on various components of our framework.

guiding the material parameters toward a stable and spatially consis-
tent solution. In particular, it yields more plausible albedo intensity
before scale alignment and reduces the sensitivity of material opti-
mization to scene-specific hyperparameter tuning (Figs. 12(d) and 6).

Discrete Interaction Modeling. Discrete modeling can also be opti-
mized through differentiable path tracing, but in our implementa-
tion, it exhibits greater sensitivity to geometric consistency, as each
interaction depends on a single sampled Gaussian rather than an
aggregated surface state (Fig. 13). A possible explanation is the mis-
match between the aggregate interaction model used for geometry
reconstruction and the discrete interaction model adopted during in-
verse rendering. Xu et al. [2026] introduce a sorting-free stochastic
reconstruction estimator that may produce geometry better aligned
with the discrete interaction model used during inversion.

Disc.

ilee

Fig. 13. Ablation study of ray—Gaussian interaction models during material
optimization with 32 SPP. Aggregate interaction modeling typically yields
more reliable results in our implementation.

SPP and Bounces. We ablate the number of samples per pixel (SPP)
and the maximum number of bounces during inversion in Tab. 5.
Increasing either setting generally improves inversion quality while
increasing optimization time, with higher SPP additionally raising
peak GPU memory usage. The slightly higher Albedo PSNR with
the 1-bounce setting is mainly due to the Armadillo scene (+0.67 dB),
where the missing indirect illumination can be partially absorbed
into the recovered albedo scale and subsequently favored by scale
alignment during evaluation. The maximum number of bounces
has little effect on peak GPU memory because path traversal is
performed iteratively, updating a fixed-size per-path payload in
place rather than allocating depth-indexed buffers. For comparison,
the average peak GPU memory usage is 12.81 GB for IRGS [Gu
et al. 2025] and 22.65 GB for SVG-IR [Sun et al. 2025a] under their



default settings. Our default implementation settings (32 SPP and 2
Bounces) provide a favorable quality-time trade-off.

Table 5. Ablation of SPP and bounce count on the TensolR dataset (w/o
Prior). Each factor is varied independently from the default optimization
setting (32 SPP and a maximum of 2 bounces), with the other fixed. The
default setting provides a favorable quality—time trade-off.

Albedo NVS  Relight Avg. Peak GPU mem. Training

Setting
PSNRT PSNRT PSNRT GB| Hours|

1 SPP 28.12 34.89 30.00 1.51 0.04
16 SPP 30.53 36.45 31.30 3.91 0.21
64 SPP 3145 36.63 31.75 8.83 0.77
1Bounce 31.18 3491 3117 5.67 0.32
3 Bounces  31.06 36.52 31.32 5.70 0.42
4 Bounces 31.06 36.53  31.36 5.71 0.44
9 Bounces 31.07 36.53 31.44 5.71 0.47
Default 31.04 3650  31.31 5.70 0.39

5 DISCUSSION AND LIMITATIONS

Computational Overhead. Our goal is not real-time novel-view syn-
thesis, but physically consistent inverse rendering of Gaussian ma-
terials for path-traced rendering, relighting, and appearance editing.
This requires optimizing materials under the same ray-traced trans-
port used for final rendering. Path replay backpropagation avoids
storing intermediate path states, but adds a replay pass that re-
peats Gaussian-ray intersections, shadow tests, and MIS evaluations.
With 32 SPP for both primal and replay passes, the first-interaction
cost is about 32X higher than 3DGRT [Moenne-Loccoz et al. 2024].
Runtime, training time, and peak GPU memory are reported in Tab. 6.
For comparison, under a 256-SPP setting on the TensolR dataset,
our method takes 3.85 s per frame on average, compared with 1.24 s
for IRGS [Gu et al. 2025], requiring approximately 3.1X the render-
ing time. Reducing this cost remains an important future direction;
adaptive sampling, transport caching, and neural radiosity-style
approximations may help amortize multi-bounce transport.

Table 6. Runtime and memory statistics across different Gaussian-count
scales under 32 SPP and a maximum of 2 bounces. Training time is estimated
for 800 optimization iterations, where the 32 samples per pixel are packed
and processed as one ray chunk.

Gaussian-count scale Res. Inversion Peak GPUmem. Traintime Post-opt. render
158K (TensolR) 800  1.66 s/iter 5.70 GB 039h 0.59 s/frame
179K (Synthetic4Relight) 800  2.63 s/iter 5.66 GB 0.60 h 0.95 s/frame
106K (Stanford-ORB) 1200  8.64 s/iter 9.29 GB 201h 3.07 s/frame
2.5M (Mip-NeRF 360) 1237 24.92 s/iter 13.68 GB 5.65h 9.04 s/frame

Opaque Surface Scenes. Our formulation targets opaque, surface-
dominated scenes. Instead of treating each Gaussian as an inde-
pendent volumetric medium, we aggregate overlapping Gaussian
responses into an equivalent surface interaction and perform PBR-
based recursive multi-bounce light transport over this representa-

tion. Accordingly, our light-transport formulation and self-intersection
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rejection mechanism assume surface-like interactions and are not
intended for genuinely volumetric or transmissive phenomena, such
as smoke, hair, fur, or refractive materials.

Discontinuities and Non-differentiability Considerations. Our path-
traced inversion involves discrete decisions in geometry-validity
evaluation and shadow-ray visibility testing. The hard geometry-
validity threshold is applied after the Gaussian geometry and opac-
ity have been reconstructed, and both remain fixed throughout the
subsequent inversion. Following prior Gaussian inverse-rendering
methods [Gu et al. 2025; Sun et al. 2025a], the reconstruction stage
employs a mask entropy loss that encourages foreground opacity
toward one, thereby reducing ambiguous responses near the thresh-
old. Since the Gaussian geometry remains fixed during inversion,
the validity decision for a given ray is independent of the optimized
material and illumination parameters. We observed no noticeable
threshold-induced artifacts in our experiments, although regions
with uncertain geometry may be more sensitive to this transition.
Shadow-ray visibility decisions likewise depend only on the fixed
scene geometry. Path replay reproduces the forward visibility deci-
sions and propagates gradients through the subsequent continuous
shading evaluation. Accordingly, these discrete decisions do not
obstruct gradient propagation with respect to the material and illu-
mination parameters optimized in our setting.

Alternative Interaction Models. Our framework is compatible with
different formulations of ray-Gaussian interactions. As described in
Sec. 3.2, the aggregate model constructs an equivalent local shading
state, whereas the discrete model replaces this aggregation step
with Monte Carlo sampling of a single Gaussian primitive at each
interaction. The two formulations share the same path-tracing and
path-replay pipeline. During backward optimization, path replay
reproduces the stochastic selection made in the forward pass and
propagates gradients through the corresponding interaction. There-
fore, the sampling decision need not be differentiated through and
does not prevent gradient propagation through the subsequent shad-
ing evaluation. Due to nonlinear shading evaluation during path
tracing, using a consistent interaction formulation for optimiza-
tion and rendering is more appropriate. This modular formulation
can also accommodate alternative Gaussian representations such
as 2DGS [Huang et al. 2024]. Such representations can be incorpo-
rated by replacing the current ray—Gaussian evaluation and local
interaction construction with their 2D counterparts while retaining
the subsequent light-transport and optimization pipeline. Surface-
aligned primitives may improve interaction consistency around
thin structures and geometric boundaries, although gaps, overlaps,
and grazing-angle intersections between planar primitives require
careful handling during recursive light transport.

Non-Smooth Gradients. In our implementation, ray-traced Gauss-
ian optimization may yield less smooth material gradients than
splatting-based optimization, as neighboring rays can interact with
different primitives and follow different transport paths under lim-
ited sampling. Splatting-based methods, by contrast, introduce im-
plicit spatial smoothing through screen-space accumulation. This
effect can be more pronounced in the absence of explicit smoothing
regularization. Structure- or cluster-aware regularization over spa-
tial or semantic neighborhoods could further mitigate this artifact.

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.
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Fig. 14. Non-smooth material artifact. Although the quantitative metrics
are comparable, ray-traced optimization may yield less smooth material
maps than splatting-based methods under limited sampling.

6 CONCLUSION

We have explored inverse rendering in ray-traced 3D Gaussian
scenes and introduced a splatting-free framework that defines for-
ward rendering and backward optimization within the same ray-
based light transport pipeline. This consistency allows material
estimation and illumination optimization to be performed under a
unified physical process, rather than relying on rasterization-derived
buffers or screen-space approximations. Our results demonstrate
the feasibility of using 3D Gaussian fields as optimizable scene repre-
sentations for ray-traced inverse rendering, showing that Gaussian
primitives can be integrated into physically based light transport
beyond view-synthesis-oriented splatting.

By accounting for multi-bounce transport, our framework op-
timizes material and illumination parameters with the same path-
traced process used for relighting, appearance editing, and physi-
cally based evaluation. This enables 3D Gaussian assets to be used in
ray-traced pipelines, where visibility, shadows, reflections, and indi-
rect illumination are evaluated within a unified path-space transport
process. It supports scenes where Gaussians coexist with meshes,
environment illumination, and analytic light sources. We hope this
work encourages further exploration of efficient and robust ray-
traced Gaussian representations, including adaptive sampling, trans-
port caching, neural approximations, structure- or cluster-aware
regularization to encourage coherent optimization within Gaussian
groups, and extensions to a broader range of Gaussian representa-
tions.
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Appendix

A Physically Based Rendering Details

Our framework is built on physically based path tracing. For a non-
emissive surface point x € R3, the outgoing radiance L, € R? along

direction w, is governed by the classical rendering equation [Kajiya
1986]:

Lo(x, @o) = /Q (% wn o) Li(x @) (m-ap) dos, ()

where w; € Q denotes the incident direction, f,(-) is the bidi-
rectional reflectance distribution function (BRDF), L; € R3 is the
incident radiance, n € R3 is the surface normal, and Q denotes the
upper hemisphere aligned with n. The incident radiance L; recur-
sively encodes light transport from the entire scene, including direct
illumination, visibility, and multi-bounce scattering.

We adopt a simplified Disney BRDF [Burley 2012] parameterized
by albedo a € R3, roughness r € R, and metallic m € R. The metallic
parameter controls the relative diffuse and specular contributions,
and the BRDF is modeled as a combination of a diffuse term and a
GGX microfacet specular term:

D(n,h) F(w,,h) G(w;, wo)
4(n-w;) (n- o)

fr(@nwo) = (1=m)=(1-F) +

_ @ + wo
llw; + woll’ )

Fo=(1—-m) - 0.04 + ma,
F(wo,h) =Fy + (1 - Fy) (1 — max(w,-h,0))>,

where h is the half vector and F is the Fresnel term. The GGX
normal distribution function and the Schlick-GGX approximation
of the geometry term are defined as

2

D(n.h) = £ :
7 [(n-h)2(a? 1) +1]2
G(wi, wo) = G1(n, w;) Gi(n, o), ©)]
Gl(n’w):(n-m)?lﬁ’ k:%, a=r
In implementation, we evaluate the cosine-weighted BRDF term
fr = fr (@i, @) max(n- ;,0), ()

which directly corresponds to the BRDF-cosine factor in the inte-
grand of Eq. (1).

B Inverse Rendering Algorithm Details

In Sec. 3.4 of the main paper, the gradient of the material parameters

is decomposed into a local BRDF branch and a ray-induced branch:
E _ Z oL ( 9T; Iforde + d7; dL; od; ) 9sp; .
E} aT; \ Oforat Osp;  AL; ad; dsp, | 96

Under multiple importance sampling (MIS), each interaction eval-
uates one environment-sampled query and one BRDF-sampled con-
tinuation query. We write the contribution of all replayed paths
passing through the i-th interaction as

T; = ﬁi (ﬁenvLi +f;'brdff;'inlei+l +ﬁbrdf izriifﬁinvaHz PR ), (6)

where f; denotes the path throughput before the i-th interaction and
L; denotes the incident radiance along the sampled environment di-
rection. The factors £ and fibrdf are the evaluated scattering terms
for the environment-sampling and BRDF-continuation branches,

®)

i
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including the BRDF value, cosine term, PDF correction, and MIS
weight. During replay, PDF corrections and MIS weights are treated
as fixed estimator weights and are not differentiated. With fixed ge-
ometry and path replay [Vicini et al. 2021], this treatment does not
introduce additional non-differentiable operations into the replayed
optimization.

Under this convention, gradients through the scattering factors
below are propagated only through the evaluated BRDF-cosine
terms. From Eq. (6), the derivatives with respect to the two local
scattering factors are

oT; T, Ti— Biff™Li
afie’l“’ = BiLi, af.b‘ldf = jﬁ’rff . (7

1 1
These derivatives provide the adjoints propagated to the equivalent
surface interaction through path replay. We denote the local cosine-
weighted BRDF term by fi,,4¢ and derive its material derivatives with
respect to albedo, roughness, and metallic, with the BRDF normal
detached. Omitting the interaction index i, we define

DG
denom =4(n-w,)(n-w;) +€, k= ,
denom

c=(1- wo'h)s,

where € is a small constant for numerical stability. The derivatives
with respect to albedo, roughness, and metallic are

oy 1- JoF
brdf = (n-w;) [Km(l—c)ek+ m ((1—Fk)ek—a—)],
oay T day
aD G
Horar _ (n-w-)FGW +D5 ®)
or ! denom
oy oF
Tt (op) [k (1 = ¢) (a = 0.041) — 2 (1 —F+(1- m)—)J,
om T om

where a; and F denote the k-th channels of a and F, respectively;
ey is the corresponding RGB basis vector, 1 denotes the RGB all-ones
vector.
Following Eq. (15) of the main paper, the resulting adjoints are
propagated to each contributing Gaussian as
(i) v ofi

aj += W] n; Tai’

- @[ ot ;od;
=W T + 9! 9
Tj w; (fl, or; i or ) ()]

of;

= ()T
mj +=w;’n; m;’
where 717; and y; denote the adjoints of the cosine-weighted BRDF
term and replayed ray direction, respectively.
For completeness, the normalized aggregation also induces an

adjoint with respect to the unnormalized contribution q;i). With
w;i) = q;i)/Qi and Q; = Yicg, q](:), the corresponding adjoint is
(i) _ 8, (87 — sp:)
Vo
Material attributes are updated using Eq. (9), while Gaussian opacity

and geometry remain fixed throughout the inverse-rendering stage
and therefore receive no gradient updates.

(10)

C Geometry Optimization

Geometry plays an important role in inverse rendering, as accurate
geometric information is essential for reliable surface interaction,

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.



235:2 « Zhuetal

visibility estimation, and material recovery. Following existing meth-
ods [Gao et al. 2024; Gu et al. 2025], we adopt a lightweight strategy
that uses pseudo normals estimated from rendered depth to super-
vise the optimized Gaussian normals.

Given the predicted distance map and the corresponding camera
ray directions, we first reconstruct a pseudo surface and estimate
a pseudo normal target N. The predicted normal map N is then
supervised by a cosine loss on valid foreground pixels, with a linearly
increasing weight during training:

£0= gy 23 (1= (NQ@LR@)). An(0) = dmin (1), (D)

where Q denotes the set of valid foreground pixels, t is the current
training iteration, and T is the total number of iterations. This warm-
up avoids enforcing noisy pseudo-normal targets too strongly at
the early stage of optimization.

Following GS-ID [Du et al. 2024], we further regularize the op-
timized normals using dataset-provided normal priors [Zeng et al.
2024] and an image-space smoothness term. The provided normal
maps are loaded and transformed into world space to obtain N”. We
use an £, loss for the normal prior, and adopt the edge-aware total
variation loss defined in Eq. (18) for normal smoothness, using the
ground-truth RGB image as the edge reference:

£, = ﬁ SN -Ne@EL Lo = L2, (12)

ueQ
where I is the ground-truth RGB image. The foreground mask is
used when computing both regularization terms. The normal prior
is applied throughout training without warm-up, while the normal
smoothness term is only used during the geometry and normal
initialization stage and is disabled in the subsequent PBR inverse-

rendering stage.
In addition, we adopt a mask binary cross-entropy loss to encour-
age foreground opacity toward 1 and background opacity toward

Lo == 57 0, (M) o A(p) + (1 - M(p)) log(1 - A(p)]. (13)
peP
where M(p) € {0, 1} denotes the foreground mask and A(p) is the
rendered opacity at pixel p. This suppresses floating Gaussians and
keeps foreground opacity away from the hard-threshold boundary.
The overall normal-related objective is therefore:

LN =2 (t) Ln + Ap Lp + Ao Lo + Amask Liask- (14)

We set A, = 0.01, A;, = 0.01, and Aqsx = 0.1 in all experiments.
The prior term is enabled only for the Hotdog scene and the Syn-
thetic4Relight scenes, with A, = 0.01; it is disabled for all other
scenes. Since normal supervision can also affect geometry-related
Gaussian parameters through rendering weights and visibility, we
reuse the densification strategy of vanilla 3D Gaussian Splatting [Kerbl
et al. 2023], including its clone and split operations. The optimized
geometry and normal results are visualized in Fig. 1 and Figs. 10-16.

Ray tracing determines Gaussian interactions according to their
peak responses along each ray rather than center depths [Zhang
et al. 2026], providing more accurate geometric cues for normal
estimation. Moreover, the volumetric flexibility of 3D Gaussians
can better preserve complex local geometric details in challenging
regions. As shown in Fig. 2, our framework recovers finer normal
details on the Lego scene.
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Synthetic Real Object Real Scene

Fig. 2. Lego Normal Qualitative Comparisons(w/o Prior), showing that our
framework recovers finer normal details.

D Extensive Results
D.1 Additional Cornell Box Results

Fig. 3 shows that increasing the maximum number of bounces cap-
tures more indirect illumination in the Cornell-box scene. The dif-
ference becomes minor beyond 4 bounces, indicating that 4-bounce
transport is sufficient for this scene. Fig. 4 shows material editing
results, where albedo and roughness changes affect both surface
appearance and surrounding indirect illumination, demonstrating
physically consistent responses under the same path-traced trans-
port model.

D.2 Heterogeneous Lighting and Geometry

Our framework resolves visibility and shadowing through ray trac-
ing rather than precomputed visibility or heuristic approximations.
This naturally supports different lighting configurations, including
environment maps, point lights, and area lights, while allowing
multiple geometric representations to be handled within the same
light-transport pipeline. Different geometry types therefore share
the same visibility evaluation and physically based light-transport
formulation, without requiring representation-specific lighting ap-
proximations.

This flexibility is useful for mixed-material estimation in hetero-
geneous scenes. Regular structures such as walls, floors, and ceilings
can be represented efficiently with triangle meshes, while objects



Bounces 2

Direct Light

Indirect

Bounces 9

Bounces 4

Indirect Indirect

Fig. 3. Rendering results of the recovered Cornell box under different light
transport settings. We compare direct illumination with path-traced render-
ing using up to 2, 4, and 9 bounces. Increasing the bounce count captures
more indirect illumination.

Material PBR Indirect

Original

¥

Edit Albedo

Edit Albedo

Edit Roughness

Fig. 4. Material editing results on the recovered Cornell-box scene. Editing
albedo and roughness affects both direct appearance and indirect illumina-
tion under the same ray-traced transport pipeline.

with complex geometry and local detail can use 3D Gaussians. We
demonstrate this capability in a scene containing both representa-
tions and multiple material types, illuminated by two area lights and
an environment map. As shown in Fig. 7, our method jointly opti-
mizes material properties for different geometry types and recovers
consistent material attributes across the mixed scene.
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2D Environment Map

SG Environment Map

Armadillo Hotdog

Lego

LB

Ficus

Fig. 5. Visualization of the recovered environment illumination. The com-
pact Spherical-Gaussian representation accurately captures dominant light-
ing directions while providing a smoother and lower-noise representation
in low-energy regions.

Fig. 6. Comparison of roughness estimation using the SG and 2D
environment-map parameterizations. The SG parameterization generally
produces smoother material estimates at the same optimization iteration.

D.3 Environment Map

The Spherical Gaussian representation, with substantially fewer
parameters, constrains the illumination space, facilitating faster
convergence and smoother optimization gradients. Fig. 5 shows that
the compact SG representation accurately captures dominant light-
ing directions while providing smoother estimates in low-energy
regions. Fig. 6 further shows that the SG parameterization generally
yields smoother material estimates.

For visualization and comparison, we also use the 128 X 64 2D
environment-map representation as existing methods. Fig. 8 com-
pares the illumination recovered by our method with that of existing
splatting-based inverse-rendering approaches.

D.4 Extensive Qualitative Results

We provide additional qualitative results and comparisons in Figs. 9—
16 to further demonstrate the effectiveness of our framework.

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.
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Ground Truth Ours — 0 Iterations (0%) Ours — 50 Iterations(8%) Ours — 100 Iterations (16%)  Ours — 400 Iterations (66%) Final — 600 Iterations (100%)

PSNR:17.99 PSNR:27.88 PSNR:31.99

PSNR:30.33 PSNR:33.93

RGB

PSNR:28.02

Albedo

Indirect Light

Fig. 7. Heterogeneous lighting and geometry. We construct a Cornell-box-style scene with mixed geometry: the walls and dragon are represented as triangle
meshes, while the remaining objects are 3D Gaussian models. Such a hybrid representation is practical: regular structures such as walls can be modeled
compactly with meshes, while objects with more complex local detail can be represented more flexibly using Gaussians. The scene is illuminated by two area
lights and an environment map. Under fixed lighting, we perform single-view material estimation for 600 iterations. Our method recovers consistent material
attributes across mesh and Gaussian representations under unified ray-traced light transport.

R3DG SVG-IR IRGS Ours GT

e e

Hotdog Air balloons Chair

Jugs

Fig. 8. Comparison of environment maps recovered by our method and existing inverse-rendering approaches on the Synthetic4Relight dataset. Our method
accurately recovers the dominant light sources and their spatial distributions.
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NVS

PSNR: 26.99 PSNR: 29.03

Indirect
Illumination
Indirect
Illumination

-

NR: 23.64

NVS
NVS

Indirect
Illumination
Indirect
Illumination

Fig. 9. Novel-view synthesis and indirect illumination results. Our framework outperforms IRGS [Gu et al. 2025] and SVG-IR [Sun et al. 2025] in both
novel-view synthesis and indirect illumination modeling.

Albedo Roughness Normal Relight#1 Relight#2

NVS

Ours IRGS SVG-IR

GT

Fig. 10. Qualitative results on the Armadillo scene.

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.



235:6 + Zhuetal.

NVS Albedo Roughness Normal Relight#1 Relight#2

Ours IRGS SVG-IR

GT

NVS Albedo Roughness Normal Relight#1 Relight#2

Fig. 11. Qualitative results on the Lego scene.

Ours IRGS SVG-IR

GT

Fig. 12. Qualitative results on the Hotdog scene.
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Albedo Roughness Normal Relight#1 Relight#2

Fig. 13. Qualitative results on the Ficus scene.

Albedo Roughness Normal Relight#1 Relight#2

Fig. 14. Qualitative

results on the Air Balloons scene.
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Fig. 15. Qualitative results on the Chair scene.
NVS Albedo Roughness Normal Relight#1 Relight#2
>
n
9]
Q
=
2
S
o
[
) . ..

Fig. 16. Qualitative results on the Jugs scene.

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.



References

Brent Burley. 2012. Physically-Based Shading at Disney. In ACM SIGGRAPH Course
Notes. 1-7.

Kang Du, Zhihao Liang, and Zeyu Wang. 2024. GS-ID: Illumination Decomposition on
Gaussian Splatting via Diffusion Prior and Parametric Light Source Optimization.
arXiv:2408.08524 [cs.CV] https://arxiv.org/abs/2408.08524

Jian Gao, Chun Gu, Youtian Lin, Zhihao Li, Hao Zhu, Xun Cao, Li Zhang, and Yao
Yao. 2024. Relightable 3D Gaussians: Realistic Point Cloud Relighting with BRDF
Decomposition and Ray Tracing. In Computer Vision — ECCV 2024: 18th European
Conference, Milan, Italy, September 29-October 4, 2024, Proceedings, Part XLV (Milan,
Italy). Springer-Verlag, Berlin, Heidelberg, 73-89. doi:10.1007/978-3-031-72995-9_5

Chun Gu, Xiaofei Wei, Zixuan Zeng, Yuxuan Yao, and Li Zhang. 2025. IRGS: Inter-
Reflective Gaussian Splatting with 2D Gaussian Ray Tracing. In CVPR.

James T. Kajiya. 1986. The rendering equation. SSGGRAPH Comput. Graph. 20, 4 (Aug.
1986), 143-150. doi:10.1145/15886.15902

Bernhard Kerbl, Georgios Kopanas, Thomas Leimkiihler, and George Drettakis. 2023.
3D Gaussian Splatting for Real-Time Radiance Field Rendering. ACM Transactions

Path-Traced Inverse Rendering with Global lllumination in 3D Gaussian Fields + 235:9

on Graphics 42, 4 (July 2023).

Hanxiao Sun, Yupeng Gao, Jin Xie, Jian Yang, and Beibei Wang. 2025. SVG-IR: Spatially-
Varying Gaussian Splatting for Inverse Rendering. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition (CVPR). 16143-16152.

Delio Vicini, Sébastien Speierer, and Wenzel Jakob. 2021. Path Replay Backpropagation:
Differentiating Light Paths using Constant Memory and Linear Time. Transactions
on Graphics (Proceedings of SSGGRAPH) 40, 4 (Aug. 2021), 108:1-108:14.

Zheng Zeng, Valentin Deschaintre, Iliyan Georgiev, Yannick Hold-Geoffroy, Yiwei
Hu, Fujun Luan, Ling-Qi Yan, and Milo§ Hasan. 2024. RGB«<>X: Image decom-
position and synthesis using material- and lighting-aware diffusion models. In
ACM SIGGRAPH 2024 Conference Papers (Denver, CO, USA) (SIGGRAPH °24). As-
sociation for Computing Machinery, New York, NY, USA, Article 75, 11 pages.
doi:10.1145/3641519.3657445

Baowen Zhang, Chuan Fang, Rakesh Shrestha, Yixun Liang, Xiao-Xiao Long, and Ping
Tan. 2026. RaDe-GS: Rasterizing Depth in Gaussian Splatting. ACM Trans. Graph.
45, 2, Article 19 (March 2026), 14 pages. doi:10.1145/3789201

ACM Trans. Graph., Vol. 45, No. 6, Article 235. Publication date: December 2026.


https://arxiv.org/abs/2408.08524
https://arxiv.org/abs/2408.08524
https://doi.org/10.1007/978-3-031-72995-9_5
https://doi.org/10.1145/15886.15902
https://doi.org/10.1145/3641519.3657445
https://doi.org/10.1145/3789201

	Abstract
	1 INTRODUCTION
	2 RELATED WORK
	2.1 Ray Tracing of Gaussian Primitives
	2.2 Inverse Rendering of 3D Gaussians

	3 METHOD
	3.1 Preliminary
	3.2 Ray-Traced Light Transport in 3D Gaussian Fields
	3.3 Learnable Environment Light
	3.4 Inverse Rendering

	4 EXPERIMENTS AND ABLATIONS
	4.1 Implementation Details
	4.2 Results
	4.3 Ablation Study

	5 DISCUSSION AND LIMITATIONS
	6 CONCLUSION
	Acknowledgments
	References
	A Physically Based Rendering Details
	B Inverse Rendering Algorithm Details
	C Geometry Optimization
	D Extensive Results
	D.1 Additional Cornell Box Results
	D.2 Heterogeneous Lighting and Geometry
	D.3 Environment Map
	D.4 Extensive Qualitative Results

	References

