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ABSTRACT

Relightable Gaussian splatting combines explicit reconstruction with fast render-
ing under novel views and illumination. However, a single visibility value per
Gaussian cannot preserve the spatial distribution of occlusion within its footprint.
When a cast-shadow boundary crosses a Gaussian, illuminated and occluded re-
gions are collapsed into a shared shadow response. We introduce LoFT-GS, a lo-
cally factorized relighting representation that addresses this limitation by record-
ing visibility on a local texture grid within each 2D Gaussian during light-space
splatting. A range-conditioned shadow formulation combines this local visibility
with a Gaussian-level range predictor. More generally, LoFT-GS separates spa-
tially varying relighting factors from shared Gaussian-level computation. Local
texels represent visibility and diffuse appearance and modulate specular amplitude
and sharpness, while geometry, base directional responses, and neural predictions
remain shared per Gaussian. Experiments across diverse scenes demonstrate im-
proved relighting fidelity over the evaluated baselines.

1 INTRODUCTION

Reconstructing relightable 3D objects from multi-view photographs enables digital assets to be ren-
dered from novel viewpoints and under novel illumination, supporting tasks in embodied AI, au-
tonomous driving simulation, virtual reality (VR), and other interactive applications.

Gaussian splatting (Kerbl et al., 2023) provides an explicit and efficiently rasterized representation
for such assets. However, unlike fixed-light view synthesis, relightable reconstruction must capture
how appearance varies across an object as the lighting changes. Cast-shadow boundaries move
across surfaces, while highlights change in position, intensity, and extent, which vanilla Gaussian
representations struggle to model.

Recent point-light methods enrich the response of each Gaussian (e.g., GS3, RNG, SSD-GS) (Bi
et al., 2024; Fan et al., 2025; Zheng et al., 2026). Despite their different formulations, they retain
a common spatial granularity: a Gaussian remains the indivisible unit of relighting. However, ag-
gregating visibility into a single value per Gaussian discards the spatial distribution of occlusion
within its footprint. Consider a cast shadow boundary cutting through a Gaussian footprint: if the
left half is occluded and the right half is illuminated, a single shared shadow value can only capture
the average visibility. It inherently loses the spatial structure, failing to distinguish this state from
a uniformly dimmed footprint. As illumination changes, the boundary can move across different
locations within the same footprint, making this lost intra-Gaussian structure particularly relevant to
relighting.

LoFT-GS addresses this limitation by separating spatially varying relighting factors from compu-
tation that can remain shared over a Gaussian footprint. We attach a compact local grid to each
2D Gaussian while retaining its geometry, base directional responses, and neural predictions at the
Gaussian level. During light-space splatting, we record visibility at local grid locations rather than
averaging it over the entire Gaussian, preserving illuminated and occluded regions within the same
footprint. A range-conditioned shadow formulation then uses a Gaussian-level predictor to calibrate
this local visibility within a bounded response range.

Reflectance follows the same local/shared organization. Local texels store diffuse albedo and mod-
ulate the amplitude and sharpness of a shared specular response, while base directional responses
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Boot GT GS3

PSNR↑ 28.40
RNG LoFT-GS

26.46 30.40

Pikachu GT GS3

PSNR↑ 32.94
RNG LoFT-GS

33.38 34.11

Hotdog GT GS3

PSNR↑ 33.38
RNG LoFT-GS

31.67 34.30

Figure 1: Locally Factorized Relightable Gaussian Splatting (LoFT-GS). From left to right, we
illustrate three representative challenges that vary at a sub-Gaussian level: fine-scale diffuse textures,
specular highlights, and cast shadows. Gaussian-level relighting can blur these high-frequency vari-
ations, whereas our locally factorized representation explicitly resolves them within each footprint.

and neural predictions are evaluated once per Gaussian and reused across its texels. Together with
local visibility, this yields a two-level representation combining spatially varying relighting factors
with shared Gaussian-level computation.

Our main contributions are:

• We introduce a two-level relighting representation that places spatially varying visibility
and reflectance factors on local texel grids while sharing directional and neural computation
at the Gaussian level.

• We design a range-conditioned shadow formulation that combines texel-level light-space
visibility with a Gaussian-level range predictor, preserving spatially varying shadows with-
out per-texel neural evaluation.

• Extensive evaluations across 21 diverse scenes demonstrate that LoFT-GS achieves state-
of-the-art relighting fidelity, significantly outperforming existing baselines.

2 RELATED WORK

2.1 RELIGHTABLE OBJECT RECONSTRUCTION

Traditional appearance capture combines explicit surface geometry with spatially varying re-
flectance, or densely samples reflectance fields under controlled viewing and lighting conditions
(Debevec et al., 2000; Dorsey et al., 2007). Neural inverse-rendering methods such as NeRFactor,
Neural-PIL, and TensoIR jointly estimate geometry, materials, and illumination from images (Zhang
et al., 2021; Boss et al., 2021; Jin et al., 2023). For controlled object relighting, Deferred Neural
Lighting, NRHints, and Relightable Neural Assets learn view- and light-dependent appearance from
multi-view observations (Gao et al., 2020; Zeng et al., 2023; Mullia et al., 2025). Recent methods
use generative priors: IllumiNeRF reconstructs a radiance field from diffusion-relit images, while
LightSwitch performs material-guided multi-view relighting (Zhao et al., 2024; Litman et al., 2025).

2.2 GAUSSIAN RELIGHTING AND INVERSE RENDERING

GaussianShader introduces Gaussian-based shading functions for reflective appearance, Relightable
3D Gaussians combines BRDF decomposition with point-based ray tracing, and GS-IR jointly esti-
mates geometry, materials, and environment lighting (Jiang et al., 2024; Gao et al., 2024; Liang et al.,
2024). GI-GS models indirect illumination with deferred shading and lightweight path tracing, while
LumiGauss and ReCap address relighting from unconstrained or cross-environment captures (Chen
et al., 2025; Kaleta et al., 2025; Li et al., 2025). IRGS further introduces 2D Gaussian ray tracing
for inter-reflection, and GeoSplatting uses mesh-guided geometry to improve normal estimation and
light transport (Gu et al., 2025; Ye et al., 2025). A second line learns relightable objects from con-
trolled point-light or OLAT observations. PRTGaussian represents radiance transfer with spherical
harmonics, OLAT Gaussians learns incident-illumination and scattering functions, and BiGS uses
bidirectional Gaussian primitives for surface and volumetric materials (Zhang et al., 2024; Kuang
et al., 2024; Liu et al., 2025). GS3 combines spatial and angular Gaussians with light-space shadow
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GT
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Figure 2: Overview of LoFT-GS. Shared computation (Range-MLP Φ, ASG response, residual
MLP Ψ) is evaluated once per Gaussian, while texels store local visibility, shadow weight η, diffuse
albedo, and specular amplitude/sharpness. The resulting shadow, shading, and residual texels are
splatted and composited as I = c · s+ r. Residual shown ×8; spheres indicate light direction.

splatting, whereas RNG decodes radiance from view-, light-, and shadow-conditioned Gaussian fea-
tures (Bi et al., 2024; Fan et al., 2025). SSD-GS further decomposes each Gaussian’s shading into
diffuse, specular, shadow, and subsurface-scattering components (Zheng et al., 2026).

2.3 TEXTURED AND SPATIALLY VARYING GAUSSIANS

Texture-GS represents view-independent appearance with a learned surface texture, while GStex
and Textured Gaussians attach local texture maps to Gaussian primitives to decouple appearance
detail from geometric complexity (Xu et al., 2024; Rong et al., 2025; Chao et al., 2025). SVG-IR
represents spatially varying material and normal attributes within Gaussian surfels for inverse ren-
dering, while evaluating visibility at the Gaussian level (Sun et al., 2025). Recent work also adapts
texture resolution or sampling density: Content-Aware Texturing changes per-primitive texture res-
olution during optimization, while FACT-GS allocates texture sampling density according to local
visual frequency (Papantonakis et al., 2025; Xie et al., 2026). LoFT-GS introduces a two-level rep-
resentation that combines local visibility, diffuse, and specular factors with shared Gaussian-level
directional and neural computation. Unlike learned appearance textures, the local visibility field is
recomputed for the current illumination.

3 METHOD

3.1 PRELIMINARIES: 2D GAUSSIAN SPLATTING

We represent the object using 2D Gaussian primitives (Huang et al., 2024). Each Gaussian is defined
by a center µ, two orthonormal tangent vectors t1, t2, in-plane scales s1, s2, and opacity o. These
quantities define a local coordinate system on the Gaussian plane, whose geometric normal is n =
t1 × t2. During rasterization, the intersection of a camera ray with this plane determines the local
sampling position and the corresponding Gaussian weight.

For each pixel, the contributing Gaussians are composited in front-to-back order:

Cpixel =

N∑︂
i=1

Tiαici, Ti =

i−1∏︂
j=1

(1− αj), (1)

where αi is the Gaussian weight scaled by its opacity, ci is the color of Gaussian i, and Ti is the
accumulated transmittance. The same compositing rule is applied to the rendering components
defined below.

3.2 SHADING FORMULATION

Following GS3 (Bi et al., 2024), we decompose our relighting model into four components: diffuse
reflection, specular reflection, shadows, and other effects. This Gaussian-level shading model pro-
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vides a stable foundation for coarse appearance, while the texel-level representation introduced in
Sec. 3.3 effectively captures local variations.

Diffuse and specular terms. For incident direction ωi and viewing direction ωo, the direct-shading
response is

f(ωi,ωo) = kdfd(ωi) + ksfs(ωi,ωo), (2)

where kd and ks are the diffuse and specular albedos, and fd and fs are their corresponding appear-
ance functions, including incident-angle weighting. The diffuse term describes view-independent
reflection, whereas the specular term models directional highlights.

Shadow term. To account for occlusion, we estimate geometric visibility by splatting the scene
from the point-light position. This visibility measures how much incident light reaches a Gaussian.
Our shadow formulation uses this geometric estimate to predict a shadow factor that modulates
direct shading, as detailed in Sec. 3.3. A factor of one leaves the shading unattenuated; smaller
values produce stronger shadows.

Other effects. To account for appearance effects not captured by direct shading, a shared MLP Ψ
predicts an additive RGB response for each Gaussian, conditioned on its position, a learned material
feature ℓ, and light and view directions. This residual can accommodate effects such as indirect
illumination without introducing an explicit multi-bounce transport model. The network is specified
in Appendix A.3.

3.3 LOCAL TEXTURE FACTORIZATION

LoFT-GS separates quantities that require spatial variation within a Gaussian from directional and
neural computation that can be shared across its footprint. The local grid represents the former, while
the latter remains Gaussian-level. A 2D Gaussian represents a small planar surface patch. We place
a local texture grid directly on this patch, using the Gaussian’s own two-dimensional coordinate
system. Thus, the grid is attached to the represented surface patch without requiring a separate
mesh or texture atlas. The intersection of a light or camera ray with the plane determines its local
texture coordinates (u, v), used for visibility accumulation and appearance lookup, respectively.
Their construction is detailed in Appendix A.1.

3.3.1 SHADOW TERM.

We construct the shadow term in two stages. First, we measure visibility at both Gaussian and
texel levels. Second, we refine these geometric estimates into the shadow factor that modulates the
rendered appearance.

Stage 1: multi-level geometric visibility. We splat the scene from the point-light position and
accumulate transmittance along the light rays in front-to-back order. For a particular Gaussian with
opacity o, let Tm be the transmittance reaching it at light-view sample m, and wm its projected
Gaussian weight. A Gaussian-level estimate combines all of its samples into one visibility value:

V̄ =

∑︁
m owmTm∑︁
m owm

=

∑︁
m wmTm∑︁
m wm

. (3)

However, when a shadow boundary crosses the Gaussian, this average mixes illuminated and oc-
cluded locations, so the result no longer indicates where the occlusion occurs.

Instead, we use the light-ray intersection to assign each sample to a local texel and accumulate
visibility separately in that texel (Figure 3). If B(u, v) is the set of samples assigned to the texel at
(u, v), its visibility is

V (u, v) =

∑︁
m∈B(u,v) wmTm∑︁
m∈B(u,v) wm

. (4)

The resulting map V (u, v) ∈ [0, 1] therefore retains the spatial distribution of visibility within the
Gaussian. Note that we retain V̄ as a Gaussian-level summary; Stage 2 combines it with the detailed
texel map V (u, v).

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2027

Ray hits
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Shadow result
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(a) Gaussian-level

Ray hits

G1
G2

G3

Shadow result

G1
G2

G3

(b) Texel-level (Ours)

Figure 3: Gaussian-level vs. local visibility.

Stage 2: Range-MLP shadow prediction. To
improve shadow quality beyond the raw geomet-
ric estimate, we learn a shared Gaussian-level cal-
ibration with a shared MLP Φ. For each Gaus-
sian, the MLP uses its average visibility, position,
material feature, and light/view directions to de-
termine the appropriate shadow attenuation. This
learned correction can compensate for inaccura-
cies in the Gaussian reconstruction.

However, assigning one corrected value to the entire Gaussian would discard the visibility differ-
ences between its texels. Evaluating the MLP separately at every texel could provide local correc-
tions, but would repeat the neural computation.

For shadow evaluation over N Gaussians with T texels each, let CΦ denote the cost of one MLP
evaluation. A texel-wise MLP requires O(NTCΦ) work, whereas one prediction per Gaussian
followed by scalar operations at its texels requires O(NCΦ +NT ).

Our Range-MLP instead predicts a shadow range once per Gaussian. Each texel uses its own visi-
bility to select a value within this range, preserving local shadow structure while sharing the neural
prediction.

Specifically, Φ predicts two scalars:
(L,W ) = Φ(V̄ ,ωi,ωo;µ, ℓ), U = L+ (1− L)W, (5)

where ωi and ωo are the incident-light and viewing directions at Gaussian center µ, and ℓ is its
learned material feature. The input V̄ provides its coarse geometric visibility. The outputs satisfy
L,W ∈ [0, 1]. The first output gives a lower shadow factor L. The second chooses how far the upper
shadow factor U lies between L and one, ensuring 0 ≤ L ≤ U ≤ 1. For each texel, we interpolate
between these responses according to its measured visibility:ˆ︁s(u, v) = L+ (U − L)V (u, v) = L+ (1− L)WV. (6)
A reconstructed surface can be represented by several overlapping Gaussian layers, which can in-
troduce unnecessary darkening due to mutual occlusion between layers, even where the represented
surface has no external occluder. We therefore equip each Gaussian with a texel-wise shadow con-
tribution weight η(u, v) ∈ [0, 1], allowing such contributions to be suppressed locally. The final
shadow factor interpolates between the predicted factor and the unoccluded value one:

s(u, v) = 1− η(u, v) + η(u, v)ˆ︁s(u, v). (7)
Here, η = 0 contributes no shadow and η = 1 uses the predicted factor ˆ︁s. Thus, Gaussian-level
context calibrates the shadow range, texel visibility preserves the spatial boundary, and the local
weight controls the contribution of that prediction. The MLP architecture is given in Appendix A.3.

3.3.2 DIFFUSE AND SPECULAR TERMS.

Diffuse term. We adopt a common cosine-weighted Lambertian diffuse model with the smooth
incident-angle weighting of GS3. Specifically, its response depends solely on the angle between the
shading normal and the incident-light direction, being strongest when aligned with the normal and
decreasing toward grazing incidence. The RGB albedo kd controls the diffuse color. We store it as
a local texture kd(u, v), so different locations within a Gaussian can have different diffuse colors.
The smooth diffuse function is given in Eq. 15.

Specular term. Specular reflection is concentrated around particular directions: as the light or
camera moves, a surface region enters or leaves a highlight. We represent this angular response
using anisotropic spherical Gaussians (ASGs) (Xu et al., 2013). Each basis function describes a
smooth peak on the sphere of directions, called a lobe. Its two angular widths can differ, allowing
an elongated highlight instead of only a circular one.

For the current light and view, the basis functions are evaluated at the half vector h = (ωi +
ωo)/∥ωi + ωo∥. Their weighted combination gives the directional response

A(ωi,ωo) = F (ωi,h)

K∑︂
j=1

βjGj(h), (8)
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where Gj is an ASG basis response and βj is its nonnegative learned mixture weight for the Gaus-
sian. The Fresnel factor F accounts for the increase in reflectivity at grazing incidence. Both F and
A are scalars. The individual basis functions and Fresnel term are detailed in Appendix A.2.

To introduce local specular variation, one could store an RGB specular albedo at every texel, as
for the diffuse term, or allow local shading normals and additional ASG shape parameters. These
choices introduce different costs: local RGB albedos add color degrees of freedom, while varying
normals or angular shapes requires evaluating different directional responses within a Gaussian. We
instead share ks and the directional model across the Gaussian, and concentrate the local parameters
on highlight amplitude and sharpness.

Each texel has a positive scalar amplitude parameter g(u, v) and a positive sharpness parameter
q(u, v):

fs(ωi,ωo;u, v) = πfd(ωi) g(u, v)A(ωi,ωo)
q(u,v). (9)

The amplitude scales the highlight, while the exponent concentrates or broadens the existing angular
response. The factor πfd supplies the same smooth incident-angle weighting as in the diffuse term.
The two-level structure thus assigns directional highlight shape to the shared Gaussian model and
spatial highlight variation to its texels, allowing highlight amplitude and sharpness to vary locally
while reusing the same evaluated A(ωi,ωo) for all texels of the Gaussian.

3.4 RENDERING AND OPTIMIZATION

Rendering. For each light-view pair, we evaluate the ASG response and both MLPs once per Gaus-
sian, then combine them with the local factors to obtain direct-shading colors, shadow factors, and
additive RGB responses. We bilinearly sample the texel-varying quantities and composite each com-
ponent using Eq. 1. Following the deferred composition of GS3, the resulting images are combined
pixelwise:

I = IshadingS + Iresidual. (10)

The shading and sampling details are given in Appendix A.1. We use the standard 3DGS photomet-
ric loss (Kerbl et al., 2023), with optimization details in Appendix A.4.

4 EXPERIMENTS

Datasets. The main comparison contains 16 scenes. The real subset includes four LightStage cap-
tures (Boot, Container, Fox, and Nefertiti) (Bi et al., 2024) and four NRHints objects (Cat, CupFab-
ric, Fish, and Pikachu) (Zeng et al., 2023). The synthetic subset includes eight objects (AnisoMetal,
Drums, FurBall, Hotdog, Lego, Translucent, MaterialBalls and Cup). A separate experiment on
scattering scenes uses Bunny, Candle, Dragon, Soap, and Statue from SSS-GS Synthetic (Dihlmann
et al., 2024).

Baselines and metrics. We compare against SVG-IR (Sun et al., 2025), GS3 (Bi et al., 2024),
RNG (Fan et al., 2025), and SSD-GS (Zheng et al., 2026) on the main benchmark. For the scattering
scenes, we additionally compare with KiloOSF (Yu et al., 2023) and SSS-GS (Dihlmann et al.,
2024), and integrate our method into SSD-GS. We report PSNR, SSIM (Wang et al., 2004), and
LPIPS (Zhang et al., 2018), with equal weight given to each scene. Implementation details and
baseline adaptations are provided in Appendix A.5.

4.1 MAIN RELIGHTING RESULTS

Table 1(a,b) compares LoFT-GS with point-light relighting methods and the spatially varying
inverse-rendering baseline SVG-IR. LoFT-GS achieves the best average PSNR, SSIM, and LPIPS
on both the real and synthetic subsets. Across the 16 main scenes, it obtains the highest PSNR on
14 scenes and improves the average PSNR by 1.05 dB over GS3, 2.61 dB over RNG, and 1.15 dB
over SSD-GS. RNG remains strongest on Cat and CupFabric. To evaluate whether the proposed
representation also complements more complex light-transport models, we integrate it into SSD-
GS and evaluate on five scattering scenes. As shown in Table 1(c), the resulting model achieves
the best average PSNR, SSIM, and LPIPS, improving the mean PSNR from 38.13 dB to 38.63 dB
over SSD-GS. This result indicates that the proposed local representation remains effective when
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Drums Hotdog MaterialBalls

RGB reference

Coarse visibility

V̄ =

∑︁
m wmTm∑︁

m wm
s = V̄

Scalar mappingˆ︁s = Φ′(V̄ )
s = ˆ︁s

Additive corr.
∆ = ˆ︁s − V̄
s = clip[0,1](V + ∆)

Range mapping
(L,W ) = Φ(V̄ )ˆ︁s = L + (1 − L)WV

Figure 4: Shadow formulation analysis. We compare raw Gaussian-level visibility, GS3-style
scalar mapping, texel-level additive correction, and our range mapping. Insets highlight local
shadow structure. Texel-level visibility restores fine occlusion details, while range mapping fur-
ther suppresses excessive darkening and spiky shadow artifacts.

combined with an explicit scattering component. Figure 5 provides qualitative comparisons on rep-
resentative scenes. LoFT-GS better preserves fine surface texture and compact specular highlights,
while producing sharper and more spatially coherent shadow boundaries.

4.2 ABLATION STUDIES

Shadow formulation. We evaluate the roles of texel-level visibility and learned range mapping in
preserving shadow detail and correcting shadow intensity. Figure 4 compares four formulations:
uncorrected Gaussian-level visibility, a Gaussian-level scalar prediction as in GS3, and texel-level
visibility with either additive correction or our Range-MLP. Scalar prediction reduces spurious dark-
ening but also weakens fine shadows, as seen in Drums. Using texel-level visibility recovers addi-
tional shadow details, especially in Drums, and reduces the spiky boundary artifacts, especially in
Hotdog and MaterialBalls. However, additive correction produces broad regions of excessive dark-
ening. Our range mapping alleviates this darkening while retaining fine shadow structures. These
results show that preserving local visibility and calibrating its response range address different as-
pects of shadow quality. Range-only fixes η = 1, while Gaussian η uses a single shared value per
Gaussian. Moreover, as shown in Table 2(b), evaluating Φ independently at every texel provides no
meaningful accuracy gain over our Gaussian-level Range-MLP, while reducing rendering speed from
81.8 to 28.3 FPS on Hotdog and from 81.9 to 38.1 FPS on Pikachu. This supports our local/shared
factorization: visibility is spatially resolved, whereas neural prediction remains Gaussian-level.

Local amplitude and sharpness. Table 2(c) compares alternative local specular factors on Ani-
soMetal and Nefertiti. Removing local amplitude or sharpness reduces AnisoMetal PSNR from
28.84 dB to 28.58 and 28.70 dB, respectively. Predicting a local shading normal is substantially
slower without improving accuracy, reaching 28.11 dB at 17.2 FPS on AnisoMetal and 38.59 dB
at 64.1 FPS on Nefertiti, compared with 28.84/67.2 and 38.61/162.9 for Full. Local ASG shapes
remain 0.29 and 0.06 dB below Full. To further explore its underlying mechanism, Figure A3 shows
that amplitude alone adjusts peak magnitude but leaves the response broad, whereas sharpness alone
narrows the response.

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2027

Table 1: Main quantitative comparisons. Results on real, synthetic, and scattering scenes. Best
value and second value are highlighted.

(a) Main comparison on real scenes with SVG-IR(Sun et al., 2025), GS3 (Bi et al., 2024), RNG (Fan
et al., 2025) and SSD-GS (Zheng et al., 2026). Mean gives equal weight to each scene.

Scene SVG-IR GS3 RNG SSD-GS Ours
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

LightStage
Boot 20.46 0.8394 0.1803 28.40 0.8953 0.1265 26.46 0.8521 0.1403 28.93 0.8907 0.1322 30.40 0.9157 0.1049
Container 25.10 0.9403 0.0471 36.84 0.9766 0.0197 33.21 0.9589 0.0285 38.41 0.9803 0.0202 39.08 0.9829 0.0166
Fox 25.15 0.8737 0.1312 34.38 0.9239 0.0866 32.60 0.8915 0.0941 34.79 0.9205 0.0924 35.40 0.9275 0.0849
Nefertiti 26.49 0.9297 0.0723 36.69 0.9560 0.0547 22.40 0.8844 0.1091 35.38 0.9502 0.0615 38.61 0.9662 0.0474

NRHints
Cat 15.23 0.7180 0.2934 27.69 0.9051 0.1613 29.55 0.9113 0.1532 27.29 0.8984 0.1671 27.74 0.9038 0.1558
CupFabric 24.44 0.9396 0.1121 36.86 0.9832 0.0685 38.65 0.9857 0.0647 36.31 0.9813 0.0733 38.00 0.9847 0.0655
Fish 23.38 0.8393 0.1997 31.11 0.9248 0.0983 31.01 0.9174 0.1138 31.16 0.9256 0.0977 31.29 0.9255 0.0945
Pikachu 19.49 0.9025 0.1258 32.94 0.9687 0.0782 33.38 0.9702 0.0767 32.54 0.9679 0.0788 34.11 0.9709 0.0743
Mean 22.47 0.8728 0.1452 33.11 0.9417 0.0867 30.91 0.9214 0.0976 33.10 0.9394 0.0904 34.33 0.9472 0.0805

(b) Main comparison on synthetic scenes with the same methods as the real-scene comparison.

Scene SVG-IR GS3 RNG SSD-GS Ours
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

AnisoMetal 16.87 0.8709 0.0869 27.53 0.9516 0.0546 27.25 0.9537 0.0507 27.94 0.9519 0.0561 28.84 0.9593 0.0451
MaterialBalls 16.48 0.8158 0.1415 30.44 0.9475 0.0783 30.45 0.9527 0.0797 30.39 0.9431 0.0822 30.49 0.9490 0.0804
Drums 23.79 0.9398 0.0615 30.92 0.9744 0.0306 30.24 0.9751 0.0300 31.47 0.9757 0.0299 32.18 0.9788 0.0269
FurBall 19.65 0.8796 0.1506 35.77 0.9686 0.0741 36.45 0.9724 0.0547 35.54 0.9671 0.0868 37.73 0.9741 0.0561
Hotdog 17.11 0.8576 0.1218 33.38 0.9742 0.0351 31.67 0.9743 0.0332 33.24 0.9742 0.0353 34.30 0.9776 0.0310
Lego 16.19 0.7919 0.1454 31.02 0.9568 0.0496 28.25 0.9463 0.0567 30.90 0.9531 0.0535 31.40 0.9608 0.0471
Translucent 16.46 0.8884 0.0896 32.92 0.9759 0.0402 30.35 0.9742 0.0319 33.00 0.9768 0.0368 33.94 0.9790 0.0318
Cup 20.02 0.9311 0.0535 35.72 0.9896 0.0241 35.81 0.9902 0.0262 33.75 0.9853 0.0260 35.97 0.9896 0.0250
Mean 18.32 0.8719 0.1064 32.21 0.9673 0.0483 31.31 0.9674 0.0454 32.03 0.9659 0.0508 33.11 0.9710 0.0429

(c) Main comparison on scattering scenes with KiloOSF (Yu et al., 2023), SSS-GS (Dihlmann et al.,
2024), and SSD-GS (Zheng et al., 2026). Ours augments SSD-GS with the proposed local represen-
tation.
Scene KiloOSF SSS-GS SSD-GS Ours(SSD-GS)

PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓
Bunny 25.35 0.9412 0.0662 36.11 0.9801 0.0333 37.06 0.9862 0.0187 38.72 0.9891 0.0141
Candle 18.84 0.9125 0.2602 38.71 0.9865 0.0244 40.13 0.9920 0.0128 40.58 0.9925 0.0114
Dragon 27.23 0.9121 0.1117 35.19 0.9634 0.0532 36.36 0.9783 0.0264 36.86 0.9791 0.0239
Soap 26.40 0.9129 0.1123 36.66 0.9761 0.0290 41.19 0.9924 0.0086 41.06 0.9913 0.0104
Statue 22.93 0.9036 0.1177 35.59 0.9773 0.0372 35.92 0.9836 0.0198 35.91 0.9843 0.0197
Mean 24.15 0.9165 0.1336 36.45 0.9767 0.0354 38.13 0.9865 0.0173 38.63 0.9873 0.0159

Table 2: Ablation studies. All variants are trained independently. Mean gives equal scene weight.
Best and second-best results are highlighted using unrounded values.
(a) Mean performance after removing individual local factors. All 16 scenes

w/o local diffuse w/o local shadow w/o local specular Full
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

Real 34.27 0.9465 0.0811 34.21 0.9463 0.0810 34.20 0.9464 0.0812 34.33 0.9472 0.0805
Synthetic 32.89 0.9697 0.0448 32.53 0.9688 0.0451 32.51 0.9681 0.0475 33.11 0.9710 0.0429
Mean 33.58 0.9581 0.0629 33.37 0.9575 0.0631 33.36 0.9573 0.0643 33.72 0.9591 0.0617

(b) Shadow formulation
Hotdog Pikachu

PSNR↑ SSIM↑ LPIPS↓ FPS↑ PSNR↑ SSIM↑ LPIPS↓ FPS↑

w/o local shadow 33.89 0.9767 0.0323 85.8 33.92 0.9705 0.0750 76.5
Additive corr. 33.94 0.9752 0.0389 84.9 34.05 0.9707 0.0749 71.8
Range-only 34.02 0.9770 0.0316 84.4 33.97 0.9704 0.0751 68.1
Gaussian η 34.05 0.9769 0.0315 84.5 34.02 0.9705 0.0750 80.9
w/ per-texel Φ 34.27 0.9769 0.0319 28.3 34.11 0.9706 0.0747 38.1
Full 34.30 0.9776 0.0310 81.8 34.11 0.9709 0.0743 81.9

(c) Local specular
AnisoMetal Nefertiti

PSNR↑ SSIM↑ LPIPS↓ FPS↑ PSNR↑ SSIM↑ LPIPS↓ FPS↑

w/o local specular 28.46 0.9569 0.0475 67.2 38.41 0.9648 0.0476 166.4
w/o local amplitude 28.58 0.9572 0.0475 61.9 38.49 0.9651 0.0477 165.4
w/o local sharpness 28.70 0.9577 0.0466 62.2 38.48 0.9649 0.0480 165.9
w/ local normal 28.11 0.9547 0.0490 17.2 38.59 0.9657 0.0471 64.1
w/ local ASG shape 28.55 0.9580 0.0455 64.1 38.55 0.9653 0.0477 151.5
Full 28.84 0.9593 0.0451 67.2 38.61 0.9662 0.0474 162.9

4.3 RENDERING EFFICIENCY

Table 3 reports memory, frame rate, and Gaussian count. LoFT-GS renders at 77–136 FPS, com-
pared with 15–55 FPS for RNG and 27–115 FPS for SSD-GS, and uses 27–50% fewer Gaussians
than GS3. Its specular and neural stages are faster than those of GS3 on every scene, while shadow,
compositing, and rasterization are slower; total frame time differs from GS3 by −13% to +13%.
Overall, LoFT-GS increases intra-Gaussian relighting resolution while maintaining rendering effi-
ciency comparable to GS3.
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Figure 5: Qualitative comparisons on representative real and synthetic scenes. Insets highlight
fine diffuse textures, specular highlights, and cast-shadow boundaries.

Table 3: Rendering efficiency and module-time decomposition. Mem.: peak PyTorch process
allocated memory (MiB); #GS: number of Gaussians (×103). Spec.: specular; Comp.: compositing;
Rast.: rasterization. Total time is independently measured synchronized wall time, not the sum.

(a) Rendering efficiency.
GS3 RNG SSD-GS Ours

Scene Mem.↓ FPS↑ #GS↓ Mem.↓ FPS↑ #GS↓ Mem.↓ FPS↑ #GS↓ Mem.↓ FPS↑ #GS↓
Lego 741.5 77.29 529.2 2,437.1 19.95 949.7 1,909.4 27.33 548.7 775.5 77.04 320.2
Translucent 581.6 100.10 412.9 3,126.4 15.17 1,222.6 1,773.5 29.66 504.6 528.3 108.47 214.8
Fish 406.6 81.53 279.6 708.4 54.73 266.4 512.7 52.50 140.5 385.5 93.42 139.0
Container 285.3 153.75 185.8 1,078.8 45.26 395.7 296.9 115.12 62.3 405.9 135.67 135.3

(b) Module-time decomposition (ms/frame, ↓).
GS3 Ours

Scene Shadow Spec. Neural Comp. Rast. Total Shadow Spec. Neural Comp. Rast. Total
Lego 5.282 4.105 2.816 0.067 1.971 12.94 5.650 1.983 2.370 1.986 3.038 12.98
Translucent 3.351 2.650 2.232 0.055 1.514 9.99 4.028 1.098 1.424 1.037 2.130 9.22
Fish 5.681 2.409 1.399 0.044 2.502 12.27 6.382 0.835 0.676 0.530 2.932 10.70
Container 2.529 1.228 0.684 0.036 1.067 6.50 3.644 0.791 0.644 0.507 1.760 7.37

5 CONCLUSION

We presented LoFT-GS, a two-level representation for relightable Gaussian splatting that preserves
spatially varying appearance within each Gaussian footprint while retaining shared Gaussian-level
directional and neural computation. Experiments across 21 real, synthetic, and scattering scenes
demonstrate consistent improvements over existing relighting methods and show that the proposed
representation can also complement models with additional scattering components. Together, these
results show that increasing relighting resolution within a Gaussian provides a compact and effec-
tive way to improve high-fidelity novel-light rendering while retaining the efficiency of Gaussian
splatting.
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A ADDITIONAL METHOD DETAILS

This supplement expands the components introduced in the Method. We first describe how the
Gaussian plane carries the local grid, then specify the directional reflectance model, shared networks,
and optimization schedule.

A.1 LOCAL COORDINATES AND PIXEL SAMPLING

The local grid is attached to the Gaussian, not to a camera image. Using the geometric quantities in
Sec. 3.1, a point on its plane can be written as

x(ξ, ζ) = µ+ s1ξt1 + s2ζt2. (11)

Here, ξ and ζ measure displacement along the two Gaussian axes in units of their corresponding
scales. Consequently, different camera or light rays reaching the same plane location refer to the
same local texture location. We map the region spanning three in-plane standard deviations along
each axis to normalized coordinates (u, v) ∈ [0, 1]2. The fixed-resolution representation uses a
compact 4× 4 grid.

Texel shading. For each light-view pair, we evaluate the ASG response and both MLPs once per
Gaussian. The light and viewing directions ωi,ωo and point-light distance d are measured at the
Gaussian center and shared by all its texels. Combining the shared responses with the local factors
gives the direct-shading color

c(u, v) =
1

d2
[kd(u, v)fd(ωi) + ksfs(ωi,ωo;u, v)] , (12)

the shadow factor from Eq. 7,

s(u, v) = 1− η(u, v) + η(u, v)ˆ︁s(u, v), (7)

and the additive RGB response

r =
1

d2
Ψ(ωi,ωo;µ, ℓ). (13)

Here, ˆ︁s is the range-mapped visibility in Eq. 6. Both the direct-shading and additive responses
include inverse-square distance attenuation. The shading color and shadow factor vary over texels,
whereas the additive response is shared across the Gaussian.

Camera-pixel sampling. To obtain a Gaussian’s contribution to a camera pixel, we first intersect
the pixel’s ray with its plane. This gives a location (u, v) on the texture grid, generally between
texels. We therefore interpolate the values at the four surrounding texels rather than choosing a
single texel.

For an r × r grid, let x = (r − 1)u and y = (r − 1)v, and let a = x− ⌊x⌋ and b = y − ⌊y⌋ be the
fractional distances within a grid cell. Denote its four neighboring values by X00, X10, X01, X11,
where the subscripts indicate the horizontal and vertical offsets. Bilinear interpolation gives˜︁X(u, v) = (1− a)(1− b)X00 + a(1− b)X10 + (1− a)bX01 + abX11. (14)

At grid boundaries, neighbor indices are clamped to the valid texel range; a 1×1 grid returns its sole
value. We apply Eq. 14 to the already-evaluated shading color c and shadow factor s in Eqs. 12 and 7,
not to the appearance parameters before shading. The additive response r is Gaussian-level and
needs no interpolation. These three quantities are then composited over the Gaussians contributing
to the pixel, using Eq. 1.

A.2 DIFFUSE AND SPECULAR FUNCTIONS

The smooth incident-angle weighting and modified ASG basis below follow the appearance model
of GS3 (Bi et al., 2024). The local factors in the Method add spatial variation without changing these
shared functions.
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Diffuse reflection. Let ns be the normal of a learned Gaussian-level shading frame, distinct from
the geometric normal n in Sec. 3.1. Expressing the normal and incident-light direction in the same
coordinate frame, the diffuse appearance function is

fd(ωi) =
ELUε(n

⊤
s ωi) + ε(1− e−1)(︁

1 + ε(1− e−1)
)︁
π

, ε = 0.01. (15)

Here, ELUε(x) equals x for x ≥ 0 and ε(ex − 1) otherwise. Compared with a clamped cosine,
this smooth extension maintains a nonzero derivative for back-facing lighting directions, allowing
the shading frame to continue adjusting. The cosine is included in fd itself; it is not an additional
factor in the image-formation equation. The local RGB albedo kd(u, v) sets the diffuse color, while
the shared shading normal determines its incident-angle dependence. Neither quantity introduces a
dependence on viewing direction.

ASG basis functions. ASGs were introduced by Xu et al. (2013) to represent anisotropic functions
on the sphere. We use the angular-distance variant of GS3, rather than the original hemisphere-
weighted ASG formula. Each basis decreases with the angular distance from a preferred direction,
at different rates along its two tangent axes. The mixture in Eq. 8 combines these bases into the
Gaussian’s directional response.

For basis j, let zj be the peak direction and xj ,yj its two orthogonal tangent axes. The effective
axes below include the learned Gaussian-level shading rotation. This frame orients the directional
response as a whole and is shared by all texels; no separate shading normal is introduced at individual
texels. Let θj = arccos(h⊤zj) be the angle from h to zj , and sj the normalized projection of h
onto the plane spanned by xj ,yj . The basis is

Gj(h) =
1

σz,j
exp

[︄
−

θ2j
2σ2

z,j

(︄
(s⊤j xj)

2

σ2
x,j

+
(s⊤j yj)

2

σ2
y,j

)︄]︄
. (16)

The two tangent widths control how quickly the response falls off in different angular directions,
while σz,j controls its overall angular spread. A common constant scale factor is absorbed into the
mixture coefficients βj . For numerical evaluation, the inverse-cosine input is clamped away from
±1, and projection normalization uses a small positive denominator floor.

The model uses eight basis functions. Their canonical shapes and frames are shared across the scene,
while each Gaussian learns its mixture weights and the shading rotation that orients them. The local
amplitude and sharpness in Eq. 9 modulate the resulting response; they do not introduce additional
basis functions at individual texels.

Fresnel weighting. The Fresnel term describes the change in reflectivity with incidence angle. We
use the Schlick approximation (Schlick, 1994):

F (ωi,h) = F0 + (1− F0)
(︁
1− ω⊤

i h
)︁5
, (17)

where F0 is the normal-incidence reflectance and is fixed to 0.04 in the inherited model. As inci-
dence becomes more grazing relative to the half vector, the factor increases. It weights the ASG
mixture in Eq. 8; the RGB specular color is provided separately by ks.

A.3 SHARED NEURAL NETWORKS

To refine shadows without increasing neural evaluations with the number of texels, Φ predicts a
shadow range once per Gaussian, as defined in Eq. 5. The second network, Ψ, accounts for appear-
ance not captured by direct shading; its distance-scaled RGB response is defined in Eq. 13. The
position and material feature allow each network to respond differently at different Gaussians while
sharing its weights across the scene. The networks have separate weights, but use the same learned
six-dimensional material feature for a given Gaussian. Their outputs are Gaussian-level quantities.
In particular, Φ determines the shared shadow mapping, while the texture stores the local shadow
contribution weight η(u, v). Local shadow variation therefore does not require an MLP evaluation
at every texel.

14
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Network implementation. We encode position and light/view directions with four sine-cosine
frequency bands before concatenating them with the material feature. Φ additionally receives the
scalar visibility V̄ . The encoding uses the sinusoidal features without appending the raw coordinates.
Both networks use three hidden layers with LeakyReLU activation; their widths and outputs are
summarized in Table A1. Sigmoid output layers provide the bounded predictions of Φ and the
nonnegative response of Ψ.

Table A1: The two shared MLPs. Each is evaluated once per Gaussian for the current light-view
pair.

Network Hidden widths Output

Φ 32, 32, 32 Two bounded scalars L,W
Ψ 128, 128, 128 One nonnegative RGB response

A.4 PROGRESSIVE OPTIMIZATION

We use Adam (Kingma & Ba, 2015) to minimize the standard 3DGS photometric loss (Kerbl et al.,
2023):

L = (1− λ)L1 + λLD-SSIM, λ = 0.2, (18)

Here, L1 is the pixelwise ℓ1 loss and LD-SSIM = 1 − SSIM, with SSIM defined by Wang et al.
(2004).

To establish a diffuse base before fitting flexible residuals and directional highlights, we introduce
the appearance components progressively, following the diffuse-first strategy of GS3 (Bi et al.,
2024). Local grids are available from the beginning of training. Each local appearance factor par-
ticipates as soon as its corresponding component is enabled, with no additional texel-only activation
delay. The reference schedule has four phases:

1. Diffuse warm-up (0–5K iterations). Only the diffuse term contributes to the rendered
image, establishing coarse geometry and a base surface color. The local diffuse albedo
kd(u, v) is optimized from the start and throughout later phases.

2. Shadow and residual fitting (5K–9K). We enable the shadow and other-effects networks
while keeping specular reflection inactive. The model can then account for occlusion and
residual illumination on top of the diffuse fit. The local shadow contribution weight η(u, v)
becomes active with the shadow term.

3. Diffuse adaptation (9K–16K). The shadow and residual networks remain in the forward
model, but their weights and material features are held fixed. The local diffuse albedo and
shadow contribution weights remain learnable. For HDR inputs, this phase also transitions
the fitting target from gamma-compressed values to linear intensities.

4. Full appearance fitting (16K onward). We enable specular reflection, including the local
amplitude g(u, v) and sharpness q(u, v), and resume the neural updates. The shared ASG
tangent-width parameters and basis rotations remain fixed until 22K, after which they are
also refined. This later release does not delay the local amplitude and sharpness, which are
already active and learnable from 16K.

The visibility field V (u, v) is recomputed from the light pass rather than optimized as an independent
texture parameter. Thus, making all grids available from the start does not mean that all shading
terms contribute during the diffuse warm-up.

This ordering encourages the components to retain their intended physical roles, without enforcing
a unique physical decomposition. Subsequent training-schedule ablations in SSD-GS (Zheng et al.,
2026) provide further evidence for progressive fitting: they report clearer component separation than
introducing the terms jointly, even when scalar image-quality metrics are close. Their scattering-
specific schedule differs from the one above.
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Table A2: Ablation of local appearance factors. All variants are trained independently. Mean
gives equal scene weight. Best and second-best results are highlighted using unrounded values.

Scene w/o local diffuse w/o local shadow w/o local specular Full
PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓ PSNR↑ SSIM↑ LPIPS↓

LightStage
Boot 30.35 0.9149 0.1055 30.35 0.9137 0.1050 30.22 0.9143 0.1065 30.40 0.9157 0.1049
Container 38.90 0.9819 0.0174 39.14 0.9831 0.0164 38.94 0.9826 0.0166 39.08 0.9829 0.0166
Fox 35.34 0.9266 0.0852 35.35 0.9268 0.0857 35.30 0.9259 0.0870 35.40 0.9275 0.0849
Nefertiti 38.50 0.9653 0.0477 38.52 0.9657 0.0473 38.41 0.9648 0.0476 38.61 0.9662 0.0474

NRHints
Cat 27.93 0.9034 0.1562 27.53 0.9016 0.1574 27.72 0.9046 0.1553 27.74 0.9038 0.1558
CupFabric 37.94 0.9846 0.0657 37.66 0.9841 0.0664 37.80 0.9844 0.0662 38.00 0.9847 0.0655
Fish 31.15 0.9248 0.0955 31.24 0.9251 0.0945 31.19 0.9242 0.0949 31.29 0.9255 0.0945
Pikachu 34.07 0.9705 0.0752 33.92 0.9705 0.0750 34.01 0.9706 0.0751 34.11 0.9709 0.0743

Synthetic
AnisoMetal 28.82 0.9591 0.0450 28.64 0.9578 0.0472 28.46 0.9569 0.0475 28.84 0.9593 0.0451
MaterialBalls 30.44 0.9470 0.0816 30.24 0.9462 0.0836 29.94 0.9422 0.0890 30.49 0.9490 0.0804
Drums 31.78 0.9771 0.0288 29.98 0.9726 0.0310 31.52 0.9766 0.0298 32.18 0.9788 0.0269
FurBall 37.27 0.9721 0.0633 37.08 0.9709 0.0599 37.07 0.9717 0.0667 37.73 0.9741 0.0561
Hotdog 34.15 0.9767 0.0323 33.89 0.9767 0.0323 34.25 0.9771 0.0318 34.30 0.9776 0.0310
Lego 31.18 0.9582 0.0491 30.62 0.9568 0.0494 30.75 0.9560 0.0510 31.40 0.9608 0.0471
Translucent 33.54 0.9777 0.0337 33.89 0.9796 0.0322 33.00 0.9765 0.0346 33.94 0.9790 0.0318
Cup 35.95 0.9894 0.0247 35.92 0.9894 0.0255 35.10 0.9880 0.0295 35.97 0.9896 0.0250
Mean 33.58 0.9581 0.0629 33.37 0.9575 0.0631 33.36 0.9573 0.0643 33.72 0.9591 0.0617

A.5 IMPLEMENTATION DETAILS AND BASELINE ADAPTATIONS

All methods use a 100K-iteration training budget. Densification ends at 80K iterations for real
scenes and 50K iterations for synthetic scenes. These densification schedules are shared across
methods, except for RNG staged training, which uses its own schedule.

RNG. For a fair comparison, we enable camera-pose optimization in the released RNG implemen-
tation, matching the pose-optimization setting used by GS3 and SSD-GS. We train both forward and
staged forward-to-deferred variants and report the stronger result for each scene.

Scattering scenes. To evaluate trained scattering models correctly, we fixed checkpoint restora-
tion in the released SSD-GS code. After loading a checkpoint, the original code re-initialized the
scattering state, overwriting the saved subsurface-scattering coefficient ksss and scatter-MLP param-
eters, so renderings from a trained model did not use its learned scattering. With the fix, these saved
parameters are restored before rendering.

Integration with SSD-GS. Ours (SSD-GS) combines the local diffuse and specular factors and
the range-based texel shadow of LoFT-GS with the Gaussian-level scatter MLP and ksss of SSD-GS,
rendered in the 2DGS deferred renderer of LoFT-GS. Local color and shadow use texture channels,
while scattering remains Gaussian-level in the deferred other-effects channel (Iresidual in Eq. 10).
Apart from the checkpoint fix above, the official SSD-GS renderer is unchanged.

B ADDITIONAL ABLATION RESULTS

Figure A1 compares RNG, GS3, and LoFT-GS under a moving point light with a fixed viewpoint.
Table A2 lists the per-scene results behind the means in Table 2(a). Figure A2 compares the direct
specular component of GS3 and LoFT-GS, and Figure A3 probes local amplitude and sharpness on
AnisoMetal.

C LOCAL GRID RESOLUTION

All main experiments use a fixed 4 × 4 grid per Gaussian. This appendix reports the runs behind
that choice.
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Figure A1: Relighting under a moving point light. For each scene, the viewpoint is fixed while
a point light moves around the object; the seven columns are evenly spaced along its path. Rows
compare RNG, GS3, and LoFT-GS on the same enlarged crop. Insets indicate light direction. Full
sequences are provided as supplementary videos.

17



918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2027

AnisoMetal Nefertiti Pikachu

G
ro

un
d

tr
ut

h
G

S3
L

oF
T-

G
S

Figure A2: Specular-factor comparison for two captures per scene. The top row provides RGB
references; the remaining rows show the isolated, pre-shadow direct specular component of each
method. Insets indicate light direction.
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Figure A3: Local amplitude and sharpness analysis. We probe two representative regions L1 and
L2 while varying the light direction. Amplitude-only and sharpness-only responses are obtained
from the same trained Full model by disabling the complementary local modulation. The right
panels show representative direct-specular renderings.

C.1 CHOICE OF GRID RESOLUTION

Table A3 varies the grid on Pikachu and Hotdog. Over Gaussian-level relighting, 2× 2, 3× 3, and
4× 4 grids add 0.24, 0.33, and 0.52 dB on Pikachu, and 0.15, 0.37, and 0.54 dB on Hotdog. Beyond
4× 4, the remaining gain is small. A 5× 5 grid uses 1.4× and 1.7× the 4× 4 texel count, yet leaves
Pikachu unchanged (34.107 vs. 34.110 dB) and adds 0.06 dB on Hotdog. Growing grids during
optimization (forward adaptive) adds 0.08 dB on Pikachu at 3.0× the texels, and 0.01 dB on Hotdog
at 1.5×. The fixed 4× 4 grid thus reaches 86% and 90% of the largest gain observed in each scene,
and we use it for all main experiments.

C.2 REVERSE COARSENING

Since growing grids is expensive, we also tried the opposite direction on six scenes. Starting from the
fixed 4×4 checkpoint at 80k iterations, we lower a grid by one level at 85k, 90k, and 95k whenever a
coarser grid can reproduce its local factors, and continue training to 100k. For a candidate reduction,
we downsample the diffuse albedo Xd = kd, the log amplitude and sharpness Xs = (log g, log q),
and the centered visibility Xv = V − V̄ by area averaging, upsample them back to ˆ︁Xf , and measure

ef =
mean |Xf − ˆ︁Xf |

max(mean |Xf |, δf )
, E = max{ed, es, ēv}, (19)
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Table A3: Grid resolution. Fixed and adaptive
grids on Pikachu and Hotdog. ∆: PSNR gain
over Gaussian-level only.

Pikachu Hotdog
Local grid Texels↓ PSNR↑ ∆ Texels↓ PSNR↑ ∆

Gaussian-level only — 33.59 — — 33.76 —
Fixed 2 × 2 0.43M 33.83 +0.24 0.73M 33.91 +0.15
Fixed 3 × 3 0.92M 33.92 +0.33 1.76M 34.13 +0.37
Fixed 4 × 4 1.79M 34.11 +0.52 3.13M 34.30 +0.54
Fixed 5 × 5 2.54M 34.11 +0.52 5.24M 34.36 +0.60
Forward adaptive 5.43M 34.19 +0.60 4.77M 34.31 +0.56

Table A4: Reverse coarsening. PSNR of the
fixed 4 × 4 model and after coarsening. Texel↓:
fraction of texels removed.

Scene Fixed 4 × 4 Coarsened ∆ Texel↓
Boot 30.40 30.31 −0.09 28.1%
Container 39.08 38.98 −0.10 28.5%
CupFabric 38.00 38.04 +0.04 29.4%
Fish 31.29 31.16 −0.13 29.2%
AnisoMetal 28.84 28.71 −0.13 26.4%
FurBall 37.73 37.68 −0.05 29.6%
Average 34.22 34.15 −0.08 28.5%

with δd = 0.03 and δs = δv = 0.02; ēv averages the visibility error over light-view pairs in which
the Gaussian is visible. A reduction is accepted when E is below the transition threshold (0.65,
0.45, and 0.30), with at most 25% of the Gaussians coarsened per event. The smaller grid receives
area-averaged local factors; the shared directional model and networks are unchanged.

Table A4 lists the results. Coarsening removes 26.4–29.6% of the texels (28.5% on average). Com-
pared with the fixed 4× 4 models, PSNR rises on CupFabric (+0.04 dB) and drops by 0.05–0.13 dB
on the other five scenes, −0.08 dB on average over all six. Coarsening thus trades a small PSNR
loss for about 28% fewer texels; we keep the fixed 4× 4 grid for all main results and report reverse
coarsening only as an observation.
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