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Figure 1. ReCap shows a significant advantage in reconstructing environment maps with accurate tones and color fidelity. Both qualitative and quantitative
assessments show that ReCap achieves more realistic and consistent relighting results under a range of unseen lighting conditions.

Abstract

Accurate 3D objects relighting in diverse unseen envi-
ronments is crucial for realistic virtual object placement.
Due to the albedo-lighting ambiguity, existing methods of-
ten fall short in producing faithful relights. Without proper
constraints, observed training views can be explained by
numerous combinations of lighting and material attributes,
lacking physical correspondence with the actual environ-
ment maps used for relighting. In this work, we present Re-
Cap, treating cross-environment captures as multi-task tar-
get to provide the missing supervision that cuts through the
entanglement. Specifically, ReCap jointly optimizes mul-
tiple lighting representations that share a common set of
material attributes. This naturally harmonizes a coher-
ent set of lighting representations around the mutual ma-
terial attributes, exploiting commonalities and differences
across varied object appearances. Such coherence enables
physically sound lighting reconstruction and robust mate-
rial estimation — both essential for accurate relighting. To-
gether with a streamlined shading function and effective
post-processing, ReCap outperforms all leading competi-
tors on an expanded relighting benchmark.

*Corresponding author

1. Introduction

For a realistic and immersive augmented reality experience,
virtually placed objects must convincingly reflect light, cast
shadows, and adapt naturally to different lighting condi-
tions. Achieving the desired realism requires a physically
accurate response to environment lighting, driving a line of
research at enabling relighting capabilities in popular neural
representation models.

In recent years, Neural Radiance Field (NeRF) [28]
gained prevailing popularity as an implicit scene represen-
tation. Subsequent NeRF-based relighting methods [19,
39, 50] produced impressive relighting results, but their
computational demands make them impractical for inter-
active applications [18, 46]. Lately, 3D Gaussian Splat-
ting (3DGS) [22] is widely acclaimed as an explicit 3D
representation model for its high rendering quality and in-
teractive frame rates, naturally suited for applications re-
quiring real-time performance. Building on this, follow-up
works [15, 18, 26, 46] have enabled relighting of Gaussians
using explicit shading functions and learnable lighting rep-
resentations, often in the form of environment maps.

While standard HDR maps could theoretically replace
these learned environment maps for relighting, directly sub-
stituting them, as current methods do, remains question-
able due to the unclear physical meaning of the learned
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values. Because of the albedo-lighting ambiguity [1, 5],
where changes in surface albedo are indistinguishable from
changes in lighting intensity, existing supervision from the
reconstruction loss alone is not enough for a truthful light-
ing reconstruction. As shown in Fig. 1a), the learned en-
vironments are often observed to be tinted with object col-
ors, shifted in tone, scaled in intensity or filled with noise.
Without proper constraints, these maps act as sinks for un-
modeled residual terms during optimization, becoming in-
dispensable for producing high-quality novel view synthesis
results. Replacing them with the ground truth HDR maps
significantly degrades the output quality, much less when
attempting to relight with novel environment maps.

Inspired by photometric appearance modeling [25, 33,
45] which estimates surface properties from object appear-
ances under varied lighting, we introduce additional photo-
metric supervision to address the albedo-lighting ambigu-
ity. While traditional approaches rely on controlled lighting
setups like light stages [11] and collocated lights [44] to
provide supervision through known light directions and/or
intensities, they require dedicated hardwares. Instead, we
propose ReCap to leverage object captures across unknown
lighting conditions, modeling light-dependent appearances
with multiple environment maps that share a common Gaus-
sian model. Conceptually, this resembles multi-task learn-
ing, where the learned environment maps act as task heads
querying a shared material representation for varied ob-
ject appearances. In this case, the “querying” is done by
the physically-based shading function, which facilitates the
separation of material and lighting. This joint optimization
promotes internal consistency when accounting for varied
object appearances across diverse environments, simultane-
ously supporting more accurate lighting reconstruction.

To streamline the joint optimization, we introduce a gen-
eralized shading function based on the split-sum approxi-
mation [21], which eliminates a material parameter that in-
troduces ambiguity in inverse rendering. Additionally, we
ensure compatibility with standard HDR maps by encour-
aging the learned values to remain in a linear HDR space
through appropriate post-processing. This enables the direct
application of novel environment maps without the need for
image normalization [27] or map adjustments [26].

Current relighting evaluations are limited in scope, fo-
cusing primarily on diffuse surfaces [19, 51]. For a more
comprehensive assessment, we re-rendered 13 objects from
NeRF [28] and RefNeRF [40] featuring both diffuse and
specular surfaces. As shown in Fig. 1, experiments on the
expanded benchmark confirm the effectiveness of ReCap
in producing robust and more realistic relighting results.
Codes and datasets are available here.

To summarize, the contribution of this work includes
 Treating cross-environment captures as multi-task targets,

we address the albedo-lighting ambiguity via the joint op-

timization of shared material properties and independent
lighting representations.

* We propose a novel shading function with physically ap-
propriate post-processing, providing more flexible mate-
rial representation that eases optimization and allows the
direct application of standard HDR maps.

» ReCap achieves state-of-the-art relighting performance
on a more comprehensive benchmark, showing robust-
ness across diverse lighting and object types.

2. Related Work

Novel View Synthesis (NVS). Pure NVS techniques focus
on reproducing the scene appearance under its original en-
vironment. NeRF [28] and its follow-ups [2—4] achieve
remarkable NVS quality with implicit radiance fields and
volume rendering. Although great progress has been made
in NeRF acceleration [14, 29, 43] leveraging voxel grids
or hash tables, their rendering speeds (~10 fps) are still
far from interactive. Building on progress in differentiable
point-based rendering [23, 47], 3DGS [22] recently intro-
duced an explicit Gaussian representation with an efficient
tile-based rasterizer, delivering photo-realistic rendering at
impressive frame rates (~100 fps). This makes 3DGS well-
suited for high-quality real-time relighting.

Relighting. The relighting task traditionally involves edit-
ing lighting within fixed views [12, 36, 44]. The term
has since broadened to encompass novel view relight-
ing [20, 45], which aims to generate images from both new
viewpoints and under new lighting conditions. With the
advent of differentiable neural rendering, reconstruction-
based methods [7, 39, 48, 50] have found a promising di-
rection to combine physically-based rendering (PBR) with
neural representations for editable and realistic render-
ing. Closely related to our work, PBR is also incorpo-
rated by 3D Gaussians, which enable Gaussian relight-
ing. 3DGS-DR [46] and GShader [18] both specialize in
specular objects and propose customized shading functions.
R3DG [15] further incorporates ray tracing for indirect illu-
mination, while GS-IR [26] relies on baked occlusion maps.
With only single environment captures as input, these Gaus-
sian relighting methods face challenges in correctly decou-
pling lighting from material properties.

Albedo-lighting Disambiguation. Recovering reliable il-
lumination and albedo from object appearances is an ill-
posed problem [35] in inverse rendering. It is often simpli-
fied under the assumption of controllable lighting [6, 31],
known geometry [32], or when regularized with strong pri-
ors [13, 37] in domain-specific tasks such as relighting of
human faces. For more general cases, object captures from
varied lighting, known as photometric images, can pro-
vide important visual cues. Several NeRF-based relighting
methods have taken advantage of such captures. NeRV [39]
requires multiple known lighting environments. NeRD [7]
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Figure 2. The proposed ReCap training framework. Compared to original 3DGS [22], each Gaussian is augmented with 3 extra material attributes.
Given k sets of object appearances from unknown lighting conditions as input, k£ learnable environment maps are instantiated. Gaussian color is computed
according to the shading function in the world space based on environment queries and material properties. 2D images are rasterized with standard Gaussian
splatting and used for loss computation. Ciyage: image reconstruction loss from [22]. Additional loss terms for material and geometry are not shown.

models lighting as spherical Gaussians and optimizes sepa-
rate lighting for every input image. TensolR [19] encodes
lighting as an additional dimension in its factorized tensor
representation and relies on ground-truth albedo scaling for
accurate relighting. In contrast, we use object captures un-
der unknown lighting, optimizing a learnable light map sep-
arately for each scene and independently from the Gaussian
model, without requiring ground-truth albedo for relighting.

3. Method

In this section, we introduce ReCap, a robust Gaussian
relighting method that leverages cross-environment object
captures. The overall framework is illustrated in Fig. 2. In
Sec. 3.1, we explain how relighting is enabled in 3DGS with
an explicit shading function. In Sec. 3.2, an optimization-
friendly variant of the split-sum-approximation is intro-
duced for shading. Lighting representation and post-
processing are detailed in Sec. 3.3 and Sec. 3.4, with normal
estimation covered in Sec. 3.5.

3.1. Relighting Gaussians with shading function
3DGS represents objects as explicit point clouds. A point at

location x in the world space is represented as a 3D Gaus-
sian function defined by covariance matrix ¥ and mean p:

G(x[pn, %) = B = o) (1)

Additionally, each point holds an opacity attribute « and a
color attribute c for point-based a-blending. From a view-
ing direction v, the pixel color C' can be computed by blend-

ing ordered points overlapping the pixel:

)= Z ci(v)a

The original 3DGS models the view-dependent color c(v)
with spherical harmonics. This simplification abstracts
the complex view-dependent interactions between material,
lighting and geometry into a composite representation. Re-
lighting Gaussians thus requires an alternative representa-
tion of c(v) that factors out the influence of lighting. A nat-
ural choice is to use various well-established shading func-
tions from graphics. Ignoring any emission, let the classic
rendering equation represent the outgoing radiance at Gaus-
sian point x viewed from direction v as

Loyt (x,v) = /QfT(x,v,l)Lm(x, D(n-Ddl, @3

where €2 is the hemisphere above the surface, f, is the bi-
directional reflection function (BRDF), 1 is the incident light
direction and L;,, is the incoming radiance, all defined in the
local coordinate system centered at x. The Gaussian color
c can be computed from L,,; with proper post-processing
such as tone mapping and gamma correction as discussed
in Sec. 3.4. The pixel color C becomes

) :Zci(v|fr7[/lna H 1_aj “4)

The rendering equation is commonly simplified for im-
plementation as shading functions. GShader [18] and
GS-DR [46] handcrafted their shading functions with a
light-independent diffuse component and a light-dependent

j—1

i [10—a)) 2)

j=1
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specular component querying lighting information from a
learned environment map. R3DG [15] and GS-IR [26] both
leverage microfacet based model as a more expressive al-
ternative. In our work, we start with the split-sum ap-
proximation of the microfacet model and propose a more
optimization-friendly variant.

3.2. Disambiguate Split Sum Approximation

Disney Principled BRDF [8] provides user-friendly param-

eters building on the Cook-Torrance microfacet BRDF [9].

We adopt simplifications from Epic Game [21] and con-

sider the following parameters: 1) basecolor, b € [0, 1]3;

2) roughness, r € [0,1]; 3) metallic, m € [0,1] ; and 4)

specular, s = 0.04, assumed to be constant for non-metals.
The BRDF of interest is given as

Frxv,1) =(1 = m) 2
D(r,n,1,v)F(b,m,s,1,v)G(r,n,1,v)
+ A1 n)(v-n) ’
&)

where D, F' and G are the normal distribution function, the
Fresnel term and the geometry term respectively.

Substitute Eq. (5) into Eq. (3) and apply the split-sum
approximation as described in [21], the shading function
can be written as

Lout(xv V) = Ed(n)(l - m)b

dif fuse (6)
+ ES(II, V) [FOﬂl (’l”, n, V) + ﬂZ(Tv n, V)]7

specular

where E; and E; are the pre-filtered environment maps
for diffuse and specular reflectance, 5; and (3, are pre-
calculated BRDF look-ups, Fy = mb + (1 — m)s is the
effective reflectance.

This is a linear blend of two different models controlled
by the metallic parameter. For metals, there is no diffuse
component and the specular part is colored. For non-metals,
the diffuse part is colored but not the specular part. Drop-
ping arguments for conciseness, the two models are

Lmetal = Esbﬁl + ES/BQ
Lnon—melal = Essﬁl + ES/BQ + Edb

Without prior knowledge on the distribution of material pa-
rameters of real metal and non-metal, optimization of the
metallic parameter is problematic especially when the light-
ing is also learned. First, s and b have overlaps. Certain
specular highlights of dark surfaces may be misinterpreted
and assigned to the wrong metallic value, as illustrated by
the example in Fig. 3. Furthermore, when the environ-
ment maps and roughness values are optimized such that
E4 ~ E;Bp, the two equations becomes interchangeable
with some value of b leading to ambiguous optimization.

)

Basecolor Metallic ~ Roughness ~ Render

Input RGB

Original y Q g!‘ q
Ours‘ ‘ @ q

Basecolor  Specular  Roughness ~ Render
Figure 3. With the original shading model, the shield of the helmet is
falsely identified as being metallic during optimization.
Instead, we discard the metallic parameter and expand
the specular parameter to propose a general expression as

Lout = Essﬁl + E552 + Edba (8)

where s € [0, 1]? is now a vector representing specular tint.
For s = [s, s, s]7, it becomes Luop.metal; fOr 8 = bypera and
b = 0, it becomes Ly On the downside, the expanded
range of s encompasses a significant portion of unnatural
specular colors. To avoid overly saturated specular tint, we
apply saturation penalty on s as

Esat = /\sat : ||S - Smean” . (9)

To account for energy conservation, we further include a
regularizer to encourage |s|| + ||b| < 1.

3.3. Lighting Representation

While spherical functions [16, 41, 48] are popular choices
for efficient lighting representations, we adopt an image
based lighting [10] model to provide high frequency details
necessary for specular reflections. Specifically, each envi-
ronment lighting is represented by a 6 x 256 x 256 learnable
cube map, which is pre-filtered into a diffuse map, E,, for
diffuse reflection [34] and a set of specular mipmaps across
different roughness levels, F;, for specular reflection [21].
In practice, we use the efficient approximation provided
by NVDIFFRAST [30] for differentiable pre-filtering and
querying of the learnable environment maps, which are per-
formed in every forward pass for shading.

To leverage photometric supervision from cross-
environment captures, k sets of learnable environment maps
will be instantiated to explain k sets for object appearances.
As illustrated by Fig. 4, the same object position can dis-
play a range of pixel colors depending on viewing direction
and lighting. With only single-environment captures, the
view-dependent variations can be explained by a multitude
of material-lighting combinations, manifesting the albedo-
lighting ambiguity. By introducing additional sets of object
appearances under new, unknown environments, the light-
dependent variations are attributed to corresponding learn-
able environment maps as multi-task learning targets. The
joint optimization encourages physically sound decoupling
of material properties and lighting to explain all observed
appearances as guided by the shading function.

While increasing the number of environments can en-
hance the decoupling as later shown in Sec. 4.3, it also re-
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Figure 4. The same object position exhibit view-dependent and light-
dependent pixel color, the later is accounted for by querying corresponding
learnable environments.

quires additional effort to capture real objects across multi-
ple scenes. As a proof of concept, we limit our investigation
to a dual-environment setup unless mentioned otherwise.
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3.4. Post-shading Processing

Standard HDR maps represent radiance in linear RGB space
when used as lighting sources in rendering [10]. To apply
them effectively for relighting, the learned lighting values
need a clear physical interpretation. Current methods adopt
diverse post-shading strategies during training, influencing
both the interpretation of learned environment maps and the
processing of new HDR maps. For example, if the learned
values are constrained to [0, 1] and gamma correction is
applied post-shading, the environment map is effectively
treated as being in a linear low dynamic range (LDR) space.

In Tab. I, we analyze three major factors that affects
relighting. Gamma correction is essential for relighting,
as expected, since the shading function models linear light
transport. However, it is often overlooked [15, 46], because
omitting it still yields good NVS results. While previous
work also consider complex tone-mappers [39] from graph-
ics, they perform worse than simple clipping, likely due to
the introduced non-linearity hindering optimization.

To balance relighting and NVS, we constrain environ-
ment maps to be positive and apply simple clipping fol-
lowed by gamma correction. This implies a linear HDR
lighting space where new environment maps can be used
without modification, removing the need for normaliz-
ing relit images [27] or learned albedo [19] to match the
ground-truth (unavailable in practice) when when evaluat-
ing relighting. Combined with cross-environment decou-
pling, this essentially improves relighting by (i) allowing
Gaussians to push light-dependent appearances into learn-
able “sinks” as pseudo light maps, and (ii) regulating these
“sinks” with HDR processing and PBR, enabling them to
approximate real ambient light in value distribution.

3.5. Geometry Estimation

Accurate normal estimation is essential for precise query-
ing of the high frequency light maps. As discrete sparse
point clouds, 3D Gaussians have no native support for nor-
mal computation. Following the common observation that
converged Gaussians are often flat and align with the ob-
ject surface [17, 18, 26, 46], we adopt the shortest axis

Table 1. Relighting and NVS performance (PSNR) of various design
choices. The — symbol denotes implication on the learned environment
map. During relighting, the input HDR map are pre-processed to match
the interpretation. See the supplementary for more details.

Env. Map Range  Tonemap Gamma \ Relight NVS
[0,1] — LDR X X— non-linear | 23.55  29.97
[0,1] - LDR X v — linear 24.07 30.09

[0,00) — HDR clip

) X— non-linear | 22.69  32.36
[0, 00) — HDR clip

)

)

v/ — linear 25.82 32.23
v — linear 23.13 29.79
v — linear 23.70 30.64

[0,00) - HDR  reinhard
[0,00) — HDR aces

of each Gaussian as an estimation of the normal vector.
This shortest-axis normal approximation, n, is simply con-
strained using depth-derived normal, fi, where the depth im-
age is rendered from Gaussian opacities. This depth-normal
consistency loss is given as

Lan = Aan - |0 — A7, (10)

While existing works commonly augment normal estima-
tion with additional residuals [18] or learn per-Gaussian
normal vectors directly [15, 26], we observe that such learn-
able normals often overfit to explain specularities or shad-
owing effects. This leads to improved NVS but compro-
mises geometric accuracy. As shown in Fig. 5, the cross-
lighting consistency imposed by ReCap naturally improves
normal estimation by preventing overfitting to a single light-
ing condition. When only single-environment captures are
used, specular highlights become embedded in the surface
normals, preserving the specific highlight shapes seen in
training even when relighted with new environment maps.
In contrast, our ReCap with dual lighting produce accurate
highlight shapes with better surface normal.

b —ak ok

baseline w. normal residual w. learnable normal

w. dual lightings

GShader GS-IR

Ours (single) Ours (dual) Relight GT

Figure 5. The comparison of estimated normal and corresponding relight-
ing results. With single-environment captures, the highlights from the train
view are falsely attributed to object property instead of lighting, passing
down to relighting views. Cross-environment supervision provides more
robust normal estimation and correct highlight shapes.

4. Experiments
4.1. Implementation Details

Datasets. We construct a more comprehensive RelightObj
dataset by relighting 8 general objects from NeRF Synthetic
Dataset [28] and 5 shiny objects from the Shiny Blender
Dataset [40] under 8 different HDR maps. Each scene in-
cludes 200 training views and 200 test views, with identi-
cal camera poses across scenes. To eliminate biases from
training view poses, the training views are divided into two

21311



Table 2. Relighting and NVS results. Methods optimized over single-env (+) and dual-env (<) inputs differ in the choice of training split B. “GT scaling”
refers to the use of ground truth albedo to re-scale learned albedo for relighting. Best and second best results are highlighted in bold and italic respectively.

se GT Training Envs Unseen Relights Seen Relights NVS
u
scaling split A split B night snow sunset interior fireplace forest Avg. bridge courtyard bridge* courtyard*
PSNRT
3DGS-DR*[46] - bridge bridge 20.18 1899 23.19 21.33 18.76 2490 2122 33.18 - 35.59 -
GS-IR* [26] - bridge bridge 2556 2244 21.22 19.46 25.64 21.10 22.57 2201 - 31.22 -
R3DG*[15] - bridge bridge 2371 22.09 22.84 20.09 23.08 22,19 2233 2232 - 30.61 -
GShader*[18) - bridge bridge 2148 17.61 1893 21.89 20.18 2270 2047 26.03 - 33.05 -
ReCap* (ours) - bridge bridge 2531 21.76  23.20 21.66 24.52 23.15 2327 2530 - 33.40 -
3DGS-DR™[46] - bridge courtyard 20.53 20.25 24.56 19.41 2425 21.78 2489 23.92 24.84 23.57
GS-IR?[26] - bridge courtyard 26.22 22.03 20.85 19.18 25.90 20.52 2245 2078 20.96 24.92 23.16
R3DG?[15] - bridge courtyard 2391 21.78 22.55 19.86 23.38 21.74 2221 2098 20.84 25.26 22.68
GShaderQ[lx] - bridge courtyard 22.73 18.20 19.96 20.97 23.02 21.17 2334 21.75 24.96 22.84
TensoIR™[19] v bridge courtyard 27.22 22.15 2431 23.12 25.35 2480 2449 2450 23.82 29.13 27.46
TensoIR°n0 scale[19] - bridge courtyard 26.24 20.11 22.75 21.79 24.45 2329 23.11 23.50 2247 29.13 27.46
GShader? [18] + ours - bridge courtyard 23.52 17.69 19.95 23.22 21.75 2450 21777 2445 24.32 31.13 29.30
ReCap® (ours) - bridge courtyard 27.62 24.64 26.33 24.40 26.52 2538 25.82 2695 25.52 32.23 30.76
SSIM1
3DGS-DR*[46] - bridge bridge 0.882 0.894 0.925 0.907 0.843 0.906 0.893 0.971 - 0.978 -
GS-IR*[26] - bridge bridge 0.902 0.904 0.890 0.884 0.867 0.885 0.898 - 0.952 -
R3DG*[15] - bridge bridge 0.889 0913 0918 0.866 0.866 0.877 0.888  0.879 - 0.959 -
GShader*[18] - bridge bridge 0.889 0.887 0.896 0.905 0.854 0.904 0.889 0.949 - 0.968 -
ReCap* (ours) - bridge bridge 0911 0.918 0.926 0.907 0.883 0.906 0.909 0.946 - 0.970 -
3DGS-DR™[46] - bridge courtyard 0.885 0.902 0.934 0.907 0.846 0.903 0.896 0.930 0.927 0.926 0.924
GS-IR¥[26] - bridge courtyard 0.906 0.893  0.887 0.858 0.885 0.862 0.882 0.881 0.879 0.915 0.905
R3DG*[15] - bridge courtyard 0.896 0.912 0.922 0.866 0.870 0.873 0.890 0.859 0.888 0.932 0.919
GShader?[18] - bridge courtyard 0.904 0.891  0.908 0.906 0.862 0.905 0.896 0.925 0.913 0.928 0.922
TensoIR¥[19] v bridge courtyard 0.908 0.861 0.891 0.870 0.886 0.888 0.884  0.893 0.883 0.962 0.957
TensoIR ® o scate[19] - bridge courtyard 0.910 0.861  0.893 0.889 0.889 0.885 0.895 0.884 0.962 0.957
GShader? [18] + ours - bridge courtyard 0.9715 0.893 0915 0.919 0.874 0.922 0906 0.937 0.938 0.959 0.956
ReCap® (ours) - bridge courtyard 0.935 0.938 0.951 0.929 0.903 0926 0930 0951 0.943 0.966 0.963
LPIPS]
3DGS-DR*[46] - bridge bridge 0.081 0.091 0.073 0.085 0.108 0.083 0.087  0.041 - 0.034 -
GS-IR*[26] - bridge bridge 0.099 0.094 0.101 0.119 0.108 0.109 0.105  0.099 - 0.065 -
R3DG*[15] - bridge bridge 0.103 0.086 0.082 0.124 0.114 0.104 0.102 0.113 - 0.053 -
GShader*[18] - bridge bridge 0.091 0.116  0.098 0.094 0.113 0.091 0.100 0.062 - 0.044 -
ReCap* (ours) - bridge bridge 0.077 0.080 0.073 0.089 0.092 0.084 0.083 0.061 - 0.042 -
3DGS-DR™[46] - bridge courtyard 0.084 0.096 0.078 0.096 0.115 0.094 0.094 0.078 0.080 0.082 0.085
GS-IR¥[26] - bridge courtyard 0.101 0.107 0.107 0.127 0.112 0.116 0.112 0.115 0.119 0.099 0.104
R3DG*[15] - bridge courtyard 0.101 0.092  0.083 0.129 0.117 0.110 0.105 0.127 0.106 0.078 0.089
GShader?[18] - bridge courtyard 0.087 0.115  0.095 0.114 0.097 0.101  0.086 0.094 0.080 0.086
TensoIR¥[19] v bridge courtyard 0.131 0.155 0.134 0.138 0.138 0.127 0.137 0.128 0.133 0.093 0.098
TensoIR * 1o scate[ 19] - bridge courtyard 0.133 0.159  0.136 0.138 0.131  0.140 0.130 0.137 0.093 0.098
GShader? [18] + ours - bridge courtyard 0.074 0.113  0.084 0.089 0.102 0.080 0.090 0.073 0.073 0.055 0.059
ReCap® (ours) - bridge courtyard 0.059 0.069 0.057 0.077 0.075 0.071 0.068 0.058 0.064 0.047 0.051

splits, A and B, each containing 100 views. In the single-
environment (single-env) setup, both splits come from the
same environment, whereas in the dual-environment (dual-
env) setup, split B is taken from a different environment.
Relighting performance is judged on unseen environments.

Baseline and Metrics. We compare with the following
baselines: (a) GShader [18]: a Gaussian rendering method
utilizing a customized shading function with a residual
color term; (b) GS-IR [26]: an inverse rendering approach
using view-space shading with a microfacet BRDF model
and a baked occlusion map; (c) 3DGS-DR [46]: a Gasus-
sian rendering method targeting reflective surfaces with a
customized shading function and normal propagation; (d)
R3DG [15]: a Gaussian relighting technique that incor-
porates ray tracing and a microfacet BRDF model; and
(e) TensoIR [19]: top-performing NeRF-based method in
novel view synthesis and relighting. Following these works,

rendering and relighting quality are evaluated using PSNR,
SSIM [42], and LPIPS [49].

Training and Testing. All experiments are conducted on an
Nvidia RTX 3090 graphics card. Our models are optimized
using Adam for 30,000 iterations. All other methods are
retrained on our dataset using their official repositories and
recommended settings, with results reported from the re-
trained models. As GShader [18] and 3DGS-DR [46] lack
official relighting code, we pre-processed HDR maps fol-
lowing their design choices (details in the supplementary).
For TensolR [19], which uses per-object hyperparameters,
we tested all provided settings and report the best results.

4.2. Comparison with Previous Methods

Single-env Setup. We compare single-env performance in
the first group of Tab. 2. The substantial difference between
NVS using the learned environment map and relighting us-
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Figure 6. Qualitative comparison of NVS and relighting results. Upper: toaste;, lower: chair. TensolR produces accurate relighting with GT albedo scaling
for chair, but suffers from tone-shift without it. For our method, specular surfaces in foaster provide more information for lighting reconstruction, leading
to better albedo-lighting decoupling hence more truthful relighting results than mostly diffuse chair. Refer to the supplementary for more visuals.

ing the ground truth HDR map (bridge* vs. bridge) high-
lights the albedo-lighting ambiguity: the learned lighting
representation diverges from ground truth but still works ef-
fectively with the learned materials for NVS. While 3DGS-
DR* [46] has the smallest gap, its ability to generalize to
unseen relighting conditions remains limited. As shown in
the second column of Fig. 6, this is because it tends to repro-
duce training views, preserving the overall tone and adapt-
ing only the specular reflections to new lighting.

Dual-env Setup. The second group of Tab. 2 presents
results from directly optimizing existing Gaussian models
over dual-env inputs while maintaining a single learned
lighting representation. This leads to mixed relighting per-
formance and significant NVS artifacts since the learned
environment is no longer well-defined. Therefore, we con-
tinue our analysis with their single-env results for the re-

mainder of the discussion. In the third group, we compare
against TensolR [19] with their multi-light setup and further
augment GShader [ 18] with the proposed multi-light query-
ing. Since TensolR [19] uses GT albedo scaling in their
official code, we additionally report their scale-free perfor-
mance for clearer comparison.

Qualitative Comparison. Fig. 6 compares NVS and re-
lighting performance across single-env Gaussian relighting
methods, two dual-env TensoIR [19] variants, and dual-
env ReCap. Our ReCap achieves noticeable perceptual im-
provements over methods that do not rely on GT for re-
lighting. TensoIR [19] produces accurate relighting with
GT albedo scaling, but suffers from obvious tone-shift with-
out it (e.g., chair) and struggles with metallic objects (e.g.,
toaster) due to their dielectric assumption.

Reconstructed Environments. While specular objects
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R3DG TensoIR  3DGS-DR  GShader Ours

Figure 7. Learned environment maps for different objects. As objects
become more diffuse, reconstructions are less accurate.

pose significant challenges for NVS due to their complex
view-dependent appearance[18, 46], they offer distinct ad-
vantages for relighting tasks. Specular surfaces act as natu-
ral light probes, providing abundant high-frequency, view-
dependent details that facilitate more accurate environment
map reconstruction. In Fig. 7, we display the reconstructed
environment maps for objects with varying level of spec-
ularity. For predominantly diffuse objects, disentangling
lighting from intrinsic properties is challenging due to lim-
ited lighting cues. Notice how our learned light map for
chair retains object color, highlighting this challenge.

4.3. Ablation Study

Shading Function. To demonstrate the effectiveness of our
proposed shading function in Eq. (8), we compare the aver-
age relighting performance across unseen scenes in Tab. 3.
The new shading function yields the most substantial im-
provement by offering a more flexible material representa-
tion, with the two additional regularization terms also con-
tributing positively to the final results. Additional visual
examples are provided in the supplementary material.

Table 3. Ablation of shading function and regularization terms. Lgqt:
specular saturation loss. Lec: energy conservation loss.

Proposed Shading Lsat Lec PSNR SSIM LPIPS
- - - 24.62 0.923 0.076
v - - 25.29 0.929 0.070
v v - 25.38 0.929 0.069
v v v 25.58 0.930 0.069

Extra training environments. So far, we have focused on
dual-env setups. Here, we examine how extra photometric
supervision from additional training environments affects
the relighting. Due to the constraint of 200 training views
per scene, we allocate 100 identical views per environment
as we include more environments for training. To align with
existing results, we also compare the use of identical views
versus extra views. Results in Tab. 4 reveal three key find-
ings: (i) Adding identical views from an extra environment
is better than adding extra unique views within the same
environment (row 2 vs. 3); (ii) Although identical views
across environments theoretically provides stronger decou-
pling, the benefit of extra unique views is more pronounced
in practice (row 3 vs. 4). It is likely that extra views al-
ready provide sufficient decoupling, especially with perfect
pose calibration in synthetic datasets; and (iii) Increasing
the number of environments consistently enhances relight-
ing performance, with no observed plateau up to five.

Table 4. Ablation on the number of environments used in training. Since up
to 5 environments are used, relighting results are reported on the remaining
3 unseen scenes: sunset, fireplace, night.

#Envs #Views # Unique Views CamPoses PSNR SSIM LPIPS

1 100 100 identical 2398  0.906  0.084
1 200 200 extra 24.07  0.908  0.081
2 200 100 identical 26.14 0927  0.066
2 200 200 extra 2625 0.928  0.065
3 300 100 identical 2635 0930  0.064
4 400 100 identical 2668  0.931  0.062
S 500 100 identical 2736 0936  0.060

Application on Real Captures. ReCap requires multi-
ple sets of camera poses to align to a common coordinate.
In Fig. 8, we demonstrate its practicality with two real-life
examples from StanfordORB [24], which captures the same
object in different environments and provides COLMAP-
estimated poses for each environment. They also provide
sparse cross-environment alignment pairs computed by Su-
perGlue [38]. We use these pairs to estimate the view trans-
form matrix and account for scale ambiguity. While exact
calibration is non-trivial, sufficiently accurate pose calibra-
tion proves to be feasible for the proposed application.

Capture A Capture B

Relight 2

Relight 3

NVSA Relight 1

Figure 8. Relighting and NVS examples on StanfordORB: gnome, teapot.

4.4. Limitation and discussion

While we achieve compelling relighting results, indirect il-
lumination and subsurface scattering effects are not con-
sidered. Over-exposed regions also present inherent chal-
lenges for opacity estimation in all Gaussian-based relight-
ing methods, where clipped highlights are incorrectly inter-
preted as transparent against white splatting backgrounds.
For easier pose calibration in practice, semi-controlled cap-
turing, such as rotating the object within the same environ-
ment at a known angle, may be considered.

5. Conclusion

In this paper, we proposed ReCap, leveraging internal pho-
tometric consistency to address the albedo-lighting ambi-
guity limiting existing Gaussian relighting methods. With
cross-environment captures, we explicitly model light-
dependent appearance with independent learnable lighting
representations that share a common set of material at-
tributes. Combined with an optimization-friendly shading
function and physically appropriate post-processing dur-
ing training, ReCap demonstrates realistic relighting quality
with truthful tones across diverse scenes.
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