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Fig. 1: We introduce GAINS, GAussian-based INverse rendering from Sparse multi-
view captures, which synergizes foundation models for monocular depth/normal, seg-
mentation, intrinsic image decomposition (IID), and diffusion as priors, to better disam-
biguate reflectance from lighting, leading to better intrinsics, novel view synthesis and
relighting compared to existing state-of-the-art approaches such as Ref-Gaussian [39]
and GI-GS [3]. Prior methods often overfit diffuse (e.g ., missing yellow reflection from
the ground in the first relighting example for GI-GS) and/or specular reflections (e.g .,
for both Ref-Gaussian and GI-GS the reflected details remain unchanged under differ-
ent lighting conditions). In contrast, GAINS improves estimation of material proper-
ties, leading to better relighting in novel views.

Abstract. Recent advances in Gaussian Splatting-based inverse render-
ing extend Gaussian primitives with shading parameters and physically
grounded light transport, enabling high-quality material recovery from
dense multi-view captures. However, the accuracy of these methods de-
grades under sparse-view settings, where limited observations lead to



2 P. Noras et al.

severe ambiguity between geometry, reflectance, and lighting. We intro-
duce GAINS (Gaussian-based Inverse rendering from Sparse multi-view
captures), a two-stage inverse rendering framework that leverages foun-
dation models as priors to stabilize geometry and material estimation.
The core technical contribution of this paper is an inverse rendering
framework that unifies foundation model priors with physically-based
representations in an optimization scheme. GAINS first refines geome-
try using monocular depth, normal, and diffusion priors, and then em-
ploys segmentation, intrinsic image decomposition (IID), and diffusion
priors to regularize material recovery. Extensive experiments on syn-
thetic and real-world datasets show that GAINS significantly improves
material parameter accuracy, relighting quality, and novel-view synthe-
sis compared to state-of-the-art Gaussian-based inverse rendering meth-
ods. While GAINS outperforms and remains competitive across a wide
range of objects captured with 4 to 32 cameras, the improvement is
particularly pronounced under sparse-view settings, where ambiguity is
high and learning-based priors become especially beneficial. Project page:
https://patrickbail.github.io/gains/

1 Introduction

Inverse rendering (IR) aims to recover the intrinsic 3D properties of a scene (i.e.,
geometry, material properties, and lighting) from multi-view images. IR serves
as a key step toward physically grounded 3D scene understanding with many
downstream applications such as novel-view synthesis, relighting, material and
shape editing, etc. Over the past decades, inverse rendering has seen remarkable
progress, evolving from early methods [28, 29, 41] that use simple intrinsic rep-
resentations such as surface normals, albedo, and spherical harmonics lighting,
to modern approaches that employ rich and realistic intrinsic representations
such as 3D Gaussian primitives, physically-based BRDFs, and realistic illumi-
nation [4, 7–9, 17, 19, 21, 44]. Simultaneously, the scope of inverse rendering has
broadened from simple, controlled objects like faces to complex real-world scenes
containing intricate geometry and diverse materials.

Despite these advances, scaling inverse rendering from simple objects to com-
plex scenes with intricate details typically requires dense multi-view captures.
Dense observations provide strong geometric and photometric constraints that
help disambiguate material properties, lighting, and shape, all of which are en-
tangled in the image formation process. However, when viewpoints are sparse,
these constraints weaken, leading to overfitting and degraded performance. In
such settings, existing methods often fail to recover accurate intrinsic properties,
producing inconsistent material and lighting estimates. Moreover, traditional
smoothness priors are inadequate for resolving the reflectance-lighting ambigu-
ity, resulting in poor novel-view synthesis (NVS) and relighting.

To address these challenges, we propose GAINS (GAussian-based INverse
rendering from Sparse multi-view captures), a novel inverse rendering frame-
work designed to operate robustly under sparse-view settings. We focus on a

https://patrickbail.github.io/gains/
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Gaussian splatting-based framework since state-of-the-art approaches [3, 30, 39]
found Gaussian splatting to be more effective for inverse rendering both in terms
of quality and efficiency. GAINS follows the standard two-stage inverse rendering
pipeline, where we first estimate geometry (Stage I), followed by an estimation
of material properties and lighting (Stage II). The key technical contribution
of this work lies in developing an inverse rendering framework that integrates
physically-based modeling with multiple foundation models serving as priors
within an optimization pipeline.

Geometry estimation forms the foundation of physically-based rendering, and
thus, high-quality geometry is crucial for accurate material and lighting recovery.
In Stage I, we leverage learning-based priors from monocular depth and normal
prediction networks as well as a latent diffusion model, drawing inspiration from
recent progress in sparse-view Gaussian-based reconstruction methods [37,38], as
detailed in Sec. 4. Each of these priors contributes towards improving geometric
estimation accuracy, which further improves novel-view synthesis, BRDF esti-
mation, and relighting. In Stage II, we introduce three complementary learning-
based priors for improved material estimation: (1) A segmentation guidance that
enforces multi-view consistency and reduces noise in material maps. However,
segmentation guidance lacks intrinsic knowledge of surface reflectance, limiting
its generalization to novel views and lighting conditions; (2) An Intrinsic Image
Decomposition (IID) prior, implemented using a state-of-the-art intrinsic image
decomposition network, that provides a strong initialization for albedo, at the
cost of poor cross-view consistency and weak generalization; and (3) a latent
diffusion prior that offers strong generalization capabilities. However, the latent
diffusion prior struggles with material consistency and multi-view consistency.
Only by combining all three complementary priors (Sec. 5), GAINS recovers ro-
bust material properties and lighting while achieving stable novel-view synthesis
and relighting, even under sparse input conditions, as shown in Fig. 1.

We conduct extensive experiments on two synthetic benchmarks (Shiny Blen-
der [33], extended with ground-truth albedo and relighting, and Synthetic4Relight
[48], which additionally includes ground-truth roughness), as well as one real-
world dataset [33]. GAINS consistently outperforms state-of-the-art Gaussian-
based inverse rendering methods across geometry and material estimation tasks
by a significant margin. For example, GAINS outperforms state-of-the-art Ref-
Gaussian [39] in relighting on Synthetic4Relight [48] by 28.16 vs. 24.29 in PSNR
and on Shiny Blender [33] by 22.29 vs. 17.26 in PSNR. While the improve-
ments are especially pronounced under sparse-view conditions, our method also
achieves competitive results with dense inputs. We further perform detailed ab-
lation studies to analyze the contributions of each foundation model prior and
demonstrate how their combination yields the most robust and physically con-
sistent inverse rendering results.
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Fig. 2: GAINS follows a two-stage inverse rendering pipeline. In Stage I, we enhance
geometry using learning-based priors from monocular depth, normal, and di�usion pre-
dictors. In Stage II, we introduce three complementary priors: segmentation, intrinsic
image decomposition (IID), and di�usion, to improve material estimation, novel-view
synthesis, and relighting. Each prior provides distinct bene�ts: segmentation boosts
cross-view consistency of specular parameters but degrades albedo; IID improves albedo
accuracy but remains view-inconsistent; di�usion enhances generalization to novel view
and relighting but lacks material consistency. GAINS integrates these priors to achieve
stable, high-quality material properties, leading to better relighting under novel views.

2 Related Work

Inverse Rendering (IR) decomposes images into geometry, material proper-
ties, and illumination. Classical methods estimate surface shape and spatially
varying material properties from controlled captures using analytic BRDF mod-
els and global illumination optimization [5,27,36]. With the advent of learning-
based scene representations such as NeRF [22], neural IR frameworks [13, 31,
35, 42, 47] integrate simpli�ed BRDF and lighting models to recover intrinsic
scene parameters from multi-view inputs. Notably, NeRFactor [47] estimates
shape, materials, and lighting under unknown illumination using smoothness
and BRDF priors, while GaNI [35] and related work jointly optimize geometry
and material parameters with near-�eld lighting and neural radiance caching.
Inverse Rendering with Gaussian Splatting. Recently, 3D Gaussian Splat-
ting (3DGS) [16] emerged as an e�cient explicit radiance representation, which
subsequently has been extended to IR [3, 6, 12, 18, 30, 39]. GaussianShader [12]
augments Gaussian primitives with BRDF parameters, while Ref-Gaussian [39]
and GI-GS [3] integrate physically-based rendering (PBR) with deferred shading
and ray tracing. While Gaussian splatting based IR frameworks provide higher
e�ciency and �delity than neural implicit representations, they assume dense
multi-view captures and/or object-centric settings, making them less practical
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for real-world sparse-view scenarios.
Inverse Rendering with Sparse Views. Earlier approaches for sparse-view
or single-view IR rely on learned priors from synthetic data [17, 28, 29] without
explicit geometric and light-transport modeling leading to poor generaliation
to complex real world scenes. Recent works like RelitLRM [45] leverage Large
Reconstruction Models (LRMs) and generative priors for object relighting, but
they can not estimate intrinsic components (e.g., material properties), nor do
they generalize to complex real-world scenes.

Recent approaches for shape reconstruction from sparse views using NeRF- or
3DGS-based representations increasingly leverage learning-based priors, such as
monocular depth, normal, or di�usion-based guidance [11,34,37,38,49], demon-
strating that combining learned priors with explicit geometric modeling leads to
signi�cant performance gains. However, a sparse-input inverse rendering frame-
work that jointly integrates such learning-based priors with explicit shape rep-
resentations and physically based rendering remains largely unexplored.

3 Overview

Our goal is to reconstruct robust and accurate geometry and material properties
from a sparse set of captured RGB images fIi gN

i=1 (with N as low as 4-16 views)
under known camera intrinsics and extrinsics Ci = fK i ; Ri ; t i g. Our pipeline
builds on 2D Gaussian Splatting (2DGS) [10], and adapts it for robust Inverse
Rendering (IR) from sparse input views. We opt for 2DGS over 3D Gaussian
Splatting [16] due to its more accurate geometry reconstruction which is essential
for accurate material property estimation.
Scene representation. As in 2DGS, we parameterize the geometry as: G =
f� j ; Sj ; Rj ; � j gM

j=1 , where � j describes the 3D position of each primitive, along
with opacity � j , scaling vector Sj and rotation matrix R j ; the surface normal
nj is also determined by Rj .
Material and lighting representation. Following previous Gaussian splatting-
based IR methods [3,30,39], we use a physically-based rendering (PBR) deferred
shading approach. We employ a principled BRDF model [1] and store for each
Gaussian primitive the corresponding BRDF parameters: M = fa j ; r j ; mj gM

j=1 ,
where aj 2 [0; 1]3 is the albedo, rj 2 [0; 1] the roughness and mj 2 [0; 1] the
metallicity. For e�ciency, we employ the split-sum approximation [14] to model
the di�use and specular surface re�ectance:

L di�use = (1 � m) � a
Z
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where L(! i ) is the direct incident lighting stored as a 128 � 128 environment
cubemap, n the surface normal. D the GGX microfacet distribution, F Fresnel
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term, and G geometric shadowing term.
Optimization. The goal of IR is to optimize shape G, material re�ectance M,
and lighting L of the scene to minimize a re-rendering loss with respect to the
input images. Similarly to prior work, we solve the optimization in two stages:
(1) optimize for shape G, followed by (2) a joint estimation of material pa-
rameters M and lighting L. To improve robustness of the two-stage pipeline
under sparse input views, we augment each stage with appropriate additional
loss terms. We improve geometry estimation (Sec. 4) by leveraging additional
learning-based priors from a latent di�usion model and a monocular depth and
normal estimation model following established best practices from recent sparse-
view Gaussian-based geometry reconstruction methods [11,37,38]. We stabilize
material and lighting estimation using three complementary learning-based pri-
ors: segmentation (Sec. 5.1), IID (Intrinsic Image Decomposition; Sec. 5.2), and
di�usion priors (Sec. 5.3).

4 GAINS Stage I: Shape Estimation

We start with the standard 2DGS shape estimation loss, originally formulated
for dense input views: L = L col + � DD L DD + � NC L NC ; where, Lcol = (1 �
�)L 1 + �L D-SSIM is a re-rendering loss; LDD is an optional depth distortion loss,
reducing depth ambiguity by bringing intersected Gaussians closer along each
ray, and LNC = 1 � N i

T ~N i is the normal consistency loss with ~N i being surface
normals obtained from depth.

When applied to sparse input views, the above loss tends to over�t to the
captured viewpoints, resulting in signi�cant novel viewpoint artifacts. To better
guide the IR optimization towards a robust and generalizable solution, we intro-
duce additional learning based priors: (1) depth and normal guidance, and (2)
di�usion guidance.
Depth and Normal Guidance While learning-based depth priors have proven
e�ective for geometry reconstruction [11, 37, 38, 49], their role in IR remains
unclear, as hallucinations or systematic biases in monocular depth estimation
may adversely a�ect material and lighting estimation. We include a depth loss
by enforcing similarity to a monocularly estimated depth D̂ i [15]: LDC = 1 �
PCC(D i ; D̂ i ), where PCC(�) is the Pearson Correlation Coe�cient. Addition-
ally, we also add a local depth ranking loss LDR [11] to prevent geometric collapse
from hard constraints and alleviate long-range ambiguity. Moreover, given the
importance of accurate surface normals in material estimation, we impose nor-
mal smoothness via a total variation loss and an L1 loss on rendered normals Ni
and surface reconstructed normalsN̂ i . The reference normals ~N i are obtained
from a monocular normal estimator [15]. Together we obtain the normal guided
loss LN = L 1( ~N i ; N̂ i ) + 0:1 � L 1( ~N i ; N i ) + TV ( ~N i ; N̂ i ). As shown in the ablation
study (Tab. 3), incorporating normal guidance improves high-frequency geomet-
ric �delity and leads to more stable material estimation and rendering quality.
Di�usion Guidance Inspired by recent successes in leveraging di�usion mod-
els for zero-shot 3D reconstruction [20, 40], we guide the shape reconstruction
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through Score Distillation Sampling (SDS). Unlike depth and normal guidance,
which provide pixel-aligned geometric constraints, the di�usion prior regularizes
the reconstruction in unseen viewpoints Cj by encouraging rendered images to
lie on the manifold of the objects. Concretely, We sample 100 novel viewpoints
for which we render and perform a forward di�usion, yielding noisy latents: Zj =
� t R geo(C j ; G) + � t �, where timestep t � U(0:02; 0:98) and noise � � N (0; I 0).

The SDS loss is then calculated as: LSDS = E t;�

h
w(t)jj(� � (Z j ; t) � �)jj 2

2

i
. How-

ever, the SDS loss is not e�ective during early stages of the optimization when
the shape reconstruction is far from the target shape. We therefore only in-
clude the SDS loss after iteration 10000 (out of 16000). With a guidance scale
of 100, the di�usion prior primarily suppresses high-frequency artifacts; because
the geometry is mostly converged, hallucinations are limited.
Outlier Removal If ground-truth alpha masks are provided, we additionally
employ an Outlier Removal (OR) strategy. Here, a Binary-Cross Entropy (BCE)
loss on reconstructed and ground truth alpha mask is employed, along with a
KNN-based �oater removal mechanism at every 1000 iterations. If no alpha
masks are provided, we assume the scene to reconstruct the background as well.
Summary The total loss function for shape estimation in Stage I is:

L col + � DC L DC + � DR L DR + � NC L NC + � N L N + � SDS L SDS + � BCE L BCE ;

with � DC = 0:005, � DR = 10, � NC = 1, � N = 0:25, � SDS = 0:0001, � BCE =
0:75. The complete Stage I pipeline is summarized in Fig. 2 (left). All hyperpa-
rameters are �xed without any scene-speci�c tuning or prior-�ne-tuning.

5 GAINS Stage II: Material Properties

In the second stage, we jointly optimize material properties M = f(a j ; r j ; mj )g
and environment lighting L using the re-rendering loss Lcolor over 7000 additional
iterations. However, multiple combinations of di�erent M and L produce similar
appearances, leading to an ill-posed and ambiguous material estimation. This
problem is further exacerbated when only a sparse set of input views is available.
Although rendering under the recovered lighting and material properties appears
visually plausible, the material properties are over�tted, noisy, inconsistent, and
not suitable for relighting (Fig. 1). To alleviate the impact of over�tting under
sparse inputs, we complement the loss with additional learning based priors
to better guide the optimization towards more plausible material properties,
and thus resulting in more robust relighting. We synergize three complementary
priors: segmentation (Sec. 5.1), Intrinsic Image Decomposition (IID) (Sec. 5.2),
and di�usion guidance (Sec. 5.3).

5.1 Segmentation Guidance

While di�use albedo varies signi�cantly due to texture variations, we observe
that specular material properties are typically consistent within semantically
similar regions of an object or scene. This suggests that segmentation cues can
help guide the estimation of specular material properties. As a single semantic
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object can contain multiple subparts with distinct materials, we employ subpart
segmentation to de�ne a consistency loss. Instead of constraining the material
parameters to be identical for each subpart, we minimize their variance to sup-
port mixed materials and to account for imperfect segmentation boundaries.

To include segmentation guidance, we extend the Gaussian primitives with
a one-hot vector Ej = f0; 1g K that encodes each Gaussian's class membership.
We employ training-free segmentation mask lifting [2] by rendering SH colored
images from V = 100 sampled novel view points orbiting the scenery. For each
image fÎ v gV

v=1 we generate (potentially view-inconsistent) segmentation masks
with SAM [25] along with mask-related features ff v;s = [g v;s ; hv;s ]gV

v=1 where
f v;s is the feature vector for a mask region s of view v and gv;s ; hv;s are CLIP [24]
and DINOv2 [23] features respectively. For each view, we lift the associated
mask and features to the Gaussian that contributes most (�-blending wise) and
merge already collected Gaussian objects from previous lifting operations with
geometric and feature similarity scores.

Next, we leverage the possibly imprecise segmentation masks to de�ne an
intra-class consistency (ICC) on the roughness and metallicity parameters:

L ICC =
1

jSi j

X

si 2S i


(js i j) �
�

L r;m + L a + L e

�
(3)

L r;m = V ar(R si ) + V ar(M si ) (4)

L a =
�

(1 � R si ) + M si

�
�

1
3

3X

c=1

V ar(A (c)
si

) (5)

L e =
�

(1 � M si ) + R si

�
� Esi (6)

where Si is the set of all masks rendered from a captured viewpoint i, Asi , Rsi ,
and Msi are the rendered masked albedo, roughness, and metallicity, along with
Esi representing the masked re-render loss. 
(jsi j) = exp(25 � jI i jjs i j

jS i j2 ) is a scaling
function depending on the size of the mask si . The �rst variance reduction
term L r;m reduces irregularities for specular roughness and metallicity across all
masks. While in general we attribute texture variations to the di�use texture,
an ambiguity exists in the case of mirror-like materials that re�ects texture from
the environment lighting. To address this ambiguity, we bias the optimization to
attribute texture details to specular re�ections in the case of mirror-like materials
by adding a loss term La that encourages a variance reduction in di�use albedo
in regions where we observe low roughness and high metallicity. Lastly, regions
with high specularity typically su�er from larger geometry errors, and thus higher
material estimation errors. We therefore add a loss Le to encourage more specular
in such areas, albeit with a low weight to avoid attributing all errors to specular.

5.2 Intrinsic Image Decomposition Prior

While segmentation improves consistency in roughness and metallicity over mul-
tiple viewpoints, it is not suited for di�use albedo which often contains high-
frequency texture variations that are di�cult to estimate from sparse viewpoints.
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In the absence of appropriate regularization, the model will over�t di�use albedo
and fail to disentangle lighting e�ects from intrinsic albedo, which ultimately
leads to a subpar relighting performance.

Recent advances in monocular Intrinsic Image Decomposition (IID) [15, 26,
43] enable high quality di�use albedo decompositions, albeit potentially view-
inconsistent. We therefore propose to leverage the IID to regularize the di�use
albedo estimation while accounting for potential view-inconsistencies: LIID =
�(� ) � L 2(A i ; Â i ); where Â i is the IID di�use albedo for the captured image I i

obtained using Teamwork [26]. For outdoor data, we opt for RGB2X [43], as
we found it to produce more reliable decompositions on outdoor scenes used
in our experiments. To mitigate the in�uence of view-inconsistency in the IID,
we weight the loss by �(� ) (a linear decrease) which depends on the current
iteration step � , thereby relaxing the in�uence of the IID di�use albedo as the
model converges. We opt against using additional IID supervision for specular
roughness and metallicity as we found these parameters to be less robust and
exhibit more inconsistencies across views.

5.3 Multi-illuminated Score Distillation Sampling

While both segmentation guidance and IID guidance improve the accuracy of the
specular and di�use material properties respectively, they do not necessarily pro-
vide good generalization to novel viewpoints or lighting. To address these issues,
we take inspiration from our usage of SDS in the �rst stage to aid in reducing un-
realistic artifacts on novel viewpoints, and introduce a modi�ed SDS loss to im-
prove view and lighting-consistency for material properties. To avoid over�tting
to the learned environment map L, we render relit images Rmat (C j ; G; M; El )
from a novel view Cj under randomly selected lighting from a predetermined set

fE l g
jEj
l=1 , and de�ne the SDS loss as: LMI�SDS = E t;�

h
w(t)jj(� � (Z l

j ; t) � �)jj 2
2

i
;

where Zl
j = � t R mat (C j ; G; M; El ) + � t � is the noisy di�usion latent of the ren-

dered scene under novel view and lighting. Similarly as in the geometry recon-
struction stage, we start the di�usion guidance once the optimization solution
has stabilized (i.e., after 3000 steps). As in Stage I, with a guidance scale of 100,
the di�usion prior mainly suppresses high-frequency artifacts , introducing only
limited hallucinated details.

5.4 Final Loss

Each loss contributes to a speci�c enhancement of the material estimation pro-
cess: parameter accuracy, multi-view consistency, or novel views and lighting
generalization. We combine all losses as:

L mat = L color + � ICC L ICC + � IID L IID + � MI�SDS L MI�SDS + � T V L T V ;

where � ICC = 0:1, � IID = 2, � MI�SDS = 0:0001 and � T V = 0:1. L T V represents
a total variation loss on our reconstructed lighting, acting as a smoothing term.
Fig. 2 (right) summarizes the full Stage II pipeline. Reported hyperparameters
are again �xed without any scene-speci�c tuning or prior-�ne-tuning.
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Fig. 3: Qualitative comparison of intrinsic estimation and relighting on the
sedan scene from the Ref-Real dataset [33] reconstructed from 8 views. Col-
umn 1 shows novel-view intrinsic renderings in a 2Ö2 layout: (top) rendered albedo and
surface normals, (bottom) specular roughness and metallicity. Columns 2�4 show re-
lighting results under three di�erent environment maps from novel viewpoints. GAINS
recovers signi�cantly more accurate intrinsics, enabling more realistic relighting.

6 Evaluation

Evaluation Framework. We compare GAINS against state-of-the-art IR frame-
works that use Gaussian Splatting for both objects and scenes: Ref-Gaussian [39],
GI-GS [3], GShader [12], R3DG [6], MaterialRefGS [46] and SVG-IR [32]. We
evaluate on two synthetic datasets (i.e., the Shiny Blender dataset [33] modi�ed
to include albedo and relighting evaluation and without `ball' object; and Syn-
thetic4Relight [48] for NVS, albedo, relighting and roughness), and a real-world
dataset (Ref-Real [33]), on which we quantitatively evaluate NVS performance
only. We also evaluate GIR [30] on real scenes from Ref-Real, but we found
that it fails to reconstruct meaningful geometry and re�ectance (Fig. 3) while
requiring long per-scene training time (over 7 hours). Therefore, we opted not
to include GIR in the evaluation over the synthetic datasets. We evaluate NVS,
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Table 1: Quantitative evaluation on the synthetic Synthetic4Relight [48]
dataset. GAINS estimates better albedo and roughness then baselines leading to better
relighting performance. Additionally, GAINS outperforms existing methods in novel-
view synthesis. ( Red = best, Orange = 2nd best, and Yellow = 3rd best)

Synthetic4Relight [48] dataset (8 views)

Methods
NVS Albedo Relight Roughness

Runtime #PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # MSE #
GShader [12] 15.11 0.71 0.24 - - - 12.58 0.11 0.39 0.09 �5h
MaterialRefGS [46] 19.10 0.86 0.16 14.56 0.75 0.24 17.95 0.84 0.18 0.76 �2h30m
SVG-IR [32] 24.21 0.87 0.11 15.89 0.87 0.12 25.22 0.90 0.10 0.03 �2h
R3DG [6] 26.92 0.90 0.11 22.15 0.88 0.12 27.42 0.90 0.10 0.04 �1h30m
Ref-Gaussian [39] 24.05 0.83 0.11 17.37 0.83 0.17 24.29 0.85 0.13 0.04 �45m
GI-GS [3] 27.04 0.91 0.12 20.47 0.88 0.12 23.92 0.82 0.11 0.05 �1h30m
Ours 29.32 0.94 0.08 22.34 0.91 0.10 28.16 0.93 0.09 0.04 �1h20m

Table 2: Quantitative evaluation on the Shiny Blender [33] dataset and real
Ref-Real [33] dataset. On Shiny Blender, GAINS estimates better albedo and better
relighting results compared to existing methods. On the Ref-real and Shiny Blender
dataset, GAINS also performs better novel-view synthesis than existing approaches.

Shiny Blender [33] dataset (8 views) Ref-Real [33] dataset (8 views)

Methods
NVS Albedo Relight Normal NVS

PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # PSNR " SSIM " LPIPS # MAE # PSNR " SSIM " LPIPS #
GShader [12] 10.73 0.52 0.35 - - - 6.22 0.13 0.53 55.14 15.26 0.38 0.46
R3DG [6] 20.97 0.83 0.17 16.62 0.79 0.19 12.43 0.69 0.22 24.43 18.67 0.42 0.46
Ref-Gaussian [39] 18.60 0.80 0.18 15.82 0.77 0.22 17.26 0.66 0.20 25.54 19.39 0.45 0.36
GI-GS [3] 20.15 0.79 0.21 21.37 0.87 0.14 15.44 0.57 0.27 63.55 19.64 0.44 0.37
Ours 23.90 0.89 0.12 21.73 0.89 0.12 22.29 0.89 0.12 11.64 20.28 0.56 0.34

albedo, and relighting using three metrics: PSNR, SSIM, and LPIPS, while for
roughness we employ MSE. To account for the albedo-lighting ambiguity, we use
scale invariant losses to evaluate the albedo for each approach by uniformly scal-
ing each albedo map to minimize MSE w.r.t. ground-truth before applying an
error metric. All evaluations are performed on 8 sparse views uniformly sampled
from the dense views.
Performance Evaluation. Tab. 1, and 2 quantitatively summarize evaluation
on the three datasets. In general, GAINS yields more accurate albedo maps and
relighting across both Shiny Blender and Synthetic4Relight compared to all prior
methods. Furthermore, GAINS achieves overall better results for NVS than all
competing methods. However, error metrics do not always capture important
visual di�erences. Therefore, we also provide qualitative comparisons in Fig. 1,
3, and 4. From the qualitative comparison, especially on the real-world Ref-Real
dataset (Fig. 1 and 3), we note less baking of specular re�ections, and generally
more accurate relighting results, e.g., the re�ections of the ground (missing for
Ref-Gaussian) and the sky (baking of captured re�ection for both Ref-Gaussian
and GI-GS) on the ball in Fig. 1. While GI-GS is the 2nd best method in NVS, we
observe that it produces less accurate shape and normals (e.g., the noisy normals
on the car in the sedan scene in Fig. 3), indicating that the GI-GS NVS perfor-
mance is mainly due to over�tting. As shown in Fig. 4, our method demonstrates
a clear advantage in material estimation under sparse-view settings. While Ref-
Gaussian su�ers from �oaters and GI-GS typically recovers reasonable geometry
but fails to produce accurate or stable albedo and roughness maps, our approach,
supported by learning-based priors, delivers consistently superior NVS quality
and more reliable albedo, roughness, and relighting estimations across all scenes.
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Fig. 4: Qualitative comparison on Synthetic4Relight [48] and Shiny
Blender [33] trained with 8 views. While all methods produce reasonable NVS,
our method's estimates signi�cantly better albedo, roughness and relighting than GI-
GS and Ref-Gaussian that over�t to limited training views and fail to disentangle
re�ectance from lighting.

Fig. 6: (a) Relighting comparison against GT
with error map (�5). (b) Di�use directional
shading evidence.

Evidence of Directional Re-
lighting In Fig. 6, we pro-
vide qualitative results under a
novel environment map. Speci�-
cally, (a) compares our relit ren-
dering against the ground truth
along with the corresponding er-
ror map, while (b) visualizes dif-
fuse directional shading evidence
by rotating the environment map
by 90� . These results highlight our
method's ability to accurately re-
produce both specular highlights
and di�use directional shading
under novel illumination.
Ablation: Number of input views. In addition to our comprehensive quanti-
tative and qualitative evaluation on both synthetic and real datasets, we further
analyze the behavior of our method as the number of available input views
increases. Fig. 5 summarizes the quantitative comparison for PSNR on NVS,
albedo and relighting on Shiny Blender [33]. We observe that in sparse-view sce-
narios (4-8 views), our method consistently outperforms all baselines across all
evaluation scenarios by a signi�cant margin. As the number of views increases
(16-32), GI-GS competes in NVS; however, our method continues to produce
competitive results within a small margin and continues to surpass in relighting.
On denser view counts (64-100), Ref-Gaussian surpasses GAINS in NVS and be-
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