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Fig. 1: Qualitative comparison of relighting on the Stanford-ORB dataset [21] between
our method, Neural-PBIR [38], and MaterialFusion [26]. With our new material cluster-
ing regularizer, we avoid baked-in shadows while accurately modeling spatially varying
materials (top). Our method is also more robust to strong highlights on glossy metallic
surfaces, producing more accurate reflections (bottom).

Abstract. Reconstructing physics-based 3D assets—geometry, mate-
rials, and illumination—from multi-view images is a core problem in
computer graphics and vision, and a prerequisite for realistic relighting
and editing. Physics-based inverse rendering offers an accurate image-
formation model, but is severely underconstrained: without strong pri-
ors, illumination is baked into materials, and reconstructions generalize
poorly to novel views and lighting. Data-driven diffusion models, in con-
trast, predict visually plausible materials, yet their predictions rarely
satisfy the rendering equation and are not directly usable for physics-
based rendering. We bridge these two paradigms rather than replacing
either. Our key idea is to treat the predictions of a state-of-the-art dif-
fusion model not as target material values but as a similarity kernel for
optimization: we introduce a regularization loss that penalizes deviations
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in the optimized material over surface regions where the diffusion predic-
tions are near-constant, while leaving the optimization free to match the
input images. Built on this regularizer, our end-to-end pipeline jointly
reconstructs geometry, materials, and illumination, yielding high-quality
assets that drop into standard rendering pipelines and relight faithfully.
On the Synthetic4Relight, Stanford-ORB, and DTC-Synthetic datasets,
our method significantly outperforms state-of-the-art baselines in both
reconstruction accuracy and relighting quality.

Keywords: Inverse rendering · Material estimation · Diffusion models
· Relighting

1 Introduction

Physics-based 3D assets, including object geometry, material properties, and
illumination conditions, are essential to a wide array of applications in vir-
tual/augmented reality, e-commerce, and entertainment. Consequently, recon-
structing these assets from captured images is a core problem in computer graph-
ics and vision.

To this end, a common approach is inverse rendering, also known as anal-
ysis by synthesis. By formulating reconstruction as an optimization problem,
these techniques iteratively refine asset parameters, typically via some variant
of stochastic gradient descent, to minimize the discrepancy between input im-
ages and their corresponding renderings. Unfortunately, inverse-rendering opti-
mizations are generally underconstrained, especially for material reconstruction.
Without proper priors or regularization, the reconstructed assets often gener-
alize poorly to novel viewing or lighting conditions (e.g., suffering from severe
“baking” artifacts), significantly limiting their usefulness.

Recently, data-driven methods have emerged as a powerful alternative. Trained
on large quantities of real and synthetic image data, these methods directly infer
physics-based parameters without the need for optimization. However, despite
being visually plausible and often free of baking artifacts, the reconstructions
produced by these methods typically lack the physical accuracy required to gen-
erate renderings that faithfully match the input images.

In this paper, we introduce a technique that regularizes inverse-rendering-
based material optimization using a state-of-the-art data-driven model: Diffu-
sionRenderer [24]. Instead of simply initializing inverse-rendering optimizations
with diffusion predictions, we exploit the spatial consistency encoded in the
model’s predictions. Specifically, we devise a novel regularization loss that penal-
izes deviations in optimized material parameters over surface regions where the
diffusion predictions are near-constant. Building on this regularization scheme,
we develop an end-to-end inverse-rendering pipeline that reconstructs geometry,
material, and illumination from multi-view images of an object.

Our method is designed to bridge the gap between data-driven material pre-
diction and physics-based inverse rendering, rather than replacing either com-
ponent alone. Diffusion-based predictors such as DiffusionRenderer [24] and
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RGB↔X [45] can produce perceptually convincing intrinsic maps, but these
predictions are not guaranteed to satisfy the rendering equation or reproduce
held-out relighting results. Conversely, vanilla physics-based optimization in Mit-
suba [17] provides an accurate rendering model, but remains underconstrained
under sparse views and unknown illumination, making it prone to material-
lighting ambiguity and baking artifacts. The key distinction of our approach
is to use diffusion-predicted G-buffers as a similarity kernel for physics-based
optimization, rather than as fixed target values or a generic smoothness prior.

To demonstrate the effectiveness of our method, we show that it outperforms
several state-of-the-art baselines [26,38] on the Synthetic4Relight [48], Stanford-
ORB [21], and DTC-Synthetic [11] datasets.

2 Related Work

Physics-based inverse rendering. Inverse rendering reconstructs scene parameters—
geometry, material, and lighting—by matching renderings to observed images.
Recent advances in physics-based differentiable rendering [49] enable gradient-
based optimization of these parameters via Monte Carlo light transport, an
approach known as analysis by synthesis. The problem is fundamentally ill-
posed because of inherent ambiguities among these parameters [10,33], so many
systems add regularization to constrain the solution space [29, 36, 51]. Neural
representations such as NeRFs [31] and Gaussian Splatting [20] achieve impres-
sive reconstruction and novel view synthesis [19, 38, 39, 54], but extracting 3D
assets compatible with standard graphics pipelines remains challenging. Flash
Cache [3] and IRGS [14] improve reconstruction quality through more accu-
rate light transport, using a fast radiance cache and inter-reflection-aware 2D
Gaussian ray tracing, respectively. These advances are orthogonal to our focus:
they target light-transport accuracy, whereas our regularization targets material-
lighting ambiguity. Our work addresses surface-based inverse rendering, produc-
ing standard triangle meshes and physically based materials (e.g., the Disney
BRDF) that are directly usable in traditional rendering engines.

Data-driven priors for inverse rendering. Data-driven methods have advanced
material estimation and intrinsic decomposition. For material estimation, mod-
els such as RGB↔X [45] and DiffusionRenderer [24] predict intrinsic G-buffers
(albedo, roughness, metallic, normal) from single images or videos. For lighting,
DiffusionLight [8, 35] and LuxDiT [25] use diffusion models to estimate envi-
ronmental illumination. A growing line of work integrates such priors directly
into the inverse-rendering optimization loop. MaterialFusion [26] and Intrinsi-
cAnything [7] use diffusion priors to guide reconstruction, while VideoMat [32]
extracts PBR materials with video diffusion models. MatMart [43] adopts a
two-stage diffusion framework: it first predicts materials from observed views,
then completes unobserved regions through prior-guided generation, using view-
material cross-attention for multi-view consistency. However, relying solely on
per-view predictions can introduce inconsistencies and bias. Rather than treat-
ing these predictions as ground truth, we use them as structural guidance to
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regularize our physics-based optimization, making it robust to prediction errors
from the data-driven models.

A complementary line of work learns to relight images or 3D representa-
tions directly, bypassing explicit PBR material estimation. Single-image meth-
ods [18, 44] and NeRF-distillation approaches [40, 50] produce compelling re-
lighting but do not yield exportable PBR material maps, limiting downstream
use in standard rendering pipelines. Single-image methods such as DiLight-
Net [44] further operate on a fixed input view and do not synthesize the held-
out novel views required by multi-view relighting benchmarks such as Stanford-
ORB. Feed-forward methods such as RelitLRM [47] offer fast inference but rely
on fixed learned priors that may not generalize to all real-world appearances.
LightSwitch [27] casts multi-view-consistent relighting as a denoising task, and
Alzayer et al. [2] handle in-the-wild captures with large illumination variation.
Like this line of work, our method leverages data-driven priors, but it combines
them with physics-based optimization to improve the physical accuracy of the
reconstructed material asset rather than directly synthesizing relit images.

Regularization of material parameters. Optimizing spatially varying materials
from sparse views requires effective regularization to prevent overfitting and
baking artifacts. A classic strategy is reflectance sharing [55], which assumes
the scene contains a limited set of materials and shares observations across sur-
face points with similar appearance. For example, Lensch et al. [23] use hard
cluster assignments derived from the current optimization state, which can be
unreliable early on when materials still contain baked artifacts. This idea has
been formalized through basis BRDFs [9, 52] that enforce piecewise simplicity.
Other approaches rely on explicit material segmentation [12, 37], which is itself
difficult to obtain accurately. Sharma et al. [37] additionally learn a perceptual
similarity metric for materials, but expose it only as point-wise similarity maps
or binary masks, neither of which is readily applicable to inverse rendering. Our
approach is inspired by cross-channel regularization techniques such as joint bi-
lateral filtering (JBF) [34], which uses guidance buffers to refine a target image
and can be implemented efficiently for high-dimensional data via permutohedral
lattices [1]. In inverse rendering, JBF-like terms have been used to regularize
specular parameters using albedo [29, 36], and Wiersma et al. [42] use a related
similarity kernel to estimate uncertainty over BRDF parameters when geometry
and illumination are known. We instead tackle the joint reconstruction of geome-
try, materials, and lighting under unknown illumination by constructing a stable
similarity kernel from externally predicted G-buffers. This encourages regions
with similar predicted G-buffers to converge to similar optimized parameters,
constraining the solution space while still allowing physical corrections.

3 Method

Taking as input N multi-view images {Ii}Ni=1 of a static object under unknown
illumination, our goal is to reconstruct physics-based representations of the ob-
ject’s shape, materials, and illumination, all directly compatible with standard
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Fig. 2: Overview of our pipeline. From N multi-view images {Ii} under unknown
illumination, we (1) predict per-view intrinsic G-buffers G = [A,R,M,N] with a con-
ditional diffusion model; (2) reconstruct a voxel-grid SDF by neural volume rendering,
supervised by the predicted normals N (Lshape); and (3) jointly optimize shape, spa-
tially varying material, and an environment map by differentiable rendering, minimizing
the photometric loss Limg and our material clustering regularizer Lmat, with albedo
regularized through the scale-agnostic transform ψ. The result is a renderer-ready PBR
asset that relights faithfully under novel illumination. Bottom: the diffusion-predicted
G-buffer g = [A,R,M] guides joint bilateral filtering of the rendered G-buffer ĝ. The
G-buffers shown are from an early training iteration for illustration purposes and do
not reflect the final reconstruction quality.

rendering pipelines. Specifically, we seek asset parameters that produce ren-
derings closely resembling the input images. When multiple solutions fit the
images equally well, we aim to obtain physically plausible and visually coher-
ent reconstructions that minimize baked-in artifacts (when viewed under novel
conditions).

To this end, we introduce a technique that operates in three stages: prepro-
cessing, neural shape reconstruction, and physics-based inverse rendering (PBIR).
Fig. 2 provides an overview. In the following, we detail each of these stages.

Preprocessing. For each view i, our technique calibrates the camera parameters
and leverages a conditional diffusion model [24,45] to predict intrinsic G-buffers
Gi comprising the base color Ai, roughness Ri, metallic Mi, and surface normal
Ni. These buffers will be used in the following stages to supervise the reconstruc-
tion of object shape and materials.

Neural surface reconstruction. With the per-view G-buffers obtained, we then
reconstruct the shape of the object represented as a voxel-grid signed distance
function (SDF) using neural volume rendering [31, 38, 41]. To further improve
reconstruction quality, we incorporate a normal-supervision loss that encourages
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the rendered normal buffer N̂i to match the diffusion-predicted normals Ni:

Lshape =

N∑
i=1

∑
p

Hδ

(
1− N̂⊤

i,p Ni,p

)
, (1)

where N̂i,p and Ni,p denote, respectively, the p-th pixel of N̂i and Ni. In addi-
tion, Hδ is the Huber penalty—which improves robustness to imperfect normal
predictions—given by

Hδ(t) =

{
1
2 t

2, t ≤ δ,

δ(t− 1
2δ), otherwise,

(2)

where t ≥ 0, and δ is set to 0.03 to downweight angular differences larger than
15◦.

In practice, the normal-supervision loss in Eq. (1) enhances surface details
and helps mitigate concave shape artifacts—especially on glossy surfaces (see
Fig. 7). With the SDF reconstructed, we extract a mesh using Marching Cubes [28]
as the initial shape of the object.

We note that, given the calibrated camera parameters and a reconstructed
object geometry, the diffusion-predicted G-buffers {Gi} could be directly back-
projected onto the object surface to complete the material reconstruction. How-
ever, as we will demonstrate in Sec. 4.4, materials reconstructed using this strat-
egy often fail to produce renderings that match the ground truth. Instead, we
will use these G-buffers as priors to greatly improve the robustness of our PBIR
stage.

Physics-based inverse rendering. With the initial mesh obtained, the last stage
of our technique jointly optimizes the object’s shape, materials, and illumination
to minimize:

L = Limg + λmatLmat , (3)

where Lmat regularizes the material using the diffusion-predicted G-buffers {Gi}
and λmat is the corresponding scalar weight. In addition, Limg is the image
rendering loss measured in relative MSE [22,30]:

Limg =

N∑
i=1

∥∥∥∥∥ Îi − Ii

sg(Îi) + ϵ

∥∥∥∥∥
2

2

, (4)

where Îi denotes the image rendered under the i-th view, sg(·) is the stop-
gradient operator, and ϵ > 0 is a small constant for stable normalization. Because
our datasets contain HDR images, the relative loss prevents a small number of
bright pixels from dominating the optimization.

In the following, we detail our material regularization strategy in Sec. 3.1
and describe our scale-agnostic albedo transformation in Sec. 3.2.
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3.1 Implicit Material Clustering Regularization

Directly optimizing spatially varying materials from sparse multi-view obser-
vations under unknown illumination is severely underconstrained. Each surface
location is observed from only a limited set of views and lighting conditions, often
causing the optimization to bake illumination effects into the material. Recent
conditional diffusion models can infer plausible per-view intrinsic G-buffers from
RGB inputs [24, 45], producing results that are often artifact-free and semanti-
cally coherent. However, these predictions are not constrained by the rendering
equation and thus lack physical accuracy, leading to suboptimal visual quality
when used directly for rendering.

Recent methods have integrated diffusion-based material priors into physics-
based inverse rendering [26, 32]. However, directly regularizing toward the pre-
dicted G-buffers creates a tension with photometric fitting; approaches based on
score distillation with annealed diffusion noise [26, 53] or global scale-invariant
losses [7,32] do not fully address material-dependent biases in a scene with multi-
ple materials. We instead leverage the implicit grouping of same-material regions
found in diffusion predictions, and regularize our solution to remain consistent
within these regions while allowing for per-region deviations. Akin to reflectance
sharing [55], this effectively reduces the degrees of freedom by sharing observa-
tions across similar material regions.

A practical challenge is to identify which image regions correspond to the
same material without committing to an explicit segmentation. One could fit
a small set of BRDF bases with spatially sparse mixing (so that each region
selects a single basis) [9,52]. However, this introduces model selection issues (e.g.,
number of bases) and sensitivity to region boundaries. We instead use diffusion-
predicted G-buffers to define an implicit, soft notion of material similarity across
pixels as follows. For a given view, let g = [A,R,M] denote the predicted
material G-buffer, where each vector gp is the concatenation of channels at pixel
p. We define the similarity kernel between pixels p and q as

kp,q(g) = exp

(
−∥gp − gq∥22

2σ2
g

)
, (5)

where σg controls the decay of similarity with respect to G-buffer distance.
Let ĝ = [Â, R̂, M̂] be the differentiably rendered counterpart of g for the

same view. We encourage pixels that are similar in the predicted G-buffers to
share similar optimized material by computing a kernel-weighted average via a
joint bilateral filter:

JBF(ĝ;g)p =

∑
q kp,q(g) ĝq∑
q kp,q(g)

, (6)

where JBF(ĝ;g) denotes the filtered buffer, and subscript p indicates its value
at pixel p. This filter can be implemented efficiently and differentiably using
permutohedral lattices [1]. The bottom panel of Fig. 2 illustrates these buffers
during a training iteration.
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In Eqs. (5) and (6), we use one kernel kp,q obtained using the concatenated
g = [A,R,M] to regularize all (i.e., albedo, roughness, and metallic) channels.
This ensures the kernel considers differences in all channels and, therefore, re-
duces the risk of over-regularization (e.g., when some predicted G-buffer channels
are overly smooth).

Finally, we define the per-view material regularization term as the L1 distance
between the rendered and filtered G-buffers:

Lmat = ∥ĝ − JBF(ĝ;g)∥1 . (7)

3.2 Scale-Agnostic Albedo Transformation

Applying material regularization directly to albedo under unknown illumination
can bias optimization: the optimizer might scale down the albedo to reduce
the regularization loss, while the lighting compensates to match the rendered
appearance, resulting in overly intense light sources. To address this issue, we
regularize albedo in a scale-agnostic space by transforming the rendered albedo
as

ψ(Â) = sg(Â)⊙ log([Â]ϵ) , (8)

where ⊙ denotes element-wise multiplication, sg(·) is the stop-gradient operator,
and [a]ϵ = max(a, ϵ) is used for numerical stability with a small ϵ > 0. The
log mapping makes the region-wise average scale-agnostic: within a region, a
multiplicative rescaling of the albedo becomes an additive offset in log space,
which cancels out in the difference ĝ−JBF(ĝ;g). However, the log function also
rescales gradients by a factor proportional to 1/Â. Multiplying by the detached
sg(Â) cancels this gradient scaling and appropriately downweights dark regions.
Ultimately, we replace Â in ĝ with ψ(Â) when evaluating Lmat.

Current diffusion models predict per-view G-buffers that may be inconsis-
tent across views. Our regularization is relatively robust to such inconsistencies
because they often manifest as per-region shifts or scalings, which are largely
addressed by our design.

4 Experiments

After describing implementation details and datasets, we compare against prior
inverse-rendering and relighting methods on Stanford-ORB, Synthetic4Relight,
and DTC-Synthetic, explore alternative regularization choices, ablate key com-
ponents, and provide additional relighting comparisons. The supplementary ma-
terial provides additional kernel-design ablations, implementation details, the
RGB↔X upstream-model experiment, experiments applying our material regu-
larizer to a Gaussian Splatting-based inverse-rendering pipeline [14], and exten-
sive intrinsic G-buffer visualizations. The supplementary video shows dynamic
relighting and visualizations difficult to assess from static figures.
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Stanford-ORB baking_scene003 Stanford-ORB ball_scene003

Stanford-ORB blocks_scene005 Stanford-ORB cactus_scene005

Stanford-ORB car_scene002 Stanford-ORB chips_scene003

Stanford-ORB grogu_scene001 Stanford-ORB grogu_scene003

Stanford-ORB pitcher_scene001 Block_RedBlue

TeaPot_YellowSunflowers

Relight-GT Ours N.-PBIR M. Fusion

TeaPot_EmeraldGoldTop

Relight-GT Ours N.-PBIR M. Fusion

Fig. 3: Qualitative comparison of relighting on the Stanford-ORB dataset [21] and
DTC-Synthetic dataset [11] between our method, Neural-PBIR [38], and MaterialFu-
sion [26].

4.1 Implementation Details

For the SDF stage, we largely follow [38] and add the normal regularization term
with weight 10−5. For the PBIR stage, we represent the shape as a mesh, the
materials with the Disney principled BRDF [4] (optimizing base color, metallic,
and roughness), and the lighting as an environment map. We parameterize the
spatially varying BRDF parameters and the environment map using Dictionary
Fields [5, 6], a neural field that shares a set of basis functions across locations
(we use their 2D configuration). The environment map uses an exponential ac-
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chair air_baloons

hotdog

Relight-GT Ours N.-PBIR M. Fusion

jugs

Relight-GT Ours N.-PBIR M. Fusion

Fig. 4: Qualitative comparison of relighting on the Synthetic4Relight dataset [48] be-
tween our method, Neural-PBIR [38], and MaterialFusion [26].

tivation. BRDF outputs use no activation; we clamp them to [0, 1] and apply an
L1 penalty to out-of-range values with a weight of 10−2.

We optimize using an initial learning rate of 3×10−2 with cosine annealing to
10−3. We set λmat = 0.1, σg = 0.02 and ϵ = 10−2, and run 900 iterations. We ini-
tialize the BRDF and environment-map parameters to uniform values near 0.5.
Our pipeline is implemented in Mitsuba 3 [17] and PyTorch. We use 256 sam-
ples per pixel for primal rendering and 64 samples per pixel for backward-mode
automatic differentiation; each iteration renders 6 randomly sampled views. On
a single RTX 5090 GPU, the SDF stage takes around 10 minutes, DiffusionRen-
derer preprocessing around 15 minutes, and the PBIR stage around 7 minutes
per case.

4.2 Datasets and Metrics

We evaluate our method and baselines on a real-world benchmark, Stanford-
ORB [21], and two synthetic datasets, Synthetic4Relight [48] and DTC-Synthetic.
DTC-Synthetic contains seven scenes that we render using objects from Digi-
talTwinCatalog [11], designed to more thoroughly test reconstruction of glossy
objects and strong cast shadows.

Stanford-ORB contains 42 scenes with captured relighting ground truth; we
use the official open-source benchmark code for evaluation. For Synthetic4Relight,
we follow the evaluation protocol of [48]. For DTC-Synthetic, we render 60 relit
images under three novel environment maps from [48] (20 images per lighting
condition) and report relighting metrics in the low dynamic range (LDR) do-
main. We report PSNR, SSIM, and LPIPS [46].

4.3 Comparison

We compare our method against the following approaches: Neural-PBIR [38], as
a representative of purely analysis-by-synthesis inverse rendering that optimizes
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Table 1: Quantitative results of our method and baselines on the Stanford-ORB
dataset.

Geometry Novel Scene Relighting Novel View Synthesis

Depth
↓

Normal
↓

Shape
↓

PSNR-H
↑

PSNR-L
↑

SSIM
↑

LPIPS
↓

PSNR-H
↑

PSNR-L
↑

SSIM
↑

LPIPS
↓

Neural-PBIR 0.32 0.061 0.42 26.07 33.39 0.980 0.023 28.90 36.92 0.987 0.019
MaterialFusion 0.30 0.044 1.08 23.52 31.18 0.968 0.037 26.17 34.67 0.975 0.032
Ours 0.25 0.014 0.30 27.22 34.98 0.981 0.021 29.58 38.46 0.987 0.017

Table 2: Quantitative results of our method and baselines on the Synthetic4Relight
and DTC-Synthetic datasets.

Synthetic4Relight DTC-Synthetic

Relighting Aligned albedo Albedo Rough. Relighting

Method
PSNR

↑
SSIM

↑
LPIPS

↓
PSNR

↑
SSIM

↑
LPIPS

↓
PSNR

↑
SSIM

↑
LPIPS

↓
MSE
↓

PSNR
↑

SSIM
↑

LPIPS
↓

Neural-PBIR 27.83 0.974 0.058 25.72 0.951 0.074 22.67 0.951 0.091 0.016 39.18 0.9928 0.0100
MaterialFusion 20.20 0.944 0.091 24.28 0.952 0.070 15.65 0.931 0.094 0.015 28.63 0.9746 0.0237
Ours 32.02 0.975 0.049 27.83 0.960 0.045 27.04 0.960 0.048 0.013 43.21 0.9961 0.0063
Ours (w/o reg.) 28.94 0.973 0.055 26.63 0.956 0.065 23.79 0.954 0.084 0.021 40.23 0.9954 0.0065

shape, spatially varying materials, and illumination without learned priors, and
MaterialFusion [26], as a representative of diffusion-prior-aided inverse render-
ing via score distillation [53]. We use the official implementations and follow
the recommended hyperparameters. We also test several previous regularization
techniques on our pipeline; please see Sec. 4.4.

We show a qualitative comparison of novel-scene relighting on the Stanford-
ORB and DTC-Synthetic datasets in Figs. 1 and 3.

Our method is robust to strong directional lighting in the input images,
where hard cast shadows induce high-contrast appearance variation across an
object. In this setting, purely analysis-by-synthesis optimization (e.g., Neural-
PBIR) can absorb shadowing into the estimated materials, yielding baked arti-
facts that persist under relighting. By grouping observations within likely same-
material regions, our regularization effectively reduces the degrees of freedom
in spatially varying materials and discourages fitting cast shadows as texture;
as a result, we remove baked shadows on the side of car_scene002, on the
red cube in Block_RedBlue, and in the cast-shadow pattern around the cup
handle in cup_scene006, which are typically visible in the Neural-PBIR re-
sults. This same-material grouping also improves material estimation. We re-
cover more accurate roughness, as reflected by specular highlights that better
match the reference relighting images in ball_scene003, blocks_scene005, on
the flower pot of cactus_scene005, and on the top of chips_scene003. We
also recover more accurate metallic parameters, reproducing the shiny metallic
appearance during relighting on top of baking_scene003, in pitcher_scene001
and pepsi_scene004, and on top of TeaPot_EmeraldGoldTop. With the help of
our regularization on normals, our method further improves surface shape and
mitigates concave-shape artifacts.
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Block_RedBlue

grogu_scene003

Input Relight-GT Ours Diffusion-BP w/o reg. d-s corr.

Fig. 5: Qualitative comparison of relighting between our method and alternative ma-
terial regularization strategies, including directly back-projecting DiffusionRenderer
predictions (Diffusion-BP), optimizing from this initialization without regularization
(w/o reg.), and using a non–data-driven albedo–specular correlation regularizer (d-s
corr.).

cup_scene007

Input Relight-GT Ours scale inv.

curry_scene001

Input Relight-GT Ours scale inv.

Fig. 6: Qualitative relighting comparison between our method and the global scale-
invariant loss from VideoMat [32].

MaterialFusion is based on a different shape reconstruction pipeline [15], so
shape quality is not directly comparable. It often eliminates baked-in shadows
but tends to underfit the input images, failing to reconstruct spatially varying
color patterns in cup_scene006 and on the side of baking_scene003, yielding
over-smoothed materials, less accurate relighting, and occasional color drift. We
attribute these failures to the score-distillation target not always aligning with
the input scene and the lack of an explicit mechanism to correct per-region
inaccuracies, which can cause over-regularization.

We show a qualitative comparison of relighting on the Synthetic4Relight
dataset in Fig. 4. Compared to Neural-PBIR, our method avoids baking on the
chair back and the hotdog plate. Our method also achieves a more accurate
overall color tone and produces more accurate reflections on air_baloons and
the inside wall of jugs. MaterialFusion tends to cause color shifts in relighting
on air_baloons and jugs.

We present the quantitative comparison results on Stanford-ORB in Tab. 1
and on Synthetic4Relight and DTC-Synthetic in Tab. 2.
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Table 3: Stanford-ORB relighting comparison:
(a) alternative regularization choices and (b)
previous-method baselines.

Method PSNR-H↑ PSNR-L↑ SSIM↑ LPIPS↓

(a) Alternative regularization choices
Diffusion-BP 26.06 33.09 0.976 0.0333
w/o reg. 26.11 33.78 0.978 0.0223
d-s corr. 26.37 34.10 0.979 0.0215
scale inv. 26.38 34.21 0.980 0.0225
Ours 27.22 34.98 0.981 0.0213

(b) Comparison with previous methods
NVDiffRecMC [15] 24.43 31.60 0.972 0.0360
R3DG [13] 23.40 30.96 0.968 0.0348
Material Anything [16] 24.46 31.40 0.968 0.0387
Neural Gaffer [18] 24.32 31.46 0.963 0.0447
IllumiNeRF [50] 25.56 32.74 0.976 0.0270
Vanilla Mitsuba [17] 25.62 33.16 0.977 0.0232

GT Ours w/o normal reg.
Fig. 7: Ablation study on the

normal-supervision loss (Eq. (1)).

Relight-GT Ours No albedo trans.
Fig. 8: Ablating scale-agnostic

albedo transformation. Rows show
relighting and environment maps.

Our method outperforms the baselines on relighting accuracy as well as
albedo/roughness estimation and shape reconstruction. As Neural-PBIR is the
current state of the art on Stanford-ORB, surpassing it sets a new state of the
art on this dataset by a notable margin.

4.4 Exploring Alternative Choices

We evaluate alternative material-regularization designs against our implicit ma-
terial clustering regularizer. As a first baseline, we directly back-project our pre-
dicted material maps onto our reconstructed shape. The resulting materials are
visually plausible but do not match the relighting ground truth (Fig. 5), moti-
vating an analysis-by-synthesis stage that enforces consistency between rendered
and observed images. However, simply initializing the optimization with these
maps and optimizing without our regularization quickly reintroduces baking ar-
tifacts, such as the cast-shadow pattern in Block_RedBlue and dotted specular
highlights in grogu_scene003 (the w/o reg case in Fig. 5), indicating that the
initialization remains far from convergence and the optimization can fall into
local minima that trade off image fit against material coherence.

We also compare against a global scale-invariant loss, in the spirit of Video-
Mat [32] and IntrinsicAnything [7], implemented following VideoMat with our
predicted material maps as guidance (Fig. 6). A global adjustment is less ef-
fective at suppressing baked-in shadows (e.g., cup_scene007) and can underfit
localized material details (e.g., the metallic foil lettering in curry_scene001),
since it cannot accommodate region-specific corrections.

Finally, we evaluate a non-data-driven diffuse-specular self-correlation reg-
ularizer [29]. We construct the correlation signal from the current optimized
base color and use it to regularize the metallic and roughness buffers. However,
when the base color already contains baked artifacts, the regularizer can prop-
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Stanford-ORB grogu_scene001

Stanford-ORB pepsi_scene002

Input Relight-GT R3DG Material
Anything

Neural
Gaffer

Vanilla
Mitsuba Ours

Fig. 9: Additional qualitative Stanford-ORB relighting results grouped by case. Each
row shows the shared input and relighting target once, followed by previous-method
baselines and our result.

agate these errors and become less effective (Fig. 5, denoted as d-s corr.), as
evidenced by cast shadows in Block_RedBlue (top row) and dotted artifacts in
grogu_scene003 (bottom row).

The same trends hold quantitatively on Stanford-ORB: all alternative choices
in Tab. 3(a) underperform our implicit material clustering regularizer in relight-
ing accuracy.

4.5 Ablation Studies

We evaluate several components of our method in this section. In Fig. 7, we com-
pare reconstructions with and without our regularization on normals. Without
it, the reconstructed surface can exhibit concave artifacts, especially on glossy
surfaces, which in turn introduce severe highlight-related artifacts. Adding the
normal regularization yields a more faithful shape that better matches the ref-
erence. We ablate our scale-agnostic albedo transformation in Fig. 8. In the first
row, we show the relighting reference and results, and in the second row, we show
the reference and reconstructed environment map of the original lighting con-
dition. Without the transformation, the optimization tends to scale down base
color to reduce the regularization, which is compensated by a brighter and more
spatially spread-out lighting estimate (second row), deviating from the reference
lighting (left) and degrading reconstruction quality.

Finally, Tab. 2 reports a quantitative ablation on Synthetic4Relight and
DTC-Synthetic. Overall, the improvement of our full system comes from three
parts: our improved inverse-rendering pipeline, our regularization on normals,
and our material regularization. The ablation isolates the last part: removing
our material regularization consistently reduces relighting accuracy across both
datasets.
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4.6 Additional Relighting Comparisons

We further compare with additional relighting and inverse-rendering baselines
on Stanford-ORB: NVDiffRecMC [15], R3DG [13], Material Anything [16], Neu-
ral Gaffer [18], IllumiNeRF [50], and a vanilla Mitsuba inverse-rendering base-
line [17]. Unlike the main comparison with Neural-PBIR and MaterialFusion,
these methods do not all reconstruct comparable shape and PBR assets; some
directly perform relighting or use representations outside the mesh-based setting,
so we report only held-out relighting quality.

As shown in Tab. 3(b) and Fig. 9, our method achieves the best relighting
accuracy. The vanilla Mitsuba baseline shows that a physically based renderer
alone is insufficient under sparse-view inverse rendering, where material-lighting
ambiguities cause baked-in appearance. Unlike image-based relighting methods
such as Neural Gaffer and IllumiNeRF, our method also produces relightable
PBR assets while improving held-out relighting metrics.

5 Discussion and Conclusion

Limitations and future work. Our approach assumes DiffusionRenderer predicts
material maps that are locally consistent within same-material regions. When
this breaks down—e.g., for rare appearances outside the training distribution—
the prior becomes unreliable and can over-regularize, blurring materials. Dif-
fusionRenderer also operates at limited resolution, so matching its predictions
leaves high-frequency details less constrained; higher-resolution diffusion models
would address this. Finally, we derive our similarity kernel from a concatenation
of material channels; alternative combinations may prove preferable as diffusion
models evolve. Residual artifacts also remain near shadow boundaries, which we
attribute to imperfect geometry; future work could refine shape using signals
from our regularization to better align it with cast-shadow boundaries.

Conclusion. We presented an end-to-end pipeline that jointly recovers geome-
try, spatially varying materials, and illumination from multi-view images. Rather
than replacing physics-based optimization with a data-driven predictor, we bridge
the two: we treat DiffusionRenderer’s predictions not as target material values
but as a similarity kernel, penalizing deviations in the optimized material over re-
gions where the predictions are near-constant while still fitting the input images.
This suppresses baking artifacts and yields relightable assets, significantly out-
performing state-of-the-art baselines on the Synthetic4Relight, Stanford-ORB,
and DTC-Synthetic datasets.
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