
Under One Sun: Multi-Object Generative
Perception of Materials and Illumination

Nobuo Yoshii1 , Xinran Nicole Han2 , Ryo Kawahara1 ,
Todd Zickler2 , and Ko Nishino1

1 Kyoto University 2 Harvard University
https://vision.ist.i.kyoto-u.ac.jp/research/onesun/

Single Image Shared Illumination

Reflectance

Texture

Multi-Object Generative Perception

Fig. 1: MultiGP is an ambiguity-aware inverse rendering method that samples the
reflectance and texture of each object alongside the global scene illumination from a
single image. By leveraging the shared illumination across multiple objects, MultiGP
employs a novel end-to-end architecture featuring tailored guidance, axial attention, and
ControlNet structures to resolve the otherwise ambiguous radiometric disentanglement.

Abstract. We introduce Multi-Object Generative Perception (MultiGP),
a generative inverse rendering method for stochastic sampling of all radio-
metric constituents—reflectance, texture, and illumination—underlying
object appearance from a single image. Our key idea to solve this in-
herently ambiguous radiometric disentanglement is to leverage the fact
that while their texture and reflectance may differ, objects in the same
scene are all lit by the same illumination. MultiGP exploits this consen-
sus to produce samples of reflectance, texture, and illumination from a
single image of known shapes based on four key technical contributions: a
cascaded end-to-end architecture that combines image-space and angular-
space disentanglement; Coordinated Scheduling for diffusion convergence
to a single consistent illumination estimate; Axial Attention applied to
facilitate “cross-talk” between objects of different reflectance; and a Tex-
ture Extraction ControlNet to preserve high-frequency texture details
while ensuring decoupling from estimated lighting. Experimental results
demonstrate that MultiGP effectively leverages the complementary spatial
and frequency characteristics of multiple object appearances to recover
individual texture and reflectance as well as the common illumination.
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1 Introduction

The appearance of an object reveals far more than its 3D shape and semantic
identity. A glance at a cup, for example, also reveals its material properties
(e.g ., ceramic, hard, heavy, perhaps with printed text or graphics) and provides
informative reflections of the surrounding illumination. Deciphering this rich,
entangled information can be essential for interaction. It can allow an embodied
agent to plan a grasp based on perceived materials; predict how the object would
look from different vantage points; and predict how other objects would look if
placed in the same scene.

However, this radiometric disentanglement is overwhelmingly ill-posed. Sur-
rounding light is reflected with an angular response that is unique to the local
geometry and reflectance of each surface point, akin to an angular convolution
with a shift-dependent kernel [33]. This deeply entangles object materials with
ambient light, and it is inherently lossy because surface reflectance generally
attenuates the light’s high angular-frequency details. All of this makes recovering
materials and lighting from a single image fundamentally ambiguous [16].

“Generative perception” is a framework for addressing these ambiguities in
vision, by using stochastic generative models to sample from the distribution of
possible physical explanations. Previous work in this vein has focused on producing
samples of material and shape from images [15,45] or from videos [14,24], but
without producing samples of illumination. In contrast, DRM [10] produces
samples of reflectance and illumination from an image of a known shape, but it
cannot handle objects with texture.

In this paper, we show that stochastic sampling of a richer suite of radiometric
constituents—reflectance, texture, and illumination—becomes possible when
multiple objects are present in the image. Our key insight is that while objects
in a scene differ in their texture and reflectance, they are all lit by the same
illumination. We introduce Multi-object Generative Perception (MultiGP), an
approach that leverages multi-object consensus to produce samples of reflectance,
texture and illumination from a single image of known shapes.

MultiGP is built upon four key technical contributions. First, we propose
a cascaded end-to-end architecture that simultaneously disentangles texture in
the image domain and reflectance and illumination in the angular (reflectance
map) domain. Second, we introduce Coordinated Scheduling, which manages the
temporal scheduling of the diffusion process to ensure that illumination estimates
across different objects converge to one consistent environment map. Third, we
employ Axial Attention to facilitate “cross-talk” between objects in the reflectance
map domain, allowing objects with different BRDFs to mutually complement each
other’s missing angular frequencies. Fourth, we integrate a Texture Extraction
ControlNet that preserves high-frequency surface details while ensuring they
remain decoupled from the estimated lighting.

Our extensive experiments on synthetic and real-world data demonstrate
that MultiGP achieves state-of-the-art accuracy in texture, reflectance, and
illumination estimation. They also show that MultiGP successfully exploits the
complementary information entangled in the object appearance of each object
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in the spatial and frequency domains. Our results suggest that the radiometric
information ingrained in object appearance can be reliably exploited by leveraging
the physical constraints naturally occurring in multi-object scenes, providing a
path toward robust radiometric scene understanding.

2 Related Works

There has been considerable recent progress in appearance decomposition using
multiple images with changing viewpoint or illumination. Here we focus on
single-image methods, where the ambiguity is substantially greater.

Deterministic prediction: Inverse rendering and regression. Inverse
rendering techniques perform gradient descent on a forward rendering operator
to recover a set of radiometric constituents that best explain an image, typically
using an objective that includes statistical priors or regularization on reflectance
and illumination (and sometimes shape when it’s unknown) [6,8,27,31,44]. Instead
of using iterative optimization, regression-based methods train deep networks
to deterministically map an input image to one or more of texture, reflectance
or illumination [5,12,13,29,30,35,41]. There are also hybrid methods that use
regression to predict some radiometric constituents and inverse rendering to
predict others [40]. Many of these methods only produce smooth, low-frequency
lighting due to their regression to the mean and the intrinsic information loss
in forward rendering. Also, all of them have the disadvantage of producing a
single “best” estimate, even when there is fundamental ambiguity, where multiple,
diverse explanations are equally valid. In contrast, our method stochastically
samples sets of explanatory radiometric constituents, including diverse samples
of realistic high-frequency lighting environments that are physically consistent
with the observed appearance.

Stochastic illumination. Recent generative approaches use diffusion models
to hallucinate image-consistent, high-frequency illumination as a panoramic en-
vironment map [26, 37] or a virtual mirrored sphere within the scene [25, 32].
Although visually plausible, these methods do not explicitly estimate materi-
als, and they fundamentally bypass physically-based modeling of reflection. In
contrast, our goal is to radiometrically disentangle object appearance to recover
the texture, reflectance, and illumination. DPI [28] uses differentiable rendering
with a diffusion-based illumination prior. DRM [10] considers the special case of
textureless objects and reformulates diffusion to generate samples of reflectance
and illumination that are consistent with a reflectance map. Our work extends the
DRM paradigm by leveraging the common illumination across multiple objects
to enable the prediction of texture in addition to reflectance and illumination.

Stochastic texture and reflectance. Texture and reflectance estimation
has seen significant progress with diffusion-based intrinsic image decomposition
[4,7,9, 17,17,38,39,47]. Kocsis et al. [21] finetune Stable Diffusion to generate
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samples of texture and reflectance, and they use them to recover illumination by
inverse rendering. RGB-X [45] and DiffusionRender [24] finetune Stable Diffusion
to generate samples of texture, reflectance and shape, but they do not provide
illumination. Recent work by Han et al. [14] trains a diffusion model from scratch
to generate samples of texture, reflectance, and shape without illumination. In
our work, we adapt some components of their U-ViT3D architecture.

3 Multi-Object Generative Perception

3.1 Problem Formulation

An object’s appearance can be described by its surface radiance Lr which,
ignoring global illumination effects, is determined by the surface normal n, the
bidirectional reflectance distribution function (BRDF) fr, and distant incident
illumination Li [20]:

Lr(x; !o) =

Z
!

fr(x; !i; !o)Li(!i) (!i � n(x)) d!i ; (1)

where !i and !o are the incident and outgoing light directions in the local
hemisphere centered at n(x). We adopt the isotropic Disney BRDF model [3]:

fr(x; !i; !o;�d(x); 	 :=f�s; r; 
g) = (1�
)
�d(x)

�

�
fdiff(!i; !o) + fretro(!i; !o; r)

�
+ fspec(!i; !o;�d(x); �s; r; 
) ; (2)

where �d(x) is the spatially-varying texture and 	 is spatially-uniform reflectance
consisting of roughness r, metallicness 
, and specular strength �s. Most daily
objects exhibit homogeneous specular reflection (e.g ., due to a uniform coat-
ing over a spatially-varying diffuse reflection). Handling fully spatially-varying
specular reflection is left for future work.

Inverting Eq. (1) for a single object is fundamentally ambiguous; our key
insight is to exploit the complementary radiometric information carried by multiple
objects to constrain this inversion. Specifically, given an image I containing M
objects with known shapes S=fn(x)mgMm=1, we seek the joint posterior over
per-object textures T=f�d(x)mgMm=1, per-object reflectances R=f	 (m)gMm=1,
and shared illumination L:

p(T;R; L j I;S) / p(I j S;T;R; L) p(T;R; L j S) : (3)

Computing this posterior exactly is intractable. We approximate it with a
cascaded factorization that separates texture from reflectance and illumination:

q(T;R; L j I;S) = q�(T j I;S) q�(R; L j I;S;T) : (4)

This factorization directly dictates our architecture (Fig. 2): a texture extraction
module q� (Sec. 3.2), followed by a joint reflectance–illumination module q� that
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Fig. 2: Overview of MultiGP. Given a scene with multiple objects, textures are �rst
estimated via a di�usion model q� that accounts for global light transport. The resulting
texture-free appearances are transformed into re�ectance maps, from which a multi-
object di�usion model q� estimates a shared illumination and respective re�ectances.
Finally, a ControlNet re�nes the textures for physical consistency with the estimated
lighting and re�ectance through a renderer.

operates on texture-free, shape-invariant re�ectance maps and can therefore focus
entirely on material and lighting estimation (Sec. 3.3). The estimates are then
re�ned end-to-end by maximizing the physical likelihood with a ControlNet which
examines consistency of the disentanglement and the observation (Sec. 3.4).

3.2 Texture Extraction Prior (q � )

The �rst stage of our factorization isolates the di�use texture T from the input
image. We employ a latent di�usion model [36] conditioned on the concate-
nated latents of the observed appearance and object shapes, denoted asc. The
intermediate denoising step t follows standard di�usion dynamics:

zt =
p

�� t z0 +
p

1 � �� t �;

with � � N (0; I ). The network � � predicts the added noise to estimate both the
texture T and the intermediate texture-free appearanceL r (x ; 	 ). The base loss
is de�ned as

L � = E z 0 ;t;�
�
k� � � � (z t ; t; c)k 2

2

�
: (5)

3.3 Multi-Object Di�usion Re�ectance Maps (q � )

Conditioned on the extracted texture T, we operate on the texture-free appearance
of each object to solveq� (R ; L j I; S; T). Each texture-free appearanceL (m)

r (x ) is
mapped to a shape-invariant raw re�ectance map ~L (m)

r (n ), a Gaussian sphere of
surface radiance indexed by surface normaln . They are masked due to the visible
normal area of the original objects. Then, these raw re�ectance maps~L (m)

r (n )
are converted to complete re�ectance mapsL (m)

r (n ) via a learned network (a
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multi-object extension of ObsNet [10]). This network leverages axial attention
analogous to our multi-object axial attention in the di�usion process to mitigate
global light transport e�ects, such as cast shadows and interre�ections.

Building on the Di�usion Re�ectance Map (DRM) framework [10], which
recovers illumination from a single object via learned inverse di�usion on the
rendering equation, we extend this approach to a multi-object setting. Since
each surface re�ects di�erent spatial extents and frequency bands of the same
illumination, determined by its unique BRDF and geometry, we coordinate these
complementary signals to jointly recover the shared illumination L (represented
as a mirror re�ectance map L(0)

r (n)) and individual re�ectances R.
We index each re�ectance map by its di�usion step k: L (m;K)

r (n ) is the initial
observation andL (m;0)

r (n ) = L̂ i (n ) is the target mirror re�ectance map. Following
DRM, the forward process is not a Markov noise chain, but a deterministic
radiometric formation governed by the rendering equation with additive Gaussian
noise to account for the inherent ambiguity. Assuming no cross-talk between
object re�ections (only the Multi-Object Di�usion q� , the Texture Extraction
Prior q� and the texture-re�nement renderer in Sec. 3.4 learn from multi-object
path-traced data), the joint forward process factorizes over theM objects (see
the supplementary material for the full derivation):

q(L (1:M;1:K)
r j L (0)

r ; 	 (1:M;K) ) =
MY

m=1

KY

k=1

N
�
L (m;k)

r j L r (	 (m;k) ; L (0)
r ); � 2I

�
; (6)

where Lr (	 (m;k) ; L (0)
r ) denotes the forward rendering operator.

The evidence lower bound (ELBO) decomposes into a sum of per-object
terms, yielding the illumination loss:

L i = E L i ;	;m;k



 � 0

� i ;� r
�

�
L r (	 (m;k�1) ; L (0)

r ) � L (m;k)
r

	 


 2

2 ; (7)

where � i and � r parameterize the illumination and re�ectance estimators, respec-

tively, and � 0
� i ;� r

is the expectation of the residual betweenL̂ r
(m;k�1)

and L (m;k)
r .

MultiGP minimizes this objective using two key components: Coordinated
Scheduling, which guides all object appearances toward a common illumina-
tion via reverse di�usion, and Axial Attention, which fuses complementary
spatio-spectral information across objects.

Multi-Object Coordinated Scheduling. Our goal is to convert the M observed
re�ectance maps L (m;K)

r , each representing a di�erent material, back to a single
mirror re�ectance map L (0)

r (n ) that reveals the environment illumination L̂ i (n )
(Fig. 3a). To achieve this, we schedule the re�ectance of each object to evolve
linearly from its estimated material 	̂ (m;K) to the known mirror re�ectance 	 0

over K shared steps:

	̂ (m;k) =
k
K

	̂ (m;K) +
�
1 �

k
K

�
	 0 : (8)
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(a) Multi-Object Coordinated Scheduling (b) Multi-Object Axial Attention

Fig. 3: (a) Multi-Object Coordinated Scheduling guides the appearance of diverse
objects toward a single shared illumination estimate. At each denoising step, the
process is governed by the estimated re�ectances of multiple objects alongside a known
mirror re�ectance. Since the mirror re�ectance uniquely corresponds to the illumination,
these diverse inputs stochastically converge to a consistent, shared environment map.
(b) Multi-Object Axial Attention shares re�ectance and spatial information across
di�erent re�ectance maps. This mechanism enables MultiGP to integrate complementary
frequency information which is otherwise attenuated by individual re�ectances and
aggregate visible lighting directions at every denoising step.

This ensures that all M objects reach mirror re�ectance simultaneously atk= 0
while preserving their relative scales, in contrast to DRM [10] which requires
in�nite steps to converge.

The total number of steps K is set proportionally to the average distance of
the input materials from mirror re�ectance:

K =
K max

M

MX

m=1








	̂ (m;K) � 	 0p
3








2
; (9)

where K max is the maximum allowed steps and
p

3 normalizes by the largest
possible distance in the 3-D re�ectance spacê	 = fmetallic, roughness, specularg.
Equation (9) guarantees that the most distant re�ectance 	 = f 0; 1; 0g can reach
mirror state 	 0 = f1; 0; 1g in K max steps.

The model is trained to predict the re�ectance at each step with the loss:

L r = E L i ;f r ;m;k
�
k	̂ (m;k)

� r
� 	 (m;k) k2

2 + k 	̂ (m;K)
� r

� 	 (m;K) k2
2

�
: (10)

The total loss is de�ned as L = � i L i + � r L r , where � i ; � r are hyperparameters.

Multi-Object Axial Attention. The texture-free re�ectance maps ~L (m)
r (n )

transformed from each object are spatially sparse. Unless the object is a sphere,
its geometry does not densely cover the full hemisphere of camera-facing surface
normals. More interestingly, di�erent materials act as distinct frequency �lters on
the environment lights [33,34]: a Lambertian-like surface re�ects low-pass �ltered
illumination in its appearance, while more specular objects retain relatively higher-
frequency details through band-pass �ltering of the illumination spectrum. No
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single material behaves as a Dirac delta that preserves all frequencies. The multiple
object appearances capture complementary spatio-spectral characteristics of the
shared illumination, and we wish to fully leverage this complementarity.

To this end, we propose a Multi-Object Axial Attention mechanism. Inspired
by temporal attention in video di�usion [14], this cross-object attention operates
across theM re�ectance maps at each corresponding spatial location (i.e., the
same surface normal direction). As illustrated in Figure (Fig. 3b), the axial
attention applied over multiple partially-observed re�ectance maps allows an
object with missing spectral-frequency details or unobserved normal directions
to borrow information from the other objects in the scene, e�ectively unifying
the multi-object observations into a coherent, complete estimate of the global
illumination. We also apply Local Spatial Attention [14] to avoid information in-
tegration with Axial Attention solely along the perfectly aligned normal direction
so that MultiGP is made robust to geometry errors.

3.4 Texture Re�nement via ControlNet

While the cascaded factorization produces diverse samples, some may still violate
the physics of image formation. We therefore introduce a �nal re�nement step
that injects renderer consistency into the sampling process. Given sampled factors
(T; R; L) and known geometry S, we render the objects L̂ r with Mitsuba 3 [19]
and compute its residual against the observed imageI . We condition q� on
this residual via a ControlNet [46]-style mechanism, e�ectively steering di�usion
sampling toward solutions that better explain the observation. The ControlNet
accepts the residualcf = E(I � L̂ r ) as an additional condition, enforcing tighter
physical consistency between texture estimates and global light transport:

L � c = E z 0 ;t;�
�
k� � � � c (z t ; t; c; c f )k2

2

�
: (11)

This re�nement acts as likelihood-guided sampling rather than explicit optimiza-
tion; it modi�es the sampling dynamics using a renderer-based signal to improve
physical consistency while preserving generative diversity.

4 Experimental Results

We evaluate MultiGP against several state-of-the-art methods [10, 14, 24, 28,
32, 44, 45] on synthetic and real datasets, demonstrating its e�ectiveness in
both accuracy and diversity. Crucially, we derive a canonical framework to
evaluate the fundamentally ambiguous disentanglement of inverse rendering
components, particularly illumination. We believe this represents a signi�cant
contribution to inverse rendering and appearance modeling research at large.
Through these extensive evaluations, we show that MultiGP successfully integrates
complementary spatio-spectral information from diverse object appearances to
achieve superior scene recovery.
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4.1 Dataset

Training. We train MultiGP on synthetic 3D multi-object scenes with path-
traced light transport (not 2D composites) and per-object re�ectance-map triplets
rendered by Mitsuba3 [19]. We create 96 textures for 1100 Adobe 3D Assets [1]
and 24 shape-dependent textures for each of the 4000 shapes of Xu [42] with MV-
Adapter [18]. In addition we use unique colored textures. Re�ectance properties
(i.e., metallic, roughness, and specular) are randomly sampled, with metallicness
restricted to 0 or 1 to avoid unrealistic re�ectance under Disney BRDF [3], and
roughness set above 0.4 for 50% of objects to prevent trivially easy illumination
estimation. Illumination is randomly sampled from the Laval Indoor Dataset [11]
and the Poly Haven HDRIs [2] totaling 2000 unique environment maps.

Synthetic data. For accuracy evaluation, we use the test split of Adobe 3D
Assets with MV-Adapter textures and held-out illumination, forming 36 object
triplets. For diversity evaluation, we construct pseudo raw re�ectance maps from
nLMVS-Synth [43] shapes.

Real-world data. As no existing dataset contains multiple objects in the same
image, we construct multi-object evaluation sets from Stanford-ORB [22] (14
objects across 7 scenes) and nLMVS-Real [43]. We select triplets of objects
captured at approximately the same position, viewpoint, and illumination. This
yields 23 and 27 object triplets from Stanford-ORB and nLMVS-Real, respectively.

MultiGP dataset. We additionally capture 9 real scenes (3 outdoor, 6 indoor)
featuring 3 objects under shared illumination. Each object's shape was scanned
with Artec3D to obtain surface normals and aligned to camera coordinates using
MegaPose [23].

4.2 Ambiguity-Aware Inverse Rendering Metric

Standard Metrics. Following [10,32], we evaluate recovered illumination at
128Ö256 resolution using scale-invariant logRMSE, PSNR, SSIM, and LPIPS.
LogRMSE is computed on HDR images, while other metrics use tone-mapped
LDR images. Re�ectance is evaluated via scale-invariant logRMSE in the non-
parametric MERL BRDF representation [8]. We compare against DPI [28] and
DRM [10], as methods generating spatially varying BRDFs [14,24,45] are incom-
patible with our uniform re�ectance setting. Following [22], texture is evaluated
at 512Ö512 using scale-invariant RMSE, PSNR, SSIM, and LPIPS.

Ambiguity-Aware Metric. Standard metrics often falter in inverse rendering
because multiple illuminations can produce identical appearances, especially
under low-frequency re�ectance. To assess how well the estimated distribution
captures the ground truth, we utilize Spherical Harmonics (SH). We compute 1089
SH coe�cients (up to degree 32) for each illumination sample. By applying PCA
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Table 1: Quantitative evaluation and ablation study of illumination and re�ectance
estimates on synthetic test data. For illumination estimation, the sharpest re�ectance
among multiple objects is shown for both DRM and MultiGP (single). We report the
mean of the top 3 out of 10 stochastic predictions. Our full model achieves the highest
accuracy and the two novel guidance and attention play crucial roles for this.

Illumination Re�ectance

logRMSE# PSNR" SSIM" LPIPS# logRMSE#

DPI [28] 1.64 11.96 0.37 0.56 2.22
DRM [10] 1.48 12.62 0.34 0.61 1.85
Di�usionLight [32] 1.60 11.37 0.38 0.63 -
MultiGP (single) 1.44 12.67 0.38 0.58 2.05
MultiGP 1.28 13.54 0.42 0.56 1.81
w/o Coordinate Scheduling 1.29 13.50 0.42 0.54 1.87
w/o Axial Attention 1.37 12.97 0.40 0.56 1.82
w/o Texture Re�nement 1.29 13.49 0.42 0.56 1.87
Global Illumination o� 1.33 13.08 0.42 0.56 1.81

(retaining 99% variance) to the coe�cients, we model the sample distribution
and report the multivariate normal log-likelihood and Mahalanobis distance of
the ground truth within this distribution.

Evaluation Protocol. For all stochastic methods (except ALP [44]), we sample
10 predictions and report the mean of the top 3 [14]. To evaluate single-object
baselines on multi-object scenes, we report results for the object with the sharpest
estimated re�ectance. Di�usionLight [32] utilizes our re�ectance estimate for this
selection.

4.3 Results on Synthetic Dataset

Accuracy. Tab. 1 shows quantitative results of the illumination and the re-
�ectance accuracy. For DRM [10], which processes only a single object, we report
scores for the object with the sharpest re�ectance (closest to a mirror state).
MultiGP (single) follows the same protocol. For Di�usionLight [32], we provide
the background consistent with their original assumptions. MultiGP achieves
state-of-the-art accuracy across this extensive dataset. Tab. 2 evaluates texture
estimates, where MultiGP outperforms DPI [28] among methods assuming known
geometry.

Ablation studies. Tab. 1 and Tab. 2 demonstrate the impact of Coordinate
Scheduling, Axial Attention, and Texture Re�nement. Our results con�rm that
Coordinate Scheduling and Axial Attention are critical for estimating high-�delity
illumination and re�ectance. Furthermore, Texture Re�nement utilizing the
estimated individual re�ectances and shared illumination signi�cantly improves
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Table 2: Quantitative evaluation and ablation study of texture estimation on synthetic
test data. MultiGP achieves superior accuracy compared to DPI, which similarly assumes
known object geometry.

RMSE# PSNR" SSIM" LPIPS#

RGB$X [45] (LDR) 0.11 27.37 0.96 0.053
RGB$X [45] (HDR) 0.11 27.59 0.96 0.054
GP Motion [14] 0.13 25.91 0.95 0.071
Di�usionRenderer [24] 0.11 27.37 0.96 0.051

DPI [28] 0.15 24.86 0.92 0.084
MultiGP 0.081 29.99 0.97 0.031
w/o Texture Re�nement 0.088 29.32 0.97 0.034
Global Illumination o� 0.089 29.35 0.97 0.033

the accuracy of texture extraction. Multi-Object Coordinate Scheduling and Axial
Attention further attenuate non-shared Global Illumination signals, hence our
no-cross-talk assumption in Multi-Object Di�usion. Tab. 1 and Tab. 2 directly
ablates GI in the inputs: GI-on yields 1.28 logRMSE vs. 1.33 for GI-o��MultiGP
models real GI.

Runtime comparison. On one A100 per 1024Ö1024 multi-object image,
MultiGP takes 25.3 seconds, DPI [28] 1167.7s, Di�usionLight [32] 1280.1s, and
DRM [10] 12.1s (single object). MultiGP is � 50x faster than DPI and Di�usion-
Light.

Ambiguity-aware accuracy analysis. Fig. 4 illustrates the distribution of
MultiGP estimates. We evaluate MultiGP's frequency and spatial integration ca-
pabilities using two scenarios: (a) objects with varying re�ectance (heterogeneous
re�ectances) and (b) objects with identical re�ectance but di�erent geometries
(heterogeneous masks).

For objects with distinct frequency characteristics (a), we analyze the Spherical
Harmonic (SH) coe�cients of the input re�ectance maps. As shown in Fig. 4a-
1, input appearances exhibit complementary spectral traits; while the shiniest
objects often cover a broad spectrum, they do not provide exhaustive information.
Thus, multiple objects collectively o�er superior visual cues for illumination
recovery compared to any single object.

Fig. 4a-2 visualizes the illumination estimates from 100 MultiGP samples. We
compare single-object estimation against our multi-object framework. To facilitate
visualization, we apply PCA to the SH coe�cients and plot the �rst two principal
components. The multi-object distribution covers the ground-truth illumination
with signi�cantly higher likelihood than isolated estimates. This con�rms the
advantage of leveraging complementary material frequencies. Furthermore, it
validates our proposed metric: because inverse rendering is inherently ambiguous,
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(a-1) Hetero-re�ectances
(inputs)

(a-2) Hetero-re�ectances
(outputs) (b) Hetero-masks

Fig. 4: Distribution of illumination samples from MultiGP and MultiGP (single).
(a) Heterogeneous re�ectances: MultiGP e�ectively integrates objects with di�erent
re�ectances. (a-1) shows the complementary Spherical Harmonic (SH) frequency spectra
of three input re�ectance maps. (a-2) provides a 2D PCA visualization of 100 samples;
orange dots represent the joint MultiGP distribution, while other colors represent
individual MultiGP (single) estimates. The joint distribution (orange) captures the
�ground truth� with the highest density. (b) Heterogneous masks: Using the same
re�ectance with di�erent masks demonstrates that MultiGP e�ectively integrates varied
object shapes. Here too, the MultiGP distribution (orange) densely encompasses the
�ground truth.�

a probabilistic distribution re�ects true accuracy more faithfully than a simple
distance to ground truth.

Fig. 4b provides a parallel analysis for scenario (b). The results demonstrate
that diverse geometries provide complementary spatial coverage of the environ-
ment, which MultiGP successfully exploits to produce more accurate and diverse
illumination estimates.

We quantitatively evaluate the distribution of estimates for both cases using
synthetic test data (Tab. 3). We randomly paired three object re�ectances with
50 test illuminations to render input re�ectance maps. For case (b), maps were
spatially masked according to visible surface normals from randomly sampled
object shapes [43]. For both scenarios, we sampled 1000 illumination outputs per
input and performed PCA on the 1089 order-32 SH coe�cients (maintaining a
99% cumulative eigen-ratio). Inputs were labeled A, B, and C, corresponding to
(a) highest to lowest SH frequency or (b) largest to smallest unmasked area. We
then computed the multivariate normal log-likelihood and Mahalanobis distance
from the ground-truth illumination within the PCA space.

The results in Tab. 3 demonstrate that the highest accuracy is achieved
when integrating all objects. In scenario (a), the multi-object accuracy surpasses
that of the highest-frequency object (A) alone. Similarly, for spatial integration
(b), using all objects outperforms the single largest-coverage shape (A). These
results con�rm that MultiGP successfully leverages complementary frequency
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Table 3: Likelihood and Mahalanobis distance from ground-truth illumination in PCA
space (99% SH variance), averaged over 50 test scenes with 1000 samples each. (a)
Heterogeneous re�ectances: Demonstrates MultiGP's ability to e�ectively integrate
objects with diverse material properties. (b) Heterogeneous masks: Demonstrates
MultiGP's ability to integrate di�erent object shapes and visible areas. Inputs are
labeled A, B, and C, corresponding to (a) highest-to-lowest SH frequency or (b) largest-
to-smallest unmasked area. In both cases, the MultiGP �All� con�guration outperforms
the best single-object input (�A�) across all metrics.

(a) Heterogeneous re�ectances

Input
Multivariate Normal

Log-Likelihood "
Mahalanobis
Distance #

All 171.9 16.98
A 169.2 18.42
B -137.6 26.39
C -243.6 28.91

(b) Heterogeneous masks

Input
Multivariate Normal

Log-Likelihood "
Mahalanobis
Distance #

All 61.5 24.18
A -56.8 27.60
B -696.9 38.59
C -5211.2 57.75

characteristics and spatial spans, justifying a multi-object approach for ambiguity-
aware inverse rendering.

4.4 Results on Real-World Datasets

Stanford-ORB dataset. Fig. 5 shows illumination estimates on the Stanford-
ORB dataset. Quantitative evaluations are provided in the supplementary ma-
terial. Ground truth for re�ectance is unavailable, as it is nearly impossible to
measure for real objects without an integrating (Ulbricht) sphere. While the
dataset provides pseudo-ground-truth textures, we found them too noisy for
reliable use. Note that ALP requires multi-view images to pre-estimate texture
and re�ectance, making it non-comparable to our single-image recovery frame-
work. The results for MultiGP (multiple) demonstrate its ability to e�ectively
integrate object appearances for high accuracy. Fig. 6 provides qualitative texture
evaluations, showing that MultiGP removes lighting re�ections more accurately
than other methods, including DPI, which also utilizes surface normals as input.

nLMVS-real dataset. Fig. 7 presents qualitative illumination accuracy on the
nLMVS-real dataset. Quantitative results are provided in the supplementary
material. All objects in this dataset are textureless, and re�ectance ground truth
is not available. As before, ALP is shown for reference but is not a competing
single-image method, as it requires multi-view images for texture and re�ectance
pre-estimation. The results demonstrate that MultiGP achieves state-of-the-art
accuracy, even for textureless objects, by successfully integrating complementary
visual cues of the shared global illumination from surface radiance.

MultiGP dataset. Fig. 8 shows a qualitative evaluation of illumination accuracy
on our newly captured multi-object dataset. Quantitative evaluations are provided
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Inputs ALP [44] DPI [28] Di�usionLight [32] DRM [10] MultiGP GT

Fig. 5: Illumination estimates on the Stanford-ORB dataset. For a fair comparison, we
show scaled illumination results closest to the ground truth. For existing methods, we
select the result from the object yielding the best logRMSE score. MultiGP faithfully
captures the ground truth illumination structure with high-�delity.

Input DPI [28] RGB$X [45] Di�usionRenderer [24] GP Motion [14] MultiGP Reference

Fig. 6: Texture estimates on the Stanford-ORB dataset. For fair comparison, scaled
albedo that best match the reference within the masked object region are shown.
MultiGP estimates highly accurate texture (notice the lack of shading).

in the supplementary material. We captured 9 scenes across both indoor and
outdoor settings to evaluate multiple objects in a shared physical environment.
The results demonstrate that MultiGP generalizes e�ectively to real-world scenes,
successfully handling complex global light transport e�ects.

5 Conclusion

In this paper, we introduced Multi-Object Generative Perception (MultiGP),
a framework that resolves the fundamental ambiguities of inverse rendering by
leveraging multi-object scene constraints. By treating multiple objects as con-
current probes of the same environment, our method aggregates complementary
spatio-spectral information to estimate texture, re�ectance, and illumination from
a single image. To rigorously evaluate this stochastic approach, we introduced
a novel metric for ambiguity-aware inverse rendering, shifting the focus from
traditional point estimates to how e�ectively sampled distributions encompass
the physical ground truth. Our results on synthetic and real-world datasets
demonstrate that MultiGP signi�cantly outperforms existing methods, providing
a robust path toward physics-aware scene understanding.

A primary limitation of our current approach is the requirement for known
object geometry, as the radiometric cues are anchored to the 3D surface. Further-
more, our model assumes distant environmental illumination (directional lighting).
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