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Abstract

Generating high-quality physically based rendering (PBR)
materials is important to achieve realistic rendering in the
downstream tasks, yet it remains challenging due to the inter-
twined effects of materials and lighting. While existing meth-
ods have made breakthroughs by incorporating material de-
composition in the 3D generation pipeline, they tend to bake
highlights into albedo and ignore spatially varying proper-
ties of metallicity and roughness. In this work, we present
PBR3DGen, a two-stage mesh generation method with high-
quality PBR materials that integrates the novel multi-view
PBR material estimation model and a 3D PBR mesh re-
construction model. Specifically, PBR3DGen leverages vi-
sion language models (VLM) to guide multi-view diffusion,
precisely capturing the spatial distribution and inherent at-
tributes of reflective-metalness material. Additionally, we in-
corporate view-dependent illumination-aware conditions as
pixel-aware priors to enhance spatially varying material prop-
erties. Furthermore, our reconstruction model reconstructs
high-quality mesh with PBR materials. Experimental results
demonstrate that PBR3DGen significantly outperforms exist-
ing methods, achieving new state-of-the-art results for PBR
estimation and mesh generation.

Website — https://pbr3dgen1218.github.io/

1 Introduction
Generating high-quality 3D mesh with physically based ren-
dering (PBR) materials from images or text prompts has
broad applications such as 3D graphics pipelines, movie pro-
duction, gaming and AR/VR. 3D generation models have
witnessed remarkable progress which can be attributed to the
scalability of 3d generative models (Tang et al. 2023; Long
et al. 2024; Shi et al. 2023a; Xu et al. 2024), and utilization
of the large-scale training datasets (Deitke et al. 2023). How-
ever, most existing 3D mesh and texture generation models
often lack PBR material properties so they lose the view-
dependent photorealistic effect. Furthermore, the textures,
which incorporate pre-baked shadows and lighting, restrict
their applicability in downstream tasks.

*These authors contributed equally.
†Corresponding author.
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PBR estimation from images is a recent development
in the field of 3D assets with PBR generation, such as
Clay (Zhang et al. 2024b) has demonstrated impressive ca-
pabilities in 3D mesh with PBR materials generation, but
they rely on expensive geometric prior to ensure cross-view
PBR consistency. 3DTopia-XL (Chen et al. 2024b) encodes
detailed shape, Albedo, and material field into a Diffusion
Transformer (DiT) framework. To achieve better perfor-
mance, these methods have attempted to incorporate BSDF
and illumination models into 3D generation model. More
recently, Meta3DAssetGen (Siddiqui et al. 2024) exploit
to integrate the differentiable BRDF optimization model
into forward transformer-based architecture. SF3D (Boss
et al. 2024) incorporates explicit lighting and a differentiable
shading model for decomposing light from UV texture.

In the field of 3D generation, PBR material representa-
tion has recently emerged as a key advancement, signif-
icantly improving the rendering quality of generated ob-
jects. For example, Clay (Zhang et al. 2024b) has demon-
strated impressive capabilities to generate PBR materials
for 3D meshes, yet it requires geometric input to main-
tain cross-view consistency and concurrently suffers from
the deterioration of detailed textures 3DTopia-XL (Chen
et al. 2024b) develops a primitive presentation to encode
detailed shape, Albedo, and material fields into a Diffu-
sion Transformer (DiT) framework. On the other hand, re-
cent methods have attempted to incorporate BSDF mate-
rial functions and illumination models into 3D generation
models. Meta3DAssetGen (Siddiqui et al. 2024) exploits the
integration of the differentiable BRDF optimization model
into a large reconstruction model (LRM) with a forward
transformer-based architecture. SF3D (Boss et al. 2024)
incorporates explicit lighting and a differentiable shading
model for decomposing light from UV textures.

However, by simplifying material models with a sin-
gle illumination for different objects and ignoring the spa-
tially varying properties of metalness and roughness, these
methods face three significant limitations that hinder their
widespread adoption. Firstly, these methods are more likely
to bake high light into the Albedo map due to the exist-
ing ambiguity between illumination and Albedo, especially
for reflective objects. Secondly, roughness and metallicity
are difficult to observe directly from RGB images. We also
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Figure 1: We present PBR3DGen, a novel two-stage 3D assets generation framework with high-quality physically-based ren-
dering materials. All objects in the scene are generated from PBR3DGen.

noticed that the BRDF distribution in current synthetic 3D
datasets, such as Objaverse (Deitke et al. 2023), exhibits
a strong long-tail effect. This causes models to overfit to
frequent values while ignoring rare ones. As a result, the
quality of PBR material generation is compromised, and
spatially-varying attributes are poorly represented. Addi-
tionally, Meta3DAssetGen (Siddiqui et al. 2024) employs
LRM to predict PBR materials, which is trained from
scratch. Given the scarcity of high-quality 3D PBR data, the
generalization capability of the LRM may not be as strong as
that of diffusion models for predicting PBR. Meanwhile, the
performance of sparse-view reconstruction models can de-
cline if the quality of multiple views is poor, as these models
generally depend exclusively on view-aware RGB images to
predict 3D representations.

In response to these challenges, we propose an efficient
approach for high-quality 3D mesh with PBR materials gen-
eration from a single image or text prompt that disentangles
the highlight and reconstructs spatially-varying metallic and
roughness to enable relighting (see Fig.1). Our method intro-
duces PBR3DGen, a two-stage 3D mesh generation method
with high-fidelity PBR materials that integrates the novel
PBR multiview diffusion models and PBR-based sparse-
view reconstruction models to achieve high-quality 3D mesh
with PBR materials generation. In the first stage, we lever-
age vision language models (VLM) like GPT-4V and view-
dependent illumination-aware conditions to guide our multi-
view PBR estimation model. Specifically, we employ VLM
to precisely capture the spatial distribution and inherent at-
tributes of reflective-metallic materials. This detailed infor-
mation is then seamlessly integrated into a PBR multi-view
diffusion model. This integration plays a pivotal role in dras-
tically mitigating the ambiguity often encountered between

specular highlights and Albedo within the rendered imagery.
Furthermore, it addresses the issue of prediction inaccura-
cies in metallic and roughness properties, which were pre-
viously exacerbated by the severe long-tail distribution of
training data. Consequently, our approach significantly en-
hances the consistency of part-aware material representa-
tion. In addition, we inject view-dependent illumination-
aware conditions to enhance the spatially varying material
properties. In the second stage, unlike most sparse-view re-
construction models that reconstruct 3D assets using only
rgb color, we propose our PBR-based large reconstruction
model, which employs a dual-head VAE encoder to sep-
arately encode the Albedo and Metallic-Roughness maps.
Subsequently, we reconstruct the 3D mesh and PBR mate-
rials from the input PBR multi-view images. To conclude,
our contributions are: 1) We propose PBR3DGen, a novel
two-stage generation framework for 3D assets with high-
quality PBR materials from image or text inputs. 2) We ex-
plore leveraging vision-language models to guide PBR esti-
mation within a multi-view diffusion model, enabling more
accurate estimation of PBR materials and significantly re-
ducing ambiguities between Albedo and illumination, espe-
cially specular highlights. 3) We introduce a view-dependent
illumination-aware condition as a local pixel-wise prior, re-
sulting in a more accurate capture of spatially varying re-
flectance effects. 4) Our method exhibits superior 3D mesh
and PBR material generation quality compared to current
methods.

2 Related Works
2.1 Multi-view Diffusion
Cross-view consistency is crucial in a reconstruction-based
3D generation. MVDiffusion(Tang et al. 2023) first gener-
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ates consistent multi-view images from text prompts, given
pixel-to-pixel correspondences. SyncDreamer(Liu et al.
2023a), MVDream(Shi et al. 2023b), and Wonder3D(Long
et al. 2024) leverage attention mechanisms to facilitate
information transfer between multi-view images, enhanc-
ing multi-view consistency. Zero123++(Shi et al. 2023a)
stitches multi-view images together while denoising them
simultaneously, improving geometric consistency and tex-
ture quality. Era3D(Li et al. 2024) introduces row-wise
multi-view attention, reducing the computational overhead
of multi-view generation. Although the quality of current
multi-view image generation has made significant progress,
multi-view images embed lighting and lack physical prop-
erties. In contrast to these previous methods, our approach
not only maintains multi-view consistency but also provides
PBR estimation. This enables our reconstruction results to
support relighting and physically-based rendering.

2.2 Multi-view 3D Reconstruction
3D reconstruction has been a well-researched area in the
field of computer vision for a long time. Although traditional
methods such as Structure from Motion (SfM)(Agarwal
et al. 2011; Pollefeys et al. 2004; Schonberger and Frahm
2016) and Multi-View Stereo (MVS)(Furukawa and Ponce
2009; Pollefeys et al. 2008; Schönberger et al. 2016) can per-
form camera calibration and 3D reconstruction, they lack ro-
bustness when dealing with inconsistent multi-view images.
Recently, deep learning-based 3D reconstruction methods
have become mainstream. LRM(Hong et al. 2023) first pro-
posed utilizing a transformer backbone to simultaneously
reconstruct geometry and texture through a single forward
pass. LRM can learn how to reconstruct 3D geometry and
texture from a single image using large-scale 3D datasets.
Instant3D(Li et al. 2023) increases the number of input
views, further enhancing the geometric detail and texture
quality of the reconstruction. Subsequent works(Zhang et al.
2024a; Wei et al. 2024; Zhang et al. 2025; Xu et al. 2024; Li
et al. 2022) have made further improvements in reconstruc-
tion quality and computational efficiency. Compared to ex-
isting large reconstruction models, we not only reconstruct
the 3D geometry, but we also reconstruct physics-based ma-
terial properties, making the 3D assets generated by our
method more realistic.

2.3 Diffusion-based PBR Material Generation
Material generation and estimation from RGB images is in-
herently difficult because of its under-constrained nature, in-
cluding the ambiguity between illumination and materials.
Diffusion models reveal the impressive capability of learn-
ing the distribution of the target domain, which has become
prominent in texture content generation. Recent studies
such as TEXTure (Richardson et al. 2023), Text2Tex (Chen
et al. 2023a), TexFusion (Cao et al. 2023) extend the dif-
fusion model to texture synthesize from multi-view im-
ages. SyncMVD (Liu et al. 2023b) improves the consis-
tency of multi-view texture by sharing the denoised con-
tent among different views in each denoising step to en-
sure texture consistency and avoid seams and fragmenta-
tion. However, these methods tend to generate RGB tex-

tures with highlights and shadows due to suffering from
disentangling the materials and illumination properties. Re-
cently, Paint3D (Zeng et al. 2024a) proposed a coarse-to-fine
strategy to delight the generated texture in UV space, but
they still lack Physically-based materials when dealing with
inconsistent multi-view images. Fantasia3D (Chen et al.
2023b) can generate more realistic textures by incorporat-
ing physics-based materials. FlashTex (Deng et al. 2024) in-
troduces the lighting condition in ControlNet and optimizes
texture based on Score Distillation Sampling loss, which
can disentangle lighting from surface material/reflectance.
However, these optimization-based methods require exten-
sive training time. RGBX (Zeng et al. 2024b) utilizes diffu-
sion models to estimate the Physically-based intrinsics of
RGB images and demonstrates a significant improvement
on the generalization. Additionally, IntrinsicAnything (Chen
et al. 2024a) and IntrinsicReal (Wei et al. 2025) only utilizes
diffusion models to estimate albedo and specular shading
from a single RGB image, which lacks roughness and metal-
lic properties in 2D diffusion prior stage. Meanwhile, these
methods still suffer from disentangling the spatially varying
materials from highlight and reflective object images.

3 Methods
3.1 Overview
In this section, we introduce our high-quality 3D mesh
with PBR materials generation pipeline, illustrated in Fig.2.
Firstly, we establish a novel multi-view PBR texture diffu-
sion model from a single image or text prompt, which un-
leashes Vision Language model (VLM) and illumination-
aware conditions to guide PBR material generation. Sec-
ondly, we further design dual-head reconstruction model by
extending a sparse-view large reconstruction model to han-
dle multi-view PBR material inputs, significantly boosting
the 3D mesh and texture reconstruction quality.

3.2 Multi-view PBR Estimation
Without prior geometric information, generating multi-view
PBR materials directly from a single RGB image using a
diffusion model is a challenging problem. Due to the in-
herent ambiguities between material properties and lighting
conditions, and the observation that the local distribution of
material characteristics does not always align with geomet-
ric consistency. Multi-view PBR estimation from an RGB
image cannot achieve both high-quality PBR materials and
geometrically consistent multi-view images simultaneously.
Therefore, We first resolve multi-view consistency by ap-
plying an off-the-shelf Multi-view Diffusion Model, such
as Zero123++(Shi et al. 2023a). Meanwhile, we propose a
PBR generation module from the multi-view RGB image
input by introducing VLM guidance and view-dependent
illumination-aware condition, which can significantly han-
dle the ambiguity between PBR and illumination well.

Multi-view PBR Material Estimation with SD Since
PBR material estimation can be seen as domain transfer
from an RGB image, The diffusion model can be utilized
to transfer from the RGB domain distribution to the PBR
domain distribution. And we observed that Roughness and
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Figure 2: Overview of PBR3DGen. Our method consists of two stages: Multi-view PBR materials estimation and 3D mesh
with PBR materials reconstruction. Given an RGB image as input, we first generate multi-view Albedo images and multi-view
MRO images using Multi-view PBR estimation model, and then reconstruct 3D assets with Dual-head PBR-based LRM.

Metallic often interact to produce specular reflection effects
on objects. In our methods, we combined two maps into a
single MRO (Metallic/Roughness/Zero channel) for genera-
tion. Therefore, we can model the conditional distribution
of corresponding Albedo and Metallic-Roughness by uti-
lizing the RGB image as the conditioning signal, as in In-
trinsicAnything (Chen et al. 2024a) and RGBX (Zeng et al.
2024b). Specifically, we first use the pre-trained VAE im-
age encoder E to extract the conditional signal feature from
input grid image I . Then, the diffusion process adds noise
to the encoded latent z = E(x) producing a noisy latent zt
where the noise level increases over timesteps x ∈ T . We
learn network ϵθ that predicts the noise added to the noisy
latent zt given image conditioning E(I). We minimize the
following loss:

L = EE(x),E(I),ϵ,t

[
|ϵ− ϵθ (zt, t, E(I))|22

]
(1)

where zt is the noisy latent feature of the input z with t uni-
formly sampled from {1, . . . , T}, and estimating ϵ from a
Gaussian distribution, denotes ϵ ∼ N (0, 1). Here, we sep-

arately optimize double U-Net Network ϵaθ and ϵmr
θ corre-

sponding Albedo estimation and MRO estimation.

VLM-guided PBR Material generation We observed
that the Roughness and Metallic distributions for objects
tend to be strongly part-aware consistent, and there are sig-
nificant ambiguities between Albedo and specular light dur-
ing the Albedo generation process, especially for specu-
lar and metallic objects. This is due to the high variance
in the diffusion inference procedure. As argued above, the
PBR material generation model requires a strong prior to
alleviate these challenging ambiguities. Inspired by (Fang
et al. 2024), VLM can recognize object materials and types
due to its extensive prior knowledge of objects. We de-
sign a hierarchical VLM-guided material policy to obtain
reflective-metallic material attributes through unleashing
GPT-4V with a strong material knowledge, which helps us
capture the reflective-metallic properties for the input RGB
image. Specifically, we first gather global information about
metallic and reflective properties, and then we further in-
vestigate which parts exhibit these relevant attributes. The
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pipeline of the designed hierarchical strategy is depicted in
Fig.2(b), with detail provided in the Fig.11 of Appendix.

To effectively utilize reflective-metallic material informa-
tion in the PBR diffusion model process, we inject material
caption features into the U-Net. Specifically, we first use the
CLIP text encoder (Radford et al. 2021) to extract language
features from the material captions. Then, to inject the con-
ditioning signal into the Albedo U-Net network ϵθ and the
Metallic-Roughness U-Net network ϵσ , we capture the em-
bedding relationship using cross-attention mechanism be-
tween the material caption language features and the noised
latent of the U-Net. We reparameterize the loss functions of
ϵaθ and ϵmr

θ following the corresponding conditioning signals
in Eq.2 and Eq.3:

L = EE(x),E(I),ϵ,t[|ϵ− ϵmr
θ (zmr

t , t, fs(E(I)), CT (I))|22]
(2)

L = EE(x),E(I),ϵ,t[|ϵ− ϵaθ(z
a
t , t, CT (I))|22] (3)

where CT denotes CLIP text feature encoder, zat is the latent
feature encoded from the ground truth Albedo at timestep t.

View-dependent illumination-aware condition Al-
though the designed VLM-guided material diffusion model
can effectively handle part-wise properties by injecting
material description information, Metallic-Roughness esti-
mation still struggles to capture spatially varying properties,
due to the challenges posed by the severe long-tail distribu-
tion effect in the training data. Therefore, it is essential to
introduce additional physics-based prior information.

Physically Based Rendering (PBR) materials often uti-
lize the spatially-varying bi-directional reflectance distribu-
tion functions (svBRDFs) to approximate the surface re-
flectance property with a set of decomposed intrinsic terms,
which can encapsulate the interaction of light with the object
surface. Following the popular specular svBRDFs model,
like the Cook-Torrance model (Cook and Torrance 1982),
we can observe that the Roughness and Metallic proper-
ties are closely integrated with the specular shading term.
The detailed rendering equation is provided in the Appendix
(Sec.A.1). Specifically, the rendering equation is rewritten
as Eq. 4:

Lo(x̂,ωo) = Ldiff (x̂, kd, Li)+Lspec(x̂,ωo, F0(km), kr, Li)
(4)

where the rendering results comprise diffuse shading Ldiff

and specular shading Lspec, kd and kr represent Albedo and
Roughness, km is metallic term related to the Fresnel term.

Previous methods (Boss et al. 2024; Zhang et al. 2024b;
Siddiqui et al. 2024) for generating Roughness and Metallic
maps tend to homogenize the distribution of BRDF in syn-
thetic 3D data. For example, in the widely used Objaverse
dataset (Deitke et al. 2023), we observe that the Metalness
and Roughness of objects often have fixed values. This re-
sults in a lack of spatial variability in the BRDF distribu-
tion obtained through diffusion model training, which nega-
tively impacts the accuracy of the Metalness and Roughness
attributes. To overcome the severe impact of the long-tail
distribution, and motivated by Eq.4, we propose introduc-
ing view-dependent illumination as a condition to guide the

sampling process of Roughness and Metallic. We further re-
formulate the loss function shown in Eq.1 into the following
form in Eq. 5:

L = EE(x),E(I),ϵ,t[|ϵ− ϵθ(z
mr
t , t, fs(E(I)))|22] (5)

where zmr
t is the latent feature encoded from the ground

truth Metallic-Roughness gt at time step t, fs is a specular
illumination diffusion model to generate spatially-varying il-
lumination based on single RGB grid image I . This specular
illumination map acts as a local cue, enhancing the Metal-
lic and Roughness spatial distribution closely linked to the
actual distribution of the object.

3.3 Dual-head PBR Reconstruction Model
Our PBR reconstruction model takes multi-view Albedo
multi-view images and MRO images as input, and it out-
puts 3D assets with PBR material. Since our reconstruction
model has two types of inputs, using a single image encoder
to extract features from both types would cause the model
to be unable to distinguish between them. Therefore, we use
dual-head PBR encoders: one encoder is for encoding the
Albedo images, and the other encoder is for encoding the
MRO images. Then two kinds of image tokens and learnable
triplane tokens are passed through a transformer backbone,
outputting a low-resolution triplane. The low-resolution tri-
plane has a resolution of 64 with 1024 channels. We use an
upsampler similar to (Yang et al. 2024) to upsample the low-
resolution triplane, ultimately obtaining a high-resolution
triplane with a resolution of 256 and 120 channels. For each
query point, we project it onto a triplane to get its triplane
feature, and we use an MLP to predict its signed distance,
Albedo and MRO.

Since NeRF(Mildenhall et al. 2021) and 3D Gaus-
sian(Kerbl et al. 2023) have difficulty generating high-
quality meshes, and the training of DMTet(Shen et al. 2021)
and Flexicubes(Shen et al. 2023) is unstable, we adopt
NeuS(Wang et al. 2021) as our 3D representation and ob-
tain the geometry through marching cubes. With geometry,
Albedo, and MRO, we obtain 3D asset with PBR as our fi-
nal output. During training, we apply image loss for both
Albedo images and MRO images:

L =
∑
i

||Ii,A − Igti,A||
2
2

+
∑
i

||Ii,MRO − Igti,MRO||
2
2

+λlpips

∑
i

Llpips(Ii,A, I
gt
i,A)

+λlpips

∑
i

Llpips(Ii,MRO, I
gt
i,MRO)

+λmask

∑
i

||Mi −Mgt
i ||22

(6)

where Ii,A, Ii,MRO, Mi, Igti,A, Igti,MRO and Mgt
i denote

rendered Albedo images, rendered MRO images, rendered
mask images, ground truth Albedo images, ground truth
MRO images, ground truth mask images of the i-th view.
We randomly select 2 target views and set λlpips = 2,
λmask = 0.2 during the training stage.
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Input Ours 3DTopia-XL SF3D

Figure 3: Qualitative comparison of the generated 3D assets with other methods.

Methods Albedo Roughness Metallic RGB Geometry
PSNR↑ MSE ↓ PSNR ↑ MSE ↓ PSNR ↑ MSE ↓ PSNR ↑ MSE ↓ CD↓ FS@0.1↑ FS@0.2↑ FS@0.5↑

SF3D 15.98 0.03 15.00 0.04 16.04 0.03 16.37 0.03 0.33 0.61 0.79 0.92
3DTopia-XL 13.69 0.05 11.84 0.07 13.14 0.06 13.95 0.04 0.55 0.33 0.55 0.83
Ours 17.77 0.02 16.52 0.03 16.16 0.03 17.99 0.02 0.22 0.72 0.88 0.97

Table 1: Quantitative comparison on Objaverse (Deitke et al. 2023) dataset.

4 Experiments
In this section, we evaluate PBR3DGen, detailing the exper-
iment settings and datasets in Sec. 4.1, and compare it with
SOTAs in 3D generation and albedo estimation based on dif-
fusion models across various datasets in Sec. 4.2. Finally,
we demonstrate the effectiveness of different components in
improving PBR estimation and mesh generation in Sec. 4.3.
More results are shown in the Appendix.

4.1 Experimental Setup
Dataset. We first generate multi-view PBR material train-
ing data from the Objaverse dataset (Deitke et al. 2023).
Specifically, we select 48k objects by filtering out those
with low-quality PBR textures. For each object, we render
21-view multi-domain images (RGB/Albedo/MRO/Specu-
lar light) using Blender. To evaluate PBR reconstruction and
geometry accuracy, we randomly sample 300 objects from
Objaverse (Deitke et al. 2023) and Google Scanned Objects
(GSO) (Downs et al. 2022). More details in the Appendix.

Implementation. For PBR estimation model, we use
a diffusion model fine-tuned from the Stable Diffusion
V2.1 (Rombach et al. 2022) based on the framework of In-
tructpix2pix (Brooks, Holynski, and Efros 2023) as a start-
ing point and continue to train for 50k iterations using
an Adam (Kingma 2014) optimizer at a learning rate of
1 × 10−4. For the PBR reconstruction model, we pretrain
the model with only the Albedo input for 200k iterations,
and then we finetune the model for 150k iterations with both
Albedo and MRO image input, the MRO image encoder is
initialized with the weights of the Albedo image encoder.
The learning rate is 3× 10−5 in both stages.

Metrics. We evaluate both 2D appearance and 3D geom-
etry. For image quality, we compute PSNR and MSE be-
tween rendered and ground-truth views in both the PBR and
mesh generation stages. For geometry, we align the gener-
ated mesh with the ground-truth mesh and report Chamfer
Distance(CD) and F-Score(FS).
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Methods CD↓ FS@0.1↑ FS@0.2↑ FS@0.5↑
LGM 0.409 0.442 0.658 0.881
OpenLRM 0.214 0.605 0.840 0.997
TripoSR 0.356 0.511 0.727 0.920
InstantMesh 0.216 0.670 0.862 0.977
SF3D 0.274 0.554 0.786 0.956
3DTopia-XL 0.239 0.635 0.832 0.962
Ours 0.175 0.739 0.903 0.984

Table 2: Quantitative comparison on GSO dataset.

4.2 Comparison with Other Methods
Baselines. We compare our results with SOTA methods at
both stages of our pipeline. For the MV-PBR image gen-
eration stage, we compare with IntrinsicAnything (Chen
et al. 2024a), a diffusion-based intrinsic image generation
method. For 3D asset generation, we focus on 3D mesh with
PBR generation methods to maintain a consistent evaluation
protocol. Specifically, we compare against SF3D (Boss et al.
2024), 3DTopia-XL (Chen et al. 2024b), Instantmesh (Xu
et al. 2024), OpenLRM (He and Wang 2023), LGM (Tang
et al. 2025), TripoSR (Tochilkin et al. 2024).
Results. From the 2D PBR estimation results in Table 3, our
method yields notably higher PSNR and lower MSE than
IntrinsicAnything (Chen et al. 2024a). IntrinsicAnything of-
ten produces black albedos on metallic objects, whereas our

Albedo
PSNR↑ MSE ↓

IntrinsicAny (Chen et al. 2024a) 16.775 0.031
Ours 18.186 0.023
w/o VLM-guide 17.155 0.030

Table 3: Quantitative results for IntrinsicAnything and ours.

Methods Roughness Metallic
PSNR↑ MSE ↓ PSNR↑ MSE ↓

w/o VD-Illum
w/o VLM-guide 18.649 0.020 15.293 0.046

w/o VD-Illum 19.803 0.019 15.871 0.038

w/o VLM-guide 18.023 0.023 15.890 0.038

Ours 21.095 0.013 17.718 0.028

Table 4: Ablation studies for MV-PBR estimation model.

method preserves proper reflectance and shading cues, lead-
ing to more accurate PBR reconstruction. As shown in Ta-
ble 1 and Table 2, our method outperforms all baselines in
both novel view PBR asset quality and geometric accuracy.

4.3 Ablation Study
We conduct ablation studies to analyze the contribution of
each component in our framework on the Objaverse PBR
dataset. The key innovation of our method is its ability to
effectively estimate multi-view spatially varying PBR.
(1) w/o VD-Illum. This term indicates training without the
view-dependent illumination condition for the multi-view
metallic-roughness diffusion model. As shown in Table 4
and Fig 4, VD-Illum. module as local pixel-aware priors
prove to be effective for boosting the metallic-roughness dis-
tribution according to spatially varying attribution.
(2) w/o VLM-guide. This setting removes the VLM-guided
condition from both the multi-view albedo and metallic-
roughness diffusion models to evaluate its impact. As shown
in Table 4, excluding the VLM module causes a significant
drop in metallic-roughness accuracy and degrades albedo es-
timation. Qualitative results in Fig. 4 further reveal baked
highlights and incorrect albedo without VLM guidance. This
module improves the predicted roughness and metallic val-
ues by adding global and local material priors, reducing bias
from uniform training data.
(3) w/o VD-Illum.& VLM-guide. This ablation is to evalu-
ate the multi-view PBR diffusion model without both of the
above conditions. From the first column of Fig 4, it is ev-
ident that without the VLM-guided condition and the VD-
illum condition, the predicted distributions for roughness
and metallic are more disorganized.

5 Conclusion
We present PBR3DGen, a two-stage 3D mesh with high-
fidelity PBR materials generation framework by introduc-
ing a novel PBR multi-view diffusion model. Specifi-
cally, we explore unleashing VLM strong material prior
and view-dependent illumination-aware conditions to guide
PBR multi-view generation, which significantly alleviates
the ambiguity often encountered between highlights and
albedo within the rendered imagery and handles spatially-
varying properties. Due to accurate PBR multi-view images,
we significantly improved 3D mesh with PBR materials re-
construction quality based on PBR reconstruction model.
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Rgb↔x: Image decomposition and synthesis using material-
and lighting-aware diffusion models. In ACM SIGGRAPH
2024 Conference Papers.
Zhang, C.; Song, H.; Wei, Y.; Chen, Y.; Lu, J.; and Tang, Y.
2024a. Geolrm: Geometry-aware large reconstruction model
for high-quality 3d gaussian generation. arXiv preprint
arXiv:2406.15333.
Zhang, K.; Bi, S.; Tan, H.; Xiangli, Y.; Zhao, N.; Sunkavalli,
K.; and Xu, Z. 2025. Gs-lrm: Large reconstruction model for
3d gaussian splatting. In European Conference on Computer
Vision, 1–19. Springer.
Zhang, L.; Wang, Z.; Zhang, Q.; Qiu, Q.; Pang, A.; Jiang, H.;
Yang, W.; Xu, L.; and Yu, J. 2024b. CLAY: A Controllable
Large-scale Generative Model for Creating High-quality 3D
Assets. ACM Transactions on Graphics (TOG), 43(4): 1–20.

10583


