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ABSTRACT

We propose PRM, a novel photometric stereo based large reconstruction model to
reconstruct high-quality meshes with fine-grained local details. Unlike previous
large reconstruction models that prepare images under fixed and simple lighting
as both input and supervision, PRM renders photometric stereo images by varying
materials and lighting for the purposes, which not only improves the precise local
details by providing rich photometric cues but also increases the model’s robust-
ness to variations in the appearance of input images. To offer enhanced flexibility
of images rendering, we incorporate a real-time physically-based rendering (PBR)
method and mesh rasterization for online images rendering. Moreover, in em-
ploying an explicit mesh as our 3D representation, PRM ensures the application
of differentiable PBR, which supports the utilization of multiple photometric su-
pervisions and better models the specular color for high-quality geometry opti-
mization. Our PRM leverages photometric stereo images to achieve high-quality
reconstructions with fine-grained local details, even amidst sophisticated image
appearances. Extensive experiments demonstrate that PRM significantly outper-
forms other models.

1 INTRODUCTION

Recent advancements in generative models (Song et al.l 2020; Ho et al.,[2020) have spurred notable
progress in 2D content creation, driven by fast growth in data volumes. In contrast, the development
in 3D field remains encumbered due to limited 3D assets, which are essential for diverse applications
including game modeling (Gregory, [2018), computer animation (Parent, [2012; Lasseter} |1987), and
virtual reality (Schuemie et al.,[2001). Traditional approaches to generating 3D assets have utilized
optimization-based techniques from multi-view posed images (Wang et al.| | 2021; Yariv et al., 2021}
2020) or have harnessed SDS-based distillation methods from 2D diffusion models (Liang et al.,
2023; |Lin et al., 2023} |Poole et al., [2022)). Despite their effectiveness, these methods often require
increased computational costs without a commensurate improvement in surface quality, making
them less suitable for rapid deployment in real-world scenarios.

Feed-forward 3D generative models (Hong et al.,[2023;|Hu et al., | 2024;|Zhang et al.,[2024) have been
developed to address the limitations of per-scene optimization by training a generalizable model
on large-scale 3D assets. Notably, the Large Reconstruction Model (LRM) (Hong et al. [2023)
has demonstrated promising results, exhibiting exceptional reconstruction speeds. The subsequent
LRM series (Hong et al.,[2023; Xu et al.| [2023; /Wang et al., 2024; Xu et al.,|2024; Tang et al.| [2024)
utilizes a Transformer-based architecture to encode either single or multi-view images, and decoding
them into 3D representations, such as triplanes (Chan et al.| [2022)), Flexicubes (Shen et al.| [2023))
or 3D Gaussians (Tang et al.,|2024). These 3D representations enable differentiable rendering from
arbitrary viewpoints, which is crucial for calculating multi-view reconstruction loss for optimization.

While LRM series demonstrate effectiveness and efficiency in globally coherent 3D assets recon-
struction, they encounter limitations in accurately capturing fine-grained local details. This chal-
lenge stems from their dependence on images rendered under fixed and simple lighting conditions,
which provide inadequate photometric information for detailed surface reconstruction. Furthermore,
LRM series are sensitive to variations in the appearance of conditioned images, particularly when
dealing with surfaces exhibiting glossy characteristics. As a result, LRM series tend to entangle the
texture and geometry, leading to wrong geometry reconstruction.
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Figure 1: Top left: PRM is capable of reconstructing high-quality meshes with fine-grained local
details even under complex image appearances, such as specular highlights and dark appearances.
Right: We demonstrate a scene comprising diverse 3D objects generated by our models. Bottom
left: A zoomed-in visualization of the scene highlights these details more clearly.

To address the above mentioned challenges, we introduce PRM, a photometric stereo based large
reconstruction model. This model is adept at capturing fine-grained local details and ensures robust-
ness against the complex appearances of input images. We achieve these objectives by leveraging
photometric stereo images (Hernandez et al |, [2008). Specifically, we render photometric stereo im-
ages by varying camera pose, materials (i.e., metallic and roughness), and lighting for both input
and supervision. However, rendering these images is not trivial since there are infinite possible
combinations of camera pose, materials and lighting. In the recent LRM series, images are typi-
cally rendered offline using Blender’s Cycles engine 2013). While this approach produces
high-quality, noise-free images, it requires numerous samples of lighting directions, significantly
increasing the time cost and making it expensive to maximize the training sample distribution.

To address this issue, we incorporate a real-time, physically based rendering technique known as
split-sum approximation (Karis & Games}, [2013), along with mesh rasterization for online render-
ing. This approach offers greater flexibility compared to traditional offline methods. We discuss
two corresponding training strategies in the Appendix, thanks to the flexible rendering. Photomet-
ric stereo images offer two distinct advantages. First, photometric stereo images furnish additional
photometric cues, thereby enhancing the capacity to recover fine-grained local details. Second, the
PRM model demonstrates remarkable robustness to variations in the appearances of input images.
For instance, it is capable of accurately reconstructing the geometry of images with glossy surfaces.
Moreover, by utilizing mesh as our 3D representation, we are capable of utilizing differentiable PBR
to produce intermediate shading variables such as albedo, specular light, and diffuse light maps,
along with geometric cues like normals and depth. These variables provide multiple supervisions,
including photometric supervision and geometric supervision for high-quality geometry reconstruc-
tion. Furthermore, PBR can better disentangle the specular component, making the geometry also
be correctly recovered when the supervision images are characterized with glossy surfaces.

To summarize, our contributions are listed as follows.

* We introduce PRM, a model that is capable of reconstructing geometry with fine-grained
local details and robust to variations in the appearance of input image by utilizing photo-
metric stereo images as input and supervision.

* To the best of our knowledge, we are the first to integrate split-sum approximation and mesh
rasterization to render images online for LRM, offering significantly greater flexibility.

* By utilizing mesh as the 3D representation, we ensure differentiable PBR for predictive
rendering. This approach is advantageous for modeling reflective components and enables
the incorporation of multiple supervisions for high-quality geometry reconstruction, signif-
icantly outperforming other models.
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2 RELATED WORK

2.1 FEED-FORWARD 3D GENERATIVE MODELS

Large-scale 3D assets (Deitke et al., 2023) facilitate the training of generalizable reconstruction
models. Recent works have focused on generating 3D objects using feed-forward fnodels (Hong
et all | 2023} Xu et dl[, 2028; Wang et al., 2024; Xu et al., 2024; Li gt al.,|2023; Hy et all,|2024; Tang
et all, 2024 Zhang et al., 2024), demonstrating impressive results in terms of speed and quality.
Speci cally, Clay (Zhang et al|, 2024) utilizes occupancy for direct supervision. Xfray (Hul et al.,
2024) explores novel 3D representations by converting a 3D object into a series of surface frames at
different layers. The LRM series (Hong et/ al., 2023; Xu €t[al., 2023; Wang| ét al.| 2024; Xu et al.,
2024;[Li et al.| 2023) shows that a transformer backbone can effectively map image tokens to 3D
triplanes, bene ting from multi-view supervision. Instant3D (Li ef al., 2023) employs multi-view
images to provide additional 3D information for triplane prediction, yielding promising outcomes.
CRM (Wang et al/, 2024) and InstantMe5sh (Xu €et/al., 2024) opt for an explicit mesh representation,
supporting mesh rasterization and rendering additional geometric cues for supervision. Despite
these achievements, the existing LRM series typically render low-frequency images under xed and
simple lighting, which compromises the model's adaptability to complexity in the appearance of
input images and the model's capability to recover local details due to limited photometric cues.
In response, we render photometric stereo images that signi cantly enhance the photometric cues
necessary for the recovery of ne-grained local details.

2.2 PHOTOMETRIC STEREO

Photometric stereo (PS) is a technique for recovering surface normals from the appearance of an
object under varying lighting conditions. Traditional methods, inspired by the seminaljwork (\Wood-
ham|1980), assume calibrated, directional lighting. Recently, uncalibrated photometric stereo meth-
ods have emerged, which assume Lambertian integrable surfaces and aim to resolve the General
Bas-Relief ambiguity| (Hayakawa, 1994) between light and geometry. However, these methods are
still constrained to single directional lighting. More contemporary research (Mg ét al., [2018; lke-
hata, 2022} 2023) has shifted focus towards natural lighting conditions. Despite the signi cant
progress, these approaches generally concentrate on single-view photometric stereo, relying solely
on photometric cues and neglecting multi-view information, which is crucial for accurately rea-
soning geometric features. Some studies (Kaya et al., 2022a; Park et al., 2013; Zh&o etlal., 2023;
Hernandez et all, 2008; Kaya et| al., 2022b; 2023) leverage both photometric and geometric cues
for reconstruction. These cues are complementary: photometric stereo provides precise local de-
tails, while multi-view information yields accurate global shapes (Zhaolet al., 2023). For example,
UA-MVPS (Kaya et al., 2022a) utilizes complementary strengths of PS and multi-view stereo for
geometry reconstruction. NeRF-MVES (Kaya €et/al., 2022b) utilizes surface normal estimated from
photometric stereo images to enhance the reconstruction performance of NeRF. Our approach inte-
grates the principles of photometric stereo into LRM, aiming to harness the strengths of photometric
cues for enhanced reconstruction accuracy.

2.3 PHYSICALLY-BASED RENDERING

Physically based rendering (PBR) is a computer graphics approach that renders photo-realistic im-
ages. PBR offers a physically plausible approach to modeling radiance by simulating the interaction
between lighting and materials. PBR has proven to be effective in improving the geometry for
multi-view reconstruction task. For example, incorporating the principles of PBR into volume ren-
dering signi cantly improves the accuracy (Verbin et al., 2022; Ge éf al., |2023; Liu|ét al.| 2023),
especially for glossy surfaces. Since geometry and predicted radiance are closely entangled, im-
proving radiance modeling can also enhance geometry reconstruction. Besides, PBR is also widely
used in inverse rendering task (Barron & Malik, 2014; Nimier-David et al., 2019). The task aims
at decomposing image appearance into intrinsic properties. Unlike previous LRM methods that
predict radiance without explicitly considering the interactions between materials and lighting, we
leverage advancements from the multi-view reconstruction eld and employ PBR for improved radi-
ance modeling and geometry reconstruction. To this end, we predict albedo instead of color, which
is more reasonable as albedo is view-independent. The nal color is derived using the predicted
albedo and the ground truth metallic, roughness, and lighting.
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Figure 2: Overview of our framework. During training, photometric stereo images are rendered
using PBR with randomly varied materials, lighting, and camera poses, along with depth, normal,
albedo, and lighting maps. Images are encoded as a mesh through the network. All associated maps,
along with the images, are used for supervision. During inference, an optional multi-view diffusion
model takes a single image as input and outputs multi-view images, which are then fed into the
network for mesh prediction. Relighting and material editing functionalities are also supported.

3 METHOD

We begin with a succinct overview of large reconstruction model, physically based rendering and

photometric stereo in Section 3.1. Then, we introduce how to prepare photometric stereo images
in Section 3.2. Subsequently, we introduce PRM in Section 3.3, with our proposed comprehensive
objectives and applications. An overview of our framework is provided in Figure 2.

3.1 PRELIMINARIES

Large Reconstruction Model aims to reconstrcut 3D assets given a single image or multi-view
images. LRM rst utilizes a pre-trained visual transformer, DINO (Caron et al., 2021), to encode
the images into image tokens. Subsequently, it employs an image-to-triplane transformer decoder
that projects these 2D image tokens onto a 3D triplane using cross-attention (Hong et al., 2023).
Following this, images can be differentiable rendered from any viewpoint by decoding the triplane
features into color and density, supporting photometric supervision and optimization.

Physically-based Renderingaims to produce 2D images using speci ed geometry, materials, and
lighting. Central to this process is%he rendering equation (Kajiya, 1986) formulated by

Cx;!'o)=  fOG o )LiGG (M n)dlg; 1)

where! , is the viewing direction of the outgoing light,; is the incident light of direction ;
sampled from the upper hemispheref the surface point, andn is the surface normaf. is the
BRDF properties. The functioh consists of a diffused and a specular component

a DFG
f(x;!'o:;'i)=(1 m)—+ ; 2
(itoil )= M=+ ()
wherem 2 [0; 1] is the metallica 2 [0; 1] is the albedo. We detail the expressiorDafF andG
in the Appendix. With Eq.(1) and Eq.(2), the outgoing radiance is given by
C(x;! o) = Ca(x;! o) + Cs(X;! o) ©)
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