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Figure 1. Comparison between the single image to 3D generation results of MeshFormer [27] and our MAGE, under two novel lighting
conditions. Our method successfully decomposes material properties into clean albedo and accurate roughness & metallic properties,
enabling realistic rendering under different illuminations. In contrast, MeshFormer bakes lighting effects of input images (e.g., shadows in
(b) and specular reflections in (f)) directly into the texture, resulting in incorrect appearances when lighting conditions change.

Abstract

With advances in deep learning models and the availability
of large-scale 3D datasets, we have recently witnessed sig-
nificant progress in single-view 3D reconstruction. How-
ever, existing methods often fail to reconstruct physically
based material properties given a single image, limiting
their applicability in complicated scenarios. This paper
presents a novel approach (named MAGE) for generating

3D geometry with realistic decomposed material properties
given a single image as input. Our method leverages inspi-
ration from traditional computer graphics deferred render-
ing pipelines to introduce a multi-view G-buffer estimation
model. The proposed model estimates G-buffers for various
views as multi-domain images, including XYZ coordinates,
normals, albedo, roughness, and metallic properties from a
single-view RGB image. To address the inherent ambiguity
and inconsistency in generating G-buffers simultaneously,



we also formulate a deterministic network from the pre-
trained diffusion models and propose a lighting response
loss that enforces consistency across these domains using
PBR principles. Finally, we propose a large-scale synthetic
dataset rich in material diversity for our model training.
Experimental results demonstrate the effectiveness of our
method in producing high-quality 3D meshes with rich ma-
terial properties. Our code and dataset can be found at
https://www.whyy.site/paper/mage.

1. Introduction
3D content creation has seen remarkable progress in recent
years, driven by advancements in deep learning, large-scale
generative models, and 3D datasets. Recent works have ex-
plored various approaches for 3D generation from a single
image. Some works [28, 31, 42] improve 3D consistency
by generating novel views using diffusion models to guide
the following 3D reconstruction process. Another line of
research [18, 20] focuses on learning direct single image to
3D mapping using transformer-based architectures.

However, existing approaches that estimate 3D mod-
els from a single input image often ignore the physically
based rendering (PBR) material properties. This limita-
tion in capabilities is particularly significant for 3D content
creation demands nowadays. Reconstructing PBR material
properties is crucial for creating high-quality, photorealis-
tic 3D content that accurately represents object appearance
under various lighting conditions. Predicting 3D models
with PBR materials presents the following challenges: (1)
Appearance complexity. The appearance of an object in
an image results from the complex interaction between its
shape, material properties, and lighting conditions, which
makes directly reasoning the final 3D model with mate-
rials from a single image intricate for neural networks to
learn. (2) Decomposition ambiguity. Material, geometry,
and lighting are interdependent. Disentangling and identi-
fying these individual properties from a single image under
unknown illumination is inherently ambiguous, making the
process ill-defined.

In this paper, we aim to bridge this gap by introducing
a novel approach, namely MAGE, to generate 3D models
with realistic materials given a single input image. To tackle
the challenge of appearance complexity, we observe that
the intermediate rasterization images of the deferred render-
ing pipeline, known as G-buffers [8], provide a structured,
view-dependent 3D representation that naturally decouples
geometric information (XYZ coordinates and normals) and
material properties (albedo, roughness, and metallic) into
regular 2D maps, making them more amenable for deep
learning prediction. Inspired by this, we propose a multi-
view G-buffer estimation network to estimate various G-
buffer attributes for different viewpoints, which helps to de-

compose the complex task of material-aware single image
to 3D generation into a more manageable G-buffers estima-
tion task.

To address the challenge of decomposition ambiguity for
consistent G-buffers estimation, we introduce a set of image
space loss functions, including a proposed lighting response
loss based on the PBR principles. The lighting response loss
constrains the similarity between the ground truth colors
and the shaded pixel colors using physically based image-
based rendering (IBR) under a given lighting condition,
which enforces consistency between the various estimated
attributes and addresses the ambiguity inherent in gener-
ating multiple attributes simultaneously without predicting
the illumination explicitly. Using principles from PBR, our
generated textures are visually plausible and physically con-
sistent. To effectively use image space loss functions for G-
buffer learning, we propose a deterministic single-step ar-
chitecture for the G-buffer estimation network. This archi-
tecture builds upon a pretrained multi-view diffusion U-Net
and is carefully designed to leverage the knowledge from
the pretrained model for faster convergence while maintain-
ing deterministic behavior without denoising processes.

To facilitate model training, we create a diverse synthetic
dataset based on the existing large-scale 3D dataset Ob-
javerse [9]. We present a procedural material generation
method that produces a comprehensive dataset of multi-
view G-buffers while enriching the material properties of
the original meshes. Our dataset provides valuable super-
vision for the model to learn to disentangle and reconstruct
material properties from a single image. It allows our net-
work to learn the complex relationships between geome-
try, lighting, and material properties. Extensive experiments
demonstrate that our model, trained on the proposed dataset,
generalizes well to wild input images.

Our contributions can be summarized as follows:
1. Inspired by deferred rendering, we propose a novel

framework for a material-aware single image to 3D gen-
eration by simultaneously predicting G-buffers with im-
age space loss functions.

2. We propose an efficient neural network to deterministi-
cally predict G-buffers with a lighting response loss that
constrains the consistency across material properties.

3. We propose a diverse synthetic dataset for training mod-
els on PBR textured 3D generation tasks.

4. We conduct extensive experiments to validate the effec-
tiveness of our proposed method and compare it with ex-
isting approaches.

2. Related Works
Single Image to 3D Generation. Early attempts [33, 37,
47, 55] use score distillation sampling (SDS) [36] on pre-
trained diffusion models for image-conditioned 3D genera-
tion. With the advent of large-scale 3D datasets [9, 10], re-
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cent studies have proposed feed-forward models for image-
to-3D generation based on various representations, such
as point clouds [35, 70], neural field [15, 20, 54, 63,
65], SDF [5, 6, 69], and Gaussian splatting [64]. Other
works leverage the power of the transformer model [49]
to generate 3D models autoregressively [3, 45]. Addition-
ally, some approaches combine multi-view diffusion mod-
els [4, 28, 42, 51, 53] with sparse-view 3D reconstruc-
tion [27, 48, 56, 58, 59] to enhance generalization capabili-
ties. Despite these promising results, none of these methods
can tackle the challenging task of predicting physically ac-
curate multi-view material properties from input images for
material-aware 3D generation.

Material-Aware 3D Reconstruction. In the realm of
material-aware 3D generation, some works focus on gen-
erating 3D shapes with materials from a text prompt. Fan-
tasia3D [1] generates geometry and appearance with PBR
materials in two separate optimization stages, supervised
by the SDS loss. MATLABER [60] leverages both SDS
and a novel latent BRDF auto-encoder for text-to-3D gen-
eration with the material. However, their results are en-
tangled with lighting, making it difficult to obtain satisfac-
tory relighted objects. Another line of works apply inverse
rendering and decomposition learning in 3D reconstruction
tasks from multi-views images based on NeRF [34, 50, 52],
neural SDF [16, 30], neural implicit surface representa-
tion [32] or Gaussian splatting [13, 21, 44]. Other stud-
ies focus on generating exquisite textures with materials for
existing 3D meshes based on text [2, 11, 38, 65, 68] and
large multimodal model [68]. While these approaches focus
on the generation of material-aware 3D models from text,
sparse real-world views, and existing 3D meshes, we aim
for material-aware 3D generation from a single wild image,
which is more challenging due to the inherent ambiguities
with unknown illuminations.

Image Intrinsic Decomposition. Image intrinsic decom-
position aims to recover lighting, materials, and geometry
from captured images. Early studies [17, 22, 26, 67] rely
on time-consuming optimization processes, typically recon-
structing the surface geometry first and then recovering ma-
terials and environmental lighting next. However, these ap-
proaches require dense multi-view inputs and case-specific
optimization, making them computationally expensive for
real-world applications. With the advent of data-driven gen-
erative models, learning-based methods have shown signif-
icant improvements in both the quality and efficiency of
decomposition. Initial studies [41, 57] utilize physically-
based deep networks for jointly learning inverse render-
ing and relighting, but they suffer from over-smoothed re-
sults due to limited data scale and model capacity. Recent
works [14, 24] leverage pretrained image diffusion mod-
els [19, 40] to enhance the generative quality with high-

frequency details. However, these methods face inherent
inconsistency across intrinsic components. Our work lever-
ages both diffusion priors and physically-based guidance
to generate multi-view intrinsic attributes (G-buffers), en-
abling material-aware 3D generation from a single image.

3. Method
This section presents the methodology of our MAGE frame-
work. We first provide an overview of our method (Sec.3.1),
then detail our multi-view G-buffer estimation network
(Sec.3.2) and the proposed lighting response loss (Sec. 3.3).

3.1. Overview

We aim to reconstruct a 3D model with physically-based
material properties from a single view input. Inspired by
deferred rendering in computer graphics, we observe that
these pipelines’ intermediate rasterization results, i.e., G-
buffers, offer a structured way to represent 3D information
as 2D maps, decoupling geometry and material properties.
This allows us to break down the complex 3D reconstruc-
tion problem into more manageable sub-tasks. Given the es-
timated G-buffers, we can unproject them back to 3D space
to get the final 3D meshes. Thus, we approach this prob-
lem by estimating multi-view G-buffers from the single-
view input image, including geometric information (XYZ
coordinates X , surface normals N ) and material properties
(albedo A, roughness R, and metallic M ) for rendering.

While a naive method is to finetune a SOTA multi-view
diffusion model on a G-buffers dataset, i.e., the “w/o Single-
Step” model in our ablation study (Sec. 5.3), it is challeng-
ing to maintain consistency across G-buffers. Our G-buffers
are equivalent to 5-domain maps, surpassing the complex-
ity typically addressed in existing methods [31]. Besides,
since geometry, materials, and lighting determine the final
rendered RGB images jointly, directly predicting G-buffers
supervised by ground truth might cause ambiguity and mu-
tually conflicting due to the lack of physical consistency.

To address this problem while still using the generation
capability of diffusion models, we focus on two aspects:
(1) proposing a deterministic single-step G-buffer estima-
tion network while still initialized from pretrained diffu-
sion model weights, eliminating the denoising process to
enhance consistency, and (2) using image space loss func-
tions, including a proposed physically based lighting re-
sponse loss to constrain physical consistency across esti-
mated G-buffers and resolve ambiguities based on physical
guidance and lighting conditions.

3.2. Multi-View G-Buffer Estimation Network

Given a single input image I , we first generate a set
of multi-view RGB images {INi=1} using an off-the-shelf
multi-view diffusion model [42] Fm, which is fine-tuned
based on the commonly used stable diffusion model [39].
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Figure 2. Overview of our framework. We use a pretrained diffusion model to generate multi-view images from a single-view input.
Our deterministic single-step G-buffer estimation network will process them to predict G-buffers (metallic, roughness, albedo, normal,
and XYZ coordinates, parameterized as a depth ma‘p). The predicted G-buffers are supervised by the image space loss with ground-truth
G-buffers and a physically-based lighting response loss to ensure physical consistency across all G-buffer components.

This step provides consistent multi-view images of the
object, which is essential for accurate 3D reconstruction.
Then, we propose our G-buffer estimation network Fg to
predict consistent, high-quality, and physically accurate G-
buffers for view i, denoted as Gi = {Xi, Ni, Ai, Ri,Mi},
where Xi, Ni, Ai, Ri,Mi are XYZ coordinates map under
the world coordinate system, camera space normal map,
and the rasterization results of material properties: albedo,
roughness and metallic, respectively. Overall, Fg is based
on the pretrained U-Net of Fm, and we introduce two key
network designs for Fg .

Network Initialization. First, we design the output image
layout of Fg to align with the output layout of Fm. We re-
cast our output G-buffers into a single tiled image in a 3×2
grid containing a recovered RGB image and five compo-
nents of Gi. This form of tiling is widely used in multi-view
image generation [42, 43, 53] for its compact representa-
tion and stable performance. By aligning our predicted G-
buffers with Fm, we can fully leverage the powerful priors
from the pretrained multi-view diffusion models for faster
convergence and more stable training.

Deterministic Single-Step Inference. Second, we trans-
form the multi-step denoising U-Net into a deterministic
single-step U-Net, inspired by recent single-step diffusion
models [14, 46, 61], for three reasons: (1) the multi-step in-
ference process relies on high computational resources with

low inference performance; (2) it is infeasible to add task-
specific image space loss during training, such as the light-
ing response loss we will introduce in Sec. 3.3; and (3) the
denoising-based inference process has stochastic factors in-
troduced by the noise, which suits creative generation tasks,
but is unstable for our task since the estimation of G-buffers
should be deterministic from a given image.

To essentially transform the stochastic multi-step diffu-
sion model into a deterministic single-step model, we re-
place the latent Gaussian noise with the latent representa-
tion of the tiled conditioned RGB image, which is obtained
by zI′

i
= E(I ′i), where E is the pretrained VAE encoder and

I ′i is the tiled conditioned RGB image, i.e., copying Ii into
a 3 × 2 grid to align with the output. Moreover, instead of
predicting a less noisy latent progressively, we directly pre-
dict the latent of the target G-buffers in a single pass. The
deterministic single-step generation process is defined as:

Gi = D(zGi), zGi = Fg(zI′
i
) (1)

where zGi is the predicted latent of Gi and D is the pre-
trained VAE decoder. In training, the predicted G-buffer Gi

can be used to compute task-specific image space loss.

3.3. Lighting Response Loss Function

With the deterministic single-step model Fg , we can ap-
ply image space loss functions instead of denoising training
objectives to address the problem of the inherent conflict



and ambiguity of the predicted G-buffers. The ambiguity
arises from the inconsistency across the predicted G-buffers
and the uncertainty of the lighting conditions. Thus, we
introduce a physically based lighting response loss, which
adopts a differentiable image-based renderer Fr to render a
lighting response image Îi from the predicted G-buffers Gi,
using existing environmental lightings in our dataset. For-
mally, given the environmental lighting L and the predicted
G-buffers Gi, we obtain the re-rendered image Îi by:

Îi = Fr(Gi, L), (2)

where the XYZ coordinates of Gi are transformed from
the predicted depth map using the training camera pose
P , as shown in Fig. 2. The lighting response loss is then
computed between the lighting response image Îi and the
ground truth rendered image I∗i = Fr(G

∗
i , L). This loss en-

sures that our predicted G-buffers are physically consistent
when combined through the rendering process.

The renderer function Fr should be fully differentiable
and physically accurate and produce rendering results close
to GT. Some commonly used PBR methods, like differen-
tiable global-illumination algorithms, are typically too slow
for deep learning training, while some differentiable render-
ing methods, like SoftRas [29], lack physical accuracy. As
a trade-off between the rendering quality, differentiability,
and speed, we choose the split-sum image-based rendering
method [23] as Fr. As illustrated in Fig. 2, the rendering
result is composed of diffuse colors and specular colors,
where specular colors can be approximated as the following
equation according to [23] using the microfacet BRDF [7]:

Îp ≈
∫
Ω

f(ωr, ωp)(ωr·np)dωr

∫
Ω

Li(ωr)D(ωr, ωp)(ωr·np)dωr,

(3)
where f is the BRDF function, ωr is the reflected ray di-
rection sampled in hemisphere Ω with the environmental
lighting color Lr(ωr). ωp and np are outgoing ray direction
and the normal vector for pixel p. D is the geometry dis-
tribution function used in microfacet BRDF. Both integrals
can be pre-computed given the environmental map L. We
use a differentiable version of the renderer from [34].

When computing lighting response loss, we isolate the
gradients for each G-buffer component by using ground
truth values for all other components. Specifically, for each
component c ∈ {X,N,A,R,M}, we compute:

LL =
∑
c

1

HW

∑
p

||Fr(G
c
i,p, L)− I∗i,p||22, (4)

where Gc
i represents a hybrid set of G-buffers where only

the component c is predicted while all other components
use GT values. This approach ensures that each component
receives clear supervision signals without ambiguity from
potentially incorrect predictions of other components.

Overall Training Objectives. We have also adopted a
series of other image space losses for each G-buffer at-
tribute. Formally, given ground-truth G-buffers G∗

i =
{X∗

i , N
∗
i , A

∗
i , R

∗
i ,M

∗
i } as supervision, we have L2 loss and

LPIPS loss for albedo Ai as:

LA =
1

HW

∑
p

||Ai,p −A∗
i,p||22 + Llpips(Ai,p, A

∗
i,p), (5)

L1 loss for monocular depth (derived from Xi), roughness
Ri, and metallic Mi as:

LQ∈{X,R,M} =
1

HW

∑
p

||Qi,p −Q∗
i,p||1 (6)

and Angle-based loss and LPIPS loss [66] for normal Ni as:

LN =
1

HW

∑
p

arccos

(
Ni,p ·N∗

i,p

∥Ni,p∥∥N∗
i,p∥

)
+Llpips(Ni,p, N

∗
i,p).

(7)
Finally, the overall loss is weighted using λW :

LG =
∑
W

λWLW , W ∈ {L,X,N,A,R,M} (8)

4. Dataset
To facilitate the training of our network, we present a com-
prehensive data generation pipeline that creates paired train-
ing samples with explicit G-buffer supervision for material
properties. Our pipeline leverages Blender to process 3D
models from Objaverse [9], generating a large-scale dataset
as illustrated in Fig. 3.
Material Enhancement. While Objaverse provides a large
collection of 3D models, most of them lack physically based
rendering (PBR) materials. To address this limitation, we
implement a filtering and enhancement process. We first
filter the dataset by removing models that are untextured,
lack PBR material support (e.g., with non-PBR materials),
or contain only uniform colors. We then propose a ran-
domized material assignment process to create diverse ma-
terial appearances. For each 3D model, we randomly as-
sign material properties to each sub-mesh from a prede-
fined range of roughness and metallic values (ranging from
0 to 1), drop the original materials based on the predefined
rules and combine the assigned properties into unified out-
puts while preserving the original texture mappings. While
this random assignment might occasionally result in “un-
reasonable” combinations (e.g., a highly metallic wooden
surface), this does not affect our training objectives as the
primary goal of the dataset is to provide supervision for 3D
reconstruction with physically consistent materials, rather
than maintaining semantic accuracy.
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Figure 3. Overview of our dataset generation pipeline. We process 3D models from Objaverse through filtering and material enhancement.
Each model is rendered using random environment lighting from the lighting database. Custom shaders extract G-buffer components
(albedo, normal, XYZ, roughness, and metallic), while physically-based rendering generates the corresponding RGB images.

Table 1. Quantitative ablation study results.

PSNR ↑ SSIM ↑ LPIPS ↓
Albedo Normal Roughness Metallic Albedo Normal Roughness Metallic Albedo Normal Roughness Metallic

Full Model 22.243 28.399 21.819 20.278 0.8946 0.9387 0.9110 0.9029 0.0780 0.0626 0.0974 0.1014
- w/o Single-Step 18.620 24.668 18.552 16.423 0.8644 0.9092 0.8851 0.8364 0.1170 0.1027 0.1181 0.1406
- w/o Image Space Loss 17.226 23.458 18.319 15.258 0.8071 0.8841 0.8310 0.7829 0.1494 0.1509 0.1584 0.1714
- w/o Lighting Response Loss 19.353 24.969 19.019 18.028 0.8541 0.9066 0.8713 0.8685 0.1271 0.1093 0.1260 0.1409
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Figure 4. Comparison of the material estimation between our
method and Rodin Gen-1. Because Rodin Gen-1 generates ma-
terials from text prompts, reference images, and 3D meshes, its
decomposition results might be ambiguous.

G-buffer Generation. Since Blender does not natively sup-
port G-buffer rendering, We developed custom shaders to
decompose various components (XYZ coordinates, normal,
albedo, roughness, and metallic) as separate channels to get
multi-view G-buffers. Each 3D model is rendered from six
fixed views on a sphere under different environmental light-
ing conditions, and the final RGB images are rendered using
Blender’s cycles engine for physical accuracy.

Our pipeline produces a dataset of 512×512 resolution
images for over 17k objects, each with corresponding G-
buffers and RGB renders from multiple views. All objects
are normalized to a unit box and randomly rotated during in-
put view rendering to improve the training robustness. Note
that the dataset can be further expanded to a larger scale by
applying our method to more 3D models.

5. Experiments

In this section, we conduct extensive experiments to evalu-
ate the performance of our method. We begin by detailing

the experimental settings (Sec. 5.1), followed by the qualita-
tive and quantitative results (Sec. 5.2). Finally, we conduct
ablation studies (Sec. 5.3).

5.1. Experimental Settings

Implementation details. We initialize the G-buffer estima-
tion network from the weights of Zero123++ [42] and train
the network on our synthetic dataset for 10K steps with a
batch size of 16 and learning rate of 1 × 10−5. The train-
ing process can be conducted on 4×H100 GPUs for only
20 hours. For sparse-view 3D reconstruction, we use Nvd-
iffrast [25] for mesh optimization from G-buffers.
Baselines. To our knowledge, there are no existing open-
source methods for material-aware single image to 3D gen-
eration tasks. Although some existing methods [65] can
generate PBR textured meshes from images, they typically
separate the generating of geometry and texture. These ap-
proaches are essentially texturing a 3D mesh with additional
text input, which can lead to misaligned material proper-
ties with the input image, as shown in Fig. 4. Since no
existing methods perform the same task as ours, we eval-
uate our methods from two aspects. First, we compare our
reconstructed 3D models with MeshFormer [27], a state-of-
the-art singe image to 3D generation method. Second, we
compare our generated G-buffers with existing single image
intrinsic decomposition methods, including RGB↔X [62],
which generates albedo, normal, roughness, and metallic;
and IID [24], generating albedo, roughness, and metal-
lic. Since IID cannot estimate geometry properties, we use
the normal maps generated by GeoWizard [12], a SOTA
method on single-image normal estimation.
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Figure 6. Ablation study results. We evaluate our proposed design choices by comparing our full model with three variant models: (a)
a multi-step diffusion model for G-buffers generation, (b) a single-step model trained with latent space loss, and (c) a single-step model
trained with image space loss but without the lighting response loss.

Evaluation Dataset. We evaluate our method using a sub-
set of randomly selected Objaverse objects with built-in ma-
terial maps. We render each object RGB image as input and
corresponding G-buffers as ground truth from 20 randomly
sampled viewpoints. To assess our performance on wild im-
ages, we also compile a test set of real captured images and
AI-generated images from Freepik1.

5.2. Experimental Results

Visual Comparisons. We show multi-view G-buffers gen-
erated by our method given a single wild input image
in Fig. 5. We can see that our method effectively predicts
consistent multi-view G-buffers for both AI-created images
and real captured images. As shown in Fig. 1, these esti-
mated multi-view G-buffers can be further used to recon-
struct material-aware 3D models. Our method successfully
disentangles lighting effects and object color to generate 3D
models with accurate materials, enabling realistic render-
ing under different lighting conditions. In contrast, Mesh-
Former conflates lighting effects with the color of objects,
resulting in unrealistic textured meshes.

For G-buffers estimation, we decompose the input im-
age into G-buffers using different methods and present the
results in Fig. 7. We also show the relighting results and
the predicted G-buffers. As can be seen, RGB↔X fails to
capture the correct geometry of the input image, resulting
in inaccurate normal maps. In contrast, our method gen-
erates accurate normal maps comparable to GeoWizard’s,

1https://www.freepik.com/

which specifically focuses on geometry estimation. For ma-
terial properties, RGB↔X fails to predict accurate albedo
and distinguish materials of different object parts, while IID
tends to bake lighting effects into roughness and metallic
maps, e.g., the shadow of the kettle. RGB↔X and IID ig-
nore the interplay between G-buffer attributes and produce
unsatisfactory results when relighted under new illumina-
tions. In contrast, our method successfully estimates clean
and accurate albedo and part-aware roughness and metallic
properties, enabling realistic relighting.

Quantitative Comparisons. We use image reconstruction
metrics (PSNR, SSIM, and LPIPS) to measure each pre-
dicted G-buffer attribute against the ground truth for quan-
titative comparisons. Results in Tab. 2 demonstrate that our
method consistently surpasses all baseline methods across
all domains and metrics. For normal estimation, our results
are comparable to those of GeoWizard[12], a state-of-the-
art method focusing solely on geometry prediction.

5.3. Ablation Study

Ablation on Single-Step Model. We also train a multi-
step diffusion model on our proposed dataset to assess the
effect of our deterministic single-step design. This model
is trained with the v-prediction as in [42]. As shown
in Fig. 6(a), our single-step model significantly outperforms
the multi-step model in generating part-ware metallic and
light-free albedo with the help of image space losses.

Ablation on Image Space Loss. To further evaluate the ef-
fectiveness of the image space loss for training our single-

https://www.freepik.com/
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Figure 7. Visual comparison on single-view G-buffers estimation between our method, IID [24], and RGB↔X [62]. Since IID solely
focuses on material estimation, we include the normal maps generated by GeoWizard [12] for a comprehensive comparison.

Table 2. Quantitative comparison with baselines on G-buffers estimation.

IID [24] + GeoW. [12] RGB↔X [62] Ours
Albedo Normal Roughness Metallic Albedo Normal Roughness Metallic Albedo Normal Roughness Metallic

PSNR ↑ 18.193 26.917 19.335 16.264 15.487 20.489 19.848 15.749 22.243 28.399 21.819 20.278
SSIM ↑ 0.8520 0.9334 0.8828 0.8145 0.8349 0.8841 0.8831 0.8348 0.8946 0.9387 0.9110 0.9029
LPIPS ↓ 0.1145 0.0685 0.1123 0.1381 0.1339 0.1331 0.1129 0.1455 0.0780 0.0626 0.0974 0.1014

step model, we compare our results with those of another
single-step model trained with latent space loss in Fig. 6(b).
We observe that our model trained with image space loss
produces results with more high-frequency details com-
pared to the model without image space loss, demonstrat-
ing the effectiveness of image space loss in improving our
single-step inference performance.
Ablation on Lighting Response Loss. In Fig. 6(c), we
show the relighted input image using the estimated G-
buffers of our whole model and our variant model trained
without the proposed lighting response loss. Compared to
the model without lighting response loss, our full model
produces more realistic and consistent relighting results, in-
dicating the effectiveness of the lighting response loss in
enhancing physical consistency across G-buffer attributes.

6. Limitation and Future Work

While our method shows promising results, there are still
limitations and opportunities for future work. The current
approach relies on synthetic training data, where the dis-
tribution of the dataset may be limited. Our method can
not handle highly complex materials, like anisotropic sur-
faces or subsurface scattering effects. The current frame-
work primarily focuses on standard PBR materials defined
by albedo, roughness, and metallic properties. Besides, our

approach does not handle refractive materials such as glass,
liquids, or transparent plastics. The current G-buffer repre-
sentation and rendering model do not account for light re-
fraction, which is crucial for accurately representing these
materials. In addition, our current pipeline estimates G-
buffers in 2D space, which is limited to a few sparse view-
points. In the future, extending our framework to handle
more diverse material types or dynamic scenes and jointly
learning geometry and materials directly in native 3D space
could be valuable directions for future research.

7. Conclusion

This paper presented MAGE, a novel approach for gen-
erating material-aware 3D models from a single input
image. Our method leverages the concept of G-buffers
from deferred rendering pipelines. It builds a determin-
istic single-step network architecture that efficiently pre-
dicts multi-view G-buffers while maintaining physical con-
sistency through our proposed lighting response loss. We
also developed a comprehensive synthetic dataset with di-
verse material properties to facilitate training. Experimental
results demonstrate that our method successfully generates
high-quality 3D models with physically accurate material
properties, outperforming existing approaches and base-
lines in both qualitative and quantitative evaluations.
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