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Figure 1: We present Meta 3D AssetGen, a novel tex
with physically-based rendering materials (top). Meta 3D AssetGen produces meshes with detailed
geometry and high-quality textures, and decomposes materials into albedo, metalness, and roughness
(bottom left), which allows to realistically relight objects in new environments (bottom right).

Abstract

We present Meta 3D AssetGen (AssetGen), a significant advancement in text-to-3D
generation which produces faithful, high-quality meshes with texture and material
control. Compared to works that bake shading in the 3D object’s appearance,
AssetGen outputs physically-based rendering (PBR) materials, supporting realistic
relighting. AssetGen generates first several views of the object with separate
shaded and albedo appearance channels, and then reconstructs colours, metalness
and roughness in 3D, using a deferred shading loss for efficient supervision. It also
uses a sign-distance function to represent 3D shape more reliably and introduces a
corresponding loss for direct shape supervision. This is implemented using fused
kernels for high memory efficiency. After mesh extraction, a texture refinement
transformer operating in UV space significantly improves sharpness and details.
AssetGen achieves 17% improvement in Chamfer Distance and 40% in LPIPS over
the best concurrent work for few-view reconstruction, and a human preference of
72% over the best industry competitors of comparable speed, including those that
support PBR. Project page with generated assets: https://assetgen.github.io

38th Conference on Neural Information Processing Systems (NeurIPS 2024).
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1 Introduction

Generating 3D objects from text or image prompts has enormous potential for 3D graphics, with
applications in animation, gaming and virtual reality. However, while image and video generators
have improved dramatically [[6844}155142,197,[103], 3D generators are not ready yet for professional
use. In fact, 3D generators are often slow and produce artifacts in the generated 3D meshes and
textures. Many 3D generators, furthermore, “bake” appearance as albedo, ignoring how materials
respond to variable environmental illumination. This results in visually unattractive outputs, especially
for reflective materials, which look out of place when put in novel environments.

In this paper, we introduce Meta 3D AssetGen, a significant step-up in text-conditioned 3D generation.
AssetGen generates assets in under 30 seconds while outperforming prior methods of comparable
speed in faithfulness, in quality of the generated 3D meshes and, especially, in quality and control
of materials, by supporting Physically-Based Rendering (PBR) [87]. The model generates albedo,
metalness, and roughness so that rendered scenes can accurately reflect environmental illumination.
In addition, we focus on meshes as the output representation due to their prevalence in applications
and compatibility with PBR.

AssetGen uses the two-stage design epitomized by [42]. The first stage stochastically generates
four images of the object from four canonical viewpoints, and the second stage deterministically
reconstructs the 3D shape, appearance and materials of the object from these views (Fig.[I). The
two-stage approach is faster and more robust than SDS-based techniques that perform test-time
optimization [68] and, so far, produces better results than single-stage 3D generators [37} 161}, 94, [79].

The first question we ask is how this design should be extended to support PBR. We show that
it is difficult for the image-to-3D stage to predict PBR channels from an image as this problem
is ambiguous and the model is deterministic. However, we also show that it is difficult offload
PBR prediction to the text-to-image model; while this is stochastic, which handles ambiguity, the
PBR channels are statistically different from the natural images used for pre-training, which makes
fine-tuning difficult. Our solution is to give the text-to-image model the simpler task of outputting
shaded appearance and albedo only, and task the image-to-3D stage with inferring the PBR channels
from these. This reduces the statistical gap for the text-to-image model and still removes most of the
ambiguity for the image-to-3D model.

We also note that the quality of 3D shapes and meshes is crucial for PBR modelling. Hence, the second
question we study is how to improve 3D quality. We do so by learning a reconstruction network,
MetallLRM, which outputs directly a signed-distance field (SDF). SDFs are better than opacity fields
for meshing, as the zero level set of an SDF traces the object’s surface more reliably. Furthermore, the
SDF can be directly supervised using ground-truth depth maps, which is not immediately possible for
opacity. The crucial contribution here is to add SDF support, including the VoISDF [[108|] formulation
for differentiable rendering, to the memory-efficient Lightplane kernels [6]. In this way, we can use
the stronger SDF representation together with larger batches and photometric loss supervision on
high-resolution renders, improving both shapes and textures.

Finally, we note that much of the quality of the final asset depends on texture quality. MetalLRM’s
textures can still be slightly blurrier than the input image due to the limited resolution of the volumetric
representation. The third question we investigate is how to maximize the texture quality. To this end,
we introduce a new texture refiner network which upgrades the extracted albedo and materials by
fusing information extracted from the original views, resolving possible conflicts between them.

We demonstrate the effectiveness of AssetGen on the image-to-3D and text-to-3D tasks. For image-to-
3D, we attain state-of-the-art performances among existing few-view mesh-reconstruction methods
when measuring the accuracy of the recover shaded and PBR texture maps. For text-to-3D, we
conduct extensive user studies to compare the best methods from academia and industry that have
comparable inference time, and outperform them in terms of visual quality and text alignment.

2 Related Work

Text-to-3D. Inspired by text-to-image models, early text-to-3D approaches [39, 31} 164} 134} 126/ [110]]
train 3D diffusion models on datasets of captioned 3D assets. Yet, the limited size and diversity of
3D data prevents generalization to open-vocabulary prompts. Recent works thus pivoted into basing
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such generators on text-to-image models that are trained on billions of captioned images. Among
these, works like [[75,[56] finetune 2D diffusion models to output 3D representations, but the quality
is limited due to the large 2D-3D domain gap. Other approaches can be dived into two groups.

The first group contains methods that build on DreamFusion, a seminal work by [68]], and distill 3D
objects by optimizing NeRF via the SDS loss, matching its renders to the belief of a pre-trained text-
to-image model. Extensions have considered: (i) other 3D representations like hash grids [44] 69]],
meshes [44] and 3D Gaussians (3DGS) [81} [111}, [12]]; (ii) improved SDS [91} 95| 119}, 30]]; (iii)
monocular conditioning [[69, 182] [113l [78]]; (iv) predicting additional normals or depth for better
geometry [[70,[78]]. Yet, distillation methods are prone to issues such as the Janus effect (duplicating
object parts) and content drift [74]. A common solution is to incorporate view-consistency priors
into the diffusion model, by either conditioning on cameras [47, [73] 132, 11}, 69] or by generating
multiple object views jointly [74} 98 93] 140, [118]. Additionally, SDS optimization is slow and
requires minutes to hours per assets; this issue is partly addressed in [52,[101]] with amortized SDS.

The second group of methods includes faster two-stage approaches [46} 511 149, 1107, [106, (8, 183}
28, [23]] that start by generating multiple views of the object using a text-to-image or text-to-video
model [54,13] tuned to output multiple views of the object followed by per-scene optimization using
NeRF [58] or 3DGS [38]. However, per-scene optimization requires several highly-consistent views
which are difficult to generate reliably. Instant3D [42] improves speed and robustness by generating
a grid of just four views followed by a feed-forward network (LRM [29]) that reconstructs the object
from these. One-2-3-45++ [45] replaces the LRM with a 3D diffusion model. Our AssetGen builds
on the Instant3D paradigm and upgrades the LRM to output PBR materials and an to use a SDF-based
representation of 3D shape. Furthermore, it starts from grids of four views with shaded and albedo
channels, key to predicting accurate 3D shape and materials from images.

3D reconstruction from images. 3D scene reconstruction, in its traditional multi-view stereo (MVS)
sense, assumes access to a dense set of scene views. Recent reconstruction methods such as NeRF [5§]]
optimize a 3D representation by minimizing multi-view rendering losses. There are two popular
classes of 3D representation: (i) explicit representations like meshes [22| [114} 24! 163}, 159, [76] or
3D points/Gaussians [38| 25]], and (ii) implicit representations like occupancy fields [65]], radiance
fields [58.162] and signed distance functions (SDF) [109]. Compared to occupancy fields, SDF [66]
1081192, [17,121]] simplifies surface constraints integration, improving scene geometry. For this reason,
we also use SDFs and demonstrate that they outperform occupancy fields.

Sparse-view reconstruction instead assumes few input views (usually 1 to 8). An approach to mitigate
the lack of dense multiple views is to leverage 2D diffusion priors in optimization [55}99], but this is
often slow and fragile. More recently, authors have focused on training feed-forward reconstructors on
large datasets [[14,136}157,48L 100,160, 94]. In particular, [29] trains a large Transformer [89] to predict
NeRF using a triplane representation [7,9]. Followups study 3D representations like meshes [103}[97]
and 3DGS [120} [105} 180, [115]], improved backbones [96, 97| and training protocols [86, 35]. We
introduce three extensions to LRM: (i) an SDF formulation for improved geometry, (ii) PBR material
prediction for relighting, and (iii) a texture refiner for better texture details.

3D modeling with PBR materials. Most 3D generators output 3D objects with baked illumination,
either view-dependent [58},138]] or view-independent [29]]. Since baked lighting ignores the model’s
response to environmental illumination, it is unsuitable for graphics pipelines that simulate lighting.
Physically-based rendering (PBR) defines material properties so that a suitable shader can account
for illumination realistically. Several MVS works have considered estimating PBR materials using
NeRF [4, 3| [102], SDF [116], differentiable meshes [63} 27] or 3DGS [33| 43]. In generative
modelling, [10} [70L 150, [104]] augment the text-to-3D SDS optimization [68] with a PBR model.
Differently from them, we integrate PBR modeling in our feed-forward text-to-3D network, unlocking
for the first time fast text-based generation of 3D assets with controllable PBR materials.

3 Method

AssetGen is a two-stage pipeline (Fig.[2). The first stage, text-to-image (Sec. [3.I), maps text to an
image grid containing four object views with material information. The second stage, image-to-3D,
comprises a novel PBR-based sparse-view reconstruction model (Sec. and a new texture refiner
(Sec.[3.3). As such, AssetGen is applicable to two tasks: text-to-3D (stage 1+2) and image-to-3D
(stage 2 only).
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Figure 2: Overview. Given a text prompt, AssetGen generates a 3D mesh with PBR materials in
two stages. The first text-to-image stage (blue) predicts a 6-channel image depicting 4 views of the
object with shaded and albedo colors. The second image-to-3D stage includes two steps. First, a 3D
reconstructor (dubbed MetalLRM) outputs a triplane-supported SDF field converted into a mesh with
textured PBR materials (orange). Then, PBR materials are enhanced with our texture refiner which
recovers missing details from the input views (green).

3.1 Text-to-image: Generating shaded and albedo images from text

The goal of the text-to-image module is to generate several views of the generated 3D object. To this
end, we employ an internal text-to-image diffusion model pre-trained on billions of text-annotated
images, with an architecture similar to Emu [16]. Similar to [74, 42], we finetune the model to
predict a grid of four images [;, 7 = 1,.. ., 4, each depicting the object from canonical viewpoints ;.
Note that I; are RGB images of the shaded object. We tried deferring the PBR parameter extraction
to the image-to-3D stage, but this led to suboptimal results. This is due to the determinism of the
image-to-3D stage, which fails to model ambiguities when assigning materials to surfaces.

A natural solution, then, is to predict the PBR parameters directly in the text-to-image stage. These
consists of the albedo pg (by which we mean the base color, which is the same as albedo only for
zero metalness), the metalness +, and the roughness «. However, we found this to be ineffective too
because the metalness and roughness maps deviate from the distribution of natural images making
them a hard target for finetuning. Our novel solution is to train the model to generate instead a 4-view
grid with 6 channels, 3 for the shaded appearance I and 3 more for the albedo pg. This reduces the
finetuning gap, and removes enough ambiguity for accurate PBR prediction in the image-to-3D stage.

3.2 Image-to-3D: A PBR-based large reconstruction model

We now describe the image-to-3D stage, which solves the reconstruction tasks given either a small
number of views I; (few-view reconstruction), or the 4-view 6-channel grid of Sec. @

At the core of our method is a new PBR-aware reconstruction model, MetalLRM, that reconstructs
the object given N > 1 posed images (I;, ;)Y ,, where I; € RT*XW*D and ; € Tl is the camera
viewpoint. As noted in Sec. 3.1} we consider N = 4 canonical viewpoints 71, ..., 7, (fixed to
20° elevation and 0°, 90°, 180°, 270° azimuths) and D = 6 input channels. The output is a 3D
field representing the shape and PBR materials of the object as an SDF s : R?® — R, where s(x)
is the signed distance from the 3D point x to the nearest object surface point, and a PBR function
k:R?® — RS, where k(x) = (po, 7, ) are the albedo, metalness and roughness.

The key to learning the model is the differentiable rendering operator R. This takes as input a field
¢ :R* — RP, the SDF s, the viewpoint 7, and a pixel u € U = [0, W) x [0, H), and outputs the
projection of the field on the pixel according to the rendering equation [58]], which has the same
number of channels D as the rendered field ¢:

t

Ru|l,s,m) = / U)o (zy | s)e™ Jo @l dr gy (1)
0

Here x; = g — tw,, t € [0, 00) is the ray that goes from the camera center & through the pixel u
along direction —w, € S2. The function o(x | s) is the opacity of the 3D point & and is obtained
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from the SDF value s(x) using the VoISDF [[108] formula
olx|s)= %(1 + signs(z) (1 — e*‘s(m)‘/b)), 2)

where a, b are the hyper-parameters. We use Eq. (I)) to render several different types of fields ¢, the
most important of which is the radiance field, introduced next along with the material model.

Reflectance model. The appearance of the object I(u) = R(u | L, s, ) in a shaded RGB image
I is obtained by rendering its radiance field {(x) = L(x,w, | k,n), where n is the field of unit

normals. The radiance is the light reflected by the object in the direction w, of the observer (see
App. [A.§|for details), which in PBR is given by:

L(z,w, | k,n) = / flwi,we | k(x),n(x)) Lz, —w;)(n(x) - w;) dSY, 3)
H(n)

where w,, w; € H(n) = {w € S? : n- w > 0} are two unit vectors pointing outside the object and

L(x, —w;) is the radiance incoming from the environment at & from direction wj in the solid angle

dS);. The Bidirectional Reflectance Distribution Function (BRDF) f tells how light received from

direction —wj; (incoming) is scattered into different directions w, (outgoing) by the object [20].

In PBR, we consider a physically-inspired model for the BRDF, striking a balance between realism
and complexity [12} 187,77, [15,190]; specifically, we use the Disney GGX model [90, 5], which depends
on parameters po, 7, and c only (see App.[A.12.1|for the parametric form of f). Hence, the Metal
LRM predicts the triplet k(x) = (po, 7, @) at each 3D point x.

Deferred shading. In practice, instead of computing I(u) = R(u | L, s, 7) using Eqgs. (1) and ,
we use the process of deferred shading [20]:

1) = R | Ry ) = [ flaonon | Fy) Lo ()7 -3 @
H(n)

where Le is the environment radiance (assumed to be the same for all x), k = R(u | k,s, )
and 7 = R(u | m, s, ) are rendered versions of the material and normal fields. The advantage
of Eq. is that the BRDF f is evaluated only once per pixel, which is much faster and less
memory intensive than doing so for each 3D point during the evaluation of Eq. (I)), particularly for
training/backpropagation. During training, furthermore, the environment light is assumed to be a
single light source at infinity, so the integral (@) reduces to evaluating a single term.

Training formulation and losses. MetalLRM is thus a neural network that takes as input a set of

images (I;, ;)Y , and outputs estimates $ and k for the SDF and PBR fields. We train it from a
dataset of mesh surfaces M C R with ground truth PBR materials k : M — R5.

Reconstruction models are typically trained via supervision on renders [29} 97]]. However, physically
accurate rendering via Eq. (I)) is very expensive. We overcome this hurdle in two ways. First, we
render the raw ground-truth PBR fields &k and use them to supervise their predicted counterparts with
the MSE loss, skipping Eq. (I)). For the rendered albedo py — which is similar enough to natural
images — we also use the LPIPS [117] loss:

R 2
Lys = LPIPS (R(~ | po, &, 1), R(- | po, M, w)) + HR( |k & m) —R(-| kM, W)H )
We further supervise the PBR field by adding a computationally-efficient deferred shading loss:

Laer = Vw0 © (Raet(- | k, 8, 7) = Raer(- | k, M, 7)), ©)
The weight w(u) = n(u) - n(u) is the dot product of the predicted and ground-truth normals at pixel
w. It discounts the loss where the predicted geometry is not yet learnt. Fig. [I4](b) visualizes deferred
shading and the rendering loss.

Finally, we also supervise the SDF field with a direct loss Lyq¢ (implemented as in [1]]), a depth-MSE
loss Lgepn between the depth renders and the ground truth, and with a binary cross-entropy £mask
between the alpha-mask renders and the ground-truth masks. Refer to App.[A.6.2]for more details.

LightPlane implementation. We base MetalLRM on LightplaneLRM [6], a variant of LRM [29]
exploiting memory and compute-efficient Lightplane splatting and rendering kernels, offering better
quality reconstructions. However, since LightplaneLRM uses density fields, which are suboptimal for
mesh conversion [92, 166l [1]], we extend the Lightplane rendering GPU kernel with a VolSDF [108]]
renderer using Eq. (2). Additionally, we also fuse into the kernel the direct SDF loss L since a
naive autograd implementation is too memory-heavy.
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3.3 Mesh extraction and texture refiner

The MetalLRM module of Sec. [3.2] outputs a sign distance function s, implicitly defining the
object surface A = {x € R3 | s(x) = 0} as a level set of s. We use the Marching Tetrahedra
algorithm [18] to trace the level set and output a mesh M == A. Then, xAtlas [112] extracts a UV
map ¢ : [0, V]? — M, mapping each 2D UV-space point v = ¢(x) to a point € M on the mesh.

Next, the goal is to extract a high-quality 5-channel PBR texture image K € RV *"V*5 capturing the
albedo, metalness, and roughness of each mesh point. The texture image K can be defined directly

by sampling the predicted PBR field k as K (v) < k(¢(v)), but this often yields blurry results due to
the limited resolution of MetalLRM. Instead, we design a texture refiner module which takes as input
the coarse PBR-sampled texture image as well as the N views representing the object and outputs a
much sharper texture K. In essence, this modules leverages the information from the different views
to refine the coarse texture image. The right part of Fig. 2] illustrates this module.

More specifically, it relies on a network ® which is fed N + 1 texture images { K;}2Y,. First, each
pixel v € [0,V]? of Ky € RV*V>!! is annotated with the concatenation of the normal, the 3D
location, and the output of MetalLRM’s PBR field k(¢(v)) evaluated at v’s 3D point ¢(v). The
remaining K71, ..., K correspond to partial texture images with 6 channels (for the base and shaded
colors) which are obtained by back-projecting the object views to the mesh surface. The network ®
utilises two U-Nets to fuse { K, } , into the enhanced texture K. ®’s goal is to select, for each UV
point v, which of the NV input views provides the best information. Specifically, each partial texture
image K; is processed in parallel by a first U-Net, and the resulting information is communicated via
cross attention to a second U-Net whose goal is to refine K into the enhanced texture K. Please
refer to App.[A.7]for further details.

Such a network is trained on the same dataset and supervised with the PBR and albedo rendering losses
as MetalLRM. The only difference is meshes (whose geometry is fixed) are rendered differentiably
using PyTorch3D’s [71]] mesh rasterizer instead of the Lightplane SDF renderer.

4 Experiments

Our training data consists of 140,000 meshes of diverse semantic categories created by 3D artists.
For each asset, we render 36 views at random elevations within the range of [—30°,50°] at uniform
intervals of 30° around the object, lit with a randomly selected environment map. We render
the shaded images, albedo, metalness, roughness, depth maps, and foreground masks from each
viewpoint. The text-to-image stage is based on an internal text-to-image model architecturally similar
to Emu [[16]], fine-tuned on a subset of 10,000 high-quality 3D samples, captioned by a Cap3D-like
pipeline [53]] that uses Llama3 [88]]. The other stage utilizes the entire 3D dataset instead.

For evaluation, following [105] [103] |42]], we assess visual quality using PSNR and LPIPS [117]
between the rendered and ground-truth images. PSNR is computed in the foreground region to avoid
metric inflation due to the empty background. Geometric quality is measured by the L1 error between
the rendered and ground-truth depth maps (of the foreground pixels), as well as the IoU of the object
silhouette. We further report Chamfer Distance (CD) and Normal Correctness (NC) for 20,000
points uniformly sampled on both the predicted and ground-truth shapes. Material decomposition

Table 1: Four-view reconstruction with PBR eval-  Table 2: Win-rate of AssetGen in text-to-
uating the accuracy of the PBR renders for Metal 3D user study evaluating visual quality and
LRM and ablations. Methods in top / bottom accept the alignment between the prompt and the

4 views with shaded / shaded&albedo color channels. generated meshes. AssetGen beats all base-
lines at 30 sec budget (on an A100 GPU).

LPIPS| PSNR?
Method

albedo  albedo metal rough Visual  Text

Method . .. ... PBR

C= LightplaneLRM w/ SDE  0.117  17.14 12.39 15.25 quality fidelity
E =C + Material prediction 0.097 20.66 15.99 20.25 .
F=E + Deferred shading loss  0.093  21.12 18.64 20.66 Icr}lls{tl;/flt[l\l/?essh [103] ggz’ ZZ gg; Z; :((
G=F + Texture refinement 0.087 21.97 22.19 20.85 LightplaneLRM [6_ 66.6% NIA X
H=F + Albedo & shaded input 0.084  23.02 20.43 21.18 Meshy v3 [85] 946% 913% v
I =H + Texture refinement 0.069 24.39 27.28 20.63 Luma Genie 1.0 [84] 723 % 72.8% v
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is evaluated with LPIPS and PSNR on the albedo image, and PSNR alone for the metalness and
roughness channels. All metrics are calculated on meshified outputs rather than on neural renders.

4.1 Sparse-view reconstruction

We tackle the sparse-view reconstruc- Table 3: Four-view reconstruction on GSO comparing the
tion task of predicting a 3D mesh appearance and geometry of MetalLRM (outputting baked-
from 4 posed images of an object light texture) to baselines (top) and ablations (bottom). CD
on a subset of 332 meshes from values multiplied by 102,

Google Scanned Objects (GSO) [19].

We compare against state-of-the-art Method LPIPS| PSNR?T Depth) IoUt CDJ| NCt
Instant3D-LRM [42], GRM [103], In-  1,gan3D-LRM 291 0.124 1854 0325 0930 1.630 0.844
stantMesh [103]], and MeshLLRM [97]. GRM [103] 0.100 19.87 0364 0.949 1.490 0.873
We also include nghtplaneLRM [6], InstantMesh [103] 0.113 20.63 0.334 0.937 1.364 0.848

MetaILRM (ours) 0.057 2249 0.173 0.968 1.137 0.885

an improved version of Instant3D-
LRM, which serves as our base model. A= LightplaneLRM [6] 0.095 18.60 0.456 0.953 1.313 0.872

MeshLRM [97] has not been open- B=A+ VoISDF rendering  0.094 2091 0.201 0.957 1.212 0.875
C =B+ Direct SDF loss 0.083 21.75 0.173 0.968 1.137 0.885

sourced so we compare only qualita- p,_ ¢ Texure refinement  0.057 22.49  0.173 0.968 1.137 0.885
tively to meshes from their webpage.

All methods are evaluated using the

same input views at 5122 resolution. Since none of the latter predict PBR materials and since
GSO lacks ground-truth PBR materials, for fairness, we use a variant of our model that predicts
shaded object textures.

As shown in Figs. ] and [0] and Tab. [ our method outperforms all baselines across all metrics. GRM
captures texture detail well but struggles with fine geometric structures when meshified. InstantMesh
and LightplaneLRM improve geometry but fall short on finer details and texture quality. Our approach
excels in reconstructing shapes with detailed geometry and high-fidelity textures.

Ablations in Tab.[3|and Fig.[dshow that incorporating Outputs using our LRM using only shaded input
our scalable SDF-based rendering and direct SDF £ ‘ ‘
loss into the base LightplaneL.RM model enhances
geometric quality. Adding texture refinement further
brings fine texture details.

Next, we consider the task of sparse-view recon-
struction with PBR materials, where the goal is to
reconstruct the 3D geometry and texture properties

Shaded Input Shaded Albedo Metallic Rough

P

“A bear dressed in wedieval armor”

(albedo, metalness, and roughness) from four posed «.T E
shaded 2D views of an object. This is done on an ) i
internal dataset of 256 artist-created 3D meshes, cu- > %

rat.ed. f0r hlgh_quahty materials' Since there are no Albedo Input Outputs using our LRM using both shadekg
existing few-view feed-forward PBR reconstructors, and albedo input
we conduct an ablation study in Tab.[T|and Figs.[3] g gure 3: Qualitative ablation on albedo

and [[3] generation. In text-to-3D, generating 4 views
While adding material prediction with additional representing albedo colors alongside shaded
MLP heads provides some improvements, we ob- RGB colors improves material estimation for
serve that incorporating the deferred shading loss and our 3D reconstructor. With both inputs, the
texture refinement is essential for high-quality PBR  model accurately predicts the armor as metal-
decomposition. Example PBR predictions are shown lic and smooth, while the bear’s fur is rough.

in Fig.[8]
4.2 Text-to-3D generation

Finally, we evaluate text-to-3D with PBR materials. We compare against state-of-the-art feed-forward
methods that generate assets at comparable speed (= 10 to 30 s per asset). This includes text-to-3D
variants of GRM [105]], InstantMesh [103]], and LightplaneLRM [6]]. GRM uses Instant3D’s 4-view
grid generator, InstantMesh receives the first view from our 2D diffusion model and subsequently
generates 6 views, while LightplaneLRM accepts 4 views from our grid generator. Since these
methods bake lighting instead of generating PBR materials, for evaluation we apply flat texture
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Figure 4: Qualitative comparison for sparse-view reconstruction. AssetGen gives better geometry
(shown in orange) and higher fidelity texture (inset) compared to state of the art. SDF representation
along with the direct SDF loss gives a better geometry compared to the base LightplaneLRM model
which uses occupancy (row 4 and 5). Furthermore, our texture refiner greatly enhances texture fidelity
(row 5 and 6).
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Figure 5: Qualitative comparison for text-to-3D. We compare 3D meshes generated by Meta 3D
AssetGen and state-of-the-art baselines. We include material decomposition for methods producing
PBR materials (Luma Genie and our Meta 3D AssetGen). Our approach produces higher quality
materials with better-defined metalness and roughness, and a more accurate decoupling of lighting
effects in the albedo.

shading to our outputs. Additionally, we compare with the preview stage of Meshy v3 [85] and
LumaAl Genie 1.0 [84], proprietary text-to-3D methods with PBR workflow capable of creating assets
within 30 and 15 s respectively. A comparison with the significantly longer refinement stages for
Luma and Meshy is provided in the appendix. Fig.|5[shows that AssetGen meshes are visually more
appealing and have meaningful materials Figs. [0 an(?b provide more examples and comparisons and
showcase fine-grained material control.

For quantitative evaluation, we conducted an extensive user study in Tab. 2]using the 404 deduplicated
text prompts from DreamFusion [68]]. Users were shown 360° videos of the generated and baseline
meshes and were asked to rate them based on 3D shape quality and alignment with the text prompt.
A total of 11,080 responses were collected, with significant preference for AssetGen’s meshes.

Finally, we ablate the effect of generating dual-channel albedo+shaded grids compared to albedo-only
input in Fig. ] revealing significant PBR decomposition superiority of the former. Additionally,
Fig. [[3]illustrates the effect of our deferred shading loss.

5 Conclusions

We have introduced Meta 3D AssetGen, a significant advancement in sparse-view reconstruction
and text-to-3D. Meta 3D AssetGen can generate 3D meshes with high-quality textures and PBR
materials faithful to the input text. This uses several key innovations: generating multi-view grids
with both shaded and albedo channels, introducing a new reconstruction network that predicts PBR
materials from this information, using deferred shading to train this network, improving geometry via
a new scalable SDF-based renderer and SDF loss, and introducing a new texture refinement network.
Comprehensive evaluations and ablations demonstrate the effectiveness of these design choices and
state-of-the-art performance.
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A Appendix

A.1 Societal Impact

Safeguards should be implemented to prevent abuse, such as filtering input text prompts and detecting
unsafe content in generated 3D models. Additionally, our generation process may be vulnerable to
biases present in the data and 3D models it relies on, potentially perpetuating these biases in the
generated content. Despite these risks, our method can augment the work of artists and creative
professionals by serving as a complementary tool to boost productivity. It also holds the potential
to democratize 3D content creation, making it accessible to those without specialized knowledge or
expensive proprietary software.

A.2 Limitations

Meta 3D AssetGen significantly advances shape generation but faces several limitations. Despite the
fine-tuning of the multiview image grid generator for view consistency, it is not guaranteed, potentially
impacting 3D reconstruction quality. Since we use an SDF as an underlying representation, the
reconstructor may incorrectly model translucent objects or thin structures like hair or fur. Additionally,
while our scalable Triton [67] implementation supports a triplane representation at a resolution of
128 x 128, this representation is inefficient, as much of its capacity is used for empty regions. Future
work could explore scalable representations such as octrees, sparse voxel grids, and hash-based
methods, which may remove the need for a separate texture enhancement model. We also only predict
albedo, metalness and roughness, and not emissivity or ambient occlusions. Finally, our method
has only been tested on object-level reconstructions, leaving scene-scale 3D generation for future
research.

A.3 Additional qualitative comparisons

This section describes additional qualitative comparisons that, due to limited space, could not be
included in the main paper. Firstly, please refer to the video attached in the supplementary material
which provides a holistic presentation of Meta 3D AssetGen’s qualitative results. In Fig. [7] we
highlight the contributions of MetalLRM in geometry, texture and material reconstruction. In Fig.[T2]
we visualize the control of materials provided by Meta 3D AssetGen, i.e., metalness and roughness,
by changing the text prompt for the same concept. Fig. [§] visualizes the renders of the material
maps extracted with MetalLRM given four input test views. In Fig.[0] we provide a more extensive
qualitative comparison to MeshLRM, the strongest few-view reconstruction baseline. Finally, Fig. [6]
provides a gallery of text-conditioned generations depicting Blender-shaded renders together with the
rendered PBR maps.

A4 User-study details

As described in Sec. .2} we conducted an user study on 404 meshes generated using the DreamFu-
sion [68]] prompt-set on a standard crowdsourcing marketplace. In the study, users were shown 360°
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Figure 7: MetalLRM builds upon LightplaneLRM [6], providing improved geometry by employing
SDF as a representation, along with direct scalable losses in 3D, improved texture using a UV space
texture refiner, and material decomposition by predicting material properties regularized through a
novel deferred shading loss.
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Figure 9: Qualitative comparison on the task of sparse view reconstruction against MeshLRM [97]].
Note the higher quality texture detail in our results. Since an open-source implementation of
MeshLRM has not yet been released, we compare against the meshes provided on their webpage.

videos of the generated and baseline meshes and were asked to rate them based on 3D shape quality
and alignment with the text prompt as shown in Fig.[TT} They were asked to consider various factors
like identity (whether the object matches what is described in the prompt), texture, existence of Janus
problems, and bad geometry (like floaters, disconnected components, etc). 11,080 responses were
collected in total, with 5 responses per pair of videos, to eliminate variance in user preference.

A.5 Additional text-to-3D comparisons

While Tab. 2] compared Meta 3D As- Table 4: Win-rate of Meta 3D AssetGen in text-to-3D
setGen’s text-to-3D generations to sev- user study evaluating visual quality and text alignment
eral fast baselines, for completeness, this  of the generated meshes. In addition to Tab. 2] here we
section includes additional comparisons compare to slower baselines. Our Meta 3D AssetGen
to significantly slower methods. More generates a 3D asset within 30 sec.

specifically, we conduct the same user

study as in Tab. |Z|but we compare to the  Method Visual quality Text fidelity Runtime
“refinement” stages of the industry base-  Meshy v3, refined 7.5 % 809 % 300 sec
lines Meshy v3 and Luma Genie whose Luma Genie 1.0, refined (hi-res) [84]) 51.2% 463 % 600 sec

asset generation time is 5 and 10 min re-
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Figure 10: Comparison against RichDreamer, Unique3D, the very recently released Stable Fast 3D Mesh, and
Luma Stage 2 (Refinement). RichDreamer takes around an hour per mesh, whereas we generate a mesh in less
than 30 seconds with significantly better PBR materials. RichDreamer struggles to separate lighting effects from
albedo and generates suboptimal geometry. Unique3D also produces inferior geometry compared to ours and
cannot generate PBR materials. Stable Fast 3D Mesh predicts only a single value for metallicity and roughness
instead of generating a map. It tends to produce suboptimal geometry and flat objects, as seen with the car and
the pug respectively. Luma Stage 2 takes around 10 minutes, generates much better textures than Luma Stage 1,
but still struggles to separate illumination from albedo, as evidenced by the car hood.

PLEASE ANSWER BOTH QUESTIONS BELOW. PLEASE ANSWER THE QUESTION BELOW.

Plase answer Watch the following two pieces of 3D assets, rendered as videos, and select the one that you think
Watch the following two pieces of 3D assets, rendered as videos, and select the one that you prefer ALIGNS more with the given text prompt according to the factor (text faithfulness):
according to the 2 factors (pixel sharpness and visual concepts): Text: a cute steampunk elephant

Video 1: Video 2: Video 1: Video 2:
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Question 1. - Which video do you prefer?
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Question 1. - Which video do you prefer?
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Figure 11: User study interface submitted to a standard crowdsourcing marketplace. Participants are
shown videos corresponding to Meta 3D AssetGen and a baseline in a random order, and asked their
preference in terms of either quality (left) or faithfulness to the text prompt (right).
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spectively. Tab. [ contains the results of our user-study. Meta 3D AssetGen significantly outperforms
Meshy in both text fidelity and visual quality while being 10x faster. Surprisingly, Meta 3D AssetGen
is on par with Luma Genie in text fidelity and wins in 40% of cases in visual quality. This is a
remarkable result considering Meta 3D AssetGen’s 20x better generation time. We show further
qualitative comparisons in Fig.

A.6 Additional technical details

A.6.1 Grid Generator

We employ a text-to-image diffusion model pre-trained on billions of images annotated with text [16]]
and expand its input and output channels by a factor of 2 to support simultaneous generation of shaded
appearance and albedo. We finetune the model to predict a grid of four images I;,i = 1,...,4, in
similar fashion to via minimization of the standard diffusion loss. Training spans a total of 2
days, employing 32 A100 GPUs with a total batch size of 128 and a learning rate of 1075.

A.6.2 MetalLRM

As mentioned in the main paper, MetalLRM is optimized using the direct SDF loss Ls4f, PBR loss
Ly, deferred shading loss Lger, the binary cross-entropy mask 10ss Liak, and the depth-MSE loss
Lepn s0 the global objective is:

L= 0.5£sdf + prr + O.5Ldef + O.IEmask + O.I,Cdepth.

The texture refiner uses only PBR loss and the deferred shading loss: Lppr + 0.5Lef.

In each training batch, we randomly sample 4 views per scene as source input views /;, and another 4
target views I'¢", into which we render the sdf-field predicted by MetalLRM, or the mesh predicted
by the texture refiner. We then evaluate the aforementioned losses in the target views. 3 scenes per
GPU are sampled randomly, and we train on 64 GPUS NVIDIA A100 gpus, yielding an effective
batch size of 3 x 4 x 64 = 768 images. The total loss has been optimized using Adam [41] with
learning rate 10~ for 13K steps.

A.6.3 Deferred shading loss ablation
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Figure 12: Generated assets for the prompt: Figure 13: Using a deferred shading loss on ren-
“A cat made of <MATERIAL>”. Meta 3D Asset- dered channels enhances PBR quality, resulting in
Gen predicts various plausible PBR material more defined metalness and roughness, such as in-
maps leading to realistic interaction with the creased metalness in the lantern’s metal parts and
environment light (sphere-mapped in the cen- decreased roughness in its glass parts.

ter)
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Besides verifying quantitatively the benefits of the deferred shading loss Lger in Tab. [T} we also
provide a qualitative proof in Fig.[I3] Specifically, the PBR materials predicted from albedo&shaded
channels exhibit better metalness map on the actual metallic parts of the 3D lantern asset.

A.6.4 Direct SDF loss Ly

We follow Azinovic et al.’s [1]] direct SDF supervision for the SDF field. Given a pixel p in an image
and the sampled points .S, on the ray corresponding to the pixel, the direct SDF loss is computed as

L..(p) = L" (p) +0.01L" (p). (7)

Eg{ is a ‘free-space’ objective, which forces the MLP to predict a value of 1 for samples s € Ssz

which lie between the camera origin and the truncation region of a surface:

1
L (p) = 57 ST (D.—1)? ®)

sesh

where D is the predicted SDF from the MLP. For samples within the truncation region (s € Sg ), we

apply L , the signed distance objective of samples close to the surface.
1 .
‘Cer(p) = TQtr| Z(DS_DS)2 (9)
‘Sp| seSh
P

A naive PyTorch implementation of this is memory intensive, because of the evaluation of B x
H x W X N, points, where B, H, W, N,,, are the number of target images in a batch, the height,
width, and the number of points per ray respectively. Therefore, to support large batch sizes, image
resolution, and denser point sampling on rays, we implement the direct SDF loss using custom
Triton [67]] kernels.

A.6.5 Depth loss Lgeptn

The depth loss Lgepn, minimizes the mean-squared error between the rendered depth prediction
Reepn (- | 8, 7) the ground-truth depth Raepm (- | M, )

Leph = HRdepth(' | 3,m) — Raepn (- | M, 7T)H2,

where Rgepin (s, ) is an operator rendering the depth-map of the shape representation s (mesh or an
SDF) from the viewpoint 7.

A.7 Texture refiner

Having described a high-level overview of our texture refiner in Sec. [3.3] here we provide more
details.

As mentioned, the texture refiner network ® accepts N + 1 texture images K; in total. The first input
to the network is the augmented texture image Ky € RV >V 11 given by:

k(acu) b n(mv) b xy, ifve Im(d))’

h v = .
0, otherwise, whete @ 9(v)

Yo e[0,V]2: Ky(v) = {

The condition v € Im(¢) selects ‘valid’ UV points that correspond to mesh points; and & denotes
channel-wise concatenation, so that Ko (v) is the stack of the 5 PBR parameters k(x,,) from Metal
LRM, normal n(x, ), and the 3D point ,,.

In addition to K, we input to the network ® texture images K, each extracted by looking up
information from the corresponding input view I; directly (thus sidestepping MetalLRM). As noted
above, each valid texture point v corresponds to a unique 3D point &, = ¢(v) € M on the mesh,
which in turn projects to a pixel u = m;(x,) in the image I,. Let x;(v) € {0, 1} be the flag that tells
if point x,, is visible in image I; or not. When point x,, is visible in several views, it is best measured
in the most frontal one, which is captured by the cosine w, - n(x,) between the normal n at x,

https://doi.org/10.52202/079017-0303 9553



Features from unrefined texture

Deferred Shaded
GT Channels

Deferred Shaded
Predicted Channels

.= :
E3
CE
S®
Features from partial views in UV space
(a) Cross View Attention Layer (b) Deferred Shading Loss Example

Figure 14: (a) Illustration of Cross-View Attention. Cross-view attention facilitates communication
between the UNet branches processing the predicted texture features and the UV space projected
input views. This layer blends the predicted texture features with the UV projected input view features
based on their match using a multiheaded attention mechanism. (b) Example of Deferred Shading
Loss Calculation. Deferred shading computes pixel shading using albedo, metalness, roughness,
normals, object position, and light source position. We apply it to both the ground truth channels
(top) and the predicted channels (middle). The error is calculated as the difference between the two,
weighted by the similarity between ground truth normals and predicted normals, to avoid penalizing
shading errors due to incorrect normals.

and the ray direction w,, & xy — x,. All this information is packed into additional texture images
K; € RV*VX(D+1) by setting:

e OV Ki(w) = {Ii(m(mv)) & (@ nl@,), ifv € Tm(g) and xiv) = 1.
0, otherwise.

The texture network ® is a U-Net that takes as input the texture augmented texture image K and
outputs the final enhanced texture X € RY*V*5  This network also fuses information from the
view-specific texture images K;. The goal is to select, for each UV point v, which of the N input
views provides the best information. This is achieved via cross-attention. Specifically, each K is
processed in parallel by another U-Net, and the first queries information across all the others via
multi-head cross attention. In Fig. |E| (a), we provide an illustration of the latter cross-view attention
layer.

A.8 Physically-Based Rendering: Radiance, BRDFs, and models

We briefly summarise key notion of radiometry and standard BRDF models, and then provide a
precise expression of the BRDF model used in Meta 3D AssetGen.

A.8.1 Radiance

The radiant flux ® is the electromagnetic power flowing through a particular surface A C R? oriented
by the unit normal n. The radiance L(p,w) is the radiant flux density at p towards a particular
direction w per unit orthogonal area dA | and per unit solid angle d€2. The unit vector w points at
the direction of propagation of the flux.

9554 https://doi.org/10.52202/079017-0303



The flux density is measured with respect to an area which is orthogonal to the direction of propagation
w. In fact, the energy flow is the same through all areas that cut the same ‘tube of flux’; the specific
area is irrelevant and not a property of the radiation. This dependency is removed by considering the
normalized area dA | , which is orthogonal to the direction of the flux.

Because the radiance is expressed in units of orthogonal area dA | , in order to compute the flux
through the surface patch dA, which may not be orthogonal, we must account for the foreshortening
factor, which relates the areas dA and dA | :

dA| = [{n,w)|dA.
With this, the flux that passes through d A towards direction w in the solid angle df2 is
d® = L(p,w) |{(n,w)| dA dQ.

Note that d® depends on both w and n whereas L only depends on w. This reinforces the notion that
n is a property of the surface, not of the radiation.

A.9 Reflectance models

Let p be a point on a surface A that separates two media and let dA be a surface patch sitting at p.
Let n be the normal at this point. We now consider the case where A separates air or empty space
from an opaque object, with n pointing towards the outside of this object.

Let w be an orientation on the same side of the surface as n, i.e., such that (n,w) > 0. From the
viewpoint of the object, we interpret L(p,w) as outgoing radiant flux and L(p, —w) as incoming
radiant flux. These two quantities are related by the Bidirectional Reflectance Distribution Function
(BRDF) f, defined such that:

dL(p,w,)
dQ;
In this definition, for convenience both w; and w, are taken on the same side as n (hence the negative

sign in front of wj). A useful consequence is that we do not need to take the absolute value of the
inner product (n,w;) as this is positive by definition.

= f(p7 wiawo) (n,wi)L(p, 7““”)' (10)

The BRDF thus takes the radiation receives from direction —w; and distributes it along various
outgoing directions w,. Integrating over all incoming directions, gives use the overall radiation
reflected towards w,:

dL(p,w,
Lo = [ B g [ ) () L —w) i D
H(n) i H(n)

where H(n) = {w : (n,w) > 0} is the hemisphere. Next, we provide common basic models for
the BRDF function in PBR.

A.9.1 Diffuse reflectance

In diffuse reflectance, the radiation is absorbed by the material, internally scattered in random
directions, and output again to give rise to a uniform distribution. Namely, the diffuse BRDF is:

R

f(p»wi;wo) = ;

where 0 < R < 1 is the fraction of power reflected by the diffusion process. The 1/7 factor ensures
that the total energy is conserved when R = 1.

A.10 Specular reflectance

The reflection for a perfectly flat interface between two media at p is specular: the incoming light
radiation —wj is partially reflected in the specular direction w, = r(n,w;) = 2n(n, w;) — w;, and
partially transmitted. This phenomena is characterised by Fresnel’s equations, which are derived
from Maxwell’s equations, utilising continuity conditions for the electromagnetic field at the interface
between the two media. Fresnel’s equations describe the planar radiation in full, including its
polarisation (in the most general case, using phasors, and thus complex numbers). For graphics, we
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assume that light is unpolarized, so we only calculate the power. The fraction of power reflected is
given by Fresnel’s coefficient (using Schlick’s approximation [[72]):

F((n,w)) = Fy + (1 — Fy) [(n,w))|?, Fy = (Zi 122) .

Here 77 and 7o are the indices of reflectivity of the two media, respectively. This equation is valid
for dielectrics (non-metallic objects), but also used as an approximation for metals by tweaking Fj.

In order to write this relation as a BRDF, we write:
L(p7 wo) = / (n) f(p7 Wi, wo) <n7 w1>L(pa 7(“)1) dQl = R(<n7 r(n,w0)>)L(p, 7T(n7 wo))'
H(n

Hence, the BRDF must be a delta function centered at w* = r(n, w,):

F({n,wo))

<n’ w0> 67‘(n,w0)(wi) (12)

f(pa Wi, wO) -
where we used the fact that (n,r(n,w,)) = (n,w,) and where d,(p ) is the delta distribution
centered at r(n, w,).

A.11 Microfacet models

Rough surfaces can be though of as a collection of randomly-oriented flat microfacets, each reflecting
light in a specular fashion. Consider a point p on a surface and incoming and outgoing radiation
directions wj and w,. If the point contains a microfacet that enables light to reflect from w; to w,,
then the normal of the microfacet must be m « w; + w,. If the microfacet is oriented elsewhere,
then no light flows in the direction w,. Hence, we can write

wi + wy

=h ir®Wo) =
m (Wi, wo) o1 o]

as a function of the incoming and outgoing radiation. This is called half vector as it sits in between
the two vectors w; and w,.

Now we wish to derive the macro BRDF f(p, w;, w,) from the micro BRDF F(p, w;, w,|m), where
we have emphasized the fact that the BRDF is oriented relative to the microfacet normal m. A short
calculation [90]] shows that:

(m,w;) (myw,) 1

f(p7w17w0) fm(pvwlv("’O‘m) <n7wi> <n7w0> <m7n>

In practice, there is a distribution over possible surface normals m, characterised by the microfacet
distribution function D(m|n). The latter is defined such that D(m|n)dA dQ,, is the total area
of the microfacets within patch dA of the macrosurface with orientation in df2,,,. In practice, only
part of the microfacet is visible and illuminated, depending on the interaction with other facets.
This is accounted for by the shadowing-masking function G(w;, w,, m,n) € [0, 1]. The expected
reflectance is thus:

F(prwiwe) = /H . <<Z’:i>> Mfmm w1, wolm) D(mln) G(w, wo, m, 1) .

Plugging Eq. in the value for the mirror-like reflectance f,, for each microfacet, we get [90]:

f(p, wi,w,) = F((h,woi)iff;;lz?i(‘:u:;wo,h,n) where h = h(wj, w,).

A.12 Standard microfacet models

Here, we discuss common choices for the functions D and G in standard PBR models.
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The Torrance-Sparrow model. The oldest such model is due to Torrance and Sparrow [87]. They
simply assume a Gaussian model for the microfacet distribution function:

D(m|n) = bexp (—a?@), where cos = (m,n),
and b is a suitable normalization constant. For the shadowing-masking function they pick:

2(m,n)(n,w;) 2<m,n>(n,w0>}
(m,w;)) (m,w,) '

G(wi, wo, M, M) = min {1,

This function has a simple geometric derivation under a basic geometric model of the microfacets.
The Beckmann-Spizzichino-Smith model. Beckmann and Spizzichino [2]] suggested the model:

]. _ tauz 6
o where cosf = (m,n).

D = —
(min) maZcostf°
Smith [[77] noted that the shadowing-masking function should be derived from the microfacet
distribution function, which describes the micro-geometry of the surface. They also proposed a
factorized model G(wj, w,, m, ) = G1(wi, n)G1(w,, n). For Beckmann’s distribution, the Smith
shadowing-masking function is given by:

2 1
i ~ wherea = ———— and cosf,, = (n,w).
1+ erf(a) + e~a atand,

a~/ T

Gi(w,n) =

The GGX model. The GGX model by [90] is a variant of the Beckmann model, with slightly
different microfacet distribution and shadowing-masking function:
a? 2

b G b = b
7 cost 0(a? + tan? 6)2 i(w,n) 1+ \/m

D(m|n) =

13)

where cos§ = (m,n) and cos 6, = (n,w).

A.12.1 The BRDF model used in Meta 3D AssetGen

The BRDF model used in our paper combines diffuse and GGX BRDFs:

= E + F(h‘n)D(h|n)G1(nvwl)Gl(nvwo)

f(wi,wolk(z),m) 4(n-wi)(n~wo)

The first term is the diffuse component (Lambertian reflection), where R € [0, 1] is the fraction of
light power reflected by diffusion. The second term in the specular component, where F' is Schlick’s
approximation [72] F(w;j|ln) = Fy + (1 — Fy)(1 — n - w;)® of Fresnel’s reflectance and where
Fy € [0, 1] is the Fresnel coefficient at normal incidence. The unit vector h « w;j + w, is the half
vector, which is the orientation needed to reflect wj into w, by the rough material’s microfacets
(generally different from but averaging to m). The function D and GG; are the microfacet distribution
function and the shadowing-masking function given by:

a? Gr(n,w) = 2(n - w)
m((m-n)*(a® —1) +1)*’ ’ n-w++/(n-w?(e?-1)+a®

D(m|n) =

These are the same as Eq. (I3)) with the trigonometric functions expanded in terms of dot products.
In this model, the reflectance R and reflectance at normal incidence Fj are RGB triplets. The
specular highlight color Fj is approximately white (equal to 1) for dielectrics, and colored for metals;
furthermore, metals have no diffuse component (R = 0). Thus, we introduce the parameter metalness
7 € [0,1] and the base color py € [0, 1] and define:

R = po(1—7), Fo=1(1—-7) + pov-

In this manner, the albedo is used as diffuse color or specular color depending on whether the material
is a dielectric or a metal. In the paper, we call the parameter pg albedo as it is a better known concept;
however, in this model pj is the albedo only when v = 0, i.e., when the object is a perfect dielectric.

The BRDF is thus fully described by the albedo pg, the roughness «, and the metalness -, for a total
of five scalar parameters. Hence, the LRM predicts the triplet k(x) = (po, v, «) at each 3D point x.
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violations of these assumptions (e.g., independence assumptions, noiseless settings,
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should reflect on how these assumptions might be violated in practice and what the
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is low or images are taken in low lighting. Or a speech-to-text system might not be
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9558 https://doi.org/10.52202/079017-0303



Justification: No theoretical results present.
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* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
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proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: Please see Secs. [3] and 4] and Apps. [A.6.2] and for all technical details
required for reproducing the paper results.
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* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general, releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer:
Justification: We do not currently plan to open-source the method or training data.
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» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

¢ The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.
6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: Please see Secs. [3] and ] and Apps. and for all technical details
required for reproducing the paper results.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.
7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:
Justification: Reported metrics have negligible or zero variance.
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* The answer NA means that the paper does not include experiments.

* The authors should answer “Yes” if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).
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« It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

* If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: See Sec.[dand App.[A.6.2]
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?
Answer: [Yes]

Justification: The following is our statement addressing concerns about training data raised
during the review process. The data used in this paper was not obtained by scraping the
internet. The data was purchased from a well-respected and widely-known vendor of 3D
graphic assets. We acquired a data license that explicitly allows use of the models in
machine-learning applications, including all applications in this paper. We follow the terms
and conditions of this license scrupulously, also based on internal legal advice.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes],
Justification: See App. [A.T]
Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.
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» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Data or models are not released
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: We use an internal dataset of artist-created meshes whose use has been
approved by a professional legal team.

Guidelines:

* The answer NA means that the paper does not use existing assets.
 The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification:
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]
Justification: See App.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]
Justification: The internal legal and privacy audit has approved our user study.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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