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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,
MetalLRM, 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



such generators on text-to-image models that are trained on billions of captioned images. Among
these, works likel{5,/56] netune 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 rst group contains methods that build on DreamFusion, a seminal woi&8pydnd 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 hasiA4)&®} [
meshes/44] and 3D Gaussians (3DGS31, 1117, [12]; (ii) improved SDS [P1, [95, [119 [37]; (iii)
monocular conditioningds, [82, (113 [78]; (iv) predicting additional normals or depth for better
geometry¥Q,(78]. Yet, distillation methods are prone to issues such as the Janus effect (duplicating
object parts) and content driff4]. A common solution is to incorporate view-consistency priors

into the diffusion model, by either conditioning on camei@s [73, (32, [11, [69] or by generating
multiple object views jointly[f4, 98,193 /40, [11§. 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 appro&@fh&d.[49, [107, (106, [8, 183,

28,123] that start by generating multiple views of the object using a text-to-image or text-to-video
model [p4,/13] tuned to output multiple views of the object followed by per-scene optimization using
NeRF 8] or 3DGS [38]. However, per-scene optimization requires several highly-consistent views
which are dif cult to generate reliably. Instant3[23] improves speed and robustness by generating

a grid of just four views followed by a feed-forward network (LREE]) that reconstructs the object

from these. One-2—-3-45+#%] 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 traditiomaulti-view stereqMVS)

sense, assumes access to a dense set of scene views. Recent reconstruction methods sudghs NeRF [
optimize a 3D representation by minimizing multi-view rendering losses. There are two popular
classes of 3D representation: (i) explicit representations like me@Bg$1l4, 24, (63, 59, [76] or

3D points/Gaussian®8§,25], and (ii) implicit representations like occupancy eld&g], radiance

elds [58,162] and signed distance functions (SDEDE]. Compared to occupancy elds, SDES,

108 92,117, [21] simpli es surface constraints integration, improving scene geometry. For this reason,
we also use SDFs and demonstrate that they outperform occupancy elds.

Sparse-view reconstructionstead 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 optimizaB&yi99], but this is

often slow and fragile. More recently, authors have focused on training feed-forward reconstructors on
large datasetdlH,[36,57,148,[100,[60,/94]. In particular, R9] trains a large Transforme8g] to predict

NeRF using a triplane representati@h9]. Followups study 3D representations like mes/i&3[[97]

and 3DGS[120 105 /80, 115, improved backbone®p, [97] and training protocol<dg, 35]. We
introduce three extensions to LRM: (i) an SDF formulation for improved geometry, (ii) PBR material
prediction for relighting, and (iii) a texture re ner for better texture details.

3D modeling with PBR materials. Most 3D generators output 3D objects with baked illumination,
either view-dependenbg, [38] or view-independenid9]. Since baked lighting ignores the model's
response to environmental illumination, it is unsuitable for graphics pipelines that simulate lighting.
Physically-based rendering (PBR) de nes material properties so that a suitable shader can account
for illumination realistically. Several MVS works have considered estimating PBR materials using
NeRF W, [3,[102], SDF [11€], differentiable mesheB, 27] or 3DGS B3, 143]. In generative
modelling, [LO, 70, 50, 104 augment the text-to-3D SDS optimizatio68 with a PBR model.
Differently from them, we integrate PBR modeling in our feed-forward text-to-3D network, unlocking

for the rst time fast text-based generation of 3D assets with controllable PBR materials.

3 Method

AssetGen is a two-stage pipeline (Fig. 2). The rst stage, text-to-image (Sec. 3.1), 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. 3.2) and a new texture re ner
(Sec. 3.3). As such, AssetGen is applicable to two tasks: text-to-3D (stage 1+2) and image-to-3D
(stage 2 only).



Figure 2:Overview. Given a text prompt, AssetGen generates a 3D mesh with PBR materials in
two stages. The rst 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 eld converted into a mesh with
textured PBR materials (orange). Then, PBR materials are enhanced with our texture re ner 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 EmiL6]. Similar to [74, 42], we netune the model to

Note thatl; 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 albedq, (by which we mean the base color, which is the same as albedo only for
zero metalness), the metalnessand 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 netuning. Our novel solution is to train the model to generate inslegié\a

grid with 6 channels, 3 for the shaded appeararicand 3 more for the albedg. This reduces the
netuning 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 viewd; (few-view reconstruction), or the 4-view 6-channel grid of Sec. 3.1.

At the core of our method is a new PBR-aware reconstruction model, MetalLRM, that reconstructs
the object giveN 1 posedmages(li; )N, ,wherel; 2 R" W D and ; 2 isthe camera

20 elevation and 0 90, 180, 270 azimuths) and = 6 input channels. The output is a 3D
eld representing the shape and PBR materials of the object as arsSIR® | R, wheres(x)

is the signed distance from the 3D pointo the nearest object surface point, and a PBR function
k:R3! RS wherek(x)=( o;; ) arethe albedo, metalness and roughness.

The key to learning the model is tlkfferentiable renderingperatoR. This takes as input a eld
*:R®! RP, the SDFs, the viewpoint , and a pixeu 2 U = [0;W) [0;H), and outputs the
projection of the eld on the pixel according to the rendering equatks, [which has the same
number of channel® as the rendered eld:
1 R, )
R(ujis; )= (o) (xejs)e o ¢4 gt @)
0

Herex; = xg t! 4,12 [0;1 ) isthe ray that goes from the camera centgthrough the pixel
along direction ! , 2 S%. The function (x j s) is the opacity of the 3D point and is obtained



from the SDF values(x) using the VoISDF [108] formula

(xjs)= g 1+signs(x) 1 el stz 2)
wherea; bare the hyper-parameters. We use Eq. (1) to render several different types of, #lds
most important of which is the radiance eld, introduced next along with the material model.

Re ectance model. The appearance of the objé¢u) = R(uj L;s; ) in a shaded RGB image
(" is obtained by rendering itediance eld (x) = L(x;! o j k;n), wheren is the eld of unit
normals. The radiance is the light re ected by the object in the diredtipof the observer (see
App. A.8 for details), which iE PBR is given by:

L(x;! ojk;n)= fat oJ k(X)) in(x)L(x; Ti)(n(x) 1i)d i ®3)
H(n)
where! ;! i2 H(n)=f! 2S:n | Og are two unit vectors pointing outside the object and
L(x; ! ;) isthe radiance incoming from the environmenkdtom direction! ; in the solid angle

d ;. TheBidirectional Re ectance Distribution FunctiofBRDF)f tells how light received from
direction ! ; (incoming) is scattered into different directiong (outgoing) by the object [20].

In PBR, we consider a physically-inspired model for the BRDF, striking a balance between realism
and complexity 2, 87, 77, 15, 90]; speci cally, we use the Disney GGX modé(, 5], which depends

on parametersg, ,and only (see App. A.12.1 for the parametric formfof. Hence, the Metal

LRM predicts the triplek(x) = ( o; ; ) ateach 3D poink.

Deferred shading. In practice, instead of computiffu) = R(uj L;s; ) using Egs. (1) and (3),
we use the process déferred shadinq;%O]:

f(u)= Reeujkis; )= oy ol kimben( 10 1) d 4)
H(n

whereL ¢, is the environment radiance (assumed to be the same fap,ad = R(u j k;s; )
andn = R(u j n;s; ) are rendered versions of the material and normal elds. The advantage
of Eqg. (4) is that the BRDF 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. (1), particularly for
training/backpropagation. During training, furthermore, the environment light is assumed to be a
single light source at in nity, so the integral (4) reduces to evaluating a single term.

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

images(li; )N, and outputs estimatessandk for the SDF and PBR elds. We train it from a
dataset of mesh surfacks  R® with ground truth PBR materials: M ! R,

Reconstruction models are typically trained via supervision on reng8r8T]. However, physically
accurate rendering via Eq. (1) is very expensive. We overcome this hurdle in two ways. First, we
render the raw ground-truth PBR eldsand use them to supervise their predicted counterparts with
the MSE loss, skipping Eq. (1). For the rendered albede- which is similar enough to natural
images — we also use the LPIPS [117] loss:

2
Loor =LPIPS R( j%0;8 );R(j o:M; ) + R(jki& ) R (jkM; ) = (5)
We further supervise the PBpR eld by adding a computationally-ef cient deferred shading loss:
Laet= K W (Rael( j K& ) R aer j k;M; YK (6)
The weightw(u) = A (u) n(u) is the dot product of the predicted and ground-truth normals at pixel

u. It discounts the loss where the predicted geometry is not yet learnt. Fig. 14 (b) visualizes deferred
shading and the rendering loss.

Finally, we also supervise the SDF eld with a direct ldsg; (implemented as ind]]), a depth-MSE
lossL gepth between the depth renders and the ground truth, and with a binary cross-dnirapy
between the alpha-mask renders and the ground-truth masks. Refer to App. A.6.2 for more detalils.

LightPlane implementation. We base MetalLRM on LightplaneLRM], a variant of LRM R9|
exploiting memory and compute-ef cient Lightplane splatting and rendering kernels, offering better
quality reconstructions. However, since LightplaneLRM uses density elds, which are suboptimal for
mesh conversiorfp, 66, 1], we extend the Lightplane rendering GPU kernel with a VolSDE]
renderer using Eqg. (2). Additionally, we also fuse into the kernel the direct SDRE Igssince a
naive autograd implementation is too memory-heavy.



3.3 Mesh extraction and texture re ner

The MetalLRM module of Sec. 3.2 outputs a sign distance functioimplicitly de ning the
object surfaced = fx 2 R3j s(x) = 0g as a level set of. We use the Marching Tetrahedra
algorithm [L8] to trace the level set and output a mégdh A. Then, xAtlas 112 extracts a UV
map :[0;V]?! M, mapping each 2D UV-space point (x) to a pointx 2 M on the mesh.

Next, the goal is to extract a high-quality 5-channel PBR texture irkageRY Vv ® capturing the
albedo, metalness, and roughness of each mesh point. The texturekneagebe de ned directly

by sampling the predicted PBR ekl ask (v) k\( (v)), but this often yields blurry results due to
the limited resolution of MetalLRM. Instead, we design a texture re ner module which takes as input
the coarse PBR-sampled texture image as well abltheews representing the object and outputs a
much sharper texturé . In essence, this modules leverages the information from the different views
to re ne the coarse texture image. The right part of Fig. 2 illustrates this module.

More speci cally, it relies on a network which is fedN + 1 texture image$K g, . First, each
pixelv 2 [0;V]? of Ko 2 RV V 11 s annotated with the concatenation of the normal, the 3D
location, and the output of MetalLRM's PBR ell( (v)) evaluated at's 3D point (v). The

colors) which are obtained by back-projecting the object views to the mesh surface. The network
utilises two U-Nets to fuséKigiN:O into the enhanced textuke. 's goal is to select, for each UV
pointv, which of theN input views provides the best information. Speci cally, each partial texture
imageK; is processed in parallel by a rst U-Net, and the resulting information is communicated via
cross attention to a second U-Net whose goal is to r&ento the enhanced textute. 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 xed) are rendered differentiably
using PyTorch3D's [71] mesh rasterizer instead of the Lightplane SDF renderer.

4 Experiments

Ourtraining data consists of 140,000 meshes of diverse semantic categories created by 3D artists.
For each asset, we rend#8 views at random elevations within the rangq 080 ;50 ] at uniform

intervals of30 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 [L6], ne-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 LPIPH]
between the rendered and ground-truth images. PSNR is computed in the foreground region to avoid
metric in ation 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 studyevaluating 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).

Method LPIPS# PSNR
albedo albedo metal rough hod Visual  Text
Metho . : PBR
C= LightplaneLRMw/ SDF  0.117  17.14 12.39 15.25 quality ~ delity
E= C + Material prediction 0.097 20.66 15.99 20.25 0 0
F= E + Deferred shadingloss  0.093  21.12 18.64 20.66 GRM [105] 96.7% 93.3% 7
G= F +Texturerenement  0.087  21.97 22.19 20.85 InstantMesh [103] - 99.3 % 97.3% 7
- : : : : LightplaneLRM [6] 66.6% N/A 7
H= F + Albedo & shaded input 0.084  23.02 20.43.18 Meshy v3 [85] 946% 91.3% X
| = H + Texture re nement 0.069 24.39 27.280.63 Luma Genie 1.0 [84] 723 % 72.8% X




is evaluated with LPIPS and PSNR on the albedo image, and PSNR alone for the metalness and
roughness channels. All metrics are calculated on meshi ed outputs rather than on neural renders.

4.1 Sparse-view reconstruction

We tackle the sparse-view reconstruGable 3:Four-view reconstruction on GSOcomparing the
tion task of predicting a 3D meshappearance and geometry of MetalLRM (outputting baked-
from 4 posed images of an objeclight texture) to baselines (top) and ablations (botto@1).

on a subset of 332 meshes fromalues multiplied byl0 2.

Google Scanned Objects (GSQM.

We compare against state-of-the-aMethod LPIP$ PSNR Depth# loU" CD# NC"

Instant3D-LRM f2], GRM [109], In- |stant3p-LRM [29] 0124 1854 0325 0.930 1.630 0.844
stantMesh 103, and MeshLRM P7]. GRM [105] 0.100 19.87 0.364 0.949 1.490 0.873
We also include LightplaneLRM6], InstantMesh [103] 0.113 20.63 0.334 0.937 1.364 0.848

an improved version of |nstant3D_MetalLRM (ours) 0.057 2249 0.173 0.968 1.137 0.885

LRM, which serves as our base modeh= LightplaneLRM [6] ~ 0.095 18.60 0.456 0.953 1.313 0.872

C= B+ Direct SDF loss 0.083 21.750.173 0.968 1.137 0.885

sourced so we compare only qualitas_ -, texture re nement 0.057 22.49 0173 0968 1.137 0.885
tively to meshes from their webpage-

All methods are evaluated using the

same input views a12 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. 4 and 9 and Tab. 3, our method outperforms all baselines across all metrics. GRM
captures texture detail well but struggles with ne geometric structures when meshi ed. InstantMesh
and LightplaneLRM improve geometry but fall short on ner details and texture quality. Our approach
excels in reconstructing shapes with detailed geometry and high- delity textures.

Ablations in Tab. 3 and Fig. 4 show that incorporating
our scalable SDF-based rendering and direct SDF
loss into the base LightplaneLRM model enhances
geometric quality. Adding texture re nement further
brings ne texture details.

Next, we consider the task sparse-view recon-

struction with PBR materials, where the goal is to

reconstruct the 3D geometry and texture properties

(albedo, metalness, and roughness) from four posed

shaded 2D views of an object. This is done on an

internal dataset of 256 artist-created 3D meshes, cu-

rated for high-quality materials. Since there are no

existing few-view feed-forward PBR reconstructors,

we conduct an ablation study in Tab. 1 and Figs.lg’igure 3: Qualitative ablation on albedo
and 13. generation. In text-to-3D, generating 4 views
While adding material prediction with additionarepresenting albedo colors alongside shaded
MLP heads provides some improvements, we dRGB colors improves material estimation for
serve that incorporating the deferred shading loss apidr 3D reconstructor. With both inputs, the
texture re nement is essential for high-quality PBRnodel accurately predicts the armor as metal-
decomposition. Example PBR predictions are shovi 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 speedtp 30s 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 rst 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 at texture



Figure 4:Qualitative comparison for sparse-view reconstruction AssetGen gives better geometry

(shown in orange) and higher delity 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 re ner greatly enhances texture delity

(row 5 and 6).



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-de ned 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 Mesh§5/2ujid

LumaAl Genie 1.084], proprietary text-to-3D methods with PBR work ow capable of creating assets
within 30 and15 s respectively. A comparison with the signi cantly longer re nement 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. 6 and 12 provide more examples and comparisons and
showcase ne-grained material control.

For quantitative evaluation, we conducted an extensive user study in Tab. 2 using the 404 deduplicated
text prompts from DreamFusioB§]. Users were showB60 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 signi cant preference for AssetGen's meshes.

Finally, we ablate the effect of generating dual-channel albedo+shaded grids compared to albedo-only
input in Fig. 3 revealing signi cant PBR decomposition superiority of the former. Additionally,
Fig. 13 illustrates the effect of our deferred shading loss.

5 Conclusions

We have introduced Meta 3D AssetGen, a signi cant 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 re nement network.
Comprehensive evaluations and ablations demonstrate the effectiveness of these design choices and
state-of-the-art performance.
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