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Abstract

Recent work [28, 5] has demonstrated that volumetric
scene representations combined with differentiable volume
rendering can enable photo-realistic rendering for chal-
lenging scenes that mesh reconstruction fails on. How-
ever, these methods entangle geometry and appearance
in a “black-box” volume that cannot be edited. In-
stead, we present an approach that explicitly disentangles
geometry—represented as a continuous 3D volume—from
appearance—represented as a continuous 2D texture map.
We achieve this by introducing a 3D-to-2D texture mapping
(or surface parameterization) network into volumetric rep-
resentations. We constrain this texture mapping network us-
ing an additional 2D-to-3D inverse mapping network and
a novel cycle consistency loss to make 3D surface points
map to 2D texture points that map back to the original 3D
points. We demonstrate that this representation can be re-
constructed using only multi-view image supervision and
generates high-quality rendering results. More importantly,
by separating geometry and texture, we allow users to edit
appearance by simply editing 2D texture maps.

1. Introduction

Capturing and modeling real scenes from image inputs
is an extensively studied problem in vision and graphics.
One crucial goal of this task is to avoid the tedious manual
3D modeling process and directly provide a renderable and
editable 3D model that can be used for realistic rendering
in applications, like e-commerce, VR and AR. Traditional
3D reconstruction methods [38, 39, 20] usually reconstruct
objects as meshes. Meshes are widely used in rendering
pipelines; they are typically combined with mapped textures
for appearance editing in 3D modeling pipelines.

However, mesh-based reconstruction is particularly chal-
lenging and often cannot synthesize highly realistic images

Research partially done When F. Xiang was an intern at Adobe Re-
search.

o) Hh

f) &=
"")':’?&"—"’— -:-:-a-cé:E:'E R
A NN
Figure 1. NeuTex is a neural scene representation that represents
geometry as a 3D volume but appearance as a 2D neural texture in
an automatically discovered texture UV space, shown as a cube-
map in (e). NeuTex can synthesize highly realistic images (b) that
are very close to the ground-truth (a). Moreover, it enables intu-
itive surface appearance editing directly in the 2D texture space;
we show an example of this in (c), by using a new texture (f) to
modulate the reconstructed texture. Our discovered texture map-
ping covers the object surface uniformly, as illustrated in (d), by
rendering the object using a uniform checkerboard texture (g).

for complex objects. Recently, various neural scene rep-
resentations have been presented to address this scene ac-
quisition task. Arguably the best visual quality is obtained
by approaches like NeRF [28] and Deep Reflectance Vol-
umes [5] that leverage differentiable volume rendering (ray
marching). However, these volume-based methods do not
(explicitly) reason about the object’s surface and entangle
both geometry and appearance in a volume-encoding neural
network. This does not allow for easy editing—as is possi-
ble with a texture mapped mesh—and significantly limits
the practicality of these neural rendering approaches.

Our goal is to make volumetric neural reconstruction
more practical by enabling both realistic image synthesis
and flexible surface appearance editing. To this end, we
present NeuTex—an approach that explicitly disentangles
scene geometry from appearance. NeuTex represents geom-
etry with a volumetric representation (similar to NeRF) but
represents surface appearance using 2D texture maps. This
allows us to leverage differentiable volume rendering to re-
construct the scene from multi-view images, while allowing



for conventional texture-editing operations (see Fjg. 2. Related Work

As in NeRF P¢], we march a ray through each pixel, _ _
regress volume density and radiance (using fully connectedScene representationsDeep learning based methods have
MLPs) at sampled 3D shading points on the ray, accumu-€xplored various classical scene representations, includ-

late the per-point radiance values to compute the nal pixel ing volumes [8, 47, 35, 4(], point clouds B4, 2, 49,
color. NeRF uses a single MLP to regress both density andmeshes 19, 4], depth maps {2, 17] and implicit func-
radiance in a 3D volume. While we retain this volumetric tions [5, 27, 29, 51]. However, most of them focus on ge-

density-based representation for geometry, NeuTex repre-ometry reconstruction and understanding and do not aim to
sents radiance in a 2D (UV) texture space. In particular, we perform realistic image synthesis. We leverage volumetric
train atexture mappingVLP to regress a 2D UV coordi-  neural rendering s, 4] for realistic rendering; our method
nate at every 3D point in the scene, and use another MLPachieves higher rendering quality than other neural render-
to regress radiance in the 2D texture space for any UV lo-ing methods {0, 41].

cation. Thus, given any 3D shading point in ray marching,
our network can obtain its radiance by sampling the recon-
structed neural texture at its mapped UV location.

Mesh-based reconstruction and rendering. 3D polyg-
onal meshes are one of the most popular geometry rep-
resentations, widely used in 3D modeling and rendering
Naively adding a texture mapping network to NeRF (and pipelines. Numerous traditional 3D reconstruction tech-
supervising only with a rendering loss) leads to a degenerateniques have been proposed to directly reconstruct a mesh
texture mapping that does not unwrap the surface and canfrom multiple captured images, including structure from
not support texture editing (see Fi§). To ensure thatthe  motion [3¢], multi-view stereo |2, 21, 39, and surface
estimated texture space reasonably represents the objectextraction P5, 20]. Recently, many deep learning based
2D surface, we introduce a novel cycle consistency loss.methods {4, 50, 42, 7, 10] have also been proposed, im-
Speci cally, we consider the shading points that contribute proving the reconstruction quality in many of these tech-
predominantly to the pixel color along a given ray, and cor- niques. In spite of these advances, it is still challenging to
respond to the points either on or close to the surface. Wereconstruct a mesh that can directly be used to synthesize
train an additionainverse mappingLP to map the 2D photo-realistic images. In fact, many image-based render-
UV coordinates of these high-contribution poifttack to ing techniquesf, 3, 15] have been presented to x the ren-
their 3D locations. Introducing this inverse-mapping net- dering artifacts from mesh reconstruction; however, they of-
work forces our model to learn a consistent mapping (sim- ten leverage view-dependent texture mag,[which can-
ilar to a one-to-one correspondence) between the 2D UVnot be easily edited. We instead leverage volumetric neural
coordinates and the 3D points on the object surface. Thisrendering to achieve realistic image synthesis; our approach
additionally regularizes the surface reasoning and textureexplicitly extracts surface appearance as view-independent
space discovery process. As can be seen inFigur full textures, just like standard textures used with meshes, al-
model recovers a reasonable texture space, that can suppolgwing for broad texture editing applications in 3D model-
realistic rendering similar to previous work while also al- ing and content generation.

lowing for intuitive appearance editing.
Neural rendering. Recently, deep learning-based meth-

derina f ks. In additi NeRE how that | ods have proposed to ameliorate or completely bypass
rendering frameworks. In addition to NeRF, we show that it ,qqp reconstruction to achieve realistic neural renderings

can be combined with Neural Re ectance Field$ o re- of real scenes for view synthesis] 48, 41, 40], relighting
construct BRDF parameters as 2D texture maps (se€¥ig. [49, 32, &], and many other image synthesis taskg][ In

enabling both view synthesis and relighting. particular, NeRF 1¢], Deep Re ectance Volumes] and
Naturally, NeuTex is more constrained than a fully- other relevant works/, 23] model a scene using neural vol-

volumetric method; this leads to our nal rendering quality umetric representations (that encode geometry and appear-
to be on par or slightly worse than NeREg[. Nonethe- ance) and leverage differentiable volume renderiifg fo

less, we demonstrate that our approach can still synthesizesynthesize highly photo-realistic images. However, these
photo-realistic images and signi cantly outperform both volume representations do not explicitly reason about the
traditional mesh-based reconstruction methods] [and 2D surface of a scene and are essentially “black-box” func-
previous neural rendering methodsl] 40]. Most impor- tions that cannot be easily modi ed after reconstruction. In
tantly, our work is the rst to recover a meaningful surface- contrast, we introduce a novel neural scene representation
aware texture parameterization of a scene and enable surthat offers direct access to the 2D surface appearance in vol-

Our technique can be incorporated into different volume

face appearance editing applications (as in Eignd5). umetric neural rendering. Our representation has disentan-
This, we believe, is an important step towards making neu-gled geometry and appearance components, and models ap-
ral rendering methods useful in 3D design work ows. pearance as a 2D neural texture in a auto-discovered texture
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Figure 2. Overview. We present a disentangled neural representation consisting of multiple MLPs for neural volumetric rendering. As in
NeRF [28], for geometry we use an MLP (4) F, to regress volume density o at any 3D point x = (z,y, 2). In contrast, for appearance,
we use a texture mapping MLP (1) F,, to map 3D points to 2D texture UVs, u = (u, v), and a texture network (3) Fix to regress the 2D
view-dependent radiance in the UV space given a UV u and a viewing direction d = (6, ¢). One regressed texture (for a fixed viewing
direction) is shown in (5). We also train an inverse mapping MLP (2) F,;;* that maps UVs back to 3D points. We leverage a cycle loss
(Eqn. 12) to ensure consistency between the 3D-to-2D mapping Fyy and the 2D-to-3D F,! mapping at points on the object surface. This
enables meaningful surface reasoning and texture space discovery, as illustrated by (6, 7). We demonstrate the meaningfulness of the UV
space learned by Fyy, (6) by rendering the object with a uniform checkerboard texture. We also show the result of the inverse mapping
network (7) by uniformly sampling UVs in the texture space and unprojecting them to 3D using F,; !, resulting in a reasonable mesh.

space. Unlike previous volumetric neural rendering meth-
ods, this allows for easy texture/appearance editing.

Learning textures. Texture mapping is a standard tech-
nique widely used with meshes. Here, surface appearance is
represented by a 2D texture image and a 3D-to-2D mapping
from every mesh vertex to the texture space. Textures can
be easily controlled and edited by artists as needed to cre-
ate diversities of scene appearance. Recently, many deep
learning based methods leverage texture-based techniques
to model geometry or appearance in a scene [16, 14, 43].
Many works learn a 2D texture for a mesh by assuming
a known mesh template [19, 37, 13], focusing on recon-
struction problems for specific object categories. Our ap-
proach works for arbitrary shapes, and we instead learn a
2D texture in a volume rendering framework, discovering
a 2D surface in the 3D volume space. Thies et al. [43]
optimize neural textures to do rendering for a known fixed
mesh with given UV mapping. In contrast, our approach si-
multaneously reconstructs the scene geometry as a volume,
discovers a 2D texture UV space, and regresses a neural
texture in the self-discovered texture space. Other meth-
ods learn appearance by regressing colors directly from 3D
points [30, 31], which requires a known mesh and does not
provide a 2D UV space necessary for texture editing.

AtlasNet [14] and follow-up work [33] train neural net-
works to map 2D UV coordinates into 3D locations (like an
inverse texture mapping), modeling an object 2D surface as
an unwrapped atlas. These works focus on learning gen-
eralized geometry representations, and cannot be directly
applied to arbitrary shapes or used for realistic rendering.
Our network instead discovers a cycle mapping between a
2D texture space and a 3D volume, learning both a texture
mapping and an inverse mapping. We leverage differen-
tiable volume rendering to model scene appearance from

captured images for realistic rendering. We also show that
our neural texture mapping, supervised using a rendering
loss and a cycle mapping loss, can discover a more uniform
surface than a simple AtlasNet, supervised by a noisy point
cloud from COLMAP [39] (see Fig. 7).

3. Neural Texture Mapping
3.1. Overview

We now present the NeuTex scene representation and
demonstrate how to use it in the context of volumetric neu-
ral rendering. While NeuTex can enable disentangled scene
modeling and texture mapping for different acquisition and
rendering tasks, in this section, we demonstrate its view
synthesis capabilities with NeRF [28]. An extension to re-
flectance fields (with [4]) is discussed in Sec. 5.4.

As shown in Fig. 2, our method is composed of four
learned components: F,, Fiey, Fyy and F;!. Unlike NeRF,
which uses a single MLP, NeuTex uses a disentangled neu-
ral representation consisting of three sub-networks, which
encode scene geometry (F,), a texture mapping function
(Fuy), and a 2D texture (Fiex) respectively (Sec. 3.2). In ad-
dition, we use an inverse texture mapping network (1) to
ensure that the discovered texture space reasonably explains
the scene surfaces (Sec. 3.3). We introduce a cycle mapping
loss to regularize the texture mapping and inverse mapping
networks, and use a rendering loss to train our neural model
end-to-end to regress realistic images (Sec. 3.4).

3.2. Disentangled neural scene representation

Volume rendering. Volume rendering requires volume
density o and radiance c at all 3D locations in a scene. A
pixel’s radiance value (RGB color) I is computed by march-
ing a ray from the pixel and aggregating the radiance values



¢; of multiple shading points on the ray, as expressed by:  Neural representation. In summary, our full radiance eld
X is a composition of three functions: a geometry function

I= . Ti(d exp( i )ei; @ F , a texture mapping functioR,,, and a texture function
| X1 Fiex, given by:
Ti = exp( i) (2) N Sy . e
i=1 (; ©)=F;c(x;d) = (F (X); Fex(Fu(x);d)):  (7)

wherei =1;::;5N denotes.the index of a shading point ON We use three separate MLP networks for, Fy, andFie.
the ray, ; represents the distance between two consecutiveypjike the black-box NeRF network, our representation has

points,T; is known as the transmittance, agdand ; are  gjsentangled geometry and appearance modules, and mod-
the volume density (extinction coef cient) and radiance at g|s gppearance in a 2D texture space.

shading point. The above ray marching process is derived _ _
as a discretization of a continuous volume rendering inte- 3.3. Texture space and inverse texture mapping

gral; for more details, please see previous warH.[ As described in Eqrb, our texture space is parameter-

Radiance eld. In the context of view synthesis, a general 1Z€d by a 2D UV coordinate = (u;v). While any con-
volume scene representation can be seen as a 5D functiofinuous 2D topology can be used for the UV space in our

(i.e. aradiance eld, as referred to byd): network, we use a 2D unit sphere for most results, where
! is interpreted as a point on the unit sphere.
F.o:(x:d)! (; o) (3) Directly training the representation networks ( Fyy,

Ftex) With pure rendering supervision often leads to a highly
which outputs volume density and radiar(cec) given a distorted texture space and degenerate cases where multiple
3D locationx = (x;y;z) and viewing directiord = ( ; ). points map to the same UV coordinate, which is undesir-
NeRF €] proposes to use a single MLP network to rep- able. The ideal goal is instead to uniformly map the 2D
resentF . . as a neural radiance eld and achieves photo- surface onto the texture space and occupy the entire texture
realistic rendering results. Their single network encapsu-space. To achieve this, we propose to jointly train an “in-
lates the entire scene geometry and appearance as a whol&€rse” texture mapping netwoik,,* that maps a 2D UV
however, this “bakes” the scene content into the trained net-coordinateu on the texture to a 3D point in the volume:
work, and does not allow for any applications (e.g., appear- 1.1
ance editing) beyond pure view synthesis. Foiut x )

F.,! projects the 2D texture space onto a 2D manifold
(in 3D space). This inverse texture mapping allows us to
reason about the 2D surface of the scene (corresponding to
the inferred texture) and regularize the texture mapping pro-

Foox! Fe:(x;d)! c 4) cess. We Iever_age our texture mapping and inverse mapping
networks to build a cycle mapping (a one-to-one correspon-
In particular,F regresses volume density (i.e., scene ge- dence) between the 2D object surface and the texture space,

ometry), andF, regresses radiance (i.e., scene appearance)/€ading to high-quality texture mapping.
We model them as two independent networks. 3.4. Training neural texture mapping

DisentanglingF . . In contrast, we propose explicitly de-
composing the radiance eld . ¢ into two components;
andF., modeling geometry and appearance, respectively:

Texture mapping. We further propose to model scene ap-  we train our full network, consisting & , Fiex, Fuy,
pearance in a 2D texture space that explains the object'sandF !, from end to end, to simultaneously achieve sur-

2D surface appearance. We explicitly map a 3D pgirt face discovery, space mapping, and scene geometry and ap-
(X;y;z) inavolume onto a 2D UV coordinate= ( u; V) in pearance inference.
a texture, and regress the radiance in the texture space given
2D UV coordinates and a viewing directi¢n; d). We de- Rendering loss.We directly use the ground truth pixel radi-
scribe the 3D-to-2D mapping as a texture mapping function ance va!ud gt in .the captured images to supervise our ren-
F.v and the radiance regression as a texture fundign dered pixel radiance valuefrom ray marching (Eqnl).
The rendering loss for a pixel ray is given by:
Fow:x! u; Fiex: (u;d) ! c: 5
w - X ) tex : (U30) ®) Lrender= Klgt | kg: ()]

Our appearance functiof; is thus a composition of the  This the main source of supervision in our system.
two functions:
Cycle loss.Given any sampled shading pointon aray in

Fe(X;d) = Frex(Fuv(x);d): (6) ray marching, our texture mapping network nds its Wy















texture in a automatically discovered texture space. We pro-
pose to jointly train a 3D-to-2D texture mapping network
and a 2D-to-3D inverse mapping network to achieve sur- [12]
face reasoning and texture space discovery, using a surface-
aware cycle consistency loss. As demonstrated, our ap-
proach can discover a reasonable texture space that mean-
ingfully explains the object surface. Our method enables
exible surface appearance editing applications for neural
volumetric rendering.
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