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Abstract. We investigate the problem of learning to generate 3D para-
metric surface representations for novel object instances, as seen from
one or more views. Previous work on learning shape reconstruction from
multiple views uses discrete representations such as point clouds or voxels,
while continuous surface generation approaches lack multi-view consis-
tency. We address these issues by designing neural networks capable of
generating high-quality parametric 3D surfaces which are also consistent
between views. Furthermore, the generated 3D surfaces preserve accurate
image pixel to 3D surface point correspondences, allowing us to lift texture
information to reconstruct shapes with rich geometry and appearance.
Our method is supervised and trained on a public dataset of shapes
from common object categories. Quantitative results indicate that our
method significantly outperforms previous work, while qualitative results
demonstrate the high quality of our reconstructions.
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1 Introduction

Reconstructing the 3D shape of an object from one or more views is an important
problem with applications in 3D scene understanding, robotic navigation or
manipulation, and content creation. Even with multi-view images, the problem can
be challenging when camera baselines are large, or when lighting and occlusions
are inconsistent across the views. Recent developments in supervised deep learning
have demonstrated the potential to overcome these challenges.

Ideally, a multi-view surface reconstruction algorithm should have the fol-
lowing desirable 3C properties: surface continuity, multi-view consistency and
2D-3D correspondence. First, it should be able to reconstruct high-quality shapes
that can be readily used in downstream applications. While much progress has
been made in learning shape representations such as point clouds [11,25,39,17],
volumetric grids [9,41,42], and meshes [44,47], their geometric quality is limited
by the discrete nature of the underlying representation. Therefore, representations
such as implicit functions [34,37,7], and UV surface parametrizations [15,10] are
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Fig. 1. Pix2Surf learns to generate a continuous parametric 3D surface of an object
seen in one or more views. Given a single image, we can reconstruct a continuous partial
3D shape (top row). When multiple views are available, we can aggregate the views to
form a set of consistent 3D surfaces (bottom row). Our reconstructions preserve 2D
pixel to 3D shape correspondence that allows the transport of textures, even from real
images (last column).

preferable, since they can represent a continuous surface at arbitrary resolution.
Second, the algorithm should be able to reconstruct objects from a sparse set of
views while ensuring that the combined shape is consistent across the views.
Recent approaches exploit geometric constraints to solve this problem but require
additional supervision through knowledge of the exact camera geometry [5].
Finally, the algorithm should provide accurate correspondences between 2D
pixels and points on the 3D shape, so as to accurately transport object properties
(e.g., texture) directly from 2D and support aggregation across views. While
some extant methods satisfy a subset of these properties, we currently lack any
method that has all of them.

In this paper, we present Pix2Surf, a method that learns to reconstruct
continuous and consistent 3D surface from single or multiple views of novel
object instances, while preserving accurate 2D–3D correspondences. We build
upon recent work on category-specific shape reconstruction using Normalized
Object Coordinate Space (NOCS) [43,39], which reconstructs the 3D point cloud
as a NOCS map – an object-centered depth map – in a canonical space that
is in accurate correspondence with image pixels. Importantly, NOCS maps do
not require knowledge of camera geometry. However, these maps do not directly
encode the underlying surface of the object. In this paper, we present a method
that incorporates a representation of the underlying surface by predicting a
continuous parametrization that maps a learned UV parameter space to 3D
NOCS coordinates, similar in spirit to AtlasNet [15]. Unlike AtlasNet, however,
our approach also provides accurate 2D–3D correspondences and an emergent
learned chart that can be used to texture the object directly from the input
image.

When multiple views of an object are available, we also present a version
of Pix2Surf that is capable of reconstructing an object by predicting an atlas,
i.e., view-specific charts assembled to form the final shape. While in the NOCS
approach [39] individual views can also be directly aggregated since they live in
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the same canonical space, this näıve approach can lead to discontinuities at view
boundaries. Instead, for view-consistent reconstruction, we aggregate multiple
views at the feature level and explicitly enforce consistency during training.

Extensive experiments and comparisons with previous work show that Pix2Surf
is capable of reconstructing high-quality shapes that are consistent within and
across views. In terms of reconstruction error, we outperform state-of-the-art
methods while maintaining the 3C properties. Furthermore, accurate 2D–3D
correspondences allow us to texture the reconstructed shape with rich color
information as shown in Fig. 1. In summary, the primary contributions of our
work are:

– a method to generate a set of continuous parametric 3D surfaces represent-
ing the shape of a novel object observed from single or multiple views;

– the unsupervised extraction of a learned UV parametrization that retains
accurate 2D to 3D surface point correspondences, allowing lifting of texture
information from the input image; and

– a method to consistently aggregate such parametrizations across different
views, using multiple charts.

Emergent Properties: A notable emergent property of our network is that
the learned UV parametrization domains are consistent across different views
of the same object (i.e., corresponding pixels in different views have similar UV
coordinates) – and even across views of related objects in the same class. This is
despite the UV domain maps only being indirectly supervised for consistency,
through 3D reconstruction.
Scope: In this work, our focus is on continuity, consistency, and 2D image{3D
surface correspondences. We focus on the case when the multi-view images have
little overlap, a setting where traditional stereo matching techniques fail. Our
method only requires supervision for the input views and their corresponding
NOCS maps but does not require camera poses or ground truth UV parametriza-
tion. We note that the generated surfaces need not be watertight, and continuity
at the seams between views is not guaranteed.

2 Related Work

There is a large body of work on object reconstruction which we categorize
broadly based on the underlying shape representation.
Voxels: The earliest deep-learning-based methods predict a voxel representation
of an object’s shape. Many of these methods are trained as generative models
for 3D shapes, with a separate image encoder to obtain the latent code for
a given image [14]. Later methods use more efficient data structures, such as
octrees [40,45,36] to alleviate the space requirements of explicit voxels. Multiple
views can also be aggregated into a voxel grid using a recurrent network [9].
Several methods use supervision in the form of 2D images from different view-
points, rather than a 3D shape, to perform both single-view and multi-view
voxel reconstruction [19,49,42,16]. These methods usually use some form of a
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differentiable voxel renderer to obtain a 2D image that can be compared to the
ground truth image. The quality gap of these methods to their counterparts
that use 3D supervision is still quite large. Voxels only allow for a relatively
coarse representation of a shape, even with the more efficient data representations.
Additionally, voxels do not explicitly represent an object’s surface prompting the
study of alternative representations.

Point Clouds: To recover the point cloud of an object instance from a single
view, methods with 3D supervision [11,25] and without 3D supervision [17] have
been proposed. These methods encode the input image into a latent code thus
losing correspondences between the image pixels and the output points. Some
methods establish a coarse correspondence implicitly by estimating the camera
parameters, but this is typically inaccurate. A recent method reconstructs a
point cloud of a shape from multiple views [6], but requires ground truth camera
parameters. A large body of monocular or stereo depth estimation methods
obtain a point cloud for the visible parts of the scene in an image, but do not
attempt to recover the geometry of individual object instances in their local
coordinate frames [3]. NOCS [43,39] obtains exact correspondences between 2D
pixels and 3D points by predicting the 3D coordinates of each pixel in a canonical
coordinate frame. NOCS can even be extended to reconstruct unseen parts of
an object [39] (X-NOCS). All these approaches that output point clouds do not
describe the connectivity of a surface, which has to be extracted separately – a
classical and difficult geometry problem. We extend NOCS to directly recover
continuous surfaces and consistently handle multiple views.

Implicit Functions: Poisson Surface Reconstruction [22,23] has long been the
gold standard for recovering an implicit surface from a point cloud. More recently,
data-driven methods have been proposed that model the implicit function with a
small MLP [8,34,31], with the implicit function representing the occupancy prob-
ability or the distance to the surface. These methods can reconstruct an implicit
function directly from a single image, but do not handle multiple views and do
not establish a correspondence between pixels and the 3D space. PiFU [37] and
DISN [48] are more recent methods that establish a correspondence between pix-
els and 3D space and use per-pixel features to parameterize an implicit function.
Both single and multiple views can be handled, but the methods either require
ground truth camera poses as input [37], or use a network to get a coarse approx-
imation of the camera poses, giving only approximate correspondences [48]. Some
recent works integrate the neural rendering with deep implicit functions [32,29],
but they depend on the known camera information. Furthermore, to obtain an
explicit surface from an implicit function, an expensive post-processing step is
needed, such as Marching Cubes [30] or ray tracing.

Parametric Surfaces or Templates: Several methods attempt to directly
reconstruct a parametric representation of a shape’s surface. These parametric
representations range from class-specific templates [18,24], general structured
templates [13], or more generic surface representations, such as meshes or contin-
uous functions. Pixel2Mesh and its sequel [44,47] deform a genus-zero mesh based
on local image features at each vertex, obtained by projecting the vertices to the



Pix2Surf 5

image plane(s). Camera parameters are assumed to be known for this projection.
3DN [46] deforms a given source mesh to approximate a single target image,
using global features for both the source and the target, without establishing
correspondences to the target pixels. Several methods use 2D images instead of
3D meshes as supervisory signal [21,28,35,20] using differentiable mesh renderers.
This makes it easier to collect training data, but the accuracy of these methods
still lags behind methods with 3D supervision. AtlasNet [15] represents shapes
with continuous 2D patches that can be inferred from a single input image, or
from a video clip [26]. Mesh DeformNet [33] introduces topology modification to
AtlasNet. Similar to AtlasNet, we use a 2D patch as a UV parametrization, but
we handle multiple non-adjacent views and establish correspondences between
2D pixels and 3D surface points.

3 Preliminaries

We build our approach upon two previous ideas that we describe below.
(X-)NOCS: Normalized object coordinate space (NOCS) is a canonicalized
unit container space used for category-level reasoning of object pose, size, and
shape [39,43]. Instances from a given object category are normalized for their
position, orientation, and size, thus disentangling intra-category shape variation
from the exact pose and size of instances. NOCS maps (see Fig. 2) are perspective
projections of the 3D NOCS shape onto a specific camera and can be interpreted
as object-centered depth maps that simultaneously encode mask and partial
shape of the object. When used to predict 3D point cloud from images, NOCS
maps retain correspondences from 2D pixels to 3D points, and can be used to
transport image texture directly to 3D. X-NOCS is an extension of NOCS maps
to also encode the occluded parts of a shape [39]. However, using NOCS maps
for reconstruction results in a discontinuous point cloud.
Surface Parametrization: A two-manifold surface in 3D can be mapped to a
2D plane (chart) parametrized by two coordinates (u, v). This UV parametriza-
tion of a 3D surface is widely used in computer graphics and, more recently, in
3D shape reconstruction [15,24]. The parameterization can be limited in expressing
complex shapes, depending on the functional formulation used.

Fig. 2. Given a single image,
X-NOCS [39] reconstructs a point
cloud preserving pixel–3D corre-
spondece. AtlasNet [15] learns
shape as a continuous surface.

For example, in typical CAD settings, low-
degree polynomial or rational functions are
used to represent the mappings. In our case,
instead, we use a fully connected network to
overcome the limitation of expressibility. A
single map, however, still lacks the ability to
describe complicated shapes with high-genus
topology. Thus, multiple charts are often used,
where multiple 2D planar patches are mapped
by separate maps to a 3D surface – effectively
partitioning the surfaces into parts, each of
which is the image of a different map in the
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