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Figure 1: Gallery of modeling results. With a sketch contour input (top), our method can automatically generate its corre-
sponding 3D model with voxel representation (middle) and then convert and refine it to its 3D mesh representation (bottom).

ABSTRACT
In this paper, we propose a novel space that jointly embeds both
2D occluding contours and 3D shapes via a variational autoencoder
(VAE) and a volumetric autoencoder. Given a dataset of 3D shapes,
we extract their occluding contours via projections from random
views and use the occluding contours to train the VAE. Then, the
obtained continuous embedding space, where each point is a la-
tent vector that represents an occluding contour, can be used to
measure the similarity between occluding contours. After that, the
volumetric autoencoder is trained to first map 3D shapes onto the
embedding space through a supervised learning process and then
decode the merged latent vectors of three occluding contours (from
three different views) of a 3D shape to its 3D voxel representation.
We conduct various experiments and comparisons to demonstrate
the usefulness and effectiveness of our method for sketch-based 3D
modeling and shape manipulation applications.
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1 INTRODUCTION
As an intuitive method of creating 3D models, sketch-based mod-
eling has been widely studied during the past several decades. A
variety of methods and systems have been developed to explore
multiple conceptual options, without finalizing geometric details in
the early design stage [Bae et al. 2008; Kara and Shimada 2007, 2008;
Shao et al. 2013]. However, since at the early stage modelers may
lack a clear mental image on the target shape, current methods that
typically require user sketches with abundant lines, might deceler-
ate the modeling effectiveness. For example, to model a 3D shape
from a single view sketch, besides simple occluding contours, the
modelers need to have extra information, such as supportive lines
[Li et al. 2017] or lines extracted from images [Chen et al. 2013] to
provide 3D surface curvature information and other details. There-
fore, efficient shape generation solely based on simple occluding
contours is still considered a wide open problem to date.
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Inspired by the above problem, we present a new method by
jointly embedding 2D occluding contours and 3D shapes into a
space via a variational autoencoder (VAE) and a volumetric au-
toencoder. In the space, the similarities of both 3D shapes and 2D
occluding contours can be measured by the distances of their cor-
responding latent vector representations. Speci�cally, we extract
multiple occluding contours from a number of views for each 3D
object in a 3D shape dataset by employing a well-known, non-
photorealistic rendering algorithm [DeCarlo et al. 2003]. These
occluding contours are then used as the training data to train a vari-
ational autoencoder, which can map an occluding contour to a point
in the embedding space. The coordinates of each point are a latent
vector that not only can measure the similarity of the occluding
contours but also can be decoded to the original occluding contour
representation. Moreover, when the viewpoint of a 3D shape are
determined, the 3D shape also has its coordinates in the embedding
space, based on its projected occluding contour.

We then consider the problem of mapping the geometry of 3D
shapes to this embedding space. In other words, we expect the latent
vectors in the embedding space can also represent 3D geometry,
and can even be decoded to recover corresponding 3D models. Since
the occluding contours of a 3D shape from three orthogonal views
(i.e., front, top, and side views) can typically capture its geometry,
we expect the vector encoded by the volumetric autoencoder could
consist of the latent vectors of the three occluding contours of the
3D shape. To this end, we employ a supervised learning framework
to train a volumetric autoencoder for the voxel representation of
3D shapes. Therefore, in the embedding space, for any group of
latent vectors that respectively represent the occluding contours
of the three di�erent, orthogonal views of a 3D shape, we can
concatenate them into a new vector and further decode it to the
voxel representation of the underlying 3D shape. As shown in
Figure 2, once we update an occluding contour to a new one by
changing the associated fragment(s) in the vector, a new 3D shape
with the new occluding contour can be generated through the
volumetric autoencoder. This is mainly because the contours from
the other two views provide some additional information to assist
the changed contour to form its 3D shape.

Based on the proposed embedding space, we demonstrate its
selected applications on 3D modeling and shape manipulation. In
the 3D modeling application, given a 2D occluding contour drawn
manually or extracted from an image, the trained VAE is �rst used
to encode it to a latent vector in the embedding space. We then
search for its neighbors in the embedding space that represent the
occluding contours with similar shapes. Since these neighbors are
actually generated from 3D shapes, we can also �nd the other two
orthogonal contour views of the neighbors as the missing contour
views to supplement the input single occluding contour. To this
end, just like sketch-based modeling, our method can generate
a 3D shape with the vector consists of the three latent vectors
that correspond to the input occluding contour and the other two
supplemented contours. In the shape manipulation application,
given a 3D model, we can perform shape manipulations on it using
the similar occluding contours in the embedding space to replace
certain contour views of the given model to generate 3D shape
variations. The manipulation is only focused on the outline of a
3D shape instead of its surface details. Finally, we demonstrate

the e�ectiveness of our method through various experiments and
comparisons with the state-of-the-art, sketch-based 3D modeling
methods [Li et al. 2018; Xie et al. 2013]. Figure 1 shows some results
generated by our method.

In sum, our method makes the following two major contributions:
1) a new framework to form an embedding space of 3D shapes and
2D occluding contours via a variational autoencoder and a volumet-
ric autoencoder; and 2) two selected applications of the embedding
space for sketch-based 3D modeling and shape manipulations.

2 RELATED WORK
In this section we give a categorized review of the recent related
literature, including the joint embedding of shapes and images,
sketch-based 3D modeling, and learning-based shape synthesis,
especially deep neural network based methods. Readers are referred
to [Cook and Agah 2009; Ding and Liu 2016; Kazmi et al. 2014; Olsen
et al. 2009] for comprehensive surveys on sketch-based modeling.

Joint embedding spaces.Joint embedding methods have been
employed for classi�cation and retrieval tasks. To retrieve 3D shapes
by 2D images or retrieve 2D images by 3D shapes, Li et al. [2015]
proposed a joint embedding space for images and 3D shapes, which
can bridge the gap between 3D shapes and images. Instead of link-
ing 2D and 3D spaces, Tasse et al. [2016] build semantic-based
descriptors for 3D shapes, sketches, and images by embedding 3D
shapes, sketches, and images into a word vector space to handle di-
verse retrieval tasks. It is di�cult to directly extend their method for
our work, since we need a continuous embedding space to handle
shape generation and manipulation tasks. Embedding spaces can
also be utilized to analyze arrangements and shapes of parts across
models [Averkiou et al. 2014]. To easily present high-dimensional
shapes in a low-dimensional space, embedding spaces have also
been widely investigated for the shape modeling of both human
bodies [Anguelov et al. 2005; Loper et al. 2015] and faces [Blanz
et al. 1999]. In our work, the embedding space is constructed by the
latent vectors of 2D contours. Then, we further learn a volumetric
autoencoder to project 3D shapes onto the embedding space. This
process is similar to the work of[Li et al. 2015], where a space with
3D shapes and their mapped 2D images is constructed. Therefore,
we borrow the term of �joint embedding space" for our method.

Sketch-based modeling. Hand-drawn sketches, as an intuitive
input, have been widely utilized for interactive 3D modeling [Fu
et al. 2016; Gingold et al. 2009; Huang et al. 2017; Xie et al. 2013;
Zeleznik et al. 2007]. Some existing methods [Igarashi et al. 2007;
Nealen et al. 2007] have been focused on using simple lines to gen-
erate a 3D shape based on local geometric properties implied by
lines. They typically also support editing operations such as cutting,
growing, and blending. However, these methods can only gener-
ate simple models and are less e�ective for organic shapes with
smoothly varying surfaces. Later, researchers introduced methods
to generate free-form surfaces by exploiting geometric constraints
in speci�c types of line drawings [Karpenko and Hughes 2006; Xu
et al. 2014]. Fan et al. [2013] utilize shadow guidance to guide the
sketching part and further search for a nearest shape from a dataset
to combine a new 3D shape. Since multi-view sketches can convey
depth information directly, River et al. [2010] introduced a two-view
sketch-based modeling system. Recently, Li et al. [2017] proposed
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a sketch-based 3D modeling method, where some support lines
are employed to indicate the surface curvatures of 3D models and
predict the curvature �eld. To generate occluded parts, multi-view
interaction is supported in their method. Even though the above
geometric methods achieve certain successes on the generation of
3D shapes, their user input still requires non-trivial prior knowl-
edge, instead of drawing simple occluding contours. In addition,
the concept of sketch-based modeling has also been extended for
creating 3D facial expressions [Sucontphunt et al. 2008] and various
man-made objects [Chen et al. 2013; Xu et al. 2016].

Learning-based shape synthesis. Learning-based shape syn-
thesis methods aim to learn geometric structure from 3D datasets
in order to extract the features of 3D shapes or even generate plausi-
ble 3D shapes. Several methods were designed to predict the depth
image and norms from a single image [Eigen and Fergus 2015;
Hoiem et al. 2005; Saxena et al. 2008; Wang et al. 2015] through
supervised learning. Human face reconstruction through images
has been well studied [Richardson et al. 2017; Tuáº¥n Tráº§n et al.
2018; Winkler et al. 2018]. Gkioxari et al. [2019] proposed a method
to predict the mesh from an image. More complex shape recon-
struction tasks have attracted a lot of attentions in recent years.
For example, Tatarchenko et al. [2016] utilize the encoder-decoder
architecture of convolutional network (ConvNet) to predict mul-
tiple views of a given object in 2D space. Later, Lun et al. [2017]
extend the idea and use the U-net architecture [Ronneberger et al.
2015] to generate 3D shapes with the front and side view sketches.
However, the two views of sketches are still di�cult to draw since
there still exist some shared information between the two views
such as the height of a standing character. A single-view sketch-
based modeling method [Li et al. 2018] was also proposed to predict
the curvature �eld with the ConvNet and U-Net architecture. This
method requires support lines for surface curvatures and needs
multi-view interactions to generate full 3D shapes. By contrast, our
work only requires a single-view occluding contour to generate or
manipulate a 3D shape, which can greatly reduces the di�culty
and manual e�ort of sketch-based modeling.

3 APPROACH OVERVIEW
As illustrated in Figure 2, our method constructs a space that jointly
embeds 3D shapes and 2D occluding contours. Our embedding
space is not limited to any object categories or particular view di-
rections, where a point represented by a latent vector can represent
a sketch extracted from an object category with an arbitrary pro-
jection direction. And, our method can even generate a similar one
through the trained VAE. That is, the latent vectors of three view
projections (i.e., front, top, and side views) of a certain 3D object
can be merged together to form a new vector that can be further
used to generate the voxel representation of the 3D shape through
a trained volumetric autoencoder.

To construct the joint embedding space, we use a two-step pro-
cess to train a VAE and a volumetric autoencoder. At the �rst step,
with the occluding contours extracted from a 3D model dataset
as the training data, a VAE model is trained to encode the occlud-
ing contours to latent vectors that are distributed in a continuous
embedding space (x4.2). Thanks to the multivariate Gaussian dis-
tribution in the continuous embedding space, any latent vector in

the space can be decoded to an occluding contour, and the distance
between latent vectors can also describe the similarity between the
corresponding occluding contours. At the second step, to enable
the latent vectors for the generation of 3D models, we employ su-
pervised training on a volumetric autoencoder framework (x4.3).
Speci�cally, since the three view projections of 3D models in our
dataset have been known, we propose a loss function to minimize
the distance between the combination of the latent vectors of the
three view projections of a 3D model, with the encoder output of
the volumetric autoencoder, and expect the output of the volumet-
ric autoencoder to be similar to the voxel representation of the 3D
model. In this way, the trained volumetric autoencoder is capable
to generate corresponding 3D voxels given the occluding contours
from the three views. Therefore, our joint embedding space can
both represent and generate 2D occluding contours and 3D shapes,
and it can be directly used for sketch-based modeling and shape
manipulation (x5). Finally, we employ the marching cube algorithm
[Lorensen and Cline 1987] and Laplacian smoothing [Field 1988]
as post-processing steps to convert the 3D voxel representation to
its corresponding polygon mesh model.

Data preprocessing. Our dataset consists of 1165 3D models
collected from [Chen et al. 2009] and [Shilane et al. 2004]. We
extended the data by uniformly generating 50 random viewpoints
on a bounding sphere whose center is the same as the geometric
center of the enclosed 3D shape (see an example in Figure 3 (left)).
We obtained a total of 58,250 (1165*50) 3D projections at the end.
After that, we employ an existing non-photorealistic rendering
algorithm [DeCarlo et al. 2003] to generate occluding contours
from the front, top, and side views (also called samples in this
writing) for each 3D projection case, and record the three-views
relation as the label (see Figure 3 (right)). We utilize three views
of occluding contours instead of one to create embedding space
since we intent to create the embedding space dense and the three
views we select can cover enough information of a 3D model. In
this way, we obtained a total of 174,750 (=58,250*3) samples and
we then randomly split the samples to the VAE training data (90%)
and the test data (10%). Figure 3 shows the process of collecting the
occluding contours from the three views of a 3D model.

4 OUR METHOD
In this section, we �rst describe how to train a variational autoen-
coder network to encode the occluding contours to latent vectors,
in order to construct an embedding space. Then, we detail how
to jointly embed 3D shapes in the space by training a volumetric
autoencoder, so that the latent vectors in the embedding space can
be decoded to both 2D occluding contours and 3D shapes.

4.1 Variational Autoencoder
As a generative model, variational autoencoder (VAE) that is the
key model to construct the embedding space in our work, has at-
tracted a lot of attentions in recent years [Kingma and Welling 2013;
Rezende et al. 2014; Tan et al. 2018]. VAE has a similar structure
with the autoencoder (AE) [Kingma and Welling 2013] that consists
of an encoderE� ¹xº and a decoderD� ¹zº. The main di�erences be-
tween VAE and AE is that, VAE approximatesE� ¹xº as a posterior
distribution q¹zjxº, instead of using a deterministic function for
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Figure 2: The architecture of our method, including a dataset
that provides 3D shapes and their corresponding 2D occlud-
ing contours (top), a variational autoencoder and a volumet-
ric autoencoder for the joint embedding of the 3D shapes
and 2D contours (middle). The points in the embedding
space are represented by latent vectors that can be decoded
to 2D contours or 3D shapes, thus to support sketch-based
3D modeling and shape manipulation applications (bottom).

E� ¹xº in AE [Kingma and Welling 2013].E� ¹xº can encode inputx
to a latent vectorz, while D� ¹zº can generate an outputx0from the
latent vectorz. Particularly, VAE can generate new datax0by sam-
pling z from a prior distributionp� ¹x jzº. We train the encoding and
decoding parameters� and� using stochastic gradient variational
Bayes (SGVB) algorithm [Kingma and Welling 2013] as follows:

� � ; � � = arg min
� ; �

Ez� E� ¹x º»� logp� ¹x jzº¼+ Dkl ¹E� ¹xºjp¹zºº; (1)

whereDkl denotes the Kullback-Leibler divergence, which mea-
sures the di�erence betweenE� ¹xº andp¹zº. In VAE,p¹zº is speci�ed
as a standard Normal distribution:p¹zº � N¹0;1º, andE� ¹xº is a
multivariate Gaussian distribution:E� ¹xº � N¹z� ;diag¹z� º.

The latent codez is sampled as:

z = z� + � � z� ; � � N¹0;1º; (2)

where � is an element-wise matrix multiplication operator. This
expression ofz is a re-parameterization trick [Kingma and Welling
2013] to make all the operations di�erentiable for back propagation.

4.2 Embedding Space Creation
To construct the joint embedding space, we train a VAE network us-
ing the 2D occluding contours extracted from our 3D shape dataset.
We consider an occluding contour as a binary image and feed it to
the VAE model at the training stage. Speci�cally, we reshape the
input image to128� 128� 1 before feeding it to the VAE encoder,
and encode the input into an embedding space with 128-dimension
parameters:z� andz� . Then, we samplez from z� andz� using
the re-parameterization trick introduced in [Kingma and Welling

Table 1: The VAE architecture used to create the embedding
space. The last fully connected layer in the encoder is du-
plicated for z� and z� and uses Equation 2 to generate z as
output. All convolutional layers are followed by batch nor-
malization, leaky ReLU activation, and dropout layer, except
the last layer of the decoder.

Layer Type Kernel Stride Output

enc. conv2d 5� 5 2� 2 64� 64� 32
enc. conv2d 5� 5 2� 2 32� 32� 64
enc. conv2d 5� 5 2� 2 16� 16� 128
enc. conv2d 5� 5 2� 2 8� 8� 256
enc. fc N/A N/A 128
dec. fc N/A N/A 16384
dec. deconv2d 5� 5 2� 2 16� 16� 128
dec. deconv2d 5� 5 2� 2 32� 32� 64
dec. deconv2d 5� 5 2� 2 64� 64� 32
dec. deconv2d 5� 5 2� 2 128� 128� 1

(a) (b)

Figure 3: Examples of the projections for a 3D shape with
random viewpoints with the same center (a). We extract
three views of occluding contours (i.e., front, side, top views)
for each projection (b).

2013]. The latent vector can be used as the input of the decoder and
reverted to a128� 128� 1 image. Table 1 shows the speci�cations
of our VAE model.

We utilize two loss functions to learn the optimal weights of the
VAE network. The �rst one is the reconstruction loss (denoted as
L recon_2D ) between the output of the decoder and the input image,
and the second is the KL divergence loss (denoted asL KL). Since
our input is a binary image, we use binary cross entropy as the loss
function for the reconstruction loss. In order to increase the impact
of the reconstruction loss on the weights of the network, our �nal
loss function is de�ned as follow:

L V AE = wreconL recon_2D + L KL : (3)

The VAE encoder and decoder networks have similar architec-
tures, with kernel size = 5, stride = 2, and padding = 1 for all the
convolution operations. After convolution operations, we add a
batch normalization layer, leaky ReLU activation, and a dropout
layer, except the last layer of the decoder. Thesigmoid activation is
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