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Figure 1: We propose a system to learn single-view 3D object reconstruction from multi-image datasets in an unsupervised manner. From
top to bottom: Multi-PIE [23], CASIA-WebFace [54], and Youtube Faces [50] datasets. From left to right: different training data structures,
our corresponding 3D reconstructions at test time, and the baseline [52] 3D results. For each 3D model, we provide two textureless views,
two textured views, and the canonical normal map.

Abstract
Recovering the 3D structure of an object from a single

image is a challenging task due to its ill-posed nature. One
approach is to utilize the plentiful photos of the same object
category to learn a strong 3D shape prior for the object.
This approach has successfully been demonstrated by a re-
cent work of Wu et al. (2020), which obtained impressive
3D reconstruction networks with unsupervised learning.
However, their algorithm is only applicable to symmetric
objects. In this paper, we eliminate the symmetry require-
ment with a novel unsupervised algorithm that can learn
a 3D reconstruction network from a multi-image dataset.
Our algorithm is more general and covers the symmetry-
required scenario as a special case. Besides, we employ
a novel albedo loss that improves the reconstructed details
and realisticity. Our method surpasses the previous work
in both quality and robustness, as shown in experiments on
datasets of various structures, including single-view, multi-
view, image-collection, and video sets. Code is available at:
https://github.com/VinAIResearch/LeMul.

1. Introduction

Images are 2D projections of real-world 3D objects, and
recovering the 3D structure from a 2D image is an impor-
tant computer vision task with many applications. Most
image-based 3D modeling methods rely on multi-view in-
puts [42, 43, 16, 17, 11, 57, 48, 21], requiring multiple
images of the target object captured from different views.
However, these methods are not applicable to the scenar-
ios where only a single input image is available, which is
the focus of our work in this paper. This problem is called
single-view 3D reconstruction, and it is ill-posed since an
image can be a projection of infinitely many 3D shapes.
Interestingly, humans are very good at estimating the 3D
structure of any known class object from a single image;
we can even predict how it looks in unseen views. This is
perhaps because humans have strong prior knowledge about
the 3D shape and texture of the object class in considera-
tion. Inspired by this observation, many category-specific
3D modeling methods have been proposed for specific ob-
ject categories such as faces [3, 40, 59, 46, 39, 44, 47, 13],
hands [60, 30, 4, 18], and bodies [34, 24].
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In this paper, instead of focusing on any individual cate-
gory, we aim to develop a general framework that can work
for any object category, as long as there are many images
from that category to train a single-view 3D reconstruction
network. Furthermore, given the difficulty of acquiring 3D
ground-truth annotation, we also aim to develop an unsuper-
vised learning method which does not require the ground-
truth 3D structures for the objects in the training images.
However, this is a challenging problem due to the huge vari-
ation of the training images, regarding their viewpoint, ap-
pearance, illumination, and background.

A recent study [52] made a break-though in solving this
problem with a novel end-to-end trainable deep network.
Their network consisted of several modules to regress the
image formation’s components, including the object’s 3D
shape, texture, viewpoint, and lighting parameters, so that
the rendered image was similar to the input. The modules
were trained in an unsupervised manner on image datasets.
They assumed a single image per training example, so it was
still highly under-constrained. To make this training pro-
cedure converge, the authors proposed using the symmetry
constraint. Their system successfully recovered 3D shape
of human faces, cat faces, and synthetic cars after training
on respective datasets. For convenience, from now on we
will call this Learning from Symmetry method as LeSym.

While showing good initial results, LeSym has several
limitations. First, it requires the target object to be almost
symmetric, severely restricting its applicability to certain
object classes. For highly asymmetric objects, this method
does not work, and for nearly symmetric objects, it would
not preserve the asymmetric details. Second, with a strong
symmetry constraint, an incorrect mirror line estimation
would lead to unrealistic 3D reconstruction. Some exam-
ples and detailed discussions on these issues can be found
in Sec. 4. Third, when multiple images of the same object
in the training dataset are available, LeSym cannot corre-
late and leverage these images to improve the reconstruc-
tion accuracy and stability. This is a drawback because there
are many imagery datasets that contain multiple images for
each object. For example, multiview stereo datasets have
photos of each object captured at different views. Some
datasets instead have multiple pictures of the same view but
with different lighting conditions or focal lengths. Facial
datasets often have multiple images for each person, and
video datasets have a large number of frames covering the
same object in each video.

In this paper, we propose a more general framework,
called LeMul, that effectively Learns from Multi-image
datasets for more flexible and reliable unsupervised train-
ing of 3D reconstruction networks. It employs loose shape
and texture consistency losses based on component swap-
ping across views. This is an “unsupervised” method since
it does not require any 3D ground-truth data in training.

Although it exploits multiple images per training instance,
these images are so diverse and cannot be combined in tradi-
tional approaches to form any 3D supervision. LeMul can
cover the symmetric object addressed in LeSym by using
the original and the flipped image with less regularized re-
sults. More importantly, it handles a wider range of training
datasets and object classes.

Besides, we employ an albedo loss in LeMul, which ac-
curately recovers fine details of the 3D shape. This loss
is inspired by a well-known Shape-from-Shading (SfS) lit-
erature [32]. It greatly improves the realisticity of the re-
constructed 3D model, sometimes approaching laser-scan
quality, from a low-res single image input.

In short, our contributions are: (1) we introduce a gen-
eral framework, called LeMul, that can exploit multi-image
datasets in learning 3D object reconstruction from a sin-
gle image without the symmetry constraint; (2) we employ
shape and texture consistency losses to make that unsuper-
vised learning converge; (3) we apply an albedo loss to im-
prove realisticity of the reconstruction results; (4) LeMul
shows state-of-the-art performance, qualitatively and quan-
titively, on a wide range of datasets.

2. Related Work
In this section, we briefly review the existing image-

based 3D reconstruction approaches, from classical to deep-
learning-based algorithms.

Multi-view 3D reconstruction. This approach requires
multiple images of the target object captured at different
viewpoints. It consists of two sub-tasks: Structure-from-
Motion (SfM) and Multi-view Stereo (MVS). SfM esti-
mates from the input images the camera matrices and a
sparse 3D reconstructed point-cloud [42, 43]. SfM re-
quires robust keypoints extracted from each input view
for matching and reconstruction. MVS assumes known
camera matrices for a dense 3D reconstruction [17, 16].
These tasks are often combined to form end-to-end sys-
tems: SfM provides camera matrix estimation as an input to
MVS [51]. These approaches were well-studied in classical
literature, and they have been further improved with deep
learning [57, 48, 21]. These methods, however, are unfit
for our objective of 3D reconstruction from a single image
at inference time. Even at training time, they hardly work
with our in-the-wild inputs with low image quality, diverse
capturing conditions, and freely non-rigid deformation.

Shape from X is another common 3D modeling approach
that relies on a specific aspect of the image(s) such as
silhouettes [27], focus [12], symmetry [31, 14, 45, 41],
and shading [55, 26, 2, 32]. These methods only work
on restricted conditions, thus do not apply to in-the-wild
data. We focus on two latter directions since they are ap-
plicable to our problem. Shape-from-symmetry assumes
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the target object is symmetric, thus using the original and
flipped image as a stereo pair for 3D reconstruction. Shape-
from-shading (SfS) relies on some shading model, normally
Phong shading [36] or Spherical Harmonic Lighting [22],
and solves an inverse rendering problem to decompose im-
age’s intrinsic components, including 3D shape, albedo,
and illumination. SfS methods often either refine an initial
3D [26, 32] or solve an optimization problem with multiple
heuristic constraints [2]. We are particularly interested in
[32], which employs bilateral-like loss functions to obtain
fine-details on an initial raw depth-map.

Deep-learning-based 3D modeling. Deep learning pro-
vides a powerful tool to handle challenging computer vi-
sion problems, including 3D reconstruction from a sin-
gle image. Some studies managed to solve the monocu-
lar depth estimation [9, 53, 38, 15] from a single image
via supervised learning on ground-truth datasets. Some
other studies learned a 3D shape representation from 3D
datasets, using a generative model such as GAN or VAE,
and fit it into the input image either with or without super-
vision [5, 20, 58, 58, 28]. These methods, however, require
ground-truth data for supervision or 3D shape datasets for
prior learning. They are not unsupervised and cannot han-
dle a new object class that has no available 3D data.

Category-specific 3D reconstruction. Some research fo-
cus on reconstructing 3D models of a specific object class,
such as human faces [3, 40, 59, 46, 39, 44, 47, 13], hands
[60, 30, 4, 18], and bodies [34, 24]. The 3D modeling
process often heavily relies on well-defined shape priors.
For instance, early 3D face modeling studies used sim-
ple PCA models learned from facial landmarks such as
Active Appearance Model (AAM) [6, 7] and Constrained
Local Model (CLM) [8, 1]. Later, statistical models for
3D face shape and albedo learned from 3D face scans,
called 3D Morphable Models (3DMMs) [35, 19], were
used as an effective prior in 3D face modeling algorithms
[3, 40, 59, 46, 39, 44]. Recently, many works have explored
other 3D face presentations, such as non-linear 3DMMs
[47] or GCN-based features [37, 49]. Instead of learn-
ing specific models based on characteristics of each object
class, we target a general framework that can extract 3D
shape prior for any class just from in-the-wild images.

LeSym [52] was the first work that could handle the task
of 3D modeling from a single image in a general and un-
supervised manner. It followed the SfS approach to extract
the image’s intrinsic components, including 3D shape, tex-
ture, view, and illumination parameters. The network was
trained to minimize the reconstruction loss, comparing the
rendered image and the input, using a differentiable ren-
derer on a large image set of same-class objects. The op-
timization problem was under-constrained, so the authors
assumed symmetry on the target object and incorporated

the flipped image as in Shape-from-Symmetry algorithms.
LeSym showed impressive reconstruction results on human
faces, cat faces, and synthetic cars. However, the symme-
try assumption strongly regularized the estimated 3D mod-
els and restricted LeSym’s applications. Also, the recon-
structed 3D models are still raw, with many details missing.

3. Learning from Multi-Image Datasets
3.1. Overview

We revise the mechanism used in LeSym to get LeMul
as a more general, effective, and accurate unsupervised 3D
reconstruction method. Two key ideas in our proposal are: a
multi-image based unsupervised training and a novel albedo
loss. The system overview is illustrated in Fig. 2.

Unlike LeSym, we do not require the modeling target to
be symmetric. Instead, we assume more than one image for
each object in the training data. We run the network mod-
ules over each image and enforce shape and albedo consis-
tency. Note that having a single image of a symmetric ob-
ject is a special case of ours; we can simply use the original
and flipped input as two images of each training instance,
and the 3D model consistency will enforce the object’s
symmetry. Moreover, this configuration can account for
many other common scenarios such as multi-view, multi-
exposure, multi-frame datasets. The multi-image configura-
tion is only needed in training. During inference, the system
can output a 3D model from a single input image.

Consider a training example and let {Ii} denote the set
ofM images of an object taken at different conditions. Each
image Ii ∈ RH×W×3 can be decomposed into four compo-
nents (d̂i, âi, l̂i, v̂i). The first two components represent the
object’s 3D model in a canonical view that is independent
to camera pose, with d̂i ∈ RH×W is the depth-map and
âi ∈ RH×W×3 is the albedo-map. The latter components
model the capturing conditions, with l̂i ∈ RL is a vector
of L illumination parameters and v̂i ∈ R6 is the viewing
vector. The image is formed by a shading functionR:

Ii = R(d̂i, âi, l̂i, v̂i) + ηi. (1)

where ηi is the noise term for factors such as background
clutter and occlusions. The shading model R is a differ-
entiable renderer [25], which uses a perspective projection
camera, Phong shading model, and Lambertian surface as-
sumption. There are L=4 illumination parameters, includ-
ing the weighting coefficients for the ambient term ks and
the diffuse term kd and the light direction (lx, ly). Other
details are described in [52].

Our decomposing network consists of four modules to
estimate the four intrinsic components (d̂i, âi, l̂i, v̂i) of an
input image Ii. We denote these modules as Fd,Fa,Fl,
and Fv respectively. Fd and Fa translate the input to
output maps that have the same spatial resolution. Fl
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Figure 2: Overview of the proposed system. We train a decomposing network to optimize different loss components. Note
that we omit the confidence maps in this figure for simplicity. Also, we use diffuse shading images to visualize depth maps.

and Fv are regression networks that output parameter vec-
tors. The outputs of these modules components, denoted as
(di, ai, li, vi), are used to reconstruct the input image:

Iri = R(Fd(Ii),Fa(Ii),Fl(Ii),Fv(Ii)) = R(di, ai, li, vi).

There are two desired criteria: (1) the reconstructed im-
age Iri should be similar to the input Ii; (2) for any pair of
images coming from the same training sample Ii and Ij , the
estimated canonical depth and albedo maps (di, ai) and (dj ,
aj) should be almost similar and interchangeable. These
criteria can be formulated into two losses Lrec and Lrec

cross

respectively. Furthermore, we employ novel loss functions,
called albedo losses, inspired by [32] to further improve the
reconstruction of fine details. These losses follow the same-
view and cross-view settings, and we denote them as Lal

and Lal
cross. The total training loss, therefore, will be:

L = Lrec + λcrossLrec
cross + λal(Lal + λcrossLal

cross), (2)

with λal and λcross being weighting hyper-parameters. We
will now discuss each loss component above.

3.2. Reconstruction loss

We inherit this loss from LeSym. It enforces the recon-
structed image to be similar to the input. To discard the
effect of the noise η, another sub-network, called Fc is used
to regress a pair of confidence maps (cl1 , cpe) that weigh
the pixels in computing the reconstruction loss. The total
reconstruction loss is summed over all input views:

Lrec =

M∑
i=1

(
Ll1(Ii, I

r
i , c

l1
i ) + λpeLpe(g(Ii), g(Iri ), cpei )

)
,

where Ll1 and Lpe are functions to compute the l1 and per-
ceptual loss components, g is a function to extract the k-th

layer feature f of a VGG-16 network pre-trained on Ima-
geNet, and λpe is a weighting hyper-parameter.

Assuming Gaussian distributions, the mentioned loss
components have detailed expressions as following:

Ll1(I, I′, c) =
1

|Ω|
∑
p∈Ω

√
2|I(p)− I′(p)|1

c(p)
+ ln(c(p)), (3)

Lpe(f , f ′, c) =
1

|Ωk|
∑
p∈Ωk

‖f(p)− f ′(p)‖2

2(c(p))2
+ln(c(p)), (4)

with Ω and Ωk as pixel sets in image and feature space.

3.3. Cross-view consistency loss

Reconstruction loss alone is not enough to constrain the
reconstruction outcome. Since we have multiple images per
training instance, we can enforce the reconstructed 3D mod-
els (d, a) to be consistent via a cross-view consistency loss.

In theory, we can simply minimize the distance∑
i 6=j(‖di−dj‖+‖ai−aj‖), but we found it ineffective in

practice, making the training unstable to converge. Instead,
we propose to implement the consistency loss based on a
component swapping mechanism. For each pair of views
i 6= j, we can swap the estimated 3D model from one view
(dj , aj) to the other to render a cross-model image:

Irij = R(dj , aj , li, vi). (5)

This image should be almost the same as the input Ii. Sim-
ilar to the reconstruction loss, we employ some confidence
maps for loss computation. However, these maps correlate
two input images (Ii, Ij), requiring another confidence net-
work. We call this network Fcc that inputs the image pair
(Ii, Ij) stacked by channels and returns a pair of confidence
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maps (cl1ij , c
pe
ij ). The cross-view loss item for this image pair

can be computed as follows:

Lrec
cross(i, j) = Ll1(Ii, I

r
ij , c

l1
ij)+λpeLpe(g(Ii), g(Irij), c

pe
ij ).

We can compute the cross-view entropy loss for all pairs
of i 6= j, but this can be computationally expensive if M is
large. For computational efficiency, we select the first view
as a pivot and use only the pairs related to the first view:

Lrec
cross =

M∑
i=2

(Lrec
cross(i, 1) + Lrec

cross(1, i)). (6)

3.4. Albedo losses

Although the 3D reconstructed shapes obtained with the
above losses are reasonably accurate already, the 3D shapes
tend to be over-smooth with many fine details of the 3D
surface being inaccurately transferred to the albedo map.
For sharper 3D reconstruction, we apply a regularization on
the albedo map to avoid overfitting to pixel intensities. This
regularization should guarantee that the albedo is smooth at
non-edge pixels while preserving the edges. Following [32],
we implement such regularization by albedo loss terms.

An albedo loss requires three aligned inputs, including
an input image I and the corresponding maps for depth d
and albedo a. It enforces smoothness on a:

Lal(I, a, d) =
1

|Ω|
∑
p∈Ω

∥∥ ∑
pk∈N (p)

wc
kw

d
k(a(p)− a(pk))

∥∥2
.

where N (p) defines the neighbors of a pixel p, wc
k is the

intensity weighting term:

wc
k = exp

(
−‖I(p)− I(pk)‖2

2σ2
c

)
, (7)

and wd
k is the depth weighting term:

wd
k = exp

(
−‖d(p)− d(pk)‖2

2σ2
d

)
. (8)

The weighting terms suppress the effect of neighbor pixels
that likely come from other regions due to a large gap in in-
tensity/depth compared with the current one. We use σc and
σd to control the allowed intensity and depth discontinuity.

Note that the three inputs of the albedo loss needed to be
aligned pixel-by-pixel. We keep the original input I, which
is at an estimated view v. Therefore, we cannot use the
canonical maps (d, a) directly, so we transform them to the
view v. This process can be done by a warping functionW .
This function first computes the 3D shape from the canon-
ical depth d, then project and render it at the view v. The
outputs are transformed depth and albedo maps:

(dv, av) =W((d, a), d, v). (9)

Similar to the previous loss terms, we compute the
albedo loss in same-view and cross-view settings:

Lal =

M∑
i=1

Lal(Ii, a
vi
i , d

vi
i ), (10)

Lal
cross =

M∑
i=2

(
Lal(I1, a

v1
i , d

v1
i ) + Lal(Ii, a

vi
1 , d

vi
1 )
)
.

4. Experiments
4.1. Experimental setups

4.1.1 Implementation details

We implemented our system in PyTorch. The networks
Fd,Fa,Fl,Fv , and Fc had the same structure as in the of-
ficial released code of LeSym1. The cross-view confidence
network Fcc was similar to Fc, except for having six input
channels instead of three. In all experiments, we used the
same input image size H=W=64. The hyper-parameters
were set as λpe=1, λcross=λal=0.5, σc=0.05 and σd=2.
The networks were jointly trained with Adam optimizer at
a fixed learning rate 0.0001 until convergence.

4.1.2 Datasets

To evaluate the proposed algorithm, we run experiments on
datasets with various capturing settings and data structures
(single-view, multi-view, image-collection, or video):

BFM is a synthetic dataset of 200K human face images pro-
posed by LeSym. Each image is rendered with a 3D shape
and texture randomly sampled from the Basel Face Model
[35], a random view, and one of the spherical harmonics
lights estimated from CelebA images [29]. Besides RGB
images, the ground-truth 3D depth-maps are also provided.
We use this dataset to quantitatively evaluate our approach
as well as comparing it with other baselines.

CelebA [29] is a popular facial dataset of more than 200K
celebrity images. The images were captured under in-the-
wild conditions. It is split into three subsets for training,
validation, and testing with 162K, 20K, and 20K images,
respectively. We use this dataset to compare LeMul and
LeSym under the “single-view” and “symmetric-objects”
settings. We generate two image inputs for each training
instance, including the original and the flipped image.

Cat Faces is a dataset of 11.2K images capturing cat faces
in-the-wild. This dataset was constructed in LeSym by
combining two previous datasets [56, 33]. This set is split
into 8930 training and 2256 testing instances. This dataset
is also under the “single-view” and “symmetric-objects”
settings, and its two-view data is formed similar to CelebA.

1https://github.com/elliottwu/unsup3d
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Multi-PIE [23] is a large human-face dataset captured in
studio settings. It contains more than 750K images of 337
people involved in from one to four different recording ses-
sions. In each session, each subject has a collection of
images captured at 15 view-points, 19 illuminations, and
with several expressions. We excluded images with ex-
treme light or overwhelmed expression and selected ones at
three viewing angles corresponding to frontal, 15◦-to-the-
left, and 15◦-to-the-right views, to form a multi-view image
set. Each training instance is a set of three images of each
person, captured at the selected views. We use random illu-
mination, causing three input views drastically different and
unable to be used by traditional multi-view stereo methods.

CASIA-WebFace [54] has 500K face images of 10K peo-
ple collected from the Internet. Each person has on average
50 in-the-wild images with drastically different conditions.
We keep the last 200 subjects for testing and use the rest for
training. In each training epoch, for each subject, we ran-
domly selectM=3 images of that person regardless of pose,
expression, and illumination to form a training example.

YouTube Faces (YTF) [50] is a video dataset that consists
of 3425 videos of 1595 people. The videos have low-quality
frames, which were severely degraded by video compres-
sion. Many videos are also bad for 3D face modeling,
with the target faces at non-frontal views and barely mov-
ing. Still, we aim to evaluate our method on such extreme
conditions. For each video, we extract the frames and crop
them around the target faces. We split the videos for train-
ing (3299) and testing (126). Similar to CASIA, in each
training epoch and with each video, we randomly select
M=3 frames to form a training instance.

Quantitative Metrics. For fair comparison results, we use
the same metrics used in LeSym. The first metric is Scale-
Invariant Depth Error (SIDE) [10], which computes the
standard deviation of the difference between the estimated
depth map at the input view and the ground-truth depth map
at the log scale. However, we argue that this metric is not a
strong indicator of the reconstruction quality. A reasonable
error in the object distance estimation, while not affecting
the projected image, can cause SIDE varying. In contrast,
it is ineffective in evaluating the reconstructed surface qual-
ity. We can smooth out the depth-map or add small random
noise to it but cause a minimal change in SIDE value.

Instead, we focus on the second metric, which is the
Mean Angle Deviation (MAD) [52] between normal maps
computed from estimated depth map dv and ground-truth
depth map d∗. It can measure how well the surface is cap-
tured and is sensitive to surface noise.

4.2. Quantitative experiments

In this section, we perform quantitative evaluations on
the BFM dataset with provided ground-truth data.

No Baseline SIDE(x10−2)↓ MAD(deg.)↓
(1) Supervised 0.410± 0.103 10.78± 1.01
(2) Const. null depth 2.723± 0.371 43.34± 2.25
(3) Average G.T. depth 1.990± 0.556 23.26± 2.85
(4) LeSym 0.793±0.140 16.51± 1.56
(5) LeMul (proposed) 0.834± 0.169 15.49±1.50

Table 1: BFM results comparison with baselines.

(a) (b)

Figure 3: Qualitative analyses. (a) LeMul vs. LeSym
(SIDE) and (b) Texture refinement.

No Method SIDE(x10−2)↓ MAD(deg.)↓
(1) Baseline [52] 0.793± 0.140 16.51± 1.56
(2) + multi-view 0.728±0.135 15.73± 1.54
(3) + albedo loss 0.899± 0.217 16.35± 1.79
(4) + mul+al (full) 0.834± 0.169 15.49±1.50

Table 2: Ablation studies on BFM dataset

BFM results. We trained and tested our algorithm on the
BFM dataset, and the results are reported in Table 1, along
with some baselines: (1) supervised 3D reconstruction net-
work as the upper bound, (2) a dummy network returning a
constant null depth, (3) a dummy network producing a con-
stant mean depth computed over the ground-truth one, and
(4) LeSym. As can be seen, LeMul outperforms the dummy
networks by a wide margin. Compared with LeSym, it
achieves a better MAD number with 1◦ decrease, implying
better reconstructed 3D surfaces with details recovered.

As for SIDE, we examine the error maps and find that
LeMul provides a better overall depth estimation. However,
the outliers, particularly on the face boundary or outer com-
ponents (ears, neck), are more unstable and skew the aver-
age score. If we compute the SIDE metric over the facial
region bounded by Dlib’s 68-landmarks, LeMul has a lower
error (0.00534) compared with LeSym (0.00564), confirm-
ing this observation. Fig. 3a provides a common scenario
in which LeMul provides a lower error on most facial areas
but higher errors on the boundary and an ear.

Ablation studies. We run ablation experiments to evaluate
each proposed component’s contribution to our result on the
BFM dataset. From LeSym as the baseline, we can modify
it to follow our multi-view scheme or integrate the albedo
losses. As reported in Table 2, each of our proposals pos-
itively affects the MAD numbers. We achieve the best re-
constructed 3D surfaces when combining both techniques.
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4.3. Qualitative experiments

We qualitatively compare our method to the LeSym
baseline on the mentioned datasets in Fig. 1 and Fig. 4. In
all experiments, LeSym uses each single image as a training
instance and applies the symmetry constraint. Our method
also assumes that symmetry property on BFM, CelebA,
and Cat Faces by using pairs of original and flipped im-
ages as training instances. However, on Multi-PIE, CASIA-
WebFace, and Youtube Faces, we completely drop that as-
sumption and use multi-image examples in training.

Three symmetry-assumed datasets. On BFM, CelebA,
and Cat Faces, both LeSym and LeMul can reconstruct rea-
sonable 3D models. However, thanks to the albedo loss,
LeMul can recover more 3D details such as human hairs,
beards, and cat furs. The 3D models are well recognizable
even without texture.

Multi-PIE results. LeSym completely collapsed, perhaps
due to the limited number of poses and the asymmetric
lights. LeMul, instead, performed well on this data con-
figuration with high quality produced 3D models.

CASIA-WebFace results. LeMul can learn well the 3D
face structure. It is impressive since the images used in
each training example are wildly different; they are even
challenging for humans to correlate, as illustrated in Fig. 1
(second row). In both Fig. 1 and Fig. 4, LeMul can capture
asymmetric details such as one-sided hairstyle and lopsided
smile. In contrast, LeSym over-regulated the 3D shapes
with the symmetry constraint, producing incorrect 3Ds.

Youtube Faces results. This dataset is pretty challenging
to our training due to low-quality images and limited varia-
tion between frames in each video. Still, LeMul manages to
converge and produce reasonable results at test time. When
the input image is not too blurry, LeMul can reconstruct a
3D model with more details compared with LeSym, while
it does not suffer from the symmetry assumption.

4.4. User surveys

We further compared our method with the baseline via
user surveys. We skipped this test on BFM, which was
already used in quantitative evaluations, and Multi-PIE,
in which LeSym completely failed. For each remaining
dataset, we created a survey with 30 testing images ran-
domly sampled from the respective test set. We generated
two 3D models, estimated by LeSym and LeMul, for each
image and produced corresponding videos to illustrate these
models in various viewing angles. Each tester was asked to
pick which model was better. At least 40 people took each
survey, leading to at least 1200 answers per dataset.

We report the rate that each method is selected in Table 3.
LeMul outperforms LeSym on CelebA and CASIA datasets
by a wide margin, showing that LeMul can recover better

Method CelebA CatFaces CASIA YTF
LeSym [52] 36.01 47.03 20.86 45.23
Ours 63.99 52.97 79.14 54.77

Table 3: User survey results. For each dataset, we report
the rate (%) that each method is selected by the tester for
providing a better 3D model.

3D models in good training conditions. Notably, it was se-
lected near 80% of time on CASIA, proving the superiority
of the multi-image setting over the symmetry constraint. It
also beats LeSym on YTF and Cat Faces datasets but with
smaller gaps. We found many YTF frames too blurry, mak-
ing both 3D models smooth and hard to compare. The small
gap of LeMul over LeSym came from clear frames, which
is still very meaningful. Finally, on Cat Faces, while our
models are more detailed, some testers preferred smooth
3Ds from LeSym, decreasing our selected rate. This phe-
nomenon suggests that it is not always good to have many
details, opening a future research to improve our method.

4.5. In-the-wild tests

Finally, we run evaluation on in-the-wild facial images
collected from the Internet. We select the LeMul model
trained on the CASIA dataset since it can capture even
the asymmetric details. In contrast, among LeSym models
for human face, the released model trained on the CelebA
dataset shows the best reconstruction quality. We compare
these models on some in-the-wild images in Fig. 5. The
3D shapes generated from LeSym are often distorted by
symmetry regulation. Our results, instead, look more nat-
ural and detailed. Particularly, LeMul can create a realistic-
looking 3D model from a cartoon drawing (the fourth row).

4.6. Texture refinement.

We observe that the regressed texture with models
trained on CASIA and YTF datasets is a bit blurry, possibly
due to two reasons. First, these datasets have lower image
quality compared to CelebA; many images have blur, noise,
or JPEG artifacts. Second, the models have to learn the
subject’s albedo from vastly different inputs, causing blurry
texture. We propose a simple solution to fix the second is-
sue. After getting a trained model, we can finetune Fa, Fl,
and Fc while freezing the other modules for a few epochs
on single-image inputs of the same training set. As shown
in Fig. 3b, the estimated texture is significantly improved.
Note that this refinement preserves the high-quality 3D
shape evaluated in previous experiments.

5. Discussions
In this paper, we present a novel system that shows the

state-of-the-art 3D modeling quality in unsupervised learn-
ing for single-view 3D object reconstruction. The key in-
sights are to exploit multi-image datasets in training and to
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Input LeSym Ours

Figure 4: Comparing the reconstructed 3D models from the baseline method LeSym model LeSym [52] and ours. The
datasets from top to bottom: BFM [52], CelebA [29], Cat Faces [52], Multi-PIE [23], CASIA-WebFace [54], and Youtube
Faces [50]. For each 3D model, we provide two textureless views, two textured views, and the canonical normal map.

Input LeSym (CelebA) Ours (CASIA)

Figure 5: Reconstructed 3D models from in-the-wild images. We compare the baseline model LeSym [52] trained on CelebA
dataset [29], and our method trained on CASIA-WebFace [54] dataset. For each 3D model, we provide two textureless views,
two textured views, and the canonical normal map.

employ albedo losses for improved detailed reconstruction.
Our method can work on various training datasets rang-

ing from single- and multi-view datasets to image collection
and video data. However, a current limitation of our work is

that the images of the target object need to be compatible to
the depth-map representation, being primarily frontal view
without self-occlusion. We plan to address this limitation in
future work to increase the applicability of our method.
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