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Robotics Institute, Carnegie Mellon University

{hengyu, zmilacsk}@andrew.cmu.edu laszlojeni@cmu.edu

self

style
albedo depth shade norm 3D reconstruction

Figure 1. Given a single 2D image, we reconstruct the 3D object (top) by predicting the features of the rendering process: albedo, depth,
shading and surface normals. Then the method can synthesize images from an arbitrary viewpoint with a new style, potentially including
changes in both shape and appearance (bottom).

Abstract

Inferring 3D object structures from a single image is an
ill-posed task due to depth ambiguity and occlusion. Typ-
ical resolutions in the literature include leveraging 2D or
3D ground truth for supervised learning, as well as im-
posing hand-crafted symmetry priors or using an implicit
representation to hallucinate novel viewpoints for unsuper-
vised methods. In this work, we propose a general ad-
versarial learning framework for solving Unsupervised 2D
to Explicit 3D Style Transfer (UE3DST). Specifically, we
merge two architectures: the unsupervised explicit 3D re-
construction network of Wu et al. and the Generative Adver-
sarial Network (GAN) named StarGAN-v2. We experiment
across three facial datasets (Basel Face Model, 3DFAW and
CelebA-HQ) and show that our solution is able to outper-
form well established solutions such as DepthNet in 3D re-
construction and Pix2NeRF in conditional style transfer,
while we also justify the individual contributions of our
model components via ablation. In contrast to the afore-
mentioned baselines, our scheme produces features for ex-
plicit 3D rendering, which can be manipulated and utilized
in downstream tasks.

1. Introduction
Reconstructing the underlying 3D structure of objects

from few 2D images or even a single 2D image is a promis-

ing research area, since we live in the 3D world. Inferring
accurate 3D models of human faces, bodies and other ob-
jects can greatly promote the development of several fields
like animation, video games, virtual reality, augmented real-
ity and the metaverse. This task is difficult, however, due to
various forms of underdetermination, including depth am-
biguity and occlusion. The straighforward resolution to
these problems is applying supervised learning with 2D/3D
ground truth information, keypoints [26, 42] or depth maps
[25,64]. However, it is hard and sometimes even impossible
to collect such supervisory signals, as this requires consider-
able human effort. Hence, recent techniques [36,59,69] ex-
ploit unsupervised learning to leverage human prior knowl-
edge about the natural objects in the world. This alleviates
the need for annotated data, but the prior has to be chosen
wisely for each object class. E.g., human faces are roughly
symmetric, and exploiting this as a prior yields considerable
improvements [66].

Besides reconstructing the 3D structure, one may be also
interested in altering its style to one that is different from
that of the original input image. Consider, e.g., support-
ing — or even replacing — CG artists by automatically
changing a 3D human model’s gender, haircut, skin color
or age. Interestingly, Unsupervised 2D to Explicit 3D Style
Transfer (UE3DST) is a less discussed problem in the lit-
erature. By explicit, we mean that the method extracts a
set of features, which allow recovering the 3D shape via
using an explicit rendering function [66]. Unfortunately,
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existing methods are either (i) implicit 3D, or (ii) super-
vised. The widely adopted solution for (i) is hallucinating
novel 3D viewpoints using some form of a Generative Ad-
versarial Network (GAN) [18] or a Neural Radiance Field
(NeRF) [34]. An approach for (ii) is SofGAN [9], which
recovers explicit 3D and can change styles such as pose,
shape, and texture; however, it requires semantic segmen-
tation maps as ground truth. While these techniques for
(i)-(ii) are able to produce remarkable results on their own
benchmarks, they are less applicable due to (i) lacking ex-
plicit 3D features and (ii) relying entirely on supervision.

In this paper, we propose a framework to tackle the
UE3DST problem by unifying the solutions of (a) unsuper-
vised 3D reconstruction and (b) style transfer. Specifically,
we introduce an unsupervised end-to-end trainable frame-
work (Fig. 1) that utilizes a GAN to generate an explicit 3D
representation given a single input image and a style. While
our framework supports arbitrary choices of architectures,
throughout our quantitative experiments, we integrate the
methods of Wu et al. [66] and StarGAN-v2 [12]. We test
the hypothesis whether our combined method achieves bet-
ter performance compared to existing methods, including
DepthNet [35] for (a) and Pix2NeRF [7] for (b), as our so-
lution can compete in their respective benchmarks. We per-
form our quantitative and qualitative experiments on three
facial datasets: CelebA-HQ [27], 3DFAW [19, 24, 70, 71]
and Basel Face Model (BFM) [44]. Lastly, we also per-
form an ablation study to test the efficiencies of different
components of our model. The source code enabling the
reproduction of our results will be made publicly available.

2. Related Works
In this section, we review 2D to 3D reconstruction and

style transfer methods. Let us first introduce a categoriza-
tions of the former methods.

Explicit techniques extract features of the 3D shape,
which facilitate the recovery of the shape through an ex-
plicit rendering function. These features can then be post-
processed or used for downstream tasks. In contrast, im-
plicit approaches do not yield an explicit 3D representation
of the object, but are still capable of producing an implicit
one that cannot be manipulated and used easily.

2.1. 2D to 3D Reconstruction

Shallow Explicit 3D Reconstruction Traditional meth-
ods such as Structure from Motion (SfM) [61] use geomet-
ric relationships between matching 2D keypoints in multi-
ple views of the same rigid scene to recover the 3D struc-
ture. Non-Rigid SfM [5, 52] extends this to deformable
objects, but it still requires 2D key point annotations for
training and testing. In addition, other information such as
shading [69] and symmetry [36, 59] have been proven to be
useful for 3D recovery.

Deep Explicit 3D Reconstruction With the recent de-
velopment of deep learning technology, superior 3D recon-
struction methods have emerged, facilitating the learning of
a suitable shape prior from sufficient training data in or-
der to alleviate the ill-posedness of 3D recovery [45, 65].
Supervised methods map images to their paired target vari-
ables, which include: 3D ground truth (e.g., meshes [63],
voxels [51], points clouds [37]), 3D shape models, video
[1, 41, 54, 62, 73], keypoints [10, 26, 55], 2D silhouettes,
stereo image pairs [17] or even just object classes [26, 58].
In contrast, unsupervised schemes learn from raw images
only, such as: 3D lifting for bottleneck codes of deforma-
tion field autoencoders [47], adversarial 3D mesh recon-
struction [56], or using a network with disentangled ren-
dering features with symmetry regularization for face depth
and albedo [66].

Deep Implicit 3D Reconstruction As mentioned above,
implicit schemes only output an implicit function represen-
tation of the object that is not useful on its own, requir-
ing further processing, e.g., conversion to explicit form (see
Marching Cubes [33]) or alternative ways of rendering (e.g.,
deep network based 3D viewpoint to 2D image hallucina-
tion, including differentiable ray casting). Here, we specif-
ically focus on novel 3D viewpoint synthesis, which is in-
herently unsupervised.
Generative Adversarial Networks. A Generative Adversar-
ial Network (GAN) [18] consists of two competing com-
ponents: a generator and a discriminator. The generator
takes a given latent (and optionally conditional) distribution
as input, outputs ‘generated’ examples, and tries make them
indistinguishable from the ‘real’ training set for the discrim-
inator. The two networks are trained in alternating manner,
thus both are improving the other by making the task of the
counterpart more and more difficult during training. Note,
however, that mode dropping should be avoided: the gen-
erator has to produce diverse examples instead of just fool-
ing the discriminator by replicating few training samples.
GANs for viewpoint generation include image conditional
3D-aware networks [2, 16, 31, 39, 46, 53] that accept view-
point features as input and use them to transform the hidden
representation in 3D. 3D aware images can be generated un-
conditionally from noise as well [13, 38, 50, 72].
Neural Radiance Fields. Neural Radiance Field (NeRF)
[34] exploits differentiable volume rendering to learn den-
sity and color, and they must be trained on sufficiently large
single-scene multi-view image sets, limiting applicability.
Hybrid Architectures. Recent works incorporate a NeRF
into their GAN architectures [7, 8, 14, 20, 40, 48]. Typically,
the generator is a NeRF and the discriminator classifies its
hallucinated 2D images. However, these procedures are re-
stricted to scene-specific or category-specific implicit rep-
resentations.

Our work differs from these schemes, since in contrast
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to recovering the original 3D structure, we also consider
changing the 3D style.

2.2. Style Transfer

2D Style Transfer GANs achieve remarkable perfor-
mance on 2D image generation [3, 6, 68] and style trans-
fer (sometimes also referred to as image-to-image trans-
lation) [12, 23, 28, 74]. Pix2pix [23] solves the problem
using conditional adversarial networks. Cycle-GAN [74]
uses a special cyclic architecture and uses cycle consistency
losses to achieve remarkable performance. Karras et al. [28]
achieve unsupervised separation of high-level attributes and
scale-specific control of the synthesis via Adaptive Instance
Normalization (AdaIN) [22,28] at each convolutional layer.
Choi et al. [12] proposed StarGAN-v2 consisting of four
modules, which significantly improve the diversity of gen-
erated images under multiple domains.

Explicit 3D Style Transfer SofGAN [9] achieves ex-
plicit 3D reconstruction and transferring styles such as pose,
shape, and texture. However, it is supervised: it requires se-
mantic segmentation maps as ground truth, limiting appli-
cability.

Implicit 3D Style Transfer HoloGAN [38] learns to
synthesize 3D-aware images from unlabeled 2D images and
disentangles shape and appearance. π-GAN [8] leverages a
SIREN-based NeRF to get multi-view consistency and high
quality images. Pix2NeRF [7] is conditioned on a single
input image based on π-GAN and disentangles pose and
content.

The approaches listed here are not unsupervised and ex-
plicit at the same time, whereas our proposed method can
tackle this scenario.

3. Methods
3.1. Neural Network Architecture

Inspired by StarGAN-v2 [12], our network architecture
consists of three components: a generator G (i.e., an unsu-
pervised explicit 3D reconstruction network), a discrimina-
tor D, and a style network S. These facilitate recovering
explicit 3D structure via rendering, promoting the genera-
tion of a combination of styles, and generating a specific
style from random noise, respectively. The overall frame-
work is illustrated in Fig. 2. We introduce each component
separately.

Generator The generator G takes image I (and option-
ally style s) as input and outputs the image in input (or op-
tionally target) style along with all domain specific styles
(e.g., male/female, cat/dog). It can be seen as the combina-
tion of the Generator and the Style encoder in StarGAN-
v2 [12], i.e., the function G(I, s) is generating the style
transferred image, however, in contrast to their work, we
also train the Style encoder Es(I) jointly with the rest of G,

which queries the domain specific styles. It is worth noting
that all styles mentioned in the paper are domain specific,
but this does not mean that each domain has only one style.
In each domain, the style is related to an image and differ-
ent images have different styles. We denote domain specific
style as style for brevity in the rest of the paper.1

Our generator G is an unsupervised 3D reconstruction
network [66]. We summarize its architecture as follows.
The setup starts with an autoencoder backbone and five
network heads, which together output our five rendering
features: the global light direction l, the viewpoint w, the
albedo image a, the depth map d and the confidence map σ);
which are then used as input to our lighting and reprojection
blocks to output our style transferred image. First, given in-
put image I , we use our encoder E and two heads to infer
the hidden representation h, the style code s = Es(I) and
two rendering features (l and w). Optionally, at this point,
the style code s can be altered for further control over the
styles (e.g., using our style network S(z)). Next, given h
and s, we apply our decoder D and three heads to compute
the other three rendering features (a, d and σ). Afterwards,
given a, d and l, our lighting block computes the shaded
canonical image J as seen from the canonical viewpoint.
Finally, given d, w and J , our reprojection block changes
the viewpoint from canonical to w. We explain the details
of each block in the following sections. For further infor-
mation see the supplementary material.
Autoencoder Backbone and Heads. Unlike the structure
proposed in [66], which uses separate instances of E and
D with untied weights, our method uses weight sharing
between these networks to generate all rendering features
along with style codes for each domain. We claim that the
shared parameters can help learn useful intrinsic features
that contribute to all outputs. However, we also include
untied head branches on top of the shared autoencoder for
each output (resulting in an overall partially shared archi-
tecture). To keep enough network capacity, we use convo-
lutional layers in the decoder and in the network heads. We
apply Adaptive Instance Normalization (AdaIN) [22, 28] in
the decoder and inject style code s into all AdaIN layers to
provide scaling and shifting vectors.
Lighting. The shaded canonical image J can be generated
from a, d and l. First, we compute the normal map n from
the depth map d by computing the 3D surface normal for
each pixel (u, v), i.e., n ≡ tu × tv , where tu and tv are the
surface tangent vectors along the u and v directions, respec-
tively. Then, we can get the shaded canonical image J as
follows:

Juv = auv ·
[
ks + kd max

(
0, ⟨l, nuv⟩

)]
, (1)

where ks and kd are scalars representing the weights of the
1For more details on the differences and connections between domain

and style, we kindly forward the reader to [12].
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Figure 2. Schematic diagram of our unsupervised network architecture. The generator (left) is an autoencoder with heads and rendering
blocks that takes as input a 2D image I (and optionally a style code s), infers five explicit 3D rendering features (confidence map σ, albedo
a, depth d, light direction l and viewpoint w) and renders the 2D (optionally style transferred) image Î . The style network (right top) maps
the latent noise z into style code s, promoting style diversity. The discriminator (right bottom) classifies whether the generated image is an
instance of a style combination, and is fooled by the generator.

ambient and diffuse terms, respectively.2

Reprojection. We assume a perspective camera with rela-
tively narrow field of view (FOV) of θFOV ≈ 10◦, since
the images are cropped accordingly. We also assume that
the nominal distance between the object and the camera is
1m. Then mapping a 3D point P ∈ R3 from the refer-
ence frame of the camera to a pixel p = (u, v, 1) can be
expressed as:

p ≡ KP, K =

f 0 cu
0 f cv
0 0 1

 , (2)

where cu = (W − 1)/2, cv = (H − 1)/2 and f =
(W − 1)/

[
2 tan(θFOV /2)

]
. Since the depth map d asso-

ciates a depth value duv to each pixel at position (u, v) in
the canonical view, we can get:

P = duv ·K−1p. (3)

The viewpoint w ∈ R6 is an Euclidean transformation. w1:3

and w4:6 represent the rotation angles and the translations
along the x, y, z axes, respectively, which we denote by
(R, T ) ∈ SE(3). Then, the warping transformation Ad,w

of pixels from the canonical view to the actual view is:

p′ ≡ K(duvRK−1p+ T ), (4)

where p′ = (u′, v′, 1), and (u′, v′) is the pixel in the actual
view mapped from pixel (u, v) in the canonical view. Thus,
given a canonical image J , we output the image Î as Îu′v′ =
Juv , where (u, v) = A−1

d,w(u
′, v′).

Discriminator The discriminator D aims to determine
whether the input image is a ‘real’ image of its styles or a

2Further details, e.g., the formulae for tu, tv and the light direction l
can be found in [66].

‘generated’ image produced by G. It consists of N output
branches, each of which is a binary classifier in each do-
main with output dimensions K = 1 for ‘real’/‘generated’
classification. It is similar to the discriminator network in
StarGAN-v2 [12].

Style Network The style network S is used to generate
a style code s from the latent noise z as s = S(z). S is
a Multi-Layer Perceptron (MLP) with N output branches
to provide style codes for all available domains, i.e., sy =
Sy(z), where Sy outputs the style corresponding to the do-
main y. It is the same as the mapping network proposed in
StarGAN-v2 [12]. By sampling the domain y and the latent
noise z randomly, S can generate diverse style codes (as an
alternative to obtaining the style code using the encoder as
s = Es(I)).

3.2. Training objectives

Reconstruction and Perceptual Losses Besides obtain-
ing the output image Î as above, we also compute a second
output Î ′ using the exact same procedure, except for using
horizontally flipped depth d′ = flip(d) and horizontally
flipped albedo a′ = flip(a). We then enforce I ≈ Î and
I ≈ Î ′ using the following combination of losses:

Lrec =
[
L(I, Î, σ) + λp · Lp(I, Î, σ)

]
+ λrec ·

[
L(I, Î ′, σ′) + λp · Lp(I, Î

′, σ′)
]
,

(5)

where

L(I, Î, σ) = − 1

|Ω|
∑
uv∈Ω

ln

[
1√
2σuv

exp
(
−
√
2ℓ1,uv
σuv

)]
,

(6)

Lp(I, Î, σ) = − 1

|Ω|
∑
uv∈Ω

ln

[
1√

2πσuv

exp
(
−
ℓ22,p,uv
2σ2

uv

)]
(7)
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are negative log-likelihood losses with factorized Laplacian
and Gaussian priors, respectively, i.e., ℓ1,uv = ∥Iuv− Îuv∥1
and ℓ2,p,uv = ∥V GG(Iuv) − V GG(Îuv)∥2, where V GG
is the relu3 3 feature extractor of VGG16; λrec, λp are
balancing factors; σ, σ′ ∈ RW×H are the confidence maps
estimating the level of asymmetry for each input pixel. This
implicitly encourages d ≈ d′, a ≈ a′, i.e., symmetry in the
canonical frame, as proposed in [66].

Adversarial Loss The generator G is trained to fool the
discriminator D into thinking that the ‘generated’ image Î
is a ‘real’ instance of target style code s̃ via the following
adversarial loss:

Ladv = EI

[
logD(I)

]
+ EI,z

[
log

(
1−D

[
G(I, s̃)

])]
.

(8)

During training, the target style code s̃ is obtained either
from the random noise (i.e., s̃ = S(z)) or from the input
image (s̃ = Es(I)).

Style Consistency We add a style consistency loss to en-
force the generator G to be able to reconstruct the target
style code s̃ from the generated the output image:

Lsty = EI,z

[∥∥∥s̃− Es

[
G(I, s̃)

]∥∥∥
1

]
. (9)

Intuitively, this will promote G to utilize s̃. Different from
StarGAN-v2 [12], instead of using a separate encoder, we
use the style encoder Es of our generator G for obtaining
the style code of the output image.

Source Image Consistency In line with recent works on
adversarial learning [11, 12, 29, 75], we add another cycle
consistency loss to enforce G to be able to recover the input
image from its style transferred variant:

Lsou = EI,z

[∥∥∥I −G
[
G(I, s̃), Es(I)

]∥∥∥
1

]
. (10)

Intuitively, this will promote preserving the original style-
invariant characteristics of I . Note that the target style s̃
can be different from the inferred style of the input image
Es(I).

Canonical Image Consistency In addition, we also en-
force G to reconstruct the shaded canonical image J =
Gl(I) from itself using its canonical 3D reconstructor Gl:

Lcan = EI [∥Gl(I)−Gl(Gl(I))∥1]. (11)

Intuitively, this helps G to discover the correct canonical
frontal view. During our experiments, we found that this
also improves the stability of adversarial training.

Style Diversification Finally, we also add a style diver-
sity loss to enforce G to make two style transferred versions
of the same input image as different as possible:

Lsd = −EI,z1,z2 [∥G(I, s̃1)−G(x, s̃2)∥1], (12)

Table 1. Quantitative experimental results on the BFM dataset.
We compare the methods in terms of the Scale-Invariant Depth
Error (SIDE) [15] and Mean Angle Deviation (MAD) scores for
3D depth reconstruction, and their respective standard deviations.
Winning numbers are highlighted in bold. †Numbers here for Wu
et al. [66] are from our reproduction using CUDA 10.2, which is
known to perform slightly worse than their published scores using
CUDA 9.0.3

Method
Super-
vised SIDE (×10−2) ↓ MAD (◦) ↓

Wu et al.
[66]†

yes 0.521±0.122 12.36±1.13
no 0.892±0.175 16.98±1.07

Ours yes 0.481±0.154 10.64±1.29
no 0.844±0.117 14.89±1.33

where the target style codes s̃1 and s̃2 are either obtained
from two random noise samples (s̃i = S(zi), i ∈ {1, 2}) or
from two images from the same domain (s̃i = Es(Ii), i ∈
{1, 2}). Intuitively, minimizing this term forces G to ex-
plore and learn more diverse images even within the same
style domain.

Full Objective The total loss function is as follows:

min
G,S

max
D

Lrec + Ladv + λsty · Lsty + λsou · Lsou

+ λcan · Lcan + λsd · Lsd,
(13)

where λsty , λsou, λcan and λsd are weighting factors.

4. Experiments

4.1. Datasets

We evaluated our method on three — two real and
one synthetic — human face datasets: CelebA-HQ [27],
3DFAW [19, 24, 70, 71] and BFM [44]. CelebA-HQ is a
high-quality version of CelebA [32], which is a large scale
human face dataset and includes over 200k images of real
human faces in the wild with bounding box annotations.
CelebA-HQ consists of 30k images at 1024× 1024 resolu-
tion. 3DFAW contains 23k images with 66 3D face keypoint
annotations, which can be used for 3D face alignment and
3D facial landmark localization. Here, we used 3DFAW
to evaluate our 3D prediction performance and compare
with baselines at keypoint locations. Given that in-the-wild
datasets lack ground-truth, we used the BFM model to gen-
erate a supervised dataset by sampling shapes, poses, tex-
tures, and illumination randomly according to the protocol
of [49]. We also used images from SUN Database [67] as
background and obtain ground truth depth maps for evalua-
tion as proposed in [66].

3See https : / / github . com / elliottwu / unsup3d /
issues/15 for details.
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4.2. Metrics

We evaluated our method on two problems related to
UE3DST, single view 2D to 3D reconstruction and 2D style
transfer. We hypothesize that solving both tasks simultane-
ously regularizes each other.

For 3D reconstruction, we assessed 2D depth map recov-
ery by applying Scale-Invariant Depth Error (SIDE) [15],
Mean Angle Deviation (MAD) and Sum of Depth Correla-
tions (SDC) [35]. SIDE can be written as:

ESIDE(d̄, d
∗) =

√
1

WH

∑
uv

[
∆2

uv −
(∑

uv ∆uv

WH

)2
]
,

∆uv = log d̄uv − log d∗uv,

(14)

where d∗ is the ground-truth depth map and d̄ is the ac-
tual view depth map warped from predicted depth map d
in the canonical view using the predicted viewpoint. MAD
compares the angles between normals n∗ and n computed
from d∗ and d, respectively, as in [66]. For keypoint depth
evaluation, we computed the SDC score between 66 ground
truth and predicted frontal facial keypoint locations (i.e., the
score is between 0 and 66) as in [35]. For image synthesis
evaluation, we used Fréchet Inception Distance (FID) [21]
and Kernel Inception Distance (KID) [4].

4.3. Implementation Details

We split CelebA-HQ into two domains: male and fe-
male. For 3DFAW, we roughly cropped images around
the head region and used the official training/validation/test
splits. We resized images in all datasets to 64 × 64 in or-
der to fit our method onto the GPUs available to us. All the
experiments were conducted on a 11GB NVIDIA GeForce
RTX 2080Ti graphics card with CUDA 10.2 and PyTorch
1.4.0 [43]. We used Adam optimizer [30] with learning rate
1× 10−4, β1 = 0.0, β2 = 0.99 and weight decay 1× 10−4.
We set λrec = 0.5, λp = 1, λsty = 0.5, λsou = 0.5,
λcan = 0.3, λsd = 0.5 for all experiments. We used batch
size 16 and train 100k iterations in total. To stabilize the ad-
versarial training process, first, we trained the generator G
alone for the first 20k iterations, and then trained the whole
network jointly for the remaining 80k iterations.

4.4. Results

We used the BFM dataset to compare the 2D depth map
reconstruction quality obtained by our method with the
baseline of Wu et al. [66], as well as their respective su-
pervised rendering-free equivalents that regress the ground-
truth depth maps directly using an ℓ1 loss. We retrained

4See https : / / github . com / elliottwu / unsup3d /
issues/15 for details.

5See https : / / github . com / elliottwu / unsup3d /
issues/10 for details.

Table 2. Quantitative experimental results on the 3DFAW dataset.
We compare the methods in terms of the Sum of Depth Corre-
lations (SDC) [35] score for keypoint depth. Winning numbers
are highlighted in bold for each category. †Numbers here for Wu
et al. [66] are from our reproduction using CUDA 10.2, which is
known to perform slightly worse than their published scores using
CUDA 9.0.4 Besides, the numbers may further differ due to using
our custom implementation for evaluation.5

Method Supervised SDC ↑
Ground truth N/A 66.00

AIGN [60] yes [35] 50.81
DepthNetGAN [35] yes [35] 58.68
MOFA [57] yes, model-based [35] 15.97

DepthNet [35] no, trained on [35] 26.32
DepthNet [35] no 35.77
Wu et al. [66]† no 41.52
Ours no 44.86

Table 3. Quantitative results on the CelebA-HQ 64 × 64 dataset.
We compare the methods in terms of the Fréchet Inception Dis-
tance (FID) [21] and Kernel Inception Distance (KID) [4] scores
for image synthesis. Winning numbers are highlighted in bold.

Img. KID
Method 3D Cond. FID ↓ (×100) ↓

HoloGAN [38] aware no N/A 2.87
π-GAN [8] NeRF no 5.15 0.09
Pix2NeRF [7] NeRF no 6.25 0.16

Pix2NeRF [7] NeRF yes 24.64 1.93
Ours explic. yes 8.19 0.78

Table 4. Quantitative ablation study results on the BFM dataset.
We compare the methods in terms of the Scale-Invariant Depth
Error (SIDE) [15] and Mean Angle Deviation (MAD) scores for
3D depth reconstruction, and their respective standard deviations.
Winning numbers are highlighted in bold.

Method SIDE (×10−2) ↓ MAD (◦) ↓
Ours, w/o albedo flip 3.148±0.322 41.21±2.01
Ours, w/o depth flip 1.463±0.241 29.87±2.10
Ours, w/o conf. map 0.885±0.131 15.16±1.23
Ours, full model 0.844±0.117 14.89±1.33

the baseline model from scratch using CUDA 10.2, since
their published results were obtained with CUDA 9.0. The
results are shown in Table 1. We can see that our method
outperforms the baseline, which confirms that our shared
encoder-decoder and adversarial losses together yield a bet-
ter instance specific 3D representation.

Next, we compared the 3D keypoint depth reconstruc-
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Figure 3. Reference-guided image synthesis results on CelebA-HQ. First row is source images and first column is reference images. We
can see that our method can generate realistic images with the style of the reference image based on the source image.

Figure 4. Latent noise-guided image synthesis results on CelebA-HQ. First row is source images and we generate z randomly as input. We
can see that our method can generate realistic images by controlling the style through the latent space.

tion quality with baselines Wu et al. [66], AIGN [60],
MOFA [57] and DepthNet [35]. Note that AIGN, MOFA
and DepthNet each have unfair advantage over our method,
as the former two are supervised, whereas the latter takes
2D keypoint locations as input. For all algorithms except
DepthNet, we the computed the full 2D depth map d and
sampled it at keypoint locations, in order to compute the
SDC score against the ground truth. We reimplemented the
evaluation code based upon [66], since they did not release
this part of their code, causing further potential mismatch
between our replicated and their published performance, be-
sides CUDA version differences. The results are collected
in Table 2. We found that our model performs much better
than other model-based or unsupervised methods, further
confirming the advantages of using a tied weights autoen-
coder and style transfer regularization.

Lastly, for image synthesis quality evaluation, we com-
puted FID and KID on the CelebA-HQ dataset, and com-
pared with 3D aware and NeRF-integrated GAN baselines:
HoloGAN, π-GAN and two variants of Pix2NeRF. Again,

note that some of these baselines are image unconditional,
having an unfair advantage over our conditional procedure,
since feeding image inputs limits the variability and di-
versity of output images, affecting both the FID and KID
scores. The results are summarized in Table 3. We can
see that our method outperformed the image conditional
Pix2NeRF by a large margin; and is approaching the level
of unconditional methods, while having explicit 3D recon-
struction ability. We also provide qualitative examples to vi-
sualize our image synthesis results using style codes s both
from reference images (Fig. 3) and from noise vectors z
(Fig. 4). Fig. 5 depicts the recovered 3D structure of some
style transferred images, which are spectacular for inferring
from a single viewpoint only.

4.5. Ablation Study

We performed ablation experiments on the BFM dataset
to confirm that the model exploits symmetry/asymmetry in-
formation and canonical consistency properly.

First, we quantitatively evaluated the efficiency of the
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albedo depth shade norm 3D reconstructioncanonical 
image

Figure 5. 3D reconstruction from single view image visualization. Our method can effectively recover the 3D structure of style-transferred
images.

Figure 6. Ablation study on canonical image consistency. We found that canonical image consistency plays a crucial role in the quality of
the generated images.

flip operation and the confidence map, as in [66]. As shown
in Table 4, we can see that performance degrades drastically
without applying flipping on depth or albedo map. The lack
of a confidence map affected the scores less, but was still
worse than our full model.

Second, we show qualitative results for our method with-
out canonical image consistency loss in Fig. 6. We can see
that the model is not able learn good frontal view canonical
images without the canonical image consistency loss, which
confirms the rationality and necessity of this term.

5. Conclusions

In this paper, we proposed an end-to-end unsupervised
network for 2D to explicit 3D style transfer. The method

combines existing approaches for two related problems: the
ill-posedness of 2D to 3D reconstruction is alleviated by
utilizing albedo and depth symmetry, whereas adversarial
training is stabilized by our cycle consistency losses. Our
quantitative and qualitative experiments showed that our
scheme achieves performance better or comparable to prior
works on the two tasks, while solving both at the same time.
Future work may consider using more powerful GAN ar-
chitectures, richer shading models (e.g., shadows, specu-
larity), more complex objects and priors beyond faces and
symmetry (e.g., multiple canonical views) and integration
with other explicit 3D representations (e.g., meshes).
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