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Abstract
Spherical images taken in all directions (360◦ ×180◦ ) allow
the full surroundings of a subject to be represented, providing an immersive experience to viewers. Generating a spherical image from a single normal-ﬁeld-of-view (NFOV) image is convenient and expands the usage scenarios considerably without relying on a speciﬁc panoramic camera or images taken from multiple directions; however, achieving such
images remains a challenging and unresolved problem. The
primary challenge is controlling the high degree of freedom
involved in generating a wide area that includes all directions
of the desired spherical image. We focus on scene symmetry,
which is a basic property of the global structure of spherical images, such as rotational symmetry, plane symmetry, and
asymmetry. We propose a method for generating a spherical
image from a single NFOV image and controlling the degree
of freedom of the generated regions using the scene symmetry. To estimate and control the scene symmetry using both a
circular shift and ﬂip of the latent image features, we incorporate the intensity of the symmetry as a latent variable into conditional variational autoencoders. Our experiments show that
the proposed method can generate various plausible spherical
images controlled from symmetric to asymmetric, and can reduce the reconstruction errors of the generated images based
on the estimated symmetry.
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Figure 1: Symmetry types of spherical images in SUN360
dataset (Xiao et al. 2012). Images are represented through a
equirectangular projection (see Figure 2), where the arrows
in the circles correspond to the viewpoint transitions that do
not signiﬁcantly change the appearance.

be created using a single conceptual photograph, which can
reduce production time and costs dramatically. In addition,
generating peripheral views of images taken can allow viewers to enjoy content with a feeling of immersion (Kimura
and Rekimoto 2018). Finally, estimating an illumination environment map will allow rendering an object with realistic relighting for use in augmented reality (Gardner et al.
2017; Song and Funkhouser 2019). In these applications, it
is better to reconstruct the actual scene as it is, however it
is worthwhile if we can obtain an image that is perceptually
plausible to humans, even if it is different from the actual
scene.
However, because an NFOV image captures only a small
portion of the whole view 1 , two main challenges exist while
generating a spherical image from a single NFOV image:
generating an image corresponding to the spherical structure, and controlling the high degree of freedom involved in
generating a wide area, which includes all directions of a
plausible spherical image.
Generating a spherical image from a single image is related to the task of image completion, which predicts an entire image from a partial one. However, conventional image-

Introduction
Spherical images capturing all possible directions (horizontal 360◦ × vertical 180◦ ) are used in various domains such
as surveillance systems, construction industry, tourism, autonomous cars, and entertainment. They can capture environments around the main subject and represent the entire
space. Furthermore, when viewed through a head-mounted
display, spherical images allow one to enjoy a scene in a
more immersive manner. However, capturing spherical images is not an easy task, as doing so requires a speciﬁc
panoramic camera or speciﬁc software that stitches together
images taken from multiple directions. Therefore, it would
be more convenient to generate a spherical image from a
single normal-ﬁeld-of-view (NFOV) image which is a perspective projection image taken by a normal camera. Furthermore, it will considerably expand the usage scenarios.
For example, the background of virtual reality content can
c 2021, Association for the Advancement of Artiﬁcial
Copyright 
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1
We assume a FOV of about 120 degrees even on the wideangle side in reference to commercial cameras.
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completion methods (Li et al. 2017; Iizuka, Simo-Serra, and
Ishikawa 2017; Zheng, Cham, and Cai 2019; Zhao et al.
2020) are unsuitable for generating spherical images because such methods are designed for planar images and cannot handle a spherical distortion or continuity. A sphericalimage-completion method using a single image was recently proposed (Gardner et al. 2017; Song and Funkhouser
2019; Akimoto et al. 2019). This method employs a twodimensional (2D) convolutional neural network (CNN) in
an equirectangular projection (Figure 2) of a spherical image; however, there are two problems with this approach:
(1) they have a discontinuity at the left and right ends of
the equirectangular projection, and (2) they cannot control
the content of the generated regions. Therefore, unlike conventional methods, we generate a spherical image without a
discontinuity and control the aforementioned degree of freedom to obtain plausible variations of the desired spherical
image.
There are various factors controlling spherical image generation. Among these factors, scene symmetry is a basic
property of a global structure of a spherical image. As
pointed out in (Xiao et al. 2012), a 360◦ view has a speciﬁc
type of symmetry structure for place categories. We interpret it as the scene symmetry that speciﬁc geometric operations such as a rotation and ﬂip do not change the appearance
signiﬁcantly. In Figure 1, the typical types of symmetry are
depicted, such as rotational symmetry, plane symmetry, and
asymmetry. Furthermore, since the scene rarely changes dramatically within a single spherical image, we consider that
there are many spherical images whose global structure has
a certain level of symmetry combination. Based on this consideration, we control the intensities of the various type of
scene-symmetry to improve the quality and diversity of the
generated images.
The proposed method incorporates the intensity of the
symmetry as a latent variable in a conditional variational autoencoder (CVAE) (Sohn, Lee, and Yan 2015) to estimate
the distribution of possible symmetry from a single image
and control the symmetry of a generated spherical image. In
this study, we target the goal of spherical image generation
into the following two points: (1) reconstructing the actual
scene and (2) generating plausible variations of the scene,
which includes the input image. For (1), we reconstruct the
spherical image with the mean of the estimated distribution
of symmetry, and for (2), we generate a plausible spherical
image with the value sampled from the distribution. We employ a CNN on an equirectangular projection with a circular
padding that eliminates the discontinuity, and scene symmetry is implemented using both a circular shift and a ﬂip of
the hidden variables.
The contributions of this paper can be summarized as follows.
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Figure 2: Equirectangular projection. Point P on a 2D
sphere is converted into point P  on the θ-φ plane.
generate a spherical image without a discontinuity.
• We design a new architecture that can estimate and control
the symmetry of the image by using a circular shift and a
ﬂip of the hidden variables of a CNN.
• We demonstrate that our proposed method can generate
multiple spherical images, controlled from symmetric to
asymmetric.

Related Work
Image Completion
Several image completion technologies have been proposed
thus far for predicting the missing regions of an image.
Traditionally, numerous diffusion-based methods (Ballester
et al. 2001; Bertalmio et al. 2000) diffuse the information
of the visible regions into the missing regions, and multiple
patch-based methods (Criminisi, Perez, and Toyama 2003;
Barnes et al. 2009) complete the missing regions by matching, copying, and realigning using the visible regions. Both
methods assume that the missing regions contain information correlated with the visible regions.
Generative models, which are trained using large-scale
datasets, such as a variational autoencoder (VAE) (Kingma
and Welling 2013; Rezende, Mohamed, and Wierstra 2014)
and generative adversarial networks (GANs) (Goodfellow
et al. 2014), have experienced a signiﬁcant boost, and both
of these models have been adopted for image completion.
Li et al. (2017) directly generated the contents of missing
regions using CNNs (Fukushima and Miyake 1982; LeCun
et al. 1989) with a combination of the reconstruction loss,
semantic parsing loss, and two adversarial losses. Furthermore, Iizuka, Simo-Serra, and Ishikawa (2017) employed
global and local context discriminators in the framework of
adversarial learning to improve the naturalness and consistency of the completed regions.
While most image-completion methods produce only one
result for each input, Zheng, Cham, and Cai (2019); Zhao
et al. (2020) presented a method for generating multiple
and diverse plausible solutions for image completion using
CVAEs; however, these methods are designed for planar images and are not suitable for spherical images. In addition,
these methods cannot explicitly control the generated contents. Therefore, unlike any of the previous methods, we pro-

• We propose a novel spherical image generation method
from a single NFOV image, which improves the reproducibility and plausibility of the generated images by
leveraging the symmetry of the scene.
• We propose a network architecture that employ CNNs on
an equirectangular projection with a circular padding to
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Figure 3: Structure of our proposed method for spherical-image generation. During training, the spherical image y and the
NFOV image x are used. The accents ¯· and ˆ· represent the variables in the reconstruction setting and the generation setting
respectively. During testing, a spherical image ȳ or ŷ is generated from a single x.
pose a spherical image generation method that can explicitly
control the symmetry.

sphere (Cohen et al. 2018; Esteves et al. 2018), distortionaware sampling (Lee et al. 2018; Benjamin, Condurache,
and Geiger 2018), and graph convolution on a sampled grid
on a sphere (Khasanova and Frossard 2017; Perraudin et al.
2019; Yang et al. 2020), have also been proposed.
Although projection distortion is caused when using
methods based on planar CNNs, some realistic spherical images were generated by using an equirectangular projection,
though from multiple images (Sumantri and Park 2020).
Furthermore, using an equirectangular projection offers advantages such as a symmetrical operation around the gravity
axis, which can be realized using a circular shift and a ﬂip
with low computational requirements. In this study, we employ equirectangular-projection-based CNNs.

Panoramic and Spherical Image Generation
Zhang et al. (2013) proposed extrapolating an NFOV image into a panoramic image using the panoramic image
whose scene category is same to that of input image as
a guide. In Kimura and Rekimoto (2018), the authors
proposed a peripheral-image-generation method based on
pix2pix (Isola et al. 2017); however, the ﬁeld of view of the
generated image is limited. In Sumantri and Park (2020),
a spherical-image-generation method is proposed that requires a set of images captured from multiple directions as
an input. Panoramic three-dimensional structure prediction
methods have also been proposed (Song et al. 2018; Srinivasan et al. 2020), although such methods require RGB-D
data or stereo pairs of images. In Gardner et al. (2017); Song
and Funkhouser (2019); Akimoto et al. (2019), the authors
proposed a spherical image completion method using a single NFOV image. However, such methods have discontinuity in the generated image and cannot control the content
of the generated regions. Unlike these conventional research
approaches, we generate a spherical image without discontinuity and control the aforementioned degree of freedom to
obtain plausible variations of the desired spherical image.

Proposed Method
This section describes our proposed method, which generates a spherical image y from an NFOV image x by using a symmetry intensity s ∈ RC . The term s corresponds
to the intensity of C types of rotational symmetry around
the gravity-axis, and plane symmetry to vertical planes (the
gravity-axis is aligned with the negative direction of the zaxis in Figure 2). To generate diverse images conditioned
with an NFOV image, we employ CVAEs as a base framework and incorporate the symmetry intensity as a latent variable. The entire network structure is depicted in Figure 3.
The details of our method are as follows.

CNN for Spherical Signals
Ordinal 2D CNNs are designed based on the translational
equivariance on a plane; thus, they cannot be directly applied to spherical images. With a CNN-based approach for
spherical signals, planar CNNs are applied on the projected
plane, such as the equirectangular projection (Su and Grauman 2017; Assens et al. 2018) depicted in Figure 2, tangent
planes (Tateno, Navab, and Tombari 2018), and cube mapping (Cheng et al. 2018). Other approaches that do not use
2D planar CNNs, such as generalized FFT-based CNNs on a

Controlling Scene Symmetry
Similar to previous studies (Song and Funkhouser 2019;
Akimoto et al. 2019; Sumantri and Park 2020), we employ an encoder–decoder based spherical image generation
method using CNNs on an equirectangular projection, which
takes an NFOV image x as an input and a spherical image y
as an output. In this framework, we obtain hidden variables
1515

Longitude

+

+

−
0

NFOV image

Latitude

−
0

Spherical image
Copy

Copy

+

−

−

0

+

−

0

ݕ

pressed as follows:

+

Latitude

Longitude
0

Symmetry
intensity
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p(x, y, s) = p(y|x, s)p(x)p(s).

Under this assumption, the variational lower bound of the
conditional log-likelihood of a NFOV image x for a spherical image y is derived as follows:

−2 circular shift

0° flip

(2)

flip

log p(y|x) ≥ −KL(qψ (s|x)||p(s))
+Eqψ (s|x) [log pω (y|x, s)].

Figure 5: Flip on the θ axis. This operation combines a 0◦
ﬂip and −2θ circular shift. The ﬂip is used for estimating
and controlling the plane symmetry.

(3)

In this formulation, we restrict the conditional variables of
the variational posterior distribution qψ to x to learn the estimator of s from x. We obtain the conditional distribution
pω (y|x, s) and qψ (s|x), maximizing the variational lower
bound of the likelihood for the training data {y (n) , x(n) }N
n=1
(where s is not required).

z = F (x) ∈ RHz ×Wz ×Dz and generate y = G(z), where
F is an encoder and G is a decoder. Because both F and G
consist of full CNNs, the hidden variables z have the location information of x and y. We focus on this property and
control the symmetry of the generated image y by applying
a symmetry-control function to the hidden variables z.
We deﬁne the symmetry-control function H, which takes
the weighted linear sum of the symmetric transformations
{Ti } of z as follows:
C
w  z + i=1 ζ(si )Ti (w  z)
,
(1)
H(z, s) =
C
w + i=1 ζ(si )Ti (w)

Probability Distribution Settings
The prior and posterior distributions for the latent variable s
are set as follows:
p(s) = N (s|0, I)

(4)

qψ (s|x) = N (s|Fμ ◦ F (x), νdiag(Fσ ◦ F (x))2 ) (5)
where N (·|μ, Σ) denotes the probability density function of
a normal distribution with the mean vector μ and the covariance matrix Σ. Here, Fμ , Fσ denote the functions that estimate the mean and variance of s, respectively; ν is a hyper
parameter; and diag(a) is a diagonal matrix whose components are vector a.
In addition, the likelihood function is set as follows:

where s = (s1 , s2 , · · · , sC ) ∈ RC is a symmetry intensity,
ζ : R → (0, 1) is a sigmoid function, w ∈ RHz ×Wz ×Dz
denotes a weight vector,  is an elementwise product, and
the quotient is elementwise. The symmetric transformations
{Ti } are rotations about the gravity-axis and ﬂip along the
vertical plane. In an equirectangular projection, a rotation
about the gravity-axis corresponds to a horizontal circular
shift, as depicted in Figure 4. The horizontal circular shift
of the m elements can be written as S (m) : (zi,j,k ) →
(zi,(j+m)modWz +1,k ). Flip along the longitude θ plane corresponds to a 0◦ ﬂip and a −2θ circular shift, as depicted in
Figure 5. In this manner, we represent both rotational and
plane symmetry-control functions through a circular shift
and a ﬂip of the hidden variables, respectively.
As mentioned above, we obtain a symmetry-controlled
hidden variable z  = H(z, s), and generate a spherical image y = G(z  ).

log pω (y|x, s) = α||m  (y − G(z  ))||1
+β||F (y) − z  ||2 + const.

(6)



where z = H(F (x), s) is a symmetry controlled hidden
variable, G(z  ) is a generated spherical image, α, β ≤ 0
are hyper parameters, and m is a masking vector. The likelihood is high when the generated spherical image G(z  ) and
the symmetry-controlled variable z  are close to the ground
truth.
After training, we obtain qψ (s|x) and pω (y|x, s), which
means that functions F , Fμ , Fσ , and G are determined.

Settings for Reconstruction and Generation

CVAEs with Symmetry Intensity

We employ the combination of two kinds of settings for reconstruction and generation, as inspired by PICNet (Zheng,
Cham, and Cai 2019). However, there is a deﬁnite difference in that PICNet uses two types of inputs, i.e., a spherical
image y and an NFOV image x, whereas we use two types

Next, we describe how to incorporate the intensity of the
symmetry as a latent variable in a CVAE. Figure 6 shows
the assumed graphical model which indicates the causal relationship between variables, and the joint distribution is ex1516
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In addition, Figure 3 depicts the entire network structure
of the proposed method. The input spherical image y and
NFOV image x are represented using equirectangular projections (see Figure 2). The encoder F calculates the feature vectors z and zy for x and y, respectively. In addition,
the estimators Fμ and Fσ calculate s̄, ŝ using the reparameterization trick (Kingma and Welling 2013) for each reconstruction and generation setting, respectively. The symmetry
controller H outputs a symmetry controlled variable z̄  , ẑ  ,
and the decoder G generates spherical images ȳ, ŷ. During
the training phase, the loss functions are minimized as described above.
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Figure 7: Circular padding. A circular padding eliminates
the discontinuity between the left and right edges of the
equirectangular image for a convolution.
of hyper-parameter settings of the distributions qψ (s|x) and
pω (y|x, s). In the reconstruction setting, ν → 0, α = αrec ,
β = βrec , and all elements of m are ﬁxed to 1. In the generation setting, ν = 1, α = αgen , β = 0, and m is set to a
constant vector whose elements take a 1 in the overlapping
area of y and x, and a 0 in the other area. The aim of the reconstruction setting is to reconstruct the actual scene using
the mean of q(s|x), and the aim of the generation setting is
to generate plausible variations of the scene, which includes
the input image using the sampled value of q(s|x).
We denote the negative lower bound of Eq. (3) with the
reconstruction setting as Lrec (y|x) , and with the generation
setting as Lgen (y|x). We minimize the following loss function by adding each function with the ratio of η ∈ [0, 1]. We
therefore have the following:
L(y|x) = ηLrec (y|x) + (1 − η)Lgen (y|x).

Experiments
We conducted experiments to verify the effectiveness of the
proposed method. To this end, we used the Sun360 dataset
(Xiao et al. 2012), which includes various spherical images,
both symmetric and asymmetric, from indoor to outdoor
scenes. The data were divided into 50,000 images for training, 10,000 images for testing, and 5,000 images for validation. The spherical image was an RGB image of the equirectangular format with a resolution of 256 × 512 pixel. Furthermore, a partial (NFOV) image was cropped from a spherical
image with a 30◦ to 120◦ ﬁeld of view and an aspect ratio of
1:1, following which the viewpoint direction was randomly
set on the sphere and projected onto the equirectangular image, the margin of which was ﬁlled with gray values.

(7)

Adversarial Learning

Implementation Details

Because a VAE tends to produce blurred images, we employ adversarial learning combined with a VAE, as used in
(Larsen et al. 2015; Bao et al. 2017; Zheng, Cham, and Cai
ad
2019). We add adversarial losses, Lad
rec and Lgen , to the reconstruction loss Lrec and the generation loss Lgen , respectively, as follows:

We trained the networks from scratch using the Adam optimizer (Kingma and Ba 2014) with a ﬁxed learning rate
of 10−4 and a mini-batch size of 8. During the optimization, the weighting factors of the loss function were set as
αrec = αgen = −5.0 × 10−4 , βrec = −3.6 × 10−3 and
γ = 0.27; the element of weight vector w corresponding to
position v on the unit sphere is w(v) = exp(3 c, v ), where
c, · is an inner product of the center position c of the input
image; and the mixture ratio of the two approximations was
set to η = 0.5. Furthermore, we considered C = 5 types of
symmetry, namely, the 90◦ , 180◦ , and 270◦ rotational symmetries and plane symmetries along the 0◦ and 90◦ axes.
For a fair comparison, the functions F , G, and D have
the same conﬁguration with PICNet (Zheng, Cham, and Cai
2019), with the following two exceptions: First, we employ
circular padding before each convolution layer, and second,
D outputs a conﬁdence for the entire image using an additional four-layer ResBlock (Zheng, Cham, and Cai 2019) as
a global discriminator, and not just partial regions.
We do not use latent variables obtained from F of PICNet and instead use only features. The functions Fμ and Fσ
that estimate the symmetry intensity as latent variables are
speciﬁc to our network and consist of three-layer ResBlock.

Lad
rec

=

γ||D(y) − D(G(z  ))||2

Lad
gen

=

γ||1 − D(G(z  ))||22

(8)

where D is a function that outputs conﬁdence to discriminate real images for multiple regions, 1 is a constant vector
whose elements all take a value of 1, and γ is a hyper prameter.
First, we learn F , Fμ , Fσ , and G to maximize the evaluation function of Eq. (7), including Eq. (8). Subsequently,
based on a LSGAN (Mao et al. 2017) for each mini-batch
data, we learn D to minimize the following loss function:
LD = Ep(y) [||1 − D(y)||22 ] + Ep(y|x,s) [||D(y)||22 ].

(9)

Network Structure
Functions F , Fμ , Fσ , G, and D are implemented using full
CNNs. To eliminate the discontinuity between the left and
right ends of the equirectangular image, we employ circular
padding before each convolution layer. As depicted in Figure
7, the circular padding copies (k − 1) mod 2 columns from
the left and right edges of the image to each opposite side in
the equirectangular image, where k denotes the kernel size
of the convolution.

Comparison with Related Studies
We compare our method with PICNet and 360IC (Akimoto
et al. 2019). PICNet is a state-of-the-art image completion
method, the source code of which is publicly available. Because we made a comparison with the same network con1517
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Figure 8: Qualitative comparison between spherical images generated using the proposed method and those generated using
previous methods.

*URXQG7UXWK

,QSXW,PDJH

 ݏൌ ߤ െ ʹߪ

 ݏൌߤെߪ

ݏൌߤ

 ݏൌߤߪ

Figure 9: Generated images with the intensity of the symmetry controlled at speciﬁc values.
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Figure 10: 180◦ rotated the generation results of PICNet and
our approach for the same ground truth (the third image from
the left in Figure 8). In PICNet, the left and right ends are
discontinuous, whereas they are continuous in our method.
Method
PICNet
360IC
Ours (rec.)
Ours (gen.)

FID (↓)
28.3
27.5
28.1
24.4

L1 (↓)
0.173
0.170
0.138
0.172

Low High Low High Low High

90° rot.

180° rot. 270° rot.

Low High Low High

0° plane 90° plane

Figure 11: Median, quartiles, maximum, and minimum of
the estimates of si on low and high SEM datasets for each
symmetric transformation. Index i corresponds to the type of
symmetric transformation for which the SEM is calculated.

PSNR (↑)
12.5
12.6
14.3
12.4

by the other methods, meaning that our method can generate
plausible images by capturing the distribution of high-order
features of the spherical images. One possible interpretation
of this result is that an image generated from a symmetric
combination of input image features is more plausible as a
whole scene than an image generated from estimated features in the unobserved region. When using the reconstruction setting, our method is superior in terms of L1 and the
PSNR, which indicates that it allows us to reconstruct spherical images more accurately than conventional methods.

Table 1: Qualitative evaluation with each method.
ﬁguration, we implemented 360IC by adding parallel dilated convolutions in ResBlocks and input the rearrangement
steps into PICNet. In addition, we omitted the reﬁned network from the original paper for better results of the preliminary experiment.
Qualitative Evaluation Figure 8 shows examples of
spherical images generated from NFOV images by using
each method. With our method, we show the generated images in the reconstruction and generation settings. Images
generated with our method are ﬁner than those of PICNet. In
addition, 360IC incurs a discontinuity in the upper and lower
regions from the input image through a rearrangement of the
steps. As shown in Figure 10, PICNet also has a discontinuity on the left and right ends of the image. Our method
can avoid such a discontinuity using the circular padding.
In our generation setting, biased symmetry images are naturally generated (e.g., the leftmost image approaches asymmetry, and the third image reaches closer to symmetry, as
shown in Figure 8).
Next, we show the generated images with the intensity of
the symmetry controlled to speciﬁc values in Figure 9. We
set such intensity from μ − 2σ to μ + 2σ in increments of
σ, where μ = Fμ ◦ F (x), σ = Fσ ◦ F (x). In these examples, our method can generate plausible spherical images
controlled from asymmetric to symmetric, and can reconstruct the image close to the symmetry of the ground truth
within the control ranges.

Evaluation of Symmetric Control
We now quantitatively validate the symmetric control. Here,
we use a normalized correlation between an original image
and a symmetric-transformed image whose pixel values are
normalized in [−1, 1], and this is termed as the symmetryevaluation metric (SEM). Note that the SEM is deﬁned on
each symmetric transformation Ti .
Initially, we evaluate the symmetry estimation. We divided the test images into 2,000 images with a higher SEM
and 2,000 images with a lower SEM for each of the ﬁve
symmetric transformations, which were used in previous experiments. In Figure 11, the authors show that the distribution of si estimated by our method using the reconstruction
setting corresponds to each symmetric transformation. For
all symmetry types, the estimates for the higher SEM images are higher than those of the lower SEM images (p-value
< 10−11 in Welch’s t-test).
Next, we evaluate the reproducibility of the symmetry of
the ground truth. In Figure 12, a scatter plot of the SEM
is shown between the ground truth and images generated
by our method using the reconstruction setting in the test
dataset for each symmetric type. Note that we omit the results for a 270◦ rotation because it has the same values as
that of a 90◦ rotation. There are some positive correlations
whose correlation coefﬁcients are 0.59, 0.54, 0.56, and 0.57,
whereas these are 0.46, 0.38, 0.42, and 0.42 in PICNet, and
0.50, 0.42, 0.46, and 0.46 in 360IC. This proves that our
method can generate spherical images to estimate and reconstruct the symmetry of the ground truth. Most of the images
do not have an SEM near zero, and thus estimating and controlling the symmetry can reduce the reconstruction errors.

Quantitative Evaluation We evaluated each method by
generating 10,000 images from partial images with randomized viewpoints and the FOV for the test dataset by using the
Frechet inception distance (FID) score (Heusel et al. 2017),
L1 error, and peak-to-signal-noise-ratio (PSNR). The FID
measures the distance on the feature distribution, whereas
L1 and PSNR measure the difference in the pixel values.
With our method, we deal with two approaches, i.e., reconstruction and the generation settings. The evaluation results
are presented in Table ??. Our method with the generation
setting displayed a superior FID score than those obtained
1519
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control was implemented as a circular shift of the hidden
variables of the neural networks. Furthermore, our experimental results showed that the proposed method can generate various plausible spherical images controlled from symmetric to asymmetric, and we also reduced the reconstruction errors.
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