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Figure 1. A subjective comparison of zero-shot text-conditioned panoramic image generation between our SMGD model and the state-of-
the-art method PanFusion [53]. Our model demonstrates superior performance in generating images with superior overall natural content,
enhanced subjective quality, and better alignment with the text description, while benefiting reduced model parameters.

Abstract

Panoramic image essentially acts as a pivotal role in
emerging virtual reality and augmented reality scenarios;
however, the generation of panoramic images are essen-
tially challenging due to the intrinsic spherical geometry
and spherical distortions caused by equirectangular projec-
tion (ERP). To address this, we start from the very basics
of S% manifold inherent to panoramic images, and propose
a novel spherical manifold convolution (SMConv) on S*
manifold. Based on the SMConv operation, we propose
a spherical manifold guided diffusion (SMGD) model for
text-conditioned panoramic image generation, which can
well accommodate the spherical geometry during gener-
ation. We further develop a novel evaluation method by
calculating grouped Fréchet inception distance (FID) on
cube-map projections, which can well reflect the quality of
generated panoramic images, compared to existing meth-
ods that randomly crop ERP-distorted content. Experiment
results demonstrate that our SMGD model achieves the state-
of-the-art generation quality and accuracy, whilst retaining
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the shortest sampling time in the text-conditioned panoramic
image generation task. Codes are publicly available at
https://github.com/chronosl23/SMGD.

1. Introduction

Being able to be controlled by text descriptions, panoramic
image generation with a full 360° horizontal and 180° ver-
tical field-of-view [44] opens a new avenue for various ap-
plications in virtual reality [48], augmented reality [47], au-
tonomous driving [46], etc. Although recent developments
in deep probabilistic models including generative adversar-
ial networks (GANS) [14, 20, 34, 57] and diffusion models
[10, 32, 33] have been acting as the workhorse in generating
photo-realistic images, panoramic image generation still re-
mains challenging due to their intrinsic spherical geometry
property and distorted scene structures. In particular, the
equirectangular projection (ERP) [50] employed to convert
the panoramic content into a planar rectangular format, in-
troduces spherical distortions and breaks the continuity at
the left and right edges. Within the ERP format, rectangular
panoramic images with an aspect ratio of 1 : 2 exhibit a



non-uniform pixel distribution. In other words, the pixel den-
sity is notably sparse near the polar regions and significantly
denser around the equatorial region. Consequently, existing
state-of-the-art deep probabilistic models designed for gen-
erating planar images [31, 34, 49, 51] still yet to generalize
well for the panoramic image generation.

To address the panoramic image generation task, sev-
eral methods proposed to generate rectangular images, in-
cluding autoregressive generation based on the latent codes
[11], stitching latent features [3], and directly autoregressive
generation on image patches [24]. To retain the continu-
ity between the left and right boundaries, strategies such
as circular convolution [5], circular token mechanisms [2],
and exploiting the symmetry of panoramic images [15] have
been further proposed. However, the above methods fail to
effectively mitigate the spherical distortions, thus motivat-
ing the usage of deformable convolution [43] and attention
mechanisms [53]. Unfortunately, existing methods still suf-
fer from sub-optimal performance, which lacks well-defined
global structure and optimal preservation of spherical geom-
etry, as illustrated in Fig. 1, whilst compensating this with
heavy computational complexity.

In this paper, we start from the intrinsic property of
panoramic format, and propose the spherical manifold
guided diffusion (SMGD) model operating on .S manifold,
to generate panoramic images from text descriptions. Since
panoramic images can be recognized as pixels distributed on
S? manifold, we propose the spherical manifold convolution
(SMConv), to effectively address spherical distortions and
preserve spherical geometry in panoramic images. To the
best of our knowledge, there exists no spherical convolution
designed for the panorama generation task, in which our
SMConv fills this void by performing the correct convolu-
tion on spherical surfaces. Based on SMConv, we establish
spherical manifold encoder (SME) and spherical manifold
decoder (SMD) blocks, constituting a spherical manifold
U-Net (SMUNet). Our SMGD model is subsequently con-
structed by employing the SMUNet as the denoising network,
with the VQGAN [11] serving as its image encoder. Unlike
previous spherical convolutions [8, 36, 37, 45, 55] applied in
classification and detection tasks, our SMConv is supported
by the intrinsic manifold theory. Guided by exponential
mapping, our SMConv incoporates the convolution within
spherical neighborhoods under the measure of the geodesic
distance [40]. Moreover, to further address the spherical
geometry of panoramic images, we develop a spherical loss
to optimize the proposed SMGD model. We also adopt
an enhanced strategy to evaluate the quality of generated
panoramic images by calculating the grouped Fréchet incep-
tion distance (FID) [17] in cubemap projection (CMP) [52]
format. Experimental results demonstrate that our method
achieves superior generation performances by effectively
addressing the unique challenges associated with panoramic
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image generation, such as complex scene structure, spherical
distortions caused by ERP and the sparse pixel distribution
near the poles. In summary, our contributions are three-fold:
* We set out the first attempt to propose the spherical con-
volution, namely, SMConv, operating on .S 2 manifold,
which is able to optimally capture the intrinsic spherical
geometry in panoramic images.
* We propose to incorporate SMConv into spherical mani-
fold guided blocks, including the SME and SMD blocks,
so as to mitigate spherical distortions and preserve spatial
coherence across the spherical domain.
Building upon these foundational blocks, we propose the
SMGD model as the first generative approach to incorpo-
rate spherical convolution and achieve the state-of-the-art
performance in generating panoramic images from text
descriptions.

2. Related Works

Panoramic Image Generation. Early research on
panoramic image generation can be achieved by the image
outpainting task, which generates panoramic images from
partial view [1, 2, 9, 15, 28, 38, 42]. However, these out-
painting methods are limited by the freedom of control over
the generated content. Most recently, with the rapid advance-
ments in generative models, text-conditioned panoramic im-
age generation [3, 5, 23, 24, 39, 41, 43, 53, 54] has received
increasing research efforts. More specifically, Text2Light
[5] first proposed to generate panoramic images from text
descriptions, using CLIP [30] to encode text together with
VQGAN [11] to encode panoramic images. To generate im-
ages at arbitrary sizes, DiffCollage [54], Multi-Diffusion [3]
and SyncDiffusion [23] aggregated the intermediate outputs
of pre-trained diffusion models. PanoGen [24] proposed
to recursively outpaint the images generated by pretrained
models to create panoramic images. However, those meth-
ods either fail to handle spherical distortions nor to ensure
continuity between the left and right boundaries. To address
this problem, MVDiffusion [39] generated perspective im-
ages and stitches them into panoramic images. However,
the stitched panoramic image may witness its limitation in
the field of view. PanFusion [53] introduced an attention
mechanism for perspective images to enhance the generation
of local details, while the main branch focused on generating
the overall panoramic image. However, PanFusion utilizes
two pretrained diffusion models [18] whereby multiple per-
spective images are processed in a separate branch; this
can lead to unnatural global structures and result in heavy
computational complexity.

Convolution Operation for Panoramic Images. Several
attempts have introduced modifications to the convolution
operation [7, 8, 12, 21, 29, 36, 37, 45, 55] in order to effec-
tively manage spherical distortions for panoramic image clas-
sification and segmentation tasks. The pioneering work [36]



adopted kernels with different shapes at different latitudes in
object detection task. Inspired by these works, deformable
kernels [12, 55] were adopted to handle the spherical geom-
etry. On the other hand, Coors et al. [8] retained the kernel
unchanged on the tangent plane of the sphere and projected
it back to the sphere using inverse gnomonic projection in
image classification task. For the same task, Xu el at. [45]
proposed to enlarge the receptive filed of convolution kernel
by defining the kernel area in sphere. Furthermore, the rota-
tion invariance property has been considered for designing
spherical convolution in image classification [7] and image
segmentation tasks [29]. However, spherical convolution
operations have not yet been proposed for generative mod-
els that essentially suffer from improper spherical geometry.
Therefore, we propose to incorporate the guidance from SM-
Conv by exponential mapping, operating on S manifold for
high quality panoramic image generation.

3. Methodology

3.1. Spherical Manifold Convolution

The spherical distortion introduced by ERP leads to object
deformation and interrupts the continuity of content on the
sphere, which together significantly hinder the correct in-
formation aggregation of standard convolution. In contrast,
performing convolution operation directly on the spherical
domain is of significant potential to preserve the spherical
geometry of panoramic images and to mitigate spherical
distortions. By inspecting that panoramic images can be
viewed as pixels distributed on a spherical surface, i.e., the
S? manifold, we propose the SMConv operation that per-
forms convolution on the S2 manifold. More specifically, we
employ exponential mapping [13] to project uniform convo-
lution kernels from the tangent space onto the S? manifold,
enabling SMConv with kernels to uniformly aggregate the
content across the S2 manifold. More importantly, due to the
length-preserving property of exponential mapping [13], SM-
Conv retains the uniformity of geodesic distances, known as
great-circle distances [40], on the S? manifold. This enables
SMConv to better handle spherical distortions, providing an
effective solution for panoramic image generation. Com-
pared to previous spherical convolution based on inverse
gnomonic projection [8], employing exponential mapping
to construct SMConv kernels enables an expanded receptive
field, refined kernel patterns, and improved preservation of
spherical geometry, as demonstrated in Fig. 2.

More specifically, the S? manifold is defined as a set of
points z € R? with norm 1, which can be parameterized
by spherical coordinates 6§ € [0,27] and ¢ € [—7/2,7/2].
Through a transformation between spherical and Cartesian
coordinates, we can obtain 3D Cartesian coordinates and
then apply the exponential mapping. For instance, a point
p = (6,¢) on S? manifold can be converted to a corre-
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Figure 2. Comparison of exponential mapping (denoted as
Exp,(-)) and inverse gnomonic projection (denoted as IGP(-))
[8] through forward and backward mappings. Left: visualization
of a point v in the tangent space T S? at point p, mapped onto
the sphere. Right: projection of a panoramic image, the spherical
data, onto the tangent space Tp S centered at p = (6, ) whereby
f0=0and p = T

x.
sponding point p = (z,y, z) with Cartesian coordinates.
The exponential mapping [13] can be formulated as follows:

v

vIl”

q = Expy,(v) = cos([[v|)p + sin([[v]]) (1)
where q denotes the mapped point, p is the tangent point,
and v is a vector representing the coordinates of the kernel
points K7, (m, n) in tangent space T, S? centered at p.

In practice, given a predefined position (u,,,v,) of a
kernel point K7, (m,n) in the tangent space Tp,S?, the cor-
responding vector v in 7}, S? can be obtained as follows:

V= Uné + vpé,,
(—sinf, cosb,0),

(—sin p cos @, — sin p sin 6, cos @),

€0

2)

e

©

where p = (6, ¢) denotes the center point in 7,52 and the
vectors &g, &, serve as the basis for the coordinate system
in 7, 52. Note that the shape and the position of the convo-
lution kernel are provided by (ty,, v,,) in TpS? and we can
calculate the position q = Exp,(v) = (Zm,ns Um.n» Zm.n)
of the kernel point K(m,n) on S? manifold in Cartesian
coordinates, via (1) and (2). Here, the kernel K is centered
at the point p on S? manifold. Due to the properties of the
exponential mapping [13], the norm of the mapped point
d = (Zmmn, Ym.n, 2m.n) is guaranteed to be 1, ensuring that
the point remains on the S? manifold. Since we need the po-
sition q = (0,,,, ¢y, ) in spherical coordinates for performing
SMConv, we can simple apply the inverse transformation
from Cartesian to spherical coordinates.

Furthermore, suppose F g2, F g2 are features on S? mani-
fold. The operation of SMConv can be formulated by

Fs:(0,0) = ZFSz(Q + O, 0+ pn) - K(m,n),

m,n

(O on) = 4 = Exp, (K, (m,n)),

3)
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Figure 3. Overall architecture of the proposed SMGD model, which introduces SMUNet as the denoising network and a panoramic VQGAN
as the image encoder. The SMUNet is primarily constructed by the SMConv, operating on the S® manifold, and integrates the SPB along

with circular encoder and decoder blocks.

In (3), q is the position of the kernel point K (m, n) for spher-
ical features in ERP format, which is obtained by performing
exponential mapping for the kernel point K, (m, n) in the
tangent space 15,5 2. Moreover, K represents the kernel
centered at point p on S? manifold and the weight of K is
identical to that of K1,,. By uniformly choosing u,, and
v, and constructing a regular kernel in the tangent space
TpS?, we can perform SMConv with kernels uniformly dis-
tributed across the S? manifold using exponential mapping,
according to (3).

3.2. SMConv Inspired Diffusion Model

Building upon SMConv, we introduce the SMGD model
to achieve high-quality panoramic image generation. The
overall architecture of our SMGD model is shown in Fig. 3.
The diffusion process can be formulated as

q(z¢]Zze—1) = N(ze—15 V1 = Brze—1, Be),
1 1— “4)
Zi—1 = \/70715 (Zt - 1_O[Otét€w(zt7t’T)> + v/ B,

where z;_1, z; denote the noisy spherical features with the
same dimensionality as the data, at time step t — 1 € [0, 7]
and ¢ € [0, T] respectively. T is the text embedding obtained
by CLIP model [31], i.e., from the pretrained CLIP ViT/L-
14 model. In addition, ¢(z;|z;—1) represents the forward
process gradually adding noise to the image, €, (2, t) is the
noise predicted by our SMUNet at time step ¢, i) represents
the parameters of SMUNet and 7 denotes a random Gaussian
noise. Furthermore, the noise scheduler configuration S
is a hyperparameter that controls the strength of the noise
involved at each time step. The parameter « is defined as
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ap =1 — B, and & is given by a; = Hizl o, the default
setting within diffusion models.

As the core component of the SMGD model, our SMUNet
predicts noise at each time step ¢ from the noisy spherical
feature z; and facilitates the recovery of the spherical fea-
ture zo on S2 manifold by subtracting the predicted noise.
We employ spherical processor blocks (SPBs), along with
circular encoder and decoder blocks based on circular con-
volution [2] at shallower layers of SMUNet. Then, we apply
SME and SMD blocks at deeper layers with middle blocks
consisted of spherical manifold residual blocks (SMRBs)
and cross-attention layers to integrate text embeddings T.
The design of a hybrid architecture to integrate circular con-
volution at shallower layers with SMConv at deeper layers is
motivated by the following considerations. As resolution in-
creases, spherical convolution operation including SMConv,
consumes substantially higher GPU memory cost compared
to standard convolution [8] due to its bilinear interpolation.
Furthermore, in deeper layers of SMUNet where spatial reso-
lution is reduced, the sparse pixel distribution near the poles
becomes increasingly pronounced, exacerbating the limita-
tions of standard convolution. Consequently, the proposed
hybrid architecture well balances between output quality,
computational efficiency, and memory utilization.

Then, the SME block comprises 2 SMRBs, 2 cross-
attention layers, and an SMConv with a stride of 2 for
downsampling. For the [-th SME block, the SMRB can
be formulated as

Z{" = SMConv[SMConv|[z;"] + gy ()] + 21",  (5)

where the calculation of SMConv follows (3) and gy, (%) is
the learnable time-step embedding function [32]. Moreover,



zf" denotes the input, while EtEl represents the output for
this layer. The structure of the SMD block closely mirrors
that of the enxoding SME block, with the upsampling layer
using nearest-neighbor interpolation. Note that the final
SME block and the first SMD block omit upsampling and
downsampling operations. Moreover, the SPB employs the
SMConv combined with a 1 x 1 residual convolutional layer
to enhance the transformation between different feature chan-
nels. The circular encoder and decoder blocks follow the
structure in LDM [32], with all planar convolutions replaced
by circular convolution operations [2]. Notably, the circular
encoder blocks use average pooling layers for downsam-
pling. In addition to the SMUNet, we propose to employ a
panoramic VQGAN [11] with a downsampling factor of 16
as the image encoder and decoder for our SMGD model. In
the panoramic VQGAN, all planar convolutions in the layers
of decoder are replaced by circular convolutions [2].

3.3. Spherical Guided Training Strategy

The training process involves two stages: training the
panoramic VQGAN, and then training the SMGD model.
During the training of the panoramic VQGAN, reconstruc-
tion loss Lyec [11], commitment loss Lcommit [11] and per-
ceptual loss Lpe, [19] are employed, which can be formu-
lated as

(6)

where Acommit and Aper are hyperparameters to control the
weights of different loss components during training.

During the training of the SMGD model, a spherical
loss based on the weighted spherically uniform PSNR (WS-
PSNR) [50] is employed. The total loss can be formulated
as

»CVQGAN = »Crec + )\commit »Ccommit + )\per »CPery

(N

where A\yisg and Agnvisg are also balancing hyperparameters.
Furthermore, the Lyisg and Lgysg are given by

Lpig = AMseLMsE + AsmseLSMSE,

ﬁMSE = Et,zo,em6 - Gw(zt, ta T)Hg]a
Lsnse = Ei gy o[[|[W O (€ — ey (2,1, T))[3],

where W is given by the WS-PSNR [50] to reflect the
panoramic characteristics as

®

W, — con(1105

((
where j € [0, H] is the index of height in z, and H denotes
the height of the spherical feature z;. Lg\sg can improve
the preservation of spherical geometry, e.g., a sparse pixel
distribution near the poles.

0.5)7), ©)

3.4. Quality Evaluation for Panoramic Images

FID score is the de facto standard for evaluating the quality
of generated images, whereas performing a direct calculation
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Real Image in ERP Format

Converted Image in CMP Format

Figure 4. Illustration of the conversion between ERP and CMP
formats. In the CMP format, four blue-bordered images represent
equatorial regions, while two orange-bordered images represent
polar areas. These images are grouped accordingly, with FIDcqu
and FIDy,c calculated separately for each group.

of FID on panoramic images in rectangular ERP format in-
troduces severe distortion, leading to inaccurary. We propose
to convert the generated panoramic images from ERP format
to CMP format consisted of 6 square images for calculating
FID score. The mapping from ERP to CMP format [50, 52]
provides a robust solution to evaluate the quality of gener-
ated panoramic images. Note that although sharing similar
goals with the concurrent work [6], our FID-based metrics
are able to reflect detailed quality for different regions when
evaluating generated panoramic images. As illustrated in Fig.
4, the conversion reveals the continuity across the left and
right boundaries and represents the spherical geometry by
obtaining 4 images representing areas near the equator and 2
images representing areas near the poles. Thus, the 6 square
images within CMP format can be categorized into 2 groups,
allowing for separate FID calculations to assess the quality
of generated images. More specifically, FIDc, is calculated
using the 4 images near the equator, while FID . is de-
rived from the 2 images near the poles. FIDqq, primarily
assesses the quality and visual fidelity of the panoramic con-
tent, whereas FID .1 evaluates the preservation of spherical
geometry. Analyzing FID., and FID . provides a com-
prehensive measure of the quality of the generated panoramic
image.

4. Experiment

4.1. Experimental Settings

Dataset. We employed the widely-used Matterport3D [4]
dataset to evaluate the performance for text-conditioned
panoramic image generation. More specifically, we obtained
10,912 panoramic images with a resolution of 1024 x 512
according to [26]. We then utilized the BLIP-2 [25] model to
generate text descriptions for each panoramic image, form-
ing paired text-image data for training and testing. To enable
FID-10K calculation, we allocated 10, 000 images for train-
ing and testing.

Implementation Details. We adopted the panoramic VQ-
GAN according to Sec. 3.2. SMUNet, the denoising network
for our SMGD model, was configured with 320 and 640
channels for the two circular encoder and decoder blocks,



Table 1. Comparisons in terms of FID and CLIP score (denoted as CS) values for panoramic images generated by our method and existing
baseline methods, along with evaluations of parameter number (denoted by Para.) and time required to inference (denoted as tsample). We
represent the best numbers by red color and the second best by blue color.

Methods FID | | FAED | | OmniFID | || FID,g } FIDeent | | FIDpora | | FIDyana 4 || FTDequ 4 | FIDpore & || €S 1 || Para. L || feample(s)
Multi-Diffusion [3] | 69.96 | 1.12 68.70 5674 | 58.19 56.53 55.50 27.26 8773 || 0.182 || 13B || 39.45+031
SD2+LoRA [18,32] | 59.32 | 147 69.07 50.04 51.78 49.16 49.17 24.49 88.68 || 0171 || 14B | 6.48+0.49

Text2Light [5] 4842 | 410 63.16 4368 | 4693 46.64 37.47 30.87 7206 || 0188 || 1.0B || 50.12+11.18
MVDiffusion [39] | 5621 | 0.93 94.53 38.15 38.88 37.60 37.96 27.58 12548 || 0.181 | 14B || 97.14+£0.79

PanFusion [53] 1615 | 035 27.64 1434 | 1491 13.96 14.14 14.81 3199 || 0.182 || 23B | 38.51+11.57

SMGD (Ours) 9.85 0.22 18.24 9.70 9.77 9.62 9.71 7.88 2105 || 0189 | 14B || 2.69+0.39

and 960 and 1280 channels for the two SME and SMD
blocks utilizing the 3 x 3 SMConv. At the first training stage,
we trained the panoramic VQGAN with the Adam optimizer
[22], using a batch size of 1 and a learning rate of 4.5 x 106
for 300 epochs, with Acommic = 1 and A\per = 0.8. At the
second stage, we trained the SMGD model from the scratch
with the AdamW optimizer [27], a batch size of 8, and learn-
ing rate of 1 x 10~ for 800 epochs by setting Aysg = 0.8
and Agmse = 0.2. Moreover, the noise scheduler config-
uration 3; followed that of LDM [32]. For inference, we
used a DDIM sampler [35] with 50 steps and a classifier-free
guidance scale [32] of 2.5.

Baselines. We compared our SMGD model with existing
text-conditioned panoramic image generation methods, in-
cluding Multi-Diffusion [3], Text2Light [5], MVDiffusion
[39] and PanFusion [53]. We also compared our SMGD
model with the widely-used stable diffusion model [32] by
performing a rank-16 LoRA [18] (denoted as SD2+LoRA).
Different from [53], we directly trained the LoRA model
with a learning rate of 1 x 10~ for 50 epochs on our training
data.

Evaluation Metrics. We computed FID.q, and FIDe,
as described in Sec. 3.4 to effectively assess the quality of
panoramic images. Note that FID.q, was calculated against
40K images and FID,,,j. was calculated against 20K images.
To further validate our metrics and assess the quality of the
generated images, we calculated an extra FID value similar
to that used in previous methods [53]. More specifically, we
cropped the panoramic images into 3 representative areas
instead of obtaining 20 perspective images in calculating
FID values. Specifically, we cropped the panoramic images
into the center, cross-border and random patches with size
512x 512. Then, we calculated the corresponding FID value
of them and obtained the FID ., FIDporq and FID,,,q.
By averaging these three FID values calculated against 10K
images, we obtained FID,,,. Moreover, we reported FID,
OmniFID [6], and Fréchet Auto-Encoder Distance (FAED)
[53] to comprehensively evaluate the quality of the generated
full panoramic images. On the other hand, to evaluate the
alignment between text and generated panoramic images,
we utilized the widely adopted CLIP score [16] (denoted

as CS).! Furthermore, we recorded the time for inference
tsample DY averaging the time required to generate 10 images
on an NVIDIA 4090 GPU for each method.

4.2. Comparison with Existing Methods

Quantitative Results. In Table 1, we report the quantitative
results of our method and baselines for panoramic image gen-
eration from text descriptions. From this table, our method
consistently achieves the lowest FID values, the highest
CLIP scores, and the least sampling times. More importantly,
among the top-performance models, our method maintains a
comparatively lower parameter number. More specifically,
the lower values of FID cent, FIDyord, FIDrang, and FID ;e
demonstrate that our SMGD model achieves the state-of-the-
art performance within text-conditioned panoramic image
generation’. Moreover, the even lower FID¢qy and FID01¢
values indicate that our method well preserves the spherical
geometry of panoramic images, compared to other base-
line methods. Note that MVDiffusion [39] and SD2+LoRA
achieved low FID,, values but high FID,e values. This
may be due to the fact that images generated by MVDiffusion
exhibited a limited field of view, while images produced by
SD2+LoRA lacked the preservation of the spherical geome-
try in panoramic images. Furthermore, as shown in Table 1,
our SMGD model achieves the fastest inference time among
all comparison models, outperforming PanFusion [53], the
second-best method in terms of image quality, by more than
a factor of 10 in inference speed.

Qualitative Results. We randomly chose 2 text descriptions
and report the generated panoramic images with correspond-
ing real images from dataset in Fig. 5. As illustrated in
the figure, the panoramic images generated by our SMGD
model achieved the best subjective quality and the most
accurate alignment with the text descriptions. More specifi-
cally, improper spherical geometry, including inconsistency
across the border and an unnatural pixel distribution near
the poles, was observed in panoramic images generated by
SD2+LoRA, Text2Light, and Multi-Diffusion, due to their

!'The CLIP score was computed using the ViT-L/14 CLIP model, consistent
with the CLIP model employed in our SMGD model.

2To further validate the robustness of our model, we conduct additional
evaluations on the Structured3D [56] dataset in Supplementary Sec. A.
We also provide additional qualitative results in Supplementary Sec. C.
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“a room on a cruise ship” “a kitchen and living room”

Figure 5. Qualitative results for text-conditioned panoramic image generation with real images from dataset displayed on the top row. We
also show the copy from the left side of the panoramic image to the right to reveal the consistency across the whole image. Note that
images generated by MVDiffusion [39] exhibit a limited field of view, resulting in images with a reduced height. We highlight the improper
spherical geometry, artifact regions and distorted objects and lines with corresponding color of boxes, which are mitigated by our SMGD
model.

neglect of spherical distortions. Panoramic images gener- generated by MVDiffusion exhibited a limited field of view.
ated by Panfusion and MVDiffusion suffered from artifact This limitation impeded the visual quality and complete-
regions and distorted objects and lines as highlighted with ness of the generated images, making them less suitable for
corresponding color boxes in Fig. 5. Moreover, images fully immersive visual experiences. In contrast, our SMGD
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Table 2. Ablation study for our SMGD model. We compare the performance achieved by adding individual components to the baseline
model sequentially, including the spherical loss (denoted by Lsmsk), the SMD blocks, the SME blocks, and the SPB modules. We represent

the best numbers by red color.

Lsmse | SMD Blocks | SME Blocks | SPB || FID || FIDavg & | FIDcent 4 | FIDpora 4 | FIDyana 4 || FIDequ 4 | FIDpoie 4 || CS 1
X X X X 23.11 20.57 20.34 2091 20.45 15.35 34.87 0.187
v X X X 20.03 17.50 17.05 18.04 17.40 12.78 32.95 0.187
v v X X 13.35 12.87 12.79 12.94 12.88 9.61 20.45 0.188
v v v X 12.36 11.42 11.46 11.60 11.19 9.21 21.70 0.186
v v v v 9.85 9.70 9.77 9.62 9.71 7.88 21.05 0.189
Comparison in terms of FID and CS significantly enhanced performance, with SME blocks fur-
35 228 0.200 ther contributing to the improvements. Moreover, both the
LDM+SphereNet herical 1 £ i d the SPB effectively i d
30 SMGD (ours) 0195 spherical loss function and the SPB effectively improve
25 the quality of generated panoramic images. Therefore, each
g 21.05 o187 [ 0190 g module plays a vital role in optimizing the performance of
= 207 1857 3]
> 16.58 0.185 2 the SMGD model.
é 15 13.83 o 1805 Furthermore, to validate the effectiveness of SMConv
10 285 70 788 ' compared to previous spherical convolution methods, we im-
5 0.175 plemented LDM+SphereNet, which employs the panoramic
0 0.170 VQGAN and a U-Net architecture identical to our SMUNet,
FID  FlDayg FH?Vquu ~ FIDpole s whilst all SMConv layers were replaced by the convolution
etric

Generated ERP Foramt

Converted CMP Format

i ‘

Image Generated by SMGD (ours)

Image Generated by LDM+SphereNet

Figure 6. Comparison between LDM+SphereNet and the pro-
posed SMGD model. Top: Bar plot of FID and CLIP score values
achieved by these two methods. Bottom: Subjective results of
panoramic images generated by the text prompt “a hallway in a
house”. The comparison is conducted in both ERP and CMP for-
mats, with distorted objects and lines highlighted.

model produced visually pleasing panoramic images with a
well-defined overall structure and proper spherical geometry.

4.3. Ablation Study

In this section, we conducted ablation study to systemati-
cally evaluate the impact of core components in our SMGD
model. More specifically, since the spherical loss and SM-
Conv are important for handling spherical distortions and
preserving spherical geometry in panoramic images, we ana-
lyzed performance changes by gradually adding the spherical
loss Lsmse, the SMD blocks, the SME blocks and the SPB.
As reported in Table 2, the involvement of SMD blocks

operations proposed in SphereNet [8]. The training and in-
ference were kept consistent with those of our SMGD model.
As shown in Fig. 6, we can conclude that the quality of
panoramic images generated by LDM+SphereNet is limited,
whereas our proposed SMGD model produces visually pleas-
ing images with lower FID values and a higher CLIP score’.
This demonstrates the effectiveness of using SMConv for

advanced panoramic image generation.

5. Conclusion

In this paper, we have proposed a novel method named
as spherical manifold guided diffusion (SMGD) model to
address the challenges of spherical distortions associated
with panoramic image generation. This was achieved by
the spherical manifold convolution (SMConv) operation that
is able to uniformly sample spherical content within each
convolution layer. Different from existing spherical convolu-
tion operations applied in other tasks, the proposed SMConv
operation was built upon the exponential mapping grounded
in manifold theory, which is able to preserve lengths on the
tangent plane and exhibit enhanced local properties. The
overall training procedure of our SMGD model was also
inspired by the spherical loss. Furthermore, we have pro-
posed to calculate FID.q, and FID)c for panoramic im-
ages in cubemap format to improve the evaluation on the
quality of generated panoramic images. Experimental re-
sults have demonstrated that our method achieves superior
performance in text-conditioned image generation, surpass-
ing existing state-of-the-art methods in both the quality of
generated images and computational efficiency.

3More qualitative comparison results between SMGD and LDM+SphereNet,
as well as a detailed analysis, are provided in Supplementary Sec. B.
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