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Spherical Manifold Guided Diffusion Model for Panoramic Image Generation

Supplementary Material

A. Experiments on Structured3D dataset001

To further validate the robustness of our model, we con-002
ducted extensive evaluations on the Structured3D dataset.003
Specifically, we utilized a total of 21, 133 images with a004
resolution of 1024× 512, splitting them into 19, 019 images005
for training and 2, 114 images for testing. The adoption of006
a test split highlights the generalizability of our approach007
and demonstrates its robustness against overfitting. For com-008
parison, we focused on the second-best performing method,009
Panfusion, as a baseline. The quantitative results for the test010
images are presented in Table S1. As evidenced by the table,011
our method consistently outperforms the baseline, achieving012
the state-of-the-art performance across all evaluated metrics.013

B. In-depth analysis on SMConv014

To further highlight the distinction between the proposed SM-015
Conv and the spherical convolution introduced in SphereNet,016
we visualize the kernels generated by both methods in Fig.017
S1. Both kernels are derived by projecting a grid with the018
same unit length onto the tangent plane at the kernel’s center019
point. As demonstrated in the figure, the length-preserving020
property of the exponential mapping leads to notable differ-021
ences in the kernel patterns, particularly at lower resolutions.022
Specifically, the kernel of our SMConv exhibits a signifi-023
cantly larger receptive field compared to that of SphereNet.024
At the highest resolution of 64× 32, while the differences025
between the kernels of SMConv and SphereNet are rela-026
tively subtle, the kernel patterns are not identical. It is worth027
emphasizing that even this slight discrepancy can play a sig-028
nificant role in influencing the overall performance. This029
observation underscores the importance of precise kernel030
design in spherical convolutions, as minor variations can031
lead to measurable impacts on the model’s effectiveness.032

After inspecting the differences in kernel patterns across033
various resolutions, we conduct a detailed analysis of the034
SMUNet architecture to evaluate the performance improve-035
ments achieved by our SMGD model in comparison to036
LDM+SphereNet. Specifically, in SMUNet, the resolution037
settings are configured as follows: 64×32 for the SPB, 64×32038
and 32×16 for the circular encoder/decoder, 16×8 and 8×4 for039

Figure S1. The projection difference in practice, given all possible
latent resolutions and 3× 3 kernels used in practice. The first row
is for a single kernel. The second row shows the overall projection
points. We normalize the range to [−1, 1] to calculate the MSE
between SMConv and SphereNet projected positions.

the SME and SMD, and 8×4 for the SMRB. Given this con- 040
figuration, there are 2 SMConv layers at resolution 64× 32, 041
11 SMConv layers at resolution 16× 8 and 14 SMConv lay- 042
ers at resolution 8× 4. It can be concluded that the majority 043
of SMConv layers operate at lower resolutions, which con- 044
tributes significantly to the performance gain of the SMGD 045
model compared to LDM+SphereNet. This performance 046
gain is primarily attributed to the significant disparities be- 047
tween the two models at lower resolutions. Specifically, the 048
distinctive properties of SMConv, including the adoption 049
of exponential mapping and optimized kernel patterns, as 050
illustrated in Fig. S1, play a pivotal role in enhancing feature 051
extraction capabilities and the overall performance of the 052
model. 053

Furthermore, we provide additional qualitative com- 054
parison results between the proposed SMGD model and 055
LDM+SphereNet to further demonstrate the superior perfor- 056
mance of our SMGD model. As shown in Fig. S2, images 057
generated by LDM+SphereNet exhibit blurriness, unnatural 058
global structures, and artifacts in fine details, highlighting 059
its limitations. In contrast, images produced by our SMGD 060
model achieve significantly higher quality and demonstrate 061
better alignment with the provided text prompts, underscor- 062
ing the effectiveness of our approach. 063

C. More Qualitative Results for SMGD 064

We provide additional results to further demonstrate the ef- 065
fectiveness of our approach in generating panoramic images 066

Table S1. Comparisons on the test images from Structured3D dataset. We only compared with the second-best PanFusion method, both
re-trained on the Structured3D dataset. We represent the best numbers by red color.

Methods FID ↓ FIDavg ↓ FIDcent ↓ FIDbord ↓ FIDrand ↓ FIDequ ↓ FIDpole ↓ CS ↑
SMGD (Ours) 18.65 17.89 17.62 18.27 17.77 15.64 46.94 0.1884

PanFusion 31.05 30.39 29.50 31.44 30.23 37.28 49.15 0.1882
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Figure S2. More qualitative comparison results between our SMGD model and LDM+SphereNet. The first row presents results generated by
the proposed SMGD model, while the second row displays results from LDM+SphereNet. Each column corresponds to images synthesized
using the text prompt provided at the bottom.

Figure S3. Additional results for text-conditioned panoramic image generation with text prompts drawn from our dataset. We illustrate the
panoramic images generated by our model in both the ERP format and the converted CMP format.

conditioned on text descriptions. These results include exam-067
ples derived from text prompts within our dataset, illustrating068
the alignment between the generated images and text descrip-069
tions, as shown in Figs. S3 to S5. Moreover, we evaluate the070
zero-shot generalization capacity of our model by employing071
novel text prompts that were not encountered during training,072
as depicted in Figs. S6 and S7. These results demonstrate073
the capacity of model to generalize effectively to previously074
unseen prompts. We present the panoramic images in both075
the generated equirectangular projection (ERP) format and076
the converted cubemap projection (CMP) format. This dual077
representation effectively illustrates the continuity of the left078
and right image boundaries, as well as the spherical geometry079

intrinsic to panoramic images. 080
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Figure S4. Additional results for text-conditioned panoramic image generation with text prompts drawn from our dataset. We illustrate the
panoramic images generated by our model in both the ERP format and the converted CMP format.

Figure S5. Additional results for text-conditioned panoramic image generation with text prompts drawn from our dataset. We illustrate the
panoramic images generated by our model in both the ERP format and the converted CMP format.
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Figure S6. Results for zero-shot text-conditioned panoramic image generation. We illustrate the panoramic images generated by our model
in both the ERP format and the converted CMP format.

Figure S7. Results for zero-shot text-conditioned panoramic image generation. We illustrate the panoramic images generated by our model
in both the ERP format and the converted CMP format.
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