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Supplementary Material

6. Effect of Supervision on Polar Distortions

In this section, we further illustrate the effect of cube loss
in addressing severe distortions around the polar regions.
Figure 6 compares results generated from the same prompt
without and with this supervision, showing that incorporat-
ing cube loss leads to clearer structures and fewer artifacts
in the polar regions.
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Figure 6. Qualitative comparison of generated panoramas and
their top/bottom cube faces without (left) and with (right) cube
loss. Red boxes mark regions where polar artifacts are signifi-
cantly reduced when supervision is applied.

7. Inpainting and Outpainting

DiT360 demonstrates native inpainting and outpainting ca-
pabilities without requiring additional training, thereby es-
tablishing a unified framework for panoramic image gener-
ation, as illustrated in Fig. 7. Specifically, inspired by pre-
vious work [3], given a single perspective image, we first
project it into the panoramic domain from a chosen view-
point and derive the corresponding mask that specifies the
regions requiring inpainting or outpainting. We then per-
form inversion on the projected image to obtain its initial
noise representation while simultaneously extracting refer-
ence tokens without positional encodings. During subse-
quent inference, we adopt a token replacement strategy:
tokens within the masked regions are replaced with those
from the reference image, while retaining the positional en-
codings originally associated with the replaced tokens. This
replacement scheme faithfully preserves subject details and
maintains spatial consistency, effectively anchoring subject
identity at the beginning of generation and naturally guiding
the model toward coherent content completion. As a result,
DiT360 is able to produce consistent and semantically rich
results in both inpainting and outpainting tasks. More re-
sults are provided in Fig. 8.

8. Experiment Settings

Implementation Details. We developed DiT360 on top
of Flux.1-dev [1], integrating LoRA [6] into the attention
layers. The model was fine-tuned on 8 H20 GPUs using
AdamW [7] with a learning rate of 2 x 10~ for 20 epochs,
a batch size per GPU of 1, and a gradient accumulation of 3,
while only the LoORA modules were trainable. Our experi-
ments revealed that the guidance scale plays a crucial role in
convergence, with 1.0 yielding the most stable training. For
inference, we set the guidance scale to 3.0 and employed 28
sampling steps.

Dataset. We adopt a hybrid training strategy that com-
bines perspective and panoramic data. For the perspec-
tive branch, we curate 40k high-quality landscape im-
ages from the Internet, center-crop them to a 1:1 ratio,
and project them onto random panoramic regions. For
the panoramic branch, we follow PanFusion [20] and uti-
lize Matterport3D [2], a large-scale RGB-D dataset com-
prising 10,800 panoramas across 90 building-scale scenes.
To mitigate distortion, we refine the blurred polar regions
and use 10k panoramas for training, consistent with prior
work. For the validation benchmark, we follow previous
work [14, 17, 20] and use the original Matterport3D [2] val-
idation set without refinement.

Evaluation Metrics. Following prior work, we evaluate
our method with a diverse set of complementary metrics.
For realism, we adopt Fréchet Inception Distance (FID) [5]
and its variants, including FIDj, for fair comparison by
excluding blurred polar regions, and FID,j. and FIDcg, fol-
lowing SMGD [14] to assess polar distortion and perspec-
tive projection quality. Since FID relies on an Inception net-
work trained on perspective images and may not fully cap-
ture panoramic characteristics, we further employ Fréchet
Auto-Encoder Distance (FAED) [11], a variant tailored
for panoramas. For diversity, we report Inception Score
(IS) [13], replacing the standard Inception-v3 [15] with a
ResNet pretrained on Places365 [4, 21] to better reflect
the scene-centric nature of our data. For text-image align-
ment, we compute CLIP Score (CS) [12], and for percep-
tual quality, we report Q-Align (QA) [18], BRISQUE [9],
and NIQE [10], following HunyuanWorld [16]. Notably,
since some methods [8, 16, 19] are trained on proprietary
datasets, certain metrics such as FID [5] are provided only
for reference, whereas the qualitative results in Fig. 9 more
faithfully reflect the performance differences.
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Figure 7. The inpainting and outpainting pipeline of DiT360 (outpainting shown). The input perspective image is first projected into the
panoramic domain and obtain a task-specific mask (with white regions indicating masked areas). The model then performs inversion to
derive the initial noise representation and extract reference tokens. During denoising, a token replacement mechanism fills masked regions
with reference tokens while preserving positional structure, enabling coherent and semantically consistent panoramic completion.

Sydney Opera House with harbor and skyscrapers.

Figure 8. More results on inpainting and outpainting.

9. Full Comparision

In this section, we present the complete qualitative compar-
ison of text-to-panorama generation results. As shown in
Fig. 9, our method demonstrates superior perceptual real-
ism, producing sharper and more visually authentic panora-
mas. In addition, it achieves higher geometric fidelity by ef-

Table 5. User study results on text-to-panorama generation.

Methods TA1T BC?T RealismtT OQ7T
PanFusion 21.7% 19.6% 2.1% 0.3%
Matrix-3D 241% 27.5% 23.7% 5.1%
HunyuanWorld 25.9% 18.9% 10.4% 13.7%
Ours 28.3% 34.0% 63.8% 80.9%

fectively handling distortions and preserving boundary con-
tinuity, whereas baseline methods often suffer from visible
artifacts and structural inconsistencies.

10. User Study

To further evaluate human preference, we conducted a user
study comparing our method with several representative
baselines [8, 16, 20]. The study focused on four key as-
pects: text alignment (TA), boundary continuity (BC), re-
alism, and overall quality (OQ). A total of 63 participants
were asked to choose their preferred outputs from different
methods on a test set consisting of 10 images. As shown
in Tab. 5, our method received the highest preference across
all metrics, clearly demonstrating its superior ability to gen-
erate realistic panoramic images with faithful alignment and
coherent boundaries.

11. More Results

We present additional results in Figs. 10 and 11 to further
illustrate the performance of DiT360 on panoramic image
generation. These examples demonstrate that the model
consistently produces high-quality, semantically coherent,
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Figure 9. The full qualitative comparison on panorama generation. We highlight representative artifacts with red boxes.

and visually detailed completions across a variety of scenes.

12. Limitations and Future Work

Despite the strong performance of DiT360 on panoramic
image generation tasks, several limitations remain. The
model’s effectiveness is constrained by the diversity and

scale of available datasets, leading to suboptimal results in
certain scenarios, such as those containing high-resolution
human faces or intricate scene details. Future work will
focus on collecting larger and more diverse high-quality
datasets to further enhance the model’s generative capabil-
ities and image resolution. Additionally, leveraging syn-



Figure 10. More results on text-to-panorama generation.
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Figure 11. More results on text-to-panorama generation.




thetic data to augment training samples can facilitate further
advances in panoramic image generation. In the long term,
extending the framework to three-dimensional scene gen-
eration and understanding represents a promising research
direction.
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