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A More Experiment Settings

A.1 User Study

For human evaluation, we ask the users to evaluate the 360 videos across three dimensions: Graphics
Quality (GQ), Structure Plausibility (SP), and Temporal Coherence (TC). We provide both
the 360 videos and their four perspective projection videos with ϕ = 0, θ = [0, 90◦, 180◦, 270◦].
Graphics quality refers to the clarity and detail richness of the panorama and perspective video frames.
Structure plausibility refers to the level of distortion in each perspective projections. Temporal
coherence refers to the motion consistency and subject consistency: whether there’re objects that
suddenly appear or disappear, etc. The users need to look at both the 360 videos and the perspective
projections to evaluate across the three metrics. They are asked to score each method from 1 to 4,
where a higher score indicates better performance. The average user score is reported in Table 1 of
the main paper.

A.2 Ablation Settings

For ablations, in the ablation on antipodal mask, we compare the model variant using both the
antipodal mask and the directly-mapped mask with the model variant using only the directly-mapped
mask. Note that we do not ablate on the directly mapped mask because its effectiveness in dual-design
structure was already addressed in PanFusion [32]. In the ablation on rotation-aware design ablation,
we compare our full model using both the rotation sampling and rotation estimation with a variant
that does not use either of the designs to see the effect of rotation handling.

A.3 Testing Benchmark

To validate on both generated videos and in-the-wild videos, we randomly sample videos from
360-1M, Realestate-10K, and use CogVideoX to generate videos to form this testing benchmark.
The 360-1M videos are panoramic videos, and we also sample different camera trajectories to crop
perspective videos from these panoramic videos as inference inputs. The original 360 videos serve
as the ground truth for video optical flow EPE calculations. We ask LLM to generate 200 scene
description prompts that cover indoor, outdoor, urban, and landscape scenarios for CogVideoX. In
addition, we ask the LLM to make 100 out of the 200 prompts not contain camera translation but only
camera rotation. Amongst these generated videos, we manually pick 100 videos with only camera
rotation and ablate the antipodal masking on this subset to see if there is negative impact on the visual
quality from antipodal masking.
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Figure A: Failure cases.

A.4 Stress Testing Analysis

To probe the limitations of our model, we select several categories of representative corner cases for
stress testing. As illustrated in Fig. C, in the left case, when the input video features a monotonous
background with cluttered foreground objects and an ambiguous spatial layout, the generated
panoramic video is prone to a loss of coherent panoramic structure. In the right case, when the dis-
tance between consecutive camera poses is excessively large or the motion trajectory contains overly
abrupt rotational changes, the pose estimation in the preprocess stage is likely to fail, consequently
leading to a degradation in the quality of the final panoramic video. The above analysis shows that
the main challenges of the model lie in two aspects: first, when the foreground is cluttered and the
spatial cues are blurred, it is difficult to ensure the structure of the generated content; second, when
the camera moves violently, resulting in inaccurate pose estimation, it will directly lead to a decline
in generation quality.

B More Implementation Details

B.1 Data Collection

We begin by collecting a large-scale, coarse 360° video dataset from YouTube using a combination of
keywords such as “360,” “video,” “trip,” “tour,” “wildlife,” “animal,” and “vehicle,” among others.
Then we extract a random frame from each video as a reference to manually filter out videos with
large logos, missing polar views, or that do not exhibit 360 equirectangular property. After this
step, a smaller, high-quality subset is obtained from the original coarse dataset. We employ a shot
segmentation model [24] to divide the long videos into a number of short segments with a smooth
camera trajectory. These short segments still contain low-quality content, as the initial filtering is
only based on random frames. We filter out static videos based on extracted optical flow. The flow
values are first normalized to the range of [0, 1], with an average flow value calculated for each frame.
Videos that contain less than 10% of frames with > 0.1 average flow value are considered static
and removed from the dataset. We also conduct another round of random frame sampling from
these segments to find which segment contains irrelevant logos. Finally, we divide these segments
uniformly into 5-second clips as the standardized training data.

B.2 Inference Settings.

We modified the VEnhancer [14] to keep the 360◦ close-loop property when interpolating the output
panorama video for a better 360 VR immersive experience in the webpage. Note that we do not use
video SR of any kind in our comparison and ablation experiments.

C Discussion with PanFusion

Building upon the dual-branch denoising architecture introduced in PanFusion [33], which was
successful in text-to-panorama image generation, we adapt this design to a significantly different
and more complex task: video-conditioned 360° video generation. Although both methods utilize a
dual-branch structure, our work differs from PanFusion in several critical aspects.

First, the target domain and task are fundamentally different. PanFusion addresses static image
generation guided by text, producing panoramic images on a spatial canvas. In contrast, our approach
generates 360° videos conditioned on video inputs, requiring temporal modeling in spacetime and the
ability to process video tokens in both the denoising and conditioning branches.
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Second, the overall pipeline diverges substantially. Our model accepts general video inputs and
incorporates rotation-aware mechanisms, such as rotation-aware mask sampling during training and a
rotation estimation module at inference, to handle diverse real-world camera trajectories. PanFusion,
by comparison, operates on static, upright panoramas from text prompts and lacks any camera-aware
design.

Third, temporal modeling is a core component of our method, but is entirely absent in PanFusion.
We integrate motion modules into the Stable Diffusion architecture and introduce an antipodal mask
in the cross-domain attention module. This extends the receptive field beyond local neighborhoods to
antipodal regions on the 360° sphere, enabling more coherent motion across frames.

In general, our task presents greater challenges than text-to-panorama generation due to the necessity
of handling temporal dynamics, complex video conditions, and varying camera movements. Overall,
PanFusion’s architecture is infeasible to solve our setting due to the different inputs. Even with
adaptations for video generation, as we show in the ablations of our newly introduced modules, this
variant remains insufficient to generate robust 360 videos for general video inputs and diverse camera
trajectories. Thanks to our customized designs in antipodal masking and rotation-aware modules,
Imagine360 achieves high-quality, video-conditioned 360° generation with strong generalization to
in-the-wild inputs.

D Discussion on Panorama Image Outpaint

A bonus advantage of Imagine360 is that apart from panorama video outpainting, we also achieve
superior performance for panorama image outpainting. We compared our method with state-of-the-
art panorama image outpainting approaches, including Diffusion360 [7], PanoDiffusion [29] and
SIG-SS [13]. We use the first frame of a video as the input image and extract the first frame of our
outpainted video as our result for panorama image outpainting. For quantitative comparison, we
adopt Intra-Style [9; 19] metric to evaluate the panorama style coherence; CLIP [15] to measure the
alignment between the panorama and the input text prompts; IQA [28] measures the overall image
quality. Tab. A shows our method achieves the best performance among the compared methods across
all metrics.

We also show the qualitative comparison in Fig. B, with a red dashed box indicating the input image.
The results of Diffusion360 [7] show less consistency as its newly generated pixels sharing different
style with the know pixels. SIG-SS [13] is a GAN-based methods and its generations exhibits
over-smoothness compared to diffusion-based approaches. PanoDiffusion [29] focuses on indoor
scenes and does not generalize well to outdoor scenes. In contrast, Imagine360 outpaints more
consistent, high-quality, and aesthetic panorama compared to other approaches.

Table A: Quantitative comparison with the state-of-the-art Panorama Outpainting methods.

Method Intra-Style(×10−3) ↓ CLIP ↑ IQA ↑
Diffusion360 [7] 3.40 27.49 0.77
PanoDiffusion [29] 3.46 23.19 0.72
SIG-SS [13] 2.06 26.26 0.48
Ours 0.99 29.12 0.78

E Extended Ablations

E.1 Ablation on rotation-aware data sampling.

We currently employ random trajectory sampling to capture diverse camera motion conditions for
training. Another intuitive strategy would be using camera pose estimation models on massive
monocular videos or employ camera trajectory generation model [34] to collect a large camera
trajectory library for training trajectory sampling. We collect a camera pose trajectory library
based on Realestate10K [37] training samples, and randomly sample from these trajectories during
training. The result are reported in Tab. B. We find the results less robust compared to our default
random sampling. Realestate videos are mostly slow, and this data bias might downgrade inference
performance on more rapid videos, leading to sub-optimal results.
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a busy street in London with many people walking down the street.

a serene snowy landscape with a still lake surrounded by snow-covered trees and mountains

Ours Diffusion360 SIG-SS PanoDiffusion
a picturesque canal in Venice, Italy with a gondola gliding through the water.

Figure B: Qualitative comparisons between Imagine360 and the state-of-the-art panorama outpainting
methods.

Table B: Extensive ablation studies on training rotation sampling under Vbench, EPE, and OmniFVD metrics.

Method Vbench EPE ↓ OmniFVD ↓
IQ ↑ AQ ↑ MS ↑ SC ↑

Ours 0.7372 0.5722 0.9866 0.9649 2.5583 204.0
+ real rotation sampling 0.7314 0.5127 0.9773 0.9450 3.1049 272.9

E.2 Ablation on Extended Web Data

As we collect additional panorama video data from the web in our training, we also analyze the effect
of the extended data. We train our baseline models on our training data and report the results of
baselines+LoRA trained on our data (marked with *) in Tab. C. The results are tested on a subset of
benchmark due to limited computation resource. Results show that most of the metrics improve with
our training data, especially EPE, which reflects 360 motion correctness, showing the effectiveness of
our curated 360 video data.

F Limitations and Future Work

Figure C: MonST3R can underestimate large camera
rotations, leading to distorted input video in the canvas
and hence inconsistent geometry in the generated results.

During inference, Imagine360 leverages
MonST3R to estimate the input camera poses.
While MonST3R generally performs well on
dynamic scenes, it can underestimate large
rotations (e.g., 30◦ roll or 60◦ pitch). Hence, the
derived Euler angles for mask generation may
fail to fully compensate for the actual video
rotation, leading to noticeable distortions that
limit the video fidelity in certain scenarios, as
seen in Fig. C. As geometry estimation research
advances rapidly, this issue can be mitigated
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Table C: Ablative study on our extended panorama video dataset.

Method Vbench EPE ↓
IQ ↑ AQ ↑ MS ↑ SC ↑

FYC 0.6248 0.5368 0.9856 0.8770 3.1767
Animatediff 0.6257 0.5211 0.9799 0.9122 3.5393
360dvd 0.5501 0.4359 0.9856 0.9356 3.1904
FYC+LoRA* 0.6582 0.5565 0.9864 0.9633 2.9330
Animatediff+LoRA* 0.5707 0.4874 0.9861 0.8706 3.0068
360DVD* 0.6948 0.5245 0.9783 0.9635 3.1466

Ours 0.7372 0.5722 0.9866 0.9649 2.5583

by integrating more advanced models in future
work.

G Societal Impacts

This paper proposes Imagine360, a video-conditioned 360 video generation framework to create
immersive video content. On the positive side, our framework helps creators to produce VR-ready
experiences from standard videos, lowering the production cost and expanding access to immersive
media for general users without prior expertise in 360 content creation. However, like other generative
models, this technology synthesizes new realistic pixels from limited viewpoints, which may lead
to misinformation or potential privacy concerns. To mitigate such risks, we employ manual efforts
to carefully remove training data with sensitive content and private information. Our codes will be
made public under CC BY 4.0 license to prevent misusage.

H Dataset Availability Statement and Clarification

Our study uses only publicly available data, following precedents like InternVid, Panda-70M, and
360-1M. The data is solely for research, aligning with YouTube’s privacy and fair use policies. No
user data or privacy rights are violated during the data collection process. We will only supply
YouTube IDs and start, end timestamps for downloading the respective content. The dataset is made
available under the Creative Commons Attribution 4.0 International License (CC BY 4.0).

I Additional Related Work

I.1 Diffusion Models

Diffusion models [17; 22; 23] have achieved remarkable success in image generation [21; 20; 6],
leading to advancements in video diffusion models [31; 12; 2; 26; 3; 4; 16]. The first video diffusion
model (VDM) [18] adopts a space-time factorized U-Net in pixel space to model low-resolution
videos. Imagen-Video [16] proposes to use cascaded DMs for generating high-definition videos.
Subsequent research [2; 12; 3; 4; 26] adapts existing text-to-image (T2I) models to text-to-video
(T2V) models by incorporating temporal layers, including both convolution and attention layers.
More recently, several works [8; 31] directly use 3D full attention to model space-time information
for more unified video representation. On the other hand, image-to-video (I2V) [35; 30; 11; 1; 36; 10]
has arisen great attention as it enables more precise control on video generation. Some works achieve
I2V by incorporating the image condition into the pretrained T2V models and finetuning newly added
modules [30; 11] or the inherited weights [1; 35], while plug-and-play methods [36; 10] aims to turn
any text-to-image models into image animators.
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J Code and License

Our codebase is mainly built upon PanFusion1 [33] protected by MIT License and Follow-Your-
Canvas2 [5] (does not specify an open-source license, therefore treated as "all rights reserved").
WEB360 [27] dataset is publicly accessible but does not specify an explicit license. Therefore, it is
treated as “all rights reserved” and used only for non-commercial research purposes under fair use
principles. Realestate10K [37] is licensed by Google LLC under a Creative Commons Attribution
4.0 International License. 360-1M [25] is protected by MIT license. CogVideoX [31] is protected by
Apache-2.0 license.
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