The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

PanoDiT: Panoramic Videos Generation with Diffusion Transformer

Muyang Zhang'?*, Yuzhi Chen'?*, Rongtao Xu>'!, Changwei Wang®, JinMing Yang?>',

Weiliang Meng?'

, Jianwei Guo*?’, Huihuang Zhao’, Xiaopeng Zhang>'

School of Artificial Intelligence, University of Chinese Academy of Sciences, Beijing, China

ZMAIS, Institute of Automation, Chinese Academy of Sciences, Beijing, China

3Qilu University of Technology (Shandong Academy of Sciences), Shandong, China
4School of Artificial Intelligence, Beijing Normal University, Beijing, China
3College of Computer Science and Technology, Hengyang Normal University, Hunan, China
muyang.zhang @mais.ia.ac.cn, chenyuzhi2022 @ gmail.com, xurongtao2019 @ia.ac.cn, changweiwang @sdas.org,
yangjinming2023 @ia.ac.cn, weiliang.meng @ia.ac.cn, jianwei.guo @bnu.edu.cn,
happyday.huihuang @ gmail.com,xiaopeng.zhang @ia.ac.cn

Abstract

As immersive experiences become increasingly popular,
panoramic video has garnered significant attention in both re-
search and applications. The high cost associated with cap-
turing panoramic video underscores the need for efficient
prompt-based generation methods. Although recent text-to-
video (T2V) diffusion techniques have shown potential in
standard video generation, they face challenges when ap-
plied to panoramic videos due to substantial differences in
content and motion patterns. In this paper, we propose Pan-
oDiT, a framework that utilizes the Diffusion Transformer
(DiT) architecture to generate panoramic videos from text
descriptions. Unlike traditional methods that rely on UNet-
based denoising, our method leverages a transformer archi-
tecture for denoising, incorporating both temporal and global
attention mechanisms. This ensures coherent frame genera-
tion and smooth motion transitions, offering distinct advan-
tages in long-horizon generation tasks. To further enhance
motion and consistency in the generated videos, we introduce
DTM-LoRA and two panoramic-specific losses. Compared to
previous methods, our PanoDiT achieves state-of-the-art per-
formance across various evaluation metrics and user study,
with code is available in the supplementary material.

Introduction

With the rapid advancement of VR/AR technology, 360-
degree panoramic videos have become increasingly preva-
lent, which offers an immersive experience from every an-
gle, making them valuable across various domains, includ-
ing entertainment, education, and communication. Despite
the emergence of many leading technologies in the field
of computer vision (Xu et al. 2023b,a, 2022; Wang et al.
2023a,b; Wu et al. 2023). Traditionally, capturing these
videos requires the use of high-resolution fisheye camera
arrays to cover a wide field of view, a process that is both
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Figure 1: Panoramic videos generated by PanoDiT. For
example, the first video is generated with the prompt: “a
panoramic view of ice and icebergs floating on water.”

time-consuming and resource-intensive. There is an urgent
need for more efficient panoramic video generation methods
to reduce costs, yet research in this area remains limited.

With the advent of emerging diffusion strategies (Ho,
Jain, and Abbeel 2020), text-to-image (T2I) diffusion mod-
els (Rombach et al. 2022; Mou et al. 2024; Ramesh et al.
2022; Nichol et al. 2022; Peebles and Xie 2023) have shown
remarkable capabilities in generating images from a wide
range of user prompts, including text and images. These
advancements in image generation have paved the way for
text-to-video (T2V) generation. Recently, several T2V dif-
fusion models (Guo et al. 2023; Deng et al. 2023; An et al.
2023; Singer et al. 2022; Wang et al. 2023d; Xing et al.
2024; Zhou et al. 2022; Yang et al. 2024) adopt a spatio-
temporal separable architecture, which leverages pre-trained
2D diffusion models for spatial operations, thereby reduc-
ing the complexity of constructing a spatio-temporal model
from the ground up. Among these, AnimateDiff (Guo et al.
2023) has made significant contributions by introducing a
U-Net-based Motion module and a lightweight LoRA (Hu
et al. 2021), enabling user-customized motion patterns tai-
lored to specific tasks, which enhances the controllability



of T2V models and achieves notable consistency in both
temporal and content aspects. Additionally, 360DVD (Wang
et al. 2024) explored the application of similar architectures
for 360-degree panoramic videos. However, it still suffers
from significant shortcomings in high-frequency detail con-
sistency and long-range generation. Traditional video gener-
ation approaches have predominantly relied on U-Net-based
denoising schemes. However, due to the extended tempo-
ral sequences inherent in video data, the U-Net architecture
often struggles with maintaining consistency over large tem-
poral spans, making it difficult to preserve coherence in both
time and content. In contrast, Diffusion Transformers (Pee-
bles and Xie 2023) (DiT) achieve high consistency in long-
horizon tasks. Implementing 360-degree panoramic video
generation to meet industrial standards using DiT poses
several challenges: (i) The DiT architecture, lacking the
strong priors available in T2I models, requires a high-quality
panorama dataset. (ii) No existing work has introduced a
controllable Motion LoRA within the DiT framework to en-
able the generation of controllable content. (iii) Although
the DiT architecture can directly generate equirectangu-
lar projection (ERP) videos and subsequently synthesize
panoramic videos through spherical projection, significant
frequency domain differences between ERP videos and stan-
dard formats necessitate targeted optimization.

In this paper, we propose PanoDiT, a DiT-based model
for text-to-panoramic video generation. We curated the
PHQ360 dataset from WEB360 to improve video quality. To
control camera movements, we design DTM-LoRA, which
fine-tunes the Motion Module in DiT blocks. To overcome
standard diffusion loss limitations in panoramic settings, we
added two loss functions that optimize spatial and frequency
domain weights, improving video quality. As shown in Fig-
ure 1, PanoDiT excels in both visual and motion dynamics,
achieving state-of-the-art performance in panoramic video
generation. The main contributions are summarized as fol-
lows.

e We propose PanoDiT, which leverages the Diffusion
Transformer to generate high-quality, temporally consis-
tent panoramic videos from text prompts, capitalizing on
the Transformer’s strengths in continuous feature extrac-
tion.

We construct a novel Panoramic High-Quality 360
(PHQ360) Dataset based on WEB360, which has been
meticulously refined using aesthetic and motion scoring,
along with Likert scale-based human evaluation.

We design a Motion LoRA within a specialized DiT ar-
chitecture to facilitate controlled video generation with
minimal computational cost.

We introduce two novel loss functions for 360-degree
panoramic videos to improve dynamic realism and sta-
bility of low-frequency details.

Related Works
Diffusion Models

In recent years, diffusion models have made a significant
impact in the field of image generation, achieving faster
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processing times and improved image quality and resolu-
tion (Ho, Jain, and Abbeel 2020; Rombach et al. 2022).
However, in the realm of text-to-video generation, diffu-
sion models have encountered various intricate challenges.
Despite various recent efforts and optimizations (Blattmann
et al. 2023; Guo et al. 2023; Xu et al. 2024; Chen et al. 2023;
Yu et al. 2023), these issues remain difficult to fully resolve.
A notable work in this domain is SVD (Blattmann et al.
2023), which demonstrates the necessity of carefully curated
pre-training datasets for generating high-quality videos. An-
imateDiff (Guo et al. 2023) introduces a Motion Module
based on the Unet framework, along with a corresponding
LoRA, significantly contributing to the low-cost and effi-
cient control of motion patterns in video generation. While
the success of text-to-image generation has influenced the
field of panoramic generation, directly transferring the rich,
high-quality priors from text-to-image models remains a sig-
nificant challenge.

Panorama Generation

With the rise of VR/AR technologies, panoramic generation
has become increasingly important, encompassing tasks like
panoramic outpainting and text-conditioned generation. For
example, PanDiff (Wang et al. 2023c) uses a two-stage an-
gle prediction module and a latent diffusion-based model
to generate 360-degree panoramas from unregistered NFoV
images and text prompts. Similarly, Spherical-VQGAN (Ai
et al. 2024) employs a VQGAN-based architecture to create
a sphere-specific codebook from spherical harmonic values,
improving the representation of spherical data and enhanc-
ing both semantic consistency and visual fidelity.

Generative models have advanced significantly in synthe-
sizing immersive content from text, with text-to-panorama
generation gaining attention. Methods such as those
in (Zhang et al. 2023a; Lee et al. 2023) combine dif-
fusion pathways for high-resolution images but struggle
with equirectangular projection for 360-degree panoramas.
MVDiffusion (Deng et al. 2023) uses correspondence-
aware attention to generate multi-view images but often re-
sults in repetitive elements and inconsistencies. In contrast,
360DVD (Wang et al. 2024) enhances panoramic video fi-
delity and consistency by incorporating the 360Adapter and
Latitude-aware Loss into the denoising Unet architecture
from animateDiff (Guo et al. 2023). Despite these advance-
ments, issues with fidelity and artifacts in longer video se-
quences still impact motion consistency and visual quality.

Validation with models like Sora (Liu et al. 2024) has
shown that Diffusion Transformer (DiT) models can effec-
tively compute correlations between frames along the tem-
poral axis, providing a natural advantage over the U-Net ar-
chitecture in generating long and high-quality videos. This
finding has prompted us to explore the adaptation of the DiT
architecture for panoramic video generation, which, to the
best of our knowledge, is the first attempt within the research
community.
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Figure 2: [Left]: Our PanoDiT Framework. Our PanoDiT generates high-fidelity ERP videos from simple text prompts and
utilizes spherical projection to produce 360-degree panoramic video outputs. [Right]: Training procedure. The training begins
with the high-resolution ERP image motion module, using a combination of images and panoramic videos. Following this, the
DTM-LoRA is trained on panoramic videos with varying camera movements.

Method
Preliminaries

Diffusion Model. As the basis of our PanoDiT, Latent
Diffusion Models (LDM) (Rombach et al. 2022) con-
sists of three main components: a variational autoencoder
(VAE) (Kingma and Welling 2013) with an encoder £ and a
decoder D, a denoising network €y, and a condition encoder
To.
In the widely used Stable Diffusion (SD) model, high-
resolution images x € R¥XWX3 are first projected into
a lower-dimensional latent space Z = £(x), where Z €
Rh>Xwx¢ The down-sampling factor f = H/h = W/w is
typically set to 8. These latents are then decoded back into
the image space using X = D(Z). The training objective for
LDM is expressed as:

ey

where ¢ is uniformly sampled from 1 to 7', and Z, denotes
the noisy latent at time step ¢. The denoising network ey,
which follows a UNet architecture (Dhariwal and Nichol
2021), is enhanced with cross-attention mechanisms to in-
corporate the optional condition encoder 7y(y). The condi-
tion y can be a text prompt, an image, or any other user-
specified input.

Diffusion Transformer. The Diffusion Transformer, in-
troduced by (Peebles and Xie 2023), represents a key ad-
vancement by merging diffusion models with transformer
architectures (Vaswani et al. 2017). This integration over-
comes the limitations of U-Net-based latent diffusion mod-
els, improving efficiency, flexibility, and scalability. DiT sur-
passes U-Net in denoising tasks by capturing long-range
dependencies and complex interactions, essential for accu-
rate noise reduction. The self-attention mechanism enables
DiT to dynamically focus on different input parts, enhanc-
ing context-aware denoising. These improvements result in
higher quality video generation, preserving temporal consis-
tency and fine details across frames.

Panoramic videos. Panoramic video typically refers to
360-degree spherical panoramas. The consensus in the

Laittusion = Ea y.cronr(0,1),¢ [l€ = €0(Ze, t, 70 (y))||3]
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research community is that directly generating spherical
videos is highly challenging. An alternative approach is
to generate equirectangular projection (ERP) videos with
a 2:1 aspect ratio, which are then synthesized into 360-
degree videos through spherical projection. When projecting
panoramic videos onto ERP, meridians are mapped as verti-
cal lines with constant spacing, while parallels are mapped
as horizontal lines with constant spacing. The ERP video can
be divided into three sections based on latitude: the central
region represents low latitudes (equatorial area) with low-
motion backgrounds, while the upper and lower regions cor-
respond to high latitudes (polar areas), which contain signif-
icant motion and distortions.

Overview

Our PanoDiT framework is designed to generate high-
fidelity, 360-degree panoramic videos from text prompts. It
leverages the DiT (Peebles and Xie 2023) backbone and is
trained on our PHQ360 dataset, as illustrated in Figure 2. To
improve upon the traditional DiT denoising architecture, we
introduce a novel Temporal VAE structure. This approach
segments the input ERP video into time-based batches for
encoding, which are then denoised and fused before being
fed into the VAE decoder to produce the final output.

To optimize PanoDiT’s performance, including the mo-
tion module, we employed mixed training with both image
and video data, mitigating the risk of introducing artificial
artifacts from video-only training. The framework also in-
cludes a high-resolution ERP motion module that utilizes a
Temporal Transformer. This module projects the input data
with positional encoding to capture sequence order, and pro-
cesses it through self-attention layers to learn dependencies
across time steps, thereby providing explicit motion guid-
ance for the DiT model.

Furthermore, PanoDiT integrates DTM-LoRA to fine-
tune the ERP motion module, allowing for dynamic con-
trol over video motion patterns based on specific ERP
input sequences. During the denoising and generation of
ERP videos, we apply a post-processing technique known
as rotation padding (Wang et al. 2023c, 2024), which en-
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Figure 3: Human Filtration. We extract those Likert scores
greater than or equal to 4 to be used in the construction of
the PHQ360 dataset.

sures physical and pixel continuity when stitching meridians
into a 360-degree spherical video. PanoDiT offers an effi-
cient framework for generating immersive and controllable
panoramic videos from text prompts.

PHQ360 Datasets

A diverse collection of text-video paired datasets is essential
for training open-domain text-to-video generation models.
However, the lack of high-quality textual annotations in ex-
isting panoramic video datasets limits their effectiveness in
generating high-quality videos.

In previous work introducing text-to-panoramic video
datasets, datasets like ODV360 (Cao et al. 2023) and
WEB360 (Wang et al. 2024) were developed. WEB360 that
uses annotations based on BLIP (Li et al. 2022) is built
upon the ODV360 dataset and contains 2,114 pairs of text
and video from open-domain content in high-definition ERP
format. However, the text fusion method in the WEB360
dataset only considers multi-view fusion of single frames
and lacks comprehensiveness and detail for capturing mo-
tion changes in panoramas. To address these shortcomings,
we utilize the VILA (Lin et al. 2024) model, which inte-
grates all frames over the temporal axis for improved video
understanding, combining the strengths of fine-grained and
dynamic annotations.

To enhance the quality of panoramic video datasets, we
employ four filtering methods: Duration, Aesthetic, Text,
and Motion, to eliminate nearly 1,000 low-quality videos
from the WEB360 dataset. Despite this, some videos still
had unclear motion or layouts. Therefore, we conducted a
survey with 30 participants, each rating about 100 videos on
a 7-point Likert scale. Each video’s score reflects the average
of three evaluations. The final dataset is our Panorama High-
Quality (PHQ360) which consists of 649 text-video pairs as
shown in Fig. 3.

We also analyzed camera displacements and content
themes in our PHQ360 dataset, which aids our PanoDiT
in adjusting video motion and themes using LoRA control
methods. The statistical details are given in Fig. 4, which
are expected to benefit future research.
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Figure 4: The statistical details of our PHQ360 dataset. (a)
shows the distribution of camera motion directions in our
PHQ360 dataset. (b) presents the types and distribution of
video subjects within the dataset.

DTM-LoRA

Guiding fixed video motion through text prompts alone
is widely recognized as a highly challenging task. In the
community around models like Stable Diffusion, users pre-
fer generative methods that provide reliable control. Thus,
developing effective and efficient motion control mecha-
nisms for video generation models has become a key fo-
cus. Previous works like AnimateDiff (Guo et al. 2023) and
SVD (Blattmann et al. 2023) have integrated motion mod-
ules into video generation models for controllable motion.
However, these modules are parameter-heavy and require
extensive data for fine-tuning. Other studies have explored
LoRA-based methods for fine-tuning motion modules (Guo
etal. 2023). Therefore, we propose DTM-LoRA, which inte-
grates motion LoRA into the DiT framework by fine-tuning
the embedded motion module within transformer blocks us-
ing low-rank adaptation.

Generating 360-degree panoramic videos from text
presents unique challenges compared to traditional text-to-
video (T2V) tasks. These challenges arise mainly from the
distinct camera movement patterns and the high-frequency
variations in high-latitude regions inherent in the equirectan-
gular projection (ERP) format. Typically, panoramic videos
are captured in real-time using specialized 360-degree cam-
eras mounted on moving platforms, such as autonomous ve-
hicles or drones, introducing varied motion characteristics.
However, by training DTM-LoRA on a minimal set of sam-
ples (approximately 20-30 videos) with specific camera mo-
tion directions, the motion direction in ERP videos can be
effectively controlled through weight scaling.

Panorama Generation Optimization

360-degree panoramic videos present significant challenges
for text-to-video (T2V) generation due to their extensive
scale and wide range of viewpoints compared to conven-
tional videos. In ERP panoramic videos derived from 360-
degree footage, the low-latitude regions remain stable with
minimal variation, while the polar regions, despite their
smaller area, exhibit greater randomness, complicating the
denoising process. In the frequency domain, polar regions
typically correspond to high-frequency areas, whereas low-
latitude regions correspond to low-frequency areas. These
differences can be optimized by applying filters specifically
designed to enhance performance in each region. Traditional
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Figure 5: Visualization of our loss design. We introduce a
diffusion loss, PD Loss, and ES Loss corresponding to the
second frame of the input video. It is noteworthy that PD
Loss and ES Loss exhibit more pronounced distribution in
the polar and equatorial regions, respectively. Our final loss
function is a weighted combination of these three losses.

approaches use diffusion loss to uniformly supervise all out-
puts but fail to address these challenges. To improve this, we
propose two novel loss functions.

Polar Dynamic Loss. To enhance motion consistency
in the high-dynamic polar regions of ERP video gener-
ation, we introduce the Polar Dynamic Loss (PDLoss).
ERP videos captured by panoramic cameras often exhibit
varying motion patterns between adjacent frames in the
polar regions. To better capture dynamics in these crit-
ical areas, we use a polar dynamic-aware weight w
{wa, w3, ..., wp} € RETIXCXHXW that emphasizes dis-
crepancies between predicted and actual values in these re-
gions:

Az|?, )

where Az, = %; — 2,1 and Az; = z; — z;_1 denote the
frame-wise temporal differences of the predicted and true
values, respectively.

We normalize w; within each ERP video segment to
prevent issues like gradient explosion or vanishing during
the training, thereby improving the model’s learning effec-
tiveness and stability. This normalization amplifies signifi-
cant motion differences, focusing on regions with minimal
dynamic activity while excluding the more stable middle
and low-latitude areas. To account for the perspective shifts
caused by camera displacement in ERP videos, which intro-
duce a degree of causality, we penalize the subsequent frame
of each video pair using a new polar dynamic loss:

(2 — 2|17

_ [w ©
polar— Z 1+\/UTZ )

The term w denotes the dynamlc weights assigned to each
feature location.

Equatorial Stability Loss. Another challenge in ERP
video generation is maintaining high consistency in both se-
mantic and temporal aspects of object structures within low-
latitude regions. As 360-degree videos are largely composed
of low-latitude areas from a human perspective, consistency
in these regions directly impacts the video’s fidelity. Previ-
ous research has highlighted the trade-off between percep-

w; = ||A2AJIL —

3
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tual quality and motion intensity in general video genera-
tion (Bar-Tal et al. 2024; Zhang et al. 2023b; Kondratyuk
et al. 2023; Bar-Tal et al. 2024). Specifically, in panoramic
video generation, it has been observed that high-resolution
512 x 1024 ERP videos often suffer from significant degra-
dation in structural details, particularly affecting smooth ob-
jects or sharp edges. This phenomenon occurs because the
edges and textures in the low-latitude regions of ERP frames
are concentrated in the high-frequency components of the
frequency domain. To address this issue, we identify these
components in the frequency domain, as follows:

Flzi) = F 1 (1 Flz)), )

where F(z;) and F~!(-) denote the frequency domain trans-
formation and its inverse, respectively, and H represents a
high-pass filter defined as:

Hino :{1, 1f\/

0, otherwise.

Using formula 4, we can extract latent features that
meet frequency domain requirements. Additionally, utilizing
these extracted high-frequency features, we have developed
a novel equatorial stability loss, defined as follows:

Z |1 F (2

where F(-) represents the high-frequency component ex-
tracted using the high-pass filter H.

The loss function minimizes the difference between the
predicted and true high-frequency features in the ERP video,
thereby ensuring the stability of generated object edges and
textures.

Our final training objective is a weighted sum of Equa-
tion 1, Equation 3, and Equation 5, with A\; and A\ serving
as trade-off weights to balance the optimization.

()11, (&)

equatorl al —

Epanodit = Ediffusion + /\1 ‘cpolar + /\2£equalorial- (6)

Rotation Padding. Inspired by previous work (Wang
etal. 2024, 2023c¢), we can maintain semantic and pixel con-
sistency at the ends of ERP videos using a simple rotation
padding method, which involves rotating the flattened last
dimension of the tensor to the opposite end during each de-
noising step.

Experiments
Settings

The training configuration featured a resolution of 512 x
1024, a frame length of 144, a batch size of 2, a learning
rate of 5 x 109, and a total of 100,000 training steps. We
trained PanoDiT at three different scales: Small (S), Base
(B), and Large (L) using our PHQ360 dataset. In the subse-
quent sections, we focus on presenting the inference results
of PanoDiT-B, as it demonstrates optimal performance at a
resolution of 512 x 1024.
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view of a snow covered mountain with  “a panoramic view of a village on a cliff, surrounded
rocks under a sky background.” by a large body of water with the sun shining over it.”

Figure 6: Main Results. Our PanoDiT produces panoramic images with higher fidelity and stable high-frequency detail than
previous leading work.

WEB360 Our PHQ360
Methods ~ FID(}) IS(t) FVD(}) PSNR(1) SSIM(1) LPIPS(|) FID(]) IS(1) FVD(]) PSNR(1) SSIM({) LPIPS(})

AnimateDiff 273.14 5.19 2586.51  6.11 0.21 092  207.77 6.53 231945 6.34 0.24 0.89
360DVD 131.16 871 189529  8.13 0.34 0.81 155.21 9.65 1305.41 8.47 0.41 0.73
SVD 10245 932 1290.17  9.11 0.44 0.72 98.67 10.24 1032.56  9.37 0.48 0.69
PanoDiT(ours) 81.42 10.62 761.72  10.03 0.52 0.64 75.73 1231 58436  10.38 0.59 0.61

Table 1: Quantitative results conducted on the WEB360 and our PHQ360 datasets for the evaluation of single-frame and video
generation. The evaluation metrics for the baseline models are derived from the official implementations, and the re-trained
results strictly adhered to the original training settings.

Comparison Methods FID(}) IS(1) FVD(}) PSNR(1) SSIM(1) LPIPS(/)

We conducted comparative experiments using AnimateDiff, w/o ESLoss 80.61 10.82 641.2 10.25  0.58 0.62

360DVD, and SVD, all of which were trained under identi- w/ ESLoss 75.51 12.44 5179 11.07 0.62 0.59

cal conditions on WEB360 and our PHQ360 dataset to en-

sure a fair comparison. Table 2: Quantitative Ablation of the ESLoss. ESLoss
Qualitative Results. As illustrated in Figure 6, PanoDiT demonstrates its effectiveness in enhancing panoramic video

results exhibit pronounced panoramic dynamics. In the rock quality on qualitative metrics.

region on the left and the town region on the right, the ERP
video demonstrates the characteristic distortions of polar ar-

eas while ma?ntaining ex'cellent semantig consistency. Fur— Ablation Study
thermore, unlike the previous models, which are constrained
to generating 16-frame videos, PanoDiT is capable of pro- DTM-LoRA. To validate the effectiveness of DTM-LoRA
ducing 144 frames at a rate of 24 frames per second. The in the diffusion transformer architecture, we conduct abla-
qualitative results demonstrate that our PanoDiT model sig- tion experiments across three PanoDiT model scales. Optical
nificantly surpasses previous models in terms of visual fi- flow and motion magnitude between consecutive frames are
delity and dynamic performance. calculated using the Farneback algorithm (Farnebick 2003),
Quantitative Results. The quantitative results are given forming the motion score. The final score is the average mo-
in Table 1, We report not only standard metrics for tion magnitude across all frames (averaged over three infer-
video evaluation, such as Fréchet Video Distance (Un- ences). The line graphs in Figure 7 illustrate the relationship
terthiner et al. 2018) (FVD), but also Fréchet Inception Dis- between the DTM-LoRA-applied weights and the motion
tance (Heusel et al. 2017) (FID) and Inception Score (IS) score, which demonstrate DTM-LoRA’s significant capabil-
for individual frames of ERP videos. We improved image ity in controlling the generation of high-motion-coefficient
quality by at least 2 percentage points and nearly halved the videos across the three PanoDiT model scales.
previous values for video metrics. PDLoss. To evaluate the effectiveness of our PDLoss in
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Figure 7: Quantitative Ablation of DTM-LoRA. We report
the motion scores for DTM-LoRA inference across all three
PanoDiT scales. Higher LoRA weights yield panoramic
videos with increased motion scores a nd optical flow.

w/ PDLossw/o PDLoss

Figure 8: Qualitative Ablation of the PDLoss. The white
dashed line indicates the motion reference, while the white
arrow denotes the motion direction aligned with panoramic
logic.

improving the rationality of motion in high-frequency re-
gions, we conduct qualitative ablation experiments shown
in Figure 8 , where ERP video frames in the high-latitude
(Antarctic) regions displayed less coherent motion direc-
tions before applying PDLoss. In contrast, frames with
PDLoss applied exhibit motion directions that align more
consistently with the camera’s movement.

ESLoss. To validate the effectiveness of our ESLoss
in preserving semantic and temporal consistency in low-
latitude areas, we conduct a quantitative ablation experiment
shown in Table 2 and Figure 9, where the videos employing
ESLoss outperform the baseline in all metrics.

User Study

The research community consensus is that evaluating video
quality using metrics such as FVD provides a limited per-
spective. To thoroughly assess the quality of 360-degree
videos generated by PanoDiT, we conducted a user study
with 20 participants. Inspired by a prior study (Ai et al.
2024), participants performed both objective and subjective
evaluations using a Meta Quest 2 VR headset and Oculus
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w/o ESLoss

w/ ESLoss

Figure 9: Qualitative Ablation of the ESLoss. Note that the
ships in the frames marked with the red boxes exhibit dis-
tortions which did not use ESLoss, whereas those marked
with the green boxes maintain good semantic and temporal
consistency.
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Figure 10: User Study Statistics. (a) Confusion matrix from
the user study, where fewer Predicted Negatives indicate
higher fidelity. (b) User study results based on subjective
evaluation metrics.

CenarioVR software.

Find Fake. Each participant completed 10 test sets, each
containing 3 real samples and 1 fake sample. They were
asked to identify the sample they believed to be fake. The
fake samples, generated by our PanoDiT-B, were randomly
selected, while the real videos came from a private dataset.
Based on the results, we computed the confusion matrix, as
illustrated in Figure 10 (a).

Viewing Rating. Participants evaluated the generated
videos on realism, aesthetics, motion, semantics, and tem-
poral consistency during a virtual tour, with results shown in
Figure 10 (b).

Conclusion

We propose PanoDiT, a panoramic video generation model
with high-fidelity output. PanoDiT employs the exceptional
scaling properties of transformer models, leading to signif-
icant advancements, particularly in long-horizon panoramic
video generation. The DTM-LoRA component in PanoDiT
excels in panoramic motion control, with customized loss
functions for panoramic videos validated through extensive
ablation experiments. Experiments validate that our Pan-
oDiT outperforms previous U-Net-based models in both vi-
sual quality and quantitative metrics, achieving SOTA per-
formance in panoramic video generation.
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