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Abstract

The generation of 360° video is gaining prominence in immersive media, virtual reality (VR),
gaming projects, and the emerging metaverse. Traditional methods for panoramic content
creation often rely on specialized hardware and dense video capture, which limits scalability
and accessibility. Recent advances in generative artificial intelligence, particularly diffusion
models and neural radiance fields (NeRFs), are examined in this research for their potential
to generate immersive panoramic video content from minimal input, such as a sparse set of
narrow-field-of-view (NFoV) images. To investigate this, a structured literature review of
over 70 recent papers in panoramic image and video generation was conducted. We analyze
key contributions from models such as 360DVD, Imagine360, and PanoDiff, focusing on
their approaches to motion continuity, spatial realism, and conditional control. Our analysis
highlights that achieving seamless motion continuity remains the primary challenge, as
most current models struggle with temporal consistency when generating long sequences.
Based on these findings, a research direction has been proposed that aims to generate
360° video from as few as 8-10 static NFoV inputs, drawing on techniques from image
stitching, scene completion, and view bridging. This review also underscores the potential
for creating scalable, data-efficient, and near-real-time panoramic video synthesis, while
emphasizing the critical need to address temporal consistency for practical deployment.

Keywords: 360° video generation; generative Al; sparse-input synthesis; panoramic video;
diffusion models; neural radiance fields

1. Introduction

In recent years, the rise of immersive technologies, such as virtual reality (VR), aug-
mented reality (AR), and gaming environments, has driven increasing demand for high-
quality 360-degree content. Unlike conventional 2D media, 360° panoramas offer a full
spherical field of view, allowing users to look in any direction and experience scenes
from multiple perspectives. This capability is central to immersive storytelling, interactive
education, simulation training, and virtual tourism. In fact, 360° video is now widely
adopted across multiple industries. As shown in Figure 1, its applications include pro-
fessional sports, travel content, live entertainment, and even news broadcasting and film
production [1,2]. Figure 1 indicates that adoption is strongest in visually dynamic domains
such as sports and travel, where immersive perspectives enhance audience engagement,
while sectors like news and documentaries adopt it more selectively. This distribution
underscores the need for generation methods that balance visual quality with adaptability
across varied content genres.
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Figure 1. Distribution of 360° video applications across industries. The highest usage is observed in
professional sports and travel content, highlighting the medium’s strong concentration within the
entertainment and film sector. In contrast, the lowest adoption of 360° video is reported in news,
documentaries, and TV shows.

Traditionally, 360° content has been captured using specialized multi-camera rigs or
panoramic recording setups. While effective, these approaches are often costly, hardware-
dependent, and difficult to scale. As a result, there is growing interest in data-driven
alternatives that can synthesize panoramic video content using artificial intelligence (AI).
Recent advances in neural rendering have enabled promising progress in this area. For
example, neural radiance fields (NeRFs) [3] have demonstrated impressive results in
reconstructing static 3D scenes from multi-view images (frames). However, standard
NeRF frameworks depend on consistent lighting and static geometry, which limits their
effectiveness in dynamic or uncontrolled environments. NeRF in the Wild (NeRF-W)
is an extension of the classic NeRF model, designed to address the limitations of NeRF
when dealing with “in-the-wild” photo collections. The classic NeRF model required
a static scene and controlled lighting, making it difficult to use with real-world images
from the internet [4]. The NeRF-W model introduces two main innovations to overcome
these challenges:

e  Static and Transient Components: To address the static scene limitation in the classic
NeRF model, the NeRF-W model decomposes the scene into static and transient
components. The static component represents the permanent parts of the scene (e.g.,
a building), while the transient component models temporary elements like people
or cars moving through the scene. This allows the model to reconstruct a clean,
static representation of the scene, even with transient occluders present in the input
images [4].

* Appearance Embeddings: The model learns a low-dimensional latent space to
represent variations in appearance, such as different lighting conditions, weather,
or post-processing effects (e.g., filters). By assigning an appearance embedding to
each input image, NeRF-W can disentangle these variations from the underlying 3D
geometry of the scene [4].

To support another challenge in classic NeRF models, which is the high complexity
of outdoor and unbounded environments, the mipmap neural radiance fields 360 (Mip-
NeRF 360) model [5] introduces hierarchical scene parameterization and online distillation,
improving rendering quality and reducing aliasing in wide-baseline, unbounded scenes.
Unlike classic NeRF, which employs uniform ray sampling and fixed positional encoding,
Mip-NeRF 360 utilizes conical frustum-based integrated positional encoding and a coarse-
to-fine proposal multi-layer perceptron to enhance fidelity. While these improvements
significantly boost rendering quality, they come at the cost of increased computational
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resources and training time. Nonetheless, the model remains limited to static imagery and
does not support dynamic video generation [6].

To address temporal synthesis, Imagine360 proposes a dual-branch architecture that
transforms standard perspective videos into 360° panoramic sequences. By incorporating
antipodal masking and elevation-aware attention, the model generates plausible motion
across panoramic frames [7]. Similarly, models like LAMP (Learn a Motion Pattern) aim
to generalize motion dynamics from few-shot inputs, showing that motion priors can be
learned and reused efficiently [8]. Recently, Wen [9] introduced a human—AlI co-creation
framework that enables intuitive generation of 360° panoramic videos via sketch and text
prompts, highlighting the growing trend toward collaborative and creatively controllable
generation pipelines.

In parallel, diffusion-based models have emerged as a powerful alternative to GANs
and NeRFs for generative image and video tasks. SphereDiff mitigates the distortions
introduced by equirectangular projection [10] through a spherical latent-space Mip-NeRF
and distortion-aware fusion [11]. Meanwhile, Diffusion360 enhances panoramic continuity
by applying circular blending techniques during generation, producing seamless and
immersive results [12].

Conceptually, sparsity [13] describes a property where a vector or matrix contains a
high percentage of zero or near-zero values. However, in the context of generating 360-
degree videos from narrow-field images, sparsity primarily refers to a different, yet equally
critical, challenge: the limited number and distribution of input images. This sparsity
manifests as minimal overlap and insufficient visual information in images across the entire
360-degree field.

There are three sparsity bands used to describe behavior and output quality in 360°
video generation, which are described as follows:

*  Low sparsity band: The number of NFoV frames is high, angular baselines are small,
and view overlap is substantial. Generative models typically produce the highest
visual fidelity. Fine textures, consistent color gradients, and stable temporal coherence
are preserved due to abundant spatial and angular information. Geometry-aware
modules can more accurately reconstruct depth, and parallax artifacts are minimal.
However, computational demands are higher, and redundant viewpoints can lead to
inefficiencies in training and inference [14-16].

*  Medium sparsity band: Moderate angular baselines and reduced overlap begin to
challenge models’ ability to maintain detail across large scene variations. While global
scene structure remains plausible, fine detail and texture consistency may degrade,
especially in peripheral regions. Temporal smoothness may also be affected, with
occasional flickering in dynamic areas. This regime can serve as a trade-off point,
balancing efficiency with acceptable quality for many real-world applications [17,18].

¢  High sparsity band: Viewpoints are widely spaced and overlap is minimal. Models
struggle to interpolate unseen regions accurately. This often results in visible arti-
facts such as ghosting, stretched textures, and structural distortions, particularly in
occluded or complex geometry regions. Temporal coherence suffers significantly in
motion-rich scenes, and geometry-aware approaches may produce unstable depth
estimates. While computational cost is low, the resulting videos typically require
strong priors, advanced inpainting, or multimodal constraints to achieve acceptable
quality [16,18,19].

Table 1 defines the three sparsity bands for 360° video generation based on spatial
and temporal sampling. Low sparsity (dense) uses many views (>36 NFoV frames) with
small angular baselines (<10°), high overlap (>70%), fast capture rates (>60 views/s ), and
highly uniform coverage (>80% entropy). Medium sparsity has moderate views (12-36)
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with 10°-30° baselines, 30-70% overlap, 30-60 views/s capture, and moderately uniform
coverage (40-80% entropy). High sparsity (sparse) involves few views (<12) with wide
baselines (>30°), low overlap (<30%), slow capture (<30 views/s), and uneven coverage
(<£40% entropy).

Table 1. Sparsity bands for 360° video generation.

Sparsity Number of Angular Baseline Coverage Per-Second View
Level NFoV Frames Between Views (Overlap %) Sampling Coverage Entropy
Low >36 <10° >70% >60 High
between views overlap views/s (>80% of max H)
. 12-36 10°-30° 30-70% 30-60 Moderate
Medium between views overlap views/s (40-80% of max H)
Hich <12 >30° <30% <30 Low
& between views overlap views/s (<40% of max H)

These developments collectively establish a strong foundation for this research, which
explores how generative models can synthesize immersive 360° video from sparse visual
inputs, widely spaced perspective images, typically fewer than ten, that provide incom-
plete coverage of the panoramic viewing sphere. As illustrated in Figure 2, the proposed
pipeline situates NFoV inputs within a broader generative framework, highlighting how
diffusion models and radiance-field methods can transform limited perspective data into
coherent panoramic sequences. This schematic underscores the role of Al-driven syn-
thesis in replacing hardware-intensive capture workflows, enabling both scalability and
creative flexibility. By unifying the strengths of radiance-field modeling, motion-aware
learning, and diffusion-based generation, this work aims to address the limitations of
traditional hardware-dependent pipelines and pave the way toward scalable, cost-effective,
and creatively flexible panoramic video generation.

The remainder of this paper is organized as follows. Section 2 outlines the method-
ology and literature review strategy. Section 3 presents related work in panoramic video
generation. Section 4 describes the identified gaps. Section 5 compares computational
and processing times. Section 6 discusses the limitations of existing approaches. Section 7
highlights challenges and opportunities for innovation. Section 8 concludes this paper with
future research directions.
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Figure 2. Schematic view of 360° video generation using generative algorithms. Generative models
(e.g., diffusion models, NeRF models) enable the transformation of NFoV images into panoramic
videos for immersive applications.
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2. Methodology

This research is based on a structured literature review of peer-reviewed and preprint
publications from 2021 to 2025. The review focused on 360° video generation, panoramic
vision, neural radiance fields (NeRFs), diffusion models [20], and generative Al frameworks.
Special attention was given to studies addressing sparse-input generation, such as synthe-
sizing panoramic content from a limited number of static images or perspective views.

Relevant papers were sourced through IEEE Xplore, arXiv, and Google Scholar using
targeted keyword combinations, including “360 video diffusion model,” “omnidirectional vi-
sion,” “panoramic video generation,” “text-to-360 synthesis,” “NeRF 360 video,” “image stitching,”
and “bridging the gap.” These search terms were selected to identify works focusing on spa-
tial consistency, stitching logic, and few-shot synthesis in the context of immersive media.

Studies were selected based on technical relevance, originality, full-text accessibility,
and their contribution to the evolving field of Al-based panoramic generation. No ex-
perimental data, human subjects, or proprietary datasets were used in this research. The
reviewed materials include both open-access and publisher-restricted papers, retrieved
through academic databases and institutional access where applicable.

2.1. Research Questions

To guide the scope of this review and structure the analysis of current approaches, the
following research questions were formulated:

Research Question 1 (RQ1): What generative approaches are currently used for
360° image and video synthesis?
This question investigates the main categories of generative models, such as NeRFs, GANs,
and diffusion models, and how they have evolved to handle immersive panoramic content.

Research Question 2 (RQ2): What unique technical contributions do current models
offer for panoramic image and video generation?
This question focuses on how different approaches introduce novel architectures, generation
strategies, or domain-specific techniques to advance the field of 360° content synthesis.

Research Question 3 (RQ3): What technical challenges and research gaps remain in
current 360° video generation systems?

This question emphasizes the need to address issues such as stitching artifacts, gener-
alization across scenes, and efficient generation from limited viewpoints.

2.2. Literature Selection and Review Strategy

The literature selection process for this review followed a structured approach using
the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) frame-
work. A total of 43 records were identified through database searches in IEEE Xplore, arXiv,
and Google Scholar, with an additional 13 records identified through other sources such as
academic recommendations and manual browsing. After removing duplicates, 56 records
remained for screening. During the screening stage, four records were excluded based on
a review of the titles and abstracts. The remaining 52 full-text articles were assessed for
eligibility, from which 6 were excluded due to insufficient methodological detail or lack of
direct relevance to 360° panoramic generation. The final review included 46 papers that
contribute to the analysis of Al-driven approaches for 360° video and image synthesis. The
PRISMA flow diagram in Figure 3 visualizes this process.
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Figure 3. PRISMA chart of selected studies. The chart illustrates the systematic process of identifying,
screening, and including studies in the review, ensuring methodological transparency. Although
it reflects a structured approach, the selection remains limited by the scope of the databases and
sources searched.

The literature search aimed to identify recent and high-impact studies related to
360° image and video generation using artificial intelligence. Searches were conducted
across IEEE Xplore, arXiv, Google Scholar, and the proceedings of top-tier conferences such
as CVPR. A range of search strings was used, both individually and in combination, to
ensure comprehensive coverage of the domain. These are summarized in Table 2.

After the initial keyword search, all retrieved papers were screened using predefined
inclusion and exclusion criteria to ensure technical relevance, methodological depth, and
alignment with the research objectives. Tables 3 and 4 present these criteria in detail.

Following the selection process, 50 papers were reviewed, from which 12 core works
were identified for in-depth analysis due to their significant technical contributions across
categories such as diffusion-based generation, sparse-view stitching, neural radiance fields,
and latent motion modeling. These core studies were selected based on their methodological
depth, relevance to panoramic synthesis under sparse-input conditions, and alignment
with the objectives of this thesis. The technical details were extracted from each paper to
support the narrative summaries and structured comparisons in the following sections.
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Table 2. Search keywords used in the literature search.

No. Search Keywords
1 360 video diffusion model
2 360° video generation
3 Omnidirectional vision
4 Text-to-360 panorama synthesis
5 Panoramic image generation
6 NeRF 360 video
7 Bridging the gap (panoramic completion)
8 Image stitching for 360 video
9 Deep learning methods
10 Generative models

Table 3. Inclusion criteria.

No. Criterion

1 Focuses on 360° image or video generation using Al or ML techniques.

2 Produces omnidirectional or panoramic outputs, either in image or volumet-
ric format.

3 Introduces novel methods involving diffusion models, NeRFs, or text-to-
360° pipelines.

4 Full-text available with sufficient technical and methodological detail.

Table 4. Exclusion criteria.

No. Criterion

Studies focusing solely on standard 2D video generation without panoramic or

! 360° objectives.
2 Works addressing 3D reconstruction without spherical or omnidirectional rendering goals.
3 Hardwa}re—specific solutions (e.g., camera rigs) without significant Al-based
generation components.
4 Papers that lacked sufficient methodological detail, technical relevance, or a direct focus

on 360° panoramic or generative synthesis approaches.

2.3. BERTopic for Topic Modeling

To organize and analyze the research papers, BERTopic, a transformer-based topic
modeling method, was applied. This technique automatically grouped abstracts into
semantically similar clusters, facilitating the identification of recurring themes and research
directions within the field.

As shown in Figure 4, BERTopic works [21,22] by first embedding the text using a
pre-trained language model. These embeddings are then reduced in dimensionality and
clustered to discover patterns in the data. Each cluster is summarized with key terms using
a class-based TF-IDF approach, allowing us to label and interpret the core ideas represented
in each topic.

After applying this process to the collection of over 40 research papers, we identified
10 distinct topics. These ranged from 360° video generation and scene reconstruction to
image outpainting and spherical vision techniques. The top-ranked terms for each topic
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are presented in Figure 5, providing a clear snapshot of the focus areas that emerged
from the modeling [22]. This visualization highlights the semantic structure of current
research, revealing that while some topics cluster around foundational techniques (e.g.,
NeRF-based depth modeling, diffusion-driven generation), others focus on application-
oriented challenges such as VR/AR integration and panoramic video blending. These
thematic clusters help contextualize the breadth of methods and objectives in the panoramic
video generation literature.

Group documents
into similar context
clusters

Embedded Get topic
Documents representation
from each clusters

> c-TF-IDF

l

MMR

Figure 4. BERTopic modeling process, including embedding, clustering, and topic extraction. The
model applies document embeddings and UMAP with HDBSCAN to cluster semantically similar
documents, from which topics are extracted and refined using c-TF-IDF and Maximal Marginal
Relevance (MMR). This approach offers a robust method for topic discovery but requires careful
parameter tuning to yield meaningful results.

Each topic was manually interpreted to go beyond automated keyword summaries.
This involved reviewing representative documents from each cluster to understand the con-
text behind the extracted terms. Based on these insights, we assigned human-readable labels
to the topics (e.g., “Temporal Scene Synthesis,” “Diffusion-Based Rendering,” and “Camera
Calibration and Stitching Challenges”) that more accurately reflected their underlying
themes. This step helped ensure that the model outputs were not only statistically coherent
but also semantically meaningful and aligned with the literature’s actual research focus.

Using BERTopic not only saved time compared to manual categorization but also
allowed for a more objective and data-driven structure for the literature review. It helped
us understand the landscape of the field more clearly and informed the direction of
our research.
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Figure 5. The top 10 topics discovered through BERTopic modeling, visualized with their top five
representative keywords and corresponding c¢-TF-IDF scores. Each horizontal bar chart displays the
relative importance of keywords within a topic, enabling a clear and quantitative understanding of
the topic’s content.

3. Related Works

Before diving into the technical progression of panoramic synthesis, it is essential to
recognize the broader context in which this research area has evolved. The generation
of 360° video content has gained substantial traction due to its applications in virtual
reality (VR), immersive storytelling, remote training, and simulation environments. As the
demand for richer, more engaging content has grown, so too has the necessity for automated
and intelligent methods capable of synthesizing panoramic scenes with minimal distortion
and maximum continuity. Early research in this space primarily focused on hardware-
based solutions, such as omnidirectional camera arrays and fisheye lenses, to capture
the full 360° field of view. However, these solutions introduced their own challenges,
including high cost, calibration complexities, and issues in stitching overlapping views.
Consequently, a growing body of work began exploring software-based approaches, laying
the groundwork for algorithmic and machine learning models aimed at refining panoramic
video generation, particularly in terms of spatial coherence, real-time processing, and
perceptual realism.

Table 5 highlights foundational methods and recurring challenges in panoramic syn-
thesis, providing a baseline against which more advanced techniques can be measured. It
emphasizes how early reliance on manual stitching and limited computational resources
shaped the trajectory of subsequent research. This context contrasts sharply with later
developments that integrated deep learning to overcome these constraints. As research
advanced, attention shifted toward reconstructing full scenes from sparse inputs, aiming
to reduce data capture requirements while improving output quality. Table 6 summa-
rizes the methods designed for view interpolation and scene completion, complementing
the earlier table by showing how algorithmic sophistication evolved to address the ini-
tial limitations. The direct comparison of sparse-input techniques, as shown in Table 7,
reveals performance trade-offs across methods, particularly in balancing fidelity and com-
putational efficiency. This table serves as a bridge between scene reconstruction research
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and generative approaches, illustrating which methods laid the strongest foundation for
learning-based synthesis. Table 8 summarizes how generative 360° video models perform
under different input sparsity regimes (low, medium, and high). Temporal coherence,
geometric consistency, texture fidelity, and artifact rate are considered evaluation aspects.
Performance trends are indicated qualitatively, showing that low sparsity generally yields
smooth motion, accurate geometry, and minimal artifacts, while high sparsity leads to
severe breakdowns in depth estimation, motion stability, and texture quality, with artifacts
becoming prominent.

The introduction of generative models marked a significant leap in panoramic content
creation. Table 9 catalogs the architectures and training paradigms, highlighting how
adversarial and diffusion-based approaches unlocked more photorealistic and coherent
results. This complements earlier tables by showing the shift from reconstruction-focused
to creation-driven methods.

A further innovation emerged with models capable of generating motion in 360° spaces,
moving beyond static panoramas. Table 10 outlines these methods, emphasizing how tem-
poral consistency challenges were addressed alongside spatial coherence. This naturally
extends the discussion from still-image synthesis to full video generation.

Table 11 shows that the performance of the selected 360° video generation models on
the WEB360 benchmark dataset varies notably across methods. VideoPanda and PanoWan
exhibit comparatively lower FVD values; VideoPanda also has the highest CLIPScore. In
contrast, DynamicScaler exhibits the weakest FVD value, although its CLIPScore is not
reported; 360DVD exhibits intermediate performance with both metrics reported.

Table 5. Key contributions of early methods for panoramic image synthesis.

Author Year Title Unique Contribution

Demonstrated layout estimation
360 Panorama Synthesis froma  and panoramic reconstruction
Sumantri et al. [23] 2020 Sparse Set of Images with using GANs from sparse,
Unknown Field of View unregistered images without
known camera parameters.

Enabled visually diverse

Akimoto et al. [24] 2022

Diverse Plausible 360° Image
Outpainting for Efficient 3DCG
Background Creation

360° image outpainting for
artistic and background creation
use cases, emphasizing
multimodal completions.

Liao et al. [25] 2023

Cylin-Painting: Seamless 360
Panoramic Image Outpainting
and Beyond

Enhanced continuity in
equirectangular projections
using circular inference and
perceptual

optimization strategies.

Zheng et al. [26] 2025

Panorama Generation From
NFoV Image Done Right

Introduced a geometry-aware
approach for high-resolution
panorama generation from
narrow-FoV images, improving
fidelity and spatial coherence.

Cross-view and text-guided panorama generation introduced new ways to control and
customize the output. Table 12 contrasts these approaches with prior work by highlighting
the integration of semantic conditioning and multimodal inputs, broadening the scope of
possible applications.

Finally, the push toward immersive 3D panoramic environments is captured in
Table 13, which synthesizes methods incorporating depth, geometry, and scene realism.
This table illustrates how the field is converging toward highly interactive and lifelike
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experiences, connecting the technological progression back to the immersive goals outlined
at the start of this section.

Table 6. Key contributions of learning-based stitching and reconstruction methods.

Author Year Title Unique Contribution
Proposed a supervised baseline
. Deep Rectangling for Image to geometrically rectify stitched
Nie etal. [27] 2022 Stitching: A Learning Baseline panoramas into visually natural

rectangular formats.

Introduced a parallax-resilient
Parallax-Tolerant Unsupervised stitching method using semantic
Deep Image Stitching and geometric cues, trained
without supervision.

Nie et al. [28] 2023

Applied diffusion models to
refine stitched image geometry,
achieving higher fidelity in

RecDiffusion: Rectangling for
Zhou et al. [29] 2024 Image Stitching with

Diffusion Models ) .
panoramic rectangling.
Developed a geometry-aware
Panorama Generation From network for generating
Zheng etal. [20] 2025 NFoV Image Done Right high-quality 360° panoramas

from a few NFoV images.

3.1. Early Approaches and Classic Challenges in Panoramic Synthesis

The generation of 360° panoramic content from sparse or NFoV inputs has historically
posed major challenges in computer vision. Classical methods typically depended on
multi-camera rigs and dense, overlapping images, followed by stitching and geometric
alignment. These techniques performed well in controlled environments but struggled
with unstructured or sparse data, often resulting in visible seams, ghosting, or geometric
distortion in the final panorama.

Table 5 outlines the early learning-based models that pioneered the use of neural
architectures to generate panoramic scenes from fewer and less structured inputs. One of
the earliest such efforts was by Sumantri et al. [23], who proposed a CNN-GAN pipeline
for 360° panorama synthesis from a sparse set of unregistered images with unknown FoVs.
Their model estimated scene layout and semantic consistency without requiring camera
calibration, marking a departure from geometry-dependent approaches.

Building on this, Akimoto et al. [24] introduced a framework for diverse 360°
outpainting tailored to 3DCG and creative background generation. Their model empha-
sized the generation of multiple plausible panoramic completions from a single viewpoint,
enabling greater artistic flexibility but at the cost of geometric precision and realism.

Liao et al. [25] shifted the focus toward enhancing image continuity in the equirectan-
gular projection (ERP) space. Their model, Cylin-Painting, introduced circular inference
and perceptual loss strategies to mitigate boundary artifacts, achieving smoother transitions
across stitched segments and improving perceptual quality in immersive viewing.

A more technically grounded solution was later proposed by Zheng et al. [26], who
addressed the shortcomings of prior approaches through a geometry-aware network. Their
method demonstrated high-resolution panoramic reconstruction from narrow-FoV images
by correcting perspective inconsistencies and maintaining spatial coherence, making it one
of the most robust early solutions for sparse-input panoramic generation.

As detailed in Table 5, these foundational works collectively illustrate the transition
from traditional geometry-dependent stitching to early learning-based panoramic genera-
tion. The table highlights each method’s unique contribution, ranging from layout estima-
tion and diverse outpainting to ERP continuity and geometry-aware reconstruction, and
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clearly shows how each method addressed a specific aspect of sparse-input panoramic syn-
thesis. Presenting these methods side by side emphasizes their complementary strengths
and limitations, providing a historical context that informs the evolution toward modern,
fully generative approaches discussed in the next subsection.

3.2. From Sparse Views to Full Scenes: Learning to Stitch and Reconstruct

Following the limitations of classical stitching heuristics and GAN-based outpainting,
researchers began to develop learning-based approaches that directly addressed challenges
such as parallax misalignment, image rectangling, and incomplete scene geometry.

These methods, which are described in Table 6, aimed to produce visually and geo-
metrically coherent 360° panoramas from sparse or unregistered NFoV [30] inputs.

One early step in this direction was Deep Rectangling by Nie et al. [27], who introduced
a supervised learning baseline to correct the warped geometry often encountered in stitched
panoramas. By transforming irregular panoramas into natural rectangular layouts, their
model laid a foundation for more structured image composition in panoramic synthesis.

Extending this effort, Nie et al. [28] proposed an unsupervised stitching framework
that tolerates large parallax shifts. The model leverages semantic cues and geometric
reasoning to align disjointed images without explicit correspondence maps or calibration
data, offering robustness in unstructured or dynamic scenes.

Building upon these developments, Zhou et al. [29] introduced RecDiffusion, a novel
rectangling-aware diffusion model. Their approach refines stitched panoramas through
generative sampling, preserving detailed textures and structural boundaries. By integrating
diffusion processes into stitching, RecDiffusion achieves improved visual fidelity compared
to earlier rectification techniques.

More recently, Zheng et al. [26] reframed the task as a geometry-aware reconstruction
problem from sparse NFoV images. Their architecture accounts for perspective distortions
and spatial continuity, enabling high-resolution panoramas even from very limited input.
The model excels in generating seamless outputs without requiring dense image coverage.

As summarized in Table 6, these learning-based methods collectively demonstrate the pro-
gression from heuristic stitching to intelligent, geometry-aware reconstruction pipelines. The
table highlights how each contribution addresses a distinct challenge, ranging from geometric
rectangling and parallax tolerance to generative refinement and sparse-input reconstruction,
illustrating the incremental steps needed to overcome the limitations of classical stitching. Pre-
senting these methods side by side clarifies their complementary roles in advancing panoramic
composition and sets the stage for the transition to fully generative synthesis approaches,
which are explored in the next subsection on GAN- and diffusion-based models.

3.3. Sparse-Input Comparison

Table 7 provides a comparative overview of recent sparse-input 360° reconstruction
and novel-view synthesis models. It summarizes key aspects, including input modali-
ties and sparsity levels, supervision and prior strategies, temporal handling, geometry
utilization, reported quantitative performance, and common failure modes. The table
highlights how different approaches balance sparse-view input constraints with 3D recon-
struction fidelity, temporal consistency, and rendering quality, illustrating the trade-offs
between feed-forward, diffusion-based, and hybrid methods across both object-centric and
large-scale unbounded scenes.

All compared methods address high-sparsity conditions (i.e., few input views with
large angular baselines), making 360° generation particularly challenging. While some
approaches incorporate temporal handling for video (e.g., MVSplat360 with strong SVD
coherence), others focus solely on static reconstructions.
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Table 7. Comparison of sparse-input models.
Model Input Modality and Priors/Supervision Temporal Handling Geometry Use Reported Metrics (Dataset, Res.)  Noted Failure Modes
Sparsity Band
MVSplat360 [31] High Sparsity: Sparse posed  Pre-trained Stable Video Diffusion = Temporally consistent ~ Geometry-aware 3D Superior visual quality on Coarse 3DGS may show

images (as few as 5 views),
wide-baseline observations

(SVD); leverages large-scale latent
diffusion prior (LDM)

video generation;
strong SVD temporal
coherence

reconstruction with coarse
3DGS; backprop from SVD
improves geometry backbone

DL3DV-10K and RealEstate10K;
photorealistic 360° NVS

artifacts/holes; prior
feed-forward methods fail
under sparse observations

Free360 [32]

High Sparsity: Unposed
views (e.g., 3—4) in
unbounded 360° scenes

Dense stereo for coarse geometry;
iterative fusion of reconstruction
and generation; uncertainty-aware
training

Not primarily video;
targets 3D
reconstruction from
sparse views

Layered Gaussian
representation; dense stereo
for coarse geometry /poses;
layer-specific bootstrap
optimization to denoise and
fill occlusions

Outperforms SoTA in rendering
quality and surface
reconstruction accuracy from 3—4
views

Dense stereo noisy in
unbounded scenes — artifacts
in novel views; unreliable
depth; visibility issues

ReconX [33] High sparsity: Sparse-view Large pre-trained video diffusion Reframes ambiguous  Builds global point cloud — SoTA on common datasets Hard to maintain strict 3D
images (as few as two) prior; 3D structure condition from  reconstruction as 3D structure condition; (especially view interpolation); view-consistency from
global point cloud; temporal generation;  recovers 3D from generated promising 360° extrapolation; pre-trained video models;
confidence-aware detail-preserved video using robust on MipNeRF360 and limited full-360 evals; slower
3DGS optimization frames with high 3D confidence-aware 3DGS Tanks&Temples; surpasses inference vs. feed-forward
consistency feed-forward baselines
UpFusion [34] High Sparsity: Sparse Pre-trained 2D diffusion (e.g., Novel-view synthesis  Infers 3D object Evaluated on Co3Dv2 and Regression-style training can

reference images without
poses (1, 3, or 6 unposed
object views)

Stable Diffusion) initialization;
scene-level transformer with
query-view alignment; direct
attention to input tokens; score
distillation for 3D consistency

and 3D inference for
objects (not
video-temporal)

representations; extracts
3D-consistent models via
score-based distillation

Google Scanned Objects; strong
gains vs. pose-dependent
baselines; outperforms
single-view 3D methods

be blurry (mean-seeking
under uncertainty)

NeO-360 [35]

High Sparsity: Single or a
few posed RGB images in
unbounded 360°

outdoor scenes

Image-conditional tri-planar
representation; trained on many
unbounded 3D scenes

Not a video-temporal
method; focuses on
novel-view synthesis
from single/few
images

Tri-planar representation
models 3D surroundings;
decomposition via samples
inside 3D bounding boxes

Outperforms generalizable
baselines on NeRDS360 (75
unbounded scenes)

Struggles to predict global
scene representation in
complex street scenes with
forward motion

Splatter-360 [36]

High Sparsity:
Wide-baseline
panoramic images

Spherical cost volume via spherical
sweep; 3D-aware bi-projection
encoder (monocular depth, ERP,
cube-map); cross-view attention;
randomized camera baselines

Real-time rendering;
not a video-temporal
method

Improves depth/geometry via

spherical cost volume and
bi-projection encoder

Outperforms SoTA NeRF/3DGS
(PanoGRF, MVSplat, DepthSplat,
HiSplat) on HM3D/Replica;
PSNR, SSIM, LPIPS; depth
metrics (Abs Diff/Rel, RMSE,

6 < 1.25); e.g., +2.662 dB PSNR
vs. PanoGRF on HM3D

Multi-view matching struggles
with occlusions and textureless
areas
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Most leverage geometry-aware strategies, ranging from coarse 3D Gaussian splats to
triplanar or spherical volume representations.

3.4. Effects Across Sparsity Bands

Table 8 summarizes how the behavior of the models discussed in Table 7 varies across
the three sparsity bands defined in Table 1. A comparison across four evaluation aspects,
including temporal coherence, geometric consistency, texture fidelity, and artifact rate, is
presented in a compact format.

We use qualitative indicators (1 increase, — neutral/stable, | decrease) to compactly

convey trends. Quantitative call-outs from the literature are provided where available.

Table 8. Model behavior across sparsity bands.

Evaluation . . . . .
Aspect Low Sparsity Medium Sparsity High Sparsity
T Smooth sequences; — Mostly stable, 1 Severe breakdown;
Temporal . . : . . . .
stable motion minor flicker in ghosting and jitter in
Coherence . . . . .
continuity dynamic regions motion-rich scenes
. 1 Accurate — Coarse but 1 Structural distortions,
Geometric .
Consistenc depth/parallax recov- plausible structure; unstable depth
Y ery errors at periphery estimates
o 1 Fine-grained detail, — Moderate jcexture 1 Blurring, stretched
Texture Fidelity degradation, textures, loss of
sharp textures . . R .
especially peripheral fine detail
.. . . . F if
. 1 Minimal artifacts, ef- — Noticeable artifacts T requentarifacts
Artifact Rate (ghosting, seams,

ficient reconstruction

in complex occlusions

inpainting errors)

Across models, low-sparsity regimes consistently yield the highest visual fidelity and
temporal stability. Medium sparsity introduces trade-offs between efficiency and detail.
In high-sparsity conditions, all methods degrade sharply, showing ghosting, stretched
textures, or unstable depth. These patterns underscore the critical role of input density
in determining generative quality and highlight the need for advanced priors or hybrid
constraints to address the high-sparsity regime.

Notably, transformer models tend to preserve temporal coherence, even under moder-
ate sparsity, while diffusion models show comparatively stronger texture recovery. Overall,
the synthesis of trends reveals that no single model dominates across all aspects, pointing
toward the potential of hybrid or ensemble methods to balance competing objectives.

3.5. Generative Models for Panoramic Image and Video Synthesis

As panoramic generation matured beyond stitching and completion, a new wave of
research emerged, leveraging deep generative models to synthesize 360° content directly.
Generative adversarial networks (GANSs) initially laid the groundwork, but diffusion
models rapidly took center stage due to their improved mode coverage, output stability,
and scalability. These approaches emphasize semantic richness, geometric continuity, and
immersive detail, transforming how panoramic content is created.

Table 9 describes one of the early contributions in this space, which came from Dastjerdi
et al. [37], who introduced a guided co-modulated GAN architecture for full-field-of-view
extrapolation. Their model supported user-guided panoramic outpainting and scene
completion by combining domain-specific conditioning with co-modulated style generation.
While it produced convincing wide-angle imagery, it relied heavily on fine-tuned inputs
and exhibited challenges in preserving long-range structural coherence.
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Table 9. Key contributions of generative models for panoramic synthesis.

Author

Year

Title Unique Contribution

Dastjerdi et al. [37]

2022

Guided Co-Modulated GAN for 360° Field of
View Extrapolation

Introduced user-guided extrapolation using
co-modulated GANSs to enhance realism in
panoramic outpainting tasks.

Feng et al. [12]

2023

Diffusion360: Seamless 360° Panoramic Image
Generation Based on Diffusion Models

Proposed circular blending during denoising to
eliminate left-right discontinuities in
panoramic images.

Taming Stable Diffusion for Adapted Stable Diffusion with ERP-aware
Zhang et al. [38] 2024  Text-to-360° Panorama Image Generation attention for unpaired, training-free
(PanFusion) 360° text-to-image generation.
.. o Enabled text-driven panoramic scene
Wang et al. [39] 2024 Customizing 360° Panoramas Through customization through latent diffusion with

Text-to-Image Diffusion Models

prompt-based control.

Park et al. [11]

2025

SphereDiff: Tuning-Free Omnidirectional
Panoramic Image and Video Generation

Developed a spherical latent representation for
high-fidelity panoramic generation without
task-specific tuning.

A notable shift occurred with the advent of diffusion models. Feng et al. [12] presented
Diffusion360, which applied denoising diffusion probabilistic models (DDPMs) to generate
seamless panoramic images. By implementing a circular blending mechanism during
denoising, the model successfully eliminated left-right seams in equirectangular projections,
an issue often encountered in panoramic formats.

Following this, Zhang et al. [38] proposed PanFusion, an adaptation of Stable Diffu-
sion tailored for text-to-360° image generation. The model introduced ERP-aware atten-
tion mechanisms, specifically Equirectangular-Perspective Projection Attention (EPPA), to
mitigate projection distortion and enhance layout realism. Crucially, PanFusion supports
unpaired training, making it accessible for broader applications without annotated datasets.

To advance customization, Wang et al. [39] developed a diffusion-based pipeline for
text-controlled panoramic generation. Their approach emphasizes layout manipulation and
stylistic flexibility through prompt engineering, allowing users to tailor scene composition
interactively. This highlights an emerging focus on controllability in generative workflows.

Pushing diffusion synthesis into the spherical domain, Park et al. [11] introduced
SphereDiff. This model utilizes a spherical latent space and distortion-aware fusion strate-
gies to produce omnidirectional imagery with high fidelity. Notably, it operates in a
tuning-free manner, demonstrating strong generalization across datasets and use cases
without task-specific retraining.

As summarized in Table 9, these generative approaches collectively illustrate the
transition from completion-based pipelines to fully Al-driven synthesis of panoramic
content. The table highlights each model’s unique contribution, from co-modulated GAN
conditioning and user-guided outpainting to ERP-aware diffusion and spherical latent
modeling, showing how successive innovations have addressed key challenges such as left—
right seam removal, projection distortion, and controllable content generation. Presenting
these models side by side clarifies how generative methods not only achieve higher visual
fidelity and semantic richness than traditional stitching but also establish a foundation for
scalable panoramic video synthesis, which is explored in the following subsection.

3.6. From Still to Motion: Diffusion and Latent Models for 360° Video

The success of diffusion-based methods in static panoramic image synthesis has
catalyzed a new wave of research focused on video generation. These efforts aim to extend
spatial coherence to the temporal domain, enabling immersive 360° video synthesis from
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minimal inputs, such as a single image, a short prompt, or a sparse sequence of frames.
Key challenges include maintaining motion continuity, controlling generation dynamics,
and preserving the structural integrity of panoramic views over time.

Table 10 outlines early foundational work, including that by Zhou et al. [40], who intro-
duced MagicVideo, a latent diffusion model designed for efficient and high-quality video
synthesis. By leveraging compact representations and temporal modeling, the framework
enables realistic motion dynamics while significantly reducing computational overhead.

Table 10. Key contributions of generative models for panoramic and image-to-video synthesis.

Author Year Title Unique Contribution
MagicVideo: Efficient Video Generation with AChleV?d hlgh—quahty v %deo sypt.hesm UsIng
Zhou et al. [40] 2022 . . latent diffusion and efficient training for natural
Latent Diffusion Models . .
video dynamics.
Latent-Shift: Latent Diffusion with Temporal Shift Addecr‘l 4 parar.nete.r “free temporal-shift module to
Anetal. [41] 2023 . . . reuse image diffusion models for temporally
for Efficient Text-to-Video Generation 4 .
coherent video generation.
hamersh 1 20z NotomCondioned ifso Modelfor Lol 5 Sdedviden et ing o
’ Controllable Video Synthesis (MCDiff) . s .
motion conditioning.
Zhang et al. [43] 2023 [2VGen-XL: High-Quality Image-to-Video C:OS Ciﬁsi?v?ii?rf \Slilsftfliilgge?ilto djrll:iomotion
8 ’ Synthesis via Cascaded Diffusion Models progressively . Y
quality in video generation.
Ni et al. [44] 2023 Conditional Image-to-Video Generation with Combined latent flow fields with diffusion-based
’ Latent Flow Diffusion Models generation for optical flow-aware video synthesis.
360DVD: Controllable Panorama Video Introduced a 360-Adapter for Arumaotelef and.
Wang et al. [45] 2024 . . - . . released the WEB360 dataset for 360° panoramic
Generation with 360° Video Diffusion Model . . .
video-text synthesis and benchmarking.
Imagine360: Immersive 360 Video Generation ProP osed a dua'l—branch framewor'k W1.t h .
Tan et al. [7] 2024 . antipodal masking to lift perspective videos into
from Perspective Anchor .
full panoramic space.
. . oo Decomposed motion and content into latent
Hu et al. [46] 2025 LaMD: Latent Motion Diffusion for representations, enabling motion-conditioned

Image-Conditional Video Generation

video synthesis from static images.

Building on this, An et al. [41] proposed Latent-Shift, which includes a parameter-
free temporal-shift module to adapt existing image diffusion models for coherent video
generation. This modification allows the reuse of pre-trained networks while introducing
temporal awareness without retraining from scratch.

Chen et al. [42] contributed MCDiff, a motion-conditioned diffusion model that
allows users to guide video synthesis using sparse motion strokes. By incorporating
flow-based conditioning, the model offers precise motion control, enhancing flexibility in
generation tasks.

In the realm of progressive refinement, Zhang et al. [43] presented I12VGen-XL, a
cascaded two-stage diffusion framework for image-to-video synthesis. The model first
establishes coarse temporal dynamics and then enhances fidelity through a secondary
refinement stage, producing smooth and high-resolution outputs.

Ni et al. [44] tackled optical flow integration by introducing a latent flow-guided
diffusion model. Their system combines flow estimation with diffusion to better control
inter-frame consistency and directional motion, advancing the quality of conditional image-
to-video generation.

A significant leap toward 360° applications came from Wang et al. [45], who intro-
duced 360DVD, a plug-and-play extension of AnimateDiff adapted for panoramic video
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generation. The framework includes a 360-Adapter module and a latitude-aware design to
preserve spatial realism across spherical views. Additionally, the authors released WEB360,
a benchmark dataset tailored to panoramic video-text synthesis.

Tan et al. [7] further advanced 360° video generation with Imagine360, a dual-branch
architecture that transforms perspective videos into immersive panoramic sequences. By
combining antipodal masking with elevation-aware attention, the model effectively bridges
conventional and panoramic domains even under limited input conditions.

Finally, Hu et al. [46] proposed LaMD, a latent motion diffusion model that decom-
poses motion and content into separate latent variables. This two-stage pipeline supports
image-to-video generation with high control over motion representation, pushing the
boundaries of one-shot synthesis.

As summarized in Table 10, these models collectively map the evolution from static
panoramic image generation to dynamic, temporally coherent 360° video synthesis. The
table highlights each model’s unique contribution, ranging from latent diffusion and
temporal-shift strategies to motion-conditioned pipelines and spherical adaptations, clarify-
ing how incremental innovations have addressed key challenges such as motion continuity,
panoramic distortion, and controllable video generation. Presenting these methods side by
side illustrates not only the diversity of approaches but also their complementary roles in
advancing toward fully immersive, generative video systems, providing a clear bridge to
the cross-modal and multi-input frameworks discussed in the next subsection.

3.7. Performance of 360° Video Generation Models on the WEB360 Benchmark Dataset

Recent works in text-to-360-degree video generation have been evaluated using the
WEB360 benchmark dataset. Table 11 summarizes the text-to-360° video generation perfor-
mance of the main models that report comparable metrics on WEB360 (a public dataset
of ~2k captioned panoramic video clips [45]; see https://github.com/Akaneqwq/36
0DVD/blob/main/download_bashscripts/4-WEB360.sh, accessed on 1 August 2025). The
Fréchet Video Distance (FVD) [47,48] metric (lower is better) is reported for the overall
video quality, and a CLIP-based score [49] (higher is better) for text-video alignment.
As shown in Table 11, 360DVD [45] established the first baseline on WEB360, but newer
diffusion-based models have achieved lower FVD values and higher CLIP alignment. In
particular, VideoPanda [50] and PanoWan [51] improved the FVD by ~30% over 360DVD.
VideoPanda’s multi-view diffusion yielded an FVD = 1258 and a CLIPScore = 29.8, versus
360DVD’s 1750 and 28.4 on the same prompts. The PanoWan model achieved a similar
FVD = 1281 while addressing panoramic distortions.

The DynamicScaler model [52], a tuning-free method that stitches local generations,
lagged behind with the highest FVD (>2100), indicating poorer visual quality. When
comparing these results, it is important to note the inconsistencies in the metrics and
protocols across studies. For example, 360DVD introduced bespoke metrics (i.e., a CLIP-
based score for evaluating text-to-360° alignment), whereas later works (VideoPanda
and PanoWan models) used standard CLIP similarity scores or VideoCLIP models. This
means that the alignment scores are not directly comparable between papers [50-52].
Likewise, some report FVD values on equirectangular frames versus on projected normal-
view frames, which can halve the numeric value. We have chosen a single setting per
model for consistency, but such differences in metric computation limit direct comparisons.
Another difference lies in the evaluation data. VideoPanda and 360DVD were evaluated on
held-out WEB360 prompts, while PanoWan introduced a new, larger dataset (PanoVid) and
reported metrics on that benchmark. This makes absolute scores not strictly comparable to
those on WEB360; relative improvements are more meaningful [45,50,51].
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Table 11. Performance of selected 360° video generation models on the WEB360 benchmark dataset.
Note: “—” indicates that the metric was not reported.

Model FVD Metric CLIPScore
360DVD ~1750 ~28.4
DynamicScaler >2146 -
VideoPanda ~1258 ~29.8
PanoWan ~1281 -

As shown in Table 11, the traditional frame-reconstruction metrics, PSNR and SSIM,
are seldom reported for text-to-video generation on WEB360, since there is no ground truth
for open-ended prompts. They appear mainly in conditional generation tasks, such as image-
to-360° video outpainting in VideoPanda, where a PSNR ~ 17.6 dB and an SSIM ~ 0.636
outperformed a panorama outpainting baseline (13.4 dB, 0.485). In summary, few models
follow the same evaluation protocol on WEB360; only two or three can be directly compared.
We outline these limitations in Table 11 and emphasize that current WEB360 results are
in an early stage but consistently show the progress of newer diffusion-based approaches
over the initial 360DVD baseline.

Figure 6 provides an illustrative summary of the performance of four distinct models,
including 360DVD, DynamicScaler, VideoPanda, and PanoWan, based on the FVD metric.
Figure 6 is derived from the values reported in Table 11, which provides the underlying
numerical results for both the FVD and CLIPScore. Together, Table 11 and Figure 6 highlight
not only the relative strengths of the models but also the gaps in the reported metrics, such
as the absence of CLIPScore values for DynamicScaler and PanoWan.

Fréchet Video Distance (FVD) by Model Family
7146

Method Family
B Traditional Models
 Dynamic Models

2000

1500 A

1000 A

FVD Metric (Lower is better)

500 1

Figure 6. Grouped bar chart illustrating the FVD metric for four video generation models. These
models are categorized into two families: dynamic models (DynamicScaler, PanoWan) and diffusion-
based models (360DVD, VideoPanda). Note: The values are based on the selected subset of four
models from the WEB360 dataset and are illustrative. The evaluation protocols may differ across
models, and missing values are not imputed.
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3.8. Cross-View and Text-Guided Panorama Generation

As generative models have evolved, a compelling trajectory has emerged: panoramic
content generation from abstract, non-visual modalities such as aerial imagery, language
prompts, and contextual navigation cues. These approaches push the boundaries of tradi-
tional input-output mapping by learning to synthesize immersive 360° scenes from highly
compressed or semantically distant representations. Bridging these modality gaps requires
not only spatial coherence but also semantic consistency, especially in applications like
navigation, simulation, or storytelling.

Table 12 shows that one of the earliest efforts in this area was by Wu et al. [53], who
introduced PanoGAN, a GAN-based model that translates top-down aerial imagery into
ground-view panoramic scenes. By leveraging adversarial feedback and dual-branch
discriminators, the model refines scene realism and structural alignment, showcasing the
potential of cross-view synthesis.

Soon after, Li et al. [54] expanded the scope of conditioning inputs by integrating
textual instructions with spatial reasoning in Panogen. Designed for vision-and-language
navigation (VLN), the system generates panoramic scenes guided by both task context and
descriptive prompts. This multimodal grounding enables panoramic generation aligned
with movement goals and spatial semantics.

Table 12. Key contributions of cross-view and text-guided panorama generation models.

Author Year Title Unique Contribution
Developed PanoGAN, a GAN with adversarial
Wu et al. [53] 2022  Cross-View Panorama Image Synthesis feedback to generate ground-view panoramas
from top-down aerial imagery.
Panogen: Text-Conditioned Panoramic Combined text prompts with VLN context to
Li et al. [54] 2023 Environment Generation for generate spatially aligned panoramic scenes for
Vision-and-Language Navigation navigation tasks.
CogVideoX: Text-to-Video Diffusion Models with Ir?troduce.d an expert trans former for generating
Yang et al. [55] 2024 high-quality panoramic videos from
an Expert Transformer
textual prompts.
. OmniLocalRF: Omnidirectional Local Radiance Reconstruc.ted static panoram1oc VIews by.ﬁltermg
Choi et al. [56] 2024 . - out dynamic content from 360° videos using local
Fields from Dynamic Videos . .
radiance fields.
PanoDiT: Panoramic Video Generation with Prop.ose.d & panoramic video dlff.usmn model with
Zhang etal. [57] 2025 P multi-view attention for text-guided
Diffusion Transformer .
scene generation.
. . Introduced trajectory-guided semantic warping
Xiong et al. [58] 2025 PanoDreamer: Consistent Text to for consistent text-to-360 panorama synthesis

360° Scene Generation

aligned with camera motion paths.

Moving toward video and temporal modeling, Yang et al. [55] proposed CogVideoX,
a text-to-video diffusion model equipped with an expert transformer architecture. While
applicable to general video generation, the system’s compositional understanding and
prompt conditioning extend well to panoramic scenarios, particularly in guided or interac-
tive applications.

In a related but orthogonal direction, Choi et al. [56] developed OmniLocalRF, a model
that reconstructs static panoramic views from dynamic 360° video. Although not language-
guided, the method leverages bidirectional optimization and local radiance fields to filter
out transient content, supporting clarity and structure in panorama reconstruction from
noisy or dynamic inputs.
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More recently, Zhang et al. [57] introduced PanoDiT, a diffusion transformer tailored
for panoramic video synthesis from textual prompts. By using multi-view attention, the
model maintains coherence across spherical views and time, producing structurally aligned
and visually smooth sequences.

Finally, Xiong et al. [58] proposed PanoDreamer, which takes text-to-360 generation a
step further through trajectory-guided semantic warping. This framework aligns output
scenes with virtual camera paths and natural language prompts, achieving high consistency
and realism even in complex layouts with occlusion-aware expansion.

As summarized in Table 12, these works collectively chart the evolution from conven-
tional image-conditioned panorama generation to models that can synthesize 360° content
from abstract, multimodal, and often highly compressed inputs. The table highlights how
each contribution tackles a different challenge, ranging from cross-view translation and
text-to-scene synthesis to trajectory-aware video generation, illustrating how semantic
alignment and structural coherence are progressively addressed across modalities. Present-
ing these methods side by side clarifies how cross-view and language-driven approaches
expand the creative and practical potential of panoramic generation, establishing a clear
bridge to the multimodal and 3D spatial environments explored in the next subsection.

3.9. Toward Immersive and Hyper-Realistic 3D Panoramic Environments

The evolution of panoramic generation is steadily moving toward immersive and
explorable 3D environments that go beyond static visuals. This shift is driven by increasing
demands for depth-aware rendering, spatial interactivity, and real-time deployment in
virtual reality and augmented reality (VR and AR) settings. A growing body of work has
begun addressing these challenges, introducing innovations that bridge visual quality,
semantic context, and deployment efficiency.

Table 13 shows that a foundational step in this direction was introduced by Huo and
Kuang [59], who developed TS360, a reinforcement learning-based framework designed
to optimize the streaming of 360° video content. Although not a generative model, TS360
highlights the importance of bandwidth-aware delivery systems that support real-time
applications in immersive environments, an essential complement to content generation ef-
forts.

To improve visual fidelity, especially in scenarios constrained by projection artifacts,
Yoon et al. [60] proposed SphereSR, a projection-independent super-resolution framework.
By using a continuous spherical representation, the model enhances panoramic image qual-
ity across arbitrary projections, offering a more faithful and seamless viewing experience.

Building on this, Baniya et al. [61] presented a deep learning system tailored to enhance
both spatial and temporal resolution in 360° video. Their work directly addresses the high
visual standards required for immersive media, particularly in VR applications, by ensuring
fluid playback and detailed visuals in dynamic panoramic scenes.

As research advanced from resolution enhancement to immersive scene creation, Yang
et al. [62] introduced LayerPano3D, a model that constructs 3D panoramic environments
using layered representations generated from text prompts. This approach enables multi-
view navigation and real-time virtual exploration while maintaining structural realism,
thus bridging generative models and 3D spatial computing.

Further extending the capabilities of panoramic environments, Kou et al. [63] de-
veloped OmniPlane, a recolorable scene representation that disentangles geometry and
appearance in dynamic panoramic videos. This facilitates real-time editing, relighting,
and context adaptation, making the system especially valuable for interactive or adaptive
media applications.
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In a complementary direction, Behravan et al. [64] explored the use of vision-and-
language models for context-aware 3D object creation in augmented reality. While their
work does not focus solely on panoramic generation, it introduces techniques for semanti-
cally grounded object synthesis, which could be extended to enrich panoramic environ-
ments with intelligent, interactive elements.

Table 13. Key contributions of immersive and 3D-oriented panoramic generation models.

Author Year Title Unique Contribution
. . Applied reinforcement learning to optimize
Huo et al. [59] 2022 TS%O.' A Two-Stage Deef R.emforcemept bandwidth-efficient, high-quality streaming of
Learning System for 360° Video Streaming o
360° video content.
SphereSR: 360° Image Super-Resolution with Proposed a projection-independent spherical SR
Yoon et al. [60] 2022  Arbitrary Projection via Continuous method for enhancing 360° image quality
Spherical Representation without introducing spatial artifacts.
. Omnidirectional Video Super-Resolution Using Des1gned. a deep learning system .to en.hance
Baniya et al. [61] 2023 . both spatial and temporal resolutions in
Deep Learning o . . -
360° video for immersive applications.
LayerPano3D: Layered 3D Panorama for Generated 3D panoramic env1ronment§ from
Yang et al. [62] 2024 H . . text prompts using layered representations,
yper-Immersive Scene Generation . . . .
enabling real-time virtual exploration.
OmniPlane: A Recolorable Representation for Developed a dynamic panorarmic scene
Kou et al. [63] 2025 . . T . representation separating geometry and
Dynamic Scenes in Omnidirectional Videos o .
appearance to support relighting and editing.
Demonstrated vision-language-guided
Generative Al for Context-Aware 3D Obiect generation of semantically adaptive 3D objects
Behravan et al. [64] 2025 ) for AR, suggesting potential for integrating

Creation Using Vision-Language Models in AR interactive object synthesis into

panoramic environments.

As summarized in Table 13, these models collectively illustrate the field’s progression
from enhanced 360° video delivery and super-resolution toward fully generative, interactive
3D panoramic environments. The table highlights how each work contributes a distinct
capability, ranging from bandwidth-efficient streaming and projection-independent super-
resolution to layered 3D scene construction, dynamic relighting, and context-aware object
synthesis, clarifying how these innovations address the dual challenge of visual fidelity and
spatial interactivity. Presenting these methods side by side underscores the convergence of
panoramic generation and spatial computing, showing how technical advances in delivery,
resolution, and semantic integration are shaping the path to truly immersive and explorable
360° environments.

4. Identified Gaps

Although significant advances have been made in 360° panoramic image and video
generation, the existing body of literature reveals several persistent gaps that limit the
scalability, generalizability, and deployability of current approaches.

A major limitation lies in the reliance on dense, overlapping, or structured input
data. Many models, whether based on stitching [23,27], GANs [37], or diffusion [11,12],
assume input completeness or paired view correspondences to function effectively. Even
state-of-the-art solutions such as Imagine360 [7] and PanoDreamer [58] require perspective
video streams or semantic layout priors, making them less applicable in scenarios involving
sparse or non-overlapping NFoV images. While methods like SphereDiff and PanFusion
mitigate projection issues, they remain tuned for image-level outputs and often lack gener-
alization under low-data regimes. This limitation reduces accessibility in real-world cases
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where full scene coverage is unavailable, such as mobile capture, quick scans, or low-cost
drone footage.

Temporal modeling in generative video synthesis is also constrained by input assump-
tions and lacks flexibility under few-shot conditions. Works like 360DVD [45], LaMD [46],
and MagicVideo [40] demonstrate strong results in controlled settings but still rely on
continuous motion prompts or full video sequences. Models like Latent-Shift [41] and
MCDiff [42] propose efficient mechanisms for motion conditioning, yet few studies have
examined how they can be adapted for sparse temporal inputs or motion hallucination
from static frames. This gap limits their practical use in applications where continuous
video is not available or motion must be inferred from minimal data, such as surveillance,
fast prototyping, or archival conversion.

Another critical gap is the underutilization of geometric information such as scene
depth, symmetry, and layout. While methods like 360MonoDepth [65] and Hara et al. [66]
highlight the role of depth and symmetry in improving spatial realism, these concepts
are not yet embedded in most panoramic generation pipelines. Diffusion-based models
like SphereDiff [11] operate in latent space without incorporating explicit geometry, and
many stitching or blending approaches [28,67] still treat geometry as a post-processing
correction rather than an integral modeling component. As a result, generated content
often lacks spatial coherence or realism when deployed in 3D environments like VR, AR, or
game engines.

Controllability and cross-modal conditioning remain promising but underdeveloped
directions. Text-to-360-degree generation models such as Panogen [54], PanoDiT [57],
and Customizing360 [39] have made early strides in prompt-based generation but still
rely heavily on training-time conditioning or paired datasets. Generalization to unseen
prompts, free-form editing, or hybrid inputs remains limited, particularly in the context of
dynamic video generation or immersive interaction. Recent advancements in AR content
creation [64] demonstrate how vision-language models can generate scene-aware 3D
assets based on environmental context and textual intent, highlighting a path forward
for panoramic systems to become more adaptive and context-sensitive. This restricts
personalization and user interaction in consumer-facing applications like virtual tourism
or narrative-based VR experiences.

Lastly, real-time deployment, streaming readiness, and lightweight inference are
seldom addressed. While some works explore architectural efficiency [40,42] or adaptive
streaming strategies [59], these aspects are rarely integrated with generative quality. This
gap limits the real-world applicability of current systems in domains such as VR/AR,
mobile media, or simulation training, where performance, latency, and interactivity are
as critical as fidelity. This affects scalability in environments with bandwidth, latency, or
device constraints, particularly in education, live events, or mobile deployment scenarios.

In summary, while the field has progressed rapidly across several fronts, it continues
to face challenges in sparse-input generalization, temporal realism, geometry integration,
controllability, and deployment efficiency. These limitations directly motivate this thesis,
which proposes a unified framework that synthesizes 360° panoramic video from sparse
NFoV inputs while maintaining temporal coherence and visual fidelity. By integrating
geometric priors, motion-aware learning, and efficient generative pipelines, this work aims
to bridge key gaps in both technical capability and practical usability.

5. Discussion

The findings from this review illustrate a rapidly evolving field of research in
panoramic image and video generation, driven by the convergence of generative Al,
radiance-field modeling, and immersive media demands. Across the spectrum, from clas-
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sical image stitching and outpainting to diffusion-based 360° synthesis and multimodal
guidance, researchers have made significant strides in generating semantically rich, geo-
metrically coherent panoramic content. However, several critical limitations and emerging
trends shape the trajectory of future development.

Across this evolution, three primary families of generative approaches (GAN-based
methods, radiance-field models such as NeRF, and diffusion models) define the field’s pro-
gression in both capability and design philosophy. GAN-based pipelines formed the first
wave of generative panoramic methods, offering rapid image-to-panorama outpainting
and computational efficiency. However, they frequently suffered from mode collapse, tex-
ture artifacts, and limited geometric reasoning, which constrained their ability to produce
consistent results in sparse or unstructured scenarios. Radiance-field approaches marked a
significant shift by introducing explicit 3D awareness and depth-consistent view synthesis,
achieving strong geometric fidelity but at the cost of high data requirements and slow train-
ing or inference. Diffusion models now represent the current frontier, unifying high visual
fidelity, semantic controllability, and multimodal integration through iterative denoising
in high-dimensional latent spaces. Taken together, these model families illustrate a clear
trajectory: from texture-focused generative methods to geometry-aware radiance fields,
and ultimately to controllable, scalable, and multimodal pipelines capable of supporting
truly immersive 360° media production.

One of the most prominent trends is the shift from deterministic stitching and inpaint-
ing to generative architectures that leverage GANs and diffusion models. These models
have enabled richer semantic understanding and improved visual fidelity, allowing for
more coherent scene completion and text-guided synthesis. Yet a considerable number of
these methods rely on dense input data or structured conditioning signals, limiting their
utility in real-world scenarios where only sparse or unregistered NFoV images are available.
The assumption of data richness represents a barrier to scalability and accessibility, espe-
cially in low-resource or mobile capture environments. This concern is echoed in mobile
delivery surveys, which highlight the challenge of scaling 360° content under bandwidth
constraints and device limitations [68].

Temporal modeling has also emerged as a major research focus, particularly in trans-
forming still inputs into temporally coherent video sequences. While models like 360DVD
and Imagine360 introduce mechanisms for panoramic video synthesis, they often depend
on motion priors, dense video captions, or perspective-based inputs. These conditions
make them less applicable to use cases requiring few-shot or one-shot generation from
minimal visual cues. Furthermore, generative video models frequently lack robust control
over temporal consistency, leading to flickering, drift, or incoherent motion propagation
across frames.

Scene geometry and depth awareness remain underutilized in most panoramic gen-
eration pipelines. Despite the introduction of 360°-specific solutions like SphereDiff and
SphereSR, the majority of models treat the spherical canvas as a projection rather than
a spatial structure. This overlooks the importance of geometric cues such as symmetry,
parallax, and depth, which are essential for producing immersive, explorable environments.
Methods such as 360MonoDepth and spherical symmetry-based generation, while address-
ing geometric aspects, often remain isolated from the broader generative pipeline and have
yet to be integrated into end-to-end frameworks.

Recent advances in radiance-field models illustrate how geometry can be leveraged
more effectively. The Mip-NeRF 360 [5] model introduces a mipmapping-based, anti-aliased
representation that supports level-of-detail rendering and high-fidelity reconstruction
of unbounded 360° environments, mitigating aliasing and edge distortions that classic
NeRF models cannot handle. Similarly, the NeRF-W model [4] incorporates appearance
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embeddings to manage unstructured input with varying lighting and occlusions, achieving
robust synthesis from sparse and inconsistent viewpoints. These innovations highlight
how radiance-field methods are evolving toward practical panoramic use, bridging the gap
between classical geometry reasoning and modern generative pipelines.

The relevance of geometric realism is further reinforced by recent applications in
architecture, engineering, and construction (AEC), where 360° media has been adopted for
training, simulation, and virtual site monitoring [69].

Another trend is the growing emphasis on interactivity and control. Recent mod-
els have begun supporting text-to-360-degree generation, user-guided outpainting, and
conditional scene customization. While these capabilities offer greater flexibility, they are
still constrained by limitations in layout reasoning, input conditioning complexity, and
prompt sensitivity. Cross-view synthesis techniques further demonstrate the feasibility of
generating panoramas from abstract or top-down inputs, but these approaches frequently
suffer from realism trade-offs and limited generalization across domains.

Finally, practical deployment considerations remain largely absent. Few models ac-
count for real-time processing, lightweight inference, or streaming efficiency, critical factors
for applications in VR, AR, or edge-device rendering. Although frameworks like TS360
and MagicVideo address deployment and compression indirectly, there is a pressing need
for panoramic generation systems that balance quality with performance and accessibility.
Recent surveys on bandwidth optimization and edge delivery of 360° video [1,68] empha-
size this point, highlighting how the infrastructure for delivering immersive content still
faces limitations, even when generation is technically solved.

In summary, the field is trending toward more powerful and flexible generation
tools, yet many models fall short of addressing the core challenges related to sparse-
input handling, geometric reasoning, temporal coherence, and real-time usability. The
insights from this review underscore the importance of unified, efficient, and generalizable
architectures that can scale across use cases from creative applications to immersive media
production. This forms the basis for the research direction proposed in this thesis, which
aims to bridge these gaps through an integrated approach to sparse-input, generative
panoramic video synthesis.

5.1. Computational and Deployment Considerations

While substantial progress has been made in the visual quality and flexibility of
360° image and video generation models, computational performance and deployment
feasibility remain underreported in the literature. Among the models reviewed, SphereD-
iff [11], MVSplat360 [31], and 360DVD [45] provide some information regarding training
time, GPU memory usage, inference latency, and deployment scalability (see Section 5.2).

Nevertheless, architectural characteristics suggest that many of these models may pose
significant computational demands. For instance, diffusion-based models like SphereDiff
are known for their iterative sampling process, which can result in slow inference speeds
and high memory consumption. Similarly, 360DVD leverages view-dependent render-
ing techniques inspired by NeRFs, which are computationally intensive and difficult to
optimize for real-time scenarios. Imagine360’s dual-branch temporal design, incorporat-
ing attention-based motion synthesis and spatial transformations, likely incurs high GPU
memory requirements during training and inference, especially for longer video sequences.

The lack of standardized benchmarks on runtime efficiency, hardware requirements, or
deployment constraints still makes it difficult to assess the practical readiness of these models
for use in latency-sensitive or resource-constrained environments. This gap is particularly
concerning for applications in mobile VR/AR, simulation training, or remote collaboration,
where responsiveness and computational efficiency are as critical as visual fidelity.
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5.2. Comparison of Hardware and Processing Times

Table 14 presents a comparative overview of recent 360° video generation models,
including both NeRF-based and diffusion-based approaches. The table summarizes key
attributes such as model parameters, training compute requirements, inference latency
or FPS, the resolution tested, and the hardware used for training or inference. NeRF,
Mip-NeRF, and Mip-NeRF 360 are MLP-based methods that require per-scene training,
with training times ranging from several hours on multiple TPU cores to over a day
on a V100 GPU (NVIDIA Corporation, 2788 San Tomas Expressway Santa Clara, CA
95051, USA), while inference speed is reported only for NeRF. Diffusion-based methods,
including 360DVD, VideoPanda, SphereDiff, MVSplat360, and SpotDiffusion, vary widely
in computational cost and runtime: some require extensive multi-GPU training, whereas
others, like SphereDiff and SpotDiffusion, operate without additional training but may have
long inference times or high VRAM requirements; for instance, SphereDiff requires <40
GB of VRAM, while the VRAM usage of other models is not reported. This table provides
a concise reference for evaluating the trade-offs between model complexity, computational
resources, and runtime performance in 360° video generation.

Table 14. Performance comparison of recent 360° video generation models *.

.. . Inference Resolution Hardware/

Model Parameters  Training Time Latency Tested Runtime

Lx NVIDIA ~30s per 800 x 800 NVIDIA V100
V100 GPU, (Blender),

NeRF ~0.6 M frame GPU,
~24-48 h (=~0.03 FPS) ~1000 x 1000 TensorFlow
per scene e (LLFF)

800 x 800
Mip-NeRF 612K 32x TPUv2 - (Blender, TPUv2 52
cores, ~2.8h . cores, JAX
multiscale)
. 32x TPUv2 Varied (real TPUv2 32
Mip-NeRF 360 99M cores, ~6.9 h B 360° scenes) cores, JAX
100 K steps on
360DVD - WEB360 (GPUs - 512 x 1024 -
not reported)
Trained on 32x
NVIDIA A100
VideoPanda - GPUs (GPU - - 32x A100 GPUs
hours not
reported)
30 s per
512 x 512 Inference on
SphereDiff - - image; ?12 ><(950102Fp G{;) A100-40 GB or
20 min view © RTX 3090 24 GB
per video
100 K steps on inierelrl C‘f] ]fDrLiIDV-(}lOIIé Training: 1-8x
MVSplat360 - 1-8x (altist el A100; inference:
A100 GPUs e sep origtna, similar GPU
diffusion) downsampled)
7 min per
SpotDiffusion - - 512 x 2048 512 x 2048 -
panorama

* SphereDiff requires <40 GB VRAM, while the VRAM usage of other models was not reported. Nofe: “~” indicates
that it was not reported.

6. Limitations

While this study offers a comprehensive review of Al-driven 360° image and video
generation, it is not without limitations. First, the scope of the literature was restricted to
publicly available academic and preprint publications from 2021 to 2025. While this range
captures recent innovations, it may exclude relevant industrial systems or proprietary mod-
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els that have not been documented in open-access venues. Consequently, the findings may
not fully reflect the most cutting-edge or large-scale implementations used in commercial
applications.

Additionally, the review emphasized papers indexed in IEEE, arXiv, CVPR, and
similar repositories, which may introduce selection bias. Although an effort was made
to include a diverse set of models and perspectives, from stitching-based methods to
diffusion transformers, the selection process may have overlooked significant contributions
published in less prominent forums or outside the core computer vision community. This
could limit the generalizability of the review’s conclusions across subfields like robotics,
3D graphics, or immersive interface design.

Another limitation stems from the inherently subjective nature of evaluating generative
models. Many papers rely on qualitative visuals or user preference studies to assess
output fidelity, which introduces inconsistency in model comparison. Objective metrics for
360° content, especially for video, remain underdeveloped, making it difficult to benchmark
models uniformly. This hinders the ability to draw conclusive insights about model
performance across tasks and datasets.

Furthermore, while this study aims to identify architectural and conceptual gaps, it
does not experimentally validate new models. As such, its insights remain grounded in
secondary analysis and author-reported findings. Future work could complement this
review with empirical studies or implementation-based evaluations to measure practical
performance and scalability.

Lastly, the scope of this thesis focuses on generating panoramic video content from
sparse inputs such as 8-10 NFoV images. While this approach is promising for enhancing
accessibility and efficiency, it also introduces constraints related to motion realism, occlusion
handling, and depth consistency. These trade-offs may limit the fidelity of generated content
in edge cases and complex scene structures. Addressing these limitations will require
further refinement of geometry-aware, temporally conditioned generative pipelines.

7. Challenges

Although panoramic video generation has made significant strides, several persistent
challenges continue to delay its deployment in real-world applications. Based on literature
prevalence and practical impact, the key challenges are summarized below.

7.1. Sparse-Input Handling (Highest Priority)

The most significant challenge lies in handling sparse inputs, as seen in many state-of-
the-art models such as 360DVD [45] and Diffusion360 [12], which assume access to dense,
overlapping multi-view inputs. When only a few NFoV images are available, these models
struggle to preserve spatial coherence and often hallucinate content [26]. Partial remedies
include techniques like the Splatter360 model [36], which leverages point cloud splatting
for sparse inputs, but its performance still degrades with very few views.

7.2. Temporal Coherence

Maintaining consistent motion across frames is challenging, especially with sparse
or near-static inputs. Approaches such as Imagine360 [7] and LAMP [8] utilize motion
priors or interpolation techniques; however, their effectiveness decreases significantly with
reduced frame density [46]. Flicker and jitter reduce realism and immersion, which are
critical for VR and simulation applications.

7.3. Geometry Awareness

Most generative pipelines overlook structural cues such as depth, symmetry, or par-
allax, focusing on 2D projections or flattened panoramas. Methods like SphereDiff [11]
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and 360MonoDepth [65] introduce geometry-aware modules, but these are rarely inte-
grated into full video synthesis workflows, resulting in visually plausible but structurally
unrealistic outputs.

7.4. Controllability and Semantic Alignment

Aligning Al-generated content with user intent remains limited. Systems often re-
quire retraining or paired data to support text, sketch, or layout-driven control [70]. This
constrains creative flexibility and interactive authoring in applications like education,
storytelling, or co-creation environments.

7.5. Real-Time Performance and Deployment Constraints

High-fidelity models typically demand substantial computation, large memory footprints,
and specialized hardware, hindering their deployment on mobile or bandwidth-constrained
platforms. Techniques like adaptive streaming and lightweight architectures [59] exist, but
they are rarely combined with full-quality panoramic synthesis.

By systematically addressing these prioritized challenges, from sparse-input handling
to deployment constraints, the next generation of 360° panoramic video models can achieve
realistic, controllable, and efficient immersive experiences, bridging current experimental
prototypes with practical applications.

8. Conclusions and Future Directions

This research presents a comprehensive review of 360° panoramic image and video
generation techniques, tracing the field’s evolution from early stitching-based methods
to modern generative frameworks powered by diffusion models, neural radiance fields,
and text-based conditioning. By examining over 40 peer-reviewed and preprint studies,
the review categorizes key contributions in areas such as sparse-view synthesis, temporal
modeling, multimodal generation, geometric awareness, and immersive rendering.

The findings reveal a clear trajectory toward more flexible and high-fidelity systems.
Models like 360DVD [45], Imagine360 [7], and SphereDiff [11] exemplify progress in motion
continuity, semantic understanding, and spherical representation. However, limitations
persist. Many systems depend on dense input data, structured prompts, or computationally
intensive inference. Generalization to sparse perspectives, depth-consistent generation,
and real-time processing remains an open research challenge.

In light of these observations, this review establishes a strong foundation for address-
ing the next wave of innovation in panoramic generation. As immersive applications grow
across VR, simulation, training, and entertainment, there is an urgent need for scalable,
controllable, and geometry-aware pipelines that can function under real-world constraints.

The direction proposed in this thesis contributes to this vision by focusing on
panoramic video generation from as few as 8-10 NFoV images, bridging the gap be-
tween efficiency and expressiveness. Through this unified, data-efficient approach, this
project aims to push the boundaries of what is possible in 360° content synthesis while
offering practical benefits for both academic research and industry deployment.

To address the identified gaps, the proposed method integrates several key innovations.
By using sparse NFoV inputs, it directly tackles the challenge of data efficiency and removes
reliance on dense camera setups. Incorporating temporal attention and latent motion
prediction enables the generation of temporally coherent video, even under limited input
conditions. Additionally, the inclusion of geometric priors, such as depth cues or symmetry
constraints, enhances spatial realism and alignment. Finally, by leveraging prompt-adaptive
control mechanisms, the system supports flexible conditioning through sketch, text, or
hybrid inputs, reducing dependency on paired datasets and enabling creative control.
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These design choices position the framework as a practical and adaptable solution for
immersive content creation in bandwidth-limited, mobile, or creator-driven environments.

Future Directions

As the demand for immersive and interactive media continues to grow, several promis-
ing avenues for future research in 360° panoramic generation emerge directly from the
challenges in Section 7. Addressing these gaps requires solutions that tackle multiple con-
straints: sparse-input handling, temporal coherence, geometry awareness, controllability,
and deployment efficiency in an integrated manner.

One-shot and few-shot panoramic video generation remains especially challenging
because most current models rely on dense input sequences or strong motion priors. In
real-world scenarios, however, creators and developers often have access to only a handful
of perspective frames due to hardware, bandwidth, or cost constraints. Future research
should focus on entropy-aware input conditioning, few-shot motion interpolation, and
conditional diffusion bridges to produce temporally coherent 360° video from minimal
inputs while preserving spatial realism. Leveraging latent motion prediction and temporal
attention mechanisms will further stabilize motion across long sequences. Achieving this
would directly reduce dependency on multi-camera rigs, making panoramic generation fea-
sible for mobile VR content creation, low-cost simulation environments, and independent
creator workflows.

Ensuring structural realism across sparse multi-view sequences will require embed-
ding geometry- and scene-aware representations, leveraging depth, symmetry, and parallax
cues, into generative pipelines. This integration would address current limitations where
models overlook structural cues, resulting in outputs that are visually plausible but geo-
metrically inconsistent.

Another critical direction is improving the controllability and expressiveness of gen-
erative models. While text-driven synthesis and layout conditioning are now common,
they often require paired data or task-specific fine-tuning, limiting deployment flexibility.
Future systems should emphasize training-free or prompt-adaptive frameworks that allow
dynamic control over generation using hybrid inputs such as sketches, depth cues, or
interactive prompts. This capability would empower creators to iterate rapidly without
retraining models, enabling more accessible and scalable production pipelines. Wen [9]
demonstrates the potential of such systems in human-AlI co-creation for 360° video, where
real-time bidirectional interaction allows user intent to directly guide generative outcomes.

Future directions also include embedding contextual and semantic awareness into
panoramic generation. Behravan et al. [64] highlight the value of hybrid vision-language
conditioning in AR, suggesting that panoramic synthesis could benefit from scene-aware
cues such as spatial layout, object roles, and environmental affordances to produce content
that is both coherent and meaningful in context. Additionally, Liu and Yu [71] illustrate
the potential of emotionally responsive video generation, which can communicate mood,
influence perception, or support goal-directed experiences. Integrating these capabilities
into 360° video generation could enable emotionally resonant applications in education,
virtual tourism, and therapeutic simulations, where engagement depends on both realism
and affective impact.

Finally, addressing real-time performance and deployment constraints will require
optimizing inference efficiency, employing adaptive streaming strategies, and developing
lightweight architectures that balance quality and speed. These approaches will ensure
deployability across a wide range of hardware platforms, from high-end VR systems to
mobile devices. By aligning these innovations, future systems can deliver panoramic
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video generation that is not only realistic and controllable but also efficient and accessible,
bridging the gap between experimental prototypes and scalable real-world applications.
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