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(a) 𝑶𝒎𝒏𝒊𝟐 for Omnidirectional Image Generation

A 360 view of a breathtaking 
outdoor landscape reveals 
towering mountains in the 
distance, their peaks dusted with 
snow, while a crystal-clear river 
winds through lush green valleys.Te
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A 360 view of a modern living room with 
yellow wall, a large TV, a white sofa and a 
marble rug. The room features wooden 
flooring, framed artwork, and a potted plant. 
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A 360 view of a modern kitchen with 
dark cabinetry, granite countertops, and a 
large island. The room features a dining 
table with chairs, a blue and white rug.

Inpaint: A 360 view of a 
European street intersection on 
a sunny day, featuring classic 
architecture, a blut sky, several 
classic European buildings, 
and a pedestrian crossing.
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outpaint: A 360 view of a 
grand, historic building 
surrounded by autumn-
colored trees and a 
symmetrical brick pathway 
leading towards it.O
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(b) 𝑶𝒎𝒏𝒊𝟐 for Omnidirectional Image Editing
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Remove the painting on the wall.

A 360 view of a kitchen. The kitchen is a charming blend of 
rustic and modern, featuring a large reclaimed island with 
marble countertop, a sink surrounded by cabinets. To the left 
of the island, a stainless-steel refrigerator stands tall. To the 
right of the sink, built-in wooden cabinets painted in a muted.
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Add the television and 
chandelier on my back.
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Well decorate this room.

Figure 1: We propose the first omni model for omnidirectional image generation and editing, termed Omni2. Omni2 is capable
of handling both omnidirectional image generation and editing with various input conditions, demonstrating strong potential
across diverse tasks, as demonstrated in (a) and (b).

Abstract
360◦ omnidirectional images (ODIs) have gained considerable at-
tention recently, and are widely used in various virtual reality (VR)
and augmented reality (AR) applications. However, capturing such
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images is expensive and requires specialized equipment, making
ODI synthesis increasingly important. While common 2D image
generation and editingmethods are rapidly advancing, thesemodels
struggle to deliver satisfactory results when generating or editing
ODIs due to the unique format and broad 360◦ Field-of-View (FoV)
of ODIs. To bridge this gap, we construct Any2Omni, the first
comprehensive ODI generation-editing dataset comprises 60,000+
training data covering diverse input conditions and up to 9 ODI
generation and editing tasks. Built upon Any2Omni, we propose an
Omni model for Omni-directional image generation and editing
(Omni2), with the capability of handling various ODI generation
and editing tasks under diverse input conditions using one model.
Extensive experiments demonstrate the superiority and effective-
ness of the proposed Omni2 model for both the ODI generation and
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editing tasks. Both the Any2Omni dataset and the Omni2 model
are publicly available at: https://github.com/IntMeGroup/Omni2.

CCS Concepts
• Computing methodologies→ Computer vision; Virtual re-
ality.
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1 Introduction
With the rapid advancement of virtual reality (VR) technology,
360◦ omnidirectional images (ODIs) have gained increasing atten-
tion. However, capturing ODIs requires expensive and specialized
hardwares, making ODI synthesis a crucial task. While 2D image
generation techniques have gradually matured with the rapid ad-
vancement of AIGC [7, 10, 21, 29, 35], ODI generation remains
underexplored. Previous works, such as MVDiffusion [34], can
only generate ODIs with a limited vertical Field-of-View (FoV)
of 360◦ × 90◦, restricting its applicability in real-world scenarios.
Though some other methods [8, 48, 50] are capable of generating
full 360◦ × 180◦ ODIs, they primarily focus on text-driven ODI
generation, while ignoring other input conditions such as narrow
viewport images, semantic maps, depth maps, etc.

High-quality 2D image editing datasets [5, 23, 31, 45, 51] have
recently driven the advancement of image editing models [13, 51].
In the context of ODIs, editing is of great importance for enhancing
quality of experience in immersive environment. However, omni-
directional image editing remains unexplored. Unlike 2D images,
ODIs are stored in the warped equirectangular projection (ERP)
format, thus making common 2D image editing algorithms cannot
be directly applied. An alternative approach is applying 2D editing
models on the designated single view of an ODI after viewport
splitting, but it is both time-consuming and inefficient, and may
generate inconsistent views. Moreover, due to the unique depth
and spatial characteristics of omnidirectional images, conventional
2D editing models struggle to understand the spatial relationships
between viewports or even within individual ODI views, making
the split-and-edit approach impractical. Therefore, dedicated ODI
editing dataset and method are necessary to advance research in
this domain.

Built upon the rapid progress in 2D image generation and edit-
ing, integrating these tasks into a unified framework has become
increasingly popular [36, 42, 44]. In this paper, we aim to unify ODI
generation and editing into an efficient model. To this end, we first
introduce Any2Omni, the first comprehensive dataset for omnidi-
rectional image generation and editing tasks. As shown in Table
1, our dataset integrates multiple input modalities for ODI gener-
ation tasks. For the newly defined omnidirectional image editing

tasks, we start by proposing a simple yet effective pipeline capa-
ble of generating high-quality, object-level indoor editing samples.
Additionally, we introduce two scene-level ODI editing tasks utiliz-
ing existing ODI datasets [11, 46, 47, 52]. Overall, our Any2Omni
dataset comprises over 60,000 training samples, covering 9 cate-
gories of omnidirectional image generation and editing tasks with
various input conditions.

Based on Any2Omni, we further introduce the first omni model
for omnidirectional image generation and editing, termed Omni2.
Omni2 adopts a simple yet effetive Transformer-based framework
to support 360◦ × 180◦ high-quality omnidirectional image synthe-
sis under a variety of multimodal input conditions. In contrast to
existing diffusion-based ODI generation methods, which incorpo-
rate additional attention blocks for multi-view consistency [34, 50],
we introduce a novel approach by executing viewport-based bidi-
rectional attention within a unified Transformer. Our model demon-
strates superior performance across a wide range of ODI generation
and editing tasks with various input conditions, as shown in Fig. 1.

The main highlights of this work include:

• We unify the ODI generation and editing tasks. To the best
of our knowledge, our study is the first work to achieve
multimodal input-based ODI generation for various tasks,
and the first to explore ODI editing.

• We construct Any2Omni, the first comprehensive dataset
for omnidirectional image generation and editing that con-
tains over 60,000 training samples covering 9 ODI generation
and editing tasks with various input conditions.

• We proposeOmni2, the first omni model for omnidirectional
image generation and editing. Omni2 is capable of process-
ing various input conditions and producing high-quality,
viewport-consistent ODIs.

• Extensive experimental results demonstrate that the pro-
posed Omni2 model exhibits state-of-the art performance
on ODI generation tasks, and shows great potential on ODI
editing tasks.

2 Related Work
2.1 Omnidirectional Image Generation
Although 2D image generation has made significant progress re-
cently, omnidirectional image generation remains notably limited.
Prior works, such as MultiDiffusion [4], employ pretrained diffu-
sion model to generate long images from text input. However, these
images are not composed of stitched multi-view images thus are
not aligned with the true projection process of ODIs. MVDiffu-
sion [34] solves this problem by synchronously generating eight
overlapping views using pretrained stable diffusion model [29] and
introduces Correspondence-Aware Attention (CAA) module to en-
sure viewport consistency. However, it only generates the central
perspectives, omitting the top and bottom views, limiting its ap-
plicability in real-world scenarios. Other methods like DiffPano
[48] and PanFusion [50] are able to generate omnidirectional im-
ages with the full FoV, yet they are still limited to specific input
conditions, and lack support for generation tasks with other input
conditions, such as depth-to-image generation and outpainting, etc.

https://doi.org/10.1145/3746027.3755405
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A 360 view of a 
cozy, wooden 
interior with 
tables, benches, 
and a bar area.

A 360 view of a modern open-plan living 
space with a kitchen, dining area, and 
living room… The depth map of the image 
is <img><|image_1|></img>.

A 360 view of a modern, curved kitchen with 
light-colored cabinets, a sleek countertop, 
and a gas stove...The semantic map of the 
image is <img><|image_1|></img>.

<img><|image_1|></img>: A 360 view 
of a serene waterfront promenade with a 
statue in the center, surrounded by…: .

<img><|image_1|></img>: outpaint.

<img><|image_1|></img>: well decorate 
this room..

<img><|image_1|></img>: turn the image 
into a coldlight tone.

<img><|image_1|></img>: add the carpet 
and picture frame on my front.

<img><|image_1|></img>: remove the wall
lamp on my left.

Task Type Category Sub-category Input Condition # training # testing

Generation

Text2Image short-caption text 10,000 1,000
detailed-caption text 10,000 1,000

Semantic2Image - image+text 6,500 500
Depth2Image - image+text 7,000 700
Inpainting - image+text/image 2,938/2,941 500/500
Outpainting - image+text/image 2,946/2,950 500/500

Editing
Object-level Editing single-object removal/add image+text 6,690 1000

multi-object removal/add image+text 5,889 500

Scene-level Editing Light-Modify image+text 4,698 500
Decoration image+text 5,187 500

Table 1: Detailed data distribution in Any2Omni dataset.

2.2 Independent Image Generation and Editing
Recent advancements in 2D generative models have been remark-
able, with methods such as the Stable Diffusion series [26, 29] and
DALL-E [27] demonstrating superior generative capabilities. In ad-
dition, the emergence of large-scale, high-quality 2D image editing
datasets [5, 31, 49, 51] and benchmarks [39] have significantly ad-
vanced image editing models [18, 31, 40]. However, limited works
have been proposed for ODI generation as aforementioned, and the
field of ODI editing remains unexplored, despite the essential role
ODI plays in real-world applications.

2.3 Unified Image Generation and Editing
With the rapid advancement of 2D image generation and editing
models, unified 2D generation-editing datasets and models have
emerged. Compared to single-task models such as text-to-image
(T2I) generation or image inpainting, unified multimodal-input gen-
eration and editing models offer broader applications. DreamOmni
[42] introduces a synthetic data pipeline for generating large-scale
multi-task image generation and editing training examples and
constructs a unified image generation and editing model. OmniGen
[44] constructs a large-scale, diverse dataset, X2I, encompassing
various image generation and editing tasks for joint training, and
further proposes a unified diffusion-transformer model OmniGen,
which demonstrates strong capabilities across various text-to-image
generation and downstream tasks. However, in the field of ODI
synthesis, there are still many unexplored tasks, let along compre-
hensive datasets and models. To address these issues and to ad-
vance research on omnidirectional image synthesis, we introduce
Any2Omni, the first comprehensive dataset for ODI generation and
editing, and Omni2, a unified model that shows strong capabilities
across multiple ODI generation and editing tasks.

3 Any2Omni Dataset
To gain the capability of handling various image generation and edit-
ing tasks, it is essential to build a comprehensive dataset for model
training. Though some omnidirectional image generation works
have tried training on captioned existing ODI datasets [6, 12, 37, 43],
a truly comprehensive ODI generation dataset remains absent. Fur-
thermore, there’s currently no dataset for omnidirectional image
editing. In this section, we introduce Any2Omni, the first com-
prehensive dataset for omnidirectional image generation and edit-
ing. For generation subset, we construct a diverse ODI generation
dataset to support multiple ODI generation tasks with various input
conditions. For ODI editing subset, we start by proposing a simple

yet effective pipeline for object-level indoor ODI editing, and fur-
ther propose a range of insightful indoor ODI editing tasks. Our
Any2Omni contains over 60,000 training examples with 9 tasks,
establishing it as the first large-scale and comprehensive dataset
dedicated to advancing research in ODI generation and editing.
3.1 Generation Subset
Although prior works have explored T2I and outpainting tasks for
ODIs [14, 34, 37, 38, 50], they address these tasks separately, each
tailored to a specific input-output format. Besides, we believe there
are insightful ODI generation tasks that remain unexplored. To
this end, we construct a comprehensive generation subset, encom-
passing 5 ODI generation tasks: text2ODI, inpainting, outpainting,
semantic2ODI, and depth2ODI, among which we newly proposed
semantic2ODI and depth2ODI as we believe they present signifi-
cant opportunities for advancing ODI generation. We collect ODIs
from existing datasets, including SUN360 [43], Structured3D [52],
etc., and caption these images using InternVL2-5 [9] to generate
text condition. For inpainting and outpainting tasks, images are
randomly masked as input image conditions. For semantic2ODI
and depth2ODI tasks, we use paired images from Structured3D
and Pano3D [3], respectively, and generate captions to provide
text conditions for these tasks. The detailed construction process is
provided in the supplementary materials.
3.2 Editing Subset
While 2D image editing has achieved significant advancement, the
field of omnidirectional image editing remains unexplored, primar-
ily due to the scarcity of high-quality training datasets. As object
removal and addition are among the most fundamental tasks in
image editing, in this work, we begin to address the challenge of
constructing ODI editing dataset with a specific focus on the object-
level removal and addition tasks. Additionally, we propose two
scene-level ODI editing tasks that effectively leverage the existing
ODI dataset [52], contributing to the advancement of ODI editing.
3.2.1 Object-level Indoor Editing Pipeline. The primary challenge
in generating ODI editing datasets lies in creating editing image
pairs where only a partial set of objects is precisely added or re-
moved, while the other details of the image are retained. Due to
the rarity of ODIs in social media applications, it is not feasible
to directly collect editing image pairs through web crawling, as is
done with 2D editing datasets [13, 32]. Since constructing manu-
ally annotated datasets is impractically time-consuming, 2D image
editing datasets are often built by either applying 2D generation
methods [5] or utilizing existing 2D-related datasets. For instance,
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(d) Image Pair Generation
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Preliminary Instruction:
Remove the oven on my right.

(e) Instruction Generation

Describe the specific location of 
<oven> in this <viewport image>.

Beside the fridge.

(i) Location specification

Remove the oven on my right beside the fridege.

reorganize the instruction, keep the 
original meaning: <instruction>.

...

(ii) Instruction Rewrite

Please remove the oven on my right next to the fridge.

or

×Multi-round

Manually Filter

Manually Select

Figure 2: We present a simple yet effective pipeline for constructing high-quality object-level indoor omnidirectional image
editing dataset. Our pipeline is mainly consisted of two parts, i.e., image pair generation and instruction refinement. (a) The ODI
input undergoes viewport splitting to generate six perspective images. (b) Viewport image is processed through a segmentation
model for instance-level segmentation and class labeling, followed by dual-stage filtering for quality control. (c) A selected
instance is removed via inpainting [33]. (d) The edited viewport image is seamlessly stitched with other perspective images
to form edited ODI. (e) InternVL2-5 [9] is deployed to refine editing instructions, adding positional details and enhancing
linguistic diversity.

Inst-Inpaint [49] leverages existing dataset [19] to obtain scene
graphs within the image, which significantly simplifies the task.
However, due to the immaturity of current ODI generation methods
and limited sources of ODI-related datasets, we are forced to build
the omnidirectional image editing dataset from scratch. In response,
we develop a pipeline that can generate high-quality editing image
pairs and detailed editing instructions from a single, unconditioned
indoor ODI input, as illustrated in Fig. 2.

Compared to outdoor omnidirectional images, indoor ODIs are
often more diverse and contain easily segmentable objects. As an
initial attempt at omnidirectional image editing, we select Struc-
tured3D [52], a large-scale indoor ODI dataset, to generate object-
level removal/addition image pairs. Inspired by [49], we constructed
our editing image pairs through a pipeline that integrates segmen-
tation and inpainting models to generate precise edited image pairs.
However, unlike Inst-Inpaint, which relies on object categories pro-
vided by the scene graphs in the GQA dataset [19] for instance
segmentation, our task requires an algorithm capable of both de-
tecting instances and outputting corresponding instance categories.
To accomplish this, we choose GroundedSAM [28] due to its ability
to effectively detect and classify instances in a single pass. Directly
applying segmentation on the ERP formatted ODIs yields imprecise
results. Furthermore, given the richness of objects in indoor scenes,
we propose to generate editing pairs with predefined viewports.
Specifically, we first split the ODIs into six viewpoints: front, back,
left, right, top, and bottom. Then, segmentation is applied on each
individual viewport, as shown in Fig. 2(a).

We perform dual-stage post-processing after the segmentation
process to ensure data quality, as illustrated in Fig. 2(b). First, we
apply instance filtering to remove instances that are irrelevant for
our object-level editing purpose, such as “floor”, “cityscape”, and
“bedroom”. Since the inpainting operation is applied to each indi-
vidual viewport, instances that span across multiple viewports may
experience disruptions in scene consistency when inpainting is
applied to each viewport separately. To address this, we implement
an automatic instance filtering method, where instances with seg-
mentation masks located at the image edges are discarded. This

process effectively filters out approximately 60% of the segmenta-
tion results.

With the selected instance classes and corresponding segmenta-
tion masks, we adopt LAMA [33] to inpaint the instances, thereby
generating object-removal outputs, shown in Fig. 2(c)-(d). The out-
puts are manually selected to ensure image quality. Inspired by
[13, 49], object-addition pairs are generated by swapping the input
and output images. By executing multiple rounds of the pipeline on
the same perspective image and stitching together images edited
from various viewports, we further obtain a set of multi-object
editing image pairs.

Preliminary editing intructions are formed using the detected in-
stance class and the viewport information in the format as “Remove
the <instance class> on my <viewport>.” In certain editing cases,
the relative location of the object should be pointed out. To address
this, we input both the original image and segmented instance
class into Internvl2-5 [9], instructing it to generate relative position
descriptions, as shown in Fig. 2(e). With these relative position
descriptions, we create more detailed editing instructions: “Remove
the <instance class> on my <viewport> beside the <reference in-
stance>.” For multi-object editing, the instructions are formed as:
“Add the <instance class1> beside the <reference instance1> on my
my <viewport1> and <instance class2> on my <viewport2>.” To
ensure data diversity, we further utilize Internvl2-5 [9] to refine the
generated editing instructions, thereby creating a range of diverse
expressions that contribute to improving the model’s robustness.
The instruction generation process is carried out over multiple it-
erations, during which we manually select the most appropriate
instructions.

3.2.2 Scene-level ODI Editing. The ability to manipulate entire
scenes is a defining characteristic that enhances immersion and
interactivity in omnidirectional images within virtual reality ap-
plications. To this end, we introduce two novel scene-level indoor
editing tasks, namely light modify and indoor decoration, designed
to enable comprehensive editing of ODIs. We collect the image pairs
from Structured3D and standardize the tasks into the input-output
pair format, as detailed in the supplementary.
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Figure 3: Overview of proposed Omni2. Input prompt and Image are tokenized through text tokenizer and viewport tokenizer
seperately before feeding into a simple yet effective transformer for viewport image generation. During inference, the generated
viewports are seamlessly integrated to reconstruct a high-quality omnidirectional image.

4 Proposed Method
In this section, we introduce our unified model, Omni2, towards
unifying omnidirectional image generation and editing from vari-
ous condition inputs in free form using one model.

4.1 Overall Architecture
The overall Architecture of Omni2 is presented in Fig. 3, which
adopts a pretrained Transformer as the denoising network. The
model takes arbitrarily interleaved text and images in free form as
input conditions, which are then tokenized and fed into the Trans-
former for denoising, along with timestep tokens and viewport
noise. The last hidden state is then passed through a feature de-
coder to obtain the final viewport embeddings. During inference,
the viewport embeddings are subsequently fed into a VAE decoder
to generate viewport images, which are then stitched together to
form a seamless ODI output.

4.2 Model Design
4.2.1 Input Embedding. We propose generating separate viewports
instead of treating the entire ODI as a single entity, in order to
ensure viewport consistency and align with the capture process
of ODIs. To address this, the noise input is defined on a viewport
basis for the viewport-based diffusion process, as shown in Fig. 3.

Input image condition is also viewport tokenized to align with
the output. Given an ODI as an input image, we employ a viewport
tokenizer to convert the image into viewport-based tokens. Specifi-
cally, the input ODI is divided into six overlapping viewports, each
of which is then transformed into viewport-based latent represen-
tations using a frozen VAE encoder. These representations are then
flattened into a sequence of visual tokens with the patch size set to
2 following [25]. During training, the viewport noise is formulated
as:

𝑧𝑖𝑡 = 𝑡𝑧𝑖 + (1 − 𝑡)𝜖𝑖 (1)

where 𝑧𝑖 is the viewport-based latent representation of the ground
truth {𝑥𝑖 }6𝑖=1, 𝑡 is the diffusion timestep and 𝜖𝑖 ∼ N(0, 𝐼 ) is the
Gaussian noise. During the inference stage, each viewport noise is
formulated as a random sampled Gaussian noise, as shown in Fig.
3. The text prompt and timestep are also tokenized and fed into the
pretrained transformer to facilitate the denoising process.

4.2.2 Attention Mechanism for Viewport Consistency. In omnidi-
rectional image generation, maintaining viewport consistency is

especially crucial. Previous works often adopt diffusion model for
ODI generation, with external attention modules designed to en-
sure viewport consistency [34, 50]. However, these approaches
introduce additional training parameters and lack holistic control
across viewports, as viewports are generated seperately [34]. In con-
trast, we propose to leverage and modify the attention mechanism
within the Transformer architecture itself to achieve multi-view
consistency. Specifically, we adopt the Transformer from Phi-3 [1]
as the denoising network. We believe that viewports should be
treated equally during the generation process to maintain viewport
consistency. To this end, we propose a novel approach to apply
bidirectional attention mechanism within the viewport sequences
while maintain the causal attention machanism elsewhere. This
approach is not only simpler but also effectively preserves viewport
consistency. Furthermore, since viewports are generated using the
shared model, it allows for greater overall control over the image,
ensuring more coherent results across all generated views.
4.2.3 Omnidirectional Image Generation. The final hidden state
from the Transformer is passed into a feature decoder to map the
language space features into latent representations for each view-
port. We utilize the final layer from [25] to accomplish this process.
The VAE decoders then decode the generated viewport represen-
tations into predicted viewports, which are subsequently stitched
together to form a seamless omnidirectional image.

4.3 Training
4.3.1 LoRA-based Finetuning. 2D generation models possess ex-
cellent prior knowledge of image generation and strong text com-
prehension capabilities. Due to the limited scale of omnidirectional
images, we use the VAE from SDXL [26] and initialze the Trans-
former with pretrained weights from [44] to take advantage of the
excellent generation ability on 2D images. During training, only
the Transformer is finetuned using LoRA [17] to improve training
efficiency and retain generalization capability as much as possible.
4.3.2 Loss Function. Flow matching [22] is employed to train the
model. We extend the loss from single-view to multi-view. For each
training step, we randomly sample a timestep 𝑡 for all the viewport
images {𝑥𝑖 }𝑁𝑖=1. The loss function is defined as:

L = E[
𝑁∑︁
𝑖=1

| | (𝑧𝑖 − 𝜖𝑖 ) − 𝑣𝜃 (𝑧𝑖𝑡 , 𝑡, 𝑐) | |2] (2)
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(a) "A 360 view of a park with a red 

building, surrounded by trees and a 

clear blue sky."

(b) "A 360 view of a hot air balloon 

soaring over a breathtaking 

mountainous." 

(d) "A 360 view of a modern 

convenience store with a variety of 

products and a red Coca-Cola 

vending machine." 

(e) "A 360 view of a spacious, brick-

walled church interior with arched 

ceilings, stained glass windows, and a 

central altar." 

(c) “A 360 view of a snowy campus 

at night, featuring illuminated 

buildings and trees." 

Figure 4: Text to ODI comparison between Text2Light [8], MVDiffusion [34], PanFusion [50] and ours.We highlight the left-right
inconsistency, repeating objects in different views and top-bottom blurriness/missing with corresponding color boxes. Objects
that are missing in some baselines but present in our method are bolded and highlghted in red in the prompts.
Table 2: Comparison with state-of-the-art methods on text
to omnidirectional image task. *Since MVDiffusion cannot
generate full-FOV ODIs, we evaluate its performance here
for reference purposes.
Methods FAED↓ FID↓ IS↑ CS↑ Inference Time(s)↓
Text2Light [8] 2.70 91.05 4.90 0.7007 135.36
MVDiffusion* [34] 3.06 92.59 6.64 0.5367 252.08
PanFusion [50] 2.54 80.66 7.36 0.8463 67.83
SD+LoRA [29] 2.30 57.97 7.41 0.8540 31.25
Omni2 (Ours) 2.25 47.32 7.62 0.8887 22.55

Table 3: User study of text to ODIs.
Methods Image Quality↑ Image-Text Consistency↑ Omni-Scene Consistency↑
Text2Light [8] 2.17 2.28 2.78
PanFusion [50] 3.33 3.94 4.44
Omni2 (Ours) 4.06 4.72 4.83

where 𝑧𝑖 = {E(𝑥𝑖 )}𝑁𝑖=1 represents the latent embeddings of the 𝑖-th
viewport image, 𝜖𝑖 ∼ N(0, 1)}𝑁

𝑖=1 is the Gaussian noise, 𝑧𝑖𝑡 is the
noised latent for the 𝑖-th viewport as defined in Eq. 1, and 𝑐 denotes
the embeded condition.

For tasks like light modify and object-level editing, different
regions should be adjusted with varying intensities. Specifically, for
light modify, distinct areas require different levels of adjustment,
while in object-level editing, only a small portion of the regions
needs to be modified, thus we make slight modifications to the loss
function for these tasks to enable the model to learn the appropriate
intensities and to prevent it from simply copying the input image as
the output, as discussed in [44]. This was achieved by introducing
a weighted loss, where regions that differ significantly from the
input image are assigned higher weights. However, although the
decoration task belongs to editing, since the change is made to the
overall image, applying weighted loss leads to unsatisfatory results.
Therefore, we use the original loss for the decoration task.

5 Experiment
5.1 Implementation Details

5.1.1 Training Settings. We train theOmni2model on ourAny2Omni
dataset using an all in one training strategy, i.e., all nine tasks,
including both generation and editing, are trained simultaneously.
The image resolution is set to 512×1024 and the viewport FoV is set
to 110◦ with resolution of 256 × 256. The total number of training
step is 10k. The training is performed using the AdamW optimizer
with a batch size of 16 and a learning rate of 1𝑒−3, utilizing 2 A6000
GPUs.
5.1.2 Inference Settings. The sampling steps 𝑇 is set to 50. The
guidance scale and image guidance scale are adjusted according to
the specific tasks. More implementation details are provided in the
supplementary material.
5.2 Text to Image
5.2.1 Qualitative Results. We compare the text2ODI performance
of proposed Omni2 with other 3 models trained on their respec-
tive datasets. The qualitative comparison results are presented in
Fig. 4. Images generated by MVDiffusion [34] are paded gray in
the top and bottom since MVDiffusion can only generate images
with 90◦ vertical FoV. The images are rotated by 90◦ to better vi-
sualize left-right consistency. As can be observed, ODIs generated
by Text2Light [8] exhibit poor left-right consistency and fail to
capture detailed object specified in the text prompt, such as the
missing “red building” in (a) and the “hot air balloon” in (b). De-
spite the top-bottom view missing problem, MVDiffusion tends
to generate repeating objects across different viewports since the
ODIs are stitched from 8 viewports generated by SD [29] blocks,
seperately, resulting in a loss of overall image coherence. ODIs
generated by PanFusion [50] suffer from top-bottom blurriness and
also exhibit insensitivity to specific details in the text prompt, e.g.,
missing illuminated buildings in (c). In contrast, our model is capa-
ble of generating ODIs with clear 360◦ ×180◦ FoV, while preserving
fine details from the text prompt, demonstrating superior text2ODI
performance for both indoor and outdoor ODI generation.
5.2.2 Quantitative Results. Table 2 presents the quantitative results
of text2ODI task. We also LoRA-finetuned Stable Diffusion [29] to



Omni2 : Unifying Omnidirectional Image Generation and Editing in an Omni Model MM ’25, October 27–31, 2025, Dublin, Ireland

Masked Input SIG-SS OmniDreamer PanoDiffPanoDiffusion Omni2 (Ours) Ground Truth

Figure 5: Outpainting comparison between SIG-SS [14], OmniDreamer [2], PanoDiffusion [41], PanoDiff [37], and ours.

Masked Input PanoDiff Omni2 (Ours)

(a) “A 360 view of a beautifully landscaped garden featuring a central brick pathway surrounded by 
lush greenery and vibrant flowers. The garden is adorned with wooden arches and benches, Tall trees 
and a clear blue sky with scattered clouds frame the scene.”

(b) “A 360 view of a beautiful under water scenario.”
Figure 6: Text-instructed outpainting comparison between
PanoDiff [37] and ours.

Table 4: Comparison with state-of-the-art methods on out-
painting task.

Task Image Input Text-Image Input
Methods FAED↓ FID↓ IS↑ FAED↓ FID↓ IS↑ CS↑
SIG-SS [14] 1.08 66.67 5.04 N/A N/A N/A N/A
OmniDreamer [2] 1.83 73.80 5.15 N/A N/A N/A N/A
PanoDiffusion [41] 1.54 127.30 4.19 N/A N/A N/A N/A
PanoDiff [37] 2.21 61.03 6.30 1.22 45.54 6.78 0.8535
Omni2 (Ours) 1.00 44.13 6.86 0.99 37.40 6.93 0.8620

provide more comparative data. We use Fréchet Auto-Encoder Dis-
tance (FAED) [24], Fréchet Inception Distance (FID) [16], Inception
Score (IS) [30] and Clip Score (CS) [15] to compare the quality of
ODIs generated by Omni2 with that by other methods. We also
report inference time on a single A6000 for efficiency comparison.
It can be observed that our model outperforms others in terms of
all the evaluation metrics. Moreover, our method has a substantial
advantage in inference time due to the attention mechanism using
kv-cache.

5.2.3 User Study. To better quantitize the performance of different
methods, we collect 108 text prompts and recruit 20 volunteers to
rate the generated ODIs from three perspectives: image quality,
image-text consistency and omni-scene consistency. Experimental
results presented in Table 3 show that our proposed Omni2 exhibits
an overall superior performance, demonstrating its strong capability
of ODI generation.
5.3 Multi-modal to Image
We compare the performance of our model with the state-of-the-art
methods on the ODI outpainting task. For image-based outpaint-
ing, we report FID and IS scores for comparison. For text-guided
outpainting, we add the CS metric to evaluate the correspondence
between image and text. The results are presented in Table 4. Our
model achieves state-of-the-art performance on ODI outpainting
tasks, both with and without text prompts.

The qualitative results of image conditioned outpainting are
presented in Fig. 5. We only provide the outpainting results from
center viewport here, outpainting results from diverse input masks
are presented in the supplementary. It should be noted that since
we do not know the specific data split for these models, images
in our test set could be in their training set. As can be seen in
the figure, outpainting results generated by SIG-SS [14] and Om-
niDreamer [2] suffer from noticeable boundary inconsistencies,
while PanoDiffusion [41] tends to produce images with evident arti-
facts. Although PanoDiff [37] demonstrates relatively better visual
quality in terms of boundary consistency, the outpainting content
appears less semantically reasonable. In contrast, our model sig-
nificantly outperforms these baselines by generating semantically
meaningful and visually coherent images with superior boundary
consistency and enhanced overall visual fidelity.

We also compare the performance of proposed Omni2 with Pan-
oDiff on text-guided ODI outpainting, qualitative results are shown
in Fig. 6. PanoDiff struggles to generate semantically plausible re-
sults, e.g. , grass in the sky in Fig. 6 (a). In addition, artifacts and
meaningless objects appear in the generated ODIs. In contrast, our
proposed Omni2 is able to generate meaningful content that is
consistent with the text prompt.

Due to the limited number of dedicated methods for ODI inpaint-
ing, semantic2image, and depth2image, the qualitative results of
these tasks are presented in the supplementary material.
5.4 Omnidirectional Image Editing
Since there is no existing ODI editing method, we compare our
method with existing 2D image editing methods in two aspects:
directly applying existing editing methods on ODI, and editing the
designated viewport separately after viewport splitting.

We first compare our method with directly applying 2D editing
on ODIs. The results are shown in Fig. 7. As illustrated, HQ-Edit
[20] generates images that are completely unrelated to the source
image, while InstructPix2Pix [5] fails to understand the instructions
and produces incorrect images, such as the wall being mistakenly
painted yellow in Fig. 7(b). Although MagicBrush [51] seems to
partially understand some of the editing instructions and makes
adjustments to the source image, it struggles with understanding
the direction of the edits, which is critical for immersive VR editing.
Furthermore, all these methods fail to truly understand the object
within the image, as can be clearly seen in fig. 7(a), possibly due to
the fact that 2D editing models are not trained to understand the
warped ERP format.

We also compare our method with applying 2D editing method
on designated views. The results for the edited viewport are pre-
sented in Fig. 8. We split the view such that the targeted object is
centered in the viewport image. As can be observed, both Instruct-
Pix2Pix and HQ-Edit fail to comprehend the instructions while
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Source Image InstructPix2Pix HQ-EditMagicBrush

(a) “Remove the chair on my back.”

Omni2 (Ours)

(b) “Add a yellow bookshelf on my left.”

Figure 7: Visual comparison of directly applying existing 2D editing methods [5, 20, 51] on ODIs versus our method.
Source Image InstructPix2Pix HQ-EditMagicBrush

(a) “Remove the plant on the refrigerator.”

Omni2 (Ours)

(b) “Add a sofa on my front.”

Figure 8: Visual comparison of directly applying existing
2D editing methods [5, 20, 51] on designated views of ODIs
versus our method. Only the designated view is presented.

MagicBrush introduces noticeable artifacts, as highlighted in the
yellow box. Additionally, the added object lacks the level of detail
produced by our method. More importantly, this split-and-edit ap-
proach is not applicable to real-world scenarios, as it overlooks
the global coherence of the entire 360° image and the complex
interactions between different regions of the scene.

The experimental results clearly demonstrate the ineffectiveness
of applying 2D editing methods on ODIs, which underscores the
importance of developing methods tailored to the unique demands
of omnidirectional image editing.

5.5 Ablation Study
In this section, we conduct ablation studies to validate the utility
of the core modules in Omni2.

5.5.1 Bidirectional Attention Mechanism. We adopt bidirectional
attentionwithin the viewport sequence tomaintain viewport consis-
tency. Fig. 9-Top shows the text2image result with causal attention.
As can be seen, great distortion occurs, and there are clear boundries
for overlapping viewports. The result demonstrate the effectiveness
of the proposed viewport-based bidirectional attention.

5.5.2 Loss Function. Wemodify the loss function so that the model
learns to modify dedicated regions within the input image while
keeping other parts unchanged. For the decoration task, we use
the origin loss for better results. Ablation studies are conducted to
demonstrate the effectiveness of the modified loss function, with
results presented in Fig. 9-Middle and -Bottom. For object-level
image editing, themodel tends to simply copying the input as output
without weighted loss. For the decoration task, since modifications
are made on the whole image, applying weighted loss leads to heavy
distortion in generated image.
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Well decorate this room. (e) Weighted Loss (f) Normal Loss
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A 360 view of a park 
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Figure 9: Visual results of ablation studies. Top: ablation on
viewport-based bidirectional attention; Middle: ablation on
weighed loss for object-level editing tasks; Bottom: ablation
on normal loss for decoration task.
Table 5: Ablation study on LoRA rank, with T2I performance
results reported.

LoRA rank 𝑟 FID↓ IS↑ CS↑
8 48.68 6.96 0.8873
32 47.63 7.34 0.8853

16 (Ours) 47.32 7.62 0.8887

5.5.3 LoRA Rank. The LoRA rank 𝑟 is set to 16 in the paper, we also
compare the influence of different rank and report the quantitative
results of text2image task in Table 5. As shown in the table, using
𝑟 = 16 generally performs better than using 𝑟 = 8 and 𝑟 = 32, which
further validates the effect of LoRA finetuning.

6 Conclusion
In this paper, we aim to unify omnidirectional image generation
and editing tasks. Specifically, we first construct Any2Omni, the
first comprehensive dataset containing 60,000+ data encompass-
ing various ODI generation and editing tasks. Any2Omni contains
the first comprehensive multi-task ODI generation subset with
diverse input conditions and the first ODI editing subset featur-
ing both object-level and scene-level editing tasks. Based on the
dataset, we propose Omni2, an omni model for omnidirectional
image generation and editing via a Transformer architecture with
viewport-based bidirectional attention mechanism, which is able
to process multi-modal input conditions and generate high-quality
ODIs across various tasks. Extensive experiments demonstrate that
our proposed model achieves state-of-the-art performance on var-
ious ODI generation tasks and exhibits strong potential for ODI
editing tasks.
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