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Abstract

A 360-degree (omni-directional) image provides an all-
encompassing spherical view of a scene. Recently, there has
been an increasing interest in synthesising 360-degree im-
ages from conventional narrow field of view (NFoV) im-
ages captured by digital cameras and smartphones, for pro-
viding immersive experiences in various scenarios such as
virtual reality. Yet, existing methods typically fall short in
synthesizing intricate visual details or ensure the generated
images align consistently with user-provided prompts. In this
study, autoregressive omni-aware generative network (AOG-
Net) is proposed for 360-degree image generation by out-
painting an incomplete 360-degree image progressively with
NFoV and text guidances joinly or individually. This autore-
gressive scheme not only allows for deriving finer-grained
and text-consistent patterns by dynamically generating and
adjusting the process but also offers users greater flexibil-
ity to edit their conditions throughout the generation process.
A global-local conditioning mechanism is devised to com-
prehensively formulate the outpainting guidance in each au-
toregressive step. Text guidances, omni-visual cues, NFoV
inputs and omni-geometry are encoded and further formu-
lated with cross-attention based transformers into a global
stream and a local stream into a conditioned generative back-
bone model. As AOG-Net is compatible to leverage large-
scale models for the conditional encoder and the genera-
tive prior, it enables the generation to use extensive open-
vocabulary text guidances. Comprehensive experiments on
two commonly used 360-degree image datasets for both in-
door and outdoor settings demonstrate the state-of-the-art
performance of our proposed method. Our code is available
at https://github.com/zhuqiangLu/AOG-NET-360.

Introduction
A 360-degree (omni-directional) image offers a comprehen-
sive spherical view of a scene and provides users the free-
dom to explore any direction from a singular view point.
They have revolutionized the way that users consume, inter-
act with, and produce visual content. Yet, the exclusive re-
liance on specialized cameras to capture these images poses
significant challenges for their widespread adoption, limit-
ing the scalability and accessibility of creating immersive
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Figure 1: Examples of 360-degree image generation, show-
casing the limitation of existing methods compared to ours.
The top part above the dashed line depicts an NFoV-guided
example and the bottom part below the dashed line is for
a text-guided example. (a) Input condition. (b) Ours (AOG-
Net). (c) Top - OmniDreamer (Akimoto, Matsuo, and Aoki
2022) and Bottom - Text2Light(Chen, Wang, and Liu 2022).

content for broader audiences. In contrast, given the vast
quantity of Narrow Field of View (NFoV) images captured
daily via mobile phones and digital cameras, there has been
a growing interest in transforming these conventional im-
ages into 360-degree panoramic visuals. By converting these
NFoV images, extensive visual databases can be leveraged
and enable more immersive experiences for the applications
in Virtual Reality and Augmented Reality across various do-
mains such as tourism, entertainment and education.

In recent years, deep learning methods have been explored
to generate photo-realistic 360-degree images. For instance,
OmniDreamer (Akimoto, Matsuo, and Aoki 2022) formu-
lates a 360-degree image generation pipeline with a VQ-
GAN (Esser, Rombach, and Ommer 2021) by treating NFoV
images as incomplete 360-degree images. Conditioned on
text guidances, Text2Light (Chen, Wang, and Liu 2022) in-
troduces two VQGANs for a global-to-local modelling strat-
egy in pursuit of generating high-resolution 360-degree im-
ages. ImmerseGAN (Dastjerdi et al. 2022) applies domain
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adaptation methods on pretrained GANs, which can be con-
ditioned on both NFoV images and text guidances. While
these methods show encouraging performance, the chal-
lenge remains regarding the usage of given NFoV images
and user-provided open vocabulary text guidances individ-
ually or jointly for enhanced control in 360-degree image
generation. Specifically, the existing methods typically fall
short in synthesizing intricate visual details as shown in the
top part of Fig. 1, where the details are vague or missing with
OmniDreamer compared to our approach, which are high-
lighted in the red bounding boxes. Moreover, the generated
images and user-provided text guidances tend to be incon-
sistent, especially under an open-vocabulary setting, as de-
picted in the bottom part of Fig. 1 by comparing Text2Light
and our solution.

In this study, we propose a novel autoregressive omni-
aware generative network (AOG-Net) for generating 360-
degree images conditioned on open vocabulary text guid-
ances and given NFoV images jointly or individually.
Overall, the generation is formulated as an autoregressive
stochastic process to outpaint an incomplete 360-degree im-
age progressively, in which each step outpaints a local re-
gion under its corresponding NFoV view. This autoregres-
sive scheme not only allows for deriving finer-grained and
prompt-consistent patterns by dynamically observing and
adjusting the generation process but also offers users greater
flexibility to modify or introduce new conditions through-
out the generation process. Furthermore, a global-local con-
ditioning mechanism is devised to comprehensively formu-
late the outpainting guidance for each autoregression step.
Text prompts, omni-visual cues, NFoV inputs and omni-
geometry are encoded and further formulated with cross-
attention based transformers into a global stream and a lo-
cal stream for a conditioned generative backbone model.
This study further explores the potential to leverage large-
scale models for the conditional encoder and the genera-
tive prior, which helps complete the generation using open-
vocabulary prompts. Comprehensive experiments on two
commonly used 360-degree image datasets for both indoor
and outdoor settings demonstrate the state-of-the-art perfor-
mance of our proposed method.

In summary, the key contributions of this study are:
• A novel autoregressive outpainting approach is proposed

to produce photo-realistic 360-degree images by dynami-
cally adjusting the generation process for improved finer-
grained details and prompt-consistency.

• A global-local conditioning mechanism is devised to
formulate the guidance encompassing open-vocab text
guidances, omni-visual cues, NFoV inputs and omni-
geometry with cross-attention based transformers.

• Comprehensive experiments were conducted on two
commonly used benchmarks, demonstrating the state-of-
the-art performance of AOG-Net in both indoor and out-
door settings with as few as 40 training samples.

Related Work
We first review the studies in both the field of 360-degree
image generation and the field of image outpainting which

are relevant to our study. As our work takes image and text
guidances as conditions, we further review the related stud-
ies on conditional image generation.

360-Degree Image Generation
Unlike general NFoV images, 360-degree image generation
requires to take the omni-directional continuity into account.
Early studies, for example, (Sengupta et al. 2019) estimates
a coarse 360-degree image from an NFoV image with in-
verse rendering technique, which ignores such geometrical
continuity and generates 360-degree images lack of fine de-
tails. To address this, 360IC (Akimoto et al. 2019) and SIG-
SS (Hara, Mukuta, and Harada 2021) were proposed to im-
prove geometrical continuity by taking the intrinsic horizon-
tal cyclicity into consideration and encoding it as positional
conditions to connect the two ends of 360-degree images in
equirectangular representations. EnvMapNet (Somanath and
Kurz 2021) improves visual quality of the outpainted 360-
degree images by introducing a projection loss and a cluster-
ing loss for accurate lighting and shadowing. OmniDreamer
(Akimoto, Matsuo, and Aoki 2022) was further developed
by leveraging the Taming-Transformer (Esser, Rombach,
and Ommer 2021), where a circular inference scheme was
introduced to fit the intrinsic horizontal cyclicity for 360-
degree image synthesis, conditioned on provided NFoV im-
ages, yielding diverse and photo-realistic results. However,
OmniDreamer is limited to a single condition where only
an initial NFoV image is accepted, while the controllabil-
ity of the overall synthesis process is limited. ImmenseGAN
(Dastjerdi et al. 2022) aims for finer controllability over the
outpainting by introducing a text guidances to fine-tune a
generative model with a large-scale private text-image pair
dataset. Due to the lack of public text-image paired dataset,
Text2Light (Chen, Wang, and Liu 2022) introduces a zero-
shot text-guided 360-degree image synthesis pipeline with-
out using initial NFoV images, in which a pre-trained CLIP
model is adopted (Radford et al. 2021).

However, the existing methods typically fall short in syn-
thesizing intricate visual details and inconsistencies can
be observed between generated images and user-provided
text guidances, especially under an open-vocabulary setting,
which demands further mechanisms to address these issues.

Image Outpainting
Image outpainting, a fundamental task in computer vision,
focuses on expanding the unknown regions outside the pri-
mary known content. Unlike inpainting, outpainting may not
be able to leverage information from pixels adjacent to the
unknown area (Sabini and Rusak 2018; Hoorick 2020; Wang
et al. 2019), as seen in inpainting methods. In (Wang et al.
2019), the semantic information of incomplete images was
utilized to guide a GAN for outpainting. In (Yao et al. 2022),
a query-based outpainting method was proposed, where an
image is divided into small patches and the patches with un-
known pixels are completed by taking the conditions from
both distant and neighbour patches into account. In an iter-
ative manner, (Gardias, Arthur, and Sun 2020) extends one
side of the a regular image for outpainting step by step, using
the context of the past generation as guidance. (Lu, Chang,
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Figure 2: Illustration of the proposed AOG-Net architecture.

and Chiu 2021) delves into the idea of synthesizing un-
known regions by exploiting the correlations between distant
image patches to establish the global semantics of known
pixels. Similarly, in (Esser, Rombach, and Ommer 2021;
Chang et al. 2022), image outpainting methods were studied
with transformers (Vaswani et al. 2017), which predict the
most probable pixel value recursively. However, these con-
ventional outpainting methods do not account for the unique
omni-directional continuity inherent to 360-degree images,
often leading to discontinuities and artifacts.

Conditional Image Generation
Conditional image generation refers to the synthesis of im-
ages based on specific conditions, such as text prompts
(Rombach et al. 2022; Kang et al. 2023), semantic maps
(Esser, Rombach, and Ommer 2021; Chang et al. 2022) and
audio cues (Yariv et al. 2023). For instance, (Isola et al.
2017) achieves conditional image generation using a con-
ditional GAN (Mirza and Osindero 2014) to formulate the
joint probability of images and conditions. (Chen et al. 2020;
Esser, Rombach, and Ommer 2021) treat an image as a se-
quence of pixels and therefore generate pixels in an iterative
manner. Building on the success of diffusion methods in im-
age generation (Ho, Jain, and Abbeel 2020; Song, Meng,
and Ermon 2021), various conditional diffusion models have
been investigated. For example, (Dhariwal and Nichol 2021)
introduces an auxiliary classifier to guide the generation of
images within a specific category. (Ho and Salimans 2022)
presents a unified framework for conditional generation us-
ing diffusion models, introducing a mechanism to control
the correlation between the generated image and its in-
put guidance. However, alignment of these conditions with
omni-directional geometry is not trivial and further omni-
aware alignment strategy is required.

Methodology
As shown in Fig. 2, our proposed AOG-Net for 360-degree
image generation follows an autoregressive manner by out-
painting a local region progressively. In each step, a global-
local conditioning mechanism is introduced to formulate
text, omni-visual, NFoV and omni-geometry guidances with

cross-attention based transformers into a global stream and a
local stream. Such conditions are further adopted a backbone
generative prior for the outpainting. The details of these
components are discussed in this section.

360-Degree Images & Problem Formulation

Given a 360-degree image, denoted as I, there are three typi-
cal representations as shown in Fig. 3 (a) - (c). Each of them
can be transformed into the others. Specifically, we have:

• Spherical representation I(ω, ϕ), where ω from −180◦

to 180◦ denotes the longitude and ϕ indicates the lati-
tude from −90◦ to 90◦ of a pixel. In practice, cos and sin
transforms are adopted for ω and ϕ, respectively, regard-
ing the periodical property for traversal within an image.

• Cubemap projection treats I as a set of general 2D im-
ages, which are the faces of a cubic. In detail, we have
I = {iF , iL, iB , iR, iU , iD}, where each image i ∈
RC×Hi×Wi can be viewed as a general NFoV image,
where Hi and Wi denote the height and the width of a
face, respectively, and C is the number of channels.

• Equirectangular projection maps I to a general image in
RC×HI×WI , where HI and WI indicate height and width,
respectively. Compared to cubemap projection, equirect-
angualr maps the entire spherical 360-degree image into
a single rectangular grid, characterized by its noticeable
pixel distortation around the top and bottom regions.

As spherical representation inherently conforms to the 360-
degree geometry coordinates, we project these geometry
information to the cubemap form as shown in Fig. 3 (d)
- (e). We denote such geometry information as Γ =
{γF , γL, γB , γR, γU , γD}, where γ· ∈ R2×Hi×Wi contains
the geometry information of a cubic face.

Given an NFoV image X ∈ RC×HX×WX , such as a 2D
image taken by smartphones, where HX and WX are its
height and width, respectively; and a text guidance with its
embedding T ∈ RCT×L, where CT is the dimension of tex-
tual feature and L is the length of text guidance, our method
aims to synthesize a 360-degree image Î by given X and T.
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Figure 3: Different representations of a 360-degree image.
(a) Equirectangular projection. (b) Spherical representation.
(c) Cubemap projection. (d) A spherical representation with
geometry coordinates. (e) Geometry projection on cubemap.

Autoregressive Omni-Traversal for Outpainting
The autoregressive process outpaints the given NFoV image
X progressively to a complete 360-degree image Î under the
guidance of the text T. Specifically, each step completes a
local NFoV view, which is extracted from the incomplete
360-degree image with an unknown region that is neigh-
bouring to a known region.
Local View Projection & Backprojection. To leverage
a wide range of NFoV domain knowledge such as the
weights from large-scale pretrained weights on NFoV im-
age datasets, we correspondingly retrieve a local view from
a 360-degree image I centred at the location ω and ϕ as a
forward projection. In detail, we project the local view in I
to an NFoV image X via a gnomonic projection, denoted
as X = O(I, ωX, ϕX), where ωX and ϕX are the centroid
longitude and latitude of the local view. Similarly, we have
a backprojection - an inverse gnomonic projection maps the
pixels in X back to I partially within the scope of the cor-
responding NFoV view, denoted as Ĩ = O−1(X, ωX, ϕX).
Note that the pixel value out of the scope of X in Ĩ is defined
as −inf . Furthermore, we define an operator ⊕ for two 360-
degree inputs: Iα and Iβ as:

Iα ⊕ Iβ(ω, ϕ) =

{
Iα(ω, ϕ) if Iα(ω, ϕ) ̸= −inf,
Iβ(ω, ϕ) otherwise,

(1)
which is used for attaching a newly generated partial 360-
degree image to the current incomplete image.
Single-Step Outpainting. In a single-step outpainting,
without loss of generality, for the kth step, an incomplete
NFoV image X̄k = O(Īk, ωX̄k

, ϕX̄k
) is retrieved from an

incomplete 360-degree image Īk. Particularly, we denote a
conditioned outpainting model FΘ, where Θ are learn-able
parameters. FΘ estimates the unknown pixels in X̄k, where
the outpainted results is denoted as X̂k = FΘ(X̄k, Īk,T).
The estimation X̂k is then backprojected to 360-degree view
and a 360-degree outpainted estimation can be obtained as
Îk = O−1(X̂k, ωX̂k

, ϕX̂k
)⊕ Īk. Note that ωX̂k

= ωX̄k
and

ϕX̂k
= ϕX̄k

as X̂k retains its omni-geometry location. More

details about FΘ can be found in the subsequent discussions.
Generally, Ī1 = O−1(X, ωX, ϕX) is initialized with the

input NFoV image X. To optimize FΘ, the known pixels
in X̄k and Īk can be extracted from the ground truth I; we
denote Xk and Ik as the ground truth for the kth step. For
inference, the known pixels in X̄k and Īk can be based on
the accumulated estimations X̂k−1 and Îk−1, respectively.
Autoregressive Outpainting. Following an autoregressive
stochastic process, a 360-degree image can be produced pro-
gressively:

p(I|T) =
∏
k

p(Ik|I<k,T), (2)

where I<k indicates I1,..., Ik−1, which are incomplete 360-
degree images. As our proposed method mainly outpaints a
small portion of unknown pixel in an incomplete 360-degree
image, Eq. (2) can be written with the Markov property:

p(I|T) =
∏
k

p(Ik|Īk,T) =
∏
k

p(Xk| Īk,T). (3)

In line with the single-step outpainting, FΘ is used to com-
pute the conditioned probability terms as:

p(I|T) ≈
∏
k

FΘ(X̄k, Īk,T). (4)

To this end, an autoregressive stochastic process has been
formulated for 360-degree image generation. Note that we
use an incremental pathway to identify X̄k that prioritizes
the generation process along the longitude direction.

Global-Local Conditioning by Omni-Aware
Open-Vocabulary Guidance
AOG-Net incorporates multiple conditions to ensure its
alignment to user text guidances and known NFoV views
regarding the omni-geometry. Specifically, in each autogres-
sive step, a global-local conditioning mechanism is devised
to thoroughly capture the following conditions:
• Text guidance ctext: a text encoder Etext encodes user text

description T, which is based on the CLIP pre-trained
textual model and enables an open-vocabulary paradigm
to align the text features within a latent space shared with
visual patterns. Note that this text guidance remains con-
stant for each autoregressive step k and acts as a global
context. However, it can be modified according to user
preferences to adjust during the generation process.

• Omni-visual guidance c360,k: a visual encoder E360,
which leverages the CLIP pre-trained visual model,
transforms a 360-degree image into the latent space that
is shared with ctext. Specifically, we encode each face in
the cubemap representation of Īk and denote the results
as c360,k = {cF,k, cL,k, cB,k, cR,k, cU,k, cD,k}.

• NFoV guidance cNFoV,k: a visual encoder ENFoV encodes
the incomplete NFoV image X̄k jointly with the 360-
degree image Īk in its cubemap form aiming for a omni-
visual local latent representation.

• Omni-geometry guidance cgeometry,k: an omni-geometry
encoder Egeometry formulates the geometry γ̄k of an in-
completed local NFoV image X̄k, jointly with Γ, to in-
troduce the omni-geometry information for outpainting.
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Global-Local Conditioning. This module aligns the de-
rived conditions for 360-degree outpainting through both a
global and a local stream, leveraging cross-attention mecha-
nisms. Globally, the incomplete 360-degree visual guidance
c360,k is cross-referenced with the text guidance ctext to guar-
antee alignment between the content that already presents
in c360,k and the content awaiting generation. Intuitively, we
adopt a cross-attention based transformer for this purpose by
treating the query as visual conditions c360,k, while the value
and key are as text conditions ctext. We denote the results as
a global condition cglobal,k.

Likewise, the local stream incorporates the NFoV guid-
ance and the omni-geometry guidance using a transformer
grounded in cross-attention. This integration facilitates the
local fine-grained details during the generation process.
Specifically, the query adopts the NFoV condition cNFoV,k

supplemented by cgeometry,k, while the value and the key are
with the 360-degree visual guidance c360,k supplemented by
cgeometry,k. The resultant local condition is denoted as clocal,k.

Omni-Aware Diffusion for Outpainting
Leveraging the recent success of the diffusion approach for
NFoV content generation, in each autoregressive step, FΘ

employs a stable diffusion backbone (Rombach et al. 2022),
incorporating the conditions cglobal,k and clocal,k. For the kth

atuoregressive step, in a diffusion, we further denote t as the
diffusion temporal index and ϵΘ(zt, t) as the predicted noise
introduced in the tth step, where ϵΘ is a U-Net. To optimize
ϵΘ, we minimize the following loss function:

L := Eϵt∼N (0,1),t

[
∥ϵt − ϵθ (zt, t, τΘ(cglobal,k, clocal,k))∥22

]
,

(5)
where τΘ maps the conditions to guide the denoising pro-
cess in the latent space via a cross-attention mechanism
(Vaswani et al. 2017).

Experiments & Discussions
Datasets
360-Degree Images. Following the existing studies (Aki-
moto, Matsuo, and Aoki 2022; Somanath and Kurz 2021),
we evaluate our proposed method with the LAVAL indoor
HDR dataset (Gardner et al. 2017) for the 360-degree in-
door image generation setting, which contains 2,233 360-
degree images for extensive indoor scenes with a resolution
of 7, 768 × 3, 884. For a fair comparison, we used the offi-
cial training and testing split in our experiments, in which
we have 1,921 training samples and 312 testing samples.

For the outdoor setting, we utilize the LAVAL outdoor
HDR dataset (Zhang and Lalonde 2017), which contains 210
360-degree images with a resolution of 7, 768 × 3, 884. In
this setting, we randomly sample 170 images as the training
split and 40 images for testing purpose. In the training of
both settings, the resolution of 360-degree image is down-
sampled to 4, 096× 2048 for computation efficiency.
Text Captioning. As the lack of text captions in both
datasets, we adopted a large-scale captioning model BLIP2
(Li et al. 2023) to generate captions for 360-degree im-
ages. We first caption an image in its equirectangular form

to obtain an overall text guidance with an average of 5-6
words. Next, we caption the horizontal faces individually of
its cubemap to obtain additional text guidances.
Data Augmentation. To increase the diversity of the 360-
degree images generated, we augmented the training 360-
degree image samples by adopting random clockwise rota-
tion based on the intrinsic horizontal cyclicity. To improve
the diversity of text guidance, besides randomly swapping
words with TextAttack (Morris et al. 2020), we randomly
combines the overall text guidance and one randomly se-
lected text guidance associated with a face of the cubemap
during training.

Implementation Details
Pre-Trained Models & Network Architecture. In our ex-
periment, we adopted the pretrained Stable Diffusion gen-
erative prior for each autoregressive generation step. In ad-
dition, We utilized the visual encoder and the text encoder
of OpenCLIP (Cherti et al. 2023) for E360 and Etext, respec-
tively. We utilized T2I-Adapter (Mou et al. 2023) as the
architecture for NFoV guidance encoder ENFoV and omni-
geometry guidance encoder Egeometry. In both local stream
and global stream, we utilized a 16-layer cross-attion base
transformer to compute clocal,k and cglobal,k respectively.
Training and Inference. AOG-Net was trained using an
AdamW optimizer (Loshchilov and Hutter 2019) with β1 =
0.9 and β2 = 0.999. It was trained for 240 epochs, with
learning rate 1 × 10−4 and batch size 1. For inference, we
leveraged DPM-Solver++ (Lu et al. 2023) as sampler with a
step set to 25 and classifier-free-guidance (Ho and Salimans
2022) scale set to 2.5. All experiments were conducted on
an Nvidia RTX 3090.

Comparison with State of the Art
Baselines. Our method is compared with the recent state-
of-the-art 360-degree image outpainting methods from three
perspectives. 1) NFoV image guided generation methods
without text guidance: ImmerseGAN (Dastjerdi et al. 2022),
OmniDreamer(Akimoto, Matsuo, and Aoki 2022) and En-
vMapNet (Somanath and Kurz 2021). For a fair comparison,
the text guidance in our method is set as a blank prompt.
2) Text-guided generation method without NFoV guidance
- Text2Light (Chen, Wang, and Liu 2022). In this case, we
generated our initial input NFoV image using Stable Diffu-
sion Outpainting model for our method. 3) NFoV image and
text guided generation method (Dastjerdi et al. 2022).
Evalution Metrics. To quantitatively evaluate our AOG-
Net, we adopted LPIPS (Zhang et al. 2018) and Fréchet In-
ception Distance (FID) (Heusel et al. 2017) as the evaluation
metrics to measure the similarity of latent representations
between the generated 360-degree images and the ground
truth. To evaluate the semantic consistency (SC) between the
generated 360-degree image and the input text guidance, we
compared the similarity between input text guidance and the
captioning texts obtained from the generated image. Specif-
ically, we leveraged a large-scale captioning model BLIP2
(Li et al. 2023) and computed the similarity with sentence
embeddings (Reimers and Gurevych 2019) for this purpose.
In addition, we leverage Inception Score (IS) (Salimans et al.
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Figure 4: Comparison between Text2Light for indoor and outdoor settings. (a) Ours. (b) Text2Light.

2016) to measure the quality of the generated images as
Text2Light does not involve ground truth images.

Method FID ↓ LPIPS↓
Indoor setting
SIG-SS (2017) 197.4 -
EnvMapNet (2021) 52.70 -
OmniDreamer (2022) 46.15 0.45
ImmenseGAN(2022) 42.78 -
AOG-Net (Ours) 38.60 0.37
Outdoor setting
OmniDreamer (2022) 24.5 0.41
AOG-Net (Ours) 18.4 0.36

Table 1: Comparison with the state-of-the-art methods using
NFoV image guidance.

Method SC ↑ IS↑
Outdoor setting
Text2Light (2022) 0.45 3.9
AOG-Net (Ours) 0.53 4.2
Indoor setting
Text2Light (2022) 0.33 4.5
AOG-Net (Ours) 0.36 5.1

Table 2: Comparison with the state-of-the-art methods using
text guidance.

Overall Performance. For the methods requiring an initial
NFoV image as guidance, our method achieve the best per-
formance as shown in Table 1. It achieves an FID score 35.6
and an LPIPD value 0.37 under an indoor setting and an FID
score 18.4 and an LPIPS value 0.36 under an outdoor set-
ting. Note that only OmniDreamer conducted evaluation for
outdoor setting in the literature. As shown in the first exam-
ple (in the first column) in Fig. 5, our method outpaints the
house and the garden smoothly, while OmniDreamer make
the neighbouring region of the house smudged with sudden

color changes in the garden. For the third example (in the
third column), our method is able to deliver detailed out-
painting regarding objects compared to Omnidremaer.

Regarding the comparison with text-conditioned method -
Text2Light with open vocabulary text guidances, the perfor-
mance metrics are listed in Table 2. Our method outperform
Text2Light with an SC score 0.53 and an IS value 4.2 for an
outdoor setting and an SC score 0.36 and an IS value 5.1 for
an indoor setting. Due to the complexity of the indoor setting
and the lack of in-depth text description, the semantic con-
sistence of both methods drop. However, our method still
provide overall better semantically consistent images with
higher image quality. As depicted in Figure 4, our method
is able to produce visually appealing images, while the im-
ages of Text2Light (Chen, Wang, and Liu 2022) are much
dimmer, leading to degenerated visual quality and lack of
details. Additionally, under the outdoor setting, our method
generates 360-degree image with fine-grained details (such
as trees, grasses), while the Text2Light produces smudged-
out patterns in images (in the third column of Fig. 4).

For ImmenseGAN, which leverages both NFoV and text
guidances, our method peforms superior under the indoor
setting according to the metrics the authors reported in their
work. ImmenseGAN was trained with a private large-scale
dataset and the authors did not evaluate their method un-
der an outdoor setting. Note that our method leverages the
pretrained diffusion models and only requires 40 randomly
selected training samples to achieve its current performance.

Ablation Study
Ablation studies are conducted to demonstrate the effective-
ness of individual components in AOG-Net. The results are
listed in Table 3 and an example is shown in Fig. 6.
Global Guidance. The global guidance cglobal and its re-
lated components are removed from the pipeline. The back-
bone model is only guided by CLIP text guidance embed-
ding and clocal. Although the presence of the text guidance
provides a coarse global condition, the overall semantic con-
sistency is decreased. As shown in Fig.6 (c), the model fails
to deliver a consistent floor texture without global guidance.
Local Guidance. The local guidance clocal and its related

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

14216



Figure 5: Qualitative examples with input and ground truth.
(a) Input, 90◦ in both longitude and latitude direction. (b)
grount truth. (c) OmniDreamer. (d) AOG-Net (Ours).

components are excluded from our method. While the se-
mantic consistency between the outputs and the text prompts
is only slightly affected, the deterioration in the quality of
the outpainted images is significant. In Fig. 6 (d), there are
various artifacts such as black patches and human hands.
Geometry Guidance. In this setting, we removes all 360-
degree geometry information cgeo in computing clocal,
which would only rely on pixel-wise semantics to connect
distant patches. The results reveal minimal effects on SC,
but there is a notable decrease in image quality. As illus-
trated in Fig. 6 (e), black patterns appear on the floor and the
ceiling’s color lacks consistency with distant regions.
Backbone Only. In this setting, only the pre-trained Stable
Diffusion backbone is employed in a traditional manner, in-
tegrating the NFoV input image and text guidance. This set-
tings produces the poorest SC values and FID scores, sug-
gesting that the outpainted 360-degree images are of low
quality and misaligned with the text guidance. Referring to
the generation example shown in Fig. 6 (f), the model strug-
gles to produce a text-consistent and sharp 360-degree image
outpainting, with evident localized artifacts.

Figure 6: Ablation study. (a) Ground truth. (b) AOG-Net.
(c) w/o global condition. (d) w/o local condition. (e) w/o
geometry condition. (f) Autoregressive w/ backbone only.

Generalization
We further explore an open-image conditioned task. Our
method is required to outpaint unseen oil painting artworks

Method LPIPS↓ FID↓ SC↑
AOG-Net (Ours) 0.37 35.6 0.72
w/o global condition 0.38 40.08 0.70
w/o local condition 0.40 47.46 0.71
w/o geometry condition 0.36 37.2 0.72
Autoregressive w/ backbone only 0.43 67.4 0.61

Table 3: Ablation study on the Laval Indoor HDR dataset.

Figure 7: Open-image conditioned generation results, with
the prompt “a 360 image of a city, oil painting , ultracolorful,
impressionist style, Van Gogh style”. (a) Input. (b) Output.

to 360-degree images with text guidances. As shown in Fig.
7, the generated images are consistent with the style of input
NFoV artworks, demonstrating the potential of our method
in accepting out-of-domain NFoV image as conditions.

Limitation and Future Work

AOG-Net relies on a pre-trained backbone model, which in-
troduces two primary limitations. Firstly, AOG-Net is some-
what constrained by the data on which the backbone model
was pre-trained, potentially, this method may suffer from the
internal biases introduced by the backbone diffusion model.
Secondly, the diffusion model’s prolonged inference time af-
fects its utility in applications that require real-time perfor-
mance. Future endeavors might focus on developing a back-
bone or the exploration of conditional 360-degree image
generation similar to (Stan et al. 2023). Finally, by capitaliz-
ing on the autoregressive characteristics, our method has the
potential to be extended to facilitate text-guided 360-degree
video generation.

Conclusion

In this work, we present a novel deep learning method AOG-
Net for 360-degree image generation with an autoregres-
sive scheme guided by NFoV images and open vocabu-
lary text prompts. A global-local conditioning mechanism is
devised to adaptively encode guidances considering omni-
directional properties. With these design, AOG-Net is able
to generate realistic 360-degree image with fine details while
aligning with the text guidance. Comprehensive experiments
demonstrate the effectiveness of AOG-Net.
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