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Abstract

Preserving boundary continuity in the translation of 360-
degree panoramas remains a significant challenge for exist-
ing text-driven image-to-image translation methods. These
methods often produce visually jarring discontinuities at
the translated panorama’s boundaries, disrupting the im-
mersive experience. To address this issue, we propose
360PanT, a training-free approach to text-based 360-degree
panorama-to-panorama translation with boundary continu-
ity. Our 360PanT achieves seamless translations through
two key components: boundary continuity encoding and
seamless tiling translation with spatial control. Firstly,
the boundary continuity encoding embeds critical boundary
continuity information of the input 360-degree panorama
into the noisy latent representation by constructing an ex-
tended input image. Secondly, leveraging this embedded
noisy latent representation and guided by a target prompt,
the seamless tiling translation with spatial control enables
the generation of a translated image with identical left and
right halves while adhering to the extended input’s structure
and semantic layout. This process ensures a final trans-
lated 360-degree panorama with seamless boundary conti-
nuity. Experimental results on both real-world and synthe-
sized datasets demonstrate the effectiveness of our 360PanT
in translating 360-degree panoramas. Code is available at
https://github.com/littlewhitesea/360PanT.

1. Introduction
Text-driven image-to-image (I2I) translation seeks to

generate a new image that reflects a given target prompt
while following the structure and semantic layout of an in-
put image. For text-driven I2I translation, recent training-
free methods, such as Prompt-to-Prompt (P2P) [2], Plug-
and-Play (PnP) [1] and FreeControl [3], are based on pre-
trained latent diffusion models (LDMs) [7] and typically
employ DDIM inversion [4] to obtain the corresponding

*Corresponding author.

noisy latent representation of the input image. Subse-
quently, they leverage attention control [1,2] or spatial con-
trol [3] to guide the translation process during denoising.
By harnessing the powerful generative capabilities of pre-
trained LDMs [7], these methods demonstrate commend-
able performance in translating ordinary images.

However, directly applying these techniques to 360-
degree panoramic images, which are commonly represented
by using equirectangular projection [8], presents a unique
and significant challenge. Unlike ordinary images, 360-
degree panoramas possess inherent boundary continuity,
where the leftmost and rightmost edges seamlessly con-
nect. Existing I2I translation methods based on DDIM in-
version fail to preserve this crucial characteristic, resulting
in noticeable discontinuities at the boundaries of translated
panoramas, as shown in Figure 1. To solve this problem, we
propose 360PanT, a training-free method tailored for text-
driven 360-degree panorama-to-panorama (Pan2Pan) trans-
lation. Our approach comprises two primary components:
boundary continuity encoding and seamless tiling trans-
lation with spatial control.

Boundary continuity encoding aims to embed the
boundary continuity information of the input 360-degree
panorama into the noisy latent representation. This is
achieved by first creating an extended input image obtained
from splicing two copies of the original input panorama.
This extended input is then processed by the encoder of a
pre-trained LDM. Finally, DDIM inversion is applied to the
resulting latent feature, yielding a noisy latent feature that
intrinsically encodes the boundary continuity.

While one might consider directly applying exist-
ing state-of-the-art (SOTA) I2I translation techniques like
PnP [1] or FreeControl [3] to this noisy latent feature, such
an approach presents two significant drawbacks. Firstly,
processing the entire noisy latent feature on a single high-
end GPU (e.g., 24GB) leads to out-of-memory errors. Sec-
ondly, these SOTA methods cannot guarantee the preser-
vation of identical left and right halves throughout the
denoising process, potentially disrupting the 360-degree
panoramic structure.
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P2P“origami of a photo of neon photostudio” PnP

FreeControl 360PanTSDEdit-0.75

Figure 1. Example of text-driven 360-degree panorama-to-panorama translation. To easily identify visual continuity or discontinuity
at the boundaries of the translated panoramic image, we copy the left area indicated by the blue dashed box and paste it onto the rightmost
side of the image. Compared with other methods, our 360PanT performs best in maintaining boundary continuity and preserving the
structure and semantic layout of the input 360-degree panorama in the translated result.

To address these issues, we put forward seamless tiling
translation with spatial control. Specifically, we leverage
a key property of StitchDiffusion [6], a method designed for
generating 360-degree panoramas from using a customized
latent diffusion model [7]. StitchDiffusion inherently pro-
duces images with identical left and right halves, ensur-
ing panoramic continuity. Moreover, cropped patches of
the noisy latent feature, instead of the entire noisy latent
feature, are independently processed within StitchDiffusion
during denoising. This seamless tiling translation strategy
effectively addresses the memory constraints and guaran-
tees the preservation of the 360-degree panoramic structure.

However, relying solely on the noisy latent feature and
the target prompt leads to a translated image that deviates
from the structure and semantic layout of the extended in-
put. To solve this problem, we integrate spatial control into
the seamless tiling translation process. Inspired by PnP [1],
we inject spatial features and self-attention maps from the
extended input image into the seamless tiling translation
process. The spatial control mechanism enables the trans-
lated image to maintain the structure and semantic layout
of the extended input, resulting in a finely translated 360-
degree panorama.

Furthermore, an alternative to spatial feature and self-
attention map injection is explored. Drawing inspiration
from FreeControl [3], we introduce structure guidance and
appearance guidance into the seamless tiling translation
process. This approach allows our 360PanT to support a
variety of 360-degree panoramic maps (e.g., segmentation
masks and edge maps) as input conditions instead of a stan-
dard 360-degree panoramic image.

Novelties and Contributions. (1) We propose 360PanT,
the first training-free method for text-driven 360-degree
panorama-to-panorama translation, which consists of two

key components: boundary continuity encoding and seam-
less tiling translation with spatial control. (2) Beyond stan-
dard 360-degree panoramic images, 360PanT can expand its
capacity to support various types of 360-degree panoramic
maps (e.g., segmentation masks and edge maps) as input
conditions. This flexibility extends its applications to vari-
ous scenarios requiring diverse input formats. (3) Extensive
experiments on both real-world and synthesized datasets
demonstrate the effectiveness of our proposed method in
translating 360-degree panoramas through text prompts.

2. Related Work

Text-Driven 360-Degree Panorama Generation. The ob-
jective of text-driven panorama generation [30, 34–36] is to
produce panoramic images aligned with given textual de-
scriptions. Unlike ordinary panoramic images, 360-degree
panoramic images offer immersive experiences and find
broad applications in virtual reality [38], autonomous driv-
ing [37], and indoor design [40].

For synthesizing 360-degree panoramas from text
prompts, Text2Light [33] introduces a hierarchical frame-
work comprising a dual-codebook discrete representation,
a text-conditioned global sampler, and a structure-aware lo-
cal sampler. In contrast, recent approaches [6,31,32,39,41]
explore text-to-image latent diffusion models [7] for text-
driven 360-degree panorama generation. Among these
methods, StitchDiffusion [6] proposes additional denoising
twice on the stitch patch based on MultiDiffusion [30], en-
suring the generated image to have identical left and right
halves. We leverage this crucial attribute of StitchDiffusion
to achieve seamless tiling translation in our 360PanT.
Text-Guided Image-to-Image Translation. Image-to-
image (I2I) translation aims to learn a mapping that trans-
forms images between domains while maintaining the se-
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Figure 2. Method overview. Our 360PanT comprises two primary components: boundary continuity encoding and seamless tiling transla-
tion with spatial control. The boundary continuity encoding component embeds the boundary continuity information of Iin into the noisy
latent feature xT . Subsequently, guided by the target prompt C, xT undergoes seamless tiling translation with spatial control to produce
the denoised translated latent feature x0. Finally, the translated 360-degree panorama Iout, aligned with the target prompt C, is achieved
by cropping from the translated image Îout.

mantic layout and structure of the input image. Over the
past few years, GAN-based I2I translation methods have
been extensively investigated [10–19]. Recently, diffusion
models [4,20–23] have emerged as a powerful alternative to
GANs [9], exhibiting superior performance in image syn-
thesis. This shift has motivated research into exploring dif-
fusion models for I2I translation [1–3, 5, 24–29].

Notably, training-free text-driven I2I translation meth-
ods [1–3, 5, 29], building upon pre-trained latent diffusion
models (LDMs) [7], have gained significant attention. For
example, Plug-and-Play (PnP) [1] proposes to inject spa-
tial features and self-attention maps into the denoising pro-
cess of the translated image for enhancing structure preser-
vation. Different from PnP, FreeControl [3] introduces ap-
pearance guidance and structure guidance to achieve spa-
tial control of the translated image. Leveraging the power-
ful generative capabilities of pre-trained LDMs, these text-
driven I2I methods achieve impressive results on ordinary
images. However, when applied to 360-degree panoramic
images, they fail to maintain visual continuity at the bound-
aries of the translated images. To address this problem, we
propose a training-free method called 360PanT. By using
our designed boundary continuity encoding and seamless
tiling translation with spatial control, 360PanT successfully
achieves the translation of 360-degree panoramas.

3. Methodology

The framework of our 360PanT is illustrated in Figure 2,
consisting of two key components: boundary continuity en-
coding and seamless tiling translation with spatial control.
Details of each component are elaborated in the following.

3.1. Boundary Continuity Encoding

Recent training-free text-driven image-to-image (I2I)
translation methods, such as Prompt-to-Prompt (P2P) [2],
Plug-and-Play (PnP) [1] and FreeControl [3], face inherent
limitations when applied to 360-degree panoramas. This
limitation stems from the inability of the DDIM inversion
process [4], a core component of these methods, to encode
the continuous information between the leftmost and right-
most sides of a 360-degree panorama. DDIM inversion, pri-
marily designed for ordinary images, converts a clear image
into a noisy latent representation without accounting for the
cyclical nature of 360-degree panoramas. Consequently,
these training-free I2I translation methods [1–3, 5] relying
on DDIM inversion fail to maintain visual continuity be-
tween the edges of the final translated panorama.

To address this challenge, we propose a straightforward
yet effective method to encode this crucial continuous infor-
mation. Our approach involves firstly splicing two identical
copies of the input panorama, to create an extended image
that serves as input for the DDIM inversion process [4]. For-
mally, given an input 360-degree panorama Iin with dimen-
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sions 3 ×H ×W , the extended input Îin with dimensions
3×H × 2W is constructed as follows:

Îin = Splice(Iin[:, :, α : W ], Iin, Iin[:, :, 0 : α]) , (1)

where α is a split constant controlling the splicing point, and
Splice denotes the image splicing operation. Note that (1)
setting α equal to W results in Îin being a direct concate-
nation of two copies of Iin; and (2) the extended input Îin
consistently maintains identical left and right halves regard-
less of the value of α. Subsequently, this extended image
Îin is encoded into the latent space, and DDIM inversion is
applied to its corresponding latent feature, yielding a noisy
latent feature xT with dimensions 4× H

8 × 2W
8 , which nat-

urally embeds the boundary continuous information of the
original 360-degree panorama.

3.2. Seamless Tiling Translation

At this stage, we have a noisy latent feature xT includ-
ing the continuous information of the original 360-degree
panorama Iin. A direct approach to performing training-
free text-driven panorama-to-panorama translation would
be to apply existing I2I translation methods, such as PnP [1]
or FreeControl [3], to xT and then crop the translated im-
age (with dimensions 3 × H × 2W ) to obtain the final
360-degree output. However, this approach has two sig-
nificant drawbacks: (1) directly processing the entire xT

on a single high-end GPU (e.g., 24GB) results in out-of-
memory errors; and (2) these methods cannot ensure that
the translated image will still maintain identical left and
right halves during the denoising process, potentially dis-
rupting the panoramic structure.

To overcome these issues, we leverage a key property
of StitchDiffusion [6], a method designed for generating
360-degree panoramas using a customized latent diffusion
model [7]. StitchDiffusion inherently produces images with
identical left and right halves by design, ensuring the preser-
vation of the 360-degree panoramic structure. Furthermore,
at denoising step t, where t ∈ {T, T − 1, · · · , 1}, cropped
patches of xt, rather than the entire xt, are independently
processed within StitchDiffusion. Therefore, instead of di-
rectly applying existing I2I translation methods, we employ
StitchDiffusion to translate the noisy latent feature xT . This
approach effectively addresses the aforementioned memory
constraints and ensures the translated image maintaining
identical left and right halves.

Specifically, at denoising step t, the noisy latent fea-
ture xt is divided into n overlapping patches. Let Fi(xt)
represent the i-th cropped patch of size H

8 × W
8 , where

i ∈ {1, 2, · · · , n}. Here, the mapping Fi denotes the crop-
ping operation for the i-th patch, and its inverse mapping,
F−1
i , places the patch back into its original position. The

number of patches, n, is determined by W
8ω + 1, where

ω indicates the sliding distance between adjacent patches

Fi(xt) and Fi+1(xt). In addition, let Φ and C denote a
pre-trained latent diffusion model [7] and a target prompt,
respectively. In this situation, the sequential denoising pro-
cess of a training-free I2I translation using StitchDiffusion,
termed seamless tiling translation process, can be repre-
sented as

xt−1 =

2∑
j=1

jF−1
n+1(1)

Π
⊗ jF−1

n+1(Φ(
jFn+1(xt), C))

+

n∑
i=1

F−1
i (1)

Π
⊗ F−1

i (Φ(Fi(xt), C)) ,

(2)

where jFn+1(·) and jF
−1
n+1(·) are the j-th additional map-

ping and inverse mapping of the stitch patch, respectively;
and Π denotes 1F

−1
n+1(1) +

2F
−1
n+1(1) +

∑n
i=1 F

−1
i (1),

where 1 refers to a latent feature with dimensions 4×H
8 ×

W
8

with all values equal to 1. The stitch patch, a special
cropped patch, is defined as Splice(xt[:, :,

3W
16 : 2W

8 ], xt[:

, :, 0 : W
16 ]), where, as in Eq. 1, Splice is the splicing opera-

tion.
Through the seamless tiling translation process (Eq. 2),

we obtain the final denoised latent feature x0 with dimen-
sions 4× H

8 × 2W
8 . Consequently, the corresponding trans-

lated image Îout with dimensions 3 × H × 2W decoded
from x0 maintains identical left and right halves while cor-
responding to the target prompt C.

3.3. Seamless Tiling Translation with Spatial Con-
trol

Capitalizing on both boundary continuity encoding and
seamless tiling translation, the diffusion model Φ can pro-
duce a translated image Îout with identical left and right
halves, aligned with the target prompt C. However, the
seamless tiling translation relies solely on C and the ini-
tial noisy latent feature xT . Consequently, the translated
image Îout may not fully adhere to the structure and se-
mantic layout of the extended input Îin. To address this is-
sue, we propose to incorporate spatial control into the seam-
less tiling translation, enabling training-free text-based 360-
degree panorama-to-panorama (Pan2Pan) translation.

Specifically, following the Plug-and-Play (PnP)
method [1], we inject spatial features f t and self-attention
maps At from xo

t−1 = Φ(xo
t ,∅) into the seamless tiling

translation process, where t ∈ {T, T − 1, · · · , 1}. Here,
xo
T is identical to xT , and ∅ represents a null text prompt.

In this context, the seamless tiling translation process with
spatial control is given by

xt−1 =

2∑
j=1

jF−1
n+1(1)

Π
⊗ jF−1

n+1(Φ(
jFn+1(xt), C; f t,At))

+

n∑
i=1

F−1
i (1)

Π
⊗ F−1

i (Φ(Fi(xt), C; f t,At)) .

(3)
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Utilizing this spatially controlled translation process, we de-
code the final denoised latent feature x0 to get the translated
image Îout with dimensions 3×H×2W . Subsequently, we
extract the final translated 360-degree panorama Iout with
dimensions 3×H ×W by cropping Îout:

Iout = Îout[:, :,W − α : 2W − α] , (4)

where, as in Eq. 1, α is the split constant.
To further enhance 360PanT’s versatility and enable

support for diverse input conditions (e.g., segmentation
masks and edge maps) beyond using standard 360-degree
panoramic images, we explore an alternative to spatial fea-
ture and self-attention map injection. Inspired by FreeCon-
trol [3], we introduce structure guidance gs(t) and appear-
ance guidance ga(t) into the seamless tiling translation pro-
cess, where t ∈ {T, T − 1, · · · , 1}. These guidance terms,
gs(t) and ga(t), are derived from the denoising process of
xt and xr

t , respectively. Here, xr
T is a randomly initialized

latent feature following a normal distribution, which is not
equal to xT . In this context, the seamless tiling transla-
tion process incorporating FreeControl’s spatial control is
updated as

xr
t−1 =

2∑
j=1

jF−1
n+1(1)

Π
⊗ jF−1

n+1(Φ(
jFn+1(x

r
t ), C; ga(t), gs(t)))

+

n∑
i=1

F−1
i (1)

Π
⊗ F−1

i (Φ(Fi(x
r
t ), C; ga(t), gs(t))) .

(5)

Note that this seamless tiling translation process is per-
formed on the latent feature xr

T instead of xT to support di-
verse input conditions. Similarly, we obtain the final trans-
lated image Îout with dimensions 3×H×2W decoded from
xr
0. A cropping operation is then carried out to achieve the

corresponding translated 360-degree panorama Iout, as de-
scribed in Eq. 4.

4. Experiments and Results
Implementation details. The values of H and W in this
paper are 512 and 1024. We set the values of split con-
stant α and sliding distance ω to 768 and 16, respectively.
The version of the pre-trained latent diffusion model [7] is
Stable Diffusion 2-1-base. For seamless tiling translation
with spatial control, our 360PanT method primarily em-
ploys PnP’s spatial control mechanism [1]. To enable sup-
port for diverse input conditions, we introduce a variant de-
noted as 360PanT (F), which utilizes FreeControl’s spatial
control [3] instead of PnP. The settings for the spatial con-
trol components and denoising steps T within 360PanT and
360PanT (F) are consistent with the default settings of PnP
and FreeControl, respectively. All experiments were carried
out using a single NVIDIA L4 GPU.

Datasets. Our 360PanT is capable of translating both real-
world and synthesized 360-degree panoramas guided by
text prompts. Due to the absence of a benchmark dataset for
text-driven 360-degree panorama-to-panorama (Pan2Pan)
translation, we established two datasets for this purpose.
The first dataset, termed 360PanoI-Pan2Pan, is derived
from the 360PanoI dataset [6], which contains 120 real-
world 360-degree panoramas across eight scenes. Com-
plementing this, we created 360syn-Pan2Pan, a synthesized
dataset comprising 120 360-degree panoramic images gen-
erated using the method outlined in [6]. To construct text-
image pairs for 360-degree Pan2Pan translation, we defined
10 translation types (e.g., watercolor painting, anime art-
work, and cartoon). The target prompt for each input 360-
degree panorama was formed by randomly selecting a trans-
lation type and combining it with the original text prompt.
For further details on the target prompts for the two datasets,
please refer to the supplementary material.
Evaluation metrics. To quantitatively evaluate the
effectiveness of various methods for text-driven 360-
degree Pan2Pan translation, we employ metrics used in
PnP [1]. Specifically, we utilize text and image encoders
from CLIP [42] to extract textual embeddings of target
prompts and image embeddings of corresponding trans-
lated panoramic images. We then calculate the average co-
sine similarity, which is referred to as CLIP-score, between
these textual and image embeddings. In addition, we use the
DINO-ViT self-similarity distance [43], denoted as DINO-
score, to assess the preservation of structural integrity in
the translated 360-degree panoramas compared to the input
360-degree panoramas. These two metrics are reported for
the 360PanoI-Pan2Pan and 360syn-Pan2Pan datasets.

4.1. Comparisons with Other Methods

We compare our 360PanT with state-of-the-art (SOTA)
text-driven image-to-image (I2I) translation approaches:
SDEdit [5], Pix2Pix-zero [29], Prompt-to-Prompt (P2P) [2],
Plug-and-Play (PnP) [1], FreeControl [3]. Visual results
from the different methods on the translation of real-world
and synthesized 360-degree panoramas are illustrated in
Figure 3 and Figure 4, respectively. These figures demon-
strate that these SOTA text-driven I2I translation methods
fail to preserve the boundary continuity in the translated
panoramas. In contrast, our 360PanT not only success-
fully maintains the visual continuity at the boundaries of
the translated panoramas, but also ensures the translated re-
sults adhere to the structure and semantic layout of the input
360-degree panoramas. Note that due to space limitations,
we only present part visual results here; additional visual
results are in the supplementary material.

To further evaluate the performance, we analyze the
CLIP-score and DINO-score metrics across the 360PanoI-
Pan2Pan and 360syn-Pan2Pan datasets. The results, de-
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P2P“children drawing of a photo of limpopo golf course” PnP

FreeControl 360PanTSDEdit-0.75

Figure 3. Visual results on real-world 360-degree panorama. To easily identify visual continuity or discontinuity at the boundaries,
we copy the left area of the panorama indicated by the blue dashed box and paste it onto the rightmost side of the image. Current I2I
translation methods fail to maintain visual continuity at the boundaries of the translated panoramas. In contrast, our 360PanT not only
ensures boundary continuity but also preserves the guidance structure in the translated 360-degree output.

P2P“pop art of a living room with exercise equipment” PnP

FreeControl 360PanTSDEdit-0.75

Figure 4. Visual results on synthesized 360-degree panorama. Compared to other text-driven I2I methods, our 360PanT performs better
in maintaining the visual continuity at the boundaries while also adhering to the structure and semantic layout of the input 360-degree
panoramic image. For more visual results, please refer to the supplementary material.

CLIP-score CLIP-score

D
IN

O
-s

co
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Better

(a) 360PanoI-Pan2Pan (b) 360syn-Pan2Pan

360PanT

P2P

PnP

FreeControl

SDEdit-0.75

SDEdit-0.85

Better

360PanT

P2P

PnP

FreeControl

SDEdit-0.75

SDEdit-0.85Pix2Pix-zero

Pix2Pix-zero

Figure 5. Quantitative comparison. DINO-score (lower is better)
is to evaluate the structure preservation, while CLIP- score (higher
is better) is to assess the prompt fidelity. Bottom-right is the best.

picted in Figure 5, reveal a close alignment between PnP
and 360PanT in both metrics. This similarity is expected,
given that 360PanT adopts the same spatial control as PnP.
However, a key limitation of PnP is its inability to maintain
visual continuity at panorama boundaries. Conversely, our
360PanT can produce translated panoramas with continu-
ous boundaries.

4.2. Ablation Studies

Effect of seamless tiling translation. To demonstrate the
effectiveness of seamless tiling translation, we conducted
some simple I2I translation experiments. Specifically, with
a 360-degree panorama denoted as Iin with dimensions
3× 512× 1024 (indicated by the red dashed box in Figure
6), two identical copies were directly spliced to generate an
extended image Îin. Subsequently, DDIM inversion [4] was
applied to the latent feature representation of Îin. The re-
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“a photo of a outdoor building in a sunny day”

“anime style of a photo of a outdoor building”

Figure 6. Ablation on seamless tiling translation effect. The
image in the first row is the extended input, with the input 360-
degree panorama highlighted within the red dashed box. The
second and third rows display the translated images using seam-
less tiling translation with distinct target prompts. Notably, both
translated images exhibit identical left and right halves, effectively
demonstrating the seamless tiling effect, while simultaneously cor-
responding to their respective target prompts.

sulting noisy latent feature, xT , underwent seamless tiling
translation (Eq. 2) guided by two distinct text prompts, re-
spectively. This process yielded two corresponding trans-
lated images. Figure 6 illustrates the successful generation
of two translated images with dimensions 3 × 512 × 2048.
These images exhibit identical left and right halves while
corresponding to their respective target prompts, highlight-
ing the efficacy of the seamless tiling translation.
Seamless tiling translation with spatial control. To inves-
tigate the impact of spatial control mechanisms on seamless
tiling translation, we carried out a comparative experimen-
tal study. In this study, we utilized an extended input image
Îin for translation guided by a target prompt. This image
underwent three distinct translation processes: (1) seam-
less tiling translation alone, (2) seamless tiling translation
with PnP’s spatial control, and (3) seamless tiling transla-
tion with FreeControl’s spatial control. The resulting trans-
lated images are displayed in Figure 7.

We observe that, firstly, incorporating FreeControl’s spa-
tial control into seamless tiling translation improves the
translated image’s adherence to the structure and seman-
tic layout of the extended input image Îin, compared with
seamless tiling translation alone. Secondly, integrating
PnP’s spatial control into seamless tiling translation pre-
serves the structure and semantic layout of Îin even more
effectively than using FreeControl’s spatial control. Based
on these findings, we adopt PnP’s spatial control in our
360PanT method. To distinguish between these varia-
tions, we refer to 360PanT incorporating FreeControl’s spa-
tial control as 360PanT (F) throughout this paper. While

seamless tiling translation with FreeControl’s spatial control

seamless tiling translation

“watercolor painting of A photo of a room”

seamless tiling translation with PnP’s spatial control

Figure 7. Ablation on spatial control for seamless tiling trans-
lation. The first row displays the extended input Îin, with the orig-
inal input 360-degree panorama highlighted within the red dashed
box. Subsequent rows present the translated images generated by
using the same target prompt but employing the following differ-
ent methods: (2nd row) seamless tiling translation alone; (3rd row)
seamless tiling translation with FreeControl’s spatial control; and
(4th row) seamless tiling translation with PnP’s spatial control.
Visual comparison discloses that integrating FreeControl’s spatial
control enhances the preservation of structure and semantic layout
from Îin; and incorporating PnP’s spatial control improves preser-
vation even more than FreeControl’s approach.

360PanT (F) is not so effective as 360PanT in structure
preservation, it enables support for various input conditions
beyond using standard 360-degree panoramic images, as
described in Section 4.3.

Choice of split constant α. To study the influence of pa-
rameter α on the quality of the final translated 360-degree
panorama, we carried out experiments on our 360PanT with
varying α values: W (1024) and 3W

4 (768), where W de-
notes the width of the input 360-degree panorama. As
shown in Figure 8, our 360PanT with α = W demonstrates
significantly better boundary continuity than the PnP base-
line. However, upon closer inspection of the zoomed-in
region indicated by the red solid box, a minor crack arti-
fact is noticeable in the stitched area. Conversely, employ-
ing 360PanT with α = 3W

4 yields a 360-degree panorama
without visible cracks in the stitched region. We set α to
3W
4 in this paper. An intuitive explanation of this parame-

ter choice, supported by further analysis, is provided in the
supplementary material.
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“a photo of 
cartoon style 
indoor room”

input 360-degree panorama PnP

360PanT (𝛼𝛼 = 𝑊𝑊 = 1024) 360PanT (𝛼𝛼 = ⁄3𝑊𝑊 4 = 768)

Figure 8. Ablation on choice of split constant α. While 360PanT with α = W significantly improves the boundary continuity of the
translated panorama compared with PnP, a minor crack artifact is still noticeable in the stitched area upon closer inspection (see zoomed-in
region highlighted by the red solid box). In contrast, setting α to 3W

4
in 360PanT yields a panorama without visible crack artifacts in the

stitched region. A further explanation of this parameter choice is available in the supplementary material.

FreeControl“watercolor painting of a hallway in an office” 360PanT (F)

FreeControl 360PanT (F)“oil painting of a photo of houses in the suburbs”

Figure 9. Visual results using other control conditions. FreeControl is unable to guarantee the boundary continuity of the translated
panoramas. In contrast, our 360PanT (F) enables the translated 360-degree panoramas with continuous boundaries regardless of the input
conditions. For more visual results, please refer to the supplementary material.

4.3. Translation using Other Control Conditions

To showcase the efficacy of our 360PanT (F) in handling
diverse input conditions beyond 360-degree panoramic im-
ages, we present translated 360-degree panoramas gener-
ated from other control signals. Specifically, we consider a
Canny edge map and a segmentation mask as the input con-
trol conditions, respectively, extracted from corresponding
360-degree panoramic images by using the same methods
described in FreeControl [3]. Figure 9 demonstrates a com-
parative study, highlighting the limitations of FreeControl
in preserving visual continuity under these conditions. In
contrast, our 360PanT (F) effectively maintains boundary
continuity in the translated 360-degree panoramas.

5. Conclusion

We propose 360PanT, a training-free method for text-
driven 360-degree panorama-to-panorama translation. This
method integrates boundary continuity encoding and seam-
less tiling translation with spatial control. By constructing
an extended input image, the boundary continuity encod-
ing embeds continuity information from the original 360-
degree panorama into a noisy latent representation. Guided
by a target prompt, the seamless tiling translation with spa-
tial control leverages this latent representation to gener-
ate a translated image with identical left and right halves
while following the structure and semantic layout of the ex-
tended input image. This process successfully results in a

8



final translated 360-degree panorama aligned with the tar-
get prompt. Extensive experiments on both real-world and
synthesized 360-degree panoramas prove the effectiveness
of our method in translating 360-degree panoramic images.
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A. Supplementary Content
This supplementary material begins by providing an in-

tuitive explanation for the choice of α. Subsequently, we
detail the process of producing target prompts for both real-
world and synthesized datasets. Further visual results ob-
tained under different control conditions are then presented.
Finally, we showcase additional translated results from us-
ing different methods on real-world and synthesized 360-
degree panoramic images.
Explanation for the choice of α. To intuitively explain the
choice of the split constant α, Figure 10 visually depicts
the cropping process in 360PanT at denoising step t (where
t ∈ {T, T − 1, · · · , 1}) for three distinct α values. The
top row displays the input 360-degree panorama Iin and
a diagram of the cropping operations based on the sliding
window mechanism employed in the seamless tiling trans-
lation with spatial control. Each cropped patch, including
the special cropped patch (stitch patch), then undergoes in-
dependent denoising guided by a target prompt. Subsequent
rows highlight the cropped patches matching Iin during the
sliding window process, indicated by red or yellow dashed
boxes. Observe that when α = W or α = W

2 , two cropped
patches matching Iin but in different locations are denoised
at each step t. Conversely, when α = 3W

4 , only a single
cropped patch matching Iin undergoes denoising at each
step. Crucially, the continuity of boundaries of these high-
lighted patches are not considered during denoising. Conse-
quently, at each denoising step t, the fewer cropped patches
matching Iin are denoised, the better the boundary conti-
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𝐼𝐼𝑖𝑖𝑖𝑖

𝛼𝛼 = ⁄3𝑊𝑊 4

𝛼𝛼 = ⁄𝑊𝑊 2

𝛼𝛼 = 𝑊𝑊

cropping operation cropped/stitch patch

1-st cropped patch 9-th cropped patch

1-st cropped patch 9-th cropped patch

5-th cropped patch stitch patch

3-rd cropped patch

(a)

(b)

(c)

(d)

stitch patch

Figure 10. Intuitive explanation for the choice of split constant α. The cropped patches matching Iin during the sliding window process
are highlighted by red or yellow dashed boxes. Note that the stitch patch is a special cropped patch. At each denoising step t, when α = W
in (b) or α = W

2
in (c), two cropped patches matching Iin but in different locations are denoised. Conversely, when α is set to 3W

4
in (d),

only one cropped patch matching Iin undergoes denoising. To ensure better boundary continuity in the final translated result, we choose
to set α to 3W

4
.

nuity of the final translated 360-degree panorama. There-
fore, we set α to 3W

4 in this paper, which results in a final
translated 360-degree panorama with seamlessly connected
boundaries, effectively avoiding local visible cracks.
Generation process of target prompts. Figure 11 illus-
trates the target prompt generation process for each real-
world 360-degree panorama within the 360PanoI-Pan2Pan
dataset. Utilizing a consistent template, “a photo of {image
name}”, an original prompt is constructed for each 360-
degree panoramic image. Subsequently, a target prompt
is formulated by combining a randomly selected transla-
tion type with the original prompt. Figure 12 depicts the
analogous process for the 360syn-Pan2Pan dataset com-
prising synthesized 360-degree panoramas. Initially, 120
synthesized 360-degree panoramas are generated using a
text-to-360-degree panorama model [6] guided by 120 orig-
inal prompts. Similar to the real-world dataset, each target
prompt consists of a randomly chosen translation type and
its corresponding original prompt.
Translation using other control conditions. Diverse

control conditions are extracted from corresponding 360-
degree panoramic images using the methods described in
FreeControl [3]. If a control condition lacks continuous
boundaries, the translated result by our 360PanT (F) will
exhibit noticeable content inconsistency at the boundaries.
For instance, Figure 13 illustrates how using an extracted
depth map Iin with discontinuous boundaries as input leads
to visible cracks in the extended input map Îin. Conse-
quently, the translated image by 360PanT (F) shows content
inconsistency in the stitched area. In contrast, we observe
that extracted Canny edge maps and segmentation masks
effectively maintain continuous boundaries. As shown in
Figure 14, when using them as control conditions, FreeCon-
trol fails to preserve boundary continuity, but our 360PanT
(F) consistently produces translated 360-degree panoramas
with continuous boundaries, regardless of the input condi-
tions.

Visual results of various methods. To further demonstrate
the efficacy of 360PanT for 360-degree panorama transla-
tion, we present additional visual comparisons with SDEdit
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yoga_room.jpg

“a photo of yoga room”

original prompt

country_club.jpg

“a photo of country 
club”

“cartoon”
“anime artwork”

“watercolor 
painting”

“children drawing”

“oil painting”
“pop art”

“low-poly”
“stained glass”

“origami”
“mosaic”

translation types target prompt

“anime artwork of a 
photo of yoga room”

“watercolor painting 
of a photo of 
country club”

Figure 11. Target prompt generation for real-world 360-degree panoramas within the 360PanoI-Pan2Pan dataset. Our 10 translation
types are presented. A target prompt is formulated by combining a randomly selected translation type with the original prompt.
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Figure 12. Target prompt generation for synthesized 360-degree panoramas in the 360syn-Pan2Pan dataset. Each target prompt
consists of a randomly chosen translation type and its corresponding original prompt.

[5], Pix2Pix-zero [29], P2P [2], PnP [1] and FreeControl [3]
on both real-world and synthesized 360-degree panoramas.
As illustrated in Figures 15, 16, 17, 18, 19, and 20, 360PanT
outperforms these methods in maintaining visual continuity
at the boundaries while also adhering to the structure and
semantic layout of the input 360-degree panoramic images.
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“oil painting of a photo of amphitheatre zanzibar fort”
FreeControl

extended input map 𝐼𝐼𝑖𝑖𝑖𝑖 360PanT (F)

360-degree panorama input map  𝐼𝐼𝑖𝑖𝑖𝑖

depth
extraction

Figure 13. Depth map with discontinuous boundaries as the control condition. The boundaries of depth map Iin extracted from the
360-degree panorama are not continuous, resulting in visible cracks in the extended input map Îin. In this situation, the translated panorama
by our 360PanT (F) exhibits content inconsistency in the stitched area.

FreeControl“watercolor painting of a photo of fouriesburg mountain cloudy” 360PanT (F)

FreeControl 360PanT (F)“oil painting of a photo of ehingen hillside”

Figure 14. Visual results using other control conditions. The extracted Canny edge map and segmentation mask can both effectively
maintain continuous boundaries. When using them as control conditions, respectively, FreeControl is unable to guarantee the boundary
continuity of the translated panoramas. In contrast, our 360PanT (F) enables the translated 360-degree panoramas with continuous bound-
aries regardless of the input conditions.
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P2P PnP

FreeControl 360PanTSDEdit-0.75

“origami of a photo of christmas photo studio”

SDEdit-0.85

Pix2Pix-zero

Figure 15. Visual results on real-world 360-degree panorama. To easily identify visual continuity or discontinuity at the boundaries, we
copy the left area of the panorama indicated by the blue dashed box and paste it onto the rightmost side of the image.

P2P PnP

FreeControl 360PanTSDEdit-0.75

“oil painting of a photo of basement boxing ring”

SDEdit-0.85

Pix2Pix-zero

Figure 16. Visual results on real-world 360-degree panorama.
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P2P PnP

FreeControl 360PanTSDEdit-0.75

“watercolor painting of a photo of country club”

SDEdit-0.85

Pix2Pix-zero

Figure 17. Visual results on real-world 360-degree panorama.

P2P PnP

FreeControl 360PanTSDEdit-0.75

“mosaic of a bathroom with a shower”

SDEdit-0.85

Pix2Pix-zero

Figure 18. Visual results on synthesized 360-degree panorama. To easily identify visual continuity or discontinuity at the boundaries,
we copy the left area of the panorama indicated by the blue dashed box and paste it onto the rightmost side of the image.
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P2P PnP

FreeControl 360PanTSDEdit-0.75

“watercolor painting of a bathroom with a shower and sink”

SDEdit-0.85

Pix2Pix-zero

Figure 19. Visual results on synthesized 360-degree panorama.

P2P PnP

FreeControl 360PanTSDEdit-0.75

“pop art of a modern living room”

SDEdit-0.85

Pix2Pix-zero

Figure 20. Visual results on synthesized 360-degree panorama.
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