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Abstract

Recent prosperity of text-to-image diffusion models, e.g.
Stable Diffusion, has stimulated research to adapt them to
360-degree panorama generation. Prior work has demon-
strated the feasibility of using conventional low-rank adap-
tation techniques on pre-trained diffusion models to gen-
erate panoramic images. However, the substantial do-
main gap between perspective and panoramic images raises
questions about the underlying mechanisms enabling this
empirical success. We hypothesize and examine that the
trainable counterparts exhibit distinct behaviors when fine-
tuned on panoramic data, and such an adaptation conceals
some intrinsic mechanism to leverage the prior knowledge
within the pre-trained diffusion models. Our analysis re-
veals the following: 1) the query and key matrices in the
attention modules are responsible for common information
that can be shared between the panoramic and perspec-
tive domains, thus are less relevant to panorama genera-
tion; and 2) the value and output weight matrices special-
ize in adapting pre-trained knowledge to the panoramic do-
main, playing a more critical role during fine-tuning for
panorama generation. We empirically verify these insights
by introducing a simple framework called UniPano, with
the objective of establishing an elegant baseline for future
research. UniPano not only outperforms existing methods
but also significantly reduces memory usage and training
time compared to prior dual-branch approaches, making it
scalable for end-to-end panorama generation with higher
resolution. The code will be released'.

1. Introduction

Creating 360-degree panoramic images has gained substan-
tial attention due to its significant potential [21, 53]. Despite
the considerable advancement in text-to-image synthesis re-
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cently [33-35], generating panoramas from text prompts re-
mains challenging from the following aspect. Panoramic
images encompass the entire surrounding view with a 360-
degree horizontal and 180-degree vertical field of view, typ-
ically represented using equirectangular projection geome-
try. This results in distinctive features such as a 2 : 1 as-
pect ratio and spherical distortion, setting them apart from
standard square perspective images. On top of this, due
to the high cost of capturing panoramic images in prac-
tice, the panoramic datasets are often relatively scarce, e.g.
Matterport3D [5] contains 10,800 panoramic images. The
lack of data complicates the training of generative models,
as conventional perspective diffusion models [35] generally
require billions of text-image pairs for training [38].

To mitigate data scarcity, the typical strategy is to fine-
tune pre-trained diffusion models for downstream applica-
tions [18, 37, 57]. However, as stated in [17], the fundamen-
tal structural differences between panoramic and perspec-
tive images intuitively suggest that the embedded perspec-
tive knowledge within the pre-trained diffusion models may
not be readily transferable. Aligning with this intuition,
prior work [17, 19, 44] has proposed generating multiple
perspective images according to predefined camera poses
and stitching them into a panorama. Contrary to the afore-
mentioned intuition, another line of work [56] has demon-
strated that fine-tuning pre-trained diffusion models on lim-
ited panoramic data using conventional low-rank adaptation
(LoRA) [15] still yields effective text-to-panorama genera-
tion results. This empirical success suggests the presence of
some intrinsic mechanism that enables LoRA to effectively
leverage prior knowledge from the pre-trained perspective
diffusion models, thereby circumventing the structural dif-
ferences. This motivates us to explore the following ques-
tion: What exactly makes for fine-tuning Stable Diffusion
for text-to-panorama generation?

We base our analysis on the LoRA fine-tuning paradigm
to study the behaviors and ideally functionalities of all train-
able counterparts, particularly their impact on panorama
generation, with the ultimate goal of elucidating the mecha-
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Figure 1. Our UniPano can synthesize realistic 360-degree panoramic images by fine-tuning Stable Diffusion. (Top) 1024 x 2048 panoramic
images generated by UniPano. (Bottom) 512 x 1024 panoramic images generated by UniPano.

nism that thrives in adapting perspective diffusion models
for panorama generation. Our launching point is to iso-
late the trainable components within LoRA fine-tuning (i.e.,
Wiq.kw,0ys ¢f - Fig. 2) and examine their relevance for learn-
ing panoramic structures. Subsequently, we identify the un-
derlying behaviors of each trainable component when they
are tuned jointly. We draw two major empirical findings (cf .
Sec. 3.2 for details):

* Wyg, k) in the attention blocks fail to learn the panoramic
structures when they are trained in isolation, whereas
W4,y both succeed in capturing such information.

e When W, k.. ,0) are jointly trained, Wy, .y are respon-
sible for learning panoramic-specific information (i.e.,
equirectangular structure), whereas Wy, 1y learn shared
knowledge across panoramic and perspective domains
that are irrelevant to the panoramic structure.

Our analysis reveals the following: After fine-tuning with
panoramic images, we discover that the query and key

within the cross-attention blocks capture less panoramic-
specific information, namely, they function to ‘preserve’ or
‘enhance’ the pre-trained perspective knowledge; In con-
trast, the value and output weight matrices are respon-
sible for adapting such perspective information into the
panoramic domain. Based on the analysis, we believe that
fine-tuning the query and key matrices is less relevant to
panorama generation, whereas the representational capabil-
ity of the value and output matrices should be emphasized.
This yields our straightforward yet efficacious uni-branch
solution, dubbed UniPano, targeting to serve as a simple
baseline to foster future research. UniPano achieves state-
of-the-art results on 512 x 1024 text-to-panorama genera-
tion while requiring notably less memory and training time
compared to the current SoTA [56]. Thanks to this com-
putational efficiency, UniPano can be scaled to generate
panoramic images with even higher resolution in an end-
to-end manner, as shown in Fig. 1.



2. Related Work

Diffusion Models. The recent breakthrough in diffusion
models [14, 40, 41] has accelerated the inference pro-
cess [23, 42, 58, 59] and significantly boosted the gener-
ation quality [9, 30]. The prosperity of large-scale pre-
trained diffusion models [33-35] has prompted various ap-
plications, including text-to-3D generation [8, 31], person-
alized customization [11, 37], image inpainting [26, 51],
depth estimation [18], perception [6, 52], efc. The core
of most of these works is to exploit pre-trained text-to-
image diffusion models as a priori thus circumventing the
data scarcity which is common in downstream applica-
tions. Such an adaptation is usually achieved by parameter-
efficient fine-tuning techniques such as low-rank adaptation
(LoRA) [15], or via distillation [27]. This paper targets
the former approach and attempts to demystify what makes
for panorama generation by fine-tuning pre-trained diffu-
sion models with LoRA.

Panorama Generation. Existing works can be roughly
divided into two categories, namely panorama outpaint-
ing and text-to-panorama generation. The former ap-
proach [3, 17,25, 28, 46, 48] aims to complete a panoramic
image based on a partial input image, exemplified by Cube-
Diff [17] which proposes to jointly generate six faces of
cubemap for panorama generation. Aligning with the pros-
perity of text-conditioned generation as in the perspective
domain, text-to-panorama generation [4, 19, 22, 44,47, 54—
56] has gained attention recently. Among these works,
[4, 19, 44, 55] generate a sequence of consistent perspec-
tive images and stitch them into a panorama. A separate
branch of works fine-tunes the pre-trained text-to-image
diffusion models to generate an equirectangular panoramic
image in an end-to-end manner [47, 54, 56]. StitchD-
iffusion [47] fine-tunes pre-trained diffusion models with
techniques ensuring panoramic continuity. DiffPano [54]
includes multi-view panoramic awareness into the frame-
work. PanoFree [22] stands apart from the aforementioned
methods by employing a tuning-free approach to gener-
ate panoramas. PanFusion [56] introduces a dual-branch
framework by simultaneously generating perspective and
panoramic images and ensuring consistency through a
cross-branch attention mechanism. Of particular impor-
tance to our study, [56] shows that LoRA fine-tuning on
Stable Diffusion reports reasonable performance, and our
work aims to investigate and elucidate the underlying fac-
tors contributing to this empirical success. As a side product
of our analysis, we present an efficient and effective uni-
branch panorama generation framework, serving as a base-
line method for future research.
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Figure 2. Illustration of fine-tuning cross-attention blocks
within diffusion models with low-rank adaptation (LoRA).
MCA, MatMul, h denotes the multi-head cross attention, matrix
multiplication, and the number of attention heads respectively.

3. What Makes for Panorama Generation?

3.1. Preliminary

Diffusion models [14, 40, 41] generate images by iteratively
transforming the noise sampled from the prior distribution
into the target data distribution, where each sampling step
involves predicting the noise from the input noisy image.
We defer details on diffusion models to the supplementary
materials. Of particular relevance to our study, the condi-
tioning in diffusion models is often accomplished by cross-
attention. Formally, given an input latent z; and the corre-
sponding condition y, the attention computes:

MHCA(Zf, y)Wo,

where MHCA denotes the multi-head cross-attention, and
W, represents the output weight; for notational simplicity,
we write MHCA in the single-head form

QK" >
softmax V,
(T

with head channel dimension dp, Q = z:W,, K = yW,,
and V = yW,, where W{q’km,o}: are the set of train-
able weights. The community has shown that training
these attention modules within text-to-image diffusion mod-
els using parameter efficient fine-tuning techniques (e.g.
LoRA [15]) suffices to surrogate fine-tuning the entire mod-
els, exemplified by [11, 37]. We illustrate fine-tuning diffu-
sion models with LoRA in Fig. 2.

2Throughout the paper, we denote Wig kw0 as the set of trainable
weights {Wy, Wy, Wy, Wo}.
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Figure 3. Qualitative comparison for training W, . . .} in isolation separately. Training W, or W}, in isolation fails to capture the
spherical structure, as in (a) and (b); whereas training W, or W, in isolation successfully captures the spherical distortion of the panoramic
images, as in (c) and (d). All visualizations are generated with the text prompt “a kitchen with stainless steel appliances”.

3.2. Motivation and Insights

360° panoramic images capture a complete spherical view
of the surroundings, involving a full 360-degree horizontal
field of view and a vertical field of view of 180 degrees, typ-
ically stored in equirectangular format. These unique char-
acteristics in view structures make legitimate panoramic
images fundamentally different from the perspective ones,
which at first glance, implies that perspective-related
knowledge within the pre-trained diffusion models may not
be immediately relevant. Contrary to this intuition, pre-
vious works [56] have demonstrated the feasibility of di-
rectly fine-tuning pre-trained perspective diffusion mod-
els (e.g., Stable Diffusion) with LoRA (cf., Sec. 3.1) for
text-to-panorama generation, given a relatively scarce set
of panoramic data. Evinced by this empirical success, we
speculate that such an adaptation to the panoramic domain
has to conceal some intrinsic mechanism to leverage per-
spective knowledge within the pre-trained diffusion models.

To reveal such a mechanism and elucidate what makes
such perspective-based diffusion adaptation succeed in
panorama generation, we start by decomposing the trainable
components and training them in isolation to identify the
behaviors — and ideally the functionalities — of each coun-
terpart. Specifically, we fine-tune Wy, x . 0y (¢f., Fig. 2)
separately with LoRA for panorama generation, and show-
case the comparison both qualitatively in Fig. 3 and quanti-

Panorama 20 Views 8 Views
FAED,| FID| FID| FID|
Wy 10.86 81.09 30.66 27.44
W 13.27 67.63 27.01 24.47
W, 8.66 52.60 17.01 19.35
W, 9.38 52.17 20.32 20.24

Table 1. Quantitative comparison for training W, ;. ., .} iniso-
lation separately. Training only W, or W, reports considerably
better FAED and FID than W, or W},. Details of reported metrics
are in Sec. 4.1.

tatively in Tab. 1. We highlight the following.

Observation 3.1. As shown in Fig. 3 (a) and (b), it is ev-
ident that training W, or Wy, in isolation notably fails to
capture the spherical structure within panoramic images,
while both W.,, and W, are capable of achieving such goals,
as in Fig. 3 (c) and (d). The quantitative results in Tab. |
also align with the qualitative observation, as training W,
or W, in isolation leads to considerably better FAED and
FID than Wy or W

Conclusion 3.2. The four trainable components W i ., o}
within the cross-attention modules exhibit varying abili-
ties to learn the spherical structures for successful adap-
tation to panorama generation. In particular, W4 and Wi,
fail to capture such distortions even when fitted purely on
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Figure 4. Illustration of roles of W, ;. ., ,; when jointly fine-tuned. We first fine-tune W, . .0} jointly with LoRA on panoramic data,
then optionally deactivate some LoRAs for inference with different purposes. (a) the panoramic image generated by fine-tuning Wy 1. v,0}
jointly with LoRA, where we simplify the LoRA architecture (c¢f. Fig. 2); (b) diffusion models with panorama fine-tuned LoRAs can
only generate distorted, panoramic-like images, are thus no longer capable of generating perspective images; (c) by excluding W, and
W, LoRAs, diffusion models fine-tuned on panoramic data recover the ability to generate perspective images; (d) excluding W, and W,
LoRAs does not affect the model’s ability to generate panoramic images.
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(b) Perspective Inference

panoramic data, whereas W,, and W, both successfully knowledge across panoramic and perspective domains that
adapt the pre-trained diffusion model to panorama gener- are irrelevant to panoramic structures, whereas LoRAs as-
ation when trained in isolation. sociated with W,, and W, are responsible for learning the

spherical structures of the panoramic images.
Remark 3.3. Conclusion 3.2 suggests that Wy, ry have lim-

ited capability to be adapted for panorama generation. As
such, excluding them during fine-tuning shall not impact the
model’s capability to learn the panoramic structure.

Remark 3.6. Conclusion 3.5 differentiates the trainable
components based on their roles. In particular, Wy, 1 even
when trained on panoramic images do not apply any spher-
ical distortion to the generated images, such a finding also
aligns with Conclusion 3.2 as they also struggle to learn
spherical information when trained isolatedly. Contrarily,
as Wy, 5y are responsible for learning the panoramic struc-
ture, their capacity needs to be emphasized more during
fine-tuning.

Our subsequent step is to investigate how each com-
ponent contributes to adaptation when fine-tuned collec-
tively. Knowing that W, and W, are unable to capture the
spherical structure characteristic of panoramic images, we
hypothesize that their role is limited to learning common
knowledge across both the perspective and panoramic do-
mains. To validate this argument, we design the following
experiment: we first fine-tune Wy, 1 ., o3 with LoRA jointly
on panoramic data, then optionally deactivate some LoRAs
during inference to examine their relevance to panorama
generation. The illustrations are provided in Fig. 4, from
which we draw the observation and conclusion below.

To this end, we have explicated what exactly makes
for panorama generation with pre-trained diffusion models.
Specifically, after fine-tuning with panoramic images, we
find that W, and W}, within the cross-attention modules do
not capture the spherical distortion within the panorama at
all. They act as if they were tuned using perspective images,
and their roles are likely to be ‘preserving’ or ‘refining’ the

Observation 3.4. After fine-tuning the diffusion models pre-trained perspective knowledge. In stark contrast, W,

with panoramic data (Fig. 4 (a)), the model when attempted and W, are responsible for adapting the information — cap-

to generate perspective images with all LoRAs applied can tured both in Wy, 1y and within the pre-trained model itself

only generate panoramic-like images, as shown in Fig. 4 — into the panoramic domain. Their roles are thus learn-

(b). If the LoRAs associated with W, ,y are excluded dur- ing th.e spherical structure of the panorama, which is much

ing inference, the models with only the remaining W, iy more instrumental to the task.

LoRAs successfully recover the ability to generate valid per- 3.3. UniPano

spective images, evidenced in Fig. 4 (c). On top of this, ex- o

cluding W, iy LoRAs does not affect the model’s ability to As a bypr(?duct of our 1n§1ghts, we present a memory-

generate panoramic images, as shown in Fig. 4 (d). efficient uni-branch fine-tuning framework for adapting pre-
trained text-to-image diffusion models to panorama gener-

Conclusion 3.5. When all weights W, 1. ., 0} are trained ation, dubbed UniPano. The core idea of UniPano is based

jointly, LoRAs associated with W, and Wy, learn shared on Remarks 3.3 and 3.6: in essence, it freezes Wy, 1) as



20 Views 8 Views
FAED| FID| FID| FIDJ

Panorama

Pano Only [56] 790 5040 20.10  20.56
DA [50] 978 4641 1656  18.77
SE [16] 872 5067 17.71  19.61
LoRA (r =8)[15] 834 4858 1694  19.42
LA[12] 7.65 5039 1824  19.41
MOoE [10, 49] 721 4883 1950  20.05

Table 2. Comparison across several designs for increasing the
capacity of W,. Based on the panorama branch only baseline
(Pano Only), we compare several plausible attempts to increase
the capacity of the output layer (W,). Details of reported metrics
are in Sec. 4.1.

they are associated with non-parametric-specific informa-
tion and emphasizes Wy, .1 as they are critical to capture
equirectangular distortion within the panoramas. We high-
light that the purpose of UniPano is to empirically verify our
insights in Sec. 3.2, and with the aim to provide a simple yet
effective baseline for future research.

Design Choices of W,. We propose to increase the rep-
resentational capacity of the corresponding modules to en-
hance model’s learning ability for the spherical structure of
panoramic images. We differentiate W,, and W, with the
intuition that W, is associated with head-wise projection
while W, interacts directly with the entire set of represen-
tations. Due to this reason, although both components are
capable of learning the spherical structure, we choose to in-
crease the capacity of W, because of its directness. We
adopt and compare several common strategies to enhance
the representational capability:

e Larger LoRA ranks (LoORA r = 8) [15] is the most
straightforward way to increase capability. This approach
simply doubles the LoRA ranks of W, from 4 to 8.

e Local Window Attention (LA) [12, 32] constrains the re-
ceptive field of the attention operation to the neighboring
pixels. We insert such an attention block before each W,
LoRA.

e Deformable Attention (DA) [50] introduces a learnable
offset and computes the attention based on the sampled
features. We attempt to insert a deformable attention
block prior to each W, LoRA.

* Squeeze and Excitation (SE) [16] adaptively recalibrates
channel-wise feature responses to strengthen the repre-
sentational power. We similarly insert a SE block before
each W, LoRA.

* Mixture of Experts (MoE) [10, 49] involves computing
weighted sum over several expert networks, where the
weights are learned via a routing network. We replace
each W, LoRA with a MoE module. We adopt the same
MOoE architecture as [10], except that each expert network

is a LoRA, similar to the design in [49]. We apply the

same auxiliary loss as [10] for routing load balancing.

The comparison is detailed in Tab. 2, where we also pro-
vide a reference to the panorama branch only (Pano Only)
baseline. To ensure a fair comparison with this baseline,
we also fine-tune Wy, 1 LoRAs in all compared strate-
gies. We simply opt to use MoE to enhance the capacity
of W, because of its superiority on FAED, while we high-
light that such a choice may not be optimal and encourage
future work to investigate further.

4. Experiments

4.1. Experimental Setup

Dataset. Matterport3D dataset [5] is a scene understand-
ing dataset with 10,800 panoramic images. We use the same
captions as [56], which are generated by BLIP-2 [20] with
a prompt of “a 360 - degree view of””. We adopt the same
data split as [44, 56], containing 9,820 and 1,092 pairs for
training and evaluation respectively.

Implementation Details. To facilitate a fair comparison,
we strictly follow [44, 56] to train our model using AdamW
optimizer [24] with a batch size of 4 and a learning rate
of 2 x 10~% for 10 epochs, with identical cosine annealing
learning rate scheduler. Following [56], we base our model
on Stable Diffusion 2 base version.

Evaluation Metrics. We follow previous works to evalu-
ate the generated panoramic images in the panorama [7, 56]
and perspective [44] domain.

* Panorama. Following [7, 56], we report Fréchet Incep-
tion Distance (FID) and Inception Score (IS) to mea-
sure the quality and realism of the generated panora-
mas. In addition, we report the CLIP Score (CS) to
evaluate text-image consistency. Since both FID and
IS are based on InceptionNet [43] which is trained us-
ing perspective images only, we follow [56] to report a
panoramic-customized metric Fréchet Auto-Encoder Dis-
tance (FAED) [28] for panorama evaluation.

* Perspective. We follow [56] to randomly sample 20 per-
spective views to simulate practical navigation on panora-
mas, and these views are evaluated based on FID and IS.
Following [44], we also report FID, IS, and CS on 8 hor-
izontally evenly spaced views.

As stated in [56], IS evaluates the diversity of objects
within the generated image, as such, lower IS does not nec-
essarily reflect the quality and realism of images in case
models do not tend to generate unexpected objects. Simi-
larly, as in [56], higher CS may be due to the repetition of
objects to strengthen text-image alignment. On top of these,
we also note that the 20 randomly sampled views may cap-
ture the top or the bottom of the panoramas, which are often



Peak Mem.t Dur.t Panorama 20 Views Horizontal 8 Views

Methods (GB) (hrs)
FAED| FID| ISt CSt FID| ISt FID| ISt CSt
SD+LoRA [15, 35,56] 31.69 2.26 7.19  51.69 440 28.83 19.32 6.90 20.68 648 24.77
MVDiffusion [44] 26.66 (-15.9%) 9.86 - - - - - - 2527 690 26.34
Pano Only [56] 31.81 (+0.4%) 2.33 790 5040 4.54 28.67 20.10 7.06 20.56 6.37 24.85
PanFusion [56] 60.12 (+89.7%) 6.61 6.04 4647 436 28.58 17.04 6.85 19.88 6.50 24.98
UniPano (Ours) 32.59 (+2.8%) 3.43 590 4647 4.16 2837 17.09 6.74 17.74 6.00 24.82

Table 3. Comparison between SoTA methods on 5121024 panorama generation. We quantitatively evaluate the panorama images
based on Fréchet Auto-Encoder Distance (FAED) Fréchet Inception Distance (FID), Inception Score (IS), and CLIP Score (CS). We follow
[56] to randomly sample 20 views from a panoramic image and [44] to horizontally sample 8 evenly spaced views to evaluate the quality
of cropped perspective images. We report the peak allocated GPU memory (Peak Mem.) and time duration (Dur.) for 10-epoch training.
All evaluated results are based on Stable Diffusion 2 base. T: results are reproduced with FP32 precision.

“a house with a pool and patio”

UniPano (Ours)
Figure 5. Selected qualitative comparisons between UniPano (Ours) and PanFusion. We show the generated panoramic image for
each text prompt and 4 randomly sampled horizontal perspective views below. We highlight notable artifacts such as non-perspective lines
with red boxes. More qualitative comparisons can be found in the supplementary material.

blurred even on real panoramic images, impacting the eval-
uation quality. For the above reasons, we emphasize FAED
and FID while caring horizontal FID more than 20-view
FID among all evaluation metrics.

4.2. Main Results

Compared Methods. We compare our uni-branch ap-

proach with several baseline methods.

* MVDiffusion [44] trains a multi-view diffusion model to
simultaneously generate 8 horizontal views, which can be
stitched into a panorama.

e SD+LoRA [15, 35] is the baseline method which fine-
tunes the Stable Diffusion model [35] with LoRA [15]
on panoramic images.

* Pano Only [56] is another baseline method introduced
in [56] which additionally includes circular padding on
top of SD+LoRA to ensure loop consistency.

e PanFusion [56] is the SOTA solution to date, which adopts
a dual-branch approach and adds a cross-attention mod-
ule between panoramic and perspective branches to en-

PanFusion [56]

sure consistency.

Quantitative Comparison. We present the quantitative
comparison in Tab. 3. Our UniPano achieves state-of-the-
art FAED and horizontal FID, while being on par with Pan-
Fusion on FID and 20-view FID. We highlight that Uni-
Pano introduces minimal computational overhead, with an
additional 2.8% allocated GPU memory and about 1 addi-
tional hour of training compared to SD+LoRA baseline. In
comparison, training PanFusion [56] almost double the al-
located GPU memory (+89.7%) and almost triple the time
required for training compared to SD+LoRA baseline.

Qualitative Comparison. We showcase the qualitative
comparison in Fig. 5. PanFusion may sometimes generate
panoramic images with invalid equirectangular projection,
evidenced by the notable artifacts (curvy and panoramic-
like lines) in the regions of the perspective views high-
lighted with red boxes. With the boosted capacity of the
panoramic-specific modules, UniPano faithfully generates



Panorama 20 Views 8 Views
Wigkey We W, FAEDJ FID] FIDJ FID]

LoRA LoRA LoRA 790 5040 20.10  20.56
LoRA LoRA MoE 7.21 48.83 19.50  20.05

“  LoRA LoRA 7.99 4862 19.27 19.30
= LoRA MoE 590 4647 17.09 17.74

Table 4. Ablation study on fine-tuning strategies. We compare
several fine-tuning strategies for weights Wy, . . »} in attention
modules, with various combinations of freezing (%?), LoRA fine-
tuning [15], and MoE [39, 49].

Panorama 20 Views 8 Views
n k FAED| FIDJ FID| FIDJ
2 2 6.75 51.01 18.27 19.71
4 2 5.90 46.47 17.09 17.74
8 2 6.17 47.10 20.19 19.51
8 4 7.31 47.61 22.05 21.12

Table 5. Ablation study on the mixture of experts in WW,. We
experiment with different hyperparameters for the mixture of ex-
perts (MoE) by adjusting the number of experts n, and selecting
top-k experts with the highest weighting.

panoramic images that follow equirectangular projection in
the illustrated cases. More qualitative comparisons are de-
ferred to the supplementary material.

4.3. Ablation Study

Different fine-tuning strategies. We compare sev-
eral different fine-tuning strategies for trainable weights
Wiqkw,0ys in Tab. 4, with different combinations of the
following: freezing, fine-tuning with LoRA [15], and with
mixture of experts (MoE) [10, 39, 49]. The panorama
branch only baseline (highlighted in gray) fine-tunes all
trainable components with LoRA and is thereby considered
as the baseline. Switching to MoE for fine-tuning W, con-
tributes to a notable improvement in FAED and FID met-
rics, demonstrating the benefits of increasing the capacity
for panoramic-specific components. Based on the baseline,
we further experiment with keeping Wy, 1y frozen through-
out fine-tuning, resulting in improved FID scores while the
FAED remained comparable to the baseline. This resultis in
line with our analysis that Wy, ;) relate to non-parametric-
specific information. Merging these two strategies — i.e.,
freezing Wy, 1y and fine-tuning W,, with MoE - yields our
state-of-the-art UniPano.

Different settings for mixture of experts. We addition-
ally ablate different sets of hyperparameters for the mix-
ture of experts (MoE) in Tab. 5, namely the number of ex-
perts n and the number of top-k selected experts per token.
Our first observation is that unlike many other MoE appli-

Figure 6. Failure cases of UniPano. Similar to PanFusion [56],
UniPano sometimes generates scenes with invalid layouts, such as
rooms without entrances.

cations [10, 39, 49], the performance in our context satu-
rates for a relatively small amount of experts (n = 4), ev-
idenced by the notable deterioration in FID-related metrics
when scaling n from 4 to 8. This is likely due to the relative
simplicity of fine-tuning a pre-trained diffusion model, in
comparison to the typical use cases of MoE i.e. training the
entire model from scratch. Additionally, aligning with the
previous work [10, 39, 49], we find that sparsity is critical,
as increasing the number of used experts per token k from
2 to 4 reduces the FAED and FID metrics rapidly.

4.4. Scaling to Higher Resolution

Panoramic images store the entire 360-degree surrounding
scenes within one equirectangular image, cropping perspec-
tive views from a panoramic image up to 512 x 1024 thus
still leading to somewhat low-resolution images. This mo-
tivates the importance of scaling panorama generation to
higher resolution, which is typically achieved with a sepa-
rate super-resolution stage [7]. As a direct benefit of lower-
ing the memory burden of PanFusion, UniPano can be read-
ily scaled for higher-resolution panorama generation in an
end-to-end manner. As Stable Diffusion 2 base is optimized
for generating images up to 512 x 512, directly adapting
it to generate higher-resolution images leads to suboptimal
results. We thus adopt the state-of-the-art Stable Diffusion
3 [9] which natively supports 1024 x 1024 image genera-
tion. We show UniPano based on Stable Diffusion 3 can
generate realistic 1024 x 2048 panoramic images, and is ro-
bust to out-of-distribution prompts and extremely complex
prompts, in Fig. 1. More high-resolution results and exper-
imental details are deferred to the supplementary material.

5. Conclusion

We have elucidated the underlying mechanism that facil-
itates low-rank adaptation of pre-trained perspective dif-
fusion models to panorama generation. Particularly, our
analysis reveals that the query and key matrices (W, 1))
learn common semantic information that can be shared be-
tween the panoramic and perspective domains, whereas the
value and output matrices (Wy, o)) specialize in capturing
the equirectangular structure of panoramic images. Based
on these insights, we propose UniPano, which outperforms
and reduces the memory and training burden compared to
the previous dual-branch approach.



Limitations.

The primary focus of this paper is to inves-

tigate the underlying behaviors of the trainable components
within LoRAs when adapting pre-trained perspective diffu-
sion models to panorama generation. While our UniPano
reports the state-of-the-art results, given the abundance of
hyperparameters, the performance is still possibly far from
optimal. Additionally, similar to the drawbacks of PanFu-
sion [56], we find that UniPano sometimes generates scenes
with invalid layouts, such as rooms without entrances, as
shown in Fig. 6.
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A. Preliminary on Diffusion Models

For completeness sake, we provide preliminary on diffusion
models, particularly latent diffusion models, below.

Diffusion models involve iteratively transforming the
noise into the target data. The sampling step thus requires
learning a time-conditioned noise (or equivalently the score
function) prediction network ey, often in the form of U-
Net [36] or transformers [29]. In practice, to optimize ef-
ficiency and performance, the denoising process is gener-
ally performed in the latent space of a pre-trained encoder
&, which leads to the training objective:

Inoin Kt 14(0,7),(2,y)~paata,e~N(0,1d) [Hﬁg(zt,t; y) — e||2] )

where U is the uniform distribution, pgat, denotes the data
distribution for which each sample contains an input image
x and an input condition y (which is text in our context),
zt = a(t)€(xz) + B(t)e is the noisy latent at a timestep ¢
with «(t) and §(t) defining the diffusion trajectory, and T
is the largest timestep such that zr ~ A(0,Id). During
sampling, a random noise zp is first drawn from the prior
distribution, and gradually denoised to the clean latent z
by the learned denoising network €y following a pre-defined
noise schedule. The clean latent is finally converted into the
image space using the pre-trained decoder D.

B. Experimental Details

We provide more details on the experimental setup of 512 x
1024 panorama generation below.

Implementation Details. Our implementation is based
on Stable Diffusion from diffusers [45]. In addition
to the implementation details listed in the main article, we
strictly follow MVDiffusion [44] and PanFusion [56] us-
ing the DDIM sampler [40] with 50 sampling steps and
classifier-free guidance scale [13] of 9 for inference.

Compared Methods. We provide more details on the
compared methods and the reported results in Tab. 3 below.

e MVDiffusion [44] trains diffusion models with multi-
view awareness, which generate 8 horizontal perspective
views simultaneously. These images can then be stitched
into a panorama, however, we note that the panoramas are
incomplete due to the missing top and bottom regions.
The reported results are directly taken from [56], where
the only difference with the original MVDiffusion paper
is to downsample to 256 x 256 for evaluation to match the
resolution of the ground truth images.

* SD+LoRA [15, 35] directly fine-tunes Stable Diffusion
with LoRA [15] on panoramic images, which is a stan-
dard technique for adapting pre-trained diffusion models

11

for downstream tasks. The reported metrics are directly
taken from [56].

* Pano Only [56] is a baseline method proposed in [56]
which adopts circular padding on top of SD+LoRA to
ensure loop consistency. The reported metrics are again
taken from [56].

e PanFusion [56] is the state-of-the-art solution to date
and our most important baseline method. It adopts a
dual-branch approach, consisting of a panoramic and
a perspective branch. It proposes an equirectangular-
perspective projection attention module to establish a cor-
respondence between these two branches to ensure con-
sistency. The reported metrics are directly taken from the
original PanFusion paper [56].

C. Additional Qualitative Comparisons

In addition to the qualitative results in Sec. 4.2, we show-
case more qualitative comparisons in Figs. 7 and 8. We ran-
domly sample 4 horizontal perspective views below each
generated panoramic image. One may also use panorama
viewer (e.g. [1, 2]) to freely navigate the panoramas.

D. Higher-resolution Panorama Generation

D.1. Implementation Details

The setup for our higher-resolution generation experiments
besides the base model is identical to Sec. 4.1. As the cur-
rent SOTA PanFusion is not capable of generating 1024 X
2048 panoramic images, we emphasize that our experi-
ments serve primarily as illustrations rather than compar-
isons with current baseline models. Another special note
is that since Stable Diffusion 3 is based on transformer ar-
chitectures, for which circular padding cannot be trivially
applied and thus has been left out for our implementation.

D.2. Additional High-resolution Results

We present the qualitative results for scaling UniPano to
generate 1024 x 2048 panoramic images. We provide more
qualitative results in Fig. 9. To illustrate the power of im-
plementing UniPano on a more powerful base model, we
showcase the results with out-of-distribution text prompts
in Figs. 10 to 12 and with extremely long and complex text
prompts in Fig. 13. We refer the reader to the semantic class
distribution of Matterport3D in [5, Fig 5] for the definition
of in- and out-of-distribution.



UniPano (Ours) PanFusion [56]
Figure 7. Additional qualitative comparisons.
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“the inside of a
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UniPano (Ours) PanFusion [56]
Figure 8. Additional qualitative comparisons.
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“a room with a swimming pool” “a room with marble
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Figure 9. Additional high-resolution (1024 x 2024) results. Note that all results are generated using UniPano based on Stable Diffusion 3.
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“Exploring the historic streets of Prague, with its charming architecture, cobblestone alleys, and medieval ambiance.”

“A traditional Italian trattoria, where locals gather for hearty meals, laughter, and the warmth of shared conversation.”

el

Figure 10. Additional high-resolution results for out-of-distribution prompts.
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“Alpine village, snow-covered roofto,

Figure 11. Additional high-resolution results for out-of-distribution prompts.
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“Rain-soaked city streets, glistening reflections.”

Figure 12. Additional high-resolution results for out-of-distribution prompts.
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“On a distant planet’s surface, towering cr,ystalline structures rise against an alien sky. The landscape is surreal, with
bioluminescent flora casting an otherworldly glow. Strange creatures move gracefully through the phosphorescent mist,

creating an ethereal scene that defies earthly imagination.”

“Amidst the bustling energy of a busy market, vendors peddle their wares with animated fervor. A kaleidoscope of colors,
from fresh produce to woven textiles, creates a vibrant tapestry. The air is thick with the mingling scents of spices, street
food, and the lively chatter of buyers and sellers.”

Figure 13. Additional high-resolution results with complex prompts.
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