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Figure 1. We introduce a generative method for panoramic image stitching from multiple casually captured reference images that exhibit
strong parallax, lighting variation, and style differences. Our approach fine-tunes an inpainting diffusion model to match the content and
layout of the reference images. After fine-tuning, we outpaint one reference image (e.g., the leftmost reference image shown here) to create a
seamless panorama that incorporates information from the other views. Unlike prior methods such as RealFill [60], which generates content
that is inconsistent with the reference images, our method more accurately preserves scene structure and spatial composition (red boxes).

Abstract

We introduce the task of generative panoramic image stitch-
ing, which aims to synthesize seamless panoramas that are
faithful to the content of multiple reference images contain-
ing parallax effects and strong variations in lighting, camera
capture settings, or style. In this challenging setting, tradi-
tional image stitching pipelines fail, producing outputs with
ghosting and other artifacts. While recent generative models
are capable of outpainting content consistent with multiple
reference images, they fail when tasked with synthesizing
large, coherent regions of a panorama. To address these
limitations, we propose a method that fine-tunes a diffusion-
based inpainting model to preserve a scene’s content and
layout based on multiple reference images. Once fine-tuned,
the model outpaints a full panorama from a single reference
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image, producing a seamless and visually coherent result
that faithfully integrates content from all reference images.
Our approach significantly outperforms baselines for this
task in terms of image quality and the consistency of im-
age structure and scene layout when evaluated on captured
datasets.

1. Introduction

Creating a coherent visual representation from multiple
input images is a long-standing problem in computer vi-
sion [57, 58], and many techniques have been proposed to
combine multiple images from different perspectives to syn-
thesize panoramas [8], multi-perspective images [1, 47, 54],
or photo montages [2, 45]. More recently, image generation
models make it possible to render or outpaint new image
content based on one or more input images [53, 60]. Inspired



by methods for panorama synthesis and recent image genera-
tion techniques, we propose to address the task of generative
panoramic image stitching—i.e., we seek to generate seam-
less panoramas that are faithful to the content of multiple
reference images captured from different viewpoints with
strong variations in lighting or style (Figure 1). We focus
on the regime where correspondences in the input images
exist, but conventional image stitching fails due to paral-
lax [43, 57, 67, 74]. Panoramas in this work are defined as
wide-angle representation of a scene, not 360° Panorama or
Spherical panoramas [8, 58, 66].

A standard approach for panoramic image stitching in-
volves detecting feature correspondences and estimating ge-
ometric transformations between input images [8]. Then,
the input images are warped based on the estimated trans-
formation and blended together into a panorama [10, 48].
Conventionally, these techniques use a homography to re-
late input images, which assumes that there is no parallax
(i.e., no translation between captured viewpoints) [57]. Vi-
olating this assumption results in artifacts, such as ghost-
ing [17], as shown in Figure 2 (top). Hence, a significant
amount of effort has been devoted to improving robustness
to viewpoint changes, e.g., by optimizing local warping op-
erations [14, 20, 29, 32-35, 73, 74], by using graph cuts to
minimize seams between blended images [17, 21, 74], or
optimizing neural networks [42, 44], but completely avoid-
ing artifacts is challenging when images are captured from
significantly different positions. Further, standard techniques
for image stitching assume that camera acquisition settings
and illumination conditions are roughly constant across in-
put images; while image blending can help to mitigate small
variations in camera gain, exposure, white balance, or scene
illumination [8, 10, 48] it fails to handle strong variations in
the lighting or style of input images (Figure 2, bottom).

A separate line of work seeks to create panoramic im-
ages via image synthesis. For example, using generative
models, recent approaches synthesize panoramas from a text
prompt [6, 18, 30, 72] or inpaint masked regions of an input
panorama [66]; however, these methods do not handle the
stitching of reference images with overlapping fields of view
and significant parallax effects. The recent work of Tang et
al. [60] uses a pre-trained generative model for reference-
guided inpainting, which is close to our task. Specifically,
they fine-tune an image diffusion model to inpaint a set of ca-
sually captured reference images from different viewpoints
and lighting conditions. After fine-tuning, the model can be
used to outpaint an existing image in a way that is consistent
with the content of the reference images and robust to paral-
lax or lighting variations. However, we find that using this
approach for panoramic image stitching fails, as outpainting
large missing regions results in artifacts and scene layouts
that are not faithful to the reference images (see Figure 1).

Here, we address limitations of conventional methods
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Figure 2. Conventional panoramic image stitching methods [8, 44]
fail to account for strong parallax or variations in lighting or style.
for panoramic image stitching as well as more recent,
reference-driven outpainting techniques [60]. Given a set
of casually captured reference images, we first compute a
coarse alignment of the images via conventional feature
matching and homography estimation [8], resulting in
a set of warped images and their approximate locations
on an initial panorama. To correct artifacts in this initial
panorama—such as those caused by parallax or lighting
inconsistencies—we fine-tune [53] a large, pre-trained
inpainting diffusion model [4] to solve a position-aware
inpainting task. Specifically, we fine-tune the model
to inpaint and outpaint each warped input image while
conditioning on positional encodings that reflect the image’s
location within the panorama. Once fine-tuned, the model
is used to iteratively outpaint the panorama from a single
reference image, resulting in a seamless composite that
integrates content from all references as shown in Figure 1.

In summary, we make the following contributions.

* We propose the task of generative panoramic image stitch-
ing, which seeks to generate panoramas that are faithful to
a set of reference images containing significant parallax
effects and variations in illumination or style.

* We address this task with a method that estimates the
coarse layout of the reference images within a panorama
and then fine-tunes a diffusion model to generate a seam-
less output panorama via position-aware outpainting.

* We evaluate our approach on a dataset of captured images
and show state-of-the-art results for this task compared to
baselines based on reference-driven image outpainting and
image stitching.

2. Related Work

Our work also connects to other methods for learning-based
image stitching, multi-perspective rendering, 3D reconstruc-
tion, and reference-driven outpainting.

Learning-based image stitching. While conventional im-
age stitching pipelines rely on feature-based homography
estimation [57], recent approaches instead learn to regress
a homography directly using a neural network [16, 28, 41]
or learned feature representations [75], which can improve
performance for dynamic scenes images with limited tex-
ture. Nie et al.[42, 44] propose a learning-based pipeline
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Figure 3. Method overview. Given a set of reference images {xr(c? W

1, We generate sparse panorama layouts {xf,z‘)m}ﬁil by detecting

features [38], estimating homographies, and warping each reference image to its location in a sparse panorama containing only that image.

We then fine-tune a pre-trained inpainting diffusion model for a position

-aware inpainting/outpainting task. During training, random crops

are taken from the sparse panoramas and a positional encoding map x~. Each panorama crop is processed using an encoder Esp, and we we

multiply the resulting latent image zgfgp with a random binary mask (1 — m). We process the crop of x., with an encoder E.« and use the

result to condition the diffusion model. The other inputs — the masked

version of zéfgp, the mask m, and the noisy latent image z; — are

concatenated together and passed as input to the model. After fine-tuning, we generate seamless panoramas by outpainting one of the initial

Sparse panoramas.

that predicts a homography or warping mesh [43] between
two input images, followed by a transformer- or thin-plate-
spline—based refinement to reduce stitching artifacts. More
recently, diffusion-based approaches [67, 68] have leveraged
pre-trained image generation models for image stitching.
However, these methods are limited to processing two input
images at a time and must rely on sequential registration
for multi-image panoramas—a process that can accumulate
misalignments and introduce artifacts. Here, we address
a different setting than previous work: given multiple ref-
erence images, potentially with strong parallax or lighting
variations, we jointly fine-tune a diffusion model on all in-
puts to generate a panorama that remains globally consistent
and faithful to the structure of the input images.

Multi-perspective rendering and 3D reconstruction. It
is also possible to synthesize panoramas using image-based
rendering [1, 5, 36, 45, 50]. Given a sufficiently densely
captured set of input images, one can directly capture or
estimate the desired set of light rays used to assemble an
output panorama or multi-perspective image [5, 7, 31, 51].
Alternatively, one can reconstruct a 3D representation of
the scene and render novel views from any desired view-
point [9, 15, 40, 50, 65]. Still, these techniques cannot be
easily applied to our proposed task, where only a few images
are provided as input, camera poses are unknown, and the
images have inconsistencies, e.g., due to variations in camera
capture settings, color palette, or lighting. Finally, while a
number of recent techniques propose to generate panoramas
from a single image or text prompt [1 1, 62, 69], our work ad-
dresses a different problem—we seek to generate panoramas
that are faithful to multiple input images of a scene captured
from varying viewpoints.

Reference-driven image editing. Rather than directly
stitching the input images, our approach synthesizes a
panorama by outpainting one of the input views using con-
tent from the others. This design is inspired by prior work
on reference-driven inpainting, where masked regions of an
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image are filled using information from a reference view
of the same scene [77]. Recent methods further improve
performance on this task by leveraging pre-trained image dif-
fusion models [37, 70], possibly in conjunction with image
correspondences [12]. Most related to our approach, Tang
et al. [60] fine-tune a diffusion model for reference-guided
outpainting; however, their method does not incorporate
scene layout information and therefore fails to generalize to
panorama synthesis (see Fig. 1).

3. Generative Panoramic Image Stitching

Here, we describe our method for generative panoramic im-
age stitching based on (1) initial panorama layout estimation
via homography estimation and warping, (2) fine-tuning a
diffusion model for position-aware panorama inpainting and
outpainting, and (3) generating a seamless panorama via
iterative outpainting. An overview is shown in Figure 3.

3.1. Layout Estimation & Positional Encoding

(\N

rof Ji1> Where

Given a set of N input reference images {x

(4) Hyer X Wier X3
Kref € R-‘r
RHpano X Wpano X3

, We aim to generate a panorama Xpano €
via latent diffusion that seamlessly stitches
together scene content from the reference views and out-
paints uncaptured scene regions.

The first step in this procedure involves producing an ini-
tial panorama layout via homography estimation and warp-
ing. We adapt the procedure of Brown et al. [8] to detect
feature correspondences between the input images, estimate
homographies, and warp each image into cylindrical co-
ordinates. The result of this procedure is a set of sparse
panoramas {Xéﬂo}i]\il, X;%o IS Rf"“""xw""“"xs, which each
contains a single warped reference image (see Figure 3).

We also associate the panorama with a positional
encoding map x, [40] computed using a function y(p) =
[cos(mf1p), Sin(rf1p), - .., cos(m fp), sin(r frp)] T
where {fi}[, are the encoding frequencies, and the



function (+) is applied to each vertical and horizontal pixel
coordinate p. Encoding each pixel coordinate results in
X € RFpuoXWonoX4F \where F is the number of positional
encoding frequencies. See Supp. Section S1.1.2 for details.

3.2. Position-aware Inpainting and Outpainting

We use the set of panoramas {xl%o}fi 1 and the positional
encoding map X, to fine-tune an inpainting latent diffusion
model [52] for position-aware inpainting and outpainting.

Architecture. Our approach adapts a pre-trained inpaint-
ing diffusion model ¥(z;,¢,C) with noisy latent z;, diffu-
sion timestep ¢, and conditioning signals C (we use Stable
Diffusion 2.1 [4]). The model is conditioned on the input

C= {ma (]- - m) O] zg())p,CCtx}, (D

where m is a randomly generated binary mask to be in-
painted or outpainted, ® indicates Hadamard product, and
zgr())p is a randomly cropped region of x[()azlo that we en-
code into the latent space using the Stable Diffusion en-
coder &sp, or zér(),p = 5SD(RANDCROP<X](3210)) The
context embedding tensor c.x is produced as c.x =
Eex(RANDCROP(x,)), where we apply the same random
crop to the positional encoding map x., as for xgéz,o. We
process the cropped version of x, using &, a small three-
layer convolutional encoder with a linear layer (see Supp.
Section S1.1.3).

While the context embedding tensor c is used by the
pre-trained model for text conditioning, our approach repur-
poses it to encode the positional information, and we provide
the tensor as input to the cross-attention layers of the network
The other conditioning signals (i.e., m and (1 — m) ® Crop)
are concatenated with the noisy latent image z; and passed as
input to the diffusion model. More details of the architecture
are provided in Supp. Section S1.1.

Optimization. We fine-tune the network jointly across
all reference input images to learn the spatial layout of the
panorama. Specifically, we minimize the loss function

)
@

where € is noise added in the diffusion process, and my,jq
is a binary mask that restricts the loss to regions of zgﬁ(),p
that correspond to non-empty areas in the cropped sparse

(@)

crop,t?’ t’

L=E

(4) -
€,Z¢rop T, T, M

[Hmvalid ® (‘I’(Z

panorama xf,?no. Hence, we fine-tune the model to predict the

noise added to zgﬁ(),p at timestep ¢ (see Supp. Section S1.1.1
for details on this reverse diffusion process).

We use low-rank adaptation (LoRA) [25] to optimize the
model’s self-attention layers and preserve the capabilities
of the Stable Diffusion model’s pre-trained weights. The
cross-attention layers undergo full-parameter fine-tuning to
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Figure 4. Panorama generation. We use the fine-tuned model to
iteratively outpaint each tile (green grid) of the panorama, in order
of distance from the center (white arrows), to create a seamless
result.

better adapt to the positional encoding information provided
by c.. Last, we initialize and optimize all parameters of the
context encoder Eqx.

3.3. Panorama Generation

After fine-tuning, we generate a seamless panorama Xpano
by outpainting one of the initial sparse panoramas x},@?,o.
The main challenge in this step is that the resolution of
the panorama is much larger than the nominal resolution
for which the inpainting diffusion model is trained—so we
cannot generate the entire panorama in a single inference
pass. Instead, similar to prior work [6, 18, 26, 30, 39], we
sequentially denoise tiles of the panorama to generate the
final output as depicted in Figure 4. We apply the sequential
denoising procedure to the sparse panorama containing a
centered warped reference image — this is an arbitrary image
to which we register the other reference images during the
initial layout estimation process (Section 3.1).

Specifically, we generate an evenly spaced grid of over-
lapping i 1mage tiles or boxes {b(Y}B | across the panorama,
where b = {2() () H W} gives the pixel coordinates
of the corner of the tile and the height and width of the tile.
In practice, we use 20% overlap between tiles, and we set
H = W = 512. After positioning the tiles, if some tiles
extend beyond the extent of the panorama, the overlap is
reduced until all tiles fit within the panorama in both the
vertical and horizontal dimensions. For each tile in the grid,
we run the full reverse diffusion process using the DDPM
sampler [22] to inpaint/outpaint the missing regions of the
tile. Inpainting/outpainting masks are feathered and compos-
ited with the current state of the generated panorama Xpano-
Different than training, where we randomly sample the mask
values m, during inference we set the m values to indicate
which regions of each input tile have not yet been generated.
The tiles are denoised in order of increasing distance from



their centroids to that of the warped reference image. We
provide pseudocode for this procedure in Supp. Section S1.2.

3.4. Implementation Details

Masking and augmentation. Inpainting masks are syn-
thesized with randomly generated patterns following Tang et
al. [60]. We also introduce an augmentation scheme which
perturbs the location of the warped images in the sparse
panoramas with a random similarity transformation. We find
that this helps to avoid seams from appearing in the final
output panoramas at the boundaries of the warped images.

Correspondence-based seed selection. We employ a
correspondence-based seed selection process [60] to identify
generated panoramas whose layout matches the result of
feature-based image registration [8]. Specifically, we gen-
erate ten panoramas with different random seeds and take
our output to be the panorama with the most feature matches
(computed with LoFTR [56]) compared to the reference. See
Supp. Section S1.2 for additional implementation details.

Training and inference. We apply LoRA to the Stable
Diffusion model’s self-attention layers and fully fine-tune
the cross-attention layers and &, using AdamW with learn-
ing rates of 1 x 10~* (LoRA), 3 x 10~* (cross-attention),
and 8 x 107* (Exn). Training runs for 4,000 iterations with
batch size 32 and takes 4.5 hours on 2xA100 GPUs. At
inference, a 1000 x 3000 panorama typically takes 1 minute
to generate on a single RTX 2080 Ti. We use classifier-free
guidance [23] with c.x = 0 and a guidance scale of 1.5. Ad-
ditional training details are provided in Supp. Section S1.3.

4. Experiments

Dataset. We evaluate our method on two datasets: a newly
collected dataset and a subset of the UDIS dataset [42]. Our
new dataset comprises eight scenes, each captured under
two settings: a set of tripod-captured images obtained by
rotating a camera on a tripod, and a set of casually captured
images acquired from varying viewpoints using a handheld
camera (Fujifilm X100 VI).

The tripod-captured dataset, with minimal parallax, aligns
with assumptions of standard stitching methods and is used
to compute a reference panorama for evaluating image qual-
ity. In the casually captured dataset, the distance between
viewpoints varies by up to one to two meters, and we also
introduce other challenging variations, such as capturing im-
ages of the same scene with varying illumination conditions,
camera white balance, or image color palette. The casually
captured dataset also tests robustness to parallax, illumina-
tion, and style variations. A detailed description and number
of of captured images for each scene is provided in Supp.
Section S1.4. The dataset will be released publicly.

To facilitate comparison across output panoramas, we
include one tripod-captured image within the set of casually

5088

captured images. We configure our method and all baselines
so that this shared image is placed at the center of the out-
put panorama, ensuring a consistent layout across output
panoramas from both sets of images.

Baselines. We compare our approach to the following
methods (see Supp. Section S1.5 for details).

* AutoStitch [8]: A conventional image stitching pipeline
using feature matching, homography estimation, warp-
ing, and blending. Its bundle adjustment procedure pro-
vides robust multi-image alignment and informs our own
panorama layout estimation.

Stable Diffusion 2 Inpainting [4]: The backbone of our
method, used here without positional encoding or fine-
tuning; we follow the same iterative outpainting process
as our approach.

RealFill [60]: A reference-guided inpainting model fine-
tuned for outpainting. We use their inpainting-based fine-
tuning strategy and then perform inference using our itera-
tive outpainting procedure. We use RealFill as it is closest
to our task and outperforms other related generative in-
painting methods [70, 77].

Agisoft+NeRF: A geometry-based baseline using Agisoft
Metashape [3] (commercial photogrammetry software) for
camera pose estimation and NeRF [40] for novel view
synthesis. We render novel views corresponding to rotat-
ing the camera from an initial viewpoint and stitch them
together with AutoStitch.

RDIStitcher [67]: A reference-driven diffusion model ap-
plied iteratively to stitch overlapping image pairs. To
adapt this method to the multi-image setting, we warp
the input images onto a panorama canvas, manually crop
overlapping regions for image pairs, and iteratively paste
the stitched results into the panorama.

Metrics. We evaluate our method using standard image
quality metrics, learning-based metrics that assess high-level
image structure, and feature-matching-based metrics that
assess how well our approach preserves the scene layout.
Specifically, we use standard image quality metrics: peak
signal-to-noise ratio, structure similarity [64], and learned
perceptual image patch similarity [76]. To evaluate high-
level image structure, we use DreamSim [19], which assesses
similarity in semantic content and layout. We also compute
the cosine similarity between the DINO [13] and CLIP [49]
full-image embeddings. Additionally, we use image feature
matches from LoFTR [56] to assess how well the layout of
the output panorama matches a reference. We report both
the L2 distance between the pixel coordinates of matching
features and the number of matched features divided by the
total number of features in the reference image (see Supp.
Section S1.6 for more details).

Qualitative results. We show qualitative results on the
tripod-captured dataset in Figure 5 and on the casually-
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Figure 5. Qualitative results on the tripod-captured dataset. We find that our approach produces panoramas that are more consistent with the
layout and content of the reference panorama than baseline approaches based on inpainting/outpainting.

Method PSNR (dB)1 SSIM{  LPIPS| DreamSim| DINO ¢ CLIP+  LoFTR (L2 Distance) | LoFTR (Matching) 1

SD2 9.97 (0.74) 0.267 (0.099) 0.650 (0.040) 0.295 (0.050) 0.916 (0.031) 0.859 (0.074) 85.45 (56.00) 0.012 (0.003)
RealFill 11.71 (1.61) 0.366 (0.143) 0.559 (0.069) 0.198 (0.040) 0.952 (0.020) 0.918 (0.048) 43.01 (35.07) 0.030 (0.010)
proposed 12.11 (2.05) 0.388 (0.136) 0.453 (0.077) 0.107 (0.031) 0.974 (0.019) 0.941 (0.033) 15.11 (7.60) 0.181 (0.080)

Table 1. Quantitative assessment of generative panoramic image stitching on the tripod-captured image dataset. We outpaint a single warped
reference image (see Figure 5), and compare the generated result to a reference panorama produced using AutoStitch [8]. Our approach
generates panoramas that are most faithful to the reference images. Standard deviations are reported in parentheses.

captured image datasets in Figures | and 6. For the tripod- Quantitative results. We report quantitative results on
captured dataset we observe that the Stable Diffusion in- the tripod-captured and casually captured image datasets in
painting model [4] produces image content that is locally Tables | and Tables 2, respectively. For the tripod-captured
plausible, but fails to adhere to the layout and content of the dataset, we construct a reference panorama using the method
actual scene. RealFill [60] improves on this result, but tends AutoStitch [8], which is well-suited to these images, as they
to repeat scene content from the reference images without have minimal parallax or variations in illumination. We find
respecting the actual scene layout. Our approach provides a that the proposed approach generates panoramas that are
much closer match to the layout of the reference panorama significantly more consistent with the layout of the reference
while also resolving seams and avoiding ghosting artifacts. panorama than the baselines. This trend is clear from the
qualitative results as well as the metrics that assess similarity

For the casually captured results in Figure 6, we compare in high-level image structure (e.g., DreamSim, CLIP) and

to AutoStitch [8], which fails to convincingly blend between in layout based on feature matching (LOFTR). We note that
the different image regions, resulting in ghosting and other low-level image quality metrics (e.g., PSNR, SSIM) are
artifacts. We see similar artifacts for RealFill as in the tripod- perhaps less usef'ul .for assessing performance on this task
captured dataset, and we find that our approach produces F)ecause.small variations in layout can produce’large changes
seamless results that are more consistent with the layout and in the pixel values. Nevertheless, these metrics follow the
content of the scene. Additional results for all scenes and Ag- same trend as the high-level metrics, and are included for
isoft+NeRF and RDIStitcher baselines are included in Supp. completeness.

Section S2. We find that the Agisoft+NeRF baseline exhibits
artifacts due to the sparse number of viewpoints, and our ex-
tension of the RDIStitcher baseline to multi-image stitching
results in seams due to the requirement to stitch image pairs
sequentially compared to our global optimization.

For the casually captured image dataset, we compare the
output of our approach and baselines to the same reference
panorama as before (i.e., computed with the tripod-captured
dataset). For RealFill and our proposed method, we em-

5089



AutoStitch RealFill proposed

Figure 6. Qualitative results on the casually captured dataset. Even in this challenging scenario, where the input images have strong parallax
effects and variations in style, illumination, color palette, or camera capture settings, our approach reconstructs seamless panoramas that
preserve the content and layout of the reference.

Method PSNR 1 SSIM 1 LPIPS| DreamSim| DINO 1 CLIPT LoFTR (L2 Distance) | LoFTR (Matching) 1
Agisoft+NeRF 10.22 (1.43) 0.282 (0.129) 0.748 (0.058) 0.210 (0.066) 0.903 (0.027) 0.874 (0.035) 75.30 (41.33) 0.104 (0.054)
Omni? Inpainting  10.12 (1.24) 0.302 (0.042) 0.808 (0.044) 0.355 (0.040) 0.802 (0.021) 0.809 (0.023) 68.06 (22.95) 0.062 (0.027)
Omni? Outpainting 8.87 (0.64) 0.264 (0.013) 0.848 (0.018) 0.360 (0.021) 0.829 (0.013) 0.829 (0.018) 84.49 (12.28) 0.006 (0.000)
RDIStitcher 11.31 (1.49) 0.035 (0.126) 0.697 (0.081) 0.212 (0.059) 0.926 (0.036) 0.819 (0.063) 17.55 (10.03) 0.108 (0.046)
SD2 9.97 (0.74) 0.267 (0.099) 0.650 (0.040) 0.295 (0.050) 0.916 (0.031) 0.859 (0.074) 85.45 (56.00) 0.012 (0.003)
RealFill 11.47 (1.50) 0.360 (0.141) 0.578 (0.058) 0.197 (0.024) 0.943 (0.024) 0.912 (0.036) 30.75 (7.82) 0.026 (0.008)
AutoStitch 10.61 (1.74) 0.335 (0.128) 0.554 (0.060) 0.202 (0.070) 0.949 (0.017) 0.906 (0.042) 16.57 (8.34) 0.168 (0.048)
proposed 11.35 (2.15) 0.374 (0.143) 0.508 (0.076) 0.137 (0.033) 0.971 (0.013) 0.917 (0.035) 17.97 (5.14) 0.130 (0.056)

Table 2. Quantitative assessment of generative panoramic image stitching from casually captured images. We compare the generated
results to a reference panorama using AutoStitch [8] on the tripod-captured dataset. Our approach generates panoramas that are close to the
reference despite operating on images with parallax and variations in style or lighting.

ploy correspondence-based seed selection. Since the set of nificant advantage over LoRA and is more computationally
input images differs from that of the reference panorama, expensive; correspondence-based seed selection improves
we notice worse performance in the low-level image qual- the overall image quality and feature similarity. In Supp.
ity metrics on this dataset. However, our approach still Section S2.4 we provide additional ablations to evaluate the
outperforms baselines for most metrics. We notice similar effects of guidance scale, seed selection, tiling strategy, and
trends in the high-level image quality metrics to those of the positional encoding frequencies.

tripod-captured dataset, which suggests that our approach
retains the same layout and structure as the reference despite
the significantly more challenging setting. While AutoS-
titch [8] performs slightly better than our method on the
feature-matching based metrics, it achieves this at a cost of
seams and other artifacts because it imperfectly accounts for
parallax and variations in capture settings or illumination.
Finally, metrics for Agisoft+NeRF are lowered by artifacts

No-reference image quality evaluation. We evaluate our
method on no-reference image quality metrics using the
UDIS [42] dataset. We selected two outdoor scenes from
the UDIS test set and reorganized the associated images to
form multi-view input groups that could be stitched together
(see Supp. Section S1.4). Since the UDIS dataset does not
provide a reference panorama, we evaluated the stitched
outputs using no-reference image quality metrics, including

from viewpoint sparsity, and for RDIStitcher due to seams HyperIQA [55], CLIP-IQA [63], and SIQS-Q [67]. Across
introduced by sequential stitching. Stitching failed in about both scenes, our method achieved the highest image quality

~ 15% of Agisoft+NeRF scenes due to artifacts and inability scores, outperforming AutoStitch and RDIStitcher in terms
to match features well. of perceptual consistency and overall panorama quality. We

Ablation study. We conduct an ablation study on four provide qualitative results in Supp. Section S2.

scenes from the casually captured dataset (see Table 3). We Additional experiments. We further analyze our method’s
evaluate (1) not perturbing the warped image positions (Sec- robustness to layout errors, misalignment, panorama reso-
tion 3.4), (2) replacing LoRA with full fine-tuning of the lution, and correspondance-based seed selection in Supp.
self-attention layers, and (3) using a single random seed Sections S2.6- S2.9. Results show that performance de-
instead of correspondence-based seed selection. Without grades gracefully under moderate homography perturbations
perturbation, the model is less robust to misalignments in and pixel misalignment, retains performance trends between
the initial layout estimation; full fine-tuning shows no sig- baselines with and without correspondence-based seed selec-
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Method PSNR 1 SSIM 1 LPIPS| DreamSim] DINO 1 CLIP1T LoFTR (L2 Distance) | LoFTR (Matching) 1

proposed (w/o perturb) 10.83 (1.76) 0.394 (0.100) 0.547 (0.058) 0.146 (0.011) 0.971 (0.014) 0.920 (0.042) 20.90 (3.76) 0.099 (0.040)
proposed (w/o LoRA)  11.00 (1.89) 0.420 (0.102) 0.534 (0.054) 0.142 (0.019) 0.972 (0.012) 0.923 (0.032) 19.37 (5.06) 0.117 (0.042)
proposed (random seed) 11.24 (2.07) 0.375 (0.140) 0.514 (0.076) 0.139 (0.034) 0.971 (0.012) 0.922 (0.034) 19.95 (7.48) 0.121 (0.052)
proposed 11.35 (2.15) 0.374 (0.143) 0.508 (0.076) 0.137 (0.033) 0.971 (0.013) 0.917 (0.035) 17.97 (5.14) 0.130 (0.056)

Table 3. Ablation study. We evaluate the effects of omitting (1) the similarity transform used to perturb the location of the warped images
in the sparse panoramas (w/o perturb.), (2) LoRA and instead using full fine-tuning on the model’s self-attention layers (w/o LoRA),
and (3) correspondence-based seed selection (random seed). We compare the generated results to a reference panorama produced using
AutoStitch [8] on the tripod-captured dataset.

Backyard Bedroom Cops College Livingroom Street TTC Waterfront winter

£y
k_

Tripod Captured ~ 0.0363  0.0062 0.0008 0.0017  0.0070  0.0008 0.0029 0.0012
Casually Captured 0.0341  0.0076 0.0124 0.0553  0.0712  0.0166 0.0991 0.0054

Table 4. Average Baseline-to-Depth Ratio (1 higher means more
parallax; see Supp. Figs. S4 and S5 for images for each scene).
Scene \ Method HyperIQA (1) CLIP-IQA (1) SIQS-Q (1)

RDIStitcher  55.99 (52.00) 0.38 (0.29) 7.0(5.22)
Scenel | AutoStitch 66.96 (0.67) 0.26 (0.0) 6.4 (2.31)
Proposed 67.27 (66.08) 0.52 (0.50) 10.0 (10.0)

RDIStitcher 47.93(45.56)  0.20(0.18) 6.0 (5.11)
Scene2 | AutoStitch  54.35 (0.66) 0.42 (0.0) 8.1 (0.54)
Proposed  56.10 (54.85)  0.60 (0.58) _ 8.00 (7.20)

Table 5. No-reference image quality evaluation. We evaluate our
proposed method using no-reference image quality metrics on the

UDIS dataset using two sample scenes. For each scene, we man- Figure 7. Generative stitching result (bottom) with changing scene
ually selected a set of overlapping images that can be stitched content in the reference images (top). See Supp. Section S1.4 for
together to form a larger panorama. all reference images for this scene.

pear in the winter images but not the spring images. Despite
these challenges, we achieve a coherent output panorama.
Other scenes with strong lighting or white balance changes
across the input image set demonstrate this as well (e.g.,
Figs. 1, 6, and S9). Finally, we include an example of

Our work overcomes several failure cases associated with panorama stitching from an online photo-collection with
conventional panoramic image stitching methods and shows transient objects in Fig. S14.

the utility of image generation methods for this low-level
computer vision task. We see multiple promising directions
for future work. While our method is currently fine-tuned on
a single scene, future extensions could train a more general
model that incorporates layout and content from multiple
reference images in a feed-forward fashion. Additionally,
we show how our method can handle input images with large
variations in viewpoint, lighting, white balance, and color
palette. However, strong variations in scene content, such as
dynamic scenes with moving objects, can be challenging to
handle with our layout estimation scheme, which leverages
conventional feature matching and homography estimation.
Handling transient objects. Addressing dynamic scenes
with transient objects remains an interesting challenge. In

tion, and remains stable across increasing panorama sizes,
demonstrating strong structural consistency and scalability.

5. Discussion

Parallax. We include a quantitative assessment of paral-
lax in our dataset to better assess the problem setting and
limitations of our approach. Specifically, in Table 4, we
report the baseline-to-depth ratio for each scene, averaged
across all overlapping image pairs. The metric is computed
by estimating poses with Agisoft Metashape and taking the
ratio of the baseline and average scene depth (across trian-
gulated features) for each image pair. Our casually captured
dataset covers a range of baseline-to-depth ratios, where a
large ratio indicates a greater amount of parallax. Ultimately,
if the parallax between views becomes so significant that we
cannot find feature correspondences and produce a coarse
alignment via homography, our method will fail.

Fig. 7 we show that our method is relatively robust to scene Broader impact. In contrast to conventional image-
changes, e.g., using images captured in winter and spring. stitching methods, we use an image generation model that
There are a number of inconsistencies/transient objects that can hallucinate scene content. Hence, our method should be
the model must resolve to create the stitched output; for ex- used for applications where the qualitative appearance of a
ample, cars are in different locations, and the snow banks ap- panorama is more important than strict pixel-level fidelity.
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