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Abstract

Diffusion models have been utilized as powerful tools for
various image editing tasks, including semantic image paint-
ing(SIP), which aims to generate content within masked re-
gions conditioned on a reference image or text. SIP, especially
those using images as condition, often suffers from three is-
sues: semantic inconsistency, unnatural transitions and style
inconsistency, which significantly hinder its practical applica-
tion. To address these challenges, we propose a novel Seman-
tic image Painting framework with INdependent INforma-
tion INjection(Spin). Specifically, we compute a saliency map
to segregate the reference image into salient and non-salient
components. We then filter out the non-salient information of
it during the semantic embedding extraction phrase, and pre-
cisely inject the semantic embedding into the masked region
instead of the whole image during the semantic generation
phrase. Furthermore, we impose an additional style guidance
to promote style consistency between background and fore-
ground. Experimental results demonstrate that Spin achieve
superior semantic similarity and image coherence across var-
ious styles, including realistic, pencil drawings, cartoon, and
oil painting. Additionally, Spin offers diversity and editabil-
ity, and can be integrated into other models that meet our pre-
requisites.

1 Introduction
In recent years, generative models have rapidly advanced,
making editing specific areas of real images more conve-
nient, such as using image inpainting techniques to easily
eliminate unwanted objects from designated areas. However,
it is a very common scenario where people want to generate
specific content in those areas, such as in photo editing and
secondary creation of artworks, which is an equally impor-
tant but understudied aspect. Semantic Image Painting (SIP)
aims to fill regions defined by masks in an image according
to semantic conditions specified by text or images, ensuring
that the background outside the mask remains unchanged,
the content within the mask aligns with the semantic condi-
tions, and the image appears visually coherent and complete.

Before the emergence of diffusion models, the methods
work best on text-conditioned SIP often leverage the power-
ful generative power of GAN(Goodfellow et al. 2020). But
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Figure 1: semantic image painting aims to inject semantic
condition to the mask region. Our method achieves remark-
able results in various domains.

they can only generate images from a specific domain and
can’t achieve good preservation of the background. Image-
conditioned SIP is divided into several subtasks (Niu et al.
2021), and traditional methods usually only focus on one
task while ignoring other aspects. Also, it is difficult to ob-
tain more diverse results while ensuring semantics. With the
advancement of diffusion models, notable progress has been
made in SIP. Current diffusion-based techniques excel in
background preservation, can generate more diverse results,
and are not domain-specific.

However, there are still some unsolved issues, due to the
simultaneous influence of the semantic condition and the
background image on the generated region, which will cause
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unnatural results: 1) There is often an insufficient consis-
tency between the main generated content and our desired
semantic conditions. 2) The transition between content in-
side and outside the mask is unnatural, particularly at the
boundaries. 3) When the background image is not a image
of the real domain, the style of the generated region is not
consistent with the background. And above issues are more
obvious for image-conditioned SIP. Addressing these issues
effectively could significantly enhance the results of SIP and
greatly improve its practical application.

The causes of issue 1 and 2 share some similarities, which
can be attributed to two main aspects: i) When the semantic
condition is specified by a reference image, it includes not
only the salient information we aim to preserve but also un-
desired content, such as background details. This unwanted
content may interfere with the generation of the target con-
tent, leading to issue 1. Additionally, if undesired elements
like background information are generated within the mask,
they contribute to issue 2; ii) the cross-attention mechanism
of the diffusion model tends to inject the semantic condi-
tion into the whole image, so the content generated within
the mask reflects only a partial alignment with the seman-
tic condition, contributing to both issues 1 and 2. And is-
sue 3 arises due to insufficient incorporation of the back-
ground image information into the mask, which prevents its
stylistic elements from being effectively integrated into the
foreground. So to address or alleviate the existing issues in
SIP, one possible approach is to decouple the semantic and
non-semantic parts of the reference image, filtering out non-
semantic information while enhancing the injection of se-
mantic details. And the enhancement means that semantic
conditions should be guided to be fully injected within the
mask. Furthermore, during semantic injection, it is benefi-
cial to constrain the generated content to maintain the simi-
lar style as the background image.

In this paper, we propose a framework called Spin, based
on text-to-image diffusion models. To accommodate both
text and image as semantic condition, we utilize textual in-
version technique(Gal et al. 2022) to learn a correspond-
ing text embedding when the semantic condition is specified
by an image. To focus only on semantically significant por-
tions, we introduce a saliency focus loss on top of existing
textual inversion methods.This ensures that the learned text
embedding captures prominent information from the refer-
ence image while diminishing attention to non-essential con-
tent, such as background information. To inject semantic in-
formation into the mask, we design Attention-based Region
Guidance(ARG). Specifically, we modify the input of the
original cross-attention module by using the results of self-
attention on the content within the mask as query vectors,
which are then cross-attended with text embeddings. This
ensures that semantic information is directed into the mask
while preserving the original self-attention output, allowing
background information to also be injected into the mask.
To incorporate the background style into the mask, we use
the style of the background image as the target style. We
guide the adjustment of the predicted noise by measuring
the difference between the style estimated at each step in the
pixel space during the diffusion process and the target style.

With the above design, we obtain satisfactory results on the
SIP task (see Fig.1). Additionally, all our designs are plug-
and-play components that can be transferred to other image
generation models that meet the criteria, meaning that our
performance will improve with the advancement of person-
alization task for T2I models and the improvement of foun-
dational text-to-image models.

Overall, our key contributions are as follows:
• When the semantic condition is an image, we design a

saliency focus loss Ls to enhance personalization meth-
ods, which can learn the semantically significant parts of
the reference image while weakening focus about the rest.

• We design the Attention-based Region Guidance to make
semantic condition injection independent. Combining it
with Ls, we achieve both semantic consistency and a har-
monious transition.

• We design the style guidance to let background informa-
tion inject independently, which improves the consistency
in style between the masked and unmasked regions.

• Experimental results show that we achieve higher seman-
tic similarity and image harmony than existing methods
in four domains. Also, our approach is diverse, editable,
model-independent so can be used in other frameworks.

2 Related Work
Personalization for T2I models. To leverage the power-
ful ability of text-to-image models to generate images sim-
ilar to the reference image, TI(Gal et al. 2022) learned a
text embedding that captures features of the reference im-
age. However, it can’t efficiently learn satisfactory embed-
dings, especially when the distribution of the input image
and the training images are significantly different. Drea-
mArtist(Dong, Wei, and Lin 2022) and VCT(Cheng et al.
2023) extended TI to multi-tokens TI, and proposed the la-
tent loss and pixel loss respectively. NeTI(Alaluf et al. 2023)
and P+(Voynov et al. 2023) improved the text-conditioning
latent space, while DreamBooth(Ruiz et al. 2023) fine-tuned
the UNet. They are effective improvements, but all aim to
learn the complete information of the reference image while
in SIP we only want to learn the salient semantic information
of the reference image.

In this paper, we propose a loss that focuses on the salient
parts when learning concepts and can be used as reinforce-
ment in all the above methods.
Semantic image painting. Before the advent of diffusion
models, significant efforts had already been made to address
SIP tasks. BigGAN(Brock, Donahue, and Simonyan 2018)
and related works utilized GANs for text-conditioned SIP,
while many traditional methods focused on solving specific
subtasks of image-conditioned SIP. For instance, Poisson
Image Editing(Pérez, Gangnet, and Blake 2023) was one of
the outstanding pioneering work focusing on image blending
while ignoring other aspects, and DIB(Zhang, Wen, and Shi
2020) has designed the Poisson Gradient Loss based on it.
However, they have many limitations and can’t achieve di-
verse and satisfactory results. The fusion of diffusion model
and CLIP promotes the progress of text-conditioned SIP, and
also enables the image-conditioned SIP to achieve a har-
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Figure 2: Left: the issues with existing methods. Right: our pipeline. When the semantic condition is an image, we first use our
proposed Ls in the embedding extraction phase to better learn the salienct semantic information of the reference image. Then,
in the semantic image painting phase, we use Attention-based Region Guidance to guide the learned semantic conditions to be
independently injected into the mask, and apply style guidance to update the noise predicted at each step.

monious effect. Blended(Avrahami, Lischinski, and Fried
2022) and BLD(Avrahami, Fried, and Lischinski 2023) in-
troduced gradient guidance to keep the unchanged back-
ground outside the mask based on the clip score, allowing
the text to affect only the mask region. SmartBrush(Xie et al.
2023), SD-inpaint(Rombach et al. 2022) and PPt (Zhuang
et al. 2023) fine-tuned the diffusion model to ensure that the
content outside the mask is unchanged and the text only re-
sponds inside the mask. They implemented text-conditioned
SIP using diffusion models, but can’t receive images as in-
put, and thus can’t provide more detailed control. Paint(Yang
et al. 2023) fine-tuned the original CLIP model and dif-
fusion model, Any(Chen et al. 2023b) represented the tar-
get into corresponding features and combined them into the
interaction with the background. They performed well in
image-conditioned SIP within the real domain, but struggled
with tasks in non-real ones. Uni(Yu et al. 2023) could re-
ceive both text and images as semantic conditions and had
demonstrated good performance in some cross-domain tasks
but not all. Also, it often exhibits unnatural transitions at
the edges of the mask. TF(Lu, Liu, and Kong 2023) and
Magic(Ruiz et al. 2024) achieved impressive cross-domain
image synthesis results, but they failed to maintain adequate
semantic consistency with reference images. And TF re-
quired additional information but failed to produce diverse
or editable results.

We propose a method that can receive text or image as

semantic conditions and addresses issues of semantic incon-
sistency, unnatural transitions, and style inconsistency.

3 Method
Given a background image Ib, a mask M , and a reference
image Ir or prompt, Spin generates an image Ig where
(1 −M) ∗ Ig ≈ (1 −M) ∗ Ib, the content in M ∗ Ig is as
close as possible to the semantic information specified in Ir

or prompt, and the whole image looks harmonious and con-
sistent. In the generation phase, we replace M ∗ zt with cor-
responding values obtained by ddim inversion(Song, Meng,
and Ermon 2020) of Ib to preserve the background. And
other parts of our approach are presented in Fig.2.

3.1 Precise semantic Injection
Semantic Extraction Through Saliency Focus. To obtain
salient semantic information from the reference image, we
aim for the learned semantic embedding vimg to capture
the key semantic parts and minimize interference from un-
wanted elements like background information. To achieve
this, we enhance existing personalization methods by intro-
ducing a new loss function, referred to as the saliency focus
loss Ls:

Ls =∥ẑ0 ∗ S +B(ẑ0) ∗ (1− S),

z0 ∗ S +B(z0) ∗ (1− S)||2
(1)

where ẑ0 refers to the estimated clean latent given zt and
vimg . B(ẑ0) includes all operations that weaken ẑ0, and in

8353



practice we use Gaussian blurring because it also enhances
the salient regions. S is the saliency mask, which marks the
salient and desired region in Ir. To compute S, we first
extract the self-attention map from a specific layer of the
UNet during the learning of vimg. Next, we average the self-
attention map values across the channel dimension and sum
the contributions of each latent pixel to others. The result-
ing values are then interpolated to match the latent vector’s
height h and width w, yielding a saliency map denoted as
Oi,j, where 0 ≤ i,j ≤ w, h. Since the self-attention map cap-
tures the relationships between latent pixels, Oi,j reflects the
saliency of each latent pixel. So it is subsequently used to
define S:

Si,j =

{
1 if Oi,j

t ≥ γ

0 otherwise
(2)

where γ denotes the threshold, and empirically we set γ = 1
in this work.
Attention-based Region Guidance. To let the semantic
condition respond only within M , we design Attention-
based Region Guidance to achieve the goal. Technically, we
don’t change results of the normal self-attention operation.
But we make a copy of the feature injected into it, keeping
only the values within M to apply self-attention:

{
f = F (zt),
f ′ = {fi,j | M(i, j) = 1} (3)

We use F (zt) to denote all operations performed by the de-
noising network on the latent vector zt before applying self-
attention. Then the cross-attention operation is performed
between it and the text embedding v. The final feature h ob-
tained by the attention operation is:

h = SA(f) + CA(SA(f ′), v) (4)

where SA is self-attention and CA is cross-attention.
Our design is based on the following considerations: dur-

ing cross-attention stage, semantic information is injected
into a set of tokens processed by self-attention. If we only
retain the cross-attention values corresponding to the latent
vectors within M and discard the values outside M , only the
semantic information within M is preserved, which is in-
complete. In contrast, our approach ensures the complete in-
jection of semantic information into M . Additionally, we re-
tain the original self-attention output to preserve background
details, ensuring they also influence the generation within
M .

3.2 Style Guidance
During the denoising process, the background style informa-
tion is already progressively injected into M through each it-
eration of the diffusion model. However, in SIP task, to pre-
serve the background, we replace latent vectors outside M .
Concatenating features directly at the noise level may pro-
duce outputs that deviate from the expected data distribution,
potentially causing artifacts or inconsistencies(Avrahami,
Lischinski, and Fried 2022), especially when Ib comes from

a non-real domain. Thus, the model’s inherent denoising ca-
pability is insufficient to inject background information into
the mask.

We explicitly leverage the background style information
to guide the generation process toward the correct manifold.
To achieve this, we use the style difference between the cur-
rently predicted latent vector and the background vector as
guidance. Since no model exists for computing style loss di-
rectly on latent vectors, we decode the latent vectors into
pixel space to utilize existing models in that domain. Conse-
quently, the style loss can be based on any style loss defined
in pixel space, and in our experiment, we use the simplest
one:

StyleLoss(D(ẑ0), I
b) =

L∑
l=1

∥Gl(D(ẑ0))−Gl(I
b))∥2

(5)
where D(·) denotes the VAE decoder, and Gl(·) represents
the l-th layer of style extractor. Finally, we can adjust the
predicted noise by style guidance:

ϵ̃θ(zt) = ϵθ(zt) + s
∂StyleLoss(D(ẑ0), I

b)

∂zt
(6)

ϵθ(zt) represents the noise predicted by the denoising net-
work at time t, while ϵ̃θ(zt) represents the final predicted
noise at time t. And s is the style control coefficient that gov-
erns the influence of style guidance, which we typically set
to 0.1 in our experiments. The repaint technique(Lugmayr
et al. 2022) is also commonly used, although not very effi-
cient. The inefficiency lies in adding random noise without
guidance, whereas our style guidance offers clear direction.
And we can retain its concept of employing guidance tech-
niques multiple times to enhance our effect.

4 Experiments
4.1 Experimental settings
Dataset. We mainly use the dataset proposed by TF(Lu, Liu,
and Kong 2023), which contains 332 sets of data from four
domains: real domain, pencil drawings domain, cartoon do-
main and oil painting domain. In the quantitative experi-
ments, we construct the test-set by all data from real domain
where metrics are more effective. In the qualitative experi-
ments, we enrich it by collecting images from the Internet
since it lacks non-real domains images.
Baselines. We compare with the excellent open source
methods mentioned in related work. In personalization of
the T2I model, the improvement we propose is based on
multi-tokens TI(Gal et al. 2022), so we choose basic TI,
multi-tokens TI, DreamArtist and VCT for comparison. The
text-conditioned SIP methods we choose for comparison in-
clude Blended, BLD, SD-inpaint, PPt and Uni. For image-
conditioned SIP, we compare our method with DIB, Any,
Paint, Uni and TF.
Metric. For personalizing the T2I model, we want to pre-
serve the information of salient parts of the reference im-
age, that is, the semantic information. So the similarity be-
tween the generated image and the reference one is impor-
tant. We use CLIPI (Ramesh et al. 2022) at different steps as
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Input TI Multi-tokens DreamArtist VCT Ours

Figure 3: Comparison with existing methods for personal-
ization of the T2I model.

the evaluation metric. For SIP task, we use LPIPSBG(Zhang
et al. 2018) to reflect the perceptual similarity between the
masked-out pixels of Ig and Ib. CLIPI/T (Ramesh et al.
2022) is used to to reflect the semantic similarity between
the masked-in pixels of Ig and Ir or prompt. NIMA(Talebi
and Milanfar 2018) and User Score(Croitoru et al. 2023) are
used to measure the harmony of the generated images, which
reflects the transitions naturalness and the style consistency.
The details of User Score and its preferred rate version are
in the appendix.
Implementation details. Our experiments are conducted on
a single V100 GPU. Most of the baselines are based on ver-
sion 1.4 of Stable Diffusion(Rombach et al. 2022), so we use
the same model for fairness. We adopt DDIM(Song, Meng,
and Ermon 2020) with 50 steps for sampling and set the CFG
scale(Ho and Salimans 2022) to 7.5. For each reference im-
age, we perform 200 iterations using the AdamW(Kingma
and Ba 2014) optimizer with a learning rate of 0.0005.

4.2 Personalization of the T2I model
Qualitative comparisons. We select data from four do-
mains, and generate embeddings with each method using the
same number of iterations. We let TI(Gal et al. 2022) opti-
mize 6 tokens to represent the target concept, while other
methods optimize all. For Dreamartist(Dong, Wei, and Lin
2022) and VCT(Cheng et al. 2023), we add their proposed
pixel loss and latent loss to the original loss respectively. The
results are shown in Fig. 3.

The effect of multi-tokens textual inversion is gener-
ally better than basic textual inversion, but still not similar
enough to the reference image. The introduction of pixel
loss is easy to learn sharper image information and distort
the generated images, while our proposed Ls and latent loss
can better learn the image information. And we don’t overfit
the contour information while capture more detailed seman-
tic information.
Quantitative comparisons. The quantitative experimental
results are shown in Fig. 4. Considering the training time
should not be too long, we train each method for 200 steps.
This allows all methods except adding pixel loss to be fin-

25 50 75 100 125 150 175 200
Training Steps

82

84

86

88

90

CL
IP
I S

co
re

s

CLIPI of Different Methods on Different Training Steps
TI
Multi-tokens
DreamArtist
VCT
Ours

Figure 4: Quantitative analysis of feature concept learning
tasks.

ished within five minutes. By the 20th iteration, all meth-
ods begin to show noticeable effects, with CLIPI steadily
increasing as training progresses. Under the same training
steps, the method with multi-tokens has higher scores than
the pure TI. The training time is longer while CLIPI is lower
after adding pixel loss, likely due to the overly strict pixel-
level constraints. In comparison, our approach and VCT
show better learning results. Within the first 60 iterations,
our method matches the CLIPI of VCT and eventually sur-
passes it. By the 150th iteration, it already achieves the best
performance of the existing methods at 200th iteration. Ls
strikes a balance between effectiveness and time efficiency.

Figure 5: Ablation experiments.

4.3 Semantic image painting
Qualitative comparisons. The results for text-conditioned
SIP are illustrated in Fig.6. Our method is the only one that
generates harmonious, high-quality and high consistency
with text across a variety of cross-domain data. Blended,
BLD and Uni encounter issues with unnatural transitions,
while SD-inpaint and PPt struggle with generating content
that aligns with the semantic conditions. And none of the
them achieve a style consistent with the background, which
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Figure 6: Comparison of text-conditioned SIP methods

Input BLD DIB Any Paint Uni TF Ours

Figure 7: Comparison of image-conditioned SIP methods.

is particularly evident in the second row of Fig.6. Addition-
ally, the image generated by Blended inside the mask con-
tains significant noise and requires long inference times for
good results. SD-inpaint struggles to respond to some of the
texts, likely due to its inpainting-focused training.

For the image-conditioned SIP, as demonstrated in Fig.7,
good generation results are obtained by us even when the
background or reference images were from non-real do-
mains. In contrast, Blended is difficult to generate the details
clearly because it relies on text descriptions of the reference
image, leading to information loss. In the results of DIB, the
background color tends to bleed into the foreground, espe-
cially noticeable in cross-domain scenarios. This may be an
inherent effect of methods based on the Poisson equation.
Paint, Uni and TF have difficulty fully preserving the ref-
erence image’s semantic information. Paint and Uni exhibit
unnatural transitions, while Any, Paint, and Uni fail to in-
corporate the background’s style information into the mask.
Additionally, TF obtains a harmonious effect by changing
the content inside and outside the mask simultaneously, so
the preservation of the background cannot be guaranteed.
And DIB, Any, and TF require a segmentation mask of the
reference image, which adds extra complexity and can be
challenging to achieve, especially for images with unclear
edges like oil paintings.
Quantitative comparisons. For text-conditioned semantic
image painting task, we conduct experiments using the same

Method LPIPSBG ↓ CLIPT ↑ NIAM ↑
Blended 0.12 28.87 4.62
BLD 0.19 26.88 4.31
SD-inpaint 0.06 27.40 4.72
PPt 0.06 26.46 4.82
Uni 0.08 28.66 4.88
Ours 0.06 29.13 5.03

Table 1: Quantitative results for text-conditioned SIP.

methods as for qualitative comparisons. The results are
shown in Tab.1. Due to the diversity of the diffusion model,
we generate 32 images for each image in Blended, and 4 im-
ages for BLD, SD-inpaint, PPt, Uni and our work. The one
with highest CLIPT selected as the result, and the obtained
scores are shown in Table 1. We achieve the best results
in LPIPSBG, CLIPT and NIMA. The results demonstrate
the remarkable ability of our results in terms of background
preservation, text coherence and harmonization.

Method LPIPSBG ↓ CLIPI ↑ CLIPT ↑ SUser ↑
BLD 0.11 73.25 25.19 5.77
DIB 0.11 77.57 26.84 6.42
Paint 0.13 80.26 25.92 6.22
Uni 0.09 80.97 27.54 6.92
TF 0.10 82.86 28.11 7.18
Ours 0.06 83.70 28.80 7.27
cp* 0.01 87.52 29.39 /

Table 2: Quantitative results for image-conditioned SIP. *:
copy and paste result.

For image-conditioned SIP, we evaluate the same meth-
ods as in the qualitative experiments except for Any. For
our work and other work that produces multiple results, we
choose the one with highest CLIPI as the result and report
the mean ± std deviation in the appendix. We paste the re-
sult of the reference image with the segmentation mask to
the relatively appropriate region in M as the upper bound of
the metrics. The obtained scores are shown in Table 2. We
achieved the best results in the LPIPSBG, CLIPT , CLIPI

and SUser. We achieve sufficient retention of background
information, accurate reflection of semantic conditions, and
high quality of image generation.

Config LPIPSBG ↓ CLIPI ↑ CLIPT ↑ NIMA ↑
Saliency Focus 0.63 73.80 26.25 4.87
+Background 0.08 77.14 27.66 4.79
+ARG 0.06 82.66 28.02 5.03
+Style Guidance 0.08 78.25 27.69 4.88
Final 0.06 83.70 28.80 5.07

Table 3: Ablation study: quantitative comparison of various
variants of our framework.

Ablation study. Finally, each sub-part of the method is ab-
lated, as shown in Fig.5 and Tab.3. We use the results ob-
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Figure 8: Qualitative results about diversity of Spin.

Figure 9: Qualitative results about editability of Spin.

tained by denoising from the initial vector z∗T and v as our
baseline. Since we get v using our proposed Ls, it reflects the
salient semantic information of the reference image, so we
denote the results as Saliency Focus. When the background
is preserved, only partial semantic information is injected
into the mask. By adding Attention-based Region Guidance,
the full semantic information can be injected into M , re-
sulting in a higher CLIPI . Furthermore, incorporating style
guidance enhances the harmony between the object in the
mask and the background, leading to a higher NIMA score.
When both techniques are applied simultaneously, we can
obtain satisfactory results.

4.4 Diversity, editability and generality
Since Spin is based on diffusion model and projects the ref-
erence image into text embedding space, it can generate di-
verse and editable results. We compare the diversity and ed-
itability of the existing methods for SIP in Tab.4, and the
qualitative results are shown in Fig.8 and Fig.9 respectively.

Abilities BLD Paint DIB TF Any PPt Uni Ours
Diversity " " % % " " " "

Editability % % % % % % % "

Table 4: Diversity and Editability of existing methods

Since our design doesn’t depend on a specific model, it
can be applied to any framework that satisfies our setting.
In order to prove that Ls is also effective for other meth-
ods about personalization of T2I models, we choose the
open source work NeTI(Alaluf et al. 2023) to show(Fig.10).
While NeTI can already learn the general information of the

reference image very well, Ls improves its ability to capture
semantic details in each domain. The ARG and style guid-
ance can be transferred to other generative models that alter-
nately use self-attention and cross-attention block to inject
semantic information into the background independently.
We select PixArt(Chen et al. 2023a), a model that meets
these requirements, to demonstrate the generality(Fig.11).

Figure 10: Qualitative results about generality of Ls.

Figure 11: Qualitative results about generality of Spin.

5 Conclusion

This paper proposes a novel framework, Spin, for semantic
image painting. Spin filters out non-semantic information
like background during the extraction of semantic embed-
ding from the reference image and precisely injects this in-
formation into the masked region during semantic painting.
This enables the generated image to be semantically com-
plete while harmonizing with the background. Additionally,
by imposing a style consistency constraint, the generated
part further aligns with the style of the background im-
age. Experiments demonstrate that our method can generate
style-consistent images that harmonize with the background
even when the reference image and the target image have
different styles, such as realistic, pencil drawing, cartoon,
and oil painting. Spin generates diverse and editable results,
and is model-independent thus can be applied to other com-
patible frameworks.
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