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Abstract

The advancement of image style transfer has been fundamentally constrained by
the absence of large-scale, high-quality datasets with explicit content-style-stylized
supervision. Existing methods predominantly adopt training-free paradigms (e.g.,
image inversion), which limit controllability and generalization due to the lack
of structured triplet data. To bridge this gap, we design a scalable and automated
pipeline that constructs and purifies high-fidelity content-style-stylized image
triplets. Leveraging this pipeline, we introduce IMAGStyle—the first large-scale
dataset of its kind, containing 210K diverse and precisely aligned triplets for style
transfer research. Empowered by IMAGStyle, we propose CSGO, a unified, end-
to-end trainable framework that decouples content and style representations via
independent feature injection. CSGO jointly supports image-driven style transfer,
text-driven stylized generation, and text-editing-driven stylized synthesis within
a single architecture. Extensive experiments show that CSGO achieves state-of-
the-art controllability and fidelity, demonstrating the critical role of structured
synthetic data in unlocking robust and generalizable style transfer. Source code:
https://github.com/instantX-research/CSGO

1 Introduction

Recent advancements in diffusion models have significantly improved the field of text-to-image
generation [39, [16]. Models such as SD [29] excel at creating visually appealing images based
on textual prompts, playing a crucial role in personalized content creation [31} 47, |37]]. Despite
numerous studies on general controllability, image style transfer remains particularly challenging.

Image style transfer aims to generate a plausible target image by combining the content of one image
with the style of another, ensuring that the target image maintains the original content’s semantics
while adopting the desired style [20,9]. This process requires fine-grained control over content and
style, involving abstract concepts like texture, color, and visual quality, making it a complex and
nuanced challenge [7].

A significant challenge in style transfer is the lack of a large-scale stylized dataset, which makes
it impossible to train models end-to-end and results in suboptimal style transfer quality for non-
end-to-end methods. Existing methods typically rely on training-free structures, such as DDIM
inversion [39]] or carefully tuned feature injection layers of pre-trained IP-Adapter [48]. Methods like
Plug-and-Play [40], VCT [4], and the state-of-the-art StyleID [7] employ content image inversion
and sometimes style image inversion to extract and inject image features into specifically designed
layers. However, inverting content and style images significantly increases inference time, and DDIM
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Figure 1: (1) Comparison of the style transfer results of the proposed method with the recent state-
of-the-art method StyleID [7]. (2) Our CSGO achieves high-quality text-driven stylized synthesis. (3)
Our CSGO achieves high-quality text editing-driven stylized synthesis.

inversion can lose critical information [22], leading to failures, as shown in Figure[T] InstantStyle [41]
employs the pre-trained IP-Adapter. However, it struggles with accurate content control. Another
class of methods relies on a small amount of data to train LoORA and implicitly decouple content and
style LoRAsS, such as ZipLoRA [33] and B-LoRA [12], which combine style and content LoRAs to
achieve content retention and Style transfer. However, each image requires fine-tuning, and implicit
decoupling reduces stability.

To overcome the above challenges, we start by constructing a style transfer-specific dataset and
then design a simple yet effective framework to validate the beneficial effects of this large-scale
dataset on style transfer. Initially, we propose a dataset construction pipeline for Content-Style-
Stylized Image Triplets (CSSIT), incorporating both a data generation method and an automated
cleaning process. Using this pipeline, we construct a large-scale stylized dataset, IMAGStyle,
comprising 210K content-style-stylized image triplets. Next, we introduce an end-to-end trained
style transfer framework, CSGO. Unlike previous implicit extractions, it explicitly uses independent
content and style feature injection modules to achieve high-quality image style transformations. The
framework simultaneously accepts style and content images as inputs and efficiently fuses content and
style features using well-designed feature injection blocks. Benefiting from the decoupled training
framework, once trained, CSGO realizes any form of arbitrary style transfer without fine-tuning at the
inference stage, including sketch or nature image-driven style transfer, text-driven, text editing-driven
stylized synthesis. Finally, we utilize Content Alignment Score (CAS) and CSD [38] score to evaluate
the quality of style transfer, effectively measuring the degree of content and style loss post-transfer.
Extensive qualitative and quantitative studies validate that our proposed method achieves advanced
zero-shot style transfer.

2 Related Work

Style transfer has garnered significant attention and research due to its practical applications in art
creation [[14} [36),42]]. Early methods, both optimization-based [14]] and inference-based [2} (1], are
limited by speed constraints and the diversity of style transfer. The AdaIN approach [18]], which
separates content and style features from deep features, has become a representative method for style
transfer, inspiring a series of techniques using statistical mean and variance [3}[15]. Additionally,
transformer-based methods such as StyleFormer [46] and StyTR? [8] improve content bias. However,
these methods primarily focus on color or stroke transfer and face limitations in arbitrary style
transfer.
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Figure 2: (a) Left: Failure cases in step (1), which fail to maintain the spatial structure of the content
image. (b) Right: Samples from our IMAGStyle dataset.
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Currently, inversion-based Style Transfer (InST) [50] is proposed to obtain inversion latent of style
image and manipulate attention maps to edit generated Images. However, DDIM (Denoising Diffusion
Implicit Models) inversion results in content loss and increased inference time [39]]. Hertz et al.
explore self-attention layers using key and value matrices for style transfer [15)]. DEADiff [26] and
StyleShot [13] are trained through a two-stage style control method. However, it is easy to lose
detailed information within the control through sparse lines. InstantStyle [41]142]] to achieve high-
quality style control through pre-trained prompt adapter [48] and carefully designed injection layers.
However, these methods struggle with achieving high-precision style transfer and face limitations
related to content preservation. Some fine-tuning approaches, such as LoRA [17], DB-LoRA [32]],
Zip-LoRA [35], and B-LoRA [12]], enable higher-quality style-controlled generation but require
fine-tuning for different styles and face challenges in achieving style transfer. Our proposed method
introduces a novel style transfer dataset and develops the CSGO framework, achieving high-quality
arbitrary image style transfer without the need for fine-tuning.

3 Data Pipeline

In this section, we first introduce the proposed pipeline for constructing content-style-stylized image
triplets. Then, we describe the constructed IMAGStyle dataset in detail.

3.1 Pipeline for Constructing Image Triplets

The lack of a large-scale open-source dataset of content-style-stylized image pairs (CSSIT) in
the community seriously hinders the research on style transfer. In this work, we propose a data
construction pipeline that automatically constructs and cleans to obtain high-quality content-style-
stylized image triplets, given only arbitrary content images and style images. The pipeline contains
two steps: (1) stylized image generation and (2) stylized image cleaning.

Stylized image generation. Given an arbi-
trary content image C' and an arbitrary style
image S, the goal is to generate a stylized im- Algorithm 1 Pipeline of Constructing CSSIT
age T that preserves the content of C' while Tnput: content images Setoontent, style images Setaryie
adopting the Style of S. We are inspired by Output: Content-style-stylized image triplets Set

. 1: foreach C' € Setcontent do
B-LoRA [12], which finds that content LoRA 5:

X o 2: Crora < Train LoRA for C
and style LoRA can be implicitly separated by = 3:  C§2s™ < Separate content LoRA in CrorA
SD-trained LoRA, preserving the original im- ‘Sli foreach S € Setstyic do
’ : : : : SrorA < Train LoRA for S
age’s content and style .1nf0rrnat10n, respectively. P Szté’zl + Separate style LoRA in Szora
Therefore, we first train a large number of Lo-  +. oS Combine (eontent g gstule
) . : LorA <~ Lombine Cropa and Sp gy
RAs with lots of content and style imges. To g. T = {T1,Ts,...Tn} < Generatc n images by
ensure that the content of the generated image CSLorA
T is aligned to C' as much as possible, the loRA % CASL, OASz, ..., CASy - Compute CAS for cach
. . . . generated image based on Equ.(m)
for C is trained using only one content image 10: i + Obtain the index of the minimum value of all CAS
C'. Then, Each trained 1o0RA is decomposed into }5 é;et-append([c‘, S, T30
: end for

a content LoRA and a style LoRA through im-  {3. _ 4for
plicit separate mentioned by work [12]. Finally, 14: return Set
the content LoRA of image C' is combined with
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Figure 3: Overview of the proposed end-to-end style transfer framework CSGO.

the style LoRA of S to generate the target images T' = {11, T3, ..., T}, } using the base model. How-
ever, the implicit separate approach is unstable, resulting in the content and style LoRA not reliably
retaining content or style information. This manifests itself in the form of the generated image 75,
which does not always agree with the content of C, as shown in Figure [2] (left). Therefore, it is
necessary to filter 7', sampling the most reasonable 7T; as the target image.

Stylized image cleaning. Slow methods of cleaning data with human involvement are unacceptable
for the construction of large-scale stylized data triplets. To this end, we develop an automatic cleaning
method to obtain the ideal and high-quality stylized image 7T efficiently. First, we propose a content
alignment score (CAS) that effectively measures the content alignment of the generated image with
the content image. It is defined as the feature distance between the content semantic features (without
style information) of the generated image and the original content image. It is represented as follows:

CAS; = ||Ada(¢(C)) — Ada(s(T;))|I” (1)

where C'AS; denotes the content alignment score of generated image T;, ¢(-) denotes image encoder.
We compare the mainstream feature extractors and the closest to human filtering results is DINO-
V2 [21]. Ada(F) represents a function of feature F' to remove style information. We follow

AdalN [18] to express style information by mean and variance, Ada(F) = F;(*;,()F ) where w(F)

and p(F') represent the mean and variance of feature F'. Obviously, a smaller CAS indicates that
the generated image is closer to the content of the original image. In Algorithm [I} we provide a
pseudo-code of our pipeline.

3.2 IMAGStyle Dataset Details

Content Images. To ensure that the content images have clear semantic information and facilitate
separating after training, we employ the saliency detection datasets, MSRA10K [5, 6] and MSRA-
B [19]], as the content images. In addition, for sketch stylized, we sample 1000 sketch images from
ImageNet-Sketch [43] as content images. We use BLIP [21] to generate a caption for each content
image. A total of 11,000 content images are trained and used as content LoRA.

Style Images. To ensure the richness of the style diversity, we sample 5000 images of different
painting styles (history painting, portrait, genre painting, landscape, and still life) from the Wikiart
dataset [33]. In addition, we generated 5000 images using Midjourney covering diverse styles,
including Classical, Modern, Romantic, Realistic, Surreal, Abstract, Futuristic, Bright, Dark, etc. A
total of 10,000 style images are used to train style LoRA.

Dataset. Based on the pipeline described in Section[3.1] as shown in Figure [2] (right), we construct
a style transfer dataset, IMAGStyle, which contains 210K content-style-stylized image triplets as
training dataset. Furthermore, we collect 248 content images from the web containing images of real
scenes, sketched scenes, faces, and style scenes, as well as 206 style images of different scenes as
testing dataset. For testing, each content image is transferred to 206 styles. This dataset will be used
for community research on style transfer and stylized synthesis.
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Figure 4: Comparison of image-driven style transfer results. Zoomed in for the best viewing.

4 Approach

4.1 CSGO framework

The proposed style transfer model, CSGO, shown in Figure[3] aims to achieve arbitrary stylization
of any image without fine-tuning, including sketch and natural image-driven style transfer, text-
driven stylized synthesis, and text editing-driven stylized synthesis. Benefiting from the proposed
IMAGStyle dataset, the proposed CSGO supports an end-to-end style transfer training paradigm. To
ensure effective style transfer and accurate content preservation, we carefully design the content and
style control modules. In addition, to reduce the risk that the content image leaks style information or
the style image leaks content, the content control and style control modules are explicitly decoupled,
and the corresponding features are extracted independently. To be more specific, we categorize our
CSGO into two main components and describe them in detail.

Table 1: Comparison with recent state-of-the-art methods on the test dataset.

‘ StyTRZ [B]  Style-Aligned [13]  StyleID [7]  InstantStyle [41]  StyleShot [13]  StyleShot-lineart [I3] ~ CSGO

CSD (1) 0.2695 0.4274 0.0992 0.3175 0.4522 0.3903 0.5146
CAS () 0.9699 1.3930 0.4873 1.3147 1.5105 1.0750 0.8386
AS (1) 4.0387 3.7463 4.7643 5.4824 5.6728 5.2542 5.5467

Content Control. The purpose of content control is to en-
sure that the stylized image retains the semantics, layout, and ~ Table 2: User Preference Score.
other features of the content image. To this end, we carefully
designed two ways of content control. First, we implement con-
tent control through pre-trained ControlNet [49], whose input is StyleShot[T3] 585 214 201
the content image and the corresponding caption. We leverage ~ JMS@nSWleBIl | 642206 152
StyleAligned 77.0 123 10.7
the capabilities of the specific content-controllable model(Tile
ControlNet) to reduce the data requirements and computational
costs of training content retention from scratch Following the ControlNet, the output of ControlNet is
directly injected into the up-sampling blocks of the base model (pre-trained UNet in SD) to obtain
fusion output D}, = D; + 6. x C;, D; denotes the output of i-th block in the base model, C; denotes
the output of i-th block in ControlNet, &, represents the fusion weight.

VS | Win  Tie  Loss

In addition, to achieve content control in the down-sampling blocks of the base model, we utilize an
additional learnable cross-attention layer to inject content features into down blocks. Specifically,
we use pre-trained CLIP image encoder and a learnable projection layer to extract the semantic
feature F(C')’ of the content image. Then, we utilize an additional cross-attention layer to inject the
extracted content features into the down-sampling blocks, i.e., D/~ = D + A. X D¢, D denotes the
output of in the base model, D¢ denotes the output of content IP-Adapter, A, represents the fusion
weight [48]. These two content control strategies ensure small content loss during the style transfer.
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Figure 5: Comparison of generation results for text-driven stylized synthesis with recent methods.

Style Control. To ensure that the proposed CSGO has strong style control capability, we also
design two simple yet effective style control methods. Generally, we feed the style images into a
pre-trained image encoder to extract embedding F(S) € R°*¢ and map them to the style embedding
F(S) € R4 through the Perceiver Resampler structure [1]. Here, o and ¢ represent the token
number of original and style embeddings, d denotes the dimension of F(.S). Then, we utilize an new
cross-attention layer to inject the style embedding into the up-sampling blocks of the base model.

Furthermore, we note that relying only on the injection of the up-sampling blocks of the base model
weakens the style control since ControlNet injections in the content control may leak style information
of the content image C'. For this reason, we propose to use an independent cross attention module
to simultaneously inject style features into, and the fusion weight is A,, as shown in Figure[3] The
insight of this is to pre-adjust the style of the content image using style features making the output of
the Controlnet model retain the content while containing the desired style features.

In summary, the proposed CSGO framework explicitly learns separate feature processing modules
that inject style and content features into different locations of the base model, respectively. Despite
its simplicity, CSGO achieves state-of-the-art style transfer results.

4.2 Model Training and Inference.

Training. Based on the proposed dataset, IMAGStyle, our CSGO is the first implementation of
end-to-end style transfer training. Given a content image C, a caption P of the content image, a style
image S, and a target image 7', we train a style transfer network based on a pre-trained diffusion
model. Our training objective is to model the relationship between the styled image 7" and Gaussian
noise under content and style image conditions, which is represented as follows:

L=E.proscnon |le— et C.S P, @)

where ¢ denotes the random sampled Gaussian noise, €y denotes the trainable parameters of CSGO,
t represents the timestep. Note that the latent latent z; is constructed with a style image 7" during
training, z; = /a:¥(T) + /1 — a:e, where ¥(-) mapping the original input to the latent space
function, ¢, is consistent with diffusion models [39] [16]]. We randomly drop content image and style
image conditions in the training phase to enable classifier-free guidance in the inference stage.

S Experiments

5.1 Experimental Setup

Setup. For the IMAGstyle dataset, during the training phase, we suggest using ‘a [vcp]® as
a prompt for content images and ‘a [stp]’ as a prompt for style images. The rank is set
to 64 and each B-loRA is trained with 1000 steps. During the generation phase, we sug-
gest using ‘a [vcp] in [stv] style’ as the prompt. For the CSGO framework, we employ



stabilityai/stable-diffusion-xI-base-1.0 as the base model, pre-trained ViT-H as image encoder, and
TTPlanet/TTPLanet_SDXL_Controlnet_Tile_Realistic as ControlNet. we uniformly set the images to
512 x 512 resolution. The drop rate of text, content image, and style image is 0.15. The learning
rate is le-4. During training stage, A\. = A\s; = d. = 1.0. During inference stage, we suggest
Ae = As = 1.0 and §, = 0.5. Our experiments are conducted on 8 NVIDIA H800 GPUs (80GB)
with a batch size of 20 per GPU and trained 80000 steps.

Datasets and Evaluation. We use the proposed IMAGStyle as a training dataset and use its testing
dataset as an evaluation dataset. It is worth noting that the style transfer task, unlike the rest of the
style control tasks, requires a trade-off between content retention and style quality at the same time.
We use the CSD score [38] as an evaluation metric to evaluate the style similarity and Aesthetic
Score as a quality evaluation metric. Meanwhile, we employ the content alignment score (CAS) as
an evaluation metric to evaluate the content similarity.

Figure 6: Generated results of the proposed Figure 7: The generated results of the proposed CSGO
CSGO in text-driven stylized synthesis. in text editing-driven stylized synthesis.
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control. age projection.

Baselines. We compare recent advanced inversion-based StyleID [7], StyleAligned [15] methods,
and StyTR? [8] based on the Transformer structure. In addition, we compare Instantstyle and
StyleShot (and their fine-grained control method StyleShot-lineart) [13] that introduce ControlNet and

IPAdapter structures as baselines. For text-driven style control task, we also introduce DEADIfT [26]]
as a baseline.

5.2 Experimental Results

Image-Driven Style Transfer. In Table[d] we demonstrate the CSD scores and CAS of the proposed
method with recent advanced methods for the image-driven style transfer task. In terms of style
control, our CSGO achieves the highest CSD score, demonstrating that CSGO achieves state-of-
the-art style control. Due to the decoupled style injection approach, the proposed CSGO effectively
extracts style features and fuses them with high-quality content features. As illustrated in Figure 4]
Our CSGO precisely transfers styles while maintaining the semantics of the content in natural, sketch,
face, and art scenes. More results for style control can be found in the supplementary material.

In terms of content retention, it can be observed that StyleID [7] and StyleAligned [15], which
are based on inversion, maintain the original content too strongly in sketch style transfer scenarios
(CAS is very low). However. they are unable to inject style information since CSD score is low.
InstantStyle and StyleShot (including Lineart), which use lines to control the content, are
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Figure 10: Ablation studies of style token number ¢. Left: Image style transfer results. Right:
Text-driven stylized synthesis results.

affected by the level of detail of the lines and have different degrees of loss of content (such as
face scenes). The proposed CSGO directly utilizes all the information of the content image, and
content preservation is optimal. The quantitative results in Table [4] also show that the proposed
CSGO maintains high-quality content retention with precise style transfer. It is worth noting that
it is possible to implement a content-style cycle transfer in CSGO (as shown in Figure 12; see the
Appendix for more results).

Text-Driven Stylized Synthesis. The proposed method enables text-driven style control, i.e., given a
text prompt and a style image, generating images with similar styles. Figure [5]shows the comparison
of the generation results of the proposed CSGO with the state-of-the-art methods. In a simple scene,
it is intuitive to observe that our CSGO obeys textual prompts more. The reason for this is that thanks
to the explicit decoupling of content and style features, style images only inject style information
without exposing content. In addition, in complex scenes, thanks to the well-designed style feature
injection block, CSGO enables optimal style control while converting the meaning of text. As
illustrated in Figure[6] we demonstrated more results.

Text editing-Driven Stylized Synthesis. The proposed CSGO supports text editing-driven style
control. As shown in Figure[7} in the style transfer, we maintain the semantics and layout of the
original content images while allowing simple editing of the textual prompts. The above excellent
results demonstrate that the proposed CSGO is a powerful framework for style control.

User Preference.We randomly selected 100 sets of results from the test set. Of these, 20 were
portraits and 20 were sketches, and the rest were randomized. We then conducted a user study
experiment comparing CSGO with Styleshot-lineart, instantStyle, and Stylealigned. Each group
contained four generated results, and the user chose the best result. The results are shown in Table ??,
where it can be noticed that CSGO gets the highest preference score.

5.3 Ablation Studies.

Content control and style control. We discuss the impact of the two feature injection methods,
as shown in Figure[§]and Table[3] If content images are injected into the base model only through
an additional cross attention layer, only semantic information is guaranteed, while the full content
information is not preserved (Figure[§[(1)). After introducing the ControlNet injection, the quality of
content retention improved, as shown in Figure[8] However, if the style features are injected into base
UNet only without ControlNet injection, this weakens the style of the generated images, which can
be observed in the comparison of Figure BKZ) and (3).

Therefore, the proposed CSGO pre-injects style features in the ControlNet branch to further fuse the
style features to enhance the transfer effect.

Style image projection layer. The style image projection layer can effectively extract style features
from the original embedding. We explore the normal linear layer and the Resampler structure, and
the experimental results are shown in Figure 0] Using the Resampler structure captures more detailed
style features while avoiding content leakage.
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Token number. We explore the effect of the Table 3: Ablation results on the test dataset.

number of token ¢ in the style projection layer on WO W/O Style WO CSGO

the results of style transfer and text-driven style Content Injection  Resampler

synthesis. The experimental results are shown Control

in Figure [9) where the style control becomes CSD (1) 0.5381 04873 0.4926 0.5146
CAS (1) 1.7723 0.8372 0.8279 0.8386

progressively better as ¢ increases. This is in
line with our expectation that ¢ influences the
quality of feature extraction. A larger ¢ means that the projection layer can extract richer style
features.

The impact of content scale J.. As shown in Figure @ when ¢, is small, the content feature
injection is weak, and CSGO obeys the textual prompts and style more. As J. increases, the quality
of content retention becomes superior. However, we notice that when ¢, is large (e.g., 0.9 and 1.2),
the style information is severely weakened.

The impact of CFG scale. Classifier-free guidance enhances the capabilities of the text-to-image
model. The proposed CSGO is similarly affected by the strength of CFG scale. As shown in Figure[TT]
the introduction of CFG enhances the style transfer effect.

The impact of style scale \; and content scale \.. The style scale affects the degree of style



injection. Figure[TT|shows that if the style scale is less than 1.0, the style of the generated image is
severely weakened. We suggest that the style scale should be between 1.0 and 1.5. Content control
in the down-sampling blocks utilizes the semantic information of the content image to reinforce
the accurate retention of content. Figure (11| shows that ). is most effective when it is near 1.0.
In style transfer, the retention of content and style varies from person to person. We can set the
hyperparameter content scale . so that the generated result meets the expectation. As shown in
Figure 2] different levels of detailed information can be retained by different content scales to meet
different design requirements.

6 Conclusion

We first propose a pipeline for the construction of content-style-stylized image triplets. Based on
this pipeline, we construct the first large-scale style transfer dataset, IMAGStyle, which contains
210K image triplets and covers a wide range of style scenarios. To validate the impact of IMAGStyle
on style transfer, we propose CSGO, a simple but highly effective end-to-end training style transfer
framework, and we verify that the proposed CSGO can simultaneously perform image style transfer,
text-driven style synthesis, and text editing-driven style synthesis tasks in a unified framework.
Extensive experiments validate the beneficial effects of IMAGStyle and CSGO for style transfer. We
hope that our work will inspire the research community to further explore stylized research.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: In the abstract and introduction, we detail that our contributions encompass
two key facets: first, developing a paradigm for constructing large-scale stylized datasets,
which culminates in the creation of such a dataset; and second, establishing a stylization
framework built upon this dataset.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: We discussed the key disadvantages. Since real human faces contain more
detailed information, CSGO can still not handle the face stylization scenarios well.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: Given that our approach is built upon a validated diffusion model framework
with a proven track record, all theoretical foundations underpinning our method have been
rigorously verified.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

» Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: We have provided a detailed introduction to the hyperparameters and architec-
ture of the model for the purpose of replication.

Guidelines:

* The answer NA means that the paper does not include experiments.
* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.
If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.
Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-

sions to provide some reasonable avenue for reproducibility, which may depend on the

nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
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some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: We have provided the training code in the supplementary material.
Guidelines:

» The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We have provided a detailed introduction to the hyperparameters and architec-
ture of the model for the purpose of replication.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

¢ The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We reported the average values of multiple groups of results to ensure the
reasonableness of the evaluation.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

* It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provided a detailed report (5.1) on the resources required for the experi-
ments, including the number of machines.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms to the NeurIPS Code of Ethics
in all respects.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: The style transfer diffusion model exhibits dual social impacts: Positive
Impacts

» Lowers the threshold for artistic creation, enabling the generation of stylized works via
simple prompts and promoting an era of "creation for all."
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« Efficiently produces personalized visual content in fields such as advertising, design,
and film production, significantly shortening the creative cycle.

* Facilitates the fusion of diverse artistic styles, enhancing the fun of creative expression.

Potential Risks

* Generated content may infringe on the copyright of original images, potentially leading
to legal disputes.

» Excessive reliance on preset templates can result in homogenized creations, weakening
human originality.

Guidelines:

» The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

12.

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]
Justification: Our data are all based on open-source datasets with copyright.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
* We recognize that providing effective safeguards is challenging, and many papers do

not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
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13.

14.

15.

Justification: We have cited the datasets used, as well as the addresses of other possible data
and model weights.

Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

* If assets are released, the license, copyright information, and terms of use in the package
should be provided. For popular datasets, paperswithcode.com/datasets has
curated licenses for some datasets. Their licensing guide can help determine the license
of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The code we used complies with the existing open-source agreements, and it
is provided along with the supplementary materials. The dataset will be released at a later
stage.

Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer:
Justification: The fields involved do not involve research related to human privacy.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects
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16.

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This article does not involve research on human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: The LLM is used only for writing, editing, or formatting purposes.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/
LLM) for what should or should not be described.
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Appendix: CSGO: Content-Style Composition in Text-to-Image Generation

A Details.

A.1 Preliminaries

Text-to-Image Model. In recent years, diffusion models have garnered significant attention in the
text-to-image generation community due to their powerful generative capabilities demonstrated by
early works [10}28]]. Owing to large-scale training [34], improved architectures [27, 24], and latent
space diffusion mechanisms, models like Stable Diffusion have achieved notable success in text-to-
image generation. [28]]. The focus on controllability in text-to-image models has grown in response
to practical demands. Popular models such as ControlNet [49], T2Iadapter [23], and IP-Adapter [48]
introduce additional image conditions to enhance controllability. These models use sophisticated
feature extraction methods and integrate these features into well-designed modules to achieve layout
control. In this paper, we present a style transfer framework, CSGO, based on an image-conditional
generation model that can perform zero-shot style transfer.

Stable Diffusion. The backbone of the stable diffusion model [29] uses CLIP [27]] as a text encoder
and the UNet structure [30] as a latent denoising network. We refer to the pre-trained UNet as the
base model. In general, the U-Net contains multiple down-sampling blocks, a middle block, and
multiple up-sampling blocks [25]]. Studies on the controllability of diffusion models usually inject
control features into the base model.

ControlNet. ControlNet models have been developed for image conditions such as depth map, canny,
sketch, which effectively enhance the controllability of text-to-image models. ControlNet [49] takes
images as the control condition, trains zero-convolution layers and replicates encoder (down-sampling
blocks and middle block) of the base model, and injects the resulting outputs of each block into
the up-sampling blocks and middle block correspondingly. Controlnet output features are directly
weighted with base model features.

IP-Adapter. IP-Adapter [48] implements image prompt features injected into the text-to-image
model by decoupling the cross attention module. In general, image prompts are first obtained as
image embeddings by a pre-trained encoder, and then mapped to the Key matrix and Value matrix
of the attention. Then, they interact with the Query matrix of the base model’s attention layer and
weight the outputs with the original outputs. IP-Adapter’s simplicity and effectiveness in injecting
image conditions has received wide attention from the community.

A.2 Datasets.

Content Images. We employ the saliency detection datasets, MSRA10K [5} 6] and MSRA-B [19],
as the content images. In addition, we sample 1000 sketch images from ImageNet-Sketch [43]] as
content images to sketch-stylized. The category distribution of content images is shown in Figure[I3]

In addition, we show 10 sets of CAS filtering examples in Figures[T7}[T8] [T9} [20] 21} We show the
original content image, the style image, and the best result obtained by CAS filtering (target image),
and a large number of original results generated by B-LoRA. These cases show that CAS can clean
illogical generated graphs for pose, size, and so on. However, we emphasize that since B-LoRA is
actually more stable for the generation of styles, it is up to us to filter the images with CSD. In our
experiments, it is possible to filter using only CAS without CSD.

mToys

m Architecture
Transportation
Food

m Clothing

mTools

m Natural Landscapes

m Furniture

m Terrestrial Animals

m Aquatic Animals

m Others
Figure 13: Distribution of content images.
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Content Image

Figure 14: Failure cases.

Setting. In order to construct IMAGStyle, we trained a total of 11,000 content LoRAs and 10,000
style LoRAs.Theoretically, the combination of these LoRAs can generate 11, 000 x 10,000 = 110M
images. However, image generation is very time and resource consuming. Secondly, not any
combination of content LoORAs and style LoRAs can get the desired results. Therefore, we generated
only 210k data triples in limited time. In the future, we expect to improve the quality of IMAGStyle
further.

Inference. During the inference phase, we employ classifier-free guidance. The output of timestep ¢
is indicated as follows:

é9(2t7t703 Sa P) = ’lUEg(Zt,t,O, Sa P) + (1 - w)Gg(zt,t), (3)

where w represents the classifier-free guidance factor (CFG).

B More Results.

B.1 Failure cases.

As shown in FigurdI4] first, for real portrait stylization, as shown in the first row, there is a potential
loss of facial identity. Portrait images can be difficult to collect due to the privacy issues involved,
leading to some limitations in CSGO’s style migration for real portraits. Second, despite incorporating
styles into the ControlNet and base model, CSGO may still leak information, such as the original
image’s color.

In the future, we aim to enhance the CSGO framework in several ways. First, we plan to use CSGO
in conjunction with LoRA to improve the portrait segment of the IMAGStyle dataset and enhance
portrait stylization capabilities. Second, we will redesign and train the content extractor and style
encoder to minimize content leakage. Third, we intend to refine the current IPA fusion method and
explore more effective approaches to style and content fusion. However, we acknowledge that these
improvements may not be achievable in the short term.

B.2 The proposed IMAGStyle for traditional style transfer method

To comprehensively evaluate the performance of IMAGStyle, we conducted two experiments and
the results in Table 4| First, we retrained StyTr? [8]] using only IMAGStyle. Second, we fine-tuned
StyTr? using IMAGStyle, leveraging the released model weights pre-trained for 160,000 steps. StyTr?
employs a non-trivial training approach, wherein the model is implicitly constrained to produce
results with content closely aligned to the content image and style closely aligned to the style image.
The primary advantage of IMAGStyle lies in its <content, style, target> triplet structure. To further
enhance the performance of StyTr? , we introduced explicit pixel-level constraints by incorporating
MSE loss. This addition enforces the generated results to be closer to the target map within the triplet,
thereby improving style transfer fidelity.
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Figure 15: Example of generating a result that is filtered by CAS.
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Content Image

Figure 16: Comparison with LoRA.
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Table 4: Comparison of style transfer metrics across different methods

Metric StyTr2  StyTr? with IMAGStyle  fine-tune StyTr? with IMAGStyle
CSD 0.2695 0.3430 0.3597
CAS 0.9699 0.9332 0.9280
Aesthetics Score 4.1387 4.5146 4.6975

B.3 More Results.
We show the results of additional supplementary experiments.

* Comparison with LoRA. LoRA-based style transfer schemes need to be fine-tuned for
different style images. We compared this with the current SOTA style transfer LORA
scheme B-LoRA. We trained 3 sets of B-LoRA and the results are shown in Figure [16] It
can be seen that CSGO, which does not require re-fine-tuning, outperforms the style transfer
results of B-LoRA.

* Ablation studies on style token. As expected, the number of style tokens influences the
quality of style features. As shown in Figure [23] as the style token increases, the style
transfer quality is better.

* Line control and original image control. We show in Figure [24] the results of controlling
the content using lines and the original image, respectively. It can be clearly noticed that
using lines loses detail information.

* Sketch-driven style transfer results. Figures and [27] show sketch-driven style
transfer results.

* Image-driven style transfer results. Figures[28] [29] [30] and [31] shows image-driven style
transfer results.

* Content-style cycle transfer results. Figure [32| shows content-style cycle transfer results.
* Face image style transfer result. Figure 33| shows face image style transfer results.

* Text-driven stylized synthesis results. Figure|34|and Figure [35|show text-driven stylized
synthesis results.

* Text editing-driven stylized synthesis results. Figure 36 shows text editing-driven stylized
synthesis results.

B.4 Difference with IP-Adapter, StyleAdapter, InstantID, InstantStyle.

As shown in [3] we show the differences between CSGO and the above methods in the table below.
In particular, IP-Adapter and InstantID are different from the proposed tasks applicable to CSGO.
Compared to StyleAdapter and InstantStyle, CSGO support more diverse style control tasks, more
detailed content and style control capabilities, and high-quality ternary style datasets.

Table 5: Method comparison summary

Methods IP-Adapter [48] StyleAdapter [45] InstantID [44] InstantStyle [41] CSGO
Task Content consistency  Text-driven ID consistency Text-driven Image-driven transfer,
maintenance synthesis synthesis Text-driven synthesis,

Text-editor tasks

Training Data Reconstruction method, Reconstruction method, Reconstruction method, Reconstruction method, IMAGstyle (triplet)

No pair data No pair data No pair data No pair data
Structural IP-Adapter injects PCA features injected Face features through IPAdapter weights in ~ Dual-branch content/style control
Properties features to all blocks  via IP-Adapter IPA + identity net up_blocks.0.attentions. 1 via IP-Adapter and ControlNet with

layer-specific feature injection.
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Figure 17: Example of data cleansing using CAS.
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Figure 19: Example of data cleansing using CAS.
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Input & Result
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Figure 20: Example of data cleansing using CAS.
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Figure 21: Example of data cleansing using CAS.
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Fiure 22: Ablation studies of ControlNet.
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Figure 23: Ablation studies on style token.
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Figure 24: Results comparison between using line control content and original image control content.
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Figure 25: Sketch-driven style transfer results.
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Content

Figure 28: Image-driven style transfer results.
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Content

Figure 29: Image-driven style transfer results.
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Figure 30: Image-driven style transfer results.
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Figure 31: Image-driven style transfer results.
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B as Content Image, A as Style Image

Figure 32: Content-style cycle transfer results.
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Figure 33: Face image style transfer results.
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Figure 34: Text-driven stylized synthesis results.
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mario, overalls,
mustache, white_gloves,
facial_hair, 1boy, hat,
gloves, cloud,
blue_overalls,
male_focus,
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outdoors, blue_sky,
jumping, tecth,
blue_eyes, day, shirt,
animal_cars, smile,
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1girl, red_dress, solo,
upper_body, dress,
long_hair, sword,
weapon,
hair_ornament,
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pointy_ears, jewelry,
holding, blue_eyes,
holding_weapon,
metal_collar, collar,
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holding_sword

nami_(one_picce),
1girl, orange_hair,
jewelry, earrings, solo,
open_mouth,
long_hair, plate, tattoo,
food, sky, cloud,
outdoors, holding,
tank_top,
looking_at_viewer,
bracelet, holding plate,
upper_body,
orange_eyes, blue_sky,
day, shoulder_tattoo,
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Sleepy, Back
view looking

back, Hakama,

Smoke,
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best quality

Figure 35: Text-driven stylized synthesis results.

Src prompt: New prompt:
Content Image Style Image teddy bear made out of sand in a garden there is a large cat made out of sand in a garden
ooie | "‘“"\\v‘,“‘ Y L Z V VX St i

Srcprompt: New prompt:
a small house with a sheep statue on top of it a small house with a cat statue on top of it

rc prompt :

st New prompt:
a small house with a sheep statue on top of it

a small house

Src prompt:
a small house with a sheep statue on top of it a small house with a bike

New prompt:

Figure 36: Text editing-driven stylized synthesis results.
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