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Abstract

Controllable diffusion models have been widely applied in
image stylization. However, existing methods often treat
the style in the reference image as a single, indivisible en-
tity, which makes it difficult to transfer specific stylistic at-
tributes. To address this issue, we propose a fine-grained
controllable image stylization framework, CO-PAINTER,
to decouple multiple attributes embedded in the reference
image and adaptively inject them into the diffusion model.
We first build a multi-condition image stylization frame-
work based on the text-to-image generation model. Then,
to drive it, we develop a fine-grained decoupling mecha-
nism to implicitly separate the attributes from the image.
Finally, we design a gated feature injection mechanism to
adaptively regulate the importance of multiple attributes.
To support the above procedure, we also build a dataset
with fine-grained styles. It comprises nearly 48,000 image-
text pairs samples. Extensive experiments demonstrate that
the proposed model achieves an optimal balance between
text alignment and style similarity to reference images, both
in standard and fine-grained settings. Our code: https:
//github.com/bowen310/Co-Painter

1. Introduction

Image generation methods based on Controllable Diffusion
Models (CDMs) [16, 21, 22] have achieved significant
breakthroughs across various domains, such as image styl-
ization [3, 8, 36], image editing [11, 13, 26], and video gen-
eration [12, 14]. Among these applications, image styliza-
tion is dedicated to synthesizing highly artistic and expres-
sive images that conform to the constraints of a given text
or reference image [19]. Due to its potential in art creation,
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it has garnered increasing attention in recent years.

In practical applications, users always reference a variety
of visual elements for their creations to meet specific visual
effects or cultural expression demands. Consequently, when
utilizing generative models, achieving fine-grained control
over image details and style elements gradually becomes an
emerging topic in the field of image stylization.

To address this issue, previous works [6, 10, 31, 36] have
typically relied on text inversion or fine-tuning strategies to
control style. However, the coarse text tokens learned in text
inversion methods struggle to handle the transfer of specific
style information from the reference images. Fine-tuning-
based methods [28, 30] employ a lightweight network to
transfer the detailed styles of additional reference images,
achieving superior stylization performance. However, these
methods are challenging to correctly decouple multiple vi-
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sual attributes because they treat the style in the reference
image as a single, indivisible entity. To decouple image at-
tributes, some methods [15] employ pixel-level strategies to
separate image features (Figure 1-a). Although these mod-
els are effective at controlling structural attributes, like con-
tours and layout, they still struggle to decouple and transfer
fine-grained style attributes (such as brushstroke or color).

These pixel-level operations often lead to significant infor-

mation loss and conflict between textual and visual prompts.

To address these challenges, we propose CO-PAINTER
for fine-grained controllable image stylization. Our goal is
to transfer specific style attributes (brushstroke and color)
from reference images to the target image while enabling
users to precisely and flexibly control the generated style.
To achieve this, we first construct a multi-condition image
stylization framework based on a text-to-image generation
model. This framework is designed to gradually generate
the target image with the guidance of multiple conditions
(Sec 4.1). To drive it, we then develop a fine-grained decou-
pling mechanism that implicitly decomposes attributes from
the reference image. These decoupled embeddings can pro-
vide precise guidance in the diffusion process (Sec 4.2). Fi-
nally, we propose a gated feature injection mechanism to
adaptively regulate the importance of multiple conditions
across different layers (Sec 4.3). This facilitates effective
collaboration between multiple conditions.

We also built a fine-grained style dataset that includes
nearly 48,000 high-quality image-text pair samples. During
training, we randomly select an image-text pair as the tar-
get image and prompt text, and then randomly assign three
images with consistent content, brushstroke, and color as
references. Extensive experiments show that compared to
other methods, CO-PAINTER achieves an optimal balance
between text alignment and style similarity to reference im-
ages in both standard and fine-grained settings.

Our contributions are as follows:

* We propose a fine-grained controllable image stylization
model, CO-PAINTER. It can precisely decouple multi-
ple visual attributes and adaptively inject them into the
model, enhancing flexibility in artistic expression.

* We also build a dataset, comprising extensive high-
quality image-text pairs in different brushstrokes and
color schemes. This dataset can provide data support for
fine-grained controllable image stylization.

* Extensive experiments demonstrate the effectiveness of
the proposed method. It achieve superior qualitative and
quantitative evaluation results than existing methods.

2. Related Work

Controllable Image Generation Recently, the controlla-
bility of the diffusion models [17] has gradually become a
focal topic in the field of image generation [2, 9, 10]. Some
methods [16, 21, 22] have implemented cross-attention

modules to inject text embedding during the reverse pro-
cess, enabling text-controlled image generation.

However, the text description is hard to provide precise
guidance for those tasks requiring detailed structure con-
trol of image [33]. To address this issue, several studies
[21, 23, 33] have introduced additional image conditions to
enhance the structural controllability of generative models.
ControlNet [33] adds various spatial control conditions to
pre-trained text-to-image diffusion models, such as edges,
depth, segmentation, and human poses, to further improve
the control capabilities of diffusion models. Recently, T2I-
Adapter [15] achieves the transfer of contour, color, and
other information by utilizing edges, degraded images, and
similar inputs. Although these methods provide various
structural control information for image generation, they
are still difficult to decouple and fine-grained transfer the
style attributes of the reference image.

Therefore, our research centers on developing a control-
lable image customization framework to address the chal-
lenges mentioned above. Our goal is to provide precise
visual guidance for fine-grained style attribute transfer
through the use of multiple image prompts.

Image Stylization Image stylization aims to generate
high-fidelity artistic images that conform to the require-
ments of text or image prompts. Traditional methods have
employed techniques such as deep convolutional networks
[7], Transformers [5], and GANs [29], driving substantial
progress in image stylization. In recent years, considering
the remarkable potential of controllable diffusion models,
various studies have been conducted to explore their per-
formance in high-quality, realistic stylized image synthesis
tasks. These methods primarily use text inversion [4, 35, 36]
or fine-tuning [32] techniques to control the style.

However, since text embeddings cannot provide detailed
guidance for image generation, text inversion-based meth-
ods often face significant challenges in transferring special
style attributes in images [30]. In contrast, fine-tuning-
based methods excel at capturing detailed stylistic informa-
tion from image prompts. Recently, DEADiff [19] and Ar-
tAdapter [3] utilized various feature injection mechanisms
to mitigate the issue of content leakage in some early fine-
tuning-based studies [15, 32], achieving better image styl-
ization. However, the fixed injection strategy makes it dif-
ficult to adapt the variations across different cross-attention
layers. Furthermore, these methods often focus on the en-
tire style transfer of the reference image, neglecting the
fine-grained control of individual style attributes.

To address these challenges, our paper introduces a fine-
grained decoupling and a gated feature injection mecha-
nism. These modules offer precise style guidance and adap-
tive injection into the diffusion model’s layers for fine-
grained style attribute transfer.
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1.1 Lexical Repository
Caption-1: A
Contents: Characters(Boy, Girl, Man,
Woman, ...), Animals( Dog, Cat, Fox,
Horse, Lion, ...), Objects( Cup, House,
Bridge, Chair, ...), Landscapes
(Mountain, Island, Lake, ...)

Caption-3: A

Brushstrokes :

(" Sample”

<image>

| <Content> |

combined to generate image captions. 3) Then, images with varyi
color terms and canny maps for color transformations. 5) Finally,

3. Building Dataset

Existing text-image datasets, such as LAION-5B [25] and
LAION-400M [24], contain a large amount of high-quality
image-text pairs. However, due to the lack of large-scale
paired samples with similar image attributes, they are lim-
ited in addressing the challenges posed by this task. Al-
though WikiArt [18] partitions image data based on similar
brushstrokes, it still lacks paired samples with consistent
color schemes. Hence, to achieve fine-grained control over
style attributes, there is an urgent need to construct a new
dataset that fulfills our requirements.

Overview To address the scarcity of paired samples
with consistent image attributes (content, brushstroke, and
color), we constructed a novel dataset utilizing GPT-4 [1],
Midjourney', and ControlNet [33]. The data format can be
represented as follows,

< (Ttgt | Itgt) = (ICOH71bstaIcol) >, (D
where Iy and Ty, represent the target image and the corre-
sponding prompt text, respectively. Icon, Ipst, and ¢, denote
the reference images that are consistent with the target im-
age in terms of content, brushstroke, and color, respectively.
Figure 2 shows the detailed pipeline of the dataset building.

Construct Lexical Repository To meet the above re-
quirement, a lexical repository was built. First, we gather 8
distinct terms to describe the brushstrokes, including “Car-
toon,” “Children Illustration,” “Ink wash Painting,” “Oil

"https://www.midjourney.com

2. Generate Text Captions

dog with big eyes, and a bright
red collar, sitting on the ground.
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ng brushstrokes and contents are acquired. 4) Additionally, we combine

after filtering and checking, we created a fine-grained stylized dataset.
Painting,” “Pixel,” “Miyazaki Hayao,” “Photo,” and “Vin-
cent Van Gogh.” Second, we collect more than 20 color
schemes to describe color attributes, such as “red”, “green”,
“black, and white”. Finally, we collect approximately 130
common terms to describe the content in images. These
terms cover a wide range of subjects, including characters,
animals, objects, and landscapes. These terms will be ran-
domly combined to generate detailed image captions.

Create Image Captions We used GPT-4 [1] to create de-
tailed text captions for images. To begin with, we prepared
10 prompt templates to provide instructions to GPT-4 [1].
Subsequently, one of these templates was randomly selected
to combine with content and brushstroke terms randomly
drawn from the lexical repository. As a result, nearly 3,000
detailed image captions were generated (Tig). This strategy
was able to enhance data diversity and avoid the generation
of similar or repetitive image samples.

Generate Images with Various Contents & Brushstrokes
After obtaining a detailed description of the image, we used
Midjourney v6.0 to perform high-quality image synthesis.
First, the text captions were input into the Midjourney to
synthesize 4 image samples. Next, the samples that aligned
with input instructions were up-sampled to the resolution
of 1024 x 1024. Finally, following manual checking and
categorization, a high-quality image set with diverse brush-
strokes was constructed. In total, we generated 2290 high-
quality images (Iig;). A large number of paired images with
consistent brushstrokes (Is) or content (I..,) can be found
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Figure 3. The overall structure of CO-PAINTER. We introduce a fine-grained decoupling strategy and a gated feature injection mechanism
into the text-to-image model to achieve fine-grained controllable image stylization.

within these samples.

Create Prompts for Color Transformation Although
the previous data acquisition strategy generates numerous
paired images with consistent brushstroke and content at-
tributes, it still lacks paired images (I,)) with consistent
color attributes. To address this issue, different color terms
were randomly combined with the original samples’ brush-
stroke terms and captions to create text prompts. Besides,
we compute the canny map for each sample to provide the
text-to-image model with strong structural priors, ensuring
that the overall structure of the image remains unchanged.

Generate Images with Distinct Colors Driven by the
above prompts, we introduce ControlNet [33] to gen-
erate high-quality images with varying color attributes.
The structure of our dataset can be represented in a 3-
dimensional coordinate system (Figure 2-5). Once a tar-
get image is randomly selected, numerous samples with
matching content, brushstroke, and color attributes can be
obtained within the dataset. In the data construction pro-
cess, we combined CLIP [20] with manual supervision to
filter and check the synthesized images, ensuring data accu-
racy and diversity. Ultimately led to the filtering of approx-
imately 20% of anomalous data.

4. Methodology

Summary Our method aims to stylize images by uti-
lizing different image attributes at fine granularity. To

tackle this challenge, we propose an end-to-end framework,
CO-PAINTER, to decouple different image attributes im-
plicitly and then adaptively inject them into the diffusion
model (Figure 3). In Sec. 4.1, we first extend the text-to-
image model and construct a multi-conditional image styl-
ization framework. To drive it, we establish a Fine-Grained
Decoupling (FGD) mechanism in Sec. 4.2 to separate mul-
tiple image attributes. Finally, we develop a Gated Feature
Injection (GFI) mechanism in Sec. 4.3 to control the impor-
tance of multiple conditions for injecting attributes.

4.1. Diffusion Model with Multiple Conditions

Fine-grained controllable image stylization aims to effec-
tively decouple the different attributes from the reference
image and utilize these decoupled representations as guid-
ing conditions for generating stylized images.

Referring to previous work, such as ControlNet [33], we
can construct a diffusion model with multiple conditions for
the backbone of our problem. So, assuming the input of the
diffusion model is (y, I1, ..., [y ), where y is the text descrip-
tion, and I;,¢ € [1, N] represents reference images. We
employ a forward process g (z1.7 | zo) to progressively add
noise € to the image features z in the latent space,

) = l_T[N (Zt§ Vv1- IBtthlngtI) .
t=1

Our goal is to utilize the reverse process peg(zo.1) to pro-
gressively generate the target image I, with multiple con-

2

q(z1.1 | 2o
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ditions ¢ = (¢y, 1, ..., cn ), and ¢y = 70 (), ¢; = vo(L;),

T
po (zo:r) = p(zr) [ [V (2e-15 €0 (2, ¢,1) , Do (2, 1)), (3)

t=1

where p(zr) = N (z7;0,1), €y refers to the denoising
model. Tg(-) is the text encoder, v (-) is the encoder for
input images.

Finally, the denoising model eg predicts the noise in the
latent features at the time step ¢ based on this control infor-
mation ¢, optimizing the process using MSE loss, as

Liom = Egag),emn(01) et ||€ — €0 (e, e, )15 (@)

4.2. Decoupling Image Attributes

Based on the initial structure above, we can integrate multi-
ple conditions. However, it is challenging to accurately use
one single attribute as control information to generate styl-
ized images due to the high coupling of these attributes. To
solve this problem, most previous studies only considered
coarse-grained content and style attributes in images while
ignoring fine control over more fine-grained style attributes,
making it difficult to match the desired attributes to achieve
accurate image generation.

To address the above problem, we first finely decouple
the content, brushstroke, and color attributes from ref-
erence images (Figure 3-a). Therefore, in our image en-
coder v (+), we include the original image encoder fyg, and
then propose the fine-grained decoupling mechanism &P,
for implicitly decoupling distinct style attribute embeddings
(Econ»> Ebst> Ecor) from multiple reference images (Icon, Ibst,
Icol), as,

Eaon =767 (78 (Lon))
B =767 (78 (Iow)) )
Ec = 'Y(I—;GD('YGE) (1001))7

FGD

where vg (+) is image encoder, and v, “ " is define as,

YEP (EE®) = f5(fomoi (EE)), 6 € {con,bst,col},  (6)

here E£° indicates the global feature embedding of the input
content image, brushstroke image, or color image. fproj(-)
is the shared image projection. fs(-) is used to separate
different attributes.

Training Procedure During training, we select 3 refer-
ence images per iteration that align with the target image in
content, brushstroke, and color to provide implicit feature
guidance. This strategy enables the three decoupling struc-
tures to distill the implicit representations of distinct image
attributes from the reference images.

4.3. Adaptively Injecting Attributes

Despite now we can effectively separate visual attributes, it
is still hard to combine multiple conditions and inject them

into the diffusion model. Previous approaches [19, 32] usu-
ally employ techniques like addition or feature concatena-
tion to integrate textual and visual conditions. Yet, this fixed
injection method often fails to appropriately balance the in-
fluence of various attributes within the diffusion model.

To address the problem above, we propose a gated fea-
ture injection mechanism (Figure 3-b), as

Zsly7 chn = fGFl (Ey7 Ecom Ebst7 Ecol)
= fg [fzf{m (Ey ) 5 fjttn (Ecom Ebst, Ecol)] s

where f,(-) represents the feature fusion function with a
learnable gate and feed-forward network, ZY, Z¢" refer
to the latent features that are inserted into the fine and
coarse layers of the diffusion model, respectively. f4,(-)
and fi,.(-) denote the cross-attention for text or image fea-
tures respectively, which is defined as,

@)

KT
fun(Q, K, V) = softmax (Q\/8 ) V. (8)
For the text attention, we use the text embeddings Ey to get
K and V/, and the internal features z of the denoising model
to get Q, to compute the text-related embeddings Ej" as,
E;“n - f;iltln(Q'ﬁ KT7 VT) (9)
Qr = Wq- 2, K1 = Wy - By, Vi = Wy - By,

where W, Wi, and WYl represent the frozen linear weights
for the diffusion latent feature and text feature, respectively.

For the image attention, we use the three image embed-
dings Econ, Ebst, and E¢q as K and V, respectively, to com-

pute the corresponding embeddings E2on, EX" and B2 with

con?

the intermediate features z of the denoising model:

Ezgm = faitm(QIv Kh ‘/])
Qr=Wq -2, Ki=Wyg-Ea,Vi = WY -Eq (10)
a € {con, bst, col},

where Wi and WY, represent the shared linear layers for all
image attributes. E,, denotes the image embeddings.

Finally, to fuse the different visual attributes into Diffu-
sion, we propose a learnable gate for this process, as,

{ZW =E" &g frmlg(BI) & 9B S BF™] )

2 — B 6 g frrn[g(ES) & B,

where gate function g(-) = tanh[(-); T], and T is a learn-
able temperature to control the magnitude of the activation
function. frpn(-) is the feed-forward network.

Inspired by DEADIff [19], we selectively fuse the brush-
stroke embedding Eiy' and the color embedding EZ' into
the layers with more local information to inject the style
information, Z*Y. Besides, the content embedding EX is
integrated into the layers with more global information to
inject the content information, Z°". Based on this, vari-

ous conditions can be adaptively fused and injected into the
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Figure 4. Qualitative evaluation in a standard setting. The results dem
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UNet. The learnable gates can flexibly adjust to different
injection requirements, preventing information leakage and
effectively transferring detailed attribute information.

S. Experiments

Training and Testing We utilized our dataset in Sec.3 for
model training and testing. We randomly selected 90% of
the samples as the train set and 10% as the test set. For
the training, in each iteration step, we randomly selected a
sample as the target image and then chose three reference
images that matched it in content, brushstroke, and color
for joint training. For the testing, we randomly selected
3 samples from the test set, serving as the content image,
brushstroke image, and color image, respectively. The text
prompt is the caption of the content image. As a result, 400
test tuples were constructed for evaluation.

Evaluation Metrics Inspired by DEADIff [19], we uti-
lized the cosine similarity of CLIP [20] to evaluate Text
Alignment (TA) and Style Similarity (SS). Moreover, to
effectively evaluate the fine-grained controllable genera-
tion capabilities of CO-PAINTER, we constructed CONtent
Alignment (CONA), BrushSTroke Similarity (BSTS), and
COLor Similarity (COLS) using the text descriptions of
content, brushstroke, and color from the three reference im-
ages. Additionally, we utilized the LAION-Aesthetics Pre-
dictor” to assess the average Image Quality (IQ) generated
by each method.

Implementation Details Stable Diffusion 1.5 [22] is em-
ployed as the base model for this paper. We adopted the

2https : / / github . com / christophschuhmann /
improved-aesthetic-predictor

Method Type L 1QT ¢SSt TAT
InST [35] Inversion 1 5.66 1 249 232 |
CAST [34] Conventional : 5.46 : 243 25.9 :
StyTR-2[5] Conventional 1 5.48 | 24.8 24.5 |
T2I-Adapter [15] Diffusion | 6.02 | 37.1 135
IP-Adapter [32] Diffusion 1 6.07 1 369 143 |
DEADIfT [19] Diffusion l 6.09 l 264 249 J
CO-PAINTER(Ours) Diffusion 1 6.14 1 27.8 245 |

Table 1. Quantitative evaluation in standard setting. Methods that
excessively reference the style image tend to have a high SS, while
those with higher TA struggle to capture detailed style informa-
tion. Balancing SS and TA was a key goal for image stylization
methods [3, 19].

same coarse and fine layer division strategy as DEADiff
[19]. The CLIP [20] (ViT-L/14) model was used as both the
text and image encoders. The pre-trained [P-Adapter [32]
was utilized to initialize the parameters of the image pro-
jection (fyro;) and the attention linear (W7, W{.). During
training, we used the AdamW optimizer with a batch size
of 4, a learning rate of le-4, and 100,000 iterations. All ex-
periments were conducted on 4 NVIDIA RTX 3090 GPUs.
During testing, we employed the DDIM [27] with 30 steps
for sampling.

5.1. Evaluation of Standard Image Stylization

Baselines We conduct a comprehensive comparison of
the proposed CO-PAINTER with state-of-the-art (SOTA)
methods in the standard image stylization setting. These
methods include 1) conventional methods (CAST [34] and
StyleTr2 [5]), 2) inversion based methods (InST [35]), as
well as 3) diffusion-based methods (T2I-Adapter [15], IP-
Adapter [32], and DEAD:Iff [19]). For fairness in compari-
son, we utilized Midjourney to generate content images for
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attributes and has superior adaptive feature injection capabilities.

CAST [34], StyleTr2 [5], and InST [35] using the same text
prompts as the other methods.

Quantitative Evaluation Analysis Table | demonstrates
the effectiveness of our model under the standard image
stylization setting. Other baselines often struggle to cap-
ture fine-grained style and semantic information or overfit
to the image prompt, resulting in suboptimal stylization per-
formance. However, despite being specifically designed for
fine-grained image stylization, CO-PAINTER achieves the
optimal balance between SS and TA. Furthermore, through
the collaborative interaction of the FGD and GFI modules,
it attains state-of-the-art 1Q.

Qualitative Evaluation Analysis Figure 4 demonstrates
that the proposed method outperforms other baselines,
achieving the best visual outcomes. Other methods ex-
hibit varying degrees of visual degradation, such as incon-
sistent styles (DEADiIff [19]), content leakage (IP-Adapter
[32] and T2I-Adapter [15]), and loss of fine-grained de-
tails (StyTR-2 [5], CAST [34], and InST [35]). In contrast,
CO-PAINTER precisely transfers detailed style information
while maintaining controllability under textual conditions.

5.2. Evaluation of Fine-Grained Image Stylization

Baselines To assess the model’s ability to transfer fine-
grained style attributes, we expanded the reference image
set from one to two, focusing on brushstroke and color.
However, we found that there are no methods specifically
designed for decoupling abstract brushstrokes and color af-
ter investigation. Therefore, we employ the method based
on Canny edge and downsample color maps to illustrate
the limitations of existing methods (T2I-Adapter [15] and
ControlNet [33]). To enhance the comparability of our ex-
periments, we also developed various comparative meth-
ods for implicitly decoupling brushstroke attributes from
reference images based on existing techniques (DEADiff
[19], IP-Adapter (fine-tuning & stacked) [32], T2I-Adapter
(stacked) [15] and FGD in CO-PAINTER).

IP-Adapter T2I-Adapter
(stacked)

DEADiff

Composable Adapters
Color T2I-Adapter
——e

ControlNet

Flgure 5. Qualitative evaluation in a ﬁne -grained settlng The results show that CO-PAINTER excels in decoupling fine-grained style

Quantitative Evaluation Analysis Table 2 demonstrates
the superior performance of the proposed method in the
fine-grained image stylization setting. Compared to the
stacked multiple adapters approach, the proposed FGD
module achieves better condition balance across all metrics.
However, due to its static injection strategy, the quantitative
results remain suboptimal. Other baselines show varying
degrees of deterioration in image quality, style similarity,
and text controllability. In contrast, CO-PAINTER achieves
the best overall quantitative evaluation results, maintaining
the optimal balance between SS (BSTS & COLS) and TA
(CONS) while achieving the best 1Q.

Qualitative Evaluation Analysis Figure 5 shows that
CO-PAINTER outperforms all other baselines, achieving
the best qualitative evaluation results. Composable adapters
(T2I-Adapter [15] and ControlNet [33]) struggle with fine-
grained color attributes, and conflicts between the canny
map and text prompts cause significant discrepancies. Other
baselines expose obvious issues, such as content leakage
(IP-Adapter [32] (fine-tuning & stacked)) and style dis-
crepancies (FGD, T2I-Adapter [15] (stacked), and DEAD-
iff [19]). In contrast, CO-PAINTER captures brushstroke
and color attributes from two reference images with high
fidelity. Its fine-grained decoupling mechanism separates
content, brushstroke, and color attributes, preventing infor-
mation leakage. The gated feature injection mechanism
adaptively incorporates multiple attributes, enhancing the
capture of detailed information from reference images.

Difference Between FGD and Stacked Adapters It is
noteworthy that the FGD module differs significantly from
stacking multiple IP-Adapters [32] or T2I-Adapters [15].
The latter methods conflate the mapping of features from
the CLIP [20] latent space to the attention space with the
decoupling of style attributes, resulting in suboptimal de-
coupling or even overfitting. In contrast, the FGD module
performs decoupling effectively by keeping the pre-trained
image projection frozen to preserve feature space mapping
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Method Type C1QT

SSt  TAT | CONST BSTST COLS?T |

Il Il

ControlNet [33] Controllable Model | 5.76 | 19.5 222 | 205 19.3 180  Method IQt ' SSt  TAT |
T2I-Adapter [15] Controllable Model | 5.85 ' 18.5 257 | 226 180 185 ! :

TP-Adapter [32] Swlized Model | 601 | 225 219 | 217 205 210 | DBaseline 6.07 | 369 143 |
DEADIff [19] Stylized Model ' 591 ' 228 249 1+ 232 206 207 ' +GFI 596 ' 31.6 233!
T2I-Adapter(stacked) [15]  Stylized Model L 6.02 | 237 235, 230 20.0 225 ! !
IP-Adapter(stacked) [32]  Stylized Model 1 6.03 1 246 182 1 189 209 226 | +FGD 597,295 240
CO-PAINTER(FGD) StylizedModel ! 602 ' 242 243 ' 233 201 224 ' +FGD & GFI 6.14 1 27.8 24.5 1
CO-PAINTER(Ours) Stylized Model 1 6.06 1 244 245 1 235 206  22.6 1 : :

Table 2. Quantitative evaluation results in a fine-grained setting. The image stylization results of con-
trollable models are suboptimal. In contrast, stylized models demonstrate superior performance. Based
on decoupling and adaptive injection, our method outperforms others across multiple metrics.

Co-Painter
(+FGD & GFI)

Pompt Reference Baseline

Pt ‘
1 L 1 . t
! A painting of ! "; #

1 atree on the | -

| island. | >

1 1

[ 1 4

A painting of |
a ship on the |
ocean. | H

Figure 6. Qualitative evaluation of the ablation study. These re-
sults validate the importance of each component of CO-PAINTER.

while using three lightweight adapters focused on implicit
fine-grained attribute decomposition.

5.3. Ablation Study

‘We conduct a series of ablation studies to analyze the impact
of each component in the CO-PAINTER on image styliza-
tion. Figure 6 and Table 3 present the results of the qualita-
tive and quantitative evaluation, respectively.

Gated Feature Injection Mechanism. We first analyzed
the impact of the gated feature injection mechanism on im-
age stylization. It can be noted from Figure 6 (col 4) and
Table 3 (row 2), that GFI utilizes a gated mechanism to
adaptively integrate text and image features, effectively ad-
dressing the issue of image content leakage and condition
imbalance. However, its performance remains limited due
to the mixing of the reference image attributes.

Fine-Grained Decoupling Mechanism. We conducted a
discussion of the FGD module. From Figure 6 (col 5) and
Table 3 (row 3), it can be seen that fine-grained disentangle-
ment of the image attributes further enhances the model’s
balance between text and image conditions. However, in-
jecting the reference attribute information statically leads to
the loss of detailed information (lower IQ) and slight con-
tent leakage (an unexpected mountain in Figure 6).

Combine FGD and GFI Mechanisms. From Figure 6
(col 6) and Table 3 (row 4), we can observe that the FGD
module provided the model with a clearer, decoupled rep-
resentation of image attributes. With this support, the GFI
module can effectively capture detailed information about
different conditions and their collaborative relationships.
These two components are complementary in fine-grained
image stylization tasks, and their integration yields the op-
timal image stylization performance.

Table 3. Evaluation results of ablation study. The
combination of FGD & GFI achieves superior per-
formance.

References | Co-Painter
Brushstroke Color | (few-shot)

1

Co-Painter
(few-shot)

References

Brushstroke Color Subject

The astronaut finds stus

The rol for action.
(b) Extend new attributes.

alert.

2 grass, ys
(a) Evaluation of generalization.

Figure 7. Visualization results of CO-PAINTER evaluated on an
out-of-domain few-shot dataset.

5.4. Out-of-Domain Generation

To evaluate the model’s out-of-domain (OTD) performance,
we performed few-shot fine-tuning on CO-PAINTER us-
ing OTD data (unseen contents, brushstrokes, and colors)
and conducted model evaluation on the test set. There are
only 10 training samples for each content type at differ-
ent stylized levels (brushstroke, color). As Figure 7-(a)
shows, our model exhibits exceptional generalization capa-
bility on OTD data. In addition, we also added a subject
decoupling branch to validate the model’s capability for at-
tribute expansion. The evaluation results demonstrate that
our lightweight structure enables easy extension to new at-
tributes with just a linear and normalization layer (Figure
7-(b)). These parameters are negligible for the model.

6. Conclusion

In this paper, we introduce CO-PAINTER, an advanced im-
age stylization model that achieves fine-grained control and
enhanced flexibility through a unique decoupling mecha-
nism and gated feature injection. Compared to previous
works, the model was endowed with superior fine-grained
controllability. Furthermore, it can also seamlessly inte-
grate with other controllable models. By enabling precise
control of the image style, CO-PAINTER paves the way for
more sophisticated and personalized image generation.
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