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Abstract

Artistic style transfer aims to repaint the content image
with the learned artistic style. Existing artistic style transfer
methods can be divided into two categories: small model-
based approaches and pre-trained large-scale model-based
approaches. Small model-based approaches can preserve the
content strucuture, but fail to produce highly realistic stylized
images and introduce artifacts and disharmonious patterns;
Pre-trained large-scale model-based approaches can generate
highly realistic stylized images but struggle with preserving
the content structure. To address the above issues, we pro-
pose ArtBank, a novel artistic style transfer framework, to
generate highly realistic stylized images while preserving the
content structure of the content images. Specifically, to suffi-
ciently dig out the knowledge embedded in pre-trained large-
scale models, an Implicit Style Prompt Bank (ISPB), a set of
trainable parameter matrices, is designed to learn and store
knowledge from the collection of artworks and behave as a
visual prompt to guide pre-trained large-scale models to gen-
erate highly realistic stylized images while preserving con-
tent structure. Besides, to accelerate training the above ISPB,
we propose a novel Spatial-Statistical-based self-Attention
Module (SSAM). The qualitative and quantitative experi-
ments demonstrate the superiority of our proposed method
over state-of-the-art artistic style transfer methods. Code is
available at https://github.com/Jamie-Cheung/ArtBank.

Introduction

Artistic style transfer aims to transfer the learned styles
onto arbitrary content images to create a new artistic im-
age. Existing artistic style transfer methods can be classified
into small model-based methods and pre-trained large-scale
model-based methods.

More specifically, small model-based methods (Zhang
et al. 2021; Sanakoyeu et al. 2018; Kim et al. 2019; Park
et al. 2020; Wang et al. 2022; Zhang et al. 2021; Sun et al.
2023; Yang et al. 2022; Zhang et al. 2023b; Chen et al. 2023;
Zuo et al. 2023; Zhao et al. 2020; Chen et al. 2021a,b,c;
Zhang et al. 2024) focus on training a well-designed forward
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Figure 1: Stylized examples. (a) The 1% column shows the
content image. The 2% column shows the stylized image
by our method. The other two columns show the stylized
images produced by the pre-trained large-scale models (e.g.,
InST (Zhang et al. 2023a)) and small model-based methods
(e.g., CycleGAN (Zhu et al. 2017)).

network to learn style information from the collection of art-
works. To train such forward networks, Zhu et al. (Zhu et al.
2017) first employed a cycle consistency loss to realize the
mapping between the style domain and the content domain
in the RGB pixel space. AST (Sanakoyeu et al. 2018) pro-
posed a style-aware content loss to learn style from the col-
lection of artworks for real-time and high-resolution artis-
tic style transfer. GcGAN (Fu et al. 2019) designed a pre-
defined geometric transformation to ensure that the stylized
image maintains geometric consistency with the input con-
tent image. CUT (Park et al. 2020) used contrastive learn-
ing to push the stylized patch to appear closer to its corre-
sponding input content patch and keep a better content struc-
ture. Based on CUT, LseSim (Zheng, Cham, and Cai 2021)
introduced a more general-spatially-correlative map in con-
trastive learning which encourages homologous structures to
be closer. ITTR (Zheng et al. 2022) utilized a transformer-
based architecture to capture contextual information from
different perceptions locally and globally. While these meth-
ods are capable of learning style information from a collec-
tion of artworks and preserving the content structure, they
fail to generate highly realistic stylized images, and intro-
duce disharmonious patterns and evident artifacts (e.g., 4*"
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Figure 2: Stylized images generated by our proposed ArtBank. With a simple text prompt and a content image, ArtBank can
generate highly realistic stylized images with preserving the structure of original content image.

col in Fig. 1).

The pre-trained large-scale model-based methods can
generate highly realistic image since they are trained on
large amounts of data and possess large-scale neural net-
work parameters, which opens up the possibility to gener-
ate highly realistic stylized images. Recently, some meth-
ods (Dhariwal and Nichol 2021; Huang et al. 2022; Nichol
et al. 2021; Wu 2022; Ho, Jain, and Abbeel 2020; Xie et al.
2023b,a) utilized a text prompt to synthesize highly realistic
artistic images based on pre-trained large-scale model. The
most representative method is Stable Diffusion (SD) (Rom-
bach et al. 2022), which uses text prompts as guidance to
generate stylized images. However, they struggle with pre-
seving content structure. To this end, Ge et al. (Ge 2022)
proposed to use a rich text editor to solve how to pro-
vide a detailed text prompt to constrain content structure;
DiffuselT (Kwon and Ye 2023) utilized a pre-trained ViT
model (Tumanyan et al. 2022) to guide the generation pro-
cess of DDPM models (Ho, Jain, and Abbeel 2020) in
terms of preserving content structure. Zhang et al. (Zhang
etal. 2023a) proposed a novel example-guided artistic image
generation framework called InST related to artistic style
transfer. Although these pre-trained large-scale model-based
methods can generate highly realistic stylized images and
attempt to preserve the content strcutre, they struggle with
maintaining the structure of the original content image (e.g.,
374 col in Fig. 1).

To address these problems, we focus on how to propose
a more effective method that not only can generate highly
realistic stylized images but also preserve the structure of
the content image. Recently, the pre-trained SD has pos-
sessed the massive prior knowledge to generate highly re-
alisc images. To exploit the prior knowledge in pre-trained
SD, we first design a simple text prompt template with the
artist’s name (e.g., a painting by Van Gogh). Then, we use
CLIP (Radford et al. 2021) to encode the text prompt tem-
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plate and obtain a text embedding space v;. Next, we de-
sign an Implicit Style Prompt Bank (i.e., multiple learn-
able parameter matrices) that can learn and store style infor-
mation from different collections of artworks. Besides, we
propose Spatial and Statistical-based Self-Attention Mod-
ule (SSAM) to project the learnable parameter matrix into
the embedding tensor v,,. Then, v, and v,, are concate-
nated, obtaining condition tensor cy(y). With condition ten-
sor cp(y), our proposed ArtBank can fully use the prior
knowledge in pre-trained large-scale models and the knowl-
edge from the collection of artworks, generating highly
realistic stylized images with preserving content structure
(Please see Fig. 2 and Fig. 1). To demonstrate the effec-
tiveness of proposed ArtBank, we build extensive experi-
ments on different collections of artworks. All the exper-
iments show our method outperforms the state-of-the-art
artistic style transfer methods, including small model-based
methods and pre-trained large-scale model-based methods.
To summarize, our contributions are listed as follows:

e We propose a novel framework called ArtBank, which
can generate highly realistic stylized images while pre-
serving the content structure. This is realized by the Im-
plicit Style Prompt Bank (ISPB), a set of trainable pa-
rameter matrices, which can learn and store the style in-
formation of multiple collections of artworks and dig out
the prior knowledge of pre-trained large-scale models.

* We propose the Spatial-Statistical Self-Attention Module
(SSAM), which focuses on spatial and statistical aspects,
to accelerate the training of proposed ISPB.

* We have conducted extensive experiments on multiple
collections of artworks and synthesized highly realistic
stylized images compared to state-of-the-art methods.
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Related Work

Small Model-based Methods. The small model-based
method refers to training a small-scale forward neural net-
work on a small amount of data. For example, Huang et
al. (Huang and Belongie 2017) proposed an arbitrary artistic
style transfer method that can transfer the style of a style im-
age onto a content image. Li et al. (Li et al. 2017) conducted
the whitening and coloring transforms (WCT) to endow the
content features with the same statistical characteristics as
the style features. However, these methods need a refer-
ence style image and fail to learn style information from the
collection of artworks. To this end, CycleGAN (Zhu et al.
2017), DiscoGAN (Kim et al. 2017), and U-GAT-IT (Kim
et al. 2019) adopt generative adversarial networks and a cy-
cle consistency loss to realize the mapping between the style
domain and content domain in the RGB pixel space. These
methods can learn style information from the collection of
artworks and preserve the structure of the content image,
but the cycle consistency loss adds an extra computational
burden. Some researchers (Sanakoyeu et al. 2018; Kim et al.
2019; Park et al. 2020) proposed to leverage the geometry
consistency to preserve the structure of the content image.
Although the aforementioned small model-based methods
can generate stylized images with preserving the content
structure, they fail to synthesize highly realistic stylized im-
ages.

Pre-trained Large-scale Model-based Methods. Large-
scale models are trained on large amounts of data and can
generate highly realistic images. For example, Stable Diffu-
sion (Rombach et al. 2022) is a large-scale text-image gen-
eration model which can generate a new highly realistic im-
age corresponding to a text prompt. Pix2pix-zero (Parmar
et al. 2023) first proposed to automatically discover editing
directions that reflect desired edits in the text embedding
space, and condition diffusion model to generate expired
image. Ramesh et al. (Ramesh et al. 2022) solve the prob-
lem of text-conditional image generation by inverted CLIP
text embeddings. Zhang et al. (Zhang et al. 2023a) proposed
an inversion-based artistic style transfer method to learn the
corresponding textual embedding from a single image and
use it as a condition to guide the generation of artistic im-
ages. DiffuselT (Kwon and Ye 2023) utilized a pre-trained
ViT model to guide the generation process of DDPM mod-
els (Ho, Jain, and Abbeel 2020) in terms of preserving con-
tent structure. Yang et al. (Yang, Hwang, and Ye 2023) pro-
posed a zero-shot contrstive loss for diffusion models that
doesn’t require additional fine-tuning or auxiliary networks.
These methods can perform artistic style transfer from ac-
curate text description or examplar style image but fail to
learn and store style information from the collection of art-
works. Unlike these methods, our proposed approach learns
style information from the collection of artworks based on
the proposed ISPB. Our proposed approach does not require
explicit text or images as a condition (See in Fig. 7) and can
synthesize highly realistic artistic images while preserving
the structure of the content image.
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Method
Overview

Our proposed ArtBank includes an untrainable part (pre-
trained large-scale models) and a trainable part (Implicit
Style Prompt Bank, i.e., a set of learnable parameter ma-
trices). The untrainable part utilizes a pre-trained large-scale
model (Stable Diffusion, version 1.4) as a backbone, which
can generate highly realistic images. The trainable part can
learn and store the style information from the collection of
artworks and condition pre-trained large-scale model to gen-
erate highly realistic stylized images while preserving the
structure of the content image. Meanwhile, we propose the
Spatial- Statistical Self-Attention Module (SSAM) to accel-
erate the training of ISPB. Once the training is completed,
ArtBank can render arbitrary content images into highly re-
alistic artistic stylized images while preserving the structure
of the content image.

Implicit Style Prompt Bank

In order to learn the knowledge from a collection of art-
works, an intuitive way is to unfreeze the parameter of pre-
trained large-scale model with the following loss (Nichol
and Dhariwal 2021):

Laigs = Bens [lle = e (2113 (1)
where z ~ F(x),e ~ N(0,1). Once the loss function con-
verges, the trained model can render an arbitrary content im-
age into artistic style image. However, this naive approach
will weaken pre-trained large-scale models’ ability, learned
from previous massive data, to generate highly realistic styl-
ized images.

To dig out massive prior knowledge in pre-trained large-
scale model and extract the knowledge from the collection
of artworks, we freeze the parameter of pre-trained large-
scale model and train an ISPB. ISPB comprises a series of
trainable parameter matrices and each trainable parameter
corresponds to a collection of artworks. The problem we
need to solve is how to teach these learnable parameters to
learn and store the style information from the collection of
artworks and how to use these trainable parameters to con-
dition the pre-trained large-scale model to generate highly
realistic stylized images while preserving content structure.
In this paper, we use pre-trained large-scale Stable Diffu-
sion (SD) as backbone. We argue that SD relies on using
CLIP-based codes, encoded by CLIP text/image encoder, to
guide the denoising process and guide SD to generate de-
sired image. CLIP text encoder can be divided into tokenizer
and text transformer modules. If using the text encoder as an
example, a text prompt is converted into continuous vector
representations v;. Although such v, is effective in guiding
SD to generate the desired image, it cannot fully dig out the
knowledge of SD in style transfer. Based on the above analy-
sis, we first design some coarse text prompt templates (e.g.,
a painting by Van Gogh *, * is only a meaningless place-
holder). The coarse text prompt template is then converted
into continuous vector representations: v; and v, (i.e., coarse
text prompt is converted into v; and * is converted into v, ).
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Figure 3: The overview of our proposed ArtBank which consists of two parts: an un-trainable module and a trainable module.
The untrainable module is a pre-trained large-scale diffusion model (the model used in this paper is SD 1.4), which can generate
highly realistic image. The trainable module is Implicit Style Prompt Bank (ISPB) which can learn and store style information
from the collection of artworks. The stochastic inversion (bottom) is used in the diffusion process of inference stage (upper

right).

In the meantime, the learnable parameter matrix [,,, of
ISPB is also projected into a continuous style representation
vector vy, by our proposed SSAM (i.e., v, = SSAM (I,;,).
The SSAM will be illustrated in Fig. 4). Then, we replace
embedding vector v, with style representation v,,. Finally,
the embedding vectors (v; and v,,) are transformed into a
single conditioning code ¢y (y). In the above process, only
I,, and SSAM need to be trained, and each collection of
artworks need the corresponding I,,,, and SSAM,,. The
SSAM,, is primarily responsible for accelerating training
I, . We use the following loss function for training.

‘Cdsz - Ez,a:,y,t [||€ — €9 (Zt7 ta SSAM (Im)a Ut)Hg] ) (2)

where z ~ F(z),e ~ N(0,1) and v; denotes text prompt.
Once the I,,, and SSAM are trained, our proposed ArtBank
supports arbitrary content images to generate highly realistic
stylized images while preserving content structure.

Spatial-Statistical-Wise Self-Attention Module

Fig. 4 illustrates the architecture of our proposed Spatial-
Statistical Self-Attention Module (SSAM), which differs
from previous self-attention approaches (Park and Lee 2019;

7399

Liu et al. 2021; Li et al. 2023b,a,c; Cui et al. 2022). Our
novel SSAM can learn and evaluate the value change of
the parameter matrix from both spatial and statistical per-
spective. Specifically, we use row-column-wise attention
from spatial aspects and mean-variance-wise attention from
statistical aspects to extract parameter information. This
approach can accelerate the convergence rate, reduce the
volatility of parameter matrix updates, and dig out knowl-
edge in SD. The SSAM starts with a trainable parameter
matrix I,,,, which is encoded into a query (Q), key (K), and
value (V).

Q=Wq In, K =Wk -1,V =Wy - I, ()

where W, Wi, Wy, are learnable convolution layer. The
attention map A can be calculated as:

A= Softmaz (Q" @ K) )

where ® denotes matrix multiplication

For attention map A, we build col-wise weight matrix
Weop € RHWex1 and row-wise weight matrix W,,,, €
R H:We - And to make it easier to calculate, we replicate
Weor and W,.,,,, along with col and row, respectively. Then
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Figure 4: (a) The structure of SANet (Park and Lee 2019); (b) The structure of AdaAttN (Liu et al. 2021); (c) The structure of
our proposed SSAM. Norm here denotes the mean-variance channel-wise normalization.

we can obtain col-wise and row-wise attention maps as be-

low.
Acol =A- Wcol aArow =A- VVrow (5)

Then, A = o - Awy + (1 — @) - Apw (i€., a is learnable
weight.). Furthermore,

M=V-A (6)

The attention-weighted standard deviation § € RC*H:We
as:

S:\/(V~V)®AT—M-M (7
where - represents the element-wise product. Finally, corre-
sponding scale S and shift M are used to generate a trans-
formed parameter matrix as:

U = S - Norm (I,,,) + M 8)

we redefine this process as: v,,, = SSAM (I,;,).

Stochastic Inversion

In pre-trained large-scale model, random noise plays a cru-
cial role in preserving the content structure of stylized im-
ages (Hertz et al. 2022). However, random noise is hard to
predict, and incorrectly predicted noise can cause a content
mismatch between the stylized image and the content image.
To this end, we first add random noise to the content image
and use the denoising U-Net in the diffusion model to predict
the noise in the image. The predicted noise is used as the ini-
tial input noise during inference to preserve content structure
(called stochastic inversion, as shown in bottom of Fig. 3).
Based on this strategy, our proposed ArtBank can generate
highly realistic stylized images while preserving better con-
tent structure.

Experiments
Implementation Details

We use pre-trained large-scale diffusion model (SD ver-
sion 1.4) as our backbone. We train our proposed mod-
ule for each collection of artworks using two NVIDIA
GeForce RTX3090 GPUs. The training process requires
about 200,000 iterations with a batch size of 1 and takes

7400

about two days to complete for each collection. We use a
base learning rate of 0.001. The art images are chosen from
the Wikiart (Nichol 2016) dataset and scaled to 512x512
pixels. The training set size varies for each class: 401 for Van
Gogh, 130 for Morisot, 1433 for Ukiyoe, 1072 for Monet,
584 for Cezanne, 292 for Gauguin, and 204 for Peploe. Dur-
ing inference, we randomly select some content images from
DIV2K (Agustsson and Timofte 2017) as the initial input
images.

Qualitative Comparisons

Comparison With SOTA Style Transfer Methods. We
compare our method with the sate-of-the-art artistic style
transfer methods, including InST (Zhang et al. 2023a), Dif-
fuselT (Kwon and Ye 2023), SD (Rombach et al. 2022),
AST (Sanakoyeu et al. 2018), CycleGAN (Zhu et al. 2017),
LSeSim (Gao, Zhang, and Tian 2022) and CUT (Park et al.
2020). As the representative of small model-based methods,
AST, CycleGAN, LSeSim and CUT can generate stylized
images with better content structure; they also introduce ar-
tifacts and disharmonious patterns into stylized images. As
shown in Fig. 5, as the representative of a pre-trained large-
scale model, the InST is trained based on the diffusion model
and can learn style information from a single style image.
To make a fair comparison, we retrained InST and used the
same collection of artworks and text prompts with our pro-
posed method. In the inference, InST used the content image
as the initial input image, the text prompt and the content
image are used as conditional input. Fig. 5 shows that InST
still has limiations in preserving content structure compared
to our approach. DiffuselT and SD have more limitations in
preserving content structure.

Compared to the above methods, our proposed ArtBank
can not only fully mine the knowledge in the pre-trained
large-scale model but also learn and store the style informa-
tion from the collection of artworks to generate highly realis-
tic stylized images while preserving better content structure.

Quantitative Comparisons

To better demonstrate the superiority of our proposed
method in artistic style transfer. We also compare our pro-
posed method with other methods in the terms of CLIP
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Figure 5: Qualitative comparisons with SOTA artistic style transfer methods.

Score, Preference Score and Timing Information.

CLIP Score. CLIP (Radford et al. 2021) is a cross-modal
model pre-trained on 400M image-caption pairs and can be
used for robust automatic evaluation of the accuracy be-
tween images and text prompt (Hessel et al. 2021). CLIP
Score can measure the similarity between text prompt and
the artistic style images. As shown in Tab. 1, “Ground Truth”
denotes the similarity between text prompt and the collec-
tion of artworks. Taking the collection of artworks from Van
Gogh as an example, we calculated the mean of similarity
between 401 artistic images and a text (a painting by Van
Gogh). We also calculate the mean of similarity between the
1,000 stylized image and a text prompt. We employed the
same strategy to calculate the CLIP score for the other col-
lection of artworks, such as Morisot, Ukiyoe, Monet, etc. As
shown in Tab. 1, our method achieves a higher CLIP score
compared to other state-of-the-art methods, and is even close
to the ground truth score.
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Timing Information. The 9*" row of Tab. 1 shows the
run time comparisons on images with a scale of 512x512
pixels. Although our proposed method does not have the
advantage of inference efficiency compared with the small
method-based methods, it is significantly faster than the pre-
trained large-scale model-based model.

Preference Score. (Chen et al. 2021a; Zhang et al.
2023a).To measure the popularity of stylized images gener-
ated by two artistic style transfer methods, preference score
is commonly used. In this section, we randomly selected 100
content images as input for our proposed method and exist-
ing artistic style transfer methods, generating 100 stylized
images. To ensure a fair and efficient calculation of the pref-
erence score, we asked each participant to select their pre-
ferred stylized image one at a time from a set of 10 images
generated by our method and 10 images generated by one of
the other methods. Participants were instructed to prioritize
artistic authenticity and content continuity between stylized
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Ground truth  Ours InST SD DiffuselT AST CycleGAN  LSeSim CUT
Van Gogh 0.7588 0.7321  0.7244 0.5440 0.6632 0.6736 0.6875 0.6727 0.7124
Morisot 0.8024 0.7447  0.6983 0.5013 0.6871 0.6659 0.7063 0.6730 0.7389
Ukiyoe 0.7495 0.7384  0.7272 0.5235 0.6953 0.6546 0.6504 0.6403 0.6553
Monet 0.7910 0.7556  0.7319 0.5031 0.6984 0.7249 0.7351 0.7125 0.7266
Cezanne 0.7760 0.7646  0.7332 0.5440 0.7216 0.7143 0.7363 0.7250 0.7563
Gauguin 0.8248 0.8190  0.7875 0.6231 0.7528 0.6839 0.7139 0.6730 0.7362
Peploe 0.7475 0.7355  0.7032 0.5396 0.6807 0.6677 0.6846 0.6327 0.6982
Time/sec - 35725  4.0485 3.7547 32.352 0.0312 0.0312 0.0365 0.0312
Preference - 0.679 * 0.572/0.428 0.708/0.292 0.664/0.336 0.685/0.315 0.683/0.317 0.672/0.328 0.769/0.231

Table 1: Quantitative comparisons with state-of-the-art methods. * denotes the average user preference.

800 iters

7400 iters

Style image

1200 iters 200 iters 400 iters

Figure 6: The optimization effiency comparison with SANet (Park and Lee 2019) and our proposed SSAM.

Full Model w/o Text w/ SANet w/ AdaAttN
Van Gogh| 0.7321 0.7248  0.7267 0.7310
Morisot 0.7447 0.7383  0.7395 0.7425
Ukiyoe 0.7384 0.7256  0.7286 0.7288
Monet 0.7556 0.7419  0.7456 0.7462
Cezanne 0.7646 0.7532  0.7569 0.7572
Gauguin 0.8190 0.8025 0.8036 0.8139
Peploe 0.7355 0.7232  0.7285 0.7325

Table 2: The CLIP score between text prompt and stylized
images.

images and content images. We recruited 200 participants
to repeat the above process, and collected a total of 2,000
votes. Tab. 1 shows the percentage of votes for each artistic
style transfer method, indicating that our proposed method
was the most popular.

Ablation Study

Self-attention can faster optimization efficiency of diffusion
model (Hessel et al. 2021). To demonstrate that our pro-
posed method with the proposed SSAM can optimize the
target style image faster, we show the optimization process
(see in in Fig. 6) using our proposed SSAM or SANet (Park
and Lee 2019). While using SANet requires 1400 iters to
achieve incomplete convergence, SSAM only requires 400
iters. Besides, we retrained ISPB using SANet and AdaAttN
with the same iterations. As shown in Fig. 7, we observe
that stylized images with other attention mechanisms are
less creative and exhibit fewer brushstroke details. The qual-
ity of stylized images also degraded in detail when the text
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Figure 7: The ablation study of attention module and text
prompt.

prompt is removed. To further validate the effectiveness of
our proposed module from quantitative evaluation, we also
calculate CLIP score, as shown in Tab. 2.

Conclusion

We introduce a novel artistic style transfer framework, called
as ArtBank, which can addresses the challenge of digging
out the knowledge from pre-trained large models to generate
highly realistic stylized images while preserving the content
structure of the original content images. Extensive experi-
ments demonstrate that our proposed method achieves state-
of-the-art performance in artistic style transfer compared to
existing SOTA methods. In the future, we lookforward to
designing a more effective visual prompt to fully dig out the
prior knowledge of pre-trained large-scale model in generat-
ing highly realisc stylized images.
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