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Style Reference

A kitten sleeping on a pillow A river with rapids and rocks A bird in a wood

A dog in the desert A snowy mountain peak A modern house with a pool A sailboat at sea

A teacup on a saucer

Figure 1. Our framework is capable of capturing faithful style representation, from low-level delicate texture to high-level minimalism
composition, in either single or multiple style references, closely adhering to the textual prompts.

Abstract

This work introduces ArtAdapter, a transformative text-
to-image (T2I) style transfer framework that transcends tra-
ditional limitations of color, brushstrokes, and object shape,
capturing high-level style elements such as composition and
distinctive artistic expression. The integration of a multi-
level style encoder with our proposed explicit adaptation
mechanism enables ArtAdapter to achieve unprecedented
fidelity in style transfer, ensuring close alignment with tex-
tual descriptions. Additionally, the incorporation of an Aux-
iliary Content Adapter (ACA) effectively separates content
from style, alleviating the borrowing of content from style
references. Moreover, our novel fast finetuning approach
could further enhance zero-shot style representation while
mitigating the risk of overfitting. Comprehensive evalua-
tions confirm that ArtAdapter surpasses current state-of-
the-art methods.

1. Introduction

Bridging the realms of artificial intelligence and artistic cre-
ativity, text-to-image (T2I) style transfer [13, 24, 25] stands
out as a captivating domain that masterfully transforms
textual descriptions into visually rich and stylistic repre-
sentations. The core challenge lies in not just generating
text-resonant images but infusing them with artistic depth
and nuance, spanning from delicate brushstrokes to bold
compositional elements—thereby capturing the essence of
artistic vision. Conventional arbitrary style transfer (AST)
methods [4, 7–9, 15, 21, 28, 54] typically struggle beyond
low-level features such as medium and colors, failing to
grasp the more sophisticated realms of artistic expression.
Diffusion approaches [25, 55], including Textual Inversion
[14], DreamBooth [39], and Low-Rank Adaptation (LoRA)
[2, 20], have shown potential in style representation. Yet,
these methods are hindered by laborious finetuning pro-
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cesses and a tendency towards overfitting, leading to out-
puts overly influenced by the style references’ content at
the expense of the textual context. Especially when deal-
ing with the unique nature of artworks, these methods face
difficulties in style transfer from a single reference.

Addressing these challenges, we present ArtAdapter, an
innovative T2I style transfer framework utilizing style em-
beddings derived from a multi-level style encoder. These
style embeddings, representing various layers of artistic
attributes, then intricately interplay with textual context
within the text encoder. The style information is refined fur-
ther through the novel Explicit Adaptation mechanism, situ-
ated within the cross-attention layers of the diffusion model.
Here, the Explicit Adaptation focuses explicitly on the style
pathway, while leaving the text pathway frozen. This en-
sures that the artistic elements, from foundational textures
to the distinctive expression of the artworks, are faithfully
and precisely represented in the generated images with-
out compromising the textual generalizability. Moreover,
our approach incorporates the Auxiliary Content Adapter
(ACA) during the training phase. The ACA plays a vi-
tal role by offering weak content guidance, aiding in the
separation of content structure from style references. This
ensures that the final images are not overwhelmed by the
content of the style references, maintaining a clear repre-
sentation of style elements and the narrative intent of the
text prompts. Furthermore, we introduce a fast finetuning
method, which further refines the model’s ability to capture
nuanced style details. This finetuning is effective for both
single- and multi-image style references, where it achieves
detailed style representation with minimal steps, greatly re-
ducing the time and computational resources typically re-
quired. This innovation addresses the challenge of overfit-
ting and speeds up the adaptation process. A notable feature
of ArtAdapter is its adeptness at style mixing. Leveraging
the multi-level style encoder, ArtAdapter can blend styles
from various references, extracting and combining distinct
stylistic elements at different levels. This enables the pro-
duction of images that blend a diverse array of artistic influ-
ences, thereby offering remarkable flexibility and creativity
to style transfer.

The principal contributions of our work are summarized
as follows: (i) A groundbreaking T2I style transfer model,
ArtAdapter, that harnesses a multi-level style encoder and
the Explicit Adaptation mechanism to capture diverse lev-
els of style representation, and ensures a subtle balance be-
tween style and textual semantics; (ii) The Auxiliary Con-
tent Adapter (ACA) separates content structure from style
references, addressing the issue of content dominance from
style references. (iii) A fast finetuning approach that en-
ables rapid and effective style adaptation; (iv) ArtAdapter
allows for style mixing across different hierarchical levels,
enriching the creative potential of T2I style transfer.

2. Related Work
2.1. Text-to-Image Synthesis

Text-to-image (T2I) synthesis has evolved remarkably, with
early methods primarily leveraging Generative Adversar-
ial Networks (GANs) [16]. A paradigm shift was marked
by the introduction of discrete Variational Autoencoders
(VAEs) [12, 36] and autoregressive transformers [46], lead-
ing to a more stable training process and high-quality im-
age generation as demonstrated by Esser et al. [12] and the
DALL-E [34]. Subsequent advancements with diffusion
models [19] further refined the generation with a gradual
denoising process, offering enhanced control and fidelity in
outputs, as showcased by DALL-E2 [35], Imagen [41], and
Stable Diffusion [37]. Recent developments [50, 51, 56]
have extended these models’ capabilities in various con-
text, with innovations like ControlNet [53] and T2I adapters
[31] for spatial semantics, enriching the conditioning op-
tions well beyond textual inputs.

2.2. T2I Personalization

In T2I personalization, the central goal is to tailor pretrained
models to a specific concept using a collection of refer-
ence images. Innovations like Textual Inversion [14] and
DreamBooth [39] pioneered this direction, learning text em-
beddings and optimizing diffusion backbone respectively.
The quest for efficiency has led to the development of Low-
Rank Adaptation (LoRA) [2, 20], which reduces parameters
by decomposing residual weights into two low-rank esti-
mated matrices. SVDiff [17] and Lightweight DreamBooth
[40] further refine this process using Singular Value De-
composition (SVD) and orthogonal incomplete basis within
LoRA weight-space respectively. Perfusion [45] incorpo-
rates Rank-One Model Editing (ROME) [30], exemplifies
targeted model edits aligned with conceptual directions.
Meanwhile, HyperDreamBooth [40] enables rapid adapta-
tion to new concepts through hypernetwork-initialized rank-
1 residuals. Beyond finetuning, various approaches [43, 49]
deploy task-specific components for zero-shot adaptation
to novel concepts, including Taming Encoder [23] and IP-
Adapter [51] for content semantics. Interestingly, T2I style
transfer aligns closely with style personalization, treating
artistic style as a unique conceptual entity. Our work con-
tributes to this evolving landscape by developing a novel
zero-shot T2I style transfer framework whose performance
can be further improved through fast finetuning.

2.3. Style Transfer

Traditionally, Style Transfer [4, 8, 28] has depended on
extracting content from target images and matching style
via second-order statistics [15, 21]. However, the biases
[7, 9] inherent in statistics cripple the representations. IEST
[7] and CAST [54], address this issue by introducing con-
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trastive learning. The advent of vision transformers [11]
has facilitated the capture of long-range features, as seen
in StyleFormer et al. [48] and StyTr2 [9]. ArtFusion [6]
presents an integration of diffusion models [19] into style
transfer, bypassing reliance on statistical matching. Fol-
lowing the booming of T2I models, InST [55] exemplifies
the growing interest in T2I style transfer, with semantics
provided by textual prompt, learning artistic features and
guiding the generating with the CLIP image encoder [33].
T2I-Style-Adapter [31] aligns style representation by har-
nessing cross-attention layers to process CLIP [33] style im-
age embeddings. Meanwhile, FreeDoM [52] employs time-
dependent energy guidance, where the similarity between
style references and generated samples is measured using
the distance of the Gram matrix. Nonetheless, T2I style
transfer confronts challenges such as content from style ref-
erences overshadowing the textual context [47] and obvi-
ous artefacts. Addressing this, our framework introduces
an auxiliary component to foster content-style disentangle-
ment, mitigating the influence of content semantics from
style references.

3. Approach
Preliminary on T2I Diffusion Models. A Text-to-Image
(T2I) diffusion model comprises two foundation compo-
nents: the diffusion backbone ϵθ and the text encoder cθ.
The diffusion backbone meticulously manages a process of
adding and removing noise. The inference process begins
with a distribution of random noise, which is gradually de-
noised step by step according to the textual prompt to form
a coherent image. The textual prompt, denoted as y, first
undergoes tokenization and index-based lookup, linking it
to text embeddings Ftxt, a sequence of vectors. These em-
beddings are further refined by the text encoder, which con-
textualizes the information, producing enriched text embed-
dings Etxt that encapsulate the textual description’s mean-
ing, intent, and subtleties. Typically, T2I diffusion models
employ cross-attention layers to access and utilize the se-
mantic information contained in Etxt. The T2I diffusion
models’ objective is defined by the equation [10]:

L = Ex,y,ϵ,t

[
||ϵθ(xt, t, cθ(Ftxt))− ϵ||22

]
, (1)

where x is the image, and ϵ represents the noise component
in the corrupted xt at timestep t. This equation aims to
estimate the noise involved in the diffusion process, which
is crucial to the gradual denoising process, aligning samples
with the text description.
Overall Framework. In Figure 2, we present the archi-
tecture of our ArtAdapter, utilizing a pretrained diffusion
model as its backbone. Our method instructs the diffusion
model in articulating diverse styles through learnable style
embeddings. For encoding the style reference xsty into

Cross Attention

Ecplicit
Adaptation

Color
Augmentation

Diffusion U-Net

(excluded when inference)

Softmax

Auxiliary
Content Adapter

Frozen

Trained

"A robot"

Text Encoder

Multi-Level
Style Encoder

concat mean & std

VGG

Figure 2. Architecture of ArtAdapter. Style embeddings, ex-
tracted through a cascade of a pretrained VGG [27] followed by
the multi-level style encoder, interact with text embeddings in the
text encoder. In the cross-attention layers, the Explicit Adaptation
exclusively optimizes the style-related projection to align outputs
with style references. The Auxiliary Content Adapter provides
weak content guidance during training, helping disentangle the
content structure in the style reference. Our approach faithfully
captures the style features without content semantics.

style embeddings Fsty , ArtAdapter employs a multi-level
style encoder to process activations of pretrained VGG net-
work [27]. Subsequently, these style embeddings are con-
catenated with text embeddings Ftxt, and processed through
the text encoder to obtain the style encodings Esty . To al-
low the diffusion backbone to adapt to these style concepts,
we introduce the Explicit Adaptation mechanism within the
cross-attention layers. This mechanism exclusively adapts
to style encodings while preserving the integrity of text en-
coding. This ensures the robust generalization of the pre-
trained diffusion model while enabling precise adaptation
to complex style nuances. Furthermore, our framework in-
corporates the Auxiliary Content Adapter (ACA) - a key
component during training, that is excluded when inference.
ACA provides rough content structure information to the
UNet backbone [38], helping eliminate the influence of the
content semantics in the style reference. Conclusively, our
fast finetuning method is designed to capture more nuanced
style characteristics, applicable to both individual and col-
lective style references.

3.1. Multi-Level Style Encoder

In the realm of style transfer, second-order statistics of VGG
[27] activations, specifically the mean and standard devia-
tion, have been crucial for their effectiveness in achieving
style similarity [15, 22]. These statistics lack overt content
information, enabling more unadulterated style features.
A core of our ArtAdapter lies in the extraction of multi-
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level style features, amplifying the expressiveness and in-
terpretability of the style transfer. Specifically, we select
VGG activations - relu3 3, relu4 3, and relu5 3 - to
represent low-, mid-, and high-level features, respectively.
Once we concatenate these activations’ mean and standard
deviation [6, 21], low-, mid-, and high-leve style embed-
dings F low

sty , Fmid
sty , Fhigh

sty are extracted using distinct MLPs.
These style embeddings interact with the textual context in
the text encoder and infuse the nuanced style information
into the diffusion model.

Intuitively, this mechanism is akin to captioning the style
reference with pseudo-words, resulting in stylized prompts
in the form of ”[stylelow] [stylemid] [stylehigh] a robot”,
where [stylelow/mid/high] serve as learnable descriptors for
styles at each level. Notably, our implementation gener-
ates 3 embeddings per level, culminating in a comprehen-
sive style embedding Fsty of length 9. These multi-level
style embeddings provide rich style context, significantly
enhancing the style fidelity.

3.2. Explicit Adaptation

Significant advancements in adapting pretrained diffusion
models to new contexts, notably with efficient methods like
LoRA [20], have demonstrated effective adaptation with
fewer parameters. To enhance the integration of style within
the diffusion backbone, we introduce Explicit Adaptation, a
novel adaptation mechanism different from pursuing mini-
mal parameters. Within the cross-attention layers, the Ex-
plicit Adaptation mechanism is meticulously applied to the
key and value projections of the style encodings Esty , while
leaving the pathways of the text embeddings Etxt frozen.
The output h of K- or V-projection in a cross-attention layer
can be represented as:

h = W{Esty, Etxt}+ α∆W{Esty, 0} (2)

where W represents the original weights, which are frozen
to maintain existing knowledge, α is a learnable scale, and
∆W is the residual weight focusing on the style encodings.

The term ”Explicit” signifies a direct and intentional ap-
proach, not only in the operational dynamics of the adapta-
tion but also in the model’s learning objectives. This delib-
erate demarcation ensures the adaptation process is sharply
concentrated on the incorporation of style nuances hidden
in the style encodings. This innovation enables our Ar-
tAdapter to refine style representations without compromis-
ing the established robust linguistic knowledge base. The
merits of Explicit Adaptation, particularly in its role in the
precise acquisition of fine-grained style features, will be fur-
ther dissected and validated in Section 4.4.

3.3. Auxiliary Content Adapter

One of the major challenges in T2I style transfer is the un-
intentional overpowering of the style reference’s content

within the generated images, eclipsing the textual seman-
tics. Even conditioning on VGG [27] statistics features
without content structure, due to certain highly recurrent
patterns in the dataset, like human faces [6], the model
might become prone to overfitting specific statistical fea-
tures of content, leading it to transfer content patterns from
the style reference. To address this challenge, we introduce
the Auxiliary Content Adapter (ACA) into our framework,
a variant of the T2I adapter [31]. It takes the image x as
input, providing the diffusion backbone with essential con-
tent cues. This ensures that the style components in Ar-
tAdapter, including the multi-level style adapter and the Ex-
plicit Adaptation, concentrate solely on capturing pure style
features, avoiding any unwanted diversion towards mimick-
ing content semantics from the style reference.

To calibrate the influence of ACA, its features are in-
fused within the deepest input block of the UNet backbone
[38], and positioned to impact only the initial denoising
stages (20% in this work), where the model delineates only
the rudimentary content outlines. Moreover, we subject the
ACA’s input to a series of random color augmentation, in-
cluding color jitter, greyscale, inversion, and polarization, to
prevent the model from learning the style’s color palette us-
ing ACA — reserving color learning for the style encoder.
These approaches confine the ACA’s function to offering
only the rough content structure, devoid of intricate details,
thus paving the way for a more nuanced style representa-
tion.

It’s imperative to underscore that ACA’s role is confined
to the training phase. In an ideal training process, the ACA
and textual prompts, provide the content structure and se-
mantics, respectively. During inference, ACA and style
references’ captions are excluded, allowing our ArtAdapter
to draw exclusively from the learned style features. This
ensures that the generated images present only the desired
style characteristics without content from style references.

3.4. Fast Finetuning and Multiple Style References

Building on the Explicit Adaptation mechanism, we intro-
duce a fast finetuning method to enhance the precision and
subtlety of zero-shot style representation. The crux of this
finetuning lies in the following equation:

h = W{Esty, Etxt}+ α∆W{Esty, 0}+ {∆hsty, 0} (3)

∆hsty is the residual vector that directly adjusts the style-
related activations, refining the model’s ability to mirror the
characteristics of the style references. During finetuning,
all components besides the vector residuals remain frozen,
ensuring an efficient adaptation process focused on the en-
hancement of style representation. The principle of ex-
plicit adaptation mechanism ensures that the textual con-
text pathways remain intact, offering a safeguard against
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Style Reference

A group of penguins

A lighthouse during a storm

A brightly lit carousel at night

Figure 3. Qualitative results. This collection of images exhibits the ArtAdapter’s capability to present faithful style representation across
diverse artworks without compromising on semantics, showcasing the versatility and deep understanding of artistic and textual contexts.

overfitting—a common challenge in single-image person-
alization. This finetuning is characterized by its efficiency.
With only minimal extra parameters from the rank-1 resid-
ual vector, and a focus on style operations, the process is
expedited to dozens of steps, typically completed within
minutes. Notably, this approach can be easily extended to
multi-reference style transfer. By averaging the style em-
beddings from all references, the model can optimize the
vector residuals to reflect the aggregate style.

3.5. Style Mixing

Our innovative style mixing approach leverages the multi-
level style encoder to expand the T2I style transfer’s hori-
zons. With a trio of style reference images, we extract
their respective style embeddings at low, mid, and high lev-
els. These are subsequently constructed into compositional
style embeddings by concatenation. Such a fusion of em-
beddings enables ArtAdapter to synthesize a new, mixed
style that simultaneously exhibits features from the individ-
ual styles at corresponding hierarchical levels. Furthermore,
this method of style mixing can easily extend to styles that
have undergone finetuning, by applying the residual vectors
to the corresponding entries.

4. Experiments

Data. For training, we harness the LAION AESTHETICS
[42] and WikiArt [32] datasets. The WikiArt dataset has
been captioned using BLIP-2 [26]. For testing, we adopt a
test dataset comprising 35 prompts, including some derived
from Wang et al. [47]. We collect 10 styles for both single-
and multi-reference style transfer separately, culminating in
a total of 700 image pairs for the test dataset.
Evaluation Metrics. We employ the CLIP [33] metrics for
objective assessment, including similarity for text and style.
The aesthetics score [1] functions as an indicator, gauging
the aesthetic appeal of the generated images. Additionally,
we undertake a user study involving 212 participants utiliz-
ing a 7-point scale, with 5 tuples per user, to assess subjec-
tive text and style accuracy, alongside the overall quality.
Implementation Details. This work leverages the SD V1.5
[37] as the backbone. We employ an AdamW optimizer
[29] with a batch size of 16, a learning rate of 1e-4 for the
multi-level style encoder and the ACA, and a reduced learn-
ing rate of 1e-7 for Explicit Adaptation residual weights.
Specifically, we apply LoRA [2, 20] to reduce the parame-
ters. During the finetuning, we optimize the vector residual
using a learning rate of 0.02 over 25 iterations, taking ∼1
minute. All experiments are undertaken on a single Nvidia
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Low & Mid Ref High Ref A castle A tyrannosaurus A UFO

Figure 4. Illustration of Style Mixing. The seamless integrations
of the two styles reflect the distinct contributions of style features
from different hierarchical levels to the final images and demon-
strate the remarkable flexibility of ArtAdapter.

GTX 4090 GPU. For inference, we set the sampling [44]
steps to 50, with the classifier-free guidance scale [18] be-
ing fixed at 9. Unless otherwise specified, all reported re-
sults were obtained with finetuning.

4.1. Qualitative Evaluation

The ArtAdapter’s prowess is showcased in Figure 1, where
it captures nuanced styles from various either single or mul-
tiple style references, while faithfully reflecting the textual
prompts. This is particularly evident in the top row of
Figure 1, where a clear facial structure is depicted in the
style reference, a challenging scenario often encountered
in T2I style transfer. Remarkably, our model adeptly re-
produces the ornate texture and aesthetic of the style ref-
erence without erroneously incorporating the facial struc-
ture into the final results. The bottom row of Figure 1 il-
lustrates ArtAdapter’s capability to go beyond mere low-
level style representation. Here, we observe not only the
replication of black-and-white tones and geometric patterns
but, more crucially, the high-level abstract composition that
resonates with the style reference collection. This demon-
strates the multi-level style encoder and Explicit Adaptation
mechanism’s collaborative efficacy in rendering styles that
are both authentic and expressive.

Figure 3 provides further insights into ArtAdapter’s ca-
pacity, showcasing side-by-side comparisons of various
styles within the same textual context. From the precise
transfer of textures and tones to the emulation of geomet-
ric shapes and the overall composition, ArtAdapter show-
cases a deep understanding of the distinctive artistic con-
cepts inherent in the style references. ArtAdapter effec-
tively circumvents borrowing content from style references,
creatively reinterpreting artistic elements to yield visually
compelling art that remains faithful to the textual descrip-
tions. This attests to the efficacy of the explicit mechanisms

Type Approach Text ↑ Style ↑ Aesth ↑

single
ref

CAST 0.297 0.583 5.410
StyTr2 0.299 0.577 5.308
T2I-Style-Adapter 0.181 0.822 5.705
InST 0.235 0.660 5.255
FreeDoM 0.262 0.634 5.059
Ours (zero-shot) 0.269 0.656 5.532
Ours 0.255 0.707 5.601

multi
ref

TI 0.265 0.678 5.712
LoRA 0.254 0.678 5.701
Ours 0.258 0.680 5.610

Table 1. Quantitative Comparison. ArtAdapter demonstrates su-
perior balances between text and style similarity, as well as com-
petitive aesthetics score, even with zero-shot.

Model Text ↑ Style ↑ Quality ↑

TI 4.49 4.35 4.38
LoRA 3.91 4.08 4.18
Ours 4.74 4.76 4.43

Table 2. Perceptual Comparison. ArtAdapter exhibits preem-
inence in all subjective metrics over TI [14] and LoRA [2, 20],
highlighting its effectiveness in T2I multi-reference style transfer
based on user preferences.

in our approach, which align the subject matter with the
style, while preventing overfitting that commonly happens
in single-image personalization finetuning.

In summary, our method facilitates T2I style transfer, ad-
vancing toward a more genuine and precise representation
of styles. It encapsulates the essence of the artistic intent,
offering a substantial leap.

4.2. Style Mixing

Figure 4 demonstrates ArtAdapter’s proficiency in seam-
lessly mixing two styles within one image. Achieving this
fusion involves applying distinct styles to different hierar-
chical levels: one affects low- and mid-level features, while
the other shapes high-level attributes. This mixing reveals
the significant roles of different levels in shaping the fi-
nal image. The low and mid-levels primarily dictate tone
and texture, as evidenced by the haziness of the ”Mona
Lisa” and Monet’s brushstroke texture. Conversely, high-
level features dictate the overall compositional structure and
artistic expression, as exemplified by the simplistic style in
the second row. This multi-level approach underscores our
model’s flexibility and interpretability in style transfer, fa-
cilitating a creative combination of artistic elements.

4.3. Comparison with State-of-the-art Methods

Single Style Reference. In Figure 5, our ArtAdapter is
compared with conventional AST models, such as CAST
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Style Reference SD CAST StyTr2

A motorcycle

Sheep in autumn field

A city square with people and buildings

DALL·E 3Ours Ours (zero-shot) InST FreeDoMT2I-Style-Adapter

Figure 5. Qualitative comparison on single style reference. Our results showcase ArtAdapter’s superior style alignment over other
approaches [5, 9, 54, 55]. Note that the SD [37] column works as content target images for conventional AST models [9, 54].

Multi Style References Ours TI LoRA Ours TI LoRA

A portrait of a rugby star A kitten sleeping on a pillow

A curly haired girl wearing a red dress, she is dancing Volcano eruption

Figure 6. Qualitative comparison on multiple style references. Compared to TI [14] and LoRA [2, 20], our ArtAdapter provides greater
consistency and coherence, while preventing content borrowed from the style references to the results.

[54] and StyTr2 [9], the diffusion-based T2I-Style-Adapter
[31], InST [55], FreeDoM [52] and the advanced DALL-E3
[5] in single-reference T2I style transfer. Utilizing SD [37]
as for T2I generation, stylized by AST models, we have the
T2I style transfer results of conventional AST approaches
[9, 54]. These models typically struggle to transcend basic
color transfer, struggling with the conveyance of high-level
style attributes, particularly abstract geometric configura-
tions, and holistic style elements. As diffusion-based ap-
proaches, T2I-Style-Adapter [31], while adept at represent-
ing the style, often discards the textual context, resulting in
a loss of controllability. InST [55] tends to produce results
with unnatural style representation and unintended content
borrowings from style references; FreeDoM [52], which re-
lies on energy guidance, often introduces noticeable arte-
facts into the stylized images. DALL-E3 [5], leveraging

ChatGPT [3] to generate style descriptions, struggles in the
actual reproduction of style features, revealing a bottleneck
in prompt engineering.

Distinctly, our zero-shot ArtAdapter captures the orig-
inal style’s brushwork, texture, and overall aesthetic with
exceptional fidelity, as evidenced by the quantitative results
in Table 1. This fidelity is further enhanced by the finetun-
ing, leading to an alignment closely mirroring the original
artworks. The quantitative analysis, as shown in Table 1,
highlights our style similarity score of 0.707 and an aesthet-
ics score of 5.601, surpassing the benchmarks, except for
T2I-Style-Adapter. While T2I-Style-Adapter edges out in
style and aesthetics, the disproportionately low text similar-
ity reveals a significant shortcoming in its T2I style transfer
capability. In contrast, our ArtAdapter excels, maintaining
high style and aesthetics scores with only a minimal trade-
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A house covered with ice and snow

Style Reference
Ours

(zero-shot)
Ours

(style encoder)

Solar system and galaxy

A robot

w/o ACA w/o explicit

Figure 7. Ablation research. These comparisons highlight the
importance of each mechanism in our framework.

off in text fidelity, which is 0.255.
Multiple Style Reference. In assessing multi-reference T2I
style transfer, our ArtAdapter is juxtaposed with Textual In-
version (TI) [14] and Low-Rank Adaptation (LoRA) [20],
detailed in Figure 6 and Table 1. Despite the successes of
TI [14] and LoRA [20] in capturing subtle style nuances,
they exhibit overfitting, as evidenced by their dominance
of style reference content, such as the face of Van Gogh,
leading to discrepancies with the textual prompts. Instances
such as the top-right corner of the sample manifest the inco-
herence in their style transfer, rooted in localized stylization
problems. Moreover, varying degrees of style assimilation
within a single style reference in the bottom row reveals a
lack of consistency. These highlight the instability of TI
[14] and LoRA [20] in style transfer. Our ArtAdapter ex-
cels in rendering outputs that accurately embody style fea-
tures from the collection and eliminate content borrowing,
with consistent representation in diverse textual contexts.
It nicely preserves the inherently strong generality of SD
[37]. Quantitative analysis demonstrates parity in perfor-
mance among the methods, highlighting our approach’s ef-
ficiency with a fast finetuning process of ∼1 minute.
User Study. To evaluate the efficacy of our multi-reference
T2I style transfer approach, a comprehensive user study, de-
tailed in Table 2, is conducted. The study unveils a marked
discrepancy in text and style precision, with ArtAdapter
achieving 4.74 and 4.76 scores, respectively, thus under-
scoring its enhanced adherence to textual prompts and style
references, surpassing TI [14] and LoRA [20] benchmarks.
Moreover, the elevated quality score of 4.43 underscores the
visual appeal of our generated images. Collectively, these
results indicate that our approach provides an improved T2I
style transfer experience from a user perspective.

4.4. Ablation Study

The ablative analysis illustrated in Figure 7 dissects our Ar-
tAdapter, emphasizing the distinct contributions and impact
of each core mechanism on style transfer performance.
Auxiliary Content Adapter. The first row underscores the
crucial role of the Auxiliary Content Adapter (ACA). In its
absence, the model inappropriately adopts content seman-
tics. The outputs will be dominated by content features
in the style reference—such as the face in ”Mona Lisa”.
The ACA’s function to separate content and style learning is
confirmed; it empowers the model to preserve style features
while filtering out content during inference, guaranteeing
that the generated images adhere to the textual prompts.
Explicit Adaptation. In the second and third rows,
we scrutinize the effectiveness of the Explicit Adaptation
mechanism. Without this mechanism, the model shows a
marked decrease in its ability to accurately represent style
across different levels. This is evidenced by distorted col-
ors, imprecise geometric formations, and a lack of depth
in capturing the compositional elements and artistic intent,
such as those found in Salvador Dali’s surrealist works. The
explicit adaptation mechanism is thereby shown to be indis-
pensable for the model’s ability to internalize style contexts,
generating outputs with high style fidelity.
Exclusive Style Encoder. Sole reliance on the multi-level
style encoder, without incorporating adaptation in the back-
bone, leads to significant degradation in style representa-
tion, especially obvious in the second and third rows. The
style encoder can only capture features such as imprecise
color and rough texture patterns, failing to grasp the more
profound stylistic expressions. This clearly highlights the
critical role of the diffusion backbone in adapting to various
style contexts, affirming that the integration of all compo-
nents is critical for optimal style transfer performance.

5. Conclusion
In this work, our innovative T2I style transfer frame-
work, ArtAdapter, has effectively demonstrated its ability
to synthesize images that faithfully align with given tex-
tual prompts and style references. By employing a multi-
level style encoder for nuanced style capture, the Explicit
Adaptation for effective style integration, and the Auxil-
iary Content Adapter (ACA) for content-style separating,
our ArtAdapter sets a new standard in achieving both style
and text fidelity. The implementation of our fast finetuning
strategy significantly enhances the efficiency of style align-
ment, establishing our model as a benchmark in the realm
of T2I style transfer. However, ArtAdapter does have limi-
tations, particularly in style mixing. We observe that high-
level style embeddings often inadvertently incorporate ele-
ments from lower levels, causing interference in the style
mixing process. We aim to refine the disentanglement of
hierarchical style features to improve the authenticity and
precision of style mixing in future works.
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