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Abstract
Recent progresses in large-scale text-to-image models have
yielded remarkable accomplishments, finding various appli-
cations in art domain. However, expressing unique character-
istics of an artwork (e.g. brushwork, colortone, or composi-
tion) with text prompts alone may encounter limitations due
to the inherent constraints of verbal description. To this end,
we introduce DreamStyler, a novel framework designed for
artistic image synthesis, proficient in both text-to-image syn-
thesis and style transfer. DreamStyler optimizes a multi-stage
textual embedding with a context-aware text prompt, result-
ing in prominent image quality. In addition, with content and
style guidance, DreamStyler exhibits flexibility to accommo-
date a range of style references. Experimental results demon-
strate its superior performance across multiple scenarios, sug-
gesting its promising potential in artistic product creation.
Project page: https://nmhkahn.github.io/dreamstyler/.

Introduction
“Painting is silent poetry.” — Simonides, Greek poet

Recent text-to-image models have shown unprecedented
proficiency in translating natural language into compelling
visual imagery (Saharia et al. 2022; Ramesh et al. 2022;
Rombach et al. 2022). These have emerged in the realm of
art, providing inspiration and even assisting in crafting tan-
gible art pieces. In the AI-assisted art production workflow,
artists typically utilize various descriptive prompts that de-
pict the style and context to generate their desired image.
However, the unique styles of a painting, its intricate brush-
work, light, colortone, or composition, cannot be easily de-
scribed in a single word. For instance, dare we simplify the
entirety of Vincent Van Gogh’s lifelong artworks as just one
word, ‘Gogh style’? Text descriptions cannot fully evoke his
unique style in our imagination — his vibrant color, dra-
matic light, and rough yet vigorous brushwork.

Beyond text description, recent studies (Gal et al. 2022;
Ruiz et al. 2023) embed specific attributes of input images
into latent space. While they effectively encapsulate a novel
object, we observed that they struggle to personalize style
of a painting. For instance, model optimization-based meth-
ods (Ruiz et al. 2023; Kumari et al. 2023) are highly sus-
ceptible to overfitting and often neglect inference prompts,
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Figure 1: DreamStyler synthesizes outputs based on a given
context along with a style reference. Note that each model is
trained on a single style image shown in this figure.

which is not ideal for real-world production (please refer to
the Suppl. for more details). Textual inversion-based meth-
ods (Gal et al. 2022; Voynov et al. 2023), in contrast, effec-
tively reflect the inference prompt but fail to replicate style,
possibly due to the limited capacity of the learned embed-
dings. This is because capturing style, from global elements
(e.g. colortone) to local details (e.g. detailed texture), is chal-
lenging when relying solely on a single embedding token.

In this work, we present DreamStyler, a novel single
(one-shot) reference-guided artistic image synthesis frame-
work designed for the text-to-image generation and style
transfer tasks (Figure 1). We encapsulate the intricate styles
of artworks into CLIP text space. DreamStyler is grounded
in textual inversion (TI), chosen for the inherent flexibility
that stems from its prompt-based configuration. To over-
come the limitations of TI, we introduce an extended tex-
tual embedding space, S by expanding textual embedding
into the denoising timestep domain (Figure 2). Based on this
space, we propose a multi-stage TI, which maps the textual

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

674



information into the S space. It accomplishes by segmenting
the entire diffusion process into multiple stages (a chunk of
timesteps) and allocating each textual embedding vector to
the corresponding stage. The exploitation of the timestep do-
main in textual inversion significantly improves the overall
efficacy of artistic image synthesis. This enhancement stems
from the increased capacity of the personalized module, as
well as the utilization of prior knowledge suggesting that
different denoising diffusion steps contribute differently to
image synthesis (Balaji et al. 2022; Choi et al. 2022).

We further propose a context-aware prompt augmentation
that simply yet proficiently decouples the style and context
information from the reference image. With our approach,
the personalization module can embed style features solely
into its textual embeddings, ensuring a more faithful reflec-
tion of the reference’s style. To further refine the artistic im-
age synthesis, we introduce a style and context guidance, in-
spired by classifier-free guidance (Ho and Salimans 2022).
Our guidance bisects the guidance term into style and con-
text components, enabling individual control. Such a guid-
ance design allows users to tailor the outputs based on their
preferences or intricacy of the reference image’s style.

We validate the effectiveness of DreamStyler through a
broad range of experiments. DreamStyler not only demon-
strates advanced artistic image synthesis but also paves the
new way of applying text-to-image diffusion models to the
realms of artistic image synthesis and style transfer tasks.

Related Work
Personalized text-to-image synthesis. Since the latent-
based text conditional generation has been explored (Rom-
bach et al. 2022), following studies (Saharia et al. 2022;
Ramesh et al. 2022; Li et al. 2022) have further contributed
to enhancing text-to-image synthesis with CLIP (Radford
et al. 2021) guidance. Furthermore, Textual inversion (Gal
et al. 2022), DreamBooth (Ruiz et al. 2023) and CustomD-
iffusion (Kumari et al. 2023) introduced approaches that
leverage 3-5 images of the subject to personalize semantic
features. Recently, Voynov et al. (2023) proposed P+ space,
which consists of multiple textual conditions, derived from
per-layer prompts. Although they showed promising results
in penalization of diffusion models, there are still limitations
to fully capturing precise artistic style representations. In
contrast, DreamStyler considers the denoising timestep to
accommodate temporal dynamics in the diffusion process,
achieving high-quality artistic image generation.

Paint by style. Neural style transfer renders the context
of a source with a style image. Since Gatys, Ecker, and
Bethge (2016), studies have been devoted to enhancing
the transfer networks for more accurate and convincing
style transfer. Notably, AdaIN (Huang and Belongie 2017)
and AdaAttN (Liu et al. 2021) investigated matching the
second-order statistics of content and style images. AesPA-
Net (Hong et al. 2023) and StyTr2 (Deng et al. 2022)
adopted recent architectures such as attention or transformer
for high-fidelity neural style transfer. Recently, InST (Zhang
et al. 2023) utilized the diffusion models by introducing the
image encoder to inverse style images into CLIP spaces.

BLIP-2

+ Feedback
“painting” “<S*> 

style”

U-Net
t stage
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Figure 2: Model overview. (a) DreamStyler constructs train-
ing prompt with an opening text Co, multi-stage style to-
kens S∗, and a context description Cc, which is captioned
with BLIP-2 and human feedback. DreamStyler projects the
training prompt into multi-stage textual embeddings v∗ =
{v∗1 , . . . , v∗T }, where T is # stages (a chunk of the denoising
timestep). As a result, the denoising U-Net provides distinct
textual information at each stage. (b) DreamStyler prepares
the textual embedding using a provided inference prompt.
For style transfer, DreamStyler employs ControlNet to com-
prehend the context information from a content image.

Method
Preliminary: Stable Diffusion (SD). DreamStyler is built
upon SD (Rombach et al. 2022). SD projects an input image
x into a latent code, z = E(x) using an encoder E, while
decoder D transforms the latent code back into pixel space,
i.e. x′ = D(z′). The diffusion model creates a new latent
code z′ by conditioning on additional inputs such as a text
prompt y. The training objective of SD is defined as:

L = Ez∼E(x),y,ϵ∼N(0,1),t[||ϵ− ϵθ(zt, t, c(y))||22]. (1)

At each timestep t, the denoising network ϵθ reconstructs
the noised latent code zt, given the timestep t and a con-
ditioning vector c(y). To generate c(y), each token from a
prompt is converted into an embedding vector, which is then
passed to the CLIP text encoder (Radford et al. 2021).
Preliminary: Textual Inversion (TI). Gal et al. (2022) pro-
posed a method to personalize a pre-trained text-to-image
model by incorporating a novel embedding representing the
intended concept. To personalize the concept, they initial-
ize a word token S∗ and its corresponding vector v∗, situ-
ated in the textual conditioning space P , which is the output
of the CLIP text encoder. Instead of altering any weights in
SD models, they optimize v∗ alone using Eq. (1). To create
images of personalized concepts, the inclusion of S∗ in the
prompts (e.g. a photo of S∗ dog) is the only required step.

Multi-Stage Textual Inversion
In some cases, TI fails to sufficiently represent the concept
due to the inherent capacity limitations associated with us-
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“rock island
on ocean”

“knight
with armor”
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Inference prompt:

(a) w/o contextual description
“a painting in S* style” + “of a woman in a blue dress playing a violin” + “with a woman in red dress playing piano behind” + “with women sitting in chairs”

Figure 3: How does training prompt affect? Given a style image, we construct training prompts with contextual descriptions
(b∼d). (a) Training without contextual description in the prompt; i.e. trains the model with “a painting in S∗ style”. The model
tends to generate the images that contains objects and compositions from the style image (e.g. standing and sitting audiences),
instead of attributes depicted in the inference prompt. (b, c) Training with partial contextual descriptions (the green and red
boxes displayed in the style image, respectively). Such a tendency is significantly reduced, yet the model still synthesizes some
objects from the style image (e.g. sitting people in the blue box). (d) Training with full contextual descriptions. The model
produces outputs that fully reflect the inference prompt without introducing any non-style attributes from the style image.

ing a single embedding token. Moreover, this single embed-
ding strategy is inappropriate for accommodating the chang-
ing process of diffusion models. As explored in Balaji et al.
(2022); Choi et al. (2022), diffusion models display intrigu-
ing temporal dynamics throughout the process, necessitat-
ing different capacities at various diffusion steps. In light of
this, managing all denoising timesteps with a single embed-
ding potentially has limitations due to the spectrum of local
to global expressions embodied in paintings. Thus, articulat-
ing paintings is intricately related to the denoising timesteps,
which operate in a coarse-to-fine synthesis manner (Balaji
et al. 2022). To address these challenges, we introduce a
multi-stage TI that employs multiple embeddings, each cor-
responding to specific diffusion stages (Figure 2).

We first propose an extended textual embedding space S .
The premise of the S space is to decompose the entire dif-
fusion process into multiple distinct stages. To implement
this, we split the denoising timesteps into T chunks and de-
note each chunk as a stage. Based on the S space, the multi-
stage TI prepares the copies of the initial style token (S∗)
as a multi-stage token set S∗ = {S∗

1 , . . . , S
∗
T }. In this way,

the multi-stage TI projects a style image into T style tokens,
contrasting the TI that embeds it into a single token. The to-
ken set is then encoded by a CLIP text encoder to form stage-
wise embedding vectors, denoted as v∗ = {v∗1 , . . . , v∗T }.
Lastly, the multi-stage TI optimizes these embeddings fol-
lowing the subsequent equation.

v∗ = argmin
v

Ez,v,ϵ,t[||ϵ− ϵθ(zt, t, c(vt))||22]. (2)

The application of multi-stage TI significantly enhances
the representation capacity beyond that of vanilla TI, which
we will illustrate in a series of experiments. Furthermore,
this method enables the fusion of multiple tokens, each orig-
inating from different styles, at a specific stage t. Conse-
quently, it facilitates the creation of unique and novel styles
tailored to the user’s individual preferences.

Context-Aware Text Prompt
While the multi-stage TI enhances representational capac-
ity, it still faces fundamental problems when training with a
style reference; the style and context of the image may be-
come entangled during the optimization of the embeddings.

This problem mainly arises from attempts to encapsulate all
features of the image into S∗, not just the style aspect. As
depicted in Figure 3, without contextual information in the
training prompt, the model overlooks the context of infer-
ence prompt. However, when we inject contextual descrip-
tions into the training prompt, the model better disentangles
the style from the context. In our observations, such a phe-
nomenon occurs more frequently as the representational ca-
pacity increases, likely due to the model’s increased efforts
to accommodate all information within its capacity.

Hence, we construct training prompts to include contex-
tual information about the style image. Let C = [Co,S

∗] be
the vanilla prompt used in multi-stage TI training, where Co

is the opening text (e.g. “a painting”), and S∗ is multi-stage
style token set, described above. In the proposed strategy, we
incorporate a contextual descriptor Cc (e.g. “of a woman in
a blue dress”) into the middle of the prompt (Figure 2), i.e.
C = [Co, Cc,S

∗]. We annotate all the non-style attributes
(e.g. objects, composition, and background) from the style
image to form the contextual descriptor. When we caption
non-style attributes, BLIP-2 (Li et al. 2023) is employed to
aid in the automatic prompt generation.

Although a context-aware prompt significantly reinforces
style-context decoupling, for some style images with com-
plicated contexts (Figure 3), BLIP-2 might not capture all
details, which could limit the model’s disentanglement ca-
pability. In such cases, we further refine caption Cc based on
human feedback (e.g., caption by humans). This human-in-
the-loop strategy is straightforward yet markedly improves
the model’s ability to disentangle styles. Since our goal is
one-shot model training, the time spent refining the caption
is minimal; typically less than a minute. With the context-
aware prompt, the text-to-image models can now distinguish
style elements from contextual ones and specifically embed
these into the (multi-stage) style embeddings v∗. The moti-
vation for augmenting the training prompt is also suggested
in StyleDrop (Sohn et al. 2023), a current personalization
approach in the text-to-image diffusion model.

Style and Context Guidance
Classifier-free guidance (Ho and Salimans 2022) improves
conditional image synthesis. It samples adjusted noise pre-
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Style image Prompt (a) DreamStyler (b) InST (c) XTI (d) Textual Inversion (e) CustomDiffusion (f) DreamBooth

Figure 4: Qualitative comparison on the style-guided text-to-image synthesis task.

Content
& Style (a) DreamStyler (b) InST (c) AesPA-Net (d) StyTr2 (f) AesUST(e) IEContraAST (g) AdaAttN

Figure 5: Qualitative comparison on the style transfer task.

diction ϵ̂(.), by leveraging unconditional output under null
token ∅ as: ϵ̂(v) = ϵ(∅) + λ(ϵ(v) − ϵ(∅)), where, λ is the
guidance scale and we omit c(.), z and t for brevity.

In style-guided image synthesis, this guidance pushes
both style and context uniformly with λ. The uniform guid-
ance could face limitations since the spectrum of “style”
of artistic paintings is wider than that of natural photos.
Given this diversity, a more nuanced control mechanism is
required. Furthermore, there exist demands to individually
control style and context in the art-making process. To this
end, we propose style and context guidance as in below.

ϵ̂(v) = ϵ(∅) + λs[ϵ(v)− ϵ(vc)] + λc[ϵ(vc)− ϵ(∅)]
+ λc[ϵ(v)− ϵ(vs)] + λs[ϵ(vs)− ϵ(∅)] (3)

where, vs,vc are the embeddings of prompts C,Cc, respec-
tively. λs, λc denote style and context guidance scale. We
derive Eq. (3) by decomposing v into vs,vc. We employ
two paired terms to balance the influence of each guidance.
Please refer to Suppl. for detailed derivation and analysis.

By separating the guidance into style and context, users
are afforded the flexibility to control these elements individ-
ually. Specifically, an increase in λc increases the model’s
sensitivity towards context (e.g. inference prompt or content
image), whereas amplifying λs leads the model towards a

more faithful style reproduction. This flexible design allows
users to generate stylistic output tailored to their individual
preferences, and it also facilitates the adoption of various
styles, each with a range of complexities (Hong et al. 2023).

Style Transfer
DreamStyler transmits styles by inverting a content image
into a noisy sample and then denoising it towards the style
domain (Meng et al. 2021). With this approach, however,
the preservation of content would be suboptimal (Ahn et al.
2023). To improve this, we inject additional conditions from
the content image into the model (Zhang and Agrawala
2023) (Figure 2). This straightforward pipeline well pre-
serves with the structure of the content image, while effec-
tively replicating styles. Moreover, by leveraging a powerful
prior knowledge from text-to-image models, the style qual-
ity of DreamStyler surpasses that of traditional methods.

Experiment
Implementation details. We use T = 6 for multi-stage TI
and utilize human feedback-based context prompts by de-
fault. Please refer to Suppl. for more details.
Datasets. We collected a set of 32 images representing var-
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Figure 6: Performance of text and style scores in style-
guided text-to-image synthesis. DreamStyler effectively bal-
ances these metrics and surpasses the majority of methods.

Method Text Style User
Score Score Score

Textual Inversion (Gal et al. 2022) 24.11 26.84 2.1%
DreamBooth (Ruiz et al. 2023) 22.48 25.20 3.9%
CustomDiffusion (Kumari et al. 2023) 21.43 33.45 4.8%
XTI (Voynov et al. 2023) 26.36 27.07 4.5%
InST (Zhang et al. 2023) 27.05 23.97 1.8%
DreamStyler (Ours) 26.40 28.74 82.9%

Table 1: Quantitative comparison on the style-guided text-
to-image synthesis task. Bold: best, underline: second best.

ious artistic styles, following the literature on style trans-
fer (Tan et al. 2019). To evaluate text-to-image synthesis,
we prepared 40 text prompts, as described in Suppl.
Baselines. In terms of text-to-image synthesis, we compare
DreamStyler against diffusion-based personalized methods,
ranging from textual inversion to model-optimization ap-
proaches. For the style transfer task, we compare our method
to state-of-the-art style transfer frameworks. We utilize offi-
cial codes for all the methods used in the comparison.
Evaluation. Text and image scores, based on CLIP, mea-
sure the alignment with a given text prompt and style image,
respectively. Style score assesses the style consistency by
calculating the similarity of Gram features between the style
and generated images. More details are provided in Suppl.

Style-Guided Text-to-Image Synthesis
Table 1 and Figure 6 show quantitative results. DreamStyler
delivers a robust performance while managing the trade-off
between text and style scores. A tendency is noted that an
overemphasis on input text prompts may lead to a compro-
mise in style quality. Despite this, DreamStyler effectively
balances these aspects, yielding a performance that goes be-
yond the trade-off line, indicative of outstanding capability.
User score also supports the distinction of DreamStyler.

As shown in Figure 4, previous inversion-based meth-
ods (TI, InST, and XTI) effectively preserve the context of
text prompts but fall short in adopting the intrinsic artwork
of style images. Conversely, the model optimization-based
methods (DreamBooth, CustomDiffusion) excel in deliver-
ing styles but struggle to adhere to the prompt or introduce

Style & object (a) DreamStyler (b) Textual inversion (c) CustomDiffusion

Figure 7: My object in my style. Textual inversion faces
challenges in accurately capturing both style and context
from the reference images. Although CustomDiffusion suc-
cessfully recreates the object’s appearance, it tends to gener-
ate objects in a realistic style, which does not entirely match
the target style image. On the other hand, DreamStyler ex-
cels at synthesizing the object in the user-specified style.

Method Text Image User
Score Score Score

AdaAttN (Liu et al. 2021) 56.67 56.76 8.6%
AesUST (Wang et al. 2022) 58.05 58.09 6.8%
IEContraAST (Chen et al. 2021) 59.38 59.42 8.6%
StyTr2 (Deng et al. 2022) 56.18 56.28 21.2%
AesPA-Net (Hong et al. 2023) 58.08 58.15 8.6%
InST (Zhang et al. 2023) 65.32 65.37 2.3%
DreamStyler (Ours) 66.04 66.05 44.1%

Table 2: Quantitative comparison on the style transfer task.

objects in style images (3rd row). DreamStyler, in contrast,
not only faithfully follows text prompts but also accurately
reflects the delicate artistic features of style images.

Style Transfer
As an extended application, DreamStyler also conducts style
transfer. As shown in Table 2, we quantitatively compare
with previous style transfer studies. Note that since most
prior studies have employed Gram loss to boost style quality,
we report a CLIP-based image score as an evaluation met-
ric for a more fair comparison. In this benchmark, Dream-
Styler achieves state-of-the-art performance across text and
image scores as well as user preference. Figure 5 also pro-
vides evidence of DreamStyler’s effectiveness. Our method
adeptly captures style features such as polygon shapes or
subtle brushwork present in style images. These results high-
light the method’s capacity to accurately mirror both the the-
matic intent and the stylistic nuances of the source artwork.

Stylize My Own Object in My Own Style
Beyond style transfer that stylizes my image, one might
desire to stylize my object (Sohn et al. 2023). In such a
scenario, a user leverages both their object and style im-
ages. As DreamStyler employs an inversion-based approach,
this can be readily accomplished by simply training an ad-
ditional embedding for the object. Subsequently, the user
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Figure 8: Study on the number of stages (T ) in multi-stage
TI. We vary T from 1 to 12 and select T = 6 as the final
model, considering the trade-off between text and style.
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Figure 9: Visual comparison of varying T in multi-stage TI.
At T = 1, the model fails in both style replication and
prompt understanding. As T increases, the style quality and
text alignment are drastically enhanced.

freely merges style and object tokens in the inference prompt
to generate images. As depicted in Figure 7, DreamStyler
excels in accurately reflecting both the style and object

Model Analysis
Ablation study. In Table 3, we evaluate each component of
our method. The usage of multi-stage TI substantially aug-
ments both the text and style score, with a marked increase
in style quality, accentuating the pivotal role of this mod-
ule in creating artistic stylization products. A context-aware
prompt yields a modest alteration in the quantitative met-
rics, yet provides a considerable contribution to the qualita-
tive, which we will discuss in the following section. Style
and context (S&C) guidance considerably impacts scores,
reinforcing its significance in sustaining the comprehensive
quality and coherence of the generated outputs.
Multi-stage TI. In Figure 8, we delve into the influence of
the number of stages (T ) on performance. A transition from
T = 1 to 4 results in substantial improvement. Upon reach-
ing T = 6, the performance begins to navigate trade-off con-
tours, prompting us to select T = 6 for the final model, as
we seek to improve the text alignment of the synthesized
images. Nevertheless, users have the flexibility to choose a
different T value according to their preference. In Figure 9,
we provide a visual comparison of the outcomes when T is
set to 1, 2, and 6. While T = 1 struggles to reflect the artistic
features of the style image or comprehend the input prompt,

Method Text Score Style Score
Baseline (Gal et al. 2022) 23.78 25.23
+ Multi-Stage TI 24.74 29.86
+ Context-Aware Prompt 24.65 29.50
+ S&C Guidance (Ours) 25.38 29.62

Table 3: Model ablation study. Upon the textual inversion
baseline (Gal et al. 2022), we attach the proposed compo-
nents to measure the effectiveness of our method.

“desert
and
oasis”

“a cat”

Style image Prompt w/o description + BLIP2 + Human feedback

Figure 10: Comparison of three prompt strategies. The
model trained without contextual description struggles to
disentangle style and context from the style image, gener-
ating elements present in the style reference (e.g. the same
composition in 1st row, a yellow dress in 2nd row). The
contextual prompt alleviates this issue to some extent, but
the BLIP2-based construction cannot completely eliminate
it (e.g. the same vanishing point in 1st row). The issue is
thoroughly addressed when human feedback is utilized.

T = 2 uplifts the quality, yet it also falls short of embracing
the style. In contrast, T = 6 proves proficient at mimicking
the style image, effectively replicating delicate brushwork
(1st row) or emulating the pointillism style (2nd row).

Context-aware prompt. Figure 10 presents a visual com-
parison of three prompt constructions. Training the model
without any contextual description (i.e. using “A painting
in S∗ style.”) poses a significant challenge, as it struggles
to distinguish style from the context within the style im-
age. Subsequently, this often results in the generation of el-
ements that exist in the style reference, such as objects or
scene perspective. The introduction of a contextual prompt
considerably alleviates this issue, aiding the model in bet-
ter separating stylistic elements from context. However, the
automatic prompt construction does not fully resolve this,
as BLIP-based captions often fail to capture all the details of
the style image. The most effective solution is leveraging hu-
man feedback in the construction of prompts. This approach
effectively tackles the issue, resulting in a more robust sep-
aration of style and context in the generated outputs.

Guidance. In Figure 11, we explore style and context guid-
ance by adjusting the scale parameters. When we amplified
the style guidance strength (λs), the model mirrors the style
image, illustrating style guidance’s capability in managing
the image’s aesthetics. Yet, overemphasis on style risks com-
promising the context, leading to outputs that, while stylis-
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Context guidance

Style guidance

Style image

Style image - +

- +

Figure 11: Study on the style and context guidance. Inference prompt: “A cat”. By adjusting the scale parameters (λs, λc), we
assess the influence of style and context guidance on the synthesized image. Increasing the style guidance strength causes the
model to align more closely with the aesthetics of the style image; however, an excessive emphasis on style could compromise
the context. Conversely, increasing the context guidance strength ensures the output corresponds with the inference prompt, but
overly strong context guidance could deviate the output from the original style.

Style Mixing

“a 
lighthouse
on a cliff”

“a bridge”

Style image

A

B

C

Prompt

A

T

0

T

0

A

A

B

T

0

A

B

C

Baseline

B

T

0

T

0

B

B

A

T

0

B

C

A

A
+
B
+
C

A
+
B
+
C

Figure 12: Style mixing. Multi-stage TI facilitates style mixing from various style references. A user can customize a new style
by substituting style tokens at different stages t. For example, the style token closer to t = T tends to influence the structure of
the image, while those closer to t = 0 have a stronger effect on local and detailed attributes. For comparison, we display the
baseline that employs all style tokens at every stage (i.e. using “A painting in SA

t , SB
t , SC

t style” at all stages).

tically congruent, might diverge from the intended context.
On the other hand, strengthening context guidance (λc) en-
sures the output resembles the inference prompt, highlight-
ing context guidance’s essential role in preserving contex-
tual integrity. However, excessively strong context guidance
could steer the output away from the original style, under-
lining the need for a nuanced balance of guidance for gen-
erating visually appealing and contextually accurate images.
Nevertheless, this offers a new dimension of control over the
synthesized image, differing from the classifier-free guid-
ance (Ho and Salimans 2022). The additional control is a
crucial element in the workflow of digital art production,
considering its delicate and nuanced final outcomes.

Style mixing. As shown in Figure 12, multi-stage TI opens
up a novel avenue for an intriguing aspect of style mixing
from diverse style references. This process empowers users
to customize a unique style by deploying different style to-
kens at each stage t. The style tokens close to t = T pre-
dominantly impact the structure of the image, akin to broad
strokes, while tokens closer to t = 0 affect local and de-
tailed attributes, akin to intricate brushwork. To provide a
concrete point of comparison, we present a baseline model

that incorporates all style tokens at every stage, using the
prompt “A painting in SA

t , SB
t , SC

t styles”. While the base-
line produces reasonable style quality, it lacks a control fac-
tor for extracting partial stylistic features from the reference.
Consequently, the fusion of styles with multi-stage TI under-
scores the creative and flexible nature of our model, offering
users a broad range of applications for artistic creation.

Conclusion
We have introduced DreamStyler, a novel image generation
method with a given style reference. By optimizing multi-
stage TI with a context-aware text prompt, DreamStyler
achieves remarkable performance in both text-to-image syn-
thesis and style transfer. Content and style guidance provides
a more adaptable way of handling diverse style references.
Limitations. While DreamStyler exhibits outstanding abil-
ity in generating artistic imagery, it is important to acknowl-
edge its limitations within the intricate context of artistic ex-
pression. The vast spectrum of artistry, spanning from prim-
itive elements to more nuanced and abstract styles (such as
surrealism), demands thorough definition and examination
from both artistic and technological perspectives.
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