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Fig. 1. Examples generated by our method: given the target images, AiS generates their abstracted versions while maintaining consistent structures.

We present Abstraction in Style, an image generative process that separates
and sequences structural abstraction and visual stylization. A core premise
of our work is that style and abstraction are distinct yet intertwined di-
mensions. Style governs visual appearance, such as stroke quality, texture,
or ornamentation, while abstraction involves the reinterpretation and sim-
plification of structure based on semantic or perceptual relevance. Unlike
conventional style transfer methods that apply stylistic traits while retaining
the input geometry, our approach first produces a structurally abstracted
representation and then renders it in the desired style. This decoupling
enables the generation of outputs that are both compositionally reimag-
ined and stylistically coherent. By explicitly modeling abstraction alongside
style, our method goes beyond conventional style transfer, supporting the
generation of abstracted illustrative styles that require deeper structural
reinterpretation.

1 INTRODUCTION
The generation of stylized visual content is a longstanding goal
in computer graphics [8, 10, 33]. Most existing methods focus on
style transfer, in which the visual traits of an artwork, such as stroke
texture, color palette, or ornamentation, are applied to a target image
while preserving its general underlying geometry. They transfer
style in a way that adheres to the original spatial structure [37, 38],
even when the target style is abstract, and therefore tend to overlook
the abstraction function that may be latent in the reference style.
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A core premise of our work is that style and abstraction are dis-
tinct yet intertwined dimensions. Style governs visual appearance,
such as stroke quality, texture, or color, while abstraction involves
reinterpretation of structure, focusing on the semantic level of the
structure rather than its exact geometry and shape. Abstraction
often alters the compositional essence of a structure [22, 35]: lines
may become deliberately irregular rather than straight, symmetry
may be intentionally broken, and proportions may be distorted to
convey a particular visual character or simplification. These oper-
ations reflect a higher-level visual reasoning that standard style
transfer methods are not equipped to perform.

In this work, we introduce Abstraction in Style (AiS), a generative
process that applies abstraction followed by stylization. Unlike prior
methods that rigidly adhere to the input structure, our approach
first produces an abstraction proxy, a structurally abstracted rep-
resentation in which geometric details are reduced, compositional
elements are reimagined, and the overall structure is simplified
to emphasize semantic or perceptual relevance. These abstracted
forms are forwarded and rendered in the desired abstract style, re-
sulting in visual outputs that exhibit both structural transformation
and stylistic consistency. While we do not attempt to model a gen-
eral abstraction function, our method demonstrates that separating
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structural abstraction from style enables more expressive and var-
ied visual outcomes, expanding the generative capacity of stylized
image synthesis.

In this work, we are particularly aiming at challenging styles
like naïve illustration, which are characterized by simple, childlike
drawings that often deliberately disregard proportion or perspective.
While our method is not limited to this speci�c style, it is designed
to accommodate the kind of abstraction such styles represent. As
illustrated in Figure 1, these styles embed abstraction into the vi-
sual language itself, using symbolic forms, irregular outlines, and
�attened geometry to convey meaning. Unlike more conventional
styles that maintain a close correspondence between structure and
appearance, these forms require a more interpretive, less literal
mode of generation.

In our experiments, we focus primarily on subject-centric image
generation, with particular emphasis on architectural structures
such as buildings and houses, which serve as a rich domain for
exploring structural abstraction. Examples like the one shown in
Figure 1 demonstrate how architectural forms can be meaningfully
simpli�ed and stylized within this framework.

2 RELATED WORK

2.1 Visual Abstraction and Sketch Simplification
Visual abstraction has received increasing attention in recent years,
particularly in the context of sketch generation [3, 21, 23, 31, 32].
Early e�orts approached abstraction by modeling how artists sim-
plify visual content. Berger et al. [3] curated a dataset of portrait
sketches created by professional artists at multiple levels of ab-
straction and proposed a retrieval-based method that reassembles
new portraits using artist-inspired strokes. Muhammad et al. [23]
framed sketch abstraction as a reinforcement learning task, where
an agent learns to prune redundant strokes while maintaining rec-
ognizability, using classi�cation feedback. These methods highlight
the importance of structure in abstraction and are typically devel-
oped within task-speci�c domains such as portrait sketching or
edge-map simpli�cation.

More recent works have shifted toward optimization-based ap-
proaches that leverage pretrained vision-language models to ab-
stract visual content in a more �exible, data-independent manner.
CLIPasso [32] introduced a method for converting object images
into vectorized sketches by optimizing Bézier curves to align with
both semantic and geometric similarity under a CLIP-based loss.
CLIPascene [31] extended this framework to entire scenes, introduc-
ing a disentangled abstraction space along two axes: �delity (how
closely the sketch re�ects the original image) and simplicity (how
much visual detail is preserved). These works demonstrated that
high-level semantic abstraction can be achieved without supervised
sketch data, and highlighted the potential of abstraction as a con-
trollable visual process. Related approaches, such as Neural Strokes
[21], have explored sketch-like rendering from 3D data, showing
abstraction can also operate across modalities. While these methods
focus on abstraction, they typically produce sketches in a �xed or
implicit style, without conditioning on a style example or support-
ing stylization as a controllable dimension within the generation
process.

2.2 Stylization and Style Transfer
Style transfer aims to modify the visual appearance of an image
while preserving its structure, most notably introduced by Gatys
et al. through optimization over deep feature statistics [8]. Subse-
quent works improved e�ciency and �exibility using feed-forward
networks [16, 29], instance normalization [30], adaptive feature
modulation [14], and patch-based or universal methods [4, 20].

More recent approaches integrate style transfer into di�usion
models. StyleAligned [10] achieves consistent stylization across gen-
erations by softly sharing attention during the denoising process; a
similar mechanism is explored in Cross-Image Attention [2], where
attention layers are modi�ed to propagate visual traits across refer-
ence and generated images. B-LoRA [6] adopts low-rank adaptation
to implicitly disentangle style and content in di�usion blocks, en-
abling style recombination without full �ne-tuning. InstantStyle
[33] and InstantStyle-Plus [36] introduce an architecture that injects
style only into selected layers, preserving both spatial layout and
semantic �delity.

While abstraction is often associated with sketch generation, it is
not limited to this medium. More broadly, abstraction refers to the
reinterpretation of visual structure to re�ect semantic or stylistic
intent, and it can emerge across a wide range of media. The work of
Mehra et al. [22], which abstracts 3D shapes by simplifying geome-
try, and that of Yaniv et al. [35], which analyzes stylized distortions
in artistic portraits, illustrate how abstraction can vary in form and
modality. Unlike simpli�cation, which merely reduces detail, ab-
straction may introduce exaggeration or symbolic transformation,
serving as a richer and more expressive process.

3 METHOD

Fig. 2. Two stages of abstraction in style: First, we create a vectorized
abstraction proxy that forms an editable representation of the input subject,
then in the second stage, we stylize it.

As discussed in the introduction, many artistic styles do not
merely alter visual appearance but also embed a form of latent ab-
straction. These styles often involve structural transformations that
go beyond surface-level traits like texture, color, or ornamentation.
When such abstraction is entangled with style, applying standard
style transfer directly to a realistic image can fail to capture the
deeper structural intent conveyed by the reference. To address this,
our method separates structural abstraction from visual stylization
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and treats them as two distinct stages (see Figure 2). Speci�cally, we
decompose the stylization process into sequential steps: �rst, we
apply an abstraction stage that simpli�es the input structure while
preserving its semantic content; then, we stylize this abstracted
form using the desired target style exempli�ed by a few images.
The output of the �rst stage is what we call anabstraction proxy,
an intermediate structural representation that captures the concep-
tual essence of the input and serves as the basis for subsequent
stylization. In the following we elaborate on the two stages.

3.1 Abstraction
The goal of the abstraction stage is to produce a simpli�ed struc-
tural representation of the input that captures its essential form
while omitting �ne-grained details. To achieve this, we adopt a
vectorization-based approach. Given an input image, we construct a
vectorized representation that emphasizes semantically meaningful
parts and eliminates low-level visual complexity. This representa-
tion serves as a clean, structured version of the input that retains
recognizability but allows for interpretive variation.

We opt for vectorization because it o�ers a tangible and editable
format: the proxy is composed of discrete, interpretable vector prim-
itives that can be directly modi�ed or manipulated. This makes it
well-suited not only for downstream stylization, but also for optional
user interaction or further abstraction tuning. Figure 3 shows two
examples of abstraction proxies generated by our method, demon-
strating the balance between structure preservation and detail re-
duction.

Fig. 3. Examples of abstraction proxies: for each pair, the target image on
the le�, proxy on the right.

Progressive Image Abstraction.To support the abstraction at mul-
tiple levels, we leverage thefeature-average e�ect[9, 34] observed
in Score Distillation Sampling (SDS) generation mechanism [24].
Unlike conventional pixel-based image simpli�cation methods such
as superpixel [1] or bilateral �lter [ 28], SDS-based simpli�cation
utilizes the pre-trained knowledge of Denoising Di�usion Proba-
bilistic Models (DDPMs) [11] learned from large-scale dataset. In
the di�usion models, the predicted noise consists of two parts via
the Class�er-Free Guidance (CFG) [12], de�ned as follows:

nl
q ¹zC•~• Cº = ¹1 ¸ l ºnq ¹zC•~• Cº � ln q ¹zC• Cº• (1)

wherenq ¹zC•~• Cº denotes the noise predicted under textual condi-
tion ~, while nq ¹zC• Cº represents the predicted noise of an uncondi-
tional input. To suppress the individual details and only preserve
the dominant structure, we set the conditional text prompt to empty

(i.e. ` '). Consequently, the SDS loss is updated in random directions,
yielding a feature-averaged abstract image. As shown in the upper
row of Figure 4, the image becomes increasingly abstract as the
SDS-based generation progresses. The four images (left to right) are
sampled at iteration steps 0, 30, 60, and 90 respectively.

Fig. 4. Levels of abstraction: (top) from le� to right, simplifying the target
image via increasing iterations of SDS-based generation; (bo�om) vector-
izing each image at a certain abstraction level to get the corresponding
abstraction proxy.

Vectorized Representation Construction.Images across levels of
abstraction are vectorized to get the abstraction proxies at multiple
levels (Figure 4(bottom)). To generate the abstraction proxy at a
certain level, the corresponding image is �rst processed by the SAM
model [17] for semantic segmentation. An initial spatial �ltering
step removes masks falling outside the central focal region. For the
remaining masks, contours are extracted and geometrically simpli-
�ed using the Douglas-Peucker method [5]. These contours are then
parameterized as vector primitivesP = f %1• %2• ” ” ” • %=g, each of
which is a closed path with# cubic Bézier curves. These primitives
are optimized towards the image-based lossL via di�erentiable
rendering [19]. We adopt thelayer-wise structural lossL structure
from existing work [34] and add the pixel-level Mean Squared Er-
ror between the rasterized proxy image�proxy and the input target
image�target to maintain the visual �delity:

L = F 1L mse¸ F 2L overlap
|                       {z                       }
Layered structural loss [34]

¸ F 3k�proxy � �targetk2

|                     {z                     }
Visual �delity loss

• (2)

where the losses are combined with weighting coe�cientsF 1 =
1•F2 = 1, andF 3 = 14 � 2.

Style-aligned Color Assignment.Once the vectorized proxy is
formed, we can easily enhance it, for example, by modifying its
colors. With the visual �delity loss during the vectorization, the vec-
torized proxy is, by default, colored to �t the original target image.
There can be �exible coloring strategies. Figure 5 presents a possible
approaches that transfer colors from the style reference to the proxy
by semantic correlation between vector primitives. The semantic
color assignment �rst identi�es the feature correspondence between
the proxy and stylized image using the DIFT [27] on the pixel level.
Then these correspondences are aggregated through pixel voting
to establish shape-to-shape relationships. Finally, each proxy shape
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inherits the color from its corresponding highest-vote shape in the
stylized image.

Fig. 5. Recoloring vector primitives in proxy according to their feature
correspondence with the abstraction of style reference.

3.2 Stylization
In our work, we present an In-Context technique for few-shot visual
stylization. Our strategy is to frame stylization as an in-context
learning problem, where a small set of reference examples is used to
guide the transformation from the abstraction proxy to style. This
setup allows the model to internalize both visual and structural
aspects of the target style through lightweight adaptation. One-
shot methods like StyleAligned [10] o�er fast adaptation but often
miss subtle, style-de�ning traits, especially in abstract or expressive
styles. Moreover, incorporating structural conditions, through direct
feature adding, like ControlNet [37], often leads to produce results
that strictly adheres to the input structure and lacks �exibility where
structural reinterpretation is required. In contrast, our few-shot in-
context approach leverages a small number of reference examples
to more accurately capture the unique characteristics of the target
style, including �ne structural and visual nuances.

Abstract! Style Pair Curation.We assemble a set of reference
examples in the desired style, each consisting of a pair of abstracted
and stylized images (i.e.,abstract! style). In each pair, the abstracted
image is obtained by applying aforementioned abstraction ( Sec. 3.1)
to each stylized image cropped from the user input. These pairs guide
the model in learning how style should be applied to abstracted
inputs. To present these examples e�ectively, we organize them
in a 2Ö2 grid (see Figure 6): the top row contains a reference pair
of abstraction�B

absand its corresponding stylized image�B, while
the bottom row contains a new abstraction proxy�C

abs alongside
the target image�t itself. This layout allows the model to infer the
appropriate transformation from abstraction to style based on the
given reference.

To support minimal user input design examples, like �ve examples
as shown in Figure 1, we broaden our training data by synthesizing
extra abstract-style grid samples with text-to-image di�usion model.
Speci�cally, we adopt the prompt engineering technique from IC-
LoRA [13] and �netune FLUX.1-Dev [18] on ten abstract! style
grids from the original examples, as exempli�ed on the left of Fig-
ure 7. Then the model is �ne-tuned to generate a richer variety
of abstract! style image pairs by texts, covering diverse subjects,
such as furniture, architecture, daily objects, and more. Figure 7

Fig. 6. Illustration of stylization process: the reference pair (abstraction
and its stylized counterpart) is arranged in a 2Ö2 grid alongside the target
abstraction and a noisy input. A di�usion transformer model is optimized
to denoise the input and predict stylized output.

Fig. 7. Abstract! style pair curation: (le�) a grid example of the original
design, on which the FLUX.1-Dev model is finetuned; (right) a generated
coherent stylized example by text prompt.

(right) shows a text-generated example exhibiting stylistic consis-
tency with the target reference style shown on the left. More results
are provided in the supplementary material.

Few-shot Tuning.Building on our four-panelabstract! stylesto-
ryboards arranged in a 2Ö2 grid, we �netune an inpainting di�usion
model (i.e., FLUX.1-Fill-dev [18]) to reconstruct the target stylized
image�t in the bottom-right panel. The model takes as input the
visual context from the other three panelsI 2 = ¹�B

abs• �s• �Cabsº and a
text instruction) . During training, we �rst encode the target image
into its style latentI 0, then noise it into a noisy versionI C. The
context panels are encoded into image tokens2� and the text in-
struction into text tokens2) . The di�usion model learns to denoise
the target noisy latent by conditioning on both the visual context
and the text condition, e�ectively reconstructing the target image
while capturing artistic style and preserving natural structure.

4 RESULTS

4.1 Implementation Details
For the abstraction part, we implemented the vectorization method
using PyTorch with the Adam optimizer. We use the SAM model
with checkpoint sam_vit_h_4b8939. The minimum area (in pixels)
that a mask region to be vectorized is set to 100. The contour of
a mask is approximated by polyline using the Douglas-Peuker al-
gorithm [5], within a tolerance thresholdn (n = 5.0 in our work).
For the data curation part, we �ne-tune FLUX.1-dev using LoRA
with a rank of 16 for 5000 steps. For the in-context tuning part,
we �ne-tune FLUX.1-Fill-dev using LoRA with a rank set to 16 for
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Fig. 8. Examples generated at di�erent levels of structural abstraction: For each case, (top) four abstraction proxies are sampled at increasing simplification
steps, and (bo�om) their corresponding stylized images with progressively reduced detail.

1000 steps. Each training takes around two hours at1024� 1024
resolution on a single A100 (80GB) GPU.

4.2 Examples
Our method enables image generation across diverse artistic styles.
Figure 14 and Figure 15 present results where the same content
appears in multiple styles. As can be seen, our method transfers the
style to the target image and adapts the target image's structure
organically, preserving key features while reinterpretating them
stylistically. Below, we demonstrate the versatility of our method
through several applications enabled by integrating our approach
with complementary techniques. Note that in those examples, the
style references are represented by a single example, the full design
references are in the supplementary material.

Progressive Abstraction in Style.Our SDS-based abstraction method
allows progressive abstraction in styles, by generating abstraction
proxies at multiple abstraction levels. Figure 8 illustrates this pro-
gression through four proxies sampled at di�erent steps of SDS
generation. For each proxy, we generate corresponding stylized
images (shown below), demonstrating a complete transformation
from �ne-grained details to fundamental structures.

Sequential Image Stylization.Figure 9 shows an example of using
our technique to perform style transfer on a sequence of scenes.
Here we show two distinct styles, stick style (third row) and stamp-
like style (fourth row). As can be seen, the characters maintain
stylistic coherence throughout all scenes, including faces rendering.
Due to the vectorized abstraction proxy, we can easily extend the
sequence with a new scene where `The bread is crying with tears'.

Clipart Editing and Fusion.The vector-based abstraction proxy
facilitates easy editing and manipulation. Figure 10 illustrates an
interactive application of our method, where users �rst collect image
clips in wild styles, ranging from photorealistic to illustrative styles.
With the abstraction proxies generated for those images by our
method, users compose these elements through editing. Then the

Fig. 9. Stylization over sequence of scenes: our method supports consistent
stylistic generation of scenes in a sequence, based on which the scene can
be easily edited, e.g., adding a new scene at the end.

uni�ed abstraction is stylized. Figure 10 gives two stylized examples.
As can be seen, the originally disparate clips merge harmoniously
in the �nal output.

5 EVALUATION
We conduct comprehensive evaluations to demonstrate the e�ec-
tiveness of our approach, including both qualitative comparisons
and quantitative measurements.

5.1 Ablation Study
Ablation on Abstraction Proxy.
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Fig. 10. Clipart fusion and stylization: Our method enables interactive
fusion and editing of vector-based abstraction proxies from input images to
generate visually cohesive, style-consistent compositions.

Ablation on the Bézier Curve Simplicity.We investigate the impact
of optimizing Bézier curve simplicity in the abstraction proxy on
the quality of stylization. During the abstraction stage, segmented
mask contours are represented as polygons with varying levels of
simpli�cation using the Douglas-Peucker algorithm, controlled by
the parametern, de�ning the simpli�cation tolerance: greater values
produce coarser approximations by allowing a greater deviation
from the original curve, while smallern preserves �ner geometric
details. We tested three values ofn (5, 25, and50), where larger
values result in higher simpli�cation. For each simplicity level, we
paired up the simpli�ed curves and stylized image to �ne-tune the
model, so that it can be used to generate stylized outputs.

As shown in Figure 11, �ner-grained Bézier curves (lowern)
preserve more contour details, while higher simpli�cation (largern)
increases aliasing artifacts in the generated images. For all examples
of this work,n is set to 5.

5.2 �alitative Comparison
Figure 13 presents a qualitative comparison between our method and
previous methods, including GPT-4o [15], StyleAlign [10], StyleShot [3],
and Attention Distillation [38]. As can be seen, our method more
faithfully captures the essence of the style reference, exhibiting
clearer and more consistent style similarity while preserving the
structural integrity of the target images. In contrast to other meth-
ods, our results demonstrate superior detail retention and stylistic
accuracy, closely matching the original reference.

5.3 �antitative Analysis
Benchmark.To explore the application of diverse styles, we gath-

ered style reference images from 23 di�erent designers onPinterest
and generated 20 target images using the pretrained text-to-image

Fig. 11. Comparison of stylization results using Bézier curves at three simpli-
fication levels: finer curves (lowern) preserve sharper geometric details and
improve alignment with the target image, as seen in the roof-wall junction
(second row). Higher simplification (largern) introduces cracked contours.

Fig. 12. User study results comparing di�erent methods across two metrics:
style similarity, and structure representation.

model FLUX.1-dev. These target images, spanning categories such
as animals, buildings, food, and everyday objects, were stylized with
the 23 reference styles, resulting in a total of 460 testing samples.

Metrics.We assess the quality of stylization by evaluating the
similarity between style representations extracted using Contrastive
Style Descriptors (CSD) [26] and CLIP [25], B-Lora [], and Unzi-
pLoRA []. Trained on diverse style datasets, CSD provides robust
representative features for image styles, making it well-suited to
examine a model's capacity for stylization. For every stylized image
produced by each model, we measure its similarity to a cropped
patch from the original style reference image.

Analysis.Table 1 shows the style similarity scores on our bench-
mark. Our method achieves consistently higher scores (indicating
better style similarity) compared to baseline methods. Such quanti-
tative results align with our qualitative observations, demonstrating
that our approach better preserves the distinctive characteristics of
target styles.

User Study.In addition to quantitative evaluation, we conducted
a user study comparing our method with the baseline methods. We
randomly sampled three tests from each style in a round robin sched-
ule of method comparison, resulting in 69 pairs to compare (23 styles
x 3 samples). For each pair, users were asked to judging (1) style
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