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Figure 1. We propose Stroke2Sketch, a framework that accurately transfers stroke attributes from a reference sketch to a content image while
preserving structure and style fidelity. The top row shows reference sketches, the leftmost column displays content images, and the central
and right columns illustrate our method’s precise content preservation and expressive stroke transfer.

Abstract

Generating sketches guided by reference styles requires pre-
cise transfer of stroke attributes, such as line thickness, de-
formation, and texture sparsity, while preserving seman-
tic structure and content fidelity. To this end, we propose
Stroke2Sketch, a novel training-free framework that intro-
duces cross-image stroke attention, a mechanism embed-
ded within self-attention layers to establish fine-grained
semantic correspondences and enable accurate stroke at-
tribute transfer. This allows our method to adaptively
integrate reference stroke characteristics into content im-
ages while maintaining structural integrity. Additionally,
we develop adaptive contrast enhancement and semantic-
focused attention to reinforce content preservation and fore-
ground emphasis. Stroke2Sketch effectively synthesizes stylis-
tically faithful sketches that closely resemble handcrafted
results, outperforming existing methods in expressive stroke
control and semantic coherence. Codes are available at
https://github.com/rane7/Stroke2Sketch.

*Corresponding authors: Xiaojun Wu (xjwu@snnu.edu.cn) and
Shengfeng He (shengfenghe @smu.edu.sg)

1. Introduction

Generating stylized sketches from content images using ref-
erence stroke patterns presents a key challenge at the inter-
section of artistic rendering and semantic-aware synthesis.
Traditional sketch algorithms [28, 34] generate procedural
line drawings, while vector-based methods [24, 26, 38] pro-
duce clean parametric strokes. However, these methods lack
the adaptability to transfer diverse artistic styles from exem-
plar sketches due to their rigid, data-agnostic architectures.
Unlike human artists, who strategically vary stroke attributes
such as thickness, curvature, and density to emphasize key
semantic features while maintaining content fidelity, exist-
ing approaches struggle to capture this nuanced interplay
between stroke semantics and structure.

Recent learning-based methods [2, 5, 33] attempt to ad-
dress this limitation by training on clustered sketch styles,
yet as shown in Fig. 2(a-b), they fail to generalize to unseen
stroke patterns due to catastrophic forgetting. Meanwhile,
diffusion-based stylization techniques [21, 41, 47, 49, 50]
excel in texture transfer but struggle with structural integrity
due to content leakage in cross-attention layers (Fig. 2(c-d)).
While new conditioning mechanisms [18, 25, 44] attempt
to enhance structural control, they often introduce style dis-
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Figure 2. (a) and (b) show results from training-based methods (Ref2Sketch and Semi-Ref2Sketch), which struggle with unseen styles,
leading to poor content alignment. (c) and (d) illustrate IP-Adapter and InstantStyle results, retaining style but lacking content alignment. (e)
to (g) show ControlNet-based methods, preserving content but failing to match reference styles. (h) shows our method’s output, achieving
superior content preservation and style alignment without using ControlNet. Detailed prompts are shown in the supplementary materials.

tortion or require dense user inputs. Hybrid approaches
like ControlNet [52] enforce structural priors but sacrifice
stylistic flexibility, leading to overly rigid outputs (Fig. 2(e)).
Progressive stroke-based methods [32] introduce semantic
incoherence by applying uniform strokes across the image
(Fig. 2(2)).

We identify three fundamental challenges in reference-
based sketch synthesis:(i) Semantic-aware stroke transfer.
Effective style adaptation requires precise mapping of ref-
erence stroke attributes (e.g., tapered lines, cross-hatching)
to semantically relevant content regions. (ii) Foreground
prioritization. Artists naturally emphasize foreground el-
ements using varied stroke density and complexity while
simplifying backgrounds, yet existing methods apply uni-
form stylization, disrupting this compositional balance[32].
(iii) Content-style equilibrium. Since sketches encode con-
tent through linework, balancing structural preservation with
style transfer is critical. Techniques such as CLIP-space
style subtraction [41] fail to maintain this balance, as even
minor content leakage distorts key edges (Fig. 2(c-d)).

To address these challenges, we propose Stroke2Sketch,
a framework that enables precise stroke attribute transfer
while maintaining content fidelity. Our key insight is that
stroke properties, like line thickness, curvature, and texture
sparsity, are inherently encoded within the self-attention and
cross-attention relationships of pretrained diffusion models.
By dynamically aligning these attention patterns between
content and reference features, we achieve effective style
transfer without structural degradation. Stroke2Sketch in-
tegrates three novel components tailored to each identified
challenge:

(1) Cross-image stroke attention tackles the challenge of

semantic-aware stroke transfer by facilitating stroke attribute
exchange through key-value swapping in diffusion layers.
Instead of directly blending features [41], we leverage atten-
tion blocks to transplant stroke characteristics onto content
structures, preventing the entanglement of style and geome-
try. This approach ensures accurate stroke mapping without
disrupting semantic coherence, as shown in Fig. 2(h).

(2) Directive Attention Module ensures that stroke transfer re-
mains compositionally balanced. Background textures often
introduce conflicting patterns that dilute the intended style.
We mitigate this by clustering self-attention maps to isolate
foreground objects, then restricting cross-image attention to
these regions. This mimics how artists prioritize focal ele-
ments while simplifying less critical areas, enhancing both
style consistency and perceptual quality.

(3) Semantic Preservation Module addresses content-style
equilibrium by injecting content contours as positional
queries during early denoising. This hybridizes the precision
of edge detectors with the flexibility of text-driven genera-
tion, allowing structural guidance without rigid constraints.
Unlike ControlNet, which enforces strict boundaries, our
approach treats edges as “soft constraints” that evolve into
stylized strokes, preserving both structure and artistic ab-
straction.

As validated in Fig. 2(h) and Fig. 6, Stroke2Sketch
achieves state-of-the-art performance across diverse sketch
styles. Experimental results show that our method outper-
forms adapter-based and ControlNet methods in both style
alignment (87% user preference) and content preservation
(92% accuracy in line correspondence tests). Importantly,
it achieves these results without dataset-specific training or
architectural modifications, demonstrating that pretrained
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diffusion models can master sketch stylization when guided
by principled feature interactions.

2. Related Work
2.1. Photo-Sketch Synthesis

Generating a sketch from a content image based on a ref-
erence style parallels edge detection, as both tasks em-
phasize prominent visual features. Edge detection meth-
ods [3, 30, 36, 37, 45, 54], which detect sharp changes in
color or brightness, form the foundation of sketch extraction
but are limited to a single style and often produce artifacts,
like scattered dots or broken lines. High-quality sketch gen-
eration requires more than edge detection; it demands line
style, texture sparsity, and semantic abstraction to achieve
artist-level results.

Learning-based approaches have improved sketch realism
by enhancing boundary detection and rendering distinct line
styles. For example, Chan et al. [5] incorporated depth
and semantic information for better sketch quality, while
Ref2Sketch [2] and Semi-Ref2Sketch [33] leverage paired
and semi-supervised training for stylized sketch extraction.
However, these methods rely on large sketch datasets, which
are challenging to obtain, limiting model robustness.

Another research area, stroke-based rendering, focuses
on manipulating strokes and contours for sketching. Meth-
ods like CLIPDraw [10] and CLIPasso [38] employ Bezier
curves to create abstract sketches with high-level semantic
simplification. StrokeAggregator [22] and StripMaker [23]
refine vector sketches, achieving quality comparable to
artist drawings. Other methods include semantic concept-
to-sketch methods [4, 8, 15, 51]. However, these methods
assume uniform style, while real-world sketches vary widely.

Building on these insights, our method combines stroke
attributes, semantic abstraction, and expression to better
align generated sketches with diverse reference styles.

2.2. High-Semantic Style Transfer

Generating sketches that adhere to both content and refer-
ence style is a specialized style transfer task. Advances
in diffusion models have propelled style transfer through
self- and cross-attention mechanisms, which preserve spatial
layout and stylized content. Techniques such as Prompt-to-
Prompt [11] and P+ [40] show how attention mechanisms
can maintain structural coherence while enabling flexible
style and semantic control.

Cross-Image Attention (CIA) [1] and methods like Swap-
ping Self-Attention [17] and StyleAligned [12] reveal that
style features are best retained during upsampling stages,
even though content leakage may occur in bottleneck phases.
IP-Adapter achieves style transfer via dual cross-attention
with text and image, though it can weaken text control and
lead to leakage.

InstantStyle [41] addresses leakage by subtracting fea-
tures in the same feature space but often requires external
constraints like ControlNet [52] for image-to-image genera-
tion, which can dilute style fidelity. Further developments
like InstantStyle-plus [42] and RB-Modulation [32] incor-
porate CSD [35] to better align styles during generation,
but limitations remain in sketch generation. Prompt-to-style
transfer, however, demonstrates pretrained models’ strong
semantic alignment capabilities, providing valuable priors
for consistent, high-level sketch synthesis.

3. Stroke2Sketch

Given a content image I € RH™"" xW™"x3 and a refer-
ence sketch image I/ ¢ RH™IXW™x3 our task is to
generate a sketch 7% that aligns with the content structure
of 1¢"* while adhering to the stroke style, texture sparsity,
and high-level semantic abstraction of I"*f. Additionally,
we aim to remove or retain background elements as needed
to enhance the foreground object. In this work, we address
the sketch generation task using a controllable text-to-image
guidance approach. Specifically, we extract object prompts
from the content image 1" using BLIP [20] and incorporate
the stroke style and high-level abstraction from the reference
sketch I7¢/ to re-render the final target sketch 7°%¢. To
achieve this, we leverage a pre-trained text-to-image model.
The overall network architecture is illustrated in Fig 3, with
detailed explanations of each module provided below.

3.1. Preliminaries

DDPM inversion [16] is a process in diffusion-based gen-
erative models that reverses denoising steps, enabling the
reconstruction of latent representations from generated out-
puts. Compared to DDIM inversion method [48], DDPM
inversion offers greater flexibility for editing tasks by produc-
ing noise maps that, while correlated across timesteps and
not normally distributed, allow precise image reconstruction
and meaningful edits such as color adjustments and struc-
tural shifts. A key advantage of DDPM inversion is its ability
to maintain an image’s structure while altering the condition-
ing input, such as a text prompt, to enable artifact-free edits
that adapt semantics while preserving original details. This
efficient method bypasses optimization processes and can
enhance diffusion-based editing techniques by improving
image fidelity and supporting diverse outputs.

Stable Diffusion [31] incorporates this inversion process
within a latent space, rather than a pixel space, increasing
computational efficiency and expressiveness. The input im-
age is encoded through a pretrained variational autoencoder
(VAE) to produce a latent code z. Denoising then occurs
within this latent space using a U-Net architecture that in-
corporates self-attention and cross-attention mechanisms.
Self-attention blocks enhance image detail by calculating at-
tention scores between projected query (), key K, and value
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Figure 3. The Stroke2Sketch architecture. The content image 7" undergoes contour detection, generating feature representations z°™™

and 2™, while the reference sketch I™ is inverted to produce 2. The Directive Attention Module (DAM) aligns high-level semantic
features between the content and reference features by emphasizing cross-image semantic correspondences A,,. Self-attention maps F's 4
are aggregated and clustered to produce segmentation masks M;, which help distinguish foreground from background regions. Cross-image
Stroke Attention (CSA) transfers stroke attributes, and the Semantic Preservation Module (SPM) enforces semantic alignment and stroke
fidelity in the generated sketch I via loss Lgem and contour-based structural integration. Lastly, Stroke Detail Propagation Enhancement

(SDPE) refines details, resulting in the final output sketch I**°. SD represents the pre-trained diffusion model.

V vectors:
Q- KT)
A = softmax [ ——— |, =A-V, 1
() o .

where A is the attention map, d is the dimensionality, and
¢ is the output of the self-attention block. Cross-attention
blocks incorporate conditioning inputs (e.g., text prompts)
to guide the generation process.

Finally, the refined latent representation z is decoded
back into an RGB image using the VAE decoder, yielding a
high-quality output guided by the conditioning input.

3.2. Cross-image Stroke Attention

As discussed in the Introduction, sketch generation as a spe-
cialized form of style transfer requires attention to local
stroke attributes and consistent texture abstraction across dif-
ferent levels of semantic sparsity. Edge detection serves as
the foundation for this task, with edges defining content con-
tours as the most effective strategy for preserving structural
information. We extract the contour 7¢°™* from the content
image using TEED [36] and obtain the inverted latents 24,

z;ef , and z5°™ for the content image, reference sketch, and

contour image using DDPM inversion. During the denoising
process, the latent 25" from the content image serves as the
initial noise 25 for sketch denoising. At each timestep ¢,
we apply Equation 1.

To achieve effective stroke feature transfer, we utilize
latent representations for the content, reference, and contour
images obtained through DDPM inversion. For predefined
timesteps ¢ € {0,...,T}, the reference sketch 1"/, con-
tent image 7, and contour image 1°°"* are inverted from
their initial state (t = 0) to Gaussian noise (! = T'). Dur-
ing DDPM inversion, we also collect the query features of
the content (Qf”t), and the key and value features of the
reference sketch (K[!, V;"*/) at each timestep.

We initialize the latent noise 2% for the stylized sketch
by copying the content latent noise 257¢. To blend features
from all three images, we combine the reference keys and
values K7/ and V,"/ with the content features. This inte-
gration is achieved by mixing the keys and values using the
following formulation:

nge — K;/"ef 4 OzKEm, (2)
‘/tske _ Vvtref + Oé‘/;cm, (3)
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Figure 4. Stroke alignment results with CSA. The feature images
are shown in the first row. The second row shows results where
feature alignment between the key and value exchange is applied.

where « is a scalar parameter that control the mixing ratio of
content and reference features, allowing flexible adaptation
to different stroke characteristics in the sketch.

By exchanging and blending features from the content,
reference, and contour images, this approach enables the
effective transfer of stroke attributes and semantic align-
ment. However, we found that some strokes may fail to
represent the intended content curves accurately (see Fig. 4).
To improve output quality and highlight the foreground, we
introduce additional mechanisms to guide sketch generation,
as detailed below.

3.3. Directive Attention Module

To concentrate stylization on perceptually significant regions,
the DAM enhances foreground focus during stroke transfer.
We extract self-attention feature maps Fls 4 at 32x32 resolu-
tion, aggregating them across channels via averaging. These
maps are segmented into clusters M using KMeans cluster-
ing. For each cluster j and noun n extracted from the content
image’s caption (via BLIP [20]), we calculate a relevance
score:

. Z z, Mj(x7y) ’ An(QE,y)
r(jn) = =12 :
Z(I,y) M;(x,y) +9

“4)

where A,, is the cross-attention map for noun n, and 6 =
107° stabilizes the computation. Clusters with r(j,n) >
0.35 are designated as foreground regions; remaining ar-
eas are suppressed, directing stroke stylization to salient
elements (Fig. 5).

By integrating the segmented self-attention mechanism
with cross-image attention, DAM allows precise control over
foreground regions, ensuring that stylistic features, such as
line styles and high-level semantic abstractions, are faithfully
transferred from the reference sketch to the content image.
This approach achieves high fidelity in style and content
alignment, yielding sketches that closely reflect the intended
reference style with minimized background interference.

As illustrated in Fig. 6, our method successfully aligns
high-level semantic features and detailed stroke attributes,

Figure 5. Examples of DAM in action. The first column shows the
content images, the second column displays segmentation maps
obtained by clustering self-attention maps, the third column pro-
vides the reference sketches, and the fourth column illustrates the
sketches generated by DAM after applying stroke attribute transfer
and segmentation.

“Cnt.
N

Ref. ™

Figure 6. Comparison of sketches generated using DAM. The
top row shows Cnt. and Ref. images with stroke styles reflecting
specific high-level attributes such as hair, eyebrows, and abstracted
clothing texture. The second to fourth columns display sketches
generated to match the content images in the top row, each adopting
the stroke styles and high-level features from the reference. The
bottom row highlights zoomed-in areas to emphasize the transferred
stroke attributes.

producing coherent sketches that maintain stylistic and struc-
tural consistency with the reference. This approach mini-
mizes background interference while ensuring that the final
sketch reflects the nuanced stroke characteristics of the refer-
ence.

3.4. Semantic Preservation Module

Although the injection of keys and values during sketch
generation can effectively transfer stroke attributes to %€,
semantic inconsistencies may arise, particularly when the
reference sketch 17/ does not align semantically with the
content image "¢, This can lead to noise and misplaced
strokes that disrupt the semantic structure of the generated
sketch. To address this, semantic guidance is essential to
ensure that each pixel aligns correctly with its corresponding
structure.

Text-based guidance alone is often insufficient for pre-
cise structural alignment, as textual descriptions may not
accurately map to image details. To overcome this limita-
tion, we incorporate contour information to guide semantic
pixel alignment and supplement missing semantic strokes.
However, we found that overly detailed contour information
can disrupt high-level semantics (as edge detection identi-
fies changes based on pixel gradients). For example, when
drawing portraits, the eyes are often represented as solid dots
rather than pixel-defined circles, necessitating text-based
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semantic guidance for accurate sketch rendering.

The text-based semantic loss is derived from the guidance
provided in the image-to-image diffusion pipeline, which
ensures high-level semantic alignment during sketch genera-
tion: Lgem = A - CLIP(1°%¢ T°™), where T is the text
prompt extracted from 7°** and ) is a weighting parameter
for the text guidance.

The contour-based guidance originates from the cached
query features during the DDPM inversion process. To inte-
grate this contour information effectively, we use the follow-
ing equation to adjust the query:

=00 + (1= )@, ®)

where 7 is a tunable parameter that controls the influence
of contour information, set to 0.25 by default in our exper-
iments. As illustrated in Fig. 7, contour integration signif-
icantly improves the alignment of semantic structures, en-
suring that key details, such as object outlines, are preserved
without introducing unnecessary background noise.

By combining high-level semantic text guidance with
contour-based structural alignment, we ensure that the final
generated sketch 7°%¢ maintains semantic completeness and
accurately represents the image of the content 1. This
collaborative approach allows for the preservation of both
stroke attributes and semantic integrity in the sketch.

3.5. Stroke Details Propagation Enhancement

Traditional self-attention blocks often focus on limited ar-
eas around image patches, while masked extended attention
blocks distribute attention more uniformly by expanding
receptive fields across the image. Although this broader ap-
proach captures larger context, it can introduce noise and
blur finer details [1, 29]. To address this, we adopt a refined
contrast operation, inspired by [1], to dynamically enhance
high-variance regions and suppress low-contrast noise. This
contrast adjustment is defined as:

Enhance(A) = (A — p(A))¢(a(A)) + p(4),  (6)

where 1(A) and o (A) represent the mean and standard devi-
ation operations, respectively, and  is an adaptive contrast
operator. This technique effectively reduces noise, ensuring
critical details are preserved during sketch generation.

Building on this, we incorporate the stroke-based refine-
ment concept from SDEdit [27]. Starting with a sketch
initialized by stroke exchange, we denoise the image using
classifier-free guidance (CFG) [6, 14]. During each denois-
ing step, we utilize two parallel forward passes in the net-
work. The first pass employs a cross-image attention layer to
capture the stroke characteristics and abstraction level of the
reference sketch, generating z5%:e, = e, (25%¢), while
simultaneously retaining the semantic context extracted from
the content image’s descriptive prompt: €/, = €, (2{"").
The second pass applies regular self-attention to enhance the
sketch’s structural integrity: e/ = €5/ (zk¢).

Following the CFG scheme, the predlcted noise €’ is
computed as:

et — GSElf-‘rﬂsg(éX

stroke

— ) 4 Brewt (60— €5, (T)

where [, is the stroke guidance scale, and 3¢, is the
weight for the content text context.

4. Experimental Results

Datasets. Our experiments utilize three datasets:
FS2K [9], the Anime dataset [19], and our newly created
Stroke2Sketch-dataset. The FS2K dataset includes 5,140
facial image-sketch pairs. We randomly selected 1,000 pairs
for testing, using color images as content images and choos-
ing one sketch from the test set as a reference style. A similar
selection strategy was used for the Anime dataset [19].

The Stroke2Sketch-dataset includes 50 content images
from diverse categories and 20 distinct sketch styles, includ-
ing single-line sketches, ink sketches, line art, and realistic
sketches. Further details are provided in the Appendix.
Metrics. While traditional metrics like ArtFID [43],
LPIPS [53], and FID [13] are standard for style transfer,
they struggle to capture the semantic sparsity and high-level
abstraction unique to sketch generation. Consistent with
prior work [38], we prioritize user perception to better re-
flect artistic and semantic quality in sketches.

4.1. Qualitative Comparison

We evaluate our proposed method through a comparison with
eight state-of-the-art methods, including three training-based
style transfer methods (Ref2sketch [2], Semi-ref2sketch [33],
and CSGO [46]), and five training-free style transfer methods
(IP-Adapter [49], InstantStyle [41], InstantStyle-plus [42],
RB-Modulation [32], and StyleID [7]). Each of these meth-
ods takes a reference sketch as input.

Fig. 8 illustrates the qualitative results across a variety
of content images and reference sketches. In the first col-
umn, we display the content images, and the second column
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Figure 8. Qualitative comparison of sketch generation across training-based (4th-6th columns) and training-free baselines (7th-11th columns)
using various reference sketches. Our method (3rd column) demonstrates superior adaptability to different reference styles, maintaining both
stroke fidelity and semantic consistency across a range of content and reference types.

(a) Cnt. & Manual stroke stylization
in Adobe Illustrator

(c) Appearance

(b) Ref. & Ours transfer

Figure 9. (a) Content image and manual stroke stylization by
CLIPascene [39] with Adobe Illustrator; (b) Our method’s auto-
matically generated sketches based on reference stroke styles; (c)
Appearance transfer results using similar references.

shows the reference sketches. Notably, the fourth row’s
reference sketch is of a type seen in the Semi-ref2sketch
training data, while the other three reference sketches rep-
resent styles outside the training data for Semi-ref2sketch.
For methods requiring prompt input, we uniformly set the
prompt to “sketch photo,” while other parameters follow
each method’s default configuration. Our approach demon-
strates robustness across diverse reference styles, accurately
preserving both the stroke style and high-level semantic de-
tails.

Comparison with vector sketch generation: Fig. 9(a) com-
pares our method with the vectorized sketch generation ap-
proach of CLIPascene [39]. The content image is shown
alongside vectorized sketches produced by CLIPascene,
which were further manually refined with brush strokes in
Adobe Illustrator. While CLIPascene can generate abstract

N\
Output |

Cm.2

Cnt. | Chutput 2

Figure 10. Stroke2Sketch’s color sketch generation preserving
reference styles and stroke characteristics

sketches, it requires post-processing to achieve consistent
stroke styling, whereas our method (Fig. 9(b)) automatically
produces sketches with stylistically aligned strokes based on
reference attributes.

Comparison with appearance transfer methods: Fig. 9(c)
shows results from appearance transfer method of CIA [1]
applied to the same reference sketches. Although CIA excel
in transferring visual features based on semantic similarity
and object category, they focus on appearance rather than
stroke style, making them less suitable for our sketch gener-
ation goals.

Non-grayscale Sketch Generation. Building on its
grayscale performance, Stroke2Sketch maintains reference
stroke patterns and artistic styles in color outputs (Fig. 10).

4.2. Quantitative Comparison

We quantitatively evaluate our method against several
state-of-the-art sketch extraction techniques, including both
training-based (Ref2Sketch [2], Semi-Ref2Sketch [33], and
Informative-drawing [5]) and training-free style transfer
methods (IP-Adapter [49], InstantStyle [41], InstantStyle-
plus [42], StyleID [7]). Table | presents the results on the
Stroke2Sketch-dataset, showing that our method achieves
the lowest ArtFID and FID scores, indicating superior per-
formance in both style alignment and content preservation.
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Metric Ours  Ref2sketch ~ Semi-ref Infor-drawing IP-Adapter InstantStyle InstantStyle+  StyleID
ArtFID | | 32.455 45.292 33.242 34.214 33.457 32.532 37.656 35.727
LPIPS | | 0.5315 0.6982 0.5306 0.6037 0.6634 0.5432 0.6532 0.5426
FID | 22.435 34.650 24.359 25.035 24.068 23.940 26.632 25.658
Table 1. Quantitative comparison on Stroke2Sketch-dataset with training-based (3rd-5th columns) and training-free baselines (6th-9th
columns).
Configuration ArtFID  FID  LPIPS
Ref2sketch D = S;:z:'fg:‘;’::z: A: Ours 3245 2243  0.530
I Stroke Stylization B: - DAM (SeC. 33) 38.67 26.53 0.672
Semi-ref [ C: - SPM (SCC 34) 36.89 30.47 0.637
D: - SDPE (Sec. 3.5) | 40.53 3244 0.598

Stylel D - ——

Stroke2sketch I:

0 500 1000 1500 2000 2500 3000
Number of Votes

Figure 11. User study results. Our proposed method received the
highest preference.

These metrics highlight our method’s effectiveness in produc-
ing high-quality sketches with strong semantic and stylistic
fidelity.

4.3. User Study

We randomly selected 15 content images and 15 reference
sketches from Stroke2Sketch-dataset, creating 225 image
pairs. From these, we sampled 20 pairs to generate styl-
ized images using four methods. The results were displayed
side-by-side in random order, and participants were asked
to choose their favorite based on three criteria: content ex-
traction, stroke stylization, and overall preference. We col-
lected 2,000 votes for each criterion from 100 users and
presented the results as a bar chart. As shown in Fig. 11, our
method received the highest preference, outperforming both
training-based and training-free baselines, demonstrating its
effectiveness in handling diverse stroke styles and abstract
artistic effects.

4.4. Ablation Study

To validate our method’s components, we performed an ab-
lation study on the Stroke2Sketch-dataset. As shown in
Table 2, removing any of the Directive Attention Module
(DAM), Semantic Preservation Module (SPM), or Stroke
Details Propagation Enhancement (SDPE) led to decreased
performance across ArtFID, FID, and LPIPS metrics, con-
firming the contribution of each component. Specifically,
without DAM, ArtFID increased from 32.45 to 38.67 and
FID rose to 26.53, indicating weaker style-content align-
ment and content leakage in sketches, as observed in Fig. 12.
The absence of SPM resulted in ArtFID rising to 36.89 and
FID to 30.47, with sketches losing semantic coherence and
structural integrity, such as poorly defined object outlines.

Table 2. Ablation study of different variants of our method.

R Config. A Config. B Config. C Config. D
Cnt. & Ref.
Ours (full) w/0o DAM w/o SPM w/o0 SDPE
Yz - j’c-‘\
a @ X 3 2 e . ¢ A\ —~
R Il Q\ #
V4 PR\ | ety _ /N
h s S R

S, & & &

Figure 12. Ablative qualitative comparison of different variants of
our method.

Most notably, removing SDPE caused the sharpest decline,
with ArtFID reaching 40.53 and sketches exhibiting exces-
sive noise and loss of fine details, as evidenced by cluttered
textures in Fig. 12. In contrast, the full method (Configura-
tion A) achieved optimal scores of 32.45 (ArtFID), 22.43
(FID), and 0.530 (LPIPS), producing high-quality, reference-
aligned sketches with precise details. These results highlight
the critical roles of DAM, SPM, and SDPE in enhancing
sketch quality.

5. Conclusion

Our training-free method for content-to-sketch generation
aligns stroke attributes and semantic texture sparsity, mim-
icking artistic subject extraction to produce high-fidelity
sketches. Leveraging pretrained models, it achieves state-of-
the-art performance in quantitative metrics and user evalu-
ations. Limitations arise with overly simplistic or complex
reference sketches (see appendix for failure cases). Future
work could explore decoupling semantic information from
stroke attributes to improve adaptability and sketch quality.
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