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Figure 1. Generated results by our method and comparison with SOTAs. (a) Given an object-centered design drawing and a photo
as the reference, our method transfers the complex appearance features in the photo to the fine structure of the design drawing with high
fidelity. (b) Compared with ZeST [16], StyleID [17], AesPA-Net [33], Cross-Image Attention [1], and T2I-Adapter-SDXL [51]. Our
method better ensures the accurate transfer of complex appearance features and maintains the fine structure of the original design drawing.

Abstract

Image rendering from line drawings is vital in design
and image generation technologies reduce costs, yet pro-
fessional line drawings demand preserving complex details.
Text prompts struggle with accuracy, and image translation
struggles with consistency and fine-grained control. We
present LineArt, a framework that transfers complex ap-
pearance onto detailed design drawings, facilitating design
and artistic creation. It generates high-fidelity appearance
while preserving structural accuracy by simulating hierar-
chical visual cognition and integrating human artistic ex-
perience to guide the diffusion process. LineArt overcomes
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the limitations of current methods in terms of difficulty in
fine-grained control and style degradation in design draw-
ings. It requires no precise 3D modeling, physical property
specifications, or network training, making it more conve-
nient for design tasks. LineArt consists of two stages: a
multi-frequency lines fusion module to supplement the in-
put design drawing with detailed structural information and
a two-part painting process for Base Layer Shaping and
Surface Layer Coloring. We also present a new design
drawing dataset, ProLines, for evaluation. The experiments
show that LineArt performs better in accuracy, realism,
and material precision compared to SOTAs. Project page:
https://meaoxixi.github.io/LineArt/.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
Image rendering from line drawing holds significant appli-
cations in the fields of design and artistic creation [84]. Tra-
ditionally, this process requires extensive manual modeling
and rendering attempts [26, 28, 44, 50, 78]. With the rise of
image generation technology, it has become possible to con-
trol generated attributes through multi-modal inputs such as
text and reference images [4, 11, 42, 64, 79, 84], or by col-
lecting paired training datasets to achieve domain transfer
from line drawings to photographs [14, 29, 46, 73, 74]. This
advancement has greatly reduced the cost of image render-
ing from line drawings and significantly accelerated the de-
sign iteration process.

However, there remain many challenges in transforming
line drawings into photorealistic images through domain
transfer. Existing research has largely focused on simple,
abstract, user-level hand-drawn sketches [13, 24, 35, 38,
39, 70, 82], while there is a noticeable gap in the study of
professional design drawing which contains more detailed
levels and more complex structural information. Achieving
a generation process that preserves these essential details
while producing realistic material places higher demands on
the performance of image generation models, particularly
when working with fine-grained drawing types [7, 56, 87].
Furthermore, high-quality domain data is difficult to collect,
making it challenging to rely on large-scale paired training
datasets. As shown in Figure 1, the text conditioning ap-
proach struggles to accurately capture complex appearance
and texture requirements [61]. Meanwhile, image transla-
tion methods rely on effectively decoupling appearance and
structure within image prompts [19, 34, 75, 77]; otherwise,
the generated results often struggle to maintain identity con-
sistency [18] and lack fine-grained control and editing over
multiple attributes [76]. Additionally, conflicts arising from
inherent distribution differences between prompts can lead
to unavoidable attribute degradation as shown in Figure 1.

Inspired by human artistic creation, we tackle the above
challenges with a knowledge-guided, non-training solution.
We develop LineArt that leverages widely used Control-
Net [85] and IP-Adapter [83] to transfer complex appear-
ance properties onto design drawings with fine structures,
generating high-fidelity results that align well with appear-
ance in structural details. Our framework has two key
stages: the first stage involves decomposing and augment-
ing the line drawing to better control the structural details
of the object; the second extracts brightness and texture fea-
tures from the appearance prompt to guide the generation of
illumination and texture quality in the image.

In the first stage, LineArt is inspired by vision represen-
tation [48, 49] and incorporates a line-based hierarchical
fusion module (multi-frequency lines fusion) that supple-
ments the original input design drawing into an ideal sketch
covering three levels of information: continuous single lines

for region division [32], double lines to emphasize local
details, and a discrete point set of soft edges to represent
implicit spatial gradients and texture information. In the
second stage, the input reference image is decomposed to
obtain both the brightness control factor and a texture map.
Drawing from the coloring process in oil painting, we di-
vide this stage into two parts: Base Layer Shaping and Sur-
face Layer Coloring. In the first part, the brightness control
factor simulates the underpainting in oil painting, provid-
ing initial light and dark contrasts and shaping structures
as a foundation for subsequent lighting effects. In the sec-
ond part, the texture map undergoes global encoding and
is then selectively injected into specific attention layers of
the U-net architecture to simulate the translucent layering
of colors in oil painting. This division between two parts
reduces the complexity of depicting light and shadow di-
rectly through color while preserving the structural details
and clarity of the original drawing. In order to keep the fo-
cus of the main text, we put the background of the Related
Work in the first section of the supplementary materials.

In this work we made the following main contributions:
• We propose a novel method for generating high-quality

images from design drawings. By integrating human
painting knowledge and simulating the human process of
hierarchical visual information processing, we have de-
veloped an innovative, non-training-based method for this
task. The relevant design of the method is intuitive and
has good understandability and interpretability.

• We propose a multi-frequency lines fusion module to re-
fine visual cues for better presentation. By decomposing
the edge features of the input drawing into three levels
of abstraction, LineArt achieves detailed structure con-
trol. We innovatively split the diffusion denoising into
two stages Base Layer Shaping and Surface Layer Color-
ing to enhance control over appearance generation.

• We propose a subdivided generation task for handling
drawings, as each line in a sketch serves a different pur-
pose. To support this, we collected a professional design
drawing dataset, ProLines, focused on objects, and estab-
lished filtering rules and workflows based on a complexity
analysis of the drawings. Through extensive comparative
experiments, we demonstrate that LineArt significantly
outperforms various state-of-the-art works, excelling in
accuracy, realism, and material precision.

2. Preliminaries
Problem: Given a drawing with contours and fine struc-
tural details, along with a reference image for appearance
texture, the challenge is how to apply complex materials to
this object-centered design drawing while preserving struc-
tural details and avoiding conflicts with texture features
(texels). This issue is common in design tasks (Figure 11)
and presents three main challenges: (1) maintaining control
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Figure 2. A classical painting technique: Imprimatura. We designate the Underpainting process as Base Layer Shaping and Glazing
as Surface Layer Coloring. In the Base Layer Shaping stage, we handle implicit information from the reference image, such as lighting
effects, illumination, and shading-based reflectance. Features related to texel and color are addressed in the Surface Layer Coloring stage.

Figure 3. (a) Various pencils in hardness and color. (b) Le Taureau
by Picasso depicts a shift from realism to abstraction. ©“Pasadena,
Norton Simon Museum, Picasso P. The Bull, 1946” photo by Vahe
Martirosyan, [CC BY-SA 2.0] via (https://bit.ly/3MFB3pm). (c)
Visual representations of Le Taureau.

over structural details while blending diverse textures, (2)
appearance features encompass attributes like lighting, tex-
ture, and color; degradation in any of these can diminish the
impact of the design, and (3) it is difficult to collect paired
training datasets for design drawings, making it important
to explore the zero-shot learning capabilities of the model.

2.1. Assertions: Level of Edge Representations
In the field of design drawing, artists selectively emphasize
key visual features to convey the essence of a scene or ob-
ject [69]. For example, in Figure 3, Picasso’s Le Taureau
series evolves from realism to abstraction [68]. Artists con-
vey their visual understanding by adjusting stroke quantity
and complexity [6, 15, 57], making it crucial to capture the
level of abstraction in the sketch for subsequent generative
generation [2, 32]. Algorithms need to interpret these infor-
mation levels [3, 67] to meet design expectations [5, 45].

Early visual information processing research [48, 49]
posited that sketches consist of a series of assertions. These
assertions are abstract descriptions of visual elements like
edges, lines, and blobs, forming a symbolic representation
of the image. Each assertion represents a certain visual fea-
ture: 1. Edge denotes brightness changes (e.g., contours
or shadows); 2. Shading-Edge indicates lighting-induced

edges, often defining 3D shape; 3. Extended-Edge denotes
continuous edges, possibly object boundaries or surface fea-
tures; 4. Line represents elongated linear features; 5. Blob
represents regional features, like bright circular or irregu-
larly shaped areas.

Inspired by these cognitive processes, we deconstruct the
structural features into three categories: single lines, dou-
ble lines, and soft edges. These correspond to the visual
levels in human perception of an object. We use these fea-
tures as guiding information for the sketch-to-image (S2I)
generation task, influencing the generation process of the
diffusion model. By analyzing the input sketch in three lev-
els, prominent features are processed as double lines, the
division of object blocks [32, 41] and geometric edges as
single lines, while discrete low-level visual features as soft
edges are used to guide spatial gradient representations and
texture generation, accurately reproducing spatial relation-
ships and fitting high-frequency texels (in Figure 6 (a)).

2.2. Imprimatura: Layer Design in Painting
We draw inspiration from a classical painting technique
known as “Imprimatura” [22, 54], which divides the paint-
ing process into two stages: Underpainting and Glaz-
ing [10]. As shown in Figure 2, underpainting is an ini-
tial layer of paint applied to a ground, outlining light and
shadow contrasts and structural form in grayscale, laying
a foundation for later color application [55]. After under-
painting, glazing modifies the chroma, value, hue, and tex-
ture of the underlying paint [37, 52]. This technique creates
images with profound color depth, pronounced dimension-
ality, and realistic texture.

In image processing, traditional methods like Total Vari-
ation [60], Bilateral Filter [66], Guided Filter [30], Fre-
quency Decomposition [25], and Texture Analysis [43], as
well as deep learning methods (e.g., [12, 21, 47]), aim to
remove the content details from the style image, preserving
only key color and texture characteristics as style codes for
domain transfer. However, when applied to object-centered
generation tasks, these methods often struggle due to the
complex interweaving of different attributes in image for-
mation, resulting in issues like a lack of realistic lighting ef-
fects [17, 33] or conflicts between appearance textures and
sketch details [1]. Therefore, we propose applying the prin-
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Figure 4. Our workflow. The process begins with a design drawing Loriginal and an appearance image Iappearance. Depth-based ControlNet
estimates depth and generates soft edges to guide the synthesis. (a) The Multi-frequency Line Fusion module employs assertion-guided
techniques to enhance structural detail control. (b) Base Layer Shaping decomposes the illumination of the appearance image using a
multi-scale retinex approach, generating retinex illumination layers Lretinex to balance brightness. (c) Surface Layer Coloring refines the
output by utilizing layout and style blocks in a U-net with cross-attention for accurate material embedding.

ciple of Imprimatura to the S2I generation task. We desig-
nate the Underpainting process as Base Layer Shaping and
Glazing as Surface Layer Coloring. Base Layer Shaping
handles implicit image info like lighting, illumination, and
shading reflectance. Features related to texel and color are
addressed in the Surface Layer Coloring stage.

3. Method

We propose a visual cognition-guided image generation
method from design drawings as shown in Figure 4. The
framework is based on the inpainting mode of Control-
Net [85], IP-adapter [83], and Stable Diffusion [59], embed-
ding human visual cognitive knowledge into network mod-
ules for precise control over image generation.

3.1. Knowledge-guided Structure Preservation
According to 2.1, inspired by the hierarchical processing
of visual signals in the human brain and the varying atten-
tion humans give to brushstrokes while drawing, we pro-
pose three-level edge representations: a continuous closed
single line, a continuous double line, and a collection of
discrete point lines, namely soft edges. These levels are de-
signed to build a meaningful and structured visual frame-
work for input line drawings. Our design concept is based
on our three core insights about the lines. For details of the
insights, please see the supplementary materials.

Building on these insights, we apply morphological fil-

Figure 5. The influence of single line continuity on region col-
oring. Dilate filter (row 2) blurs regional boundaries. This leads
to fewer unique colors per region, as the lack of clear boundaries
causes regions to tend toward uniform coloring. In contrast, erode
filter (row 3) increases the gaps between regions. This results in
the appearance of blue boundary lines and distinctly different col-
ors for each region in the generated result.

tering and frequency analysis to the original line drawing to
construct the multi-frequency line fusion module. Specif-
ically, for single-line attribution, there are several stroke-
level attribution methods (such as those in [3, 8, 63]), but
we currently opt to use a mask to capture the outer contour,
which in our task serves only to differentiate foreground
from background (in Figure 5. The double-line attribution
is represented as Ldouble = dilate(erode(Loriginal)), while the
single-line attribution is obtained by applying erosion to the
mask as Lsingle = erode(Mask).

Next, we use [81] to predict the depth information of
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Figure 6. Experiments on soft edges. (a) Frequency analysis
of texture elements in real photos. (b) Improved material fidelity
through soft edge constraints.

the line drawing and generate it for the first time using
ControlNet-depth, in combination with the specified ap-
pearance image. The initial generation result Ginitial is then
used to extract soft edges Ssoft that capture spatial gradi-
ents and texture characteristics as Ssoft = Haar(Ginitial).
These soft edges act as high-frequency constraints in sub-
sequent appearance generation, ensuring accuracy and nat-
uralness of the results in terms of texture primitives (in Fig-
ure 6 (b)). Finally, the three levels of edges are fused as
Conditiongeometry = Fusion(Ldouble, Lsingle, Ssoft) and input
into ControlNet as content features.

3.2. Knowledge-guided Appearance Transfer
According to 2.2, in order to achieve high-fidelity appear-
ance transfer effects, we borrowed Imprimatura, a coloring
technique in classical oil paintings, and divided the appear-
ance generation process into two stages: Base Layer Shap-
ing and Surface Layer Coloring.

Initially, we observed that the IP-Adapter and Control-
Net framework for appearance rendering often encounter
color deviations. We analyzed that this issue is due to the
fact that the material encoding features of the image encoder
failed to fully contain the necessary texture and color infor-
mation. Thus, we first remove the background of the ap-
pearance image and retain only the valid pixel area. Then,
inspired by [31, 53], we divide the valid pixel area into small
patches and reassemble it into a new texture reference im-
age as Tsyn = TS(Iappearance−moveBackground(Iappearance)).
As shown in Figure 7, this operation can significantly im-
prove the control ability of texture and color. For more
discussion on the generation effects of patch size selection,
please see the supplementary materials.

After optimizing the appearance image, we proceed to
the Base Layer Shaping stage. Here, we use a carefully
designed grayscale distribution from the reference image
as the starting point for light and shadow generation, guid-

Figure 7. The impact of removing the background on texture
synthesis. By removing irrelevant background regions, material
embedding becomes more accurate.

Lmean =   0

Lmean =  64

Lmean = 128

Origianl

Denoise step      2              3              4             5              6               7           14            25                              

Image embedding in Latent Space

(a)                                                                                                                                                                                                                                                                                                                                                                                                                                                                                     (b) 

Figure 8. Experiments on base layer shaping. (a) The effect
of base layer shaping at different mean latent levels (Lmean =
0, 64, 128) on the generated result across denoising steps. (b) Evo-
lution of mean and variance in Gaussian-distributed image embed-
dings in latent space. Base layer shaping preserves the iterative
direction while inducing a global distribution shift.

ing the denoising process. By affecting the mean and vari-
ance of the initial noise distribution, we can control the
overall brightness of the generated result as shown in Fig-
ure 8. Then, we use a multi-scale Retinex model to ex-
tract the lighting properties of the appearance image. By
applying Gaussian blur at different scales, we capture the
lighting changes of different spatial frequencies and per-
form normalization and weighted combinations. The struc-
ture obtained by Retinex is then subjected to brightness
analysis as Lmean, σ

2
L = BrightnessAnalysis(Lretinex) The

results of the brightness analysis are then used as the ini-
tial starting point for the diffusion model denoising (x′

0 =
Lmean + (x0 − Lmean)× 0.5). Thus, we establish a soft link
between the lighting properties of the generated image and
the reference image as x̂t =

√
ᾱtx

′
0 +

√
1− ᾱtzt.

In the Surface Layer Coloring stage, we use the decou-
pled cross-attention mechanism to integrate text features,
content features, and appearance features. The framework
incorporates a compact projection network to align the im-
age embedding with the text features. The text embedding
is injected into U-Net via cross-attention, with ControlNet
mapping the semantic layout. Material embedding from the
appearance image is injected into specific attention layers,
addressing content and style fusion differences [72]. Thus,
the synthesized texture image directs appearance genera-
tion, with soft edges acting as high-frequency guides, ensur-
ing alignment with texture patterns and promoting natural
layout changes. Further methodological details are avail-
able in supplementary materials.
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Figure 9. Construction of the ProLines dataset. (a) displays the filtered data types. (b) shows an overview of the data after the initial
screening based on IC and manual removal of noise data. (c) shows the data preprocessing of the selected data, including the automatic
processing process of masks and three rounds of manual verification. After (b)(c) two processes, we obtained 5101 precious line drawings.

Figure 10. Threshold division attempt. We use ICNet [23] to
assign complexity scores (0 to 1) to line drawings. The top row
shows the normal distribution of image counts across four datasets
by complexity, while the bottom row presents our noise filtering
and threshold-based selection process for refining the dataset.

4. ProLines Dataset
Knowledge-guided data selection. Previous research on
sketches has not clearly defined and classified them. Specif-
ically, although there are currently multiple manually drawn
sketch datasets, they are usually too abstract and unver-
ified (such as Sketchy [62], QuickDraw [36], Pseudos-
ketches [29], TU-Berlin [20], QMUL-Shoe/Chair [65], and
OpenSketches [27]). Therefore, we quantify and classify
sketches based on image complexity (IC). We used IC-
Net [23] to quantify the IC of line drawings, scoring each
image between 0 and 1. Every drawing was sorted by IC,
and we focused on selecting those in the central threshold
range, avoiding noisy data (in Figure 9(a) and Figure 10).
Then six CV/CG professionals manually screened the im-
ages, removing those that did not meet our ideal criteria.
As shown in Figure 9(b), we designed a data collection
pipeline and finally collected 5101 line drawings from four
design datasets: Bronze, DifferSketching [80], ImageNet-
Sketch [71], DeepPatent [40]. The screening threshold in-
terval and number of images of each dataset were as fol-

Figure 11. Examples of our method in assisting design. De-
sign tasks involve matching the material with objects or selecting
rendering materials for the design drawing. Our method generates
rendering effects based on input drawings and material references.

lows: Bronze (0.2576 ∼ 0.2903, 380 images); DifferS-
ketching (0.0461 ∼ 0.2165, 362 images); ImageNet-Sketch
(0.2500 ∼ 0.2650, 1756 images); DeepPatent (0.2715 ∼
0.2790, 2603 images).

Data preprocessing and collection. As shown in Fig-
ure 9(c), after screening the ideal line drawing data for com-
plex images, we built an automated workflow for line draw-
ing mask extraction, background masking, and size crop-
ping for subsequent generation and evaluation experiments.
We provide more detailed instructions on constructing the
dataset, such as the noisy data definition and manual verifi-
cation principles, in the supplementary materials.

5. Experiments
5.1. Evaluation Metrics and Comparison Models
Metrics. We evaluate results from three dimensions: edge
fidelity, appearance transfer quality, and overall perceptual
quality. In terms of edge fidelity, we use two metrics: Struc-
tural Similarity Index (SSIM) and Chamfer Distance (CD).
About the quality of appearance transfer, we introduce
three metrics: Gray-level Co-occurrence Matrix (GLCM),
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Table 1. Quantitative evaluation of different methods on ProLines datasets. We evaluate the quality of results across three dimensions
using eight metrics. The results demonstrate that our method strikes a good balance between perceptual quality and accuracy, especially in
preserving image details and textures. The best value is highlighted in red , and the second-best in yellow .

Overall quality Appearance perception Edge-fidelityDataset Method FID↓ LPIPS↓ CLIPi↑ PSNR↑ CH↓ GLCM↓ SSIM↑ CD↓
Ours 86.31 0.25 0.86 25.20 0.20 2.42 0.83 2.38

Baseline [83, 85] 88.26 0.35 0.84 24.48 0.23 29.23 0.81 2.72
Bronze CIA [1] 140.18 0.47 0.75 20.93 0.68 2.45 0.73 263.97

IC:0.2576-0.2903 ZeST [16] 113.79 0.41 0.78 25.87 0.21 5.71 0.72 6.32
DreamBooth [61] 113.36 0.38 0.81 27.15 0.25 11.23 0.77 9.76

InstructPix2Pix’ [9, 83] 223.72 0.48 0.74 24.15 0.29 36.72 0.79 15.51
Ours 211.37 0.23 0.83 19.25 0.62 1.24 0.96 2.48

Baseline [83, 85] 218.83 0.24 0.81 19.11 0.69 30.75 0.95 3.94
DifferSketching CIA [1] 237.38 0.47 0.68 20.16 0.64 1.61 0.91 241.15
IC:0.0461-0.2165 ZeST [16] 242.88 0.25 0.78 19.24 0.68 2.26 0.94 15.35

DreamBooth [61] 202.52 0.24 0.77 18.88 0.76 37.48 0.95 30.93
InstructPix2Pix’ [9, 83] 235.87 0.29 0.76 19.15 0.74 30.71 0.94 10.32

Ours 100.71 0.20 0.86 20.93 0.33 3.19 0.88 5.89
Baseline [83, 85] 111.04 0.23 0.85 19.85 0.36 28.37 0.85 7.10

ImageNet Sketch CIA [1] 205.18 0.47 0.66 20.92 0.50 16.03 0.80 240.64
IC:0.2500-0.2650 ZeST [16] 167.78 0.29 0.79 20.22 0.37 28.65 0.83 12.98

DreamBooth [61] 198.66 0.32 0.77 18.88 0.39 34.79 0.85 33.94
InstructPix2Pix’ [9, 83] 127.03 0.25 0.82 19.15 0.40 28.62 0.84 14.00

Ours 107.23 0.30 0.84 28.86 0.25 3.42 0.83 8.12
Baseline [83, 85] 130.32 0.39 0.77 20.31 0.38 20.25 0.80 14.49

DeepPatent CIA [1] 250.19 0.58 0.65 21.39 0.47 13.34 0.72 224.91
IC:0.2715-0.2790 ZeST [16] 182.03 0.48 0.73 20.22 0.37 26.61 0.76 27.56

DreamBooth [61] 159.45 0.44 0.73 19.74 0.35 31.53 0.77 46.55
InstructPix2Pix’ [9, 83] 179.62 0.44 0.75 20.29 0.42 24.94 0.78 28.03

Peak Signal-to-noise Ratio (PSNR) [58], and Color His-
togram (CH) loss. About overall perceptual quality, we used
Fréchet Inception Distance (FID), Learned Perceptual Patch
Similarity (LPIPS) [86], and Contrastive Language Image
Pre-training (CLIP). For a detailed description of the met-
rics, please see the supplementary material.
Comparison works. We selected these SOTA works for
experimental results evaluation. ZeST [16], Cross-Image
Attention (CIA) [1], StyleID [17], DreamBooth [61], In-
structPix2Pix [9] + IP-Adapter (InstructPix2Pix’), AesPA-
Net [33], ControlNet-Canny + IP-Adapter (Baseline).
Please see the supplementary materials for the relevant
model versions and specific experimental setup details.

5.2. Quantitative and Qualitative Analysis

As shown in Table 1, we conducted a comprehensive quan-
titative experiment. The results show that our method
achieves the best performance in most of the metrics. We
also conducted a qualitative experiment comparing with
seven SOTAs. As shown in Figure 13, CIA, DreamBooth,
and InstructPix2Pix’ struggle to maintain the correct line
drawing structure. StyleID and AesPA-Net lost the main-
tenance of light and shadow and realism during the trans-
fer process. When comparing our approach with ZeST and
Baseline, it is evident that ZeST lacks effectiveness in pre-
serving line drawing details. Baseline, meanwhile, some
of the generated results lack realism and show ineffective
material transfer. Considering the results of the above ex-

Figure 12. Ablation study. Experiments on the imprimatura-
guided module and the assertions-guided module.

periments, our method outperforms others in preserving the
structure and details of line drawings, seamlessly transfer-
ring materials from appearance images, and generating im-
ages with enhanced realism and visual quality.

5.3. User Study and Ablation Study
To further assess the authenticity of our generated results
from a user-centric perspective, we conducted a user study
involving 20 participants. Each participant was asked to
rank the outputs of six different methods based on three
key evaluation criteria: edge fidelity, appearance percep-
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Figure 13. Qualitative results. Our method generates more accurate textures, preserves fine structures, improves color presentation, and
demonstrates stronger generalization and robustness in unpaired transfer tasks compared to other SOTAs.

Figure 14. Failure examples. (a) Dealing with objects that have
been painted with a lot of texture detail. (b) Semantic correspon-
dence challenge.

tion, and overall perception. Nine sets of randomly pre-
sented examples were evaluated according to these criteria.
As illustrated in Figure 15, our method achieved the high-
est scores across all three dimensions, demonstrating its at-
tractiveness. We provide more details of the user study in
the supplementary materials. The ablation study (in Fig-
ure 12) evaluates the effectiveness of key design choices in
our method across four aspects: (1) the role of double lines
in controlling pattern thickness; (2) soft edges can enhance

Figure 15. Result of user study. We achieved the highest scores
in all three evaluation criteria.

texture generation; (3) the analysis of the base layer shap-
ing; (4) the impact of surface layer coloring; and (5) the
influence of patch size in texture synthesis.

6. Conclusion
Our work represents an innovative attempt to integrate hu-
man drawing knowledge into the image generation process,
advancing the understanding and creation of design draw-
ings. This methodology deepens existing artistic knowl-
edge and contributes to the evolution of digital art, offer-
ing new perspectives and approaches for generating profes-
sional drawings. Our work also has several limitations. We
struggled with line drawings that contain excessive shad-
ows or complex textures, as well as tasks requiring precise
semantic correspondence (in Figure 14).
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Edgar Simo-Serra. Diffusart: Enhancing line art coloriza-
tion with conditional diffusion models. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 3486–3490, 2023. 2

[12] Qifeng Chen, Jia Xu, and Vladlen Koltun. Fast image pro-
cessing with fully-convolutional networks. In Proceedings
of the IEEE International Conference on Computer Vision,
pages 2497–2506, 2017. 3

[13] Shu Yu Chen, Wanchao Su, Lin Gao, Shihong Xia, and
Hongbo Fu. Deepfacedrawing: Deep generation of face im-
ages from sketches. ACM Transactions on Graphics, 39(4):
72, 2020. 2

[14] Wengling Chen and James Hays. Sketchygan: Towards di-
verse and realistic sketch to image synthesis. In Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, pages 9416–9425, 2018. 2

[15] Shin-I Cheng, Yu-Jie Chen, Wei-Chen Chiu, Hung-Yu
Tseng, and Hsin-Ying Lee. Adaptively-realistic image gen-
eration from stroke and sketch with diffusion model. In Pro-
ceedings of the IEEE/CVF winter conference on applications
of computer vision, pages 4054–4062, 2023. 3

[16] Ta-Ying Cheng, Prafull Sharma, Andrew Markham, Niki
Trigoni, and Varun Jampani. Zest: Zero-shot material trans-
fer from a single image. In European Conference on Com-
puter Vision, pages 370–386. Springer, 2025. 1, 7

[17] Jiwoo Chung, Sangeek Hyun, and Jae-Pil Heo. Style injec-
tion in diffusion: A training-free approach for adapting large-
scale diffusion models for style transfer. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 8795–8805, 2024. 1, 3, 7

[18] Manuel Ladron De Guevara, Jose Echevarria, Yijun Li, Yan-
nick Hold-Geoffroy, Cameron Smith, and Daichi Ito. Cross-
modal latent space alignment for image to avatar translation.
In Proceedings of the IEEE/CVF International Conference
on Computer Vision, pages 520–529, 2023. 2

[19] Yingying Deng, Fan Tang, Weiming Dong, Chongyang Ma,
Xingjia Pan, Lei Wang, and Changsheng Xu. Stytr2: Im-
age style transfer with transformers. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 11326–11336, 2022. 2

[20] Mathias Eitz, James Hays, and Marc Alexa. How do humans
sketch objects? ACM Transactions on graphics (TOG), 31
(4):1–10, 2012. 6

[21] Qingnan Fan, Jiaolong Yang, David Wipf, Baoquan Chen,
and Xin Tong. Image smoothing via unsupervised learning.
ACM Transactions on Graphics (TOG), 37(6):1–14, 2018. 3

[22] J. Faragasso. Student’s Guide to Painting. Dover Publica-
tions, 2020. 3

[23] Tinglei Feng, Yingjie Zhai, Jufeng Yang, Jie Liang, Deng-
Ping Fan, Jing Zhang, Ling Shao, and Dacheng Tao. Ic9600:

2920



a benchmark dataset for automatic image complexity assess-
ment. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 45(7):8577–8593, 2022. 6

[24] Chengying Gao, Qi Liu, Qi Xu, Limin Wang, Jianzhuang
Liu, and Changqing Zou. Sketchycoco: Image gener-
ation from freehand scene sketches. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 5174–5183, 2020. 2

[25] Ge Gao, Pei You, Rong Pan, Shunyuan Han, Yuanyuan
Zhang, Yuchao Dai, and Hojae Lee. Neural image com-
pression via attentional multi-scale back projection and fre-
quency decomposition. In Proceedings of the IEEE/CVF In-
ternational Conference on Computer Vision, pages 14677–
14686, 2021. 3

[26] Jun Gao, Tianchang Shen, Zian Wang, Wenzheng Chen,
Kangxue Yin, Daiqing Li, Or Litany, Zan Gojcic, and Sanja
Fidler. Get3d: A generative model of high quality 3d tex-
tured shapes learned from images. In Advances in Neural
Information Processing Systems, pages 31841–31854. Cur-
ran Associates, Inc., 2022. 2

[27] Yulia Gryaditskaya, Mark Sypesteyn, Jan Willem Hoftijzer,
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