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Look, Compare and Draw: Differential Query
Transformer for Automatic Oil Painting

Lingyu Liu, Yaxiong Wang', Li Zhu, Lizi Liao, Zhedong Zheng'

Abstract—This work introduces a new approach to automatic
oil painting that emphasizes the creation of dynamic and
expressive brushstrokes. A pivotal challenge lies in mitigating
the duplicate and common-place strokes, which often lead to less
aesthetic outcomes. Inspired by the human painting process, i.e.,
observing, comparing, and drawing, we incorporate differential
image analysis into a neural oil painting model, allowing the
model to effectively concentrate on the incremental impact
of successive brushstrokes. To operationalize this concept, we
propose the Differential Query Transformer (DQ-Transformer),
a new architecture that leverages differentially derived image
representations enriched with positional encoding to guide the
stroke prediction process. This integration enables the model
to maintain heightened sensitivity to local details, resulting in
more refined and nuanced stroke generation. Furthermore, we
incorporate adversarial training into our framework, enhancing
the accuracy of stroke prediction and thereby improving the
overall realism and fidelity of the synthesized paintings. Extensive
qualitative evaluations, complemented by a controlled user study,
validate that our DQ-Transformer surpasses existing methods in
both visual realism and artistic authenticity, typically achieving
these results with fewer strokes. The stroke-by-stroke painting
animations are available on our project website

Index Terms—Automatic Oil Painting, Stroke-based Rendering,
Style Transfer, Sequence Prediction

I. INTRODUCTION

AINTING is a common form of human artistic expression,
but it requires a certain level of technical skill. Computer-
aided art [1]—[8] enables people without professional drawing
skills to create their own artistic works. Neural oil painting [9]-
[13] has emerged as a promising paradigm for artistic image
transformation by simulating the brushstrokes of oil paintings
through hierarchical stroke rendering. It aims to guide machines
in progressively generating images by emulating authentic oil
painting brushstrokes, from coarse to fine, on a digital canvas,
thereby imparting to the images the characteristic texture of
oil paintings.
Traditional stroke-based rendering methods typically rely on
step-wise greedy search and heuristic optimization, which often

Lingyu Liu and Li Zhu are with the School of Software, Xi’an Jiao-
tong University, Xi’an, 710049, China. (e-mail: liulingyu@stu.xjtu.edu.cn;
zhuli @mail.xjtu.edu.cn).

Yaxiong Wang is with the School of Computer and Information Sci-
ence, Hefei University of Technology, Hefei, 230000, China. (e-mail:
wangyx 15 @stu.xjtu.edu.cn).

Lizi Liao is with the Singapore Management University, 188065, Singapore
(e-mail: 1zliao@smu.edu.sg).

Zhedong Zheng is with Faculty of Science and Technology, and Institute of
Collaborative Innovation, University of Macau, Macau, 999078, China. (e-mail:
zhedongzheng @um.edu.mo).

T Corresponding author.

Uhttps://differential-query- painter.github.io/DQ- painter/,

lead to low efficiency [[14]-[17]. As noted by Hu et al. [18]],
deep learning-based methods have gained traction, employing
a variety of strategies such as reinforcement learning [12],
[18]], [19], neural networks [20], and optimization-based
approaches [21]], [22[]. While these methods have validated
promising painting results, challenges in achieving higher
efficiency and effectiveness in practical applications persist.
For example, Hu et al. [18] develop a reinforcement learning-
based agent trained on real images to dynamically determine
the painting sequence, but it struggles with generalization, and
becomes unstable when faced with unseen images. Similarly,
Zou et al. [21] introduce a stroke optimization method that
achieves high-quality results but requires extremely long
inference times. On the other hand, Liu et al. [20] directly
construct a neural network to efficiently predict a set of
strokes. However, this method often produces coarse strokes and
particularly fails to capture fine details at the canvas boundaries.

Despite varying learning strategies within specific models,
the prevailing works all adhere to the iterative learning
paradigm, that is, predicting the subsequent brushstroke based
on the current one. In line with this paradigm, existing
methodologies employ a rather direct approach by generating
the forthcoming brushstroke directly using the existing stroke
as input. We contend that this predictive approach suffers from
the absence of an intermediate guidance from the current stroke
to the next, which becomes particularly challenging when there
is a significant divergence between the paintings in the early
steps of prediction. Conversely, in the human painting process,
artists frequently observe and compare differences between
their current work and the target painting before deciding on
the subsequent brushwork. Motivated by this procedure, we
propose the incorporation of image discrepancy as a form
of intermediate guidance to address the neural oil painting
problem, aiming to bridge the gap between the current iteration
and the ultimate artistic vision, thereby enhancing the fidelity
and effectiveness of the neural painting process.

In light of the aforementioned considerations, we adopt
PaintTransformer [20] as our baseline and propose a new
differential image-guided painter framework: the Differential
Query Transformer (DQ-Transformer). The DQ-Transformer
learns differential image features between the current canvas
and the target image, focusing on the discrepancies between
the images, thereby enabling more accurate stroke predictions.
In particular, we employ local encoders comprised of convo-
lutional neural networks to learn three position-aware image
features separately: the current canvas, the target image, and the
differential image between these two. The differential image
features are then transformed into query tokens, which are used
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Fig. 1: Differential image-guided inference process. We present four intermediate stages of oil painting according to a real
target image (left). Each stage is illustrated with a diagram, where the top-left corner shows the current canvas, the top-right
corner displays the corresponding differential image for that stage, and the bottom part presents the painting result inferred
by our model. We observe that since we explicitly compare the content in the differential images during training, our model
tends to add strokes in areas where discrepancies are more pronounced, thereby progressively reducing the discrepancy content

within the differential images.

as dynamic queries to the DQ-Transformer to decode the stroke
parameters. The final painting result is obtained by rendering
these decoded strokes onto the canvas. We first minimize
the L; distance between the target image and the rendered
image, as well as the L distance between the predicted strokes
and the ground-truth strokes. Furthermore, we train the DQ-
Transformer with a WGAN-based discriminator [18], [23]]. The
discriminator is utilized during training to enhance the precision
of predicted strokes, by treating the rendered images as fake
samples and striving to penalize the generation of erroneous
strokes. Compared with the baseline framework [20]], our DQ-
Transformer retains its efficient inference advantage while in-
novatively introducing differential-guided dynamic queries. By
explicitly focusing on image discrepancies through differential
features, our method effectively eliminates duplicated stroke
predictions and simultaneously captures subtle texture details.

The “look, compare and draw” painting process of our model
is illustrated in Figure [T} where we present four intermediate
stages of completing a real image with several strokes. It can be
observed that our model evaluates the content of the differential
image and introduces strokes precisely in areas exhibiting
more significant disparities. This dynamic querying mechanism
allows our model to prioritize areas that require refinement,
progressively reducing visual differences and guiding the
painting toward a highly detailed and structurally accurate
final output. Unlike existing stroke-based oil painting methods
that often rely on static representations or fixed attention
patterns, our approach is fundamentally observation-first: it
continuously re-evaluates the evolving canvas in relation to
the target, making each stroke placement both context-aware
and purpose-driven. This design is conceptually simple and
remarkably effective. To prove that the oil paintings produced
by our method are of high quality, we compare them with other
state-of-the-art stroke-based oil painting methods. Qualitative
comparisons indicate that our method can generate images
with more authentic oil painting textures while maintaining

the fidelity of the original images. We have conducted a Mean
Opinion Score (MOS) test and invited volunteers to evaluate
the quality of oil paintings created by the above methods. The
paintings of our method attained the highest preference ratings
from the users. The primary contributions of our work are:

Differential Image Analysis Integration: We introduce
a new painting pipeline that embeds differential image
analysis within the neural oil painter framework. By
focusing on the incremental changes wrought by succes-
sive brushstrokes, this simple and effective enhancement
sharpens the attention to localized details, yielding a more
intuitive and nuanced rendering process.

Differential Query Transformer Architecture: Inspired
by the spirit of human artists, i.e., observing, comparing
and drawing, we further introduce a Differential Query
Transformer (DQ-Transformer) that explicitly leverages
position-aware differential features as dynamic queries to
guide stroke prediction.

Superior Performance: Both quantitative and qualitative
experiments on three public datasets, i.e., Landscapes,
FFHQ, and Wiki Art, affirm that the proposed method
achieves better pixel-level and perception-level reconstruc-
tion, as well as higher user preference across various
painting themes. Furthermore, the proposed method is
stroke-efficient, i.e., it achieves competitive painting
quality with fewer strokes.

II. RELATED WORK

Stroke-based painting and pixel-wise painting represent two
distinct paradigms in digital art creation. We first review
related work on pixel-wise generation [24]—[28]]. To enhance
robustness, DreamAnime [29] disentangles anime style and
identity into separate latent codes for independent text control.
3DArtmator and MVCGAN incorporate 3D awareness
through an interpretable stylization subspace and multi-view
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consistency, respectively. Huang et al.|[32] propose a crosmadering for high quality interactive hairstyle editing. Although
art attention mechanism for style transfer, while DG-Net [33hese methods are annotation free and computationally ef cient,
disentangles style and content representations. For improveeir predicted strokes are often coarse and lack ne details
generation quality, Zhang et al. [34] introduce DPTN-TA, whiclmear canvas boundaries.
uses dual-task correlation and a texture af nity loss for posReinforcement learning-based methods. Reinforcement
guided person image synthesis and view synthesis. TextIR [38arning-based methods [9], [12], [46]-[48] aim to learn
leverages CLIP to align textual and visual features, achievitige textures and styles of real-world images to improve the
effective performance across multiple image restoration taspginting quality. As a seminal effort, Huang et al. [19] employ
Despite their success, these pixel-based methods manipuéat@ore complicated reinforcement learning model to paint
images holistically and do not re ect the stepwise, stroke-drivestomplex real-world images with a watercolor brush. Moreover,
logic of human painting. Compositional Neural Painter [18] incorporates object detection
Unlike pixel-based generative models, automatic oil paintifigarning into the reinforcement learning model, dynamically
deploys brushstrokes as the fundamental unit of creatisegmenting and predicting stroke regions. Training a stable
Traditional stroke-based methods [14], [15], |[36], |[37] relyeinforcement learning agent is challenging due to the dynamic
on handcrafted rules to generate strokes. For example, Heirileractions among its components, as this process typically
mann et al. [[38] apply multi-sized curved brush strokes teads to instability.
transform photographs into painterly renderings. Im20il [17] Although the aforementioned methods achieve satisfactory
combines adaptive sampling based on probability density magsults in rendering paintings, they suffer from issues such
to produce high-quality results. However, these rule-basad boundary inconsistencies and struggle with more intricate
approaches suffer from low search ef ciency in large strokenages. We address these limitations by introducing a DQ-
spaces, leading to long runtimes. Recently, deep learning ba3eansformer architecture that leverages differentially derived
methods have gained increasing popularity, and various learnintage representations, augmented with positional information,
strategies have been explored to address stroke-based rendadrguide informed stroke prediction. Our model is both sensitive
As noted by Hu et al.[[18], existing automatic oil paintingo position and capable of producing higher-quality renderings.
methods based on deep neural networks can primarily be
classi ed into three categories as follows: I1l. METHODOLOGY
Optimization-based methods. Optimization-based method
aim to determine the optimal stroke order to improve drawi
ef ciency. Fan et al.|[[39] deconstruct brushstrokes in tradition
Chinese ink paintings and introduce a natural evolution strate,
o infer th_e_lr best application sequence. To support stro nerating artworks. A brief overview of our painter framework
decomposition, Ashcroft et al. [40] propose a generative mo

. ; i illustrated in Figure 2. We utilize a self-supervised pipeline,
for complex vector drawings and demonstrate its effectlvenegﬁgma"y introduced by [20], in which the current canvas

on intricate anime line art. Stylized Neural Painting|[21] treatg target images are constructed using randomly synthesized

stroke predic_tion as a parameiric sear_ch_ process, mimiCkin%t?okes, thereby eliminating the need for real images during
vector graphics renderer to adapt painting techniques to r training process. Our objective is to guide the model to
IMages. Parameterized Brushstrokes:_[Z?.] see_lrches OVer parilificentrate on the regions of discrepancy between the canvas
terized stroke §ty[es t_o complete a painting. .L'u etfal] [41] Iea%d the target image, thereby predicting more accurate strokes
ftrokehstyle dlstt_n?utlonsr?ndHus? semantlf—?:/vardfe ﬁ)lacemﬁp inimize these differences, without the necessity of consid-
0 enhance artistic quality. Herizmann et ai; [_] ever"’_lgc?ring the semantic information of the images. Furthermore, we
segmentation and dynamic attention maps o ef c_|er_1t|y aqjyé}fnstruct a differential image between the target image and
st_roke parameters. These methods can be optlm_lzgd JIOMHY current canvas, which subsequently serves as the query
with neural style transfer but suffer from long optimization,eng for our DQ-Transformer. The differential operation

times for each image. approximates how the human visual system processes image

Neurql network-basgd methods. Neural network paged rneﬂ]hformation, emphasizing the incremental effects resulting from
ods directly use basic architectures to predict painting strok Shsecutive brushstrokes

Early work employs Recurrent Neural Networks (RNNs)|[42

to decompose images into sequences, but relies on detailed

manual annotations, limiting scalability. To overcome thi4- Preliminaries

Frans et al.[[43] apply self-supervised deep networks to leaBtroke Renderer. We adhere to the settings commonly
the mapping from completed paintings to their brushstrokesnployed in stroke-based painting methods [17], [18], [20],
Paint Transformer [20] reformulates stroke prediction as[a1] for stroke rendering, adjusting the properties of real
feed forward set generation task using a Transformer, etatic brushstrokes,i.e., oil brushstrokes, to generate various
abling parallel stroke parameter prediction and ef cient sefftroke variants based on the speci ed parameters. The stroke
supervised training without manual labels. Based on thiarameters are de ned as= fx;y;h;w; ;r;g;bg , where
work, Dong et al. [44] further study the ef cient test-time(x;y) denotes the coordinates of the center pdintepresents
adaptation. Similarly, Song et al. [45] propose HairstyleNdahe heightw represents the width, denotes the rotation angle,
which combines parametric controllable strokes with neurahd (r; g; b) indicates the RGB color values of the stroke. At

Overview. Neural painting simpli es the painting task into

edicting a sequence of brush strokes. In this section, we offer
comprehensive description of the training process for our
Hinter framework, along with the inference process utilized for
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Fig. 2: A brief overview of our painter framework. Given the canvas imbgeand the target image generated by the
renderer, we rst obtain their differential imadeg by simply subtracting one input from the other. Three local encoders
comprised of convolutional neural networks are employed to extract image fe&tyres and Fq with positional information.
DQ-Transformer has two components, i.e., the DQ-encoder and the DQ-decoder. These visual Featyrasd Fy4, are
concatenated and then fed to the DQ-encoder to obtain the fused fEajurBext, we transform the differential image features
Fq4 into query tokens to query the key and value pairs generated by the fused fegtufeinally, the DQ-Transformer outputs a
set of predicted strokeS;, each accompanied by its respective con dee The predicted imagé is generated by rendering
these strokes onto the canvas. The discriminator operates by treating the targetlimagesal samples and the predicted
imagesl(} as fake samples.

each stem, the stroke renderer is employed to render theanvasl. 2 R®PP  and the target imagé, 2 R3PP

stroke parameters into a stroke imagg and a binary mask whereP is the pre-de ned patch size that acts as the basic

Mn, whereM, is a single-channel alpha map Bf,. These unit for subsequent painting. Then the differential image is

stroke images are then sequentially added to the current caneltained by performing a pixel-wise subtractidg:=1; | ..

potentially covering any previous strokes if they exist. Th@ur painter framework takds; I ;; andl 4 as input and predicts

iterative rendering process can be formulated as: a stroke se®;. The predicted image is generated by rendering
ln=Rn CaMn+ln1 (L € oMp): 1) these strokes onto the canvas.

wherec, is the con dence of the stroke, indicating whether th
stroke is valid. is the element-wise multiplication, whilg 1
is the previous painting result. The entire rendering proc

is based on differentiable linear transformations and does oL raditi | Ui |l lack licit iti |
contain any trainable parameters. at traditional convolutional layers lack explicit positiona

Canvas Construction. In each training iteration, we rst encoding, and stacking them directly can lead to the loss of

randomly sample two strokes sets: a background strokesbsetcoofqi”ate information. To address this issue, we substitute
to generate the canvas, and a foreground strokes Bt to traditional convolu.uonal Iaygrs \(mh Coordinate Convolution
create the target imade based o .. Background strokes are(Coo_r dConv) [49], |mplement|ng_ itin the rst Iaygr of the con-
rendered onto an empty canvas to establish the current can gtlonal network. CoordConv mtrodyces additional chgnnels
l.. Subsequently, the foreground strokes are superimpoégothe input featurg map, representlng the X-¥ coordmates
onto the current canvas to produce the target imagdlotably, of egch feature pixel, thereby enabling the convolutional
the background strokes are coarser in granularity than ﬂﬁé‘m'ng process to have a degree of awa“?”ess_"?‘b"“t the
foreground strokes. This construction methodology mirrors tis@atial positions. Theric; Fy; andFq, endowed with positional
human artistic process, which evolves from broad outlines ?gcodmg, are concatenated and attened as the input of DQ-
detailed re nements. Iransformer.

&ocal Encoder. As shown in Figure 2, the painter framework
rst employs separate local encoders, comprised of convolu-
etégnal neural networks, to individpuaIF!y extract their feature
ps, denoted aB.;Fy;Fq 2 R® 7 7. It is worth noting

DQ-Transformer. DQ-Transformer consists of two main parts:
B. Painter Framework a DQ-Encoder and a DQ-Decoder. The DQ-Encoder block
The painter framework aims to reconstruct the target imagensists of a self-attention layer and a feed-forward layer,
I using a sequence of predicted strokes. Given the curramd it learns a mapping from the concatenated features
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fF ¢, Ft, Fqg to produce the fused featurés,. The DQ-
Decoder block comprises a self-attention layer, a cross-attention
layer, and a feed-forward layer. In the DQ-Decoder, the
differential image feature$, are transformed into query
tokens. This transformation helps the model focus on local
changes introduced by incremental strokes. The DQ-Decoder
then considers the correspondences between the differential
query tokensFy4 and the fused featureBy, output by

the DQ-encoder. The self-attention layer learns the relative
attention and interactions among the various elements of
differential query tokens. The cross-attention layer implements

CrossAttention (Q; K; V) = softmax Q%T V, andl
is the output dimension of key and query features, while

Fig. 3: Our painting progress following a coarse-to- ne manner.
Q=WOF;K=W “Fo;V=W'Fq; (2

Q K. \% ; ey
whereW™, W® ; andW ™ are learnable weights that Projé images as fake samples, encouraging the model to predict
to query, and mag, to key and value, respectively. Finally,

. . trokes that ke th inti I to the t ti LA
the differential query tokens are fed through two MLPs tS roxes that make Ihe paining closer 1o e target image. As

dict strok tedd = f& g d thei i Shown in Figure 2, the discriminator consists of ve blocks. In
predict stroke parameNe R 'gi_=1 an (_e|r corre_spon N9 the rst block, we replace the Conv layer with a CoordConv
con dencesC; = fé i0=, respectively. During the inference

X i i _ layer. The training process employs a WGAN-GP loss [18] as:
phase, we determine whether the predicted stroke is valid based

on the sign of con dencé;. If ¢ > 0, we draw this stroke, L.q =Dis [} Dis(I )+ gs T ~Dis 1
otherwise, we skip it. We draw all predicted valid strokes onto E
the canvas, yielding the nal painting .

2

(6)
whereDis () represents the discriminator score for a given
sample.l7 is a linear interpolation between real samples
and fake sampleé\[. - Dis I} is theL2 norm of the

Pixel Loss. The most direct goal of neural painting is @radient of the discriminator on the interpolation poingis

we minimize the Iy distance between the predicted imdge Qyerall loss. Finally, our network is optimized by the pixel

C. Training Objective

and the target image las: loss, the stroke loss, and the adversarial loss as:
Lpiet = p lt r\t 1; @) Liotat =L pixet +L stroke + L adv; (7)
where , is a weight term. where = W is an adaptive balancing factor [18].

Stroke Loss. Given that the target image is rendered from
the canvas image using the set of foreground strokes, we
can constrain the difference between the ground-truth and Re
prediction at the stroke level. We follow the stroke loss [20] Following the painting strategies of [20], [21], our model
on the re-matched strokes as: generates paintings in a progressive manner, starting from a
90 coarse sketch and gradually re ning details across multiple
cy D!+ wDYy +Die; ;cales. It is worthy noting that the stroke numt_>er of our method
is not xed. Because our network also predicts “skip” when
Be current painting area is already satisfactory. Our coarse-to-

Painting Inference

D = =
match JStJ -

. 1

where u and & represent the target strokes and predicte . L T
strokes respectivelD! ;DY . andDY _ represent the pixel ne painting process is illustrated in Figure 3. Moreover, our

La =W > bee method produces seamless results without visible patch seams.

loss, rotation loss, and classi cation loss of the stroke set, . . o .
: . : is is enabled by two design choices: (1) the use of spatial
respectively, as proposed by [20}y is a weight term, and o . !
positional embeddings that preserve location awareness even

jStj is the number of strokes. ) . .~ . .
Further, to encourage the model to reconstruct the tar%n(-:etar patch edges; (2) our differential-query mechanism, which

using the minimum number of valid strokes. we impose onditions stroke prediction on the residual error map across
g S : P 6*ﬂe full canvas context. As a result, strokes near boundaries
additional regularization on the con den€& of the predicted - . .
. . are not suppressed, and the nal composition remains visually
strokes. We derive the stroke loss:
o coherent.
1 bl

stroke match C]StJ - u g ( ) IV. EXPERIMENT
where . is a weight term for the con dence regularization. A+ Implementation Details
Adversarial Loss. Treating our painting network as a generatdatasets. Our model is trained exclusively using synthesized

we design a simple discriminator, which regards the generatgdoke images, without relying on any real-world datasets. We
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TABLE I: Quantitative comparison with competitive methods under pixel-level and perception-level reconstruction on unseen
real-world datasets at different levels of stroke counts. Lower values indicate better reconstruction. Bold indicates best. Bene ting
from the observation- rst mechanism, our model adapts to varying stroke budgets while preserving ne-grained details and
global structure, consistently achieving strong performance across a wide range of stroke counts. This shows its robustness anc
ef ciency in high- delity neural painting under resource constraints.

Landscape FFHQ Wiki Art Average

Stroke Method Lpixet # Lpept # Lpixet # Lpept # Lpixet # Lpept # Lpixet # Lpept #
Stylized Neural Painting 0.068 0.941 0.057 1.047 0.064 0.998 0.063 0.995

Paint Transformer 0.080 0.851 0.067 1.052 0.072 0.934 0.073 0.946

500 Im20il 0.096 0.992 0.077 1.071 0.089 1.036 0.087 1.033
Learning To Paint 0.065 0.793 0.050 0.850 0.062 0.833 0.059 0.825
Compositional Neural Painte 0.069 0.886 0.053 0.996 0.062 0.907 0.062 0.930

Ours 0.063 0.751 0.051 0.881 0.058 0.812 0.057 0.815
Stylized Neural Painting 0.072 0.921 0.060 1.012 0.067 0.974 0.066 0.969

Paint Transformer 0.079 0.843 0.064 1.045 0.069 0.913 0.071 0.934

1000 | Im20il 0.094 0.983 0.071 1.040 0.087 1.022 0.084 1.015
Learning To Paint 0.063 0.805 0.046 0.833 0.057 0.829 0.055 0.822
Compositional Neural Painte 0.063 0.848 0.048 0.946 0.056 0.864 0.056 0.886

Ours 0.062 0.751 0.047 0.830 0.056 0.789 0.055 0.790
Stylized Neural Painting 0.068 0.939 0.057 1.044 0.064 0.996 0.063 0.993

Paint Transformer 0.070 0.807 0.056 0.934 0.061 0.841 0.062 0.861

5000 | Im20il 0.064 0.720 0.042 0.742 0.052 0.718 0.053 0.727
Learning To Paint 0.055 0.718 0.032 0.697 0.047 0.705 0.045 0.707
Compositional Neural Painte 0.056 0.732 0.037 0.772 0.046 0.715 0.046 0.740

Ours 0.054 0.579 0.039 0.631 0.045 0.593 0.046 0.601

conduct evaluation on three distinct datasets: Landscapes [B@ROIl [17] (a traditional search-based model), Learning
FFHQ [51], and Wiki Art [52]. The Landscapes datasdb Paint [19] (a reinforcement learning-based model) and
comprises the natural landscape images sourced from the Fli€ampositional Neural Painter [18] (a reinforcement learning-
website. FFHQ is a high-quality face image dataset that covdrased model). Since the main objective of neural painting
a variety of ages, genders, races, and expressions. Wiki&rto recreate original images, we directly use the pixel loss
is a compilation comprising a large number of artistic piecés,xei and the perceptual lods,cy: [54] as evaluation metrics.
with diverse styles, each piece created through genuine hunigfe calculates the meahn; distance between the rendered
painting. For each dataset, we randomly select 100 imagesimages and the target images at the pixel lelghy is a

test samples. perceptual metric based on neural network features, which
Settings. We set patch siz@ as 32 and the maximum measures the similarity between a target image and a generated
number of brushstrokg$:j in one patch as 8. During training,image by comparing their differences in high-level feature
parameters for target strokes are randomly generated framaps. Lower values df piver andL ey both indicate a better

a uniform distribution. We sequentially render these strokésiage reconstruction quality. All painting results are produced
and if a stroke covers more than 75% of the area of tla a resolution o612 512 pixels. Among the ve methods
preceding stroke, its con dence is set to O to ensure that ttve compare, Stylized Neural Painting, Learning to Paint, and
rendered strokes do not overly overlap. We follow existinGompositional Neural Painter can set the exact number of
works [20] to set hyper-parameterg = 8, and w = 10. For strokes. Paint Transformer and Im20Qil can only roughly control
the adversarial loss weight, we follow [18] and sgts = 10. the number of strokes by adjusting the setting parameters. For
We have conducted experiments to determine the appropriatéir comparison, we conduct experiments at 500, 1,000, and
weight in Eq. 5 and ultimately set; = 0:1 as default. We 5,000 strokes respectively.

use the AdamW optimizer [S3] with an initial learning raté tapie | shows our results on various datasets at different

of 1 10 * and set weight decay t 10 2. The model is |gel5 of stroke counts. It is intriguing to observe that all
trained for 100,000 iterations using a batch size of 64. Theathods exhibit loss uctuations across different datasets,
rst 50,000 iterations are dedicated to pre-training the paintingqicating a substantial in uence of image content complexity
network without the adversarial loss. This strategy helps {0, e painting results. For example, our paintings achieve a
avoid mode collapse, e_nsuring that the generator can faithfullg(m_}r pixel loss and a higher perceptual loss on the FFHQ
reconstruct the target images. dataset compared to the Landscapes and Wiki Art datasets.
] ] This difference can be attributed to the nature of the images in
B. Comparison with State-of-the-Art Methods each dataset. Although plein-air paintings from the Landscapes
Quantitative Comparison. We conduct a quantitative compareataset exhibit complex compositions, they possess less high-
ison between our method and four state-of-the-art oil paintihgvel semantic information compared to the high-de nition
methods: Stylized Neural Painting [21] (an optimization-basddcial images in the FFHQ dataset. Consequently, the plein-air
model), Paint Transformer [20] (a neural network-based modednintings experience higher pixel loss but lower perceptual
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