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Abstract Neural style transfer (NST) can create
impressive artworks by transferring a reference style to
a content image. Current image-to-image NST methods
lack the fine-grained control often demanded for artistic
editing. To mitigate this limitation, we propose a
user-oriented interactive style transfer (IST) method,
using which a harmonious image like drawing can be
interactively created. Our IST method can serve as a
brush, dipping style from anywhere, and then painting
to any region of the target content image. To control the
action scope, we formulate a fluid simulation algorithm,
which takes styles as pigments around the position of
brush interaction, and uses diffusion in style or content
images according to similarity maps. By dipping and
painting, even employing a single style image can
produce thousands of eye-catching works. Our method
expands the creative capabilities of NST.

user interaction; style transfer; image
manipulation; content creation
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1 Introduction

Neural style transfer (NST) is a widely considered
artistic creation tool, which aims to transfer the
artistic style from a reference image to a content
image. Many impressive NST methods have been
proposed, emphasizing content retention [1, 2],
robustness [3, 4], the ceiling of style types [5, 6],
geometric changes [7], brushstroke simulation [§],
etc. Recently, several works have focused on user
intent, considering manual adjustment of the degree

1 BNRist, Department of Computer Science and
Technology, Tsinghua University, Beijing 100084, China.
E-mail: frazer.linzheng@gmail.com.

2 College of Computer Science, Nankai University, Tianjin,
China. E-mail: Z. Zhang, zzhang@mail.nankai.edu.cn;
K.-R. Zhang, kang rui@mail.nankai.edu.cn; B. Ren,
rb@nankai.edu.cn (<); M.-M. Cheng, cmm@nankai.edu.cn.

Manuscript received: 2024-07-29; accepted: 2025-02-22

of stylization [9], semantic guidance [10, 11], and
masked style splicing [12, 13]. Although these
methods can create impressive artworks, through
global adjustment, they cannot provide fine-grained
control over artistic editing, and do not follow natural
drawing logic.

In this paper, we propose a user-oriented interactive
style transfer (IST) method, in which users can dip a
style brush into any region in the style images and
then paint the style on any region of the target content
image, in a similar way to drawing. (For simplicity,
we will use “dipping a style” in the following to refer
to the process of selecting a style.) The scopes of
dipping and painting are supported by our proposed
fluid simulation algorithm, making styles flow and
blend like pigments in the content image, according
to neural similarity maps. Our IST method expands
the creative capability of traditional NST methods
and allows greater artistic imagination in creating
artworks with harmonious style. Some examples are
shown in Fig. 1. In Fig. 1(a) the user dips the whole
style of the style image and paints on the content
image with different interactions. The stylized scope
in the content image first covers the clouds, and then
fills the whole sky. Compared to previous image-to-
image NST, our IST allows users to freely control
the scope of stylization. Therefore, users can transfer
different styles to different regions of the content
image. In Fig. 1(b), different areas show separate
style tendencies, such as stroke direction and color
concentration within a style image. Our IST can freely
dip the style of a specific region, then paint on the
content image. In Fig. 1(c), in ordinary drawing, a
brush can be dipped in many pigments. We can also
dip multiple styles from one or more style images,
to be blended in the target content region. This
interactive fusion can create thousands of styles by
combination.
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Fig. 1 Our proposed interactive style transfer (IST) method allows users to transfer style using a drawing-like process. Users can dip style
brushes at any position in multiple style images and create attractive art on the content image. Some interesting cases using interaction are
shown above. (a) Same style image, different scopes of painting, (b) same style image, different dipping regions to create varied styles, (c) dipping
and merging various styles in the brush on either one or more images. The dot “e” and scribble “?” indicate user interactions, while the star “¥”

indicates dipping or painting operations on the whole image.

Our carefully designed interaction modes and
algorithms allow users to create artworks according to
their wishes. We show a complete artwork produced
by our method in Fig. 2. More creative scenes are
shown in following sections.

Content

Result

Fig. 2

An artwork created by our IST method. We omit the
interaction and simply show the style sources, content image, and end
result. Using operations of dipping and painting, we decorate the sky
with stars, the mountains with ink, and the river with light.

2 Related work

2.1 Neural style transfer

Neural style transfer (NST) [5, 14-16] aims to
create novel artworks by transferring the artistic

style from a reference image to a content image.

Making the transfer process more flexible and

efficient has always been the focus of researchers.
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Single style methods [17, 18] learn a style-specific
network, relying on perceptual loss [17], a GAN
[19], normalization [20], etc. These earlier single style
methods must be retrained for new styles. Alongside
these developments, the rapid evolution of deep
generative models, including GANs and diffusion
models, has significantly advanced the broader field of
image synthesis and generation [21, 22|. Multiple style
methods [14, 23-25] can transfer from multiple given
styles. Such methods often save specific parameters
for each style. However, in real-world applications,
it is difficult to learn all styles in advance. Arbitrary
style methods [2, 4, 5, 15, 16, 26-35] can use any given
reference style image. Online optimization methods
[36-38] decouple content and style information in
input images using a pre-trained model. With
iterative optimization, the new artistic image imitates
style image in the feature Gram matrix, while
maintaining similarity with the content image in
feature representation. Online optimization is time
consuming, requiring intensive calculation. Other
methods have tried to transfer arbitrary styles using
a single forward pass. A popular practice [2, 4, 5, 15]
directly aligns the statistics of the new artwork and
the given style image in the instance feature space.
Some works [6, 39, 40] learn to predict parameters
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for any specified style. Recent approaches leveraging
diffusion models have demonstrated remarkable
results [41-44]. Concurrently, controllable multi-
domain semantic artwork synthesis [45], style-aware
diffusion adaptation [46], and content-controllable
painting recreation [47] have expanded the boundaries
of digital art. Other specific stylization branches, such
as anime-style colorization [48], face cartoonization
[49], and audio-guided local stylization [50], further
enrich the diversity of stylized creations. Although
such methods improve the flexibility, processing is still
applied to the full image, which cannot meet the needs
of all users. Some methods like Ref. [34] allow for
the application of different styles to distinct regions
of an image, but this is done algorithmically, with
predefined criteria determining how the styles are
assigned. This automated approach offers efficiency
in applying styles but provides limited flexibility in
terms of user customization. In contrast, our method
introduces user interaction into the process, allowing
for more customizable and tailored style transfer. By
enabling users to manually select and adjust which
styles are applied to specific regions, our approach
offers greater control over the final artistic result.
This interactive characteristic makes the style transfer
process more flexible and personal, empowering users
to achieve more precise creative results.

2.2 Style transfer with interactions

The interaction discussed here is drawing interaction,
rather, e.g., textual interaction [51-53]. Some works
have introduced the latter kind of interaction as a
way to adjust the style. The pursuit of intuitive
user control is highly active across various image
manipulation domains. For instance, researchers have
explored user-guided portrait editing with conditional
GANSs [54], language-guided local editing [55], and
semantic-based facial manipulation [56]. Ref. [57]
allow users to control the ratio of different sub-styles
extracted from a style image. Ref. [58] provides a
fast soft color segmentation approach, by which which
users can extract and change the color distribution.
Other works focus on restricting transfer to local
areas. This is often done by utilizing a mask, e.g., a
semantic mask [10] or an instance mask [13]. Many
methods [9, 59] adopt binary masks generated by
users, such as brush areas [60] and object masks
[12, 61] determined by an interactive segmentation
method [62]. In addition, other operations apply, e.g.,

local-retouching for style refinement [63], changing
the semantic mask to generate an image with a
new texture [11], and transferring the vector graphic
[64]. However, these works based on adjusting style
parameters of the entire image fail to provide
fine-grained control. The results from mask-based
methods may look contradictory, and producing
masks may place extra burdens. In this paper, we
propose a method like a real drawing process with
dipping and painting operations, unlike previous
works.

2.3 Fluid simulation

In computer graphics, fluid simulation is an active
field, studying how to simulate fluids using computers.
For a comprehensive review of physics-based fluid
simulation and its recent research trends in computer
graphics, we refer readers to Ref. [65]. Controllable
fluid simulation is essential for animators to achieve
special effects and animations in 2D [66] and 3D
[67] scenes. Many methods have been proposed to
calculate control forces for the fluid, based on blurred
density gradients [68], proportional errors of fluid
shape between key frames with velocity feedback [69],
and optimal controllers [70]. For image processing,
simplified forms of fluid motion equations, such
as an anisotropic diffusion equation [71], are used
in denoising and edge detection. In our work, we
introduce fluid simulation for fine-grained control
of IST.

3 Method

3.1 Framework overview

Our framework for IST is inspired by traditional oil
painting. We treat the content image C' as a painting
canvas, and the set of style images {S!,...,S"} as
the painting palette. The user interactively dips the
style from the style images, using clicks and scribbles,
and then interactively paints on the content image
to transfer the style to specific regions. Figure 3
outlines the interactive process using a single dipping
and painting operation. In the implementation of
the algorithm, we input the content and style
images into the backbone neural network to obtain
their deep features for each layer, denoted F*,
calculate the similarity with the interaction location
to obtain a global similarity map, denoted G (see
Section 3.2), and then use our similarity-based fluid

Available on

(%2 % Mt [EEE Xplore®

Tsinghua University Press




1444

Z. Lin, Z. Zhang, K.-R. Zhang, et al.

Style palette
content canvas

2
‘ ﬁ Similarity map

User interaction

M
g

Penetration map style

transfer

N

Fig. 3 Framework of our interactive process. The user interacts with style and content images. A similarity map is used in the fluid simulation
algorithm, which generates a penetration map. (This is done automatically for style images and uses an additional manual process for content

images.) A local style transfer method then generates the result.

simulation algorithm (see Section 3.3) to generate
the penetration map P of interactions on the two
images. We modify the classic AdaIN [5] method
for use as the style transfer algorithm and use local
style transfer (see Section 3.4) to apply the local
style to the selected region of the content image.
Instead of simply splicing the stylized image through
a binary mask, our IST method generates images with
smooth transitions by considering soft style diffusion
and blending. Whether considering style dipping or
painting, the degree of stylization for each pixel is a
numerical weight. If different styles are applied to the
same position after multiple interactions, the styles
are merged according to their fluid concentration
ratio. We also adopt the characteristics of oil painting,
making subsequent styles dominant (see Section 3.5).

3.2 Revisiting neural feature similarity

As we know, neural network features show different
levels of image characteristics [72], from the low-
level information, e.g., color and texture, to the high-
level information, e.g., semantic. For our framework,
users take clicks or scribbles on the content and
style images. We also adopt these neural features
to calculate the interaction radiation area. In terms
of concrete implementation, we use the widely used
VGG [73] network as the backbone and utilize the
first four layers. For each layer, we will calculate
the corresponding similarity map by averaging the
feature similarity between the user interaction and
all pixels. These user interactions I may contain only
one pixel (click) or more (scribble). Then we average
the similarity maps in four layers into one G as the
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basis of our fluid simulation algorithm. We introduce
a variable parameter s that can be adjusted by the
user, with a range from 0 to 1. For the final weighted G,
the weights of G' and G? are 15, and the weights

of G* and G* are . When s = 0.5, we take the

average of the four similarity maps (G), which is
the default setting for our method. We utilize the

cosine similarity as the metric (shown in Eq. (1)).
The calculation process of similarity maps can be
formulated as

1
Gmn:

where (i, j) means the coordinates of all pixels and
|F; ;|| means the 2-norm value in position (4, j). In
Fig. 4, we illustrate the similarity maps of four layers
according to the click. From G! to G* ,We can find
that similar regions transit from similar colors to

Fon-Fij-1Li

I, {01} (1
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Fig. 4 Neural similarity maps based on location of interaction. G*
shows similarity maps of features in four layers based on the click in
I. The average is shown as G.
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similar semantics. On the whole, the deeper the
features are, the information concerned becomes more
complex and the similar area is smaller. It is worth
mentioning that the similarity maps are based on the
original image, so no matter how we interact later,

the similarity map will not be updated accordingly.
3.3 Similarity-based fluid simulation

8.8.1 Approach

The global similarity maps measure the correlation
between the interaction position and the pixels of the
whole picture. However, in the interactive process,
users often hope to obtain the style from or transfer
the style to the area around the interaction. More
importantly, users often need to control the scope
of painting, as in brush hardness or concentration
controls in painting. Therefore, we introduce an
algorithm of similarity-based fluid simulation to
generate the influence area of user interactions. Since
diffusion and absorption of ink can be regarded
as opposite processes, we use the same algorithm
for dipping and painting style. Figure 5 shows
the concept of our algorithm. Generally speaking,
similarity controls resistance to fluid diffusion. The
higher the similarity, the smaller the resistance. The
fluid concentration gradually diffuses outwards from
the position of user interaction.

For multiple styles, in contrast to generating
hard areas comnsisting of Boolean values 0 and 1,
our goal is to generate a smooth transition at
the border.
directly interacts have a higher concentration of

Pixels at positions where the user

fluid, which diffuses to surrounding pixels with a
lower concentration over time. We therefore use
a fluid-simulation like algorithm to achieve our
goal. Specifically, a penetration function P (z,y,t)
represents a distribution of fluid concentration. The
similarity-based diffusion coefficient function D (z,y)

R ;
v

N>y
v 1.4\5

Fig. 5 Similarity-based fluid simulation. Left: fluid diffusion occurs
according to the similarity map, shown as a curved surface. Right:
penetration maps in the diffusion process.

represents a parameter controlling the velocity of fluid
diffusion. The 2D fluid diffusion equation is

OPLYY) G (Dw.y)VP@yt) (@)

ot

where (z,y) € [0,1] x [0, 1], with initial condition
P(z,y,0) = I(x,y) where I(z,y) represents the
interactive position in continuous space. We use the
Neumann boundary condition, OP(x,y,t)/0n = 0
on the boundary, where n represents the normal
direction to the boundary, to restrict the fluid to
move only along the image boundary and not diffuse
outside the image. V- and V represent divergence
and gradient operators respectively. P(z,y,t) is
a continuous function of position (z,y) and time
t. D(x,y) and I(z,y) are continuous functions of
position (z,y). It needs to be emphasized that
a similarity-based D(z,y) in Eq. (2) makes the
fluid concentration diffuse more in areas with
higher similarity. In contrast, a standard isotropic
diffusion model diffuses concentration uniformly in
every direction, allowing less controllability. For the
convenience of discretization of Eq. (2), we write it
in the form of components as Eq. (3):

OP(r, ) _ 0 o

0 0
o (D(x,mayP(x,y,t)) 3)

3.83.2 Discretization scheme

In order to make the calculation domain of the
discretized diffusion equation to be the image we
care about, we follow the discrete domain of the
image, consisting of N; x N; pixels. We write P;"; for
P(ZAh“‘]AhJ, nAt), DiJ’ for D(ZAh“jAhJ), where
Ah; = 1/N;, Ah; = 1/N;, and At is a given time
step. We can now define the penetration map P™ and
diffusion coefficient map D as two matrices consisting
of P/; and D; j, respectively. An implicit backward
difference in time method [74] is used to solve Eq. (3)
stably and quickly. The discretization scheme for
Eq. (3) is

prtl_ pn

P (o, (2t 2

D; 12 (P"Jrl Pzn_il )
(Di,j+1/2 (131 J+1 Pznfl

D, 1 (P -
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P& is given by the initial conditions. The calculation
of D and the diffusion coefficient values on a staggered
grid, such as D;;q/3;, will be described in detail
later. Eq. (4), with corresponding discretized initial
conditions and boundary conditions, traversing all i
and j, is a large sparse linear system whose coefficient
matrix is symmetric and positive definite. We enforce
the Neumann boundary condition by setting the

diffusion coefficient D; ; at the image boundary to zero.

We use a standard conjugate gradient method [75] to
solve this linear system quickly.

3.3.8 Diffusion coefficient

Calculation of the diffusion coefficient is formulated
as Eq. (5):

D; ;= ve "17Gu) (5)
which has a nonlinear dependence on similarity. The
main benefit of using this non-linear function is
to diffuse nearly no concentration where similarity
is relatively low to make a visible difference
with isotropic diffusion. v is the diffusion velocity,
controlling global diffusion effects. r is the resistance
coefficient, controlling local diffusion effects. With
higher r, the distribution of e "(1=Gi.i) becomes
sharper, and the diffusion area shrinks; conversely
as the distribution gets flatter, the diffusion area
expands. An interpolation method is used to calculate
the coefficient on the staggered grid:

D 1/2,; = min (D5, Dyt 5) (6)
Other methods, such as linear interpolation and
a maximum function, would achieve similar effects

except for slight differences in diffusion at the border.

All commutative functions conserve concentration.
8.8.4 Automatic termination

These diffusion processes continue all the time. Our
IST method provides a manual way for users to stop

diffusion at a specific moment when they are satisfied.

However, when the users want to interact more

naturally and efficiently, we also provide an automatic

mode. When the rate of variation in concentration is
less than a certain value €, formulated as

Y|P = P

i Py

the fluid diffusion is stopped.

<e (7)

3.4 Local style transfer

3.4.1 Background
At present, most NST methods extract the style from

a whole picture and transfer it to another picture.
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Partial style extraction is less studied. Since the
classic method of NST, AdaIN [5], focuses on the
mean and variance of neural features from content
and style images, and these can be calculated locally,
we modify the method to adapt it to local transfer.

3.4.2  Rewvisiting AdaIN

The AdaIN method is based on the premise that
the style of the image is determined by the mean
and variance of the deep features. This method first
puts the corresponding content C' and style S into
the backbone network to get the deep features, F'°
and F'°. Then the content features are normalized
according to their mean and variance, and finally
restored using the mean and variance of the style
features, so that the generated features A have the
content of the content image and the style of the style
image. The calculation is performed as Eq. (8):
[ [

Ao r) (T ) v ®)
where p and o represent functions to calculate
channel-wise standard deviation,
respectively. The generated features are fed into a

mean and

decoder network and restored to the transferred
image T = Decoder(A).
3.4.3 Modified local AdaIN

We modify the original AdalIN to carry out local style
transfer. For style extraction, we use the normalized
penetration map P to calculate the weighted mean
and variance of style features. This can be formulated
as . .
A:&@ﬁpﬂ(Faég”>+gwﬁPﬂ(m
where i and & represent functions to calculate the
weighted mean and standard deviation as Eq. (10):

2 Pii-Fij
i(F,P)=="5—5—" (10)
Zi,jljiaj
Py (Fij—i(F,P))?
5’(F,P): Zz,j »J ( »J /.L( )) (11>
Zi,jPi,j

Then we merge the transferred features and the
original content features to get M and feed it into
the decoder network to get the transferred image T

T =Decoder(M), M=(1-P°)-F°‘+P°- A (12)
The neural network causes partial distortion of the
image, even when the values in P are all equal to 0.
Thus, when we generate the final output O, we mix
the original image and the transferred image T for
the low-penetration area, as Eq. (13):
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O0=C-¢(R)+T-(1-¢(R))

¢ (R) = max (?_‘2‘,0)

where R is the content retention map and is equal to
1 — P°¢ when these is only one interaction, and ¢ is
a function to calculate the specific proportion of the
original content image with factor a.

The above equations show the case where there is
only one style and content image, such as the cyan
scribble “2” in Fig. 1(c). Suppose we want to fuse

(13)

(14)

some areas of multiple style images to create a new
style, such as the purple scribble “2” in Fig. 1(c). As
long as these pixels and corresponding concentrations
are regarded as a whole, the corresponding weighted
mean and standard deviation can be obtained to
represent the new style, as used in our IST method.

3.5 Mixing multiple styles

IST often applies multiple styles to different areas
of the picture. These styles may come from one
picture or multiple pictures, and the same style
may also correspond to many regions. It is worth
considering how to mix styles when the same pixel
position is affected by multiple styles. We adopt a
treatment method inspired by oil painting. When
a new style and interaction occur, any subsequent
style is mixed with previous ones, and the subsequent
one plays a dominant role. From the perspective of
the fluid, the previous concentration based on the
fluid simulation algorithm is retained to a certain
extent at these locations, while the subsequent
diffusion results dominate. In terms of the specific

implementation, we adopt an iterative calculation.

The current mixed feature M is generated based
on the transferred features A using the current
style and the previously saved mixed features
M1 according to the penetration map. This is
formulated as

MM = (1P pin= g pinl Al g0 = e

(15)
Here, the initial mixed feature is the same as F°,
and the feature gradually integrates more and more
features of different styles. P in Eq. (15) means the
penetration map of the content image and the index
[n] is used to indicate the interaction sequence. With
increasing interactions on the content image, the

content retention map is also gradually affected, as

RIM — Rin—11. (1 _ P[”]) , R9=1 (16

3.6 Interaction and user interface

8.6.1
For IST, there are two basic operations: dipping the

Operations

style and painting on the content. We introduce these
two operations using the user interface (UI) prototype
shown in Fig. 6. The Ul has two main parts: the left
is the content canvas and the right is the style palette.
The style palette may contain multiple style images,
four are shown and used in the prototype. Users can
click “o” and scribble “?” for dipping and painting.
We also provide a convenient operation to dip or
paint on the whole image, shown as “%” in the upper
left corner. This is implemented by a special action
(clicking the middle mouse button).

3.6.2 Dipping the style

Different pictures have different styles. Even in the
same picture, the styles in different positions may vary.
For example, in a sketch, the stroke style and the
hardness vary in different locations. The user clicks
or scribbles on the specific area on one of the style
images. The system calculates a penetration map
based on the automatic fluid simulation algorithm
based on the similarity maps. If the user wants to
select two areas in two style images and merge them
into a new style, they can take a specific action to
combine the two interactions by holding the control
key and performing interactions on multiple style
images (Fig. 6 ®).

3.6.3 Painting on the content

For the extracted local style, the user can choose
to add one or more interactions to the content
image, which again can be clicks or scribbles. Unlike
dipping on style, the user can choose manual or

Content canvas

Fig. 6 User interface prototype. The interaction mode can be global
@, clicking @, or scribbling ®. The operation ® mixes styles in different
locations and creates a new style. The interactions of the same color
represent matching relationships between dipping and painting.
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automatic generation of the penetration map. The

automatic method works similarly to style dipping.

After interaction, the fluid simulation algorithm
calculates a stable state as the penetration map. For
the manual approach, the user takes an additional
action before the interaction, pressing the shift
key. After the interaction, our method generates a
corresponding transferred result according to the
process of fluid diffusion, which looks like a style
transfer that continuously diffuses outward from the
interaction. When the user is satisfied, the shift key
is released to stop diffusion. For the click interaction,
users can directly control the style diffusion process
by pressing and releasing the right mouse button.

3.7 Extension for general style transfer

Our method is based on changes to AdaIN [5],
but with the continuing development of techniques,
various stylization methods have emerged. We aim to
apply interactive style transfer to methods in general,
so we have designed some extended approaches. The
general method selects the style based on the entire
image. We make certain modifications to the dipping
operation: after the user obtains the penetration map
for dipping, we perform a binary segmentation on the
map and select the smallest inscribed square. Then,
we use the corresponding style image portion of this
square as the style to apply to the entire content
image. During the painting operation, we use the
penetration map obtained through user interaction
and blend it using the same blending strategy
as our method for local stylization results. This
extended method can be applied to any stylization

Content

technique, significantly enhancing its applicability,
including transformer-based [76] and diffusion-based
methods [41].

4 Experiments
4.1 Settings

For IST, «vis set to 0.7. The user-adjustable parameter
€ that controls the stopping point of the changes in the
penetration map in automatic mode is set by default
to 0.01. The default values for v and r are 1.0 and
10. In our specific implementation, AdalN is trained
as in Ref. [5], using MS-COCO [77] and WikiArt
[78] as datasets. We adopt VGG-19 [73] as our
backbone neural network, adopting the PyTorch [79]
framework. The fluid simulation algorithm is based
on compute unified device architecture (CUDA). All
experiments were run on a single NVIDIA Titan XP
GPU. Our fluid simulation method can produce real-
time animation, achieving 174 frames/s on 512 x 512
images. After adding the style transfer method, it
can still achieve 53 frames/s.

4.2 Qualitative results
4.2.1
In our IST method, we first dip the style by clicking or

What can dipping create?

scribbling on style images. Compared to transferring
the style of the whole reference image, our dipping
process can create diverse works that match the
user’s intent. We show some examples in Fig. 7.
In the first row, the content picture is the flower
with a butterfly, and the style picture is a sketched
portrait. Employing AdaIN [5], users cannot control

Fig. 7 Dipping from different regions of style images. In comparison to AdalIN, using our IST method, users can create diverse stylized results
using limited style images. Above: examples of dipping in a single style. Users can create artworks with different texture directions and color
concentrations according to their intent. Below: dipping operations merging styles from one or more images. The stylized results can generate

various color co-occurences according to user intent.
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the detailed style of the output; while, using IST, the
output artworks can present different stroke directions
and color concentrations. The second row shows more
complex scenes. Users dip and merge styles from
one or more images to create dazzling artworks with
limited reference images.

4.2.2  What can painting create?

After dipping the style, we can paint by clicking
or scribbling on content images. We illustrate some
cases in Fig. 8. The first row contains a content
image of buildings and a style image. We can dip
a style and paint it onto different regions of the
building. The second row shows the style flow from
the interaction position with increasing holding time,
gradually turning the grassland into a lake. The third
row shows an interesting scene. We dip four different

Styles

Content !

styles from two style images and paint them onto
three flowers and the background. We exchange styles
between them to produce a variety of artworks.

4.2.8  Artworks freely created by users

We invited various people to try out our IST method.
Some of the resulting artworks created by their
interactions and integrating a variety of styles are
shown in Fig. 9.

4.3 Ablation and parameter study
4.8.1  Similarity-based fluid simulation

Final results of our method for a particular example
are displayed in the second row of Fig. 8. In Fig. 10,
we conduct ablation experiments on our similarity-
based fluid simulation algorithm. When we do not
use the similarity map to control the resistance in the

Fig. 8 Painting into different regions of content images. Above: transfer to different areas of the building. Middle: style flow from the interaction
position with increasing holding time. Below: we dip four styles from style images and paint them on three flowers and the background to

generate various results.

Style palette

Fig. 9 Various artworks created by our IST method.
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Content

Content a=0.0

a=0.3

Only sim. map

o=10.7 Penetration map

Fig. 11 Mixing results for different values of the mixing factor a.

fluid simulation algorithm, the fluid diffusion spreads
circularly from the interaction points. Only when it
encounters the external boundary of the image does
it gradually change shape. Such a brush makes it
difficult to efficiently stylize the target area. When
we use the similarity map solely as the penetration
map for stylization, the stylization applies to the
entire image, making it difficult to control the target
area with fine detail through stepwise fluid animation.

4.8.2  Mixing factor «

In Fig. 11, we provide the mixed results under
different values for the mixing factor . We can
observe that the parameter o determines the degree
of transition of the style image at the boundaries. For
values in the range of 0 to (1 — «) in the penetration
map, interpolation with the original content image
will occur. When « is small, most of the values
undergo interpolation, while when « is large, only
the areas with small values in the penetration map,

primarily the outline regions, undergo interpolation.

As shown in Fig. 11, for the areas marked by
rectangles, as « increases, the intensity of stylization
in these regions becomes stronger, and the transition
zone becomes smaller.

4.8.8  Similarity map averaging strategy

In Fig. 12, we present the average similarity map of
three different mixing ratios with s. When s = 0.0,
we primarily use low-level features. When s = 0.5, we
use the average features. When s = 1.0, we primarily
use high-level features. In the case of similarity maps,
the low-level features of the image are more focused

(8) T #A % mat
NEC27  Tsinghua University Press

Available on
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on attributes like color, while the high-level features
emphasize semantics. As shown in Fig. 12, if we use
a low-level similarity map, it may quickly diffuse to
areas with similar colors, such as spreading from the
sail to the sky. On the other hand, a semantic-based
similarity map limits the diffusion to a smaller region.
Therefore, considering their average can help alleviate
the issues of both to some extent. However, since each
user’s needs may vary, there is no one-fit-all similarity
map.

4.83.4  Fluid simulation parameters

We vary the parameters v and r in our similarity-
based fluid simulation algorithm, showing the
animation sequence in Fig. 13. On the left, as the
diffusion velocity increases, it can be seen that the

(0.50, 0.50, 0.00, 0.00) (0.25,0.25,0.25,0.25) (0.00, 0.00, 0.50, 0.50)

Fig. 12 Results with different similarity map averaging strategies.
Above: weighted average similarity map. Below: corresponding
penetration maps when for 100 animation steps.
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Y
= 3

Similarity map Step =10 Step =30 Step = 50 Step = “auto”

=0.1

1

Image

=10

=5

Step=10 Step =30 Step = 50 Step = “auto”

=10

15

Similarity map

Fig. 13 Parameters v and 7 in the similarity-based fluid simulation algorithm are the diffusion velocity and resistance coefficient, respectively.

We show animations for 10, 30, and 50 steps, and automatic steps.

diffusion speed of the fluid increases significantly. In
addition, due to the increase in diffusion velocity, the
difference between steps becomes larger, affecting
the automatic results. On the right, we change
the resistance coefficient, whose effect is negatively
related to the diffusion velocity to a certain extent.
However, as the resistance coefficient increases, the
more difficult it is to diffuse on the border, and the
more obvious the border becomes.

4.4 Method comparisons
4.4.1

In Fig. 14, we present an experiment comparing our
method to one using hard segmentation. We apply
an interactive segmentation method (FCANet [80])
to segment a specified region of the sky. When the
segmentation mask is obtained directly by clicking (as
in this method), the following drawbacks arise: (i) it

Comparison to hard segmentation

is difficult for the user to only stylize a specific part
of the sky, as shown in this figure, and (ii) stylization
at the boundaries of the hard mask lacks a smooth

FCANet

Ours

transition. In contrast, our IST allows users to
gradually diffuse the sky through animation, similar
to how dye spreads in real painting, providing more
intuitive interaction and finer control.

4.4.2  Ezxtension for various stylization methods

In Section 3.7, we presented ways to extend our
method for use with other general stylization methods.
In Fig. 15, we show results of using the extended IST
version with various stylization methods, including
ArtFlow [29], IEContraAST [30], AdaAttN [81],
StyleFormer [76], and InST [41]. The IST results
are in the second row. We can observe that users can
select local styles from the style image, such as its
upper part, to stylize the target image. Ultimately,
the quality of the final stylization depends on the
algorithm itself. The results in the first row are
provided by the original versions of these methods
with global style transfer. By comparing the results
of the two rows, it is evident that global style transfer

achieves distinct light and dark features. In contrast,
local style transfer provided by IST using only to

Fig. 14 Comparison of our method to use of hard segmentation. Above: result using interactive hard segmentation. Below: results from our

method.
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Original

IST version

Content/style AdaIN

StyleFormer

Fig. 15 Using the extended IST version with various stylization methods.

the upper portion of the style image produces results
with a noticeably lighter tone, more closely aligned
with the user’s interactively selected intent.

4.4.8  Quantitative comparison

Since our extended method provides an interactive
version of other stylization techniques, the style
quality of the generated image depends on the
characteristics of these underlying methods, and these
related style metrics are specifically compared in
their own papers. In Table 1, we employ subjective
rating for a quantitative comparison. We collected
10 pairs of images stylized by the original version
and the IST version. We conducted a user study
involving 30 participants, who were asked to rate the
images based on four criteria across two dimensions,
with scores ranging from 1 to 5. The first dimension
was style similarity, in terms of color and texture
resemblance of the stylized image to the style around
the user interaction. The second dimension considered
aesthetics, assessing the diversity of the style and
the overall appeal of the results to the users. From
the results, it is evident that our method, compared
to the original version, achieves closer similarity
in both color and texture to the user’s interactive
input. Additionally, users found our approach to offer
greater style diversity. As for user preference scores,
both methods performed similarly, in agreement with
expectations. Some users preferred the uniform style
of the original version, while others favored more

Table 1 User study: subjective rating of style similarity and aesthetics

. Style similarity Aesthetics
Version
Color Texture Diversity Preference
Original 2.37 3.13 2.23 4.17
IST 4.73 4.30 3.93 4.23
= N % jj Available on
(1724788 IEEE Xplore'

diverse styles. This balance reflects the varying tastes
and preferences of users.

4.5 Usage study
4.5.1 Aims

In order to better analyze our IST method from a user
perspective, we invited 20 users to try out our system
and record their opinions. These data are presented in
Table 2, mainly focusing on the perceived benefit and
frequency of usage of the three interaction operations
(global, click, and scribble). In Table 2, these three
types of operations are divided in detail into 12 sub
operations, with benefit and usage frequency assigned
to three levels.

4.5.2  Global operations

Global operations allow users to dip and paint styles
from the entire style or content images. They can be
also used to mix the overall styles of multiple style
images. Table 2 shows that most users believe that
these operations can bring benefits, but they are more
inclined to choose to directly dip from a style image
and directly paint into a content image.

4.5.8  Click operations

Click operations allow users to dip and paint styles
from or to local areas on style or content images. They
can be also used to mix many styles from multiple
click areas. From Table 2, it can be seen that users
tend to select one local style rather than mixed styles.
Most users believe that the manual is more helpful,
but in terms of actual usage frequency, the two are
similar.

4.5.4  Scribble operations

Scribble operations are similar to click operations,
with the additional feature that users can quickly mix
styles from multiple regions through a long scribble.
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Table 2 User study of various interaction operations: perceived benefit and usage frequency

Operation Benefit Frequency

Low Medium High Low Medium High

Dip from one style image 5% 25% 70% 10% 20% 70%

* Dip and mix from multiple style images 25% 35% 40% 40% 40% 20%
Paint into the content image 5% 5% 90% 10% 15% 75%

Dip from one click area 0% 25% 75% 0% 25% 75%

Dip and mix from multiple click areas 15% 55% 30% 20% 50% 30%

* Paint into a local click area (automatic) 5% 25% 70% 5% 45% 50%
Paint into a local click area (manual) 5% 0% 95% 5% 45% 50%

Dip from one scribble area 0% 45% 55% 0% 55% 45%

Dip and mix from a cross style area with a long scribble 15% 60% 25% 30% 45% 25%

1 Dip and mix from multiple scribble areas 20% 40% 40% 30% 50% 20%
Paint into a local scribble area (automatic) 0% 30% 70% 0% 40% 60%

Paint into a local scribble area (manual) 5% 25% 70% 10% 25% 65%

From Table 2, it can be seen that the proportion
of users who believe that scribbles can bring great
benefits is lower than for clicks, and their usage
frequency is also lower than for clicks. This may be
because the interaction mode of scribbling is not as
fast as clicking. Most users believe that automatic
and manual methods are both important. However,
in practical use, some users are not very fond of
using the manual method for scribbles because such
interactive operations may be complex and cannot

be achieved by long pressing the mouse as for a click.

5 Conclusions

In this paper, we have brought a new creative
dimension to neural style transfer. It breaks the whole
image-to-image transfer limitation and formulates
NST as a drawing process. Users can dip a style from
one or multiple style images and then paint it onto
any region of the content image. We call this creation
process interactive style transfer (IST). In our IST
method, we employ a fluid simulation algorithm to
simulate the style dipping and painting process using
a brush. Our paper has also demonstrated many
interesting artworks using our IST method.
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