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Abstract— Robotic sketching in real-world scenarios poses a
challenging problem with diverse applications in art, robotics,
and digital design. We present a novel approach that bridges the
gap between digital and robotic sketching, leveraging behavior
cloning and reinforcement learning techniques. This paper
introduces an approach aimed at bringing the gap between
simulated and real-world robotic sketching closer together
through the integration of behavior cloning and reinforcement
learning techniques. Our approach trains painting policies that
operate effectively in both virtual environments and real-world
robotic sketching systems. We have implemented a robotic
sketching system featuring an UltraArm robot equipped with a
RealSense D415 camera, closely emulating the MyPaint virtual
environment. OQur system can perceive its environment and
adapt painting policies to natural painting media. Our results
highlight the effectiveness of our agent in terms of acquiring
policies for high-dimensional continuous action spaces, enabling
the seamless transfer of brush manipulation techniques from
simulation to practical robotic sketching. Furthermore, we
demonstrate our robotic sketching system’s capability to gen-
erate complex images and strokes using various configurations.
https://sites.google.com/view/sketchingrobot

I. INTRODUCTION

Painting, a diverse and complex art form, spans various
styles from watercolors to oil portraits. Efforts to simulate
these styles have used non-photorealistic rendering tech-
niques [1], [2] with some success. In generative image mod-
els conditioned on text, advancements have enabled diverse
image synthesis [3], [4], yet transferring these techniques to
real robots remains a challenge. Machine learning has been
applied to painting, including brush modeling [5], stroke-
based drawings [6], and artistic style emulation [7]. However,
existing approaches often rely on manual engineering or lack
stroke-based methods. Our work bridges these gaps in the
realm of robotic sketching systems.

Distinct from these efforts, a category of robotic sketching
systems has emerged that often translates stroke-based meth-
ods directly into real robotic sketching [8]. Other studies,
like those by Chen et al. [9], El et al. [10], and Vempati et
al. [11], have concentrated on learning low-level manipula-
tion policies to address challenges posed by uneven painting
surfaces.

Our approach tackles a broader and more intricate chal-
lenge: training robotic painting policies using reinforcement
learning techniques, behavior cloning, and stroke modeling.
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Fig. 1: Our Robotic Sketching System: Developed through rein-
forcement learning and behavior cloning, our system can recreate
identical or transformed versions of a reference image in both
simulated and real-world environments. Components used for real
robot painting include (a) the Robot setup with Realsense D415,
UltraArm robot, and paintbrush; (b) a Water pot; and (c) an Inkpot.
The results generated by our robotic sketching system are illustrated
in (d) simulated paintbrushes (from left to right: charcoal, pencil,
and watercolor), employing 100 strokes; and in (e) a real paintbrush,
which utilizes three different stroke models, combining 5 long
strokes with 68 small strokes.

Our aim is to design a brand-new robotic sketching system
capable of transferring the trained painting policy while
incorporating sophisticated brush manipulation techniques.
Main Results: We introduce an innovative robotic sketch-
ing system that leverages a painting policy trained via
reinforcement learning and behavior cloning for natural
media painting. In the simulated environment, our model
can acquire intricate painting policies through reinforcement
learning, while behavior cloning allows us to fine-tune and
adapt these policies. In the real-world context, we have de-
veloped a method for transferring the acquired policies while
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preserving their artistic capabilities, including precise brush
manipulation, thus enabling the creation of intricate and
expressive sketches by the robotic system.The contributions
of our work include:

 Introducing a novel reinforcement learning-based ap-
proach to model natural painting media in a simulated
environment. Our approach demonstrates the versatility
to learn with or without human supervision and excels in
navigating continuous high-dimensional action spaces,
enabling it to effectively handle large and intricately
detailed reference images.

o Developing an adaptive sim-to-real methodology tai-
lored for deformable brushes. This methodology in-
cludes estimating contact force and modeling strokes
using a Gaussian model. It leverages behavior cloning
to initialize policies for painting tasks, facilitating the
seamless transfer of learned policies from simulation to
reality.

e Creating a robotic sketching system comprising a
robotic arm, egocentric view camera, and brush, mir-
roring the MyPaint virtual environment. This real-world
setup empowers us to undertake complex artistic en-
deavors, including painting various subjects.

We conducted a rigorous evaluation of our results, en-
compassing a diverse set of reference images that span a
wide range of artistic styles, as illustrated in Figure 1. Our
virtual painting agent demonstrates its ability to generate
high-resolution outputs tailored to various painting media. It
excels in creating intricate, multi-stroke images, replicating
complex patterns with precision. Simultaneously, our robot
sketching system adeptly produces long, thin strokes with
smooth variations in thickness and pressure, closely resem-
bling the nuanced strokes of a human artist. These achieve-
ments are made possible through the combined techniques
of behavior cloning and stroke modeling.

II. RELATED WORK
A. Learning-based Drawing

Several related efforts have tackled similar challenges in
this field. Xie et al. [5], [12], [13] introduced methods
employing reinforcement learning and inverse reinforcement
learning to simulate strokes. These techniques derive poli-
cies from either reward functions or expert demonstrations.
However, Xie et al. [5], [12], [13] primarily concentrate on
creating reward functions for generating oriental painting
strokes, necessitating expert demonstrations for supervision.
More recently, Ha et al. [6] gathered a substantial dataset
comprising millions of basic object sketches with recorded
painting actions. They trained a recurrent neural network
model in a supervised manner to encode and reproduce action
sequences, showcasing the model’s capacity to generate
new sketches. Building on this, Zhou et al. [14] utilized a
combination of reinforcement learning and imitation learning
to reduce the supervision required for training similar sketch
generation models. In contrast to [6], [14], our painting poli-
cies operate in a complex painting environment characterized

by a continuous action space encompassing brush width and
color. Our approach learns its policy network with minimal
human supervision and readily adapts to real robotic systems.

B. Visual Generative Methods

In the realm of generative image models conditioned on
text, significant advancements have enabled high-fidelity,
diverse, and controllable image synthesis [3], [4], [15],
[16], [17], [18], [19]. These improvements are attributed
to large-scale, aligned image-text datasets [20] and scalable
generative model architectures. Notably, diffusion models
have excelled in learning high-quality image generators with
a stable and scalable denoising objective [21], [22], [23].

Visual generative methods typically directly synthesize vi-
sual output in pixel spaces. Recent approaches employ CNNs
and large datasets for learning mapping functions [24]. Some
use variational autoencoders [25] to implement style transfer
[26]. Others apply generative adversarial networks (GANs)
[27], such as Cycle-Consistent Adversarial Networks [7],
which excel at generating natural and artistic images [28],
[29], [30] and videos [31], [32].

However, these generative methods may fall short in
achieving high-resolution results. Conversely, our stroke-
based approach generates paintbrush trajectories that are
adaptable to diverse synthetic and real painting environments
using robotic arms.

C. Robotic Sketching Systems

In the development of robotic sketching systems, various
approaches have been investigated. In significant work by
Lee et al. [8], a hierarchical reinforcement learning (RL)
model was proposed for painting tasks, where a high-level
controller learns the painting policy and a low-level policy to
control the robot arm. This is the most relevant previous work
to our research, as both aim to address robotic sketching
using RL. The key difference lies in our implementation
of a more complex virtual and real painting environment,
capable of handling various intricate painting media such
as oil painting, watercolor, and ink, as well as deformable
paintbrushes through a larger action space and a behavior
cloning framework. Consequently, we achieve more intricate
and detailed results.

Other studies, such as those by Chen et al. [9], EI et
al. [10], and Vempati et al. [11], have focused on learning
low-level manipulation policies to tackle challenges pre-
sented by uneven painting surfaces. A distinctive feature
of our approach, compared to these studies, is that our
method does not require explicit environmental modeling.
Consequently, our algorithm exhibits broader applicability
in real-world scenarios and a wider range of painting tasks,
marking a significant contribution to the field of robotic
painting algorithms.

III. TRAINING A PAINTING POLICY

In this section, we delve into the technical intricacies of
our reinforcement learning-based painting policy. We start by
introducing the core components of reinforcement learning,
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Fig. 2: Overview of Training/Rollout Process: For each time step,
the current state of the canvas and the reference image form the
observation for the policy network. Based on the observation, the
policy network selects an action to execute and update the canvas
accordingly.

including the action space, observation, reward, and policy
network. We then elaborate on our training and runtime al-
gorithms, discussing techniques aimed at improving learning
efficiency, such as curriculum learning. Additional technical
details can be found in [33].

1) Action Space: To capture the essence of painting
behavior, we represent actions using stroke properties, in-
cluding angle, length, size, and color. Specifically, we define
the action as a 6-dimensional vector, a; = [y, Iy, wy, ¢t] €
R®, with each value normalized to [0, 1]. The action space
is continuous, enabling us to employ policy gradient-based
reinforcement learning algorithms. Notably, when w = 0,
the brush moves above the canvas without applying paint.

2) Observation: Our approach extends the observation oy
to include both the current state s; and the reference image
s*. We use an egocentric observation strategy, centering the
paintbrush on the canvas. This simplifies the action space,
eliminates the need for a replay buffer, and enables training
in a continuous action space and large state space. The
state observation o, is defined in Equation 1 where (h,,w))
represents the paintbrush position, and (h,,w,) denotes the
egocentric window size.

ho ho W Wo
Ot = § St hp—?th—F?,wp ? ’U)p+7 s
1
* ho ho W W
S hp—7:hp+?,wp—7 U}p+7

3) Reward: In our setup, the reward for each action is
determined by the difference between the canvas and the
reference image. A loss function is employed to calculate the
action’s reward during each reinforcement learning iteration.
To incentivize the painting agent to match the color and
shape of the reference image precisely rather than aiming
for an average color, we slightly modify the Lo loss into
Ly,

h 1
. > i1 2;;1 Dkt IS0 — S?jk‘ 2

hwe

Ly(s,s") e

where the image s and the reference image s* are matrices
with dimensions h X w X ¢. Here, w and h denote the width
and height of the image, while ¢ represents the number of
color channels.

After defining the loss between I and I"¢/, we normalize
r; using Eq. 3, such that 7; € (—o0, 1].

L(s4—1,8") — L(s¢, s*)
L(sp, s*)

e = 3)

4) Policy Network: The first hidden layer applies convo-
lution with 64 8 x 8 filters and a stride of 4. The second layer
employs convolution with 64 4 x 4 filters and a stride of 2,
followed by the third layer using convolution with 64 3 x 3
filters and a stride of 1. Subsequently, the network connects
to a fully connected layer comprising 512 neurons. All layers
employ the ReLU activation function [34]. We illustrate our
training and rollout algorithm in [35].

5) Curriculum Learning: In the context of a continuous
action space a € R®, we face challenges with growing sam-
pling space and noise from policy gradient-based reinforce-
ment learning. To address this efficiently, we adopt curricu-
lum learning, progressively increasing sampled trajectories
during training. In RL, the optimal policy 7* maximizes the
expected long-term reward ¢;, which accumulates rewards 7;
over a time horizon t,,x With a discount factor v € R:

tmax

=Y )
t=1

For painting policies, numerous goal configurations are
sparsely distributed in a high-dimensional space, challenging
the agent’s convergence. We adapt the horizon parameter
tmax Dy introducing a reward threshold ryesh, gradually
increasing it during training as:

tAmax = arg min(ri > 7"lhresh)~ (5)
?

This redefined horizon parameter allows the policy gra-
dient algorithm to converge effectively when dealing with
complex goal configurations, encouraging the policy to prior-
itize rewards within limited time steps, reducing exploration
space.

IV. SIM-TO-REAL BRUSH MANIPULATION

In this section, we explain our sim2real transfer methods
from the painting policy in Section III with the aim of
seamlessly applying the policy to real-world robotic drawing
tasks for precise brush manipulation and stroke control.
Accurate pressure estimation is crucial for controlling stroke
shapes and interactions with various painting media like ink
and water. Rather than using force sensors, we employ ad-
vanced modeling and image analysis techniques for pressure
estimation, making it applicable in situations where force
sensing is impractical. Our practical experiments combine
end-effector image capture to determine optimal pressure
ranges with stroke image sampling for precise mapping. We
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Algorithm 1 Hybrid Pressure Estimation

Input: Initial robot action in C-space for pressure [ap max,
@p_min], real robot renderer s = R(a)
Output: Optimal maximum pressure ay ,,,, Minimum pres-
sure a, n;,, mapping function from stroke to the real
robot configuration o’ = M (s)
function EstimatePressure(ap_max, Gp_min)
if (4p.max — @pmin) < a_step then
return M (s)
else
Qp_guess < (ap,min + ap,max)/2
S < R(ap,guess)
update policy M with s and @, guess
return EstimatePressure(ap_max, @p_guess)
return EstimatePressure(ap_guess> Up_min)
end if
: end function
M (s) < EstimatePressure(ap max, @p_min)
: return M (s)

R AN A R

—
W N = O

deconstruct our acquired policy into high-level and low-
level components. The high-level policy is trained using
behavior cloning, standardizing stroke order, especially for
handwriting. In contrast, the low-level policy is developed via
efficient sampling-based reinforcement learning, translating
the original RL policy into real-world actions.

A. Contact Force Estimation

Accurately estimating the contact force between the pen
tip and the painting medium is a crucial aspect of robotic
brush manipulation. However, precise force sensors are often
unavailable. Therefore, we employ image analysis methods
to infer pressure values, as described in Alg. 1.

1) Observation of Stroke Images: This approach involves
indirectly observing environmental changes, specifically the
stroke images on the paper, to infer variations in pressure.
It is an intuitive method in which we record the shapes of
strokes and the configuration of the robotic arm. We can then
interpolate to obtain the desired stroke characteristics.

However, finding a suitable arm configuration is not
straightforward. Like training reinforcement learning in sim-
ulation, this method requires extensive sampling, with many
instances yielding no positive rewards due to the limited
deformation range of the brush.

2) Observation of End-Effector Images: In contrast to
observing stroke images, this method offers a more direct
approach. It involves capturing the shape changes of the
flexible end effector.

While this method may be susceptible to image noise, it
provides valuable information about the pressure limit of the
flexible object. We utilize linear fitting to identify the point
at which deformation no longer occurs, treating it as the
pressure limit.

B. Mapping Actions from Simulation to Reality

In Section III, we defined actions in a simulated envi-
ronment, which may differ from the actions required in the

Gaussian Distribution with Points Gaussian Distribution with Points

10 ® 10 3

Probability Density

o s 10 25 30 o s 10 25 30

15 20 15 20
Stroke Length stroke Length

(a) Mean: 0.5, Standard Deviation: (b) Mean: 0.7, Standard Deviation:
0.3. 0.8.

Fig. 3: Effect of Gaussian Stroke Model on Stylization: We model
a long stroke composed of segments using a Gaussian distribution.
These correspond to the first column in Fig. 1, where variations in
artistic style are achieved by adjusting the Gaussian parameters.

real-world environment. Therefore, we need to map robot
actions from the simulated environment’s action space to the
robot’s configuration space in the real world.

The first challenge is that the painting plane in the sim-
ulated environment differs from the real robot environment.
Therefore, we need to find a 2D plane in the 3D configuration
space to serve as the painting space. The action mapping
formula is computed similarly to the camera’s extrinsic
calibration.

The second challenge arises because certain actions cannot
be directly translated into robot movements but still have a
limited visual effect. These include:

1) Stroke thickness, which can only be adjusted by chang-
ing the brush’s contact force.

2) Color, which, in our setup, is limited to monochrome.
Color changes are achieved through interactions with
the environment, such as dipping in ink, water, or
interacting with a sponge.

3) Tilt, which our 3-DoF robot cannot achieve directly
due to limited kinematics.

To approximate these effects, we employ the following
methods:

1) Gaussian Modeling of Strokes: To achieve an artis-
tic font treatment, we emulate the stroke characteristics
of human artists. This is accomplished through Gaussian
modeling for each stroke, which captures the distribution of
the stroke’s centroid and pressure. This approach empowers
us to create artistic fonts with diverse styles. By fine-tuning
these parameters, we can generate various types and styles of
strokes, leading to font diversity as illustrated in Fig. 3. For
all straight-line strokes, we employ this method to merge
them into long, thin strokes, enhancing the overall line’s
smoothness and natural appearance.

2) 2D to 3D Action Projection: To match the actions from
the simulated environment to the real robot’s configuration
space, we need to project 2D actions into a 3D configuration
space. This projection can be defined using the following
equation, which is like a camera’s extrinsic calibration pro-
jection:
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Fig. 4: Behavior Cloning for Policy Initialization: We utilize a
behavior cloning algorithm to train the policy, extending the action
space to initialize the reinforcement learning (RL) policy within a
real environment setup. The action space used in behavior cloning is
a subspace of the RL action space and includes direction and on/off
canvas actions. This initialization process bridges the gap between
behavior cloning and RL, facilitating effective policy learning in
the real environment.

s
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Here, Zrobot, Yrobot aNd Zrobot Tepresent the robot’s coordi-
nates. Zpainting and Ypaining are the desired painting coordinates

in 2D space. The transformation matrix maps

0 1
the 2D painting coordinates to the 3D robot configuration,
allowing us to generate actions that correspond to the desired
painting locations and orientations in the real world.

C. Behavior Cloning

Behavior cloning utilizes a dataset that pairs observations
with corresponding actions to train a policy, mimicking
expert trajectories or behaviors. In our specific scenario, the
expert trajectory is represented in the paired dataset oy, as)-
We employ behavior cloning to initialize the policy network
for reinforcement learning, utilizing the supervised policy
trained with this paired data. The dataset can be generated
by a human expert or an optimal algorithm possessing global
knowledge, a feature absent in our painting agent. Once
we acquire the paired dataset o), a(y), @ common approach
involves employing supervised learning techniques, such as
regression or classification, to train the policy. The training
process can be framed as an optimization problem:

N
" = arg minz [|m(0r) — agl]- (6)
t

Generating an expert dataset for our painting applica-
tion can be challenging due to the significant variation in
reference images and painting actions. However, we can
create a paired dataset by rolling out a policy during the
RL training process. Additionally, there are existing datasets
like KanjiVG and Google’s Quick, Draw! that provide paired,

supervised data [36], [37].
When we train behavior cloning with real data, the paint-
ing policy tends to produce long, thin strokes rather than
multiple simple strokes. This method also enables us to

achieve a natural brushwork effect, as demonstrated in Fig.

1(e).
V. EXPERIMENT

A. Robotic Sketching System Setup

In our simulated painting setup, we have created an
environment that allows the painting agent to explore a high-
dimensional action space and observation space based on
MyPaint [38]. This setup aligns with the description provided
in Sec. III.

For the real brush manipulation experiment, we implement
our approach using an UltraArm, which features 3 DoFs for
movement as shown in Fig. 1. The primary experimental
setup includes a water pot and foam, allowing the robot
to manipulate a paintbrush by absorbing water, squeezing
it, or using the object to reshape it. This setup serves
to demonstrate that our method can effectively learn the
complexity of high DoF end-effector manipulation tasks in
a practical and realistic scenario.

By incorporating the water pot and foam into the exper-
imental setup, we introduce additional challenges that the
robot must learn to overcome. These include controlling the
amount of water absorbed by the paintbrush, adjusting the
pressure applied when squeezing or reshaping the brush,
and maintaining a stable grip on the brush throughout the
manipulation process. These added complexities showcase
the adaptability and effectiveness of our approach in handling
diverse manipulation tasks involving deformable materials
and intricate interactions with the environment.

B. Data Preparation

In the scope of our real-robot experiments, we selected
the KanjiVG dataset [36] for our training endeavors. This
dataset, rich in depth, provides detailed stroke information
for approximately 2,000 distinct characters. This dataset,
having been meticulously collated from human participants,
establishes itself as a premier choice when leveraging behav-
ior cloning in the domain of robotic calligraphy.

Within the framework of our reinforcement learning (RL)
strategy, we leaned on the acclaimed CelebA dataset [39] to
facilitate the training of our painting agent. It’s important to
note that our rollout algorithm was architectured employ-
ing MyPaint [38], a decision made to ensure the results
seamlessly mirror the characteristics of natural media. The
nuances of the painting model are distilled implicitly, rooted
in the foundational knowledge embedded in the environment
model. The versatility and robustness of our algorithm are
showcased in Fig. 1.

C. Evaluation

We demonstrated the advantages of our approach by
computing performance and comparing visual effects. We
designed two experiments to evaluate the performance of
our algorithms.

In the first experiment, we delineated the learning curves
of both the baseline model and the model implementing
curriculum learning (Sec. III-.5), visually represented in
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Fig. 5: Illustration of Stroke Order: Demonstration of the stroke
order generated by our behavior cloning algorithm (Columns 1 and
3) and the final sketches generated by our robot sketching system
(Columns 2 and 4).

Fig. 6. Convergence for both models was achieved within
78,000 episodes. The vertical axis of the graph illustrates the
average rewards attained by the trained model on a validation
dataset, while the horizontal axis denotes the progression
of training episodes. Notably, the incremental growth in
average rewards throughout the training process underscores
the beneficial impact of curriculum learning on enhancing
the convergence of reinforcement learning towards a more
optimal policy.

Training Convergence

s [~ N —

—— baseline
0.0 1 curriculum learning

v T T T v T T v T
0 10000 20000 30000 40000 50000 60000 70000 80000
Episode

Fig. 6: Curriculum Learning: This figure presents a comparative
analysis of the learning curve between the approach employing
curriculum learning and the baseline. The y-axis represents the
average rewards of the trained model on a validation dataset,
while the x-axis delineates the training episodes. Both approaches
converged after a specific number of steps, with the curriculum
learning approach demonstrating superior performance by achieving
a higher reward value. The total training steps for both approaches
amounted to approximately 10°.

In the second experiment, we assessed the performance of
high-resolution reference images by computing the Ly loss
and cumulative rewards. A comprehensive comparative anal-
ysis was conducted against behavior cloning, reinforcement
learning, and a combined approach. The benchmark was
established by extracting 1000 patches, each of dimensions
400 x 400, from 10 reference images. Additionally, we
iteratively applied both algorithms 1000 times to replicate
the reference images, employing the same training dataset
for model training. The outcomes, detailed in Table I, show
that self-supervised learning exhibited a diminished Lo loss,
highlighting its superiority in this regard, while both methods
demonstrated commendable performance concerning cumu-

Approaches Cumulative Rewards | Lo Loss
Behavior Cloning 20.15 512
Reinforcement Learning 97.74 1920
Our Combined Scheme 98.25 1485

TABLE I: Evaluation of Painting Approaches We evaluated the
performance of behavior cloning, reinforcement learning, and our
combined scheme by computing the average cumulative reward and
Lo loss between the final rendering and the reference image on the
test dataset.

lative rewards.

We also generate various results at different resolutions
and with different drawing tools using both the simulated
and real robotic sketching systems. For a visual comparison,
please refer to the technical report [33].

VI. CONCLUSION, LIMITATIONS, AND FUTURE WORK

In summary, we have introduced a novel reinforcement
learning-based approach and an adaptive sim-to-real method-
ology. This methodology includes contact force estimation
and Gaussian stroke modeling facilitated by behavior cloning
for seamless policy transfer between simulation and reality.
Our robotic sketching system, mirroring the MyPaint virtual
environment, empowers intricate artistic tasks in the real
world. These contributions mark advancements in the field of
robotic sketching systems, enhancing the creative potential
of machines across diverse contexts.

For future research directions, our goal is to extend the
temporal horizon and action space within the painting poli-
cies, particularly in challenging real-world settings. Further-
more, while our current framework encompasses common
stroke parameters, there is untapped potential in integrating
additional parameters like pen tilting and pen rotation into
our policy framework. Exploring these dimensions holds
the promise of enhancing the expressive capabilities of our
robotic sketching system, pushing the boundaries of robotic
artistic creation.
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