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Abstract

Robot automation is generally welcomed for tasks that are dirty, dull, or dangerous,
but with expanding robotic capabilities, robots are entering domains that are safe
and enjoyable, such as creative industries. Although there is a widespread rejection
of automation in creative fields, many people, from amateurs to professionals, would
welcome supportive or collaborative creative tools. Supporting creative tasks is
challenging with real-world robotics because there are limited relevant datasets, creative
tasks are abstract and high-level, and real-world tools and materials are difficult to
model and predict. Learning-based robotic intelligence is a promising method for
creative support tools, but since the task is so complex, common approaches such
as learning from demonstration would require too many samples and reinforcement
learning may never converge. In this thesis, we introduce several self-supervised
learning techniques to enable a robot to teach itself to support humans in the act of
creativity.

We formalize robots that support people in the making of things from high-
level goals in the real world as a new field, Generative Robotics. We introduce an
approach for supporting 2D visual art-making with paintings and drawings along with
3D clay sculpture from a fixed perspective. Because there are no robotic datasets
for collaborative painting and sculpting, we designed our approach to learn from
small, self-generated datasets to learn real-world constraints and support collaborative
interactions. This thesis contributes (1) a Real2Sim2Real technique that enables a
robot to create complex dynamics models from small, self-generated datasets of actions,
(2) a method for planning robotic actions for long-horizon tasks in a semantically
aligned representation, and (3) a self-supervised learning framework to adapt pretrained
models to be compatible with robots and produce collaborative goals. We show how
self-supervised learning can enable model-based robot planning approaches to paint
collaboratively with humans using various painting mediums. Lastly, we generalize our
approach from the painting to the sculpting domain, demonstrating that our approach
generalizes to new materials, tools, action representations, and state representations.
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1 Introduction

\ Medicine, law, business, engineering, these are all noble pursuits and
necessary to sustain life.

But poetry, beauty, romance, love, these are what we stay alive for."
John Keating, Dead Poet's Society, 1989

Robotic automation is excellent and welcome for tasks that are dirty, dangerous,
or dull, but what about creative acts which are fun and ful�lling? With a recent boom
in arti�cial intelligence (AI) capabilities such as text-to-image synthesis, artists fear
losing employment and art viewers fear a degradation in quality of work [1]. This
thesis concerns tasks where robots making things, however, we do not argue that
robots should automate these tasks. Instead, robots can support artists in their work
through collaboration, inspiration, and motivation, which many artists desire [2]. In
the process of developing systems for artistic tasks, we uncover extraordinarily di�cult
technical challenges for robotics. In this thesis we introduce self-supervised learning
techniques to tackle some fundamental challenges in robotics while working in the
painting and sculpting domains.

1.1 Generative Robotics

The domain of this thesis is Generative Robotics; a �eld that is not necessarily
novel, but we formalize in this document. Generative robots are robots that can
support the making of things from high-level goals of a human user in the real world.
There are three components of Generative Robotics that separate it from existing
�elds, such as manufacturing or Generative AI: Real-world constraints, high-level
goals, and human-robot collaboration.
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Figure 1.1: Aspects of Generative Robotics . There are three aspects of Generative
Robotics that de�ne it as a �eld and distinguish it from other robotics �elds such as
manufacturing or Generative AI.

De�nition 1.1.1 (Generative Robotics). Robots that can support the making of
things from a human user's high-level goals in the real world.

1.1.1 Real World Constraints

The real world is full of constraints and challenges that make it di�cult to physically
make things. Materials are noisy and unpredictable, tools are challenging to control,
and skillsets may be too limited to craft something complex. In most manufacturing
settings with robotics, these real-world factors are controlled as much as possible. For
example, a printer uses precise lasers with ink that 
ows through super controlled
channels and paper that is cut into regular shapes and is completely blank. This is
in contrast to a painter who uses paint that is challenging to mix into desired colors,
brushes that have limited precision for small details, and may be working from a
partially completed painting rather than blank canvas. If robots are to truly support
people in the real world, these factors should be embraced and incorporated into the
planning of the robot rather than �nding work-arounds for them. In this thesis, we
show that real-world constraints can be learned through self-generated actions to
improve the accuracy of dynamics models, which enables model-based planning to be
realistic.
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1.1.2 High Level Goals

Users of a Generative Robotics system may have a limited skillset, meaning they
may need high-level interfaces for interacting with the system. Whereas a low-level
goal may require familiarity with complex software such as Computer-Aided Design
systems, a high-level goal may be speci�ed using common skills, such as natural
language and decision making. While high-level goals may enable easier interface
for users, they require more complex intelligence on the robot's side. Fortunately,
technology has vastly improved in recent years at the making of things especially
from high-level goals (De�nition 1.1.3). Text-to-Image generators [3, 4] are capable
of generating high-quality images that �t natural language descriptions, and work
has even improved in generating 3D meshes [5, 6, 7] and videos1 from text prompt
inputs. We call these systems Generative AI. While powerful on computer interfaces,
Generative AI systems cannot directly make things in the real world.

De�nition 1.1.2 (Low-level goal). A low-level goal is a near-exact speci�cation of
a completion state for a given task. There is very little room for interpretation in
whether the complete state of a task is similar to the low-level goal.

De�nition 1.1.3 (High-level goal). A high-level goal is an abstract speci�cation of
the completion state for a given task (1) that leaves room for multiple interpretations
on how to complete the task and (2) there are multiple instances of the completion
state that satisfy the given goal.

Since there are multiple interpretations of high-level goals, generative robots �ll
in gaps in the speci�ed goal when making things. Beyond being able to comprehend
these high-level goals, generative robots must also use other high-level reasoning about
the things that they are making. For example, a robot must understand the cultural
context of what it is creating so as not to create something o�ensive. Additionally
the robot needs to have understandings of other high-level concepts like aesthetics or
ethics.

1.1.3 Supportive, Human-Robot Co-Creativity

Creativity is something that people enjoy and generally do not want automated [2],
and arguably computers cannot be creative at all [8]. It is therefore important that
robots are designed tosupport human creativity, rather than replace or automate it.
We theorize that robots can support creativity through at least three mechanisms:
acting as a collaborator, inspiring new ideas, and motivating a person to create. We
show that a robot can teach itself to collaborate with painting through self-supervised
learning.

1https://openai.com/index/sora/
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1.2 Creativity and Art

This thesis presents fundamental scienti�c contributions of robotics that are
developed and evaluated in artistic and creative domains. In this section, we brie
y
comment on art and creativity to align readers with our de�nitions and positions on
these matters.

Creativity

Margaret Boden de�ned a creative idea as being novel, surprising, and valuable.
We simplify this de�nition to just novelty and value. Novelty means that the idea is
new to a single person or to all people. Value is subjective and can mean many things
to di�erent people. For example, some people may value the provocativeness of an
idea, and another may value the beauty of it.

AI is trained on data which often represent valuable, past solutions, so, models are
able to predict solutions that fall into the distribution of previous valuable solutions.
For example, a person values images of calico cats, creates a dataset of these images,
and then trains an AI model to generate more pictures of calico cats. The model
will be very good at producing these valuable solutions with su�cient training data.
However, in terms of creativity, the model will likely lack novelty. The generated
solutions will be derivative of the past training data. For example, if the calico cat
image generator is �t well, it will never produce an image of a di�erent cat that could
surprise and wow the viewer.

This rhetorical argument shows that data-driven AI will lack the novelty needed to
be creative. Furthermore, the more strong the model is �t to the data, the less likely
that surprising novel samples will be created. Therefore, in this thesis,we pursue
AI as a support tool for human creativity .

Art

It is perhaps impossible to properly de�ne art, and any prior attempts to nail it
down have been met with challenges by the �nest artistic minds. For example, Marcel
Duchamp'sFountain (1917) challenged the prominent ideas that art must have �ne
craftsmanship or beauty. This notion was again challenged with Maurizio Cattelan's
Comedian in 2019 in response to an elitist art market.

Properly de�ning or debating what is and is not art is rarely a productive conver-
sation. Deciding what can be considered \art" is either too broad a question or serves
as gate-keeping to only allow a select few to engage in art as a practice. Rather than
asking \is it art?", we encourage readers to consider questions that are deeper and
can result in interesting debate, such as \Is the story the piece is telling compelling or
relatable?", \What do you think about the colors used in this piece", or \Have you
ever seen something like this" [9].
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A large part of existing debates about what can be considered art is the distinguish-
ing of art versus craftsmanship. Aaron Hertzmann points out the paradox of common
opinions that craftsmanship may only be considered art once it reaches a certain level
of technical expertise, but it cannot be considered art if it is purely technical skill and
lacks emotion, intent, or other aspects that people associate with art [10].

This thesis makes fundamental robotics scienti�c contributions and is not intended
to be an art project. However,we hope that the contributions in the open-
source systems presented here could be used to support someone expressing
themselves by being inspired to make more artwork using this technology.

1.3 Learning-Based Robot Intelligence

To tackle Generative Robotics, the domain of this thesis, we propose to use
learning-enabled robot intelligence. There is a long history of robot planning ap-
proaches, including search, rule-based systems, expert systems, and control theoretical
approaches. However, recent approaches tend to plan by modeling data, piggybacking
on recent developments in neural networks and the capability to predict complex
patterns from huge datasets or exploration in simulation. These approaches can learn
complex patterns from the data. Since creative acts are so complex, we choose to use
learning-based robot intelligence.

There are two primary methods for learning-based robot intelligence: learning
from demonstration and reinforcement learning. Learning from demonstration, also
known as behavior cloning, is a supervised learning problem in which a neural network
models a set of demonstrations of a robot performing a task. These demonstrations
are often provided through teleoperation or kinesthetic teaching. This process can
be very tedious as it may require thousands of demonstrations to learn a task such
that it can be reproduced under out-of-domain circumstances. Furthermore, if the
robot embodiment, tools, or materials change, the demonstrations may need to be
completely recollected.

In reinforcement learning (RL), a robot learns a policy by exploring an environment
with a given reward function. The robot tries di�erent things and determines how to
get take actions to gain reward over periods of time. This can result in discovering
interesting strategies, but it may require too much compute time for a system to
discover these rare strategies. Generally, reinforcement learning agents are learning in
a simulated environment, so these agents struggle to generalize to the real world as
many things like deformable materials or liquids are challenging to simulate accurately.
A �nal downside to using reinforcement learning is that it is challenging to write
reward functions such that the agent will be able to learn e�ciently. Often, reward
is given only after taking many actions, and because the reward is so sparse in the
explorations of the robot, it may not converge on a good policy. This is exacerbated
when reward functions are very complex, such as the ones that would capture the
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high-level aspects of Generative Robotics.
Model predictive control (MPC) involves optimizing a set of actions given a current

state, dynamics model, and objective function. Since MPC simply �nds a single
solution at a time rather than RL which learns a whole policy, it generally can
converge with more complex goals and dynamics. The downsides to using MPC
for Generative Robotics are that it requires an accurate dynamics model, complex
objective functions must be designed, and the goals are not complex or supportive out
of the box. In this thesis, we introduce three self-supervised learning techniques to
enable MPC to work for Generative Robotics.

1.4 Thesis Statement

In this thesis, we explore our proposed �eld of Generative Robotics (Sec. 1.1) using
learning-based robotic intelligence approaches (Sec. 1.3). The primary limitations
of using learning-based robotic intelligence for Generative Robotics are data related.
Learning from demonstration requires too many samples to learn complex tasks and
does not generalize to new tools, materials or actions. If text-to-image synthesis models
like Stable Di�usion [4] required hundreds of millions of text-image pairs to train
end-to-end, wouldn't a robot painter require as many text-painting demonstrations?
Reinforcement learning also struggles to learn complex tasks and reward functions.
In this thesis, we propose an approach to adapt model-predictive control to perform
Generative Robotics tasks without excessive human demonstrations or infeasible
numbers of simulations. Instead, our approach self-generates data to learn about
its abilities and constraints in a process called self-supervised learning. We test our
thesis statement in two Generative Robotics domains: Painting and sculpting. We
demonstrate that our approach is able to collaboratively create paintings with human
users and sculpt various deformable materials while planning in a visually aligned
representation.

Thesis Statement
Self-supervised learning can enable model-based planning to understand real-world
constraints, adapt to high-level goals, and support human-robot collaboration in

Generative Robotics tasks.

1.5 Intellectual Merit and Contributions

This thesis introduces a generalizable self-supervision framework which contributes
to the robotics research community at large. These techniques successfully enable
model predictive control to perform Generative Robotics tasks.
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Real2Sim2Real Dynamics Model We introduce a technique for self-generating
actions to model the dynamics of complex materials using deep neural networks in a
sample e�cient way.

Planning in Semantic Representations We demonstrate a method for planning
in semantic representations which can increase alignment between a person's goal for
a robot and the robot execution.

Collaborative Goal Creation Generative Robotics have complex high-level goals,
such as adding a tree to the background of a painting. We introduce a self-supervised
learning technique to ground pretrained foundation models with the capabilities of
the robot and ensure that generated goals are aligned with collaboration.

We �rst demonstrate these techniques in the robot painting domain, then prove
that they can generalize to di�erent action representations, state representations, tools,
and materials with robotic sculpting.
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2 Background

2.1 Related Work: Generative Robotics

This thesis attempts to formulate and solve a novel problem, Generative Robotics,
which is distinct from Generative AI and Real-World Robotics problems in that it
creates things from high-level goal inputsand in the real world, Figure 2.1.

2.1.1 Real-World Robotics

We consider systems as Real-World Robotics but not Generative Robotics if they
do not have high-level goal inputs. Since low-level goal inputs are concrete and almost
fully speci�ed, it is more straight forward to develop an approach to making them.
When systems can be highly engineered for a task, though, this can make things more
straight forward as with printers and 3D printers. However, using more unpredictable

Figure 2.1: Generative Robotics merges the real-world capabilities of robotics with the
powerful, high-level goal input capabilities of computer-based Generative AI.

9



Ch. 2 { Background

materials and noisy tools creates a bigger challenge.
In the sculpture space, works like RoPotter [11] create clay pots using a pottery

wheel and a rigid �nger end-e�ector, RoboCraft [12] shapes clay into a discrete set of
shapes with a robot gripper, and MonumentalLabs1 is a company which can create
stone sculptures by removing stone with a robot arm with a milling bit attachment.
In 2D, many artists, such as Licia He [13], use XY plotting machines to create
artworks with real world materials such as water colors or pens. GTGra�ti [14] uses
real spray paint to create large artworks with a cable-driven parallel robot. Robot
painting systems [15, 16, 17, 18] paint using real paint on canvas from image inputs.
While these works are impressive due to their usage conventional tools and/or non-
standardized materials, they do not have high-level goal inputs separating them from
Generative Robotics: GTGra�ti and RoPotter create only the artwork demonstrated
by a human, many robot painting works only work from image inputs [15, 16, 17, 18],
and MonumentalLabs and plotter art systems create work using 3D modeling software
or a complex network of vectorized curves. Beyond visual art, robots have been used
for tending gardens [19, 20], sports arts like soccer [21], and dancing [22, 23].

2.1.2 Generative AI

While Real-World Robotics require highly-speci�ed inputs, on computer-screen
interfaces, there has been a recent boom in works that generate from more abstract
inputs. We call systems that create artifacts on computer interfaces from high-level
goal inputs, Generative AI. These include systems for text-to-image or text-to-3D
where human users can give natural language descriptions of what they would like
the system to generate. Recent developments in large-scale internet datasets, such as
LAION [ 24] and Objaverse [25], and algorithms, such as Di�usion Models [4], have
enabled generation from very 
exible inputs. However, these systems do not generate
real-world artifacts.

2.1.3 Generative Robotics

The most simple forms of Generative Robotics systems simply connect Generative
AI and Real-World Robotics systems out of the box together. As an example, \Edmond
de Balamy" is a famous AI generated image that was printed and sold for hundreds of
thousands of dollars [26]. More complex systems can use more interesting materials
and tools than an inkjet printer, such as Karimov et al. 2023 [27] who created
reproductions of images generated from text inputs using Midjourney's2 AI tools with
a robot that paints. More intelligent systems integrate the challenges of the real-world
into the planning of what the robot creates. DreamPainter [28] is a system that takes
human speech input and produces marker drawings. The system plans to match

1https://www.monumentallabs.co/ourwork
2https://www.midjourney.com/home
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the text from the speech to the marker strokes in a simulation, fully integrating the
input to the action planning. This system worked well because there was an existing
simulation that worked similarly to the robots abilities to use markers, however, would
not generalize to other materials. Thus forms the holy grail of Generative Robotics,
a system which can satisfy the user's high-level input using any materials and tools
where the real-worldin
uences what and how the robot creates things.

Recent developments in Large-Language Models (LLMs) have enabled high-level
planning for robotics. For general robot manipulation, many works use LLMs or train
Vision-Language-Action models to manipulate objects using language prompts [29].
Towards making objects, Blox-net [30] uses an LLM to plan actions which are simulated
in a physics simulator. The planner picks robust plans for the simulation and runs
them on a real robotic system. Blox-net is capable of creating real-world sculptures of
blocks in a variety of shapes speci�ed through natural language.

2.2 Related Work: Robot Learning for Making
Things

There is a rich history and diversity to planning algorithms for robotics from
search to expert systems to vision-language-action models. This section serves to
introduce broad learning-based robotic intelligence planners methodology to help the
reader understand how existing methodology could or would fall short of working
for Generative Robotics tasks, such as painting and sculpting. We will go over
several major categories of robot learning paradigms: imitation learning, reinforcement
learning, and model-predictive control.

2.2.1 Imitation Learning & Learning from Demonstration

Imitation learning, a type of learning from demonstration [31], is a robot learning
paradigm where a model learns how to predict actions that match the decisions
of an expert demonstration. The expert demonstrations may be speci�ed in a few
di�erent ways. In RoPotter [11], a human teleoperates a robot with a hand held
controller to provide demonstrations for pottery making. Virtual reality is another
method for demonstrating that has been successfully used for manipulation tasks [32].
Kinesthetic teaching can be useful when a robot's end-e�ector di�ers greatly from a
human hand [33].

Imitation learning does not require any explicit modeling of materials. Instead,
the dynamics and tool interactions are all modeled implicitly through the expert
demonstrations. This has led to complex materials being used, such as clay [11, 34, 35].

When the number of demonstrations approaches massive proportions, these mod-
els are often referred to as vision-language-action (VLA) models. With so many
demonstrations, these models can achieve very general behavior with very high-level

11



Ch. 2 { Background

inputs, such as natural language. VLAs [29, 36, 37] have very general capabilities,
such as performing pick-and-place, because of their massive training datasets. But
as task complexity increases and goals push outside of training scenarios, the VLAs
performance drops signi�cantly [38]. Painting is a complex task where artists are
constantly trying to make new, out-of-distribution samples. Imitation learning as a
framework for painting may not be able to capture the complexity and creativity of
the task no matter how large the dataset size. Training text-to-image models, such as
Stable Di�usion [39], required hundreds of millions of text-image pairs. How many
text-painting-demonstrations would be required to training an imitation learning
model for painting? This would be quite infeasible. Additionally, the robot would
need new demonstrations when new paint brushes or artistic settings are changed.
Instead, for Generative Robotics tasks, we push for a model or simulation that can be
used to maximize objectives rather than learning purely from demonstrations.

2.2.2 Reinforcement Learning

Reinforcement learning (RL) is a paradigm in which an agent explores a simulation
or model and tries to learn a policy to maximize a learnt value function. It possible
that the RL agent is exploring the real world, however, this usually is too slow to
learn complex policies or tasks. In simulation, RL agents can explore thousands of
options simultaneously [40]. A simulation can be replaced with a dynamics model or
world model for gradient accelerated learning which can help with complex tasks [41].
The agents learn to maximize future rewards which can be speci�ed by a user or can
be inferred using complex models such as video prediction models [42] or LLMs [43].

RL has been used for Generative Robotics tasks before, such as painting [44],
however these policies often have trouble transferring into the real world [45]. This
sim2real gap is a common issue when using RL. A policy becomes so �nely tuned to
the model or simulation that it is unable to perform well in the real world. This is
particularly challenging with materials that are di�cult to model such as paint or
clay [12].

An additional challenge of RL is that learning policies for complex tasks requires a
great e�ort to enable the model to learn [46]. In theory, if an RL policy has enough
time to explore, it can learn anything. However, in practice, training can be unstable
and stall. Especially with complex objectives over long horizons with sparse rewards,
an RL agent may never learn a policy. Common techniques to remedy this are to
sca�old simpler rewards to help the agent learn via a curriculum [47]. Still, a complex
task like painting may never converge. Past work in RL for painting has used highly
unrealistic simulators that do not transfer well into the real world [48]. Our prior work
adapted this environment to be more realistic, however, the RL policy could barely
learn without sca�olding [45]. The FRIDA dynamics model is even more complex and
our experiments with training RL policies using it were unsuccessful due to a lack of
convergence.
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2.2.3 Model Predictive Control

Model predictive control (MPC) uses a dynamics model, just as many variants of
RL do; however, rather than learning a whole policy, MPC generates one solution at a
time. A set of actions are optimized through a dynamics model to achieve an objective
at each time step to determine what actions to take next. The model can be speci�ed
through hand designed physics, but since many dynamics are complex and the real
world has variables that are challenging to capture, models are often learned through
data [49] potentially with deep neural networks for model 
exibility [50]. While these
approaches can learn powerful dynamics models, they can be prone to over�tting
due to the di�erences in training data and number of parameters. In this thesis, we
introduce techniques to avoid over�tting while allowing a model to learn with minimal
amounts of data.

The goal state for MPC can be speci�ed by a human user or baked into a cost
function. Generally, the goal states are simple, for example, a position and orientation
in space. In Generative Robotics, though, the goal states are highly complex in
contrast. For example, in collaborative painting, a goal may be to add a tree to the
background of an existing painting. MPC algorithms do not have these collaborative
and complex goals by default. In this thesis, we introduce a self-supervision technique
to create a goal generator model.

The objective or cost function compares the goal state and the predicted state
from the dynamics model. Generally in MPC, this is a simple comparison using
mean-squared error or similar distance metrics. However, this will fail when the robot
cannot exactly achieve the goal state. In painting, a user may want the robot to
draw from a goal color photograph using just a black sharpie. To make more complex
comparisons, an objective function can be learnt in Inverse Model Predictive Control
or Model Predictive Actor-Critic but this requires training data or a proxy goal. In
this work, we propose to perform comparisons in the objective function in a more
semantic representation of states. For example, in painting, we compare deep features
extracted from the image states using pretrained neural networks. This allows the
robot to draw from color photographs even if it just has a black Sharpie marker
because it is drawing the semantic content, rather than the individual pixels.
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3 Overview

3.1 Generalized Approach to Generative Robotics

We outline a generalized depiction of our approach to Generative Robotics in
Figure 3.1. The inputs are the desires of the human user and the current state of
material. A planner, we call the Supportive Goal Planner, produces a target state
that matches the desires of the user and is achievable with the real-world constraints
of the robot. This target state is akin to a preview of the �nal output.

To generate the actions to create this goal state in the real world, the robot uses the
Low-Level Action Planner. In this planner, the e�ect of the robot's actions on the state
can be simulated using a dynamics model. A set of actions are randomly initialized
and then optimized using gradient descent to decrease the semantic di�erence between
the predicted and goal states. The semantic di�erence is a comparison made between
the predicted and goal states in a more semantically aligned representation.

3.2 FRIDA Overview

In this document, we �rst show how our approach is applied to collaborative
robot painting. We call this system FRIDA, A Framework and Robotics Initiative
for Developing Arts. We depict the approach in Figure 3.2. The states for this
implementation are RGB images. This is in comparison to our sculpting approach
which represents state in depth maps.
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Figure 3.1: Generalized Approach Overview . In our system, input by a human is
given along with the current state. The Supportive Goal Planner (Part III) creates a goal
state that collaboratively uses the human input make changes to the current state. This goal
is designed to be supportive to the user and achievable for the robot. The Low-Level Action
Planner (Part II) iteratively optimizes a randomly initialized set of actions such that the
dynamics model prediction of the e�ect of the actions matches the goal state in a semantic
representation. After optimizing the actions according to the semantic objective, the actions
are executed by the robot to produce the next real state.

Figure 3.2: FRIDA Overview . FRIDA is a system for 2D Generative Robotics which
can paint given human input. The Supportive Goal Planner produces an image of what the
robot should paint, and the Low-Level Action Planner uses a dynamics model and semantic
loss to optimize a set of actions to determine how the robot should paint it.
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II
Low-Level Action Planner: How

the Robot Paints
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4 Dynamics Model and
Semantic Planning for

Robot Painting

4.1 Introduction

In this chapter, we introduce our self-supervised learning techniques for dynamics
modeling and semantic planning for robot painting. These are used in the FRIDA
robotic painting frameworks Low-Level Planner to plan actions to recreate the content
of given images using paint brushes and paint. The goal of the Low-Level Planner
is to take an image input and determine what actions the robot needs to take to
accurately reproduce it given the current canvas state and the tools and materials
it has available (FRIDA's embodiment can be seen in Figure 4.2). Reproducing an
image with paint is challenging because of limitations in the tools, materials, and
robotic actions may not be able to accurately represent the given image. Besides, it's
challenging to properly de�ne what it means to \accurately reproduce" a given image.
For example, a pencil sketch of a color photograph may be considered an abstract,
but accurate reproduction even though the low-level features of the two images are
incredibly di�erent.

Robot planning is often performed in a simulator. In order to reproduce an image,
the transferring of a painting plan generated within a simulator into the real world
must have a very small di�erence, or Sim2Real gap. This is particularly challenging
in painting, as brushes and liquid paint behave very unpredictably.

So we need a simulator that can (1) have a small Sim2Real gap and (2) be used
to plan abstractly such that a painting plan can be produced even if the tools and
materials are unable to reproduce an input image with pixel-perfect accuracy. To solve
this, we introduce a Painting Dynamics Model which uses real robot data to create a
simulation environment, known as Real2Sim2Real methodology [54]. We ensure that
the Painting Dynamics Model is di�erentiable, such that we can use neural networks
within the planning algorithm to abstractly compare the current painting plan to the
target image rather than comparing pixel-to-pixel.
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Figure 4.1: FRIDA's Low-Level Planner is capable of planning of reproducing images. FRIDA is
able to plan in simulation to reproduce an image even if it is not possible to be pixel-perfect due to
limitations in the robot's tools. The Sim2Real gap is decreased by using real robot data to inform
the simulator. Target image sources: [51, 52, 53].

4.2 Related Work

4.2.1 Simulated Painting

Stroke-Based Rendering (SBR) recreates a given target image using a set of
primitive elements that usually resemble brush strokes of paint. Procedural SBR
methods generally use rules and heuristics to generate the stroke plan [55, 56]. Planning-
based SBR methods use search, optimization, or learning models such as Reinforcement
Learning or Recurrent Neural Networks to generate a stroke plan with an objective of
replicating an input image [44, 57].

Recent SBR methods expands the input space to incorporate high-level goals to
generate brush stroke simulated paintings based on language descriptions and/or
style speci�cation [58, 59, 60]. While these methods present appreciable results in
simulation, technical challenges speci�c to transitioning from simulation to real robots
have not been addressed.

4.2.2 Robot Painting

There have been numerous robot-created paintings including notable works that
had competed in an annual competition in 2016{2018 [17], but technical details of most
works have not been published. Based on published works, existing robot painting
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Figure 4.2: FRIDA's embodiments and workspaces - (Left) Ufactory Xarm Lite6
with a spring-loaded marker holder. (Center) Franka Emika FR3 with a small brush. (Right)
Rethink Sawyer with a large brush.

approaches can roughly be categorized into two groups: engineered systems and
learning-enabled systems.

Engineered robotic painting systems

Engineered robotic painting systems use well measured equipment to ensure that
the planning environment is accurate to the real environment and use rules and
heuristics for planning. The Dark Factory portraits [15] utilize a highly accurate
robotic arm with known models of brush shape and size. They plan a full sequence
of actions a priori such that the plan can be blindly executed. E-David [16] uses
a simulated environment constructed to be similar to its painting equipment then
draws strokes perpendicular to gradients in the target image. Harold Cohen's AARON
system creates content to draw and paint based on stochasticity and rules he created
and draws using a highly tuned engineered system. In general, the engineered systems
are capable of high-�delity reproductions of input images as they meticulously engineer
to minimize the sim2real gap in their setup; however, they are not generalizable to
di�erent equipment or settings. Furthermore, these approaches generally do not
support more than replicating a given image.

Learning-enabled robotic painting systems

Learning-enabled robotic painting systems generally use simulation environments
to plan brush strokes and then execute the plan using a physical robot. Due to a huge
sim2real gap, brush stroke plans based directly on simulation methods [58, 59] produce
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poor-quality paintings or are even infeasible on real robot systems. It has been shown
that additional constraints help reducing the sim2real gap to enable robots to paint
according to a generated plan [28, 61], but such rigid constraints sometimes result in
vague or imprecise outcomes. In line-drawing, [62] used reinforcement learning to learn
both the SBR instructions and the low level robot instructions for the reproduction
of sketches. Their approach is designed to plan once and execute a given plan as is
without observation feedback in the loop. In painting, however, visual feedback is
crucial as painting is a continuously evolving process [63].

4.2.3 Brush Stroke Modeling

Brush strokes can be represented using a height map and a color map as in [64]
where Generative Adversarial Networks are used to map a user input trajectory into a
synthesized brush stroke. In their work, both training and testing were done using data
synthesized using a volumetric oil painting simulator based on WetBrush [65]. While
the outputs appear impressive in simulation, the challenge still remains unanswered
how such a simulated input can be translated into a real painting, for example, by a
robot.

Wang et al. [66] use brush parameters such as the width, drag, and o�set of the
brush's bristles to create a very accurate brush stroke model. They use pseudospectral
optimal control to optimize trajectories of brush strokes to �t the target calligraphy
character, which works well with calligraphy where an initial path is given in a
reasonably accurate form and the brush strokes are clearly separated by white space.
In the painting domain, however, a more generalizable approach is needed due to
the fact that the shapes of brush strokes used in painting are highly 
exible and
unconstrained and that brush strokes frequently overlap with previous ones.

4.3 Approach

4.3.1 Brush Stroke Action Parameters

Inspired by [66], we parameterize the space of brush strokes using three parameters
as shown in Figure 4.3. In addition to brush shape attributes, i.e., the lengthl of the
stroke, and the amountb that the stroke bends up or down, the thicknessh of the
stroke speci�es how far the brush is pressed proportionally to the canvas. A brush
stroke is parameterized by its shape, denoted by (h; l; b), the location coordinates on
a canvas (x; y), orientation � , and color � in the RGB format. The stroke trajectory
can then be represented by a cubic B�ezier curve where the horizontal coordinates are
a linear interpolation between 0 andl, and the vertical coordinates are 0 at the end
points and b in the center points.
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Figure 4.3: Our brush shape model has three parameters: thickness (h), bend (b), and
length (l).

4.3.2 Real Data to Simulation

Whereas existing models such as [66] use only shape features of the rendered
images that would require some model of a brush tool for a robot control interface,
our de�nition of thickness connects the parameter space with a brush tool and a
robot. During the calibration phase, we generate random brush strokes to train the
param2stroke model, a Neural Network comprised of two linear layers followed by
two convolutional layers and an bilinear upscaler, that translates a brush stroke shape
tuple directly into the appearance map of the brush stroke. The brush stroke shape
tuple can deterministically be translated into control inputs for a real robot.

A rudimentary approach to creating a di�erentiable, simulated robot painting
environment would be to allow the robot to paint randomly and continuously to collect
a large enough dataset of paired robot actions to the e�ects on the canvas to model this
relationship. While this method works well in simulated environments [44, 60, 61, 64],
where thousands of brush strokes can be produced on the order of seconds, generating
a similarly large-sized real dataset is impractical. Painting in real life is slow, and if the
brush or other materials were altered, the entire process would need to be restarted.
Instead, we augment the dataset using existing di�erentiable functions, such as rigid
transformations for positioning and orienting strokes and stamping methodology for
rendering individual brush strokes onto an existing canvas, to allow our painting
environment to be simulated with a reasonably small number of real brush strokes for
modeling.

4.3.3 Di�erentiable Simulated Painting Environment

The stroke rendering process in our simulation is depicted in Figure 4.4: the
param2stroke network translates the thickness, bend, and length parameters into a
2d magnitude map of the brush stroke's predicted appearance. This magnitude map
is then padded such that it is the size of a full canvas. Then the map is translated and
rotated to the speci�ed orientation and location. The magnitude map is converted into
an RGBA image, and then the stroke is applied to a given existing canvas. Strokes can
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be layered upon each other to create a complete simulated painting. They can also be
rendered onto a photograph of the real canvas for planning throughout the painting
process. The whole rendering process is di�erentiable, meaning that the loss value
computed using the rendered canvas can be di�erentiated, back-propagated through
the simulator, and a Stochastic Gradient Descent algorithm updates the brush stroke
parameters such that the parameters minimize the loss function.

Figure 4.4: Paint Dynamics Model: The process of rendering a stroke, given its
parameters, onto an existing canvas in our di�erentiable simulated painting environment.

4.3.4 Objective Functions

The enable the robot to create paintings from images even when it cannot reproduce
it with pixel-level accuracy due to its tool and material limitations, we design objective
functions to have semantic guidance, rather than pixel-level guidance. To test the
di�erentiability and other capabilities of the renderer, we also employ a variety of
objective functions from recent image synthesis literature. Each objective function has
a loss function that compares the plan (p), which consists of a list of brush strokes
parameterized by values in Sec. 4.3.1, to the target input (t) which may be language
or an image. A planpnext for the next time step is rendered into a raster image using
a di�erentiable simulated environment (r ). These objective functions can be used in
di�erent combinations to achieve high-level, artistic tasks, e.g., painting from language
description with or without a speci�ed style, painting images conceptually, or painting
from a sketch.
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l1 = l text = cos(CLIP img (r (p)); CLIP text (t)) (4.1)
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Image-Text Similarity Objective

(Eq. 4.1) This objective optimizes the brush stroke plan (p) such that the cosine
distance between the CLIP [67] embeddings of both the painting and the language
description (t) is minimized, guiding the painting to resemble the content of the text,
as is common in recent CLIP-guided text-to-image synthesis methods [58, 59, 68, 69].

Style Objective

(Eq. 4.2) Given an example style image, the style objective guides the painting to
resemble the colors, shapes, textures, and other style features of the given image. This
objective was created for style transfer methodology [70, 71]. The style objective min-
imizes the Earth Mover's Distance (EMD ) between style features that are extracted
using a pretrained object detection model (V GG [72]), from the brush stroke plan (p)
and the style image (t).

Simple Replication Objective

(Eq. 4.3) Image replication is not considered a high-level goal. Instead, it is a
straightforward minimization of the L2 distance between the rendered brush stroke
plan and the target image (t).

Semantic Replication Objective

(Eq. 4.4) Following [73], features can be extracted from the convolutional layers of
CLIP which are rich in both semantic and geometric information. For a high-level
semantic replication objective, we minimize theL2 di�erence of features extracted from
the target image and painting from the last convolutional layer of CLIP (CLIP conv).

4.3.5 Planning Algorithm

We depict the painting planning algorithm in Figure 4.5. At the start of the
painting process, a user gives inputs and decides which loss functions to use. For
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Figure 4.5: Painting Execution Algorithm - An initial plan is made by randomly
initializing brush strokes. A loss value is chosen (lprint is displayed), then gradient descent
is used to optimize the brush stroke parameters to decrease the loss. After optimization, the
colors of the painting are clustered and displayed for the user to mix. The robot paints a
set amount of brush strokes. The robot takes a picture of the partially complete painting,
overlays the remaining strokes, then optimizes the strokes once again to account for prior
noise and error in execution. This process repeats until all strokes are executed.

example, they may give a style image and uselstyle and a language description withl text .
They also decide how many brush strokes to use in the painting. Our painting action
space is comprised of discrete brush strokes, each parameterized by values described
in Sec. 4.3.1. A plan is made up of an ordered list of brush strokes. Brush strokes are
randomly initialized by sampling uniformly over the brush stroke parameters.

The goal of our painting algorithm is to �nd a plan that minimizes the weighted
sum of the user speci�ed loss functions, Eq. 4.5. Because the rendering pipeline is
di�erentiable, we can compute the derivative of the loss values with respect to each of
the brush stroke parameter's values. We use Adam, a variant of Gradient Descent, to
update the brush stroke parameters given this derivative to decrease the loss values.
The actions are optimized for a speci�ed number of iterations. After 50% of the
iterations are complete, the color parameters are discretized to 12 colors using k-means
clustering (Figure 4.6). We only performed this after 50% of the optimization so that
the colors can naturally �nd optimal values before being binned. The strokes are also
sorted from lightest color to darkest color to avoid bleeding of dark colors into areas of
the painting that should be light. After the set number of optimization iterations, the
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Figure 4.6: Discretizing Colors . Left { Our robots plans with arbitrary colors for each
stroke. Right { After using k-means clustering to discretize the colors to just 12.

12 colors must be mixed by hand by referencing a rendering of them on a computer
screen and provided to the robot.

The robot begins to execute brush strokes from the initial plan. After painting
a set number of brush strokes (we use 20 in practice), the robot takes a photo of
the canvas and then updates the remaining brush strokes in the plan. The update
process uses the same objective function as before, but now only the remaining brush
strokes are optimized and they are rendered onto the photo of the current canvas.
This process is repeated until all brush strokes from the plan are executed.

4.4 Robot Setup Details

We used a Rethink Sawyer robot [74] as a machine to test our approach. Any
Robotics Operating System (ROS) compatible machine with a similar morphology
to the Sawyer could feasibly be adapted to execute our approach with only minimal
changes to the robot interface code.

A photograph of our painting equipment and setup can be seen in Figure 4.2.
We use a Canon EOS Rebel T7 to perceive the canvas. For all examples in this
paper, we used 11� 14 inch canvas board as painting surfaces. Premixed acrylic
paints are provided to the robot in palette trays with up to 12 color options available.
Alternatively, from an initial painting in simulation, the colors are discretized to
a user-speci�ed number using K-Means cluster; palette preparation is performed
accordingly by a human. A rag and water are provided for the robot to clean paint o�
of the brush, which is performed when switching colors. The brush is rigidly attached
to the robot's end e�ector and is always held perpendicular to the canvas. Indirect,
di�used lighting is necessary, since direct lighting can cause too much glare from the
wet paint into the camera. The locations of all the painting materials (canvas, paint,
water rag) with respect to the robot are explicitly programmed. We use a machine
with an NVIDIA Quadro GPU that has 8Gb of CUDA memory for planning. A
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painting with 1000 strokes takes roughly 3 hours to complete comprised of 30 minutes
of calibration, 15 minutes for the initial painting plan, 15 minutes for paint mixing,
and 2 hours of the robot actually painting.

4.5 Results

Figure 4.7: Depictions of interpolating between minimum and maximum values of each of
the three stroke shape parameters with the trainedparam2stroke model.

Figure 4.8: We compare using Di�VG [ 75] and FRIDA's param2stroke model for modeling
brush stroke shapes. The averageL 1 distance computed on 50 samples between the modeled
and real brush strokes is displayed at the bottom.
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4.5.1 Simulated Painting Environment

The trained param2stroke model produced strokes with continuous parameter
values as seen in Figure4.7. Figure 4.8 shows the di�erence between real brush strokes
and FRIDA's modeled brush strokes using the same input parameters. We also
compared these strokes to Di�VG [75] which was used for brush stroke planning in [28].
The averageL1 loss between the modeled and real strokes was signi�cantly (p-value
< : 01) less for FRIDA's stroke model than Di�VG.

We qualitatively compared our approach to Huang et al. 2019 [44] and Schalden-
brand & Oh 2021 [61]. Figure 4.9 compares the brush strokes in early stages of
painting simulation where we can observe drastic di�erences.

Figure 4.10 shows the comparison in terms of the sim2real gap for entire paintings.
In simulation, Huang et al. 2019's Reinforcement Learning (RL) model was able to
almost perfectly replicate a given image due to their unconstrained stroke model, e.g.,
allowing strokes that are huge in size and have varying opacity; however, when we fed
the strokes to a painting robot, the produced painting was vastly dissimilar to both the
simulation and target image. Schaldenbrand & Oh 2021 constrained the brush stroke
parameters (length, width, color, and opacity) such that a robot was more capable
of executing the strokes; however, the constraints made it challenging for their RL
model to accurately replicate a target image. For the proposed approach, we used our
simulation to recreate the target image using the Simple Replication Objective (Eq.
4.3) and did not re-plan with perception for fair comparison. Our proposed approach
showed clearly visible improvement in recreation both in simulation and real painting.

Figure 4.9: Stroke Shape Feasibility - Comparing the simulation environments of three
painting methods painting with various numbers of brush strokes. Top to bottom: Huang et
al. 2019 [44], Schaldenbrand & Oh 2021 [61], and the FRIDA Low-Level Planner.
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Figure 4.10: Sim2Real Gap - We compare the Sim2Real gap between FRIDA and two
existing methods. The MSE between the simulated plan and the real painting is displayed
below each pair.

Figure 4.11: FRIDA painting with text input \Albert Einstein Dancing" in the style of
van Gogh's The Starry Night with and without replanning. The left most images are the
initial plan followed by the plan after 200 brush strokes performed until the last column
which is completely real paint. Below, the mean squared error between the current plan
versus the initial plan is plotted.

28



Ch. 4 { Dynamics Model and Semantic Planning for Robot Painting

Figure 4.12: Painting from Style and Text Inputs with the Low-Level Planner
- FRIDA's Low-Level Planner is capable of planning from text and style inputs seen in
combinations above by optimizing brush stroke parameters to create a painting that matches
CLIP and Style features of the inputs.

4.5.2 Dynamic Planning and Adaptation

We painted with and without FRIDA's dynamic replanning system and plotted
the deviation from the initial plan in Figure 4.11. Without replanning, the di�erence
between the current and initial plan grew linearly as the plan is executed from
simulation to reality stroke by stroke. With replanning, the plan changed more
signi�cantly from the initial plan as the algorithm adapted to the stochastic execution
of the plan, resembling the creative process of human artists [63].

4.5.3 Planning in a Semantic Representation

Painting from Language Description with Speci�ed Style

We painted from language descriptions and given examples tyle images by concert-
edly optimizing the Style Objective (Eq. 4.2) and the Image-Text Similarity Objective
(Eq. 4.1). Results can be seen in Figure 4.12.

To retain the style image's composition, we do an initial optimization to replicate
the style image. The initial brush stroke plan is now in a local minimum which will
be adapted with the full style and text objectives. Figure 4.12 shows that faces and
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colors appear where they were initially located in the content image thereby providing
a method of transferring compositional elements of style.

Painting Images Conceptually

We compare painting using the Simple and Semantic Replication Objectives in
Figure 4.13. We hypothesized that the Semantic Replication Objective would better
capture high-level content of the target image. To test this quantitatively, we recruited
103 Amazon Mechanical Turk participants to (1) \select the painting that looks the
most like the target image" and (2) \select the painting that captures the high-level
ideas of the reference image's scene better" and to explain how they made their decision.
We refer to these surveys as the replication and high-level questions, respectively,
and they were conducted separately. Simulated paintings were used to avoid noise
generated by human error in palette preparation of which six pairs were generated
with 10 evaluators for each question, painting pair. 73.3% and 68.3% of participants
selected Semantic Replication Objective paintings for the replication and high-level
questions, respectively. These two averages were both signi�cantly larger than 50%
at a p-value of 0.01 and were not statistically distinct using a t-test. While the two
questions were di�erent, we noticed that participants claimed to use many of the
same features to make their decisions for each question which included colors, shapes,
and particular details such as grass and clouds. A breakdown of selections for each
painting pair is in Figure 4.14.

Figure 4.13: FRIDA's paintings using the Simple Replication Objective (Eq. 4.3) versus
the High-Level Semantic Replication Objective (Eq. 4.4).
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Figure 4.14: Reproduction Ability Study - Results from two surveys assessing how
well paintings replicated the target image and how well they retained the high-level content.
Percentages shown are preferences for Semantic Loss (Eq. 4.4) paintings. Bolded numbers
show when the Semantic Loss was more commonly chosen over the Simple Loss. In most
examples, the Semantic Loss produced paintings that more closely resembled the target
image in both exact replication and high-level reproduction.

Sketching

What if the robot only has a black marker? We adapt the Painting Dynamics
Model to only use black as a color and not optimize over the color parameter. In
Figure 4.1, an example of a drawing from a photograph can be seen. This was
performed with the Semantic Replication Objective. It is especially important to use
the Semantic Replication Objective because the painting (drawing in this case) will look
so signi�cantly di�erent from the input photograph. We show the di�erences between
using the Semantic and Simple Replication Objective with drawings in Figure 4.15.
The Simple Replication Objective is unable to produce a drawing that captures the
likeness of Frida Kahlo from the target image.

4.6 Limitations

Our dynamics model makes some simplifying assumptions that create some limita-
tions. First, the dynamics model assumes that brush strokes are independent, which
means that there is no modeling of wet painting mixing on the canvas. This could
potentially be �xed by including an input of current state into the dynamics model,
however, wet paint mixing is a complicated interaction. In our previous work, we
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Figure 4.15: Drawing with Black Marker : With only a black marker and a limited
number of strokes we compare using FRIDA's Low-Level Planner with the Simple (lprint ) vs
Semantic Replication Objective (lsemantic ).

developed some techniques to model multi-colored paint mixing [76]; however, more
work needs to be performed to streamline this into a dynamics model.

While our proposed approach greatly reduced it, there is still a Sim2Real gap in our
dynamics model. Some reasons for this imperfection are the real stroke dataset being
too small, noise and inconsistent control on the robot performing the brush stroke,
and limitations in the neural network trained to predict the appearance. Additionally,
in this chapter we only test with B�ezier curve action representations which are not
very expressive compared to the stroke trajectories of human artists.

There are also limitations on our planning algorithm side. It is susceptible to being
stuck in poor local minima of the loss functions. For instance, if the initialized brush
stroke plan does not have many strokes in a highly-detailed region of the painting,
then the algorithm likely will not be able to move the positions of the strokes to that
region to properly capture all of the details.

Lastly, the planning algorithm is slow. Paintings, such as those seen in Figures 4.1
and 4.12, which contain a few hundred brush stroke actions, require roughly 15 minutes
to optimize for 1000 iterations on an NVIDIA Quadro GPU.

4.7 Conclusions

In this section, we presented FRIDA's Low-Level Planner for robot painting which
includes our dynamics modeling and semantic planning techniques.

4.7.1 Self-Supervised Learning for Brush Stroke Dynamics
Modeling

When performing model-based planning in robotics, it is common to use an o�-the-
shelf simulator which uses hand designed physics formulations to model the dynamics
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of actions and states. O�-the-shelf simulators often need to be grounded and altered
to better �t a robotic system. In our experiments (reported in Figures 4.10 and 4.8),
the o�-the-shelf simulators had huge Sim2Real gaps. Our attempts to alter it by
hand with rules decreased this gap, but it was still very inaccurate (Figure 4.10).
Using real robot data to completely train a dynamics model resulted in a very small
Sim2Real gap (Figure 4.10). Although we are not the �rst to use data to tune a
simulator [49, 54] or to train a neural network for dynamics [12], the techniques we
introduce allow the model to be accurate without reducing the dimensionality of the
states and with fewer than 100 self-generated actions for training.

4.7.2 Planning in a Semantic Representation

In robotics, it is crucial that the goals of the robot align with the goals of the
human user. In this chapter, we showed that when humans want to paint from an
image, they want to paint thecontent of that image rather than making a pixel-perfect
reproduction. We supported this by planning in a semantically aligned representation
(visual features extracted using pretrained neural networks) rather than just the
pixel-space. In our study (Figure 4.14), we observed that participants thought the
images planned in a semantic representation looked more like the source materials
than the pixel representation even though the pixel representation was more similar
in mean squared error.

Planning in a visual latent space is technically challenging because the neural
network that extracts the features (CLIP [67]) is deep and complicated. It is a challenge
to optimize a set of robotic brush stroke actions to �t the semantic representation
objective. We were able to achieve this using gradient-based optimization, which was
possible because the dynamics model we created was fully di�erentiable. Otherwise,
optimization would be infeasible with techniques, such as evolutionary strategies,
random sampling, or training a policy with reinforcement learning.

33



5 Brush Stroke Diversity
through Demonstration

\The `same' content represented in a di�erent form|in a di�erent medium
or mode or style or language|is not the same: what is the same through
all variations of the form is only a tenuous abstraction, apr�ecis of the full
content."

|| Duncan Robertson, The Dichotomy of Form and Content [77]

In this chapter, we describe how learning from demonstration can be used to
improve the action representation of the FRIDA robot painting system. FRIDA
uses parameterized B�ezier curves which are relatively unnatural and do not re
ect
the diversity of human actions in drawing and painting. In this chapter, we collect
human-made brush strokes using motion capture. We modeled the trajectories with a

Figure 5.1: Spline-FRIDA's 
exible brush stroke shapes allow for details like the
person's glasses to be captured with a few de�ning strokes compared to the limited B�ezier
curves of the other methods.
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