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Spline-FRIDA: Towards Diverse, Humanlike Robot Painting Styles

with a Sample-Efficient, Differentiable Brush Stroke Model
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I. ABSTRACT

A painting is more than just a picture on a wall; a painting
is a process comprised of many intentional brush strokes, the
shapes of which are an important component of a painting’s
overall style and message. Prior work in modeling brush stroke
trajectories either does not work with real-world robotics or is
not flexible enough to capture the complexity of human-made
brush strokes. In this work, we introduce Spline-FRIDA which
can model complex human brush stroke trajectories. This is
achieved by recording artists drawing using motion capture,
modeling the extracted trajectories with an autoencoder, and
introducing a novel brush stroke dynamics model to the
existing robotic painting platform FRIDA. We conducted a sur-
vey and found that our open-source Spline-FRIDA approach
successfully captures the stroke styles in human drawings
and that Spline-FRIDA’s brush strokes are more human-like,
improve semantic planning, and are more artistic compared to
existing robot painting systems with restrictive Bézier curve
strokes.

Index Terms—Art and Entertainment Robotics; Human-Robot
Collaboration; Imitation Learning

II. INTRODUCTION

PAINTINGS and drawings are used to convey messages of
emotion, cultural values, and shared experiences. While

these aspects can be conveyed by the objects or subjects within
the painting, style is perhaps just as important to expressing
those messages [1], [2]. In particular, patterns in the shapes
of individual strokes within a painting can contribute to the
overall style and aesthetic of an artwork. Some examples can
be seen in Fig. 1, with the left drawings using long strokes and
the right drawings using small, circular ones. In both cases, the
stroke shapes are crucial for defining the painting’s style and
therefore the expression of the message that the artist intends
to convey.

Furthermore, if robots are to support humans in the creation
of artwork, it is important for the robot to have flexible
styles of strokes for the user to specify either through choice
or demonstration. Many artists do not wish to automate the
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Fig. 1: Spline-FRIDA drawings and paintings in different styles.
These are two pairs of artworks of made by our system. The left
paintings use longer, zig-zagging strokes, while the right ones are
composed of small circles and dots. While each pair depicts the same
content, the stroke style vastly changes the appearance and vibe of
each work.

artistic process [3], [4], but some are open to co-creative
assistants [5]–[8]. The work operates on the assumption that
giving more creative control to a user co-creating with a robot
over the style of the image, allows them to feel more ownership
over the artwork that they create with the robot.

Prior work has mostly focused on planning paintings using
basic stroke representations such as Bézier curves [9], [10]
and only fixating on the style of the overall image [2], [11].
In this paper, we focus on how intra-stroke style control can
be implemented.

Our work uses motion capture to record human drawings
with real-world brushes and markers on paper. We model these
recorded trajectories with an autoencoder, TrajVAE. We also
introduce a novel brush stroke dynamics model, Traj2Stroke,
which predicts the 2d outline of stroke given its trajectory.

To summarize, our main contributions are as follows:

• We present a successful approach to modeling human
styles of brushstroke trajectories using variational autoen-
coders.

• We introduce Traj2Stroke, a method to differentiably
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render polylines with variable thickness. Compared to
FRIDA’s dynamics model, Traj2Stoke has a significantly
smaller Sim2Real gap between simulated and real sharpie
strokes.

• Our study gives evidence to suggest that the more flexible
brush stroke trajectories can improve robot semantic
planning and lead to more human-like paintings.

III. RELATED WORK

Stroke-Based Rendering (SBR) involves arranging primitive
shapes to create an image, often with the goal of replicating
some target image. Some recent works use forward prediction
methods, in which a neural network learns to output the next
stroke to add [9], [12], [13], while others use optimization-
based methods, where stroke parameters are passed through a
differentiable rendering pipeline and optimized via backprop-
agation [10], [11], [14].

A. Stroke Primitives

Most SBR research is focused on global planning and
propose new algorithms to arrange stroke primitives. On the
other hand, there has been little research into how the stroke
primitives themselves should be defined. Some works use def-
initions that would be difficult to replicate on a physical robot.
For instance, Learning to Paint defines strokes as translucent
Bézier curves with arbitrary thicknesses [9]. Schaldenbrand et
al. found that when their system was restricted to outputting
more realistic brush strokes by making them opaque and lim-
iting the sizes, the quality of generated images suffered [12].
Paint Transformer uses a mask of a brush stroke that can be
transformed, resized, and recolored [13]. This arbitrary sizing
of strokes without loss of precision would be very difficult to
implement in hardware.

Based on human art, many drawing tools, such as markers
or brushes, can inherently be versatile and adaptable enough
to produce a wide range of stroke styles. Specifically, altering
the paths of individual strokes can result in diverse styles. This
has been observed and researched extensively in the context of
human handwriting replication [15], [16], but only to a lesser
extent for drawings. We hope to further explore how to define
stroke primitives by explicitly modeling the style of stroke
trajectories used in a drawing.

B. Differentiable Rendering

In SBR, differentiable renderers are modules that take in
stroke parameters and output a rendered image. They differ
from traditional renderers in that gradients of the image with
respect to the parameters can be obtained. Having access to
such a module is a crucial assumption of many modern SBR
planners.

Learning to Paint [9] takes a reinforcement learning (RL)
approach to SBR. Despite the fact that RL does not inherently
require a differentiable environment, they found that using
a differentiable renderer greatly boosted the system’s perfor-
mance and convergence rate compared to a model-free method.
This is mainly because differentiable environment allows for

Plan ExecutionPredictionGround Truth

Individual Strokes Full Drawing

Fig. 2: Weaknesses in FRIDA’s stroke model. Left: FRIDA
struggles with rendering thin strokes. Right: for a full drawing, errors
in individual stroke predictions accumulate. The optimization process
exploits blotchy predictions made by the renderer to create small dots,
which appear quite different when actually executed.

end-to-end training of the RL agent. Paint Transformer [13]
also makes use of differentiable rendering so that a loss can
be backpropagated from the output image all the way back
to its stroke predictor. These examples show that differen-
tiable rendering can be useful even in methods that are not
optimization-based.

DiffVG [17] is a popular library for differentiable 2D ras-
terization that has been used in many optimization-based SBR
methods [18]–[20]. It supports rendering arbitrary parametric
curves, either open or closed, including polygons, ellipses, and
polylines. Due to its popularity, we also considered using Dif-
fVG to model Sharpie marker strokes for this work. However,
we discovered that out of the box, the DiffVG library does not
support rendering polylines that are differentiable with respect
to stroke thickness. DiffVG lines are only differentiable with
respect to the control points. Furthermore, DiffVG decouples
strokes into a boundary shape and a fill color, which we
found to be too restrictive because it does not allow us to
model the gradual dropoff in darkness from the center of a
stroke to the outside. Thus, we choose to implement our own
differentiable renderer, Traj2Stroke, which is specialized for
rendering polylines.

IV. BACKGROUND

Our work is built on FRIDA [10], a robotic system that
paints what users describe via text prompts, images, or audio
recordings [21] in an interactive and collaborative manner [22].

FRIDA renders strokes using a convolutional neural network
(CNN). Although the CNN works well for short, simple
strokes made with a paintbrush, it has trouble converging
when longer, thinner Sharpie marker strokes are used, as
illustrated in Fig. 2. We believe this issue arises because thin
ground truth strokes require the renderer to achieve a higher
level of precision, complicating its task. Consequently, the
CNN often produces blotchy, incomplete predictions. This is
problematic since the errors compound during the planning
stage (illustrated on the right side of Fig. 2).

Additionally, FRIDA’s stroke representation is limited.
FRIDA, like many other computer painting works [2], [9],
[11], uses quadratic Bézier curves defined by three parame-
ters—length, height above the canvas, and bend—to represent
strokes. While this straightforward approach offers conve-
nience, it falls short in capturing the complexity and variety
inherent in human drawings. In this context, we propose a
novel stroke representation and a new renderer to model long,
complex trajectories that can enable diverse styles.
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Fig. 3: Traj2Stroke. The inputs are a latent vector z and an offset ∆. z is fed through the decoder of a TrajVAE, generating a raw
trajectory, which is then rotated and translated according to ∆. We then process the trajectory segments independently, obtaining darkness
values for each. Finally, we take the max darkness over all segments.
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Fig. 4: Mocap setup. We use a motion capture system to track the
position of the canvas and pen over time as an artist draws. Three
mocap markers are placed along the corners of the canvas, and four
are mounted at the end of the pen. The trajectories of each stroke
are extracted, then rotated and translated such that the start of the
trajectory is (0, 0) and the end point is on the x-axis.

V. METHODS

A. Overview

Our approach to stroke modeling and rendering consists
of (1) capturing and processing human demonstration data
using motion capture technology, (2) modeling these tra-
jectories by training an autoencoder, TrajVAE, (3) using
Real2Sim2Real methodology to fine-tune our novel rendering
approach, Traj2Stroke, and (4) planning using gradient descent
to optimize a set of brush stroke parameters through our
dynamics model to decrease the feature-space loss between
a given image and the predicted painting.

B. Motion Capture Drawing Recording and Processing

We utilize a motion capture system consisting of OptiTrack
cameras and Motive software to capture human brushstroke
trajectories. While the artist sketches, we continuously track
the positions and orientations of the canvas and pen. Using a
manual measurement of the length of the pen, we are able
to calculate the position of the pen tip and determine its
distance from the canvas. If this value is below a threshold, we
consider the pen to be in contact with the paper. Consecutive
positions where this is the case are merged into trajectories.
Each trajectory is then standardized by translating it to the
origin and rotating it to be horizontal (ending at y = 0), as seen
in Fig. 4, to reduce variation for sample-efficient modeling.
It is worth noting that this normalization has a tradeoff: it
assumes trajectory style is not affected by position/rotation on
the canvas. We also resample each trajectory to have exactly
n points (in practice n = 32).

Thus, each human brushstroke trajectory is modeled as a
polyline (piecewise linear) going through n control points.
This polyline is encoded as a n × 3 tensor. The coordinates
(x, y, h) of each control point are defined by x and y as
horizontal displacements (in the plane of the canvas) and h as
vertical displacement (elevation of the brush above the canvas).

C. TrajVAE

After collecting and processing the motion capture data,
we train variational autoencoders [23] to model these stroke
trajectories. We name these TrajVAEs. During training, a
TrajVAE takes a trajectory as input, passes it through an MLP
encoder that compresses it to a latent vector of size 64, and
then sends it through a MLP decoder to turn it back into a
trajectory. We minimize the mean squared error between the
input and output trajectories.

We typically record between 20 and 200 human-drawn
trajectories per drawing, but found that this is not enough
data to robustly train a TrajVAE from scratch. Instead, we
pretrain each TrajVAE on trajectories aggregated from multiple
recording sessions, then fine-tune it on a single session to
capture a more specific style. Each model converges very fast
(less than a minute) and only requires a few (<20) trajectories
in the fine-tuning dataset.

During the planning phase, only the VAE decoder is used.
The design of the overall pipeline is modular so that different
VAEs can be swapped in, allowing us to change the stroke
style with no need for additional training.

Our motion capture device struggles to capture the vertical
position of the drawing utensil’s tip with enough precision.
This is because a small height difference can drastically affect
the thickness of a stroke. Thus, rather than explicitly modeling
the height with TrajVAE, in practice we optimize it as separate
stroke parameters during the planning process.

D. Traj2Stroke Model

The TrajVAE model outputs a trajectory that the robot
should draw, but to predict the appearance of the stroke given
this trajectory, we developed a novel rendering approach that
we call Traj2Stroke. Traj2Stroke takes a trajectory, as well as
positional and rotational offsets, and renders it as a grayscale
image with height and width dimensions, H×W . Importantly,
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Fig. 5: Planning a Painting. As described in Section V-F, Spline-FRIDA plans a painting by optimizing the brush stroke parameters
through the dynamics model to decrease a features space loss between a given image and the planned painting. Whereas FRIDA models
brush strokes as simple Bézier curves, Spline-FRIDA uses trajectories which enable highly flexible brush strokes.

this process is differentiable so that the planning process can
backpropagate through it.

To train this model, we randomly sample trajectories from
TrajVAE, execute them on the robot, and take before/after
pictures of the canvas for each stroke. Next, we input the
sampled trajectories into the Traj2Stroke model to get pre-
dicted stroke masks. These masks are stamped onto the before-
stroke pictures, and the resulting prediction is compared to
the after-stroke pictures. We minimize a weighted L1 loss that
places higher weight on pixels covered by the new stroke. In
practice, collecting the dataset (including setup and execution)
takes around an hour, and training takes around 20 minutes to
converge on our single-GPU system.

A separate Traj2Stroke model must be trained for each
drawing medium (marker/brush), but is robust to out-of-
distribution trajectories. This means that when we obtain a
new TrajVAE, we can almost always plug-and-play it into
the system without needing to collect new data and retrain-
ing Traj2Stroke. This is very convenient, as collecting the
Traj2Stroke dataset is usually the most time-consuming part
of preparations.

After receiving a standardized trajectory
[(x1, y1, h1), · · · , (xn, yn, hn)] and pose offsets
∆ = (∆x,∆y,∆θ), the Traj2Stroke model begins by
reorienting the trajectory to be in the reference frame of the
canvas (see Fig. 3). To do this, it first rotates the x and y
components by ∆θ. Then, each rotated coordinate (x, y, h) is
scaled and translated to become

(mxx+ bx +∆x, myy + by +∆y, h) .

mx, my , bx, and by are learnable parameters used to model any
small affine error that may occur during camera calibration.
We expect that mx,my ≈ 1 and bx, by ≈ 0.

The trajectory has now been converted to canvas coordi-
nates, and we denote it as

[(x′
1, y

′
1, h1), · · · , (x′

n, y
′
n, hn)].

We proceed by rendering each of its n−1 segments separately.
Fix an arbitrary k, and note that segment k goes from
(x′

k, y
′
k, hk) to (x′

k+1, y
′
k+1, hk+1).

Our approach to rendering the segment is to first define a
constant H × W × 2 tensor G of canvas coordinates, where
H and W are the dimensions of the canvas. One channel of
this tensor contains the x coordinates, and the other contains

the y coordinates, as seen in Fig. 3. For convenience, we also
define u =

[
x′
k y′k

]T
and v =

[
x′
k+1 y′k+1

]T
.

We compute a Distance Map that stores the distance of each
coordinate in G to the segment. This is computed with the
following equation (note that the vector operations involving
G are done element-wise):

Distance Map = min(
∥∥(G− u)− projv−u(G− u)

∥∥ ,
∥G− u∥ , ∥G− v∥)).

(1)

The first term computes the distance from each point in G to
the line through u and v, and the last two terms calculate the
distance to the endpoints. Thus, taking the minimum of the
three yields the distance of each pixel to the line from u to v.

We also compute a Height Map, which represents the height
of the brush tip as it moves over the segment. For each
coordinate, we project it onto the segment and compute the
height by linear interpolation between hk and hk+1:

T = clamp[0,1]

(∥∥projv−u(G− u)
∥∥

∥v − u∥

)
(2)

Height Map = (1− T ) · hk + T · hk+1. (3)

We approximate the relationship between the height of the
brush tip and the thickness of the stroke as affine. Thus, we
introduce two learnable parameters α and β, and obtain a
Thickness Map like so:

Thickness Map = α · Height Map + β. (4)

If the distance between a coordinate and the segment is
less than the stroke thickness, then that coordinate should be
affected by the stroke. We assume there is a gradual dropoff in
darkness as we get further from the center of the segment. This
reasoning motivates the following calculation for the darkness
values:

Darkness =
[

clamp[0,1]

(
1− Distance Map

Thickness Map

)]c
. (5)

Coordinates directly on the segment get a darkness value of 1,
and coordinates that are a stroke thickness away get a darkness
value of 0. This also introduces another learnable parameter
c which determines how quickly the darkness values drop off
as they get further from the segment.

Finally, we take the max darkness values over all segments
to obtain the rendered stroke.
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In total, the Traj2Stroke model has only 7 learnable param-
eters: mx, my , bx, by , α, β, and c.

E. Stroke Composition

We define each brush stroke action as a set of parameters:
TrajVAE latent vector z, pose offsets ∆, and RGB color ρ.
Given z and ∆, Fig. 3 illustrates how Spline-FRIDA predicts
the shape of a single stroke. Next, the rendered stroke is
colorized by duplicating it to 3-channels and multiplying each
channel based on the stroke color as seen in Fig. 5. We can
predict how this stroke s will appear once it is performed on
a canvas ct by stamping it via an alpha blending formula.

F. Painting and Drawing Planning

To plan a painting or drawing, we follow the FRIDA [10]
planning algorithm which plans paintings using an optimiza-
tion loop, depicted in Fig. 5. A user-specified number of brush
stroke actions are randomly initialized. At each optimization
step, the current canvas is compared to the user-specified
target image forming a loss value. In practice, features from
the planned painting and target image are extracted using
pretrained neural networks (e.g., CLIP [24]) and compared
using cosine similarity as introduced in [25]. The loss is back-
propagated through the dynamics model to the brush stroke
parameters which are updated using gradient descent.

If the robot is painting in color, the color parameters are
optimized as continuous RGB values during initial iterations.
In the last 10% of optimization iterations, the algorithm
discretizes the colors to a user-specified number using K-
Means clustering. After optimizing for 2000 iterations, the
system shows which colors of paint need to be mixed in a
graphical user-interface. The user mixes these paint colors,
provides them to the robot, then the robot can begin painting.

VI. RESULTS

Fig. 6 shows an array of drawings produced by Spline-
FRIDA. We hand-pick five human drawings from members
of our lab using the mocap system, each with distinct stroke
styles, which are presented in the top row. Each human
drawing is used to fine-tune a separate TrajVAE, resulting in
five unique TrajVAEs. Each TrajVAE is then used to plan a
series of drawings with various objectives. These objectives
are displayed in the left column.

The individual styles of the drawing trajectories are pre-
served by the TrajVAEs. For instance, the fourth human
drawing exhibits tiny, curly lines, which are reproduced in the
drawings made using its corresponding TrajVAE. Similarly,
the fifth human drawing is composed of small circles, which
is also true for the robot drawings in its column.

A. Human Evaluations

To what extent is Spline-FRIDA able to capture the stroke
style of a drawing? And, in general, are Spline-FRIDA’s
drawings better than those made by FRIDA? These questions
are subjective and difficult to answer with automatic metrics.

FRIDA Spline-FRIDA

Which drawing looks more like it
was drawn by a human (rather than a
robot)?

27 73

Which drawing looks better overall? 16 84

Which drawing better matches the ref-
erence image?

16 84

Which drawing is more artistic? 18 82

Which drawing is more abstract? 40 60

TABLE I: Opinions on FRIDA vs Spline-FRIDA. Each cell
shows the number of participants that chose the system for the given
question. Overall, participants thought that compared to the Bèzier
curve representation of FRIDA, drawings made by Spline-FRIDA
were more human-like, higher quality, more true to the objective,
and more artistic.

To obtain quantitative results, we conducted a survey and
released it to 100 participants on Amazon Mechanical Turk.

For the first part of the survey, we asked participants to
match Spline-FRIDA drawings with human drawings that have
the same stroke style. More specifically, for each participant,
we selected a random human drawing, along with five robot
drawings (a random row of Fig. 6), and asked them to pick
the robot drawing that best matched the style of the human
drawing. We told participants to “focus on the characteristics
of individual strokes, such as their trajectories, shapes, and
curves.” The results of this experiment are seen in Fig. 7.

The high values of Fig. 7 along the diagonal suggest that,
in general, participants were able to choose the correct human
drawing used to style each robot drawing. Style 5 seemed
to be particularly distinguishable. Meanwhile, style 1 was
often confused with style 4, and style 2 was confused with
style 3. Nevertheless, all five encoded styles are most strongly
associated with the correct human drawings.

The second part of the survey asked participants’ subjective
opinions on Sharpie drawings made by FRIDA vs. Spline-
FRIDA. Each participant was shown an objective image and
two robot drawings of it, one from FRIDA and one from
Spline-FRIDA. Both robot drawings were executed on the
physical robot so that any Sim2Real gap comes into play. The
questions and tallied responses are shown in Table I.

Respondents believed that Spline-FRIDA’s drawings, in
comparison to FRIDA’s, appeared more human-made, had
higher overall quality, better matched the reference image,
and were more artistic. Respondents also perceived the Spline-
FRIDA drawings as more “abstract”, although opinions on this
were somewhat split.

B. Trajectory Distributions

In Fig. 8, we visualize the latent space for our TrajVAE
trained on multiple drawing sessions. We encode all of the
human trajectories into latent vectors, then project them down
to 2 dimensions using t-SNE [26]. We then draw each human
trajectory at its corresponding 2d coordinates. We observe hu-
man trajectories spread throughout the space, forming several
homogeneous clusters. This structured organization indicates
that TrajVAE effectively learns a correlation between trajec-

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.



6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED APRIL, 2025

Artist Drawing
Ob

je
ct
iv

e
1 2 3 4 5

Fig. 6: Example drawings made by Spline-FRIDA. Each column represents a distinct trajectory style and each row uses a different
objective. The top row contains original drawings made by human artists on our mocap system. One VAE was fine-tuned on each human
drawing and used to plan the drawings in each column.

Fig. 7: Confusion matrix for matching task. The x-axis represents
the index of the specific TrajVAE used to generate the drawing, and
the y-axis represents the index of the human drawing participants
thought was most similar. The five human drawings/styles the same
ones as in the top row of Fig. 6, with the same order.

Fig. 8: Mapping the latent space. We visualize the TrajVAE latent
space by drawing trajectories at their respective coordinates, projected
down to 2 dimensions via t-SNE. To generate this plot, we use a
TrajVAE that is trained on multiple sessions of human trajectory data.
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tories and latent vectors. Consequently, an optimization-based
planning algorithm is likely to be effective.

C. Brush Stroke Dynamics Modeling Experiments

The purpose of a stroke dynamics model is to differentiably
render trajectories. We experiment with four different methods
and evaluate them both quantitatively and qualitatively in a
controlled experiment.

1) CNN: Our baseline, a convolutional neural network
starting with a fully connected layer and followed by several
transposed convolutions. This is analogous to FRIDA’s [10]
renderer architecture, but takes full trajectories rather than the
parameterization (length, bend, height) that FRIDA uses.

2) CNN with CoordConv: To render a trajectory, one
subproblem the renderer must solve is mapping Cartesian
coordinates to one-hot pixel space. Liu et. al. [27] showed
that traditional CNNs can have difficulty with this, so we
implement their suggestion of using CoordConv layers instead
of traditional convolutions. This means adding two additional
channels to the input of each convolution: one containing the
x-coordinates of each pixel, and the other containing the y-
coordinates.

3) Traj2Stroke: This is our main method, with the rule-
based transformations, that was described in Section V-D.

4) Traj2Stroke with U-Net: Our main method, but with
an additional convolutional network attached after the output
layer. The goal of this additional network is to refine the
Traj2Stroke output by learning subtle effects such as texture
and bristle drag. Its architecture closely follows that of U-Net
[28]. We freeze the U-Net weights during the first half of the
training and unfreeze them for the second half. The purpose
of this is to train the Traj2Stroke portion first and get it as
close as possible to the ground truth, before using the U-Net
to refine it. Inspired by the success of ControlNet [29], the U-
net is initialized with a zero-convolution final transformation
so that it initially performs the identity function.

Since generating training strokes and training a new dynam-
ics model for every new stroke style is time consuming, the
ability of the dynamics model to generalize to unseen styles is
important. In order to evaluate generalizability, we train and
test the stroke model on trajectories from different distribu-
tions. More precisely, we create two datasets, A and B. Both
datasets contain (trajectory, stroke image) pairs. For dataset A,
the trajectories are sampled from a generic TrajVAE, trained
on a session that we judge to have good stroke diversity. For
dataset B, we use trajectories from more specialized TrajVAEs,
trained on sessions with very unique styles. We train the model
using dataset A, and we evaluate generalizability by checking
its performance on dataset B.

We run the experiment twice, once for each of two drawing
mediums: a sharpie and a thin paintbrush. The experiment
results can be seen in Table II. The Traj2Stroke architecture
without U-Net achieves the lowest loss on sharpie strokes.
Adding the U-Net hurts performance on sharpie strokes,
though it achieves the best results on brush strokes. There
is not a substantial increase in performance from using Co-
ordConv over traditional the pure CNN architecture.

Medium CNN CNN
w/ CoordConv Traj2Stroke Traj2Stroke

w/ U-Net

Sharpie .00107 .00095 .00055 .00098
Brush .00162 .00163 .00158 .00153

TABLE II: Quantitative comparison of stroke models. This table
shows the average L1 loss of each stroke model when predicting
either sharpie or brush strokes (lower is better). Loss is calculated on
dataset B (out-of-distribution) trajectories only. Traj2Stroke achieves
the best results for sharpie strokes, and Traj2Stroke with U-Net is
the best for brush strokes.

Ground Truth CNN w/ CoordConv Traj2Stroke w/ U-Net

Fig. 9: Visualizing the outputs of various stroke models. The first
three rows contain sharpie strokes, and the last three contain brush
strokes all of which were made from samples using TrajVAE models
not used for training.

Visually, example predictions generated by each model
can be seen in Fig. 9. All examples are from dataset B,
meaning that these trajectories are out of distribution from the
training set. The vanilla CNN with and without CoordConv
fails to generalize in certain cases. The Traj2Stroke model
performs near-perfect for the sharpie strokes and captures
the general shape of the brush strokes. Adding the U-Net to
Traj2Stroke helped capture the texture of the brush strokes,
but the added parameters hurt generalization to very out-of-
distribution strokes, such as the star example.

Based on these findings, we choose to implement the base
Traj2Stroke model (without U-Net) for Spline-FRIDA. As
illustrated in Fig. 10, the resulting Sim2Real gap for Sharpie
drawings is very low. This is a huge improvement compared
to the original FRIDA results depicted in Fig. 2.

VII. LIMITATIONS/FUTURE WORK

In this paper, we focus on capturing style by modeling brush
stroke trajectories. However, these are intra-stroke attributes
and we do not consider other aspects of style, including inter-
stroke style elements.

Additionally, Spline-FRIDA is computationally expensive
(400-stroke paintings take approximately one hour to plan for
on a machine with an NVIDIA GeForce 4090). Hardware
memory constraints also force us to optimize only a subset
(80 in practice) of strokes at a time. Beyond computational
inneficiencies, the optimization methods for stroke-based ren-
dering in general are susceptible to local minima. Results are
dependent on stroke parameter initialization. In future work,
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Plan Execution

Fig. 10: Spline-FRIDA’s low Sim2Real gap. We compare a plan
made by Spline-FRIDA with its execution (physically drawn with a
robot). The top row with a black marker, and the bottom row with a
paint brush.

we would like to explore training models, such as reinforce-
ment learning agents, to perform stroke prediction. This could
improve runtime planning speeds, memory constraints, and
potentially help avoid local minima.

VIII. CONCLUSIONS

In this paper, we introduce Spline-FRIDA, a method to
enable a human user to create sketches and paintings using a
robot in a diverse range of stroke styles. Using motion capture,
we collect datasets of human stroke trajectories in multiple
styles, which we capture with variational autoencoders. We
find that the existing stroke dynamics model fails to render
these complex strokes, so we introduce a novel method,
Traj2Stroke. Our evaluations with human subjects indicate
that Spline-FRIDA effectively captures the style of human-
created illustrations and produces renderings that more closely
align with the reference image than the previous model. Our
findings also reveal that these flexible strokes lend a more
artistic and human-like appearance, distinguishing them from
typical robotic creations.
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