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Abstract

Designing limbed robots is a complex, multidisciplinary task that typically re-
quires substantial effort from experienced engineers. In this paper, we present a novel
automatic robot design framework based on Decomposition-Optimization-Assembling
(DOA) to address this challenge. Our framework enables non-experts to create per-
sonalized limbed robot designs from media inputs, such as text and images, within
minutes to a few hours. Our system leverages recent advances in generative Al and 3D
printing to produce designs that match the descriptions provided in the input media.
The output consists of selected motors and 3D-printable mechanical components that
can be assembled into a limbed robot. To handle the large design space and intricate
details in fabrication and assembly, we formulate and solve a series of optimization
problems involving actuators, geometry, and structural density. We validate the pro-
posed system by designing and fabricating a centaur robot based on an image input.
Furthermore, we demonstrate the system’s versatility and effectiveness through the
generation of a wide variety of limbed robot designs.

Introduction

Limbed robots have drawn significant attention in recent years. These robots include popular
designs such as quadrupeds [1, 2, 3, 4] and humanoids [5, 6], as well as other bio-inspired
designs like rat [7], salamander [8], spider [9] and kangaroo [10] robots. Numerous designs
have been developed to support diverse applications. However, designing limbed robots
remains a complex, time-intensive, and multidisciplinary challenge that demands expertise in



fields such as mechanical engineering, electrical engineering, industrial design, and materials
science, which makes it challenging for non-experts to create functional limbed robots.

Recent advancements in generative artificial intelligence have enabled the creation of
3D models of any object from media inputs such as text and images [11, 12, 13, 14, 15, 16],
which are more accessible to non-experts and convey personalized design information. These
advancements allow individuals without expertise in 3D modeling to generate high-quality
3D models by providing a text description or an image. This development prompts the
question: can the robot design process be made as simple as providing media inputs to a
computer program? Specifically, an automatic robot design system capable of generating
limbed robot designs from media inputs like text and images would make the design process
accessible to non-experts, empowering everyone to create personalized limbed robots and
opening new possibilities in education and entertainment with robotics.

The automatic design of robots, situated within the domain of computational design,
remains in its early stages. Existing methods typically fall into two categories:

The first category focuses on improving key parameters of a robot to achieve a target
motion or maximize locomotion performance. Early works in this category aim at realizing a
desired motion trajectory or space for joints or end-effectors in a mechanical structure. These
methods typically adjust linkage topology [17, 18], actuator placement [19, 20], elasticity [21]
and mechanical component selection and arrangement [22, 23, 24] to produce the desired
motion trajectory or space. A recent focus has been the co-optimization of morphology
parameters and control to enhance task performance, especially in locomotion. This includes
works on quadruped robots [25, 26, 27, 28], general limbed robots [29, 30], and soft robots [31],
where parameters such as limb length and joint configuration are optimized to reach the best
performance when a reinforcement learning-based or model predictive controller is used. In
addition, David et al. [32] optimized the placement of voids and muscle patches in a soft robot
to enable motion driven by a pneumatic actuator. While these methods can yield effective
designs for specific tasks, their design space is limited to one or several key parameters of a
manually designed robot or a simple mechanical structure, limiting their ability to explore
new and personalized robot designs.

The second category emphasizes the composition and arrangement of predesigned mod-
ular components to realize personalized robot designs. These approaches often provide a
library of actuators and manually designed mechanical structures, and use optimization or
user input to configure them into functional robots. For example, Zhao et al. [33] used graph
grammars to represent robot designs and employed heuristic search for optimal component
arrangements. Megaro et al. [34] developed a user interface (UI) that allows users to edit
the skeleton structure and high-level motion of a limbed robot. The robot is then designed
using a composition of off-the-shelf servo motors and predefined mechanical components.
Later, Desai et al. [35] created an expanded library with mounting brackets. Users can
drag and drop components from the library to complete a robot design. A search-based
semi-automatic completion mode was also introduced to enable design based on functional
characteristics. Schulz et al. [36] further increased design flexibility with print-and-fold com-
ponents and a user guidance system. In addition, Desai et. al. [37] considered emotional
expressions in robot behaviors, and Feng et al. [38] focused on skinned quadrupeds. The
work of Du et al. [39] developed a system tailored to the design of multicopters, providing a
database of motors, body frames, and carbon fiber rods for user selection. Some key param-



eters of components were further optimized to ensure stable flight. Although these methods
facilitate user-driven customization, they are inherently limited by the scope and granularity
of predefined mechanical components, which require significant manual design effort.

Our approach aims at generating personalized robot designs, including mechanical struc-
tures and actuator systems, directly from media inputs. These media inputs, while abstract
and lacking technical design details, emphasize the artistic and morphological aspects of
the robot. Their expressiveness and diversity stem from the ease with which individuals
can describe or visually depict their envisioned robots through language or imagery. De-
spite advances in the aforementioned works, designing robots directly from media inputs
remains an underexplored and challenging problem. Specifically, two major challenges must
be addressed:

The first challenge lies in the large design space. Existing computational design systems
typically restrict the design space to a few key parameters of manually designed mechanical
components (e.g., lengths of legs [25, 26, 27, 28] or rods [39]), the selection and placement
of actuators or joints [34, 29, 30, 40], or the arrangement of predefined modular components
in a “composition” paradigm [41, 42, 33, 36, 37, 38, 39]. However, these manually designed
mechanical components heavily limit the diversity of the resulting robot designs. To design
a personalized robot that resembles the descriptions in the media inputs, existing works
still require experienced designers to manually build the Computer-Aided Design (CAD)
model of the entire robot or its components at the beginning. The main challenge lies in
determining actuation and geometry under fabrication constraints, a process that remains
labor-intensive and difficult to scale. We aim to fully automate the robot design process from
media inputs to a functional robot, thereby significantly reducing manual labor and design
time. Consequently, the geometry shape and material of the mechanical components and the
actuator system should all be designed to generate a robot that aligns with the descriptions
in the media inputs, which introduces a much larger design space.

The second challenge arises from the intricate fabrication and assembly details. Fabrica-
tion details are typically overlooked in existing computational design systems. To ensure the
feasibility of a design for a functional robot, expert designers must consider many intricate
details, such as the mechanical properties of each component, processability, interference
between components during motion, and assembly interference. Existing methods require
designers to manually build the CAD model of the robot [25, 26, 27, 28, 43] or its modular
components [41, 42, 33, 36, 37, 38, 39] to address these details. However, since we design
our system to automatically generate diverse mechanical structures, it must also address
these fabrication and assembly details for each robot design. This requirement also poses a
significant new challenge for the system.

This paper proposes a novel “decomposition-optimization-assembling” (DOA) based au-
tomatic robot design system to address the aforementioned challenges. The system auto-
matically generates fabricable limbed robot designs from unstructured meshes produced by
text/image-to-3D generative models, advancing toward text/image-to-robot design.

An overview of the system is shown in Fig. 1. Given a text or image input, a preprocess-
ing step, composed of a text/image to 3D model generation tool [44] and pose estimation
model [45], is first used to generate an initial mesh that resembles the descriptions in the
input and the initial joint configuration. The joint configuration specifies joint positions,
DoF (currently one or two), and motion axes, with all joints modeled as revolute. We adopt



Bite [45] to estimate initial joint configurations for quadruped-type animals. For cases where
joint configurations cannot be reliably inferred (e.g., the Lynel character in our experiments),
we provide a Ul that enables interactive joint addition and modification. Subsequently, the
system automatically decomposes the initial mesh into initial mechanical components, i.e.,
links such as the thighs, shanks, arms, and bodies of a limbed robot. Three optimization pro-
cedures are then performed automatically: actuator optimization, geometry optimization,
and density optimization.

The actuator optimization aims to select the proper actuators and optimize their
configuration. A library of off-the-shelf motors with varying sizes and torques is used to
define the search space for actuator selection. The goal is to optimize the type and pose of
each motor to 1) keep close to the initial joint position and align the motion axes, 2) bring
less change to the original shape of the robot, 3) provide enough but not excessive torque to
actuate the links, and 4) avoid interference between each other. These goals are encoded as
kinematic alignment cost, mesh coverage cost, torque constraints, and inference constraints,
respectively, and we formulate a mixed-integer and non-linear optimization problem based
on them and solve by evolutionary algorithm. More details are provided in the Materials
and Methods section.

The geometry optimization aims to adjust the mesh generated from the preprocessing
step so that the motors can be mounted on the links and the interference between the links
during motion can be avoided, while the shape of the robot is kept close to the initial mesh.
Considering the high complexity of this problem, we first voxelize the initial mesh and turn
the problem into three sub-problems: 1) mesh expansion, 2) key voxel searching, and 3)
motion interference removal. These sub-problems reallocate the free or occupied status of
the voxels for each link to meet the aforementioned goals. Algorithms are proposed to solve
these sub-problems in the Materials and Methods section. The mesh is then reconstructed
from the voxels using the marching cubes algorithm [47].

At this step, the system can already output a rough Unified Robot Description Format
(URDF) file of the robot, which can be used in simulations. However, the robot is not feasible
for real-world fabrication, since many fabrication details, such as the material and mechanical
properties of the links and how they can be assembled, have not yet been specified.

Considering recent advancements in 3D printing and meta-materials, we propose opti-
mizing the density of the links to ensure they are suitable for 3D printing while achieving
the desired mechanical properties. Since the density of the meta-material is the primary
variable in this process, we call this step density optimization. The mechanical properties
are evaluated by Finite Element Analysis (FEA) in a programmatic approach. For each link,
the density is optimized to balance the weight and Von Mises Stress. The mesh is then filled
with a six-fold plate lattice structure [48], with the skin preserved.

The final step of our system addresses the assembly details. Since screws are not friendly
with our top-down decomposition design and 3D printing approach, we propose using a
mortise and tenon structure to connect the motors and links. We search for the optimal
direction of the mortise and tenon structure to reduce interference during assembly. Further
assembling interference is tackled by mesh subtraction operations.

The overall output of the system is a list of motors and a set of 3D printable mechanical
components that can be assembled into a limbed robot. Details of the system are described in
the Materials and Methods section. Our system addresses the two aforementioned challenges
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Figure 1: Proposed system overview. (A) System input, which can be a text or an image
(the used image can be found in [56]. (B) Preprocessing step that generates the mesh and joints
of the text or image. (C) Automatic limbed robot design system. Black arrows indicate the
system’s operational flow. Solid boxes represent subprograms within the system, while dashed
boxes represent data. (D) System output composed of 3D printable mechanical components and
a motor list. (E) Assembled robot, which is a Centaur named “Lynel” designed from the image
input. “Lynel” is a character from the video game “The Legend of Zelda: Breath of the Wild”.



as follows. First, starting from a new “decomposition” based automatic design paradigm, our
system uses text/image to 3D model to generate an initial mesh, decomposes the mesh into
different mechanical components, and then improves them through optimization. Therefore,
our system is not fixed to a set of predefined modular components. Instead, it can generate
diverse shaped mechanical components that match the descriptions in the media inputs.

Second, leveraging recent advancements in 3D printing and meta-materials, our system
can handle fabrication details such as material, mechanical properties, and processability of
the components. In addition, interferences between components during assembly and motion
are considered in the geometry optimization and assembling detail handling steps using voxel-
and mesh-based operations, respectively. The final output consists of 3D printable mesh files
that can be directly assembled into a functional limbed robot.

Using our system, non-experts can create personalized and diverse limbed robot designs
within several minutes to a few hours without needing to handle the technical details of the
design process and intricate fabrication details. The system keeps production costs low while
automating the transformation of text and images into functional, fabricable robots. This
streamlines the transition from conceptual modeling to physically realizable robotic systems.

Results

This section presents the results of our system in three parts. First, we present the design
result of a Centaur generated from an image input. The designed robot is fabricated, assem-
bled, and tested in the real world. Next, we show quantitative automatic design results with
the Stanford Dogs dataset [51]. Finally, additional results with different input modalities,
including text, image, and 3D model, are presented.

Design Result of a Centaur

This subsection presents the result of a Centaur designed from an image input. The input
image is shown in Fig. 1 (A), a character named “Lynel” from the video game The Legend
of Zelda: Breath of the Wild. The initial mesh is generated from the image using Meshy [44].
Since this character has a non-standard joint configuration (unlike the quadrupeds discussed
in the next subsection), we specified the initial joint positions, DoFs and motion axes using
our Ul during preprocessing. Subsequently, mesh decomposition and the remaining steps of
the system are performed automatically to produce the final design result. Recent work [49]
has introduced a method capable of generating joints for such characters, which could be
integrated into our system in the future.

The joints include two DOFs for each hip and shoulder, one DOF for each knee and
elbow, and one for the waist, totaling 19 DOFs. We set the rotational range of each joint to
+1 rad and the voxel resolution to 0.5 cm. The automatic design process takes around eight
hours on a computer equipped with an AMD R9-5900X CPU. Intermediate results of each
step are shown in the Materials and Methods section. We show the final robot designed and
assembled in Fig. 2.

Fig. 2 (A) shows the real 3D-printed mechanical components of the system’s mesh output.
These components include the lower and upper bodies, thighs, shanks, forearms, and upper
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Figure 2: Result of a Centaur. (A) 3D-printed mechanical components of the robot. The initial
joint configurations are specified via our UI during preprocessing. Mesh decomposition and the
subsequent steps of our system (Fig. 1C) are performed automatically. (B) Selected motors in the
actuator optimization step and the dovetail connectors. (A) and (B) constitute the result of the
automatic robot design system. The original input image is shown in Fig.1 (A). (C) Decorating
tools to color the robot and add more facial details. (D) Control board of the robot. (E) Assembled
robot with no decoration. (F) Assembled robot with decorations in motion.



arms. Each component is filled with a six-fold plate [48] lattice structure with the optimized
density. The inner structure of one component is illustrated in the bottom center of (A).
Each component is also integrated with a dovetail connector in the design to interface with
the motors. We used a Bamboo Lab P1s printer and low-cost Polylactic acid (PLA) material
to print the components. All mechanical components are directly printed without further
modification.

The selected motors and the corresponding dovetail connectors on the motor side are
shown in Fig. 2 (B). Twelve DM6006 motors and seven MG4005 motors are selected from a
motor library consisting of five motors with different sizes and torques. Specifications of the
motors are provided in Table S1 of the supplementary material. In the assembly process,
the dovetails connectors on the motor side are first attached to the motors using screws
compatible with each motor. Then the motors with dovetail connectors and the mechanical
components are assembled together using the optimized dovetail direction without the need
for additional screws. The assembled robot is shown in Fig. 2 (E). To control the robot,
we use an Up Board computing board with an SPI to CAN converter to calculate and send
control commands to the motors. The lower body, with twelve motors, is controlled using
Champ [50], while the upper body, with seven motors, is operated via a joystick.

We additionally apply color and decorations to enhance the robot’s resemblance to the
character. The final robot is shown in Fig. 2 (F). The total weight is about 15 kg. It can
walk and move joints to realize various poses. The first two rows depict the snapshots of
the robot in various poses during motion. The third row shows a profile view to better
illustrate the lower body gait and the motion. Additional motion results are available in the
supplementary video.

Quantitative results with quadrupeds

This subsection presents the quantitative results with image inputs from the Stanford Dogs
dataset [51]. One hundred randomly selected images from the dataset are used as input to
our system. Since dogs have standard joint templates, a 3D pose estimation model Bite [45]
is used to generate both the initial mesh and joint positions. The neutral pose mesh and
joint positions are used to keep the limbs straight and avoid intersections. The joint degrees
of freedom follow the 12-DOF configuration of a standard quadruped robot [1, 2, 3, 4]. The
motors used in the motor library are listed in the supplementary material. These motors are
popular off-the-shelf modules available on the market. Since the actual sizes of the dogs are
not known from the image, we normalize the width (usually from the leftmost point on the
left shoulder to the rightmost point on the right shoulder) to 20 cm. If the design fails, the
mesh is scaled up by 10% and a new design round begins, continuing until success or until
the scaling limit is reached (up to eight times). The voxel size is set to 1 cm. The results
are shown in Fig. 3.

In Fig. 3 (A), the results of three dogs with different body shapes are shown in URDF
form. A neutral pose of each designed robot is illustrated. The red meshes indicate the
motors with connectors.

In subplot (B), we report the conditioned success rate and time consumption of the design
process as functions of the number of design rounds. We introduce the term “conditioned”
to indicate that these designs are not physically fabricated or assembled, but are instead



Figure 3: Results with the Stanford Dogs dataset [51]. A) presents the resulting URDFs of three
di erent dog pictures. (B) illustrates a plot of the conditioned success rate and time consumption
increasing with the number of design rounds. C) and (D) further reveal the distribution of the
time consumption and the causes of failure. ) shows the similarity between the mesh of the
nal components and the initial mesh in the preprocessing step. F) and (G) present the average
relative density categorized by the design rounds and the link types, respectively.



