Computational Design of Terrestrial Robots with Anisotropic Friction
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Fig. 1. A robot skis down a slanted terrain by jointly optimizing its actuator control policy and the orientation of anisotropic friction on its ski boards. The two
ski boards adopt distinct optimized friction orientations of 19° and 64°, defined as the angle between the forward direction and the principal axis of the
anisotropic friction configuration. As shown in (a—e), the robot performs smooth curved trajectories, sharp turns, and a sudden braking maneuver to stop

precisely at the target, showcasing the agile locomotion enabled by the anisotropic friction and our proposed pipeline.

Anisotropic friction is a critical source of propulsion for efficient locomo-
tion of many terrestrial animals. The interplay between animal morphol-
ogy, control, and anisotropically frictional contact makes designing optimal
anisotropic friction for terrestrial locomotion intriguing and challenging.
We propose a computational pipeline for co-designing anisotropic friction
and controllers of terrestrial robots with diverse morphologies. Our pipeline
presents a co-design algorithm that alternates between optimizing direction
of anisotropic friction and training a neural network controller to improve
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the locomotion performance of a given robot morphology. Based on the
intuition that controller’s performance does not change significantly when
the frictional force differs slightly, we introduce the concept of trust-region
into robot co-design, allowing the controller network to continue training
from the previous iteration. Our evaluation on various morphologies show
that anisotropic friction is critical for terrestrial robot locomotion, and our
pipeline is statistically better than current state-of-the-art methods. Fur-
thermore, we reveal that large language models (LLM) constitute a strong
baseline for this kind of co-design problems, worth receiving more attention.
We demonstrate that co-designing anisotropic friction and control unlocks
effective locomotion in various downstream tasks, including locomotion on
uneven terrain, navigation in a maze, and object manipulation. To validate
our pipeline in the real world, we design and 3D print a variety of scales
and systematically measure their anisotropic friction coefficients. Then we
construct a multi-link robot with anisotropic scales designed by our pipeline
and compare its performance with isotropic scales. Our real-world exper-
iments confirm that isotropic scales are insufficient to support terrestrial
robots’ locomotion abilities, and computationally co-designing friction and
control enables robots to perform tasks including turning, slithering, and
other non-trivial locomotion tasks.

CCS Concepts: « Computing methodologies — Modeling and simula-
tion.
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1 Introduction

Many terrestrial animals, such as snakes, anguid lizards, and amphis-
baenians, leverage anisotropic friction for locomotion [Gans 1962;
Hu et al. 2009; Marvi et al. 2014]. The significant role of anisotropic
friction in locomotion, as opposed to its isotropic counterpart, can
be intuitively demonstrated using simple computational examples
(Fig. 2) and has also been confirmed by previous work [Qi et al. 2023].
The efficacy of anisotropic friction in locomotion has inspired re-
searchers to propose designs of biomimetic robots, e.g., snake robots
equipped with scales that exhibit anisotropic friction for slithering
[Marvi et al. 2011; Rafsanjani et al. 2018; Serrano et al. 2015]. Com-
pared with these manual robot designs, computationally designing
robots that exploit friction for locomotion is much less explored
due to the intricate interplay between their friction and control, de-
spite the promising success of computational robot design in related
topics [Hu et al. 2023; Jeon et al. 2025; Lu et al. 2025].

Our work studies the computational design of terrestrial robots
that exploit anisotropic friction to accomplish locomotion tasks.
Unlike many existing robot co-design works that explore robot link
and joint designs and their controllers [Gupta et al. 2022, 2021; Hu
et al. 2023; Jeon et al. 2025; Lu et al. 2025; Zhao et al. 2020], we focus
on a much less explored topic: co-optimizing anisotropic friction
and control for a given robot link and joint design. To achieve this
goal, we develop a computational pipeline that models an articu-
lated rigid-body robot with anisotropic frictional contact, simulates
its motion under closed-loop control, co-optimizes its anisotropic
friction and control, and finally, creates its fabrication plan for sim-
to-real deployment (Fig. 3).

At the core of our pipeline is a novel co-optimization algorithm to
address the key challenge in bi-level optimization typically encoun-
tered in robot co-design: evaluating a robot design (in our case, the
anisotropic friction in each link) requires first solving an optimal
controller for it, which typically involves expensive reinforcement
learning (RL). To tackle this challenge, we draw inspiration from
the trust-region method [Nocedal and Wright 2006] and develop a
new robot co-optimization algorithm with two key insights: First,
we update our anisotropic friction design within a trust region
and maintain a controller shared by all designs in the trust region,
eliminating repeated RL training whenever exploring a new design.
Second, we update the shared controller whenever the friction de-
sign and its trust region are updated. Because the trust region allows
only mild changes to the friction design, we have observed that it
is typically sufficient to run modest fine-tuning rather than full RL
training to update the shared controller. These two insights lead to
a novel and effective co-optimization algorithm for our problem.
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We compare our co-optimization algorithm with competitive
baselines to analyze its performance. We identify BodyGen [Lu et al.
2025], one of the latest methods in robot co-design, as a state-of-
the-art (SOTA) baseline. We also construct robot co-designs driven
by GPT-5 and Qwen3, two recent large language models (LLMs), as
baselines. Such LLM-driven designs have not been fully explored in
robot co-design research. Yet, their performance in our problem is
highly competitive compared with BodyGen, suggesting the poten-
tial of LLMs for robot co-design. Compared with these baselines, our
co-optimization algorithm consistently discovers designs with sub-
stantially higher performance on representative robot morphologies
after repeated experiments, highlighting the value of introducing
trust-region methods to robot co-design.

We demonstrate the efficacy of our computational design pipeline
by co-optimizing a robot’s anisotropic friction and control to accom-
plish locomotion tasks that require substantial usage of anisotropic
friction, including navigating in a maze (Fig. 7), delivering an object
(Fig. 8), and skiing with a hard stop (Fig. 1). Finally, we transfer the
optimized anisotropic friction design and control to a real-world
robot and demonstrate its effective turning, slithering, and point-
tracking capability. Notably, some of these tasks are known to be
challenging for robots with isotropic friction, as confirmed by our
hardware experiments (Sec. 8.2) and prior works [Qi et al. 2023].
Code and hardware data for this paper are at https://github.com/
Hang-Hul/snake.git.

We summarize our contributions below:

(1) We develop a computational design pipeline for simulating,
co-optimizing, and fabricating robots that leverage anisotropic
friction to accomplish locomotion tasks;

(2) We propose a robot co-optimization algorithm that presents
a novel adoption of trust-region methods within a classic
bi-level optimization scheme for robot co-design problems;

(3) We conduct extensive evaluations to demonstrate that, for
our problem, our robot co-optimization algorithm achieves
substantially better performance than competitive baselines,
including several variants of the state-of-the-art (SOTA) robot
co-design methods and designs driven by the large language
models (LLMs).

(4) We demonstrate the efficacy of our pipeline by co-designing
anisotropic friction and robot control to accomplish various
tasks in simulation and in the real world.

2 Related Work

Computational design of robots. Computational design of robots
explores computational methods that jointly optimize robot mor-
phology (e.g., robot shape or link-joint connection) and control.
Previous research in this field has studied the design of a wide range
of robots, including rigid and soft robots in flying, walking, and
swimming tasks [Du et al. 2016; Gupta et al. 2022, 2021; Hu et al.
2023; Le et al. 2024; Lu et al. 2025; Ma et al. 2021; Umetani et al. 2014;
Wang et al. 2023; Zhao et al. 2020]. Our work falls into this cate-
gory but differs from existing research by studying robot co-design
problems involving anisotropic friction and control for locomotion
tasks, a topic unexplored in many computational design papers.
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Fig. 2. Motivating Example. A planar two-link robot is actuated by a periodic
signal at the hinge joint. The trajectory of the robot’s center of mass is
illustrated by red dots. (a) isotropic friction p = 0.2; (b) isotropic friction
4 = 0.8; (c) anisotropic directional friction with p, = 0.2 and p_ = 1.0;
(d) anisotropic left-right friction with pey = 0.2 and pight = 1.0. Despite
identical actuation, the robot exhibits negligible net displacement under

isotropic friction ((a) and (b)), whereas anisotropic friction induces smooth
and directed locomotion ((c) and (d)).

Friction in locomotion. Many terrestrial animals utilize anisotropic
friction to generate efficient locomotion gaits. One of the most
well-known and extensively studied examples is snake slithering
[Hu et al. 2009; Marvi et al. 2013; Marvi and Hu 2012; Marvi et al.
2011]. A large number of studies in mechanical engineering have
built real-world robots to reproduce the anisotropically frictional
locomotion [Han et al. 2015; Ji et al. 2022; Qi et al. 2023; Serrano
et al. 2015; Shen et al. 2021; Tramsen et al. 2018]. Previous work
[Qi et al. 2023] has also demonstrated that a biomimetic snake
robot with isotropically frictional scales struggles to move effectively,
confirming the significance of studying the design of anisotropic
friction in such locomotion problems. We differ from the biomimetic
research in this category in that we contribute a computational
pipeline for exploring unseen designs, whereas biomimetic research
emulates known designs in nature.

Optimization methods. Many previous studies treat robot co-design
as a bi-level optimization problem: a high-level optimizer selects
a robot morphology, and a low-level optimizer finds an effective
controller for that morphology. Optimizers for selecting robot mor-
phologies include Bayesian optimization (BO) [Hu et al. 2023], graph
heuristic search [Zhao et al. 2020], evolutionary algorithms [Gupta
etal. 2021], and large language models (LLMs) [Song et al. 2025]. Pop-
ular optimizers for the low-level control include model predictive
control [Hu et al. 2023; Zhao et al. 2020] and reinforcement learning
(RL) [Gupta et al. 2021]. Similar to these studies, our work combines
BO with RL, and our novelty lies in proposing a trust-region (TR)
method that bridges the morphology and control optimizers in this
bi-level optimization of robots.

Unlike the bi-level optimization discussed above, BodyGen [Lu
et al. 2025] and other recent robot co-design studies [Gupta et al.
2022; Yuan et al. 2022] advocate for jointly solving shape and control
in a single, unified optimization problem. We have investigated this
line of research and found that, while solving it yields effective co-
design solutions for our problem setup, its locomotion performance
is substantially worse than that of our bi-level optimization method
or a preliminary LLMs-driven design.
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3 Design Space

This work considers rigid robots with articulated joints in contact-
rich locomotion tasks. While co-designing morphology and brain
for such locomotion robots is not a new problem [Gupta et al. 2021;
Hu et al. 2023; Lu et al. 2025; Zhao et al. 2020], morphology design
in existing works only explores structures (i.e., different link-joint
connections and shapes of links) and does not consider the influence
of different friction profiles, especially the design of anisotropic fric-
tion. Our research differs from these works and is complementary,
as we focus on co-designing the anisotropic friction of each link
and the controller for each joint, given fixed robot structures.

Robot topology. The topology of a robot is defined as an undirected
graph G = (V, E), where each node is a link of a robot, and each
edge represents a hinge joint connecting two links.

Anisotropic friction design. We use an 8-point radar chart to de-
scribe the friction profile of a link, where the 8 values represent
the friction coefficients at 8 points spaced 45° apart on the con-
tact plane (Fig. 3), which appears in bio-inspired design of robots
[Qi et al. 2023]. With this parametrized friction profile, we adopt
the classic maximal dissipation principle [Andrews et al. 2022] to
compute the frictional force.

Based on our observations from extensive simulation and hard-
ware experiments, we find that given an anisotropic friction profile,
changing the direction of the profile (rotating the profile in the radar
chart) has a more significant impact on the locomotion performance
than perturbing the 8 components of the profile. Taking the simplest
2-link robot in Fig. 2 as an example, when the friction profiles of
links are rotated by a certain angle, the robot’s trajectory will shift
by approximately the same angle. Therefore, in order to increase
optimization efficiency without reducing too much representation
capability, we fix the friction profile for each link and instead opti-
mize its orientation. From this idea, each link V; € V is assigned a
real number d; € [0, 27) to denote its orientation. The design space
of anisotropic friction is the set of orientations d = {d;|V; € V}.

Controller design. We apply a standard multi-layer perceptron
(MLP) neural network controller to our randomly generated robot
morphology with scales:

a=w(s), )

where 7 is the network controller with w its learnable parameter,
s the state of the robot, and a the generated action. We define the
robot’s state as s = (d, q, ¢, k) where d denotes the orientations of
the links, q represents the generalized coordinates formed by the
joint angles, g denotes the corresponding generalized velocities, and
k denotes auxiliary information related to the task. The action a
comprises the reference position of each hinge joint, which is then
used to compute the torque via a PID controller.

4  Simulation

The design process in Sec. 3 generates robots with rigid links, artic-
ulated joints, and anisotropically frictional scales. Computational
design of such robots in contact-rich locomotion tasks requires a
simulator which carefully balances among speed, physical accuracy,
and robustness to support extensive evaluations of massive robot
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Fig. 3. Pipeline Overview. Our pipeline consists of four stages. Design: we co-design the friction profile by optimizing the orientations of anisotropic scales on
each robot link, together with the controller parameters applied to actuated joints (Sec. 3). Simulation: we develop a customized physics-based simulator to
evaluate locomotion performance (Sec. 4). Optimization: a two-level optimization framework alternately performs friction profile optimization using a trust

region strategy and controller optimization with reinforcement learning (Sec. 5). Fabrication: we measure anisotropic friction properties of 55 3D-printed
scales, fabricate the robot with optimized reoriented scales, and deploy the learned closed-loop control policies for real-world locomotion experiments (Sec. 6).

designs. For these reasons, we use MuJoCo [Todorov et al. 2012], a
classic simulator widely adopted in robot learning research [Brock-
man et al. 2016; Lu et al. 2025; Tassa et al. 2018], as our backbone
simulator. Because the current version of MuJoCo (3.3.0) does not
support our definition of friction profiles, we extend it with our
customized implementation of anisotropic friction (Alg. 1).

Equations of motion. The forward dynamics of our robots are
formulated as a Linear Complementarity Problem (LCP) subject to
contact constraints [Andrews et al. 2022]. The discretized equations
of motion can be generally written as:

M(q@) +c(g,4) =7+ (fa+ fo) + fext: p @
where M, ¢, and 7 represent the mass matrix, nonlinear forces, and
actuation torques, respectively. The terms J” f,, and J” f, handles the
normal force and friction force in contact interactions, respectively,
with J being the constraint Jacobian[Andrews et al. 2022]. Crucially,
we incorporate anisotropic friction into the friction force f; using
the maximal dissipation principle [Andrews et al. 2022]. Given the
sliding velocity v, the orientation-dependent friction coefficient M
(Sec. 3), the directions of friction profiles d and the normal force f;,
the frictional force f is solved by maximizing the energy dissipation:
fe= argmin o.-f, 3)
feF(M.d.fn)

ensuring the friction force optimally resists motion within the feasi-

ble region 7 defined by our anisotropic scales.

Time-stepping with anisotropic friction. We solve Eq. 2 with the
semi-implicit Euler time integration provided in MuJoCo. We inherit
the majority of computation in MuJoCo’s semi-implicit Euler imple-
mentation but override its frictional force with our implementation
of anisotropic friction (Alg. 1): assuming a link with its anisotropic

friction profile is in contact, we first compute its contact velocity véi)

and constraint force f,gi) (line 6). Then, we compute the anisotropic
friction fc(l) using the maximal dissipation principle (line 8), and
add it as an explicit force into the dynamic system (line 10).

Validation of anisotropic friction. To validate our customized Mu-
JoCo module, we reproduce a counterintuitive phenomenon of the
anisotropic friction [Erleben et al. 2020]. Unlike isotropic friction,
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Algorithm 1 Simulation Within One Timestep

1: Input: State of the m-th timestep g, friction profiles M, link
directions d

: Output: State of the (m + 1)-th timestep qm+1

: C « MuJoCo.CollisionDetection(q,)

¢ Fext <[]

: for each contact i € C do

vél), f,gl) « SolveContactVelocityAndConstraintForce(i)

/,l(i) « FindFrictionProfile(M, i)

Solve friction )
fc(z) — arg minfe?‘(p("),d(i),frfi)){Uél) - f}

B A A S A A4

9:  Foxt « Fext.append(fc(l))

10: end for

11: gm+1 < MuJoCo.SemilmplicitEulerIntegration(qm,, Fexr)
12: return q;+q1
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Fig. 4. Validation of anisotropic friction in our customized MuJoCo simula-
tor. Left: 8 boxes with identical anisotropic friction parameters are initialized
on a unit circle and pushed by outward-pointing impulses. The resulting
curved trajectories demonstrate the frictional force, determined by the max-
imum dissipation rule, may not align with the velocity direction. Right: The
directional friction coefficients used, visualized by the radar chart.

which is typically modeled as acting opposite to the direction of
relative velocity [Li et al. 2020], anisotropic frictional forces need
not be aligned with the relative velocity [Andrews et al. 2022] and
can lead to counter-intuitive curved trajectories. As shown in Fig. 4,
boxes subjected to impulses of equal magnitude but different direc-
tions exhibit trajectories that bend toward low-friction directions,
confirming that the implemented module behaves as expected.



5 Optimization

The optimization problem. With the definitions in Sec. 3, we now
provide a formal definition of our optimization problem. Given
the topology of a robot G = (V,E), where V = {V1,...,Vi}, the
friction profile of each link M = {u,..., y}, and the task re-
ward function f(-), We aim to optimize the orientation of each

link d = {dy, ..., d;} and the controller 7 to maximize the reward.
Specifically, the problem is formulated as:
d* = arg mjle(d, ) (4)
s.t. 7wy = argmax f(d, 7q). (5)
nq

This problem has some key properties. First, it is a co-optimization
problem because it couples both friction and control: the friction pa-
rameters alter the robot’s dynamics, and conversely, the controller’s
optimization determines the quality of the selected friction parame-
ters. Second, it is a bilevel problem because the control optimization
is nested within the friction optimization loop. Third, the degrees of
freedom (DoFs) in the friction and control optimization are highly
imbalanced: the number of links |d| is typically small (e.g., < 20),
whereas the controller parameter involves a vastly larger search
space, often exceeding 20,000 dimensions.

Challenges. Robot co-design of morphology (topology, shape, or
in our case, friction) and the controller is a classic problem in com-
putational design [Gupta et al. 2021; Hu et al. 2023; Jeon et al. 2025;
Lu et al. 2025; Zhao et al. 2020]. Many studies have proposed dif-
ferent combinations of optimizers for morphology and control to
tackle this bilevel optimization problem, e.g., combine Covariance
Matrix Adaptation Evolution Strategy (CMA-ES) for the high-level
shape optimization with RL for the low-level control optimization
[Gupta et al. 2021], or combine Bayesian Optimization (BO) or graph
heuristic search (GHS) for shape optimization and model predic-
tive control (MPC) for control optimization [Hu et al. 2023; Zhao
et al. 2020]. However, the bilevel optimization results in extensive
time spent running RL to optimize the low-level controller, while
MPC sacrifices the power of neural network control unlocked by
state-of-the-art robot learning. An alternative is to train a universal
controller [Gupta et al. 2022] to accommodate different morphol-
ogy parameters, which requires a collection of diverse morphology
examples beforehand and expensive pretraining on it.

Our method: trust-region robot co-design. The core bottleneck
in the aforementioned bilevel optimization lies in the evaluation
step: to strictly score a single friction design candidate, one must
train a corresponding controller from scratch using RL, which is
computationally prohibitive to repeat within an outer optimiza-
tion loop. A natural strategy to amortize this cost is transfer learn-
ing—initializing the controller for a new design using the converged
policy from a previous design. This allows for rapid fine-tuning
rather than full training. However, the effectiveness of such transfer
relies heavily on the similarity between the two tasks. If the fric-
tion parameters change too drastically (e.g., flipping the anisotropic
direction), the previous controller may be ill-suited or even detri-
mental to the new environment, causing fine-tuning to fail. Based
on this intuition, we argue that to fully leverage the efficiency of
controller reuse, we must constrain the search process to ensure that
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consecutive friction designs remain structurally similar. This natu-
rally motivates us to adopt a trust-region approach [Nocedal and
Wright 2006]. By confining the friction parameter updates within a
dynamic local region, we ensure that the dynamics change smoothly,
thereby guaranteeing that the previous controller serves as a valid
"warm start" for the new design. This insight leads to our proposed
Trust-Region Robot Co-design algorithm (Alg. 2).

Specifically, we initialize a friction parameter and controller and
gradually update them throughout co-optimization. In each iteration,
we employ a trust-region update to the friction parameter: given the
current friction parameters, we sample candidate designs from its
neighborhood utilizing the historical data. Next, we perform PPO
updates to fine-tune the controller using motion data generated
with the new friction parameters. Upon completion, the new design-
controller pair is scored to determine whether to expand or shrink
the trust region. The trust region is always centered at the best
friction parameter so far. If the number of consecutive successes
reaches Jgycc, the side length of the trust region is doubled; if the
number of consecutive failures reaches &7, the side length of the
trust region is halved. Each co-optimization is repeated n times.

We now explain the insights in our co-design algorithm. First,
the trust region constraint serves as a guarantee for efficient adap-
tation. By confining the friction parameters to the vicinity of the
current design, the previous controller acts as a reliable warm-start,
requiring only a few PPO iterations to adapt to the mild dynamics
changes. Second, the trust region mechanism provides robustness
against suboptimal controller updates. In cases where the limited
PPO updates fail to yield a satisfactory controller (indicating a large
“sim-to-sim” gap), the resulting low performance score triggers a
reduction in the trust region size. This shrinkage implicitly forces
the algorithm to explore a smaller neighborhood in subsequent
iterations, thereby allowing the controller more opportunities to
converge within the local dynamics space. The complete procedure
is detailed in Alg. 2.

Algorithm 2 Co-Design Pipeline

: Input: Topology G = (V, E), friction profiles M

: Output: Optimized friction parameters d and controller &
: Initialize decision variables dy and wy randomly
 dise < [ fuise < 1]

: fori=1tondo

d; « TrustRegionUpdate (7w, ., dnisss frist)

w; « UpdateController(d;, w;—1)

Scoring: y < f(G, M, d;, 7w;)

dpist < dpist-append(di), fuist < fhise-append(y)
: end for

: return dy, 7Ty,

N I L I SR

—_
- o

Remarks. While our algorithm draws inspiration from standard
Trust-Region Bayesian Optimization (TRBO) [Eriksson et al. 2019],
it introduces a critical adaptation tailored for the bilevel nature of
robot co-design. BO applied to the friction parameters treats control
optimization as a black box, spending extensive time optimizing con-
trol for each individual shape in a BO sample [Konakovic Lukovic
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et al. 2020]. A vanilla TRBO applied to our problem would extend
BO by introducing TR to guide updates to friction parameters, but
would still leave control optimization within the evaluation of each
BO sample. We take a step further by separating the controller opti-
mization from the BO samples and treating the controller as part
of the trust-region model, which is gradually updated throughout
optimization. Empirical evidence shows that our algorithmic design
is simple yet powerful, substantially improving BO and outperform-
ing bilevel optimization baselines, including those driven by large
language models (LLMs) (Sec. 7).

6 Fabrication

We propose a modular design for each link. A link consists of a
top cover, an upper panel, a body, a bottom panel, and a chassis,
which are assembled together in sequence (Fig. 5). The upper and
bottom panels are responsible for connecting the link with at most
two servos at the two ends. The body is a hollow shell that allows
additional weights to be inserted. The chassis is designed with many
small holes for installing scales.

We use hinge joints to connect these links. Each joint is imple-
mented using a dual-axis positional servo (Hiwonder LX-16A) that
connects two links. The axis of rotation of each joint is parallel to
the vertical axis. We use a computer or a servo controller to provide
signals indicating their reference positions.

Finally, we design and measure the anisotropicities of 55 3D-
printed scales, and select a representative one to deploy on our
robots throughout the hardware examples (Sec. 8.2).

7 Evaluation

Tasks. We design three robots whose topologies are similar to
the letters “S”, “I”, and “Y” as our evaluation benchmark (Fig. 6).
We equip each link in these robots a friction profile whose eight
frictional coefficients are selected from a binary set {0.2, 1.0}, which
mimics the scales observed on terrestrial animals. We consider a
point navigation task for both robots: We randomly select a direction
pointing from the head link of a robot, create a target about one body
length away, and repeat this process whenever the robot reaches
the target. We use 1 ms as our simulator’s step size and run the
control signal at 2 Hz for this task.

Baselines. As no existing robot co-design pipelines are readily
available for optimizing anisotropic friction and control, we use
SOTA robot co-design algorithms from similar settings and adapt
them to our problem. These include 1) BodyGen [Lu et al. 2025],
one of the latest studies for co-designing terrestrial robots for lo-
comotion. We replace its morphology design variables with our
anisotropic friction design variables and update its network in-
puts and outputs accordingly; 2) BodyGen-MLP, which replaces the
Transformer-based network in BodyGen with the same multi-layer
perceptron (MLP) network as in our algorithm; 3) BO + RL, a vanilla
co-design algorithm that uses BO to select anisotropic friction de-
sign and trains RL controllers to evaluate each design; 4) LLM-GPT-5
and LLM-Qwen3, which replace the friction design in our algorithm
with a descrption of the current problem context in a prompt sent
to LLMs and ask for adjustments on the friction design in return.
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Training. We train all methods with 10 million control steps, i.e.,
5 billion simulation steps. We use the same hyperparameters for our
method and all baselines, except for BodyGen, which has a differ-
ent transform-based network architecture and requires additional
hyperparameter fine-tuning. We repeat each method with three
random seeds on each robot.

Results and discussions. Fig. 6 summarizes the average locomo-
tion speed and its standard deviation over successful completions
of point navigation using all methods as their training progresses
on the three robots. We refer readers to our video for the detailed
locomotion results. Our method achieves competitive performance
across all baselines, sometimes with substantial gains, as indicated
by its higher locomotion speed during training. In particular, the per-
formance boost over vanilla BO confirms the efficacy of integrating
the trust-region method in our robot co-design pipeline.

Comparisons between LLM and non-LLM baselines reveal an
insightful understanding of them. Our use of both LLMs is largely
brute-force. Yet, they achieve competitive performance in our prob-
lem, sometimes surpassing the SOTA robot co-design methods. This
observation implies that robot co-design research should consider
LLMs as strong baselines with promising potential.

Finally, we observe that, regardless of whether the methods are
LLM-based, no single method consistently dominates the others
across the three robots. The observation indicates the complexity of
this robot co-optimization problem. One factor behind this observa-
tion is that the optimal locomotion capabilities of these three robots
may be inherently determined by their letter topologies, which
could favor different co-optimization algorithms.

8 Examples
8.1 Examples in Simulation

Navigating a maze. This example deploys the I-robot (Sec. 7) in
a 2D grid-based maze. We run a breadth-first search (BFS) in the
maze map to generate a sequence of targets, which we send to the
point-navigation controller trained by our method as explained in
Sec. 7. The I-robot demonstrates smooth locomotion between the
starting and ending points in the maze, including slithering for
straight-line forward motion and occasional sharp U-turns enabled
by the optimized anisotropic friction and control (Fig. 7).

Object manipulation. This example co-designs the S-robot (Sec. 7)
for challenging nonprehensile object manipulation, where the robot
must propel an object to a target using only body undulation without
grasping end-effectors. We select five objects with distinct geome-
tries (capsule, cube, dumbbell, T-shape, and tetris-Z) and initialize
them at random locations. The objective combines distance-based
costs and a completion bonus. The optimization consistently con-
verges within 8 hours on a standard workstation.

Our optimized designs successfully complete this task for all
objects (Fig. 8), significantly outperforming random initializations
which typically fail to generate sufficient traction or slip sideways.
Our optimized locomotion does not converge on a single fixed gait
but instead discovers diverse manipulation strategies adapted to
the immediate state. For capsule and cube, the robot exhibits and
switches flexibly between“caging” (curling the body to constrain
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Fig. 5. lllustration of the fabrication process of our pipeline. The first column demonstrates the details of the scale we select. The second column shows the
CAD model and a real photo of a chassis that uses a buckle to deploy scales. The third column gives the CAD model and a real photo of the link. This is a
modular design that can be repeated multiple times. The last column illustrates our robot’s full view.

S-robot l-robot Y-robot
0.175 012 0.150 1
0.150 0.10 0.125 4
S 0125 ° ©
@ o 008 2 0.100
# 0.100 @ @
& & 0.06 & 0.075 1
& 0.0754 o b
z 2 0.04 2 0.0501
0.050
0.025 0.02 0.025 4
0.000 0.00 0.000
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Timesteps le7 Timesteps le7 Timesteps le7

ours

BO

BodyGen
BodyGen-MLP
LLM-GPT-5
LLM-Qwen3

Fig. 6. Results of our comparison experiment. Each plot demonstrates the evaluation result on one robot (with the robot structure at the top left). Each curve
represents the task completion speed in the process of training. The shaded region surrounding the curve indicates the standard deviation of this method.
Results are averaged over 3 to 5 runs with different random seeds. It can be concluded that our method surpasses all the baselines.

g
¢ s

<,
d

Fig. 7. The I-robot navigating a maze. Middle: Overview of the 2D grid-based maze navigation task, with the center of mass trajectory shown as red dots. (a-f):
Representative snapshots taken at the corresponding points along the trajectory, illustrating the robot’s configurations and locomotion modes during maze
navigation, including straight-line forward motion and turning maneuvers.
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the object) and “pushing” behaviors (using the head link to propel
the object). For dumbbell and tetris-Z with irregular shapes, the
robot aligns its body segments parallel to the object’s flat face to
maximize its contact area. Crucially, the optimized friction orien-
tations exhibit functional heterogeneity: the robot learns to orient
certain links to minimize forward drag and use others with high
friction in the pushing direction as “virtual anchors” to counteract
the object’s reaction forces. We refer readers to our video for the
full manipulation.

Skiing. This example co-designs the anisotropic friction and con-
trol for a 3D robot with two skiboards on a slanted, uneven terrain.
The objective for the robot is to execute speedy skiing across the
terrain and end with a hard stop at a target. We co-optimize the
anisotropic friction on the skiboards and the robot’s controller to
maintain balance. Randomly initialized friction before optimization
can easily cause the robot to overshoot the target or lose balance,
indicating that this task requires non-trivial co-optimization. The
friction design and control policy learned from our pipeline ex-
hibit substantial reorientation, with up to 103-degree changes in the
friction to facilitate rapid skiing. The resulting locomotion demon-
strates sharp turns followed by carefully planned braking (Fig. 1
and our video).

8.2 Examples in the Real World

Unit tests. We conduct unit tests on a three-link robot with two
representative scale designs before reporting our real-world exam-
ples. We drive the robot with an open-loop square-wave control
signal that alternates between +90° and —90° at 2 Hz, creating a
motion pattern similar to a snake slithering. The first test presents
the robot’s locomotion with isotropic friction (Fig. 9): it struggles to
move forward despite emulating a snake’s slithering motion, a result
also consistently reported by previous work [Qi et al. 2023]. This
observation confirms the need to incorporate anisotropic friction
for effective locomotion in this three-link robot.

The second test reports the robot’s locomotion with all scales
uniformly oriented towards the rear of the body, analogous to the
organization of scales on a real snake [Hu et al. 2009]. Under the
same open-loop control signal, the robot now gains an effective
forward speed, emulating the slithering of a snake (Fig. 9). The
observation confirms the efficacy of the robot hardware from our
fabrication plan.

Turning. This example optimizes the anisotropic friction on a
three-link robot to execute turning when driven by the same open-
loop signal in the unit tests above. The robot demonstrates limited
rotational capability with isotropic frictional scales (Fig. 9), as ex-
pected, because the open-loop signal is symmetric. We then optimize
the anisotropic friction design using our pipeline by freezing the
control and with an objective defined on the dot product between
the robot’s orientations at 0s and 10s. The optimized orientation
of each link is 256°, 138°, 95°, respectively. They are significantly
oriented in different directions, exhibiting a non-trivial layout. After
deploying our 3D-printed scales with optimized anisotropic friction
orientations on each link, the robot demonstrates strong rotational
capability under the same control signal (Fig. 9), confirming the
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substantial influence of engineering anisotropic friction designs on
robot locomotion.

We use a simulation experiment to study the impact of potential
manufacturing errors. Taking the turning example as our bench-
mark, we randomly perturb scale orientations and simulate its per-
formance (rotation angle) after the perturbation. The robot rotated
122° before perturbation and rotated 112° on average across 100
trials of up to 10° perturbation applied to each link. This implies
that the robot’s performance is robust to small perturbations in
simulation.

Point tracking. Finally, we present an example that co-designs
the anisotropic friction and closed-loop control for the three-link
robot to track a sequence of points distributed along a straight line.
We run our pipeline in Sec. 7 and assemble the 3D-printed scales
with the optimized friction orientation on the robot links. We use a
motion capture device (an Optitrack tri-lens camera) and send the
robot’s state to the trained neural network control policy running
on a laptop in real time. The laptop then sends the control policy’s
output at 2 Hz to the robot.

Fig. 10 presents the locomotion of the robot after running our
pipeline. It may be tempting to predict that the robot would exe-
cute a classic slithering motion, a straightforward solution to this
point tracking task. However, the robot turns out to learn an un-
conventional strategy by twisting its body and moving laterally and
successfully chases all targets in simulation. When transferred to the
real world, the system is indeed able to accomplish point tracking.
We attribute this strategy to the three different anisotropic friction
orientations on the three links after optimization (196°, 293°, and
245°). The result highlights the potential of computational design to
generate unconventional solutions with competitive performance
compared with biomimetic designs inspired by natural evolution.

9 Conclusions, Limitations, and Future Work

Anisotropic friction is critical for animal locomotion, yet work on
computationally designing anisotropic friction for robots is sparse.
To our best knowledge, we present the first computational pipeline
to address this challenging problem involving the interplay between
anisotropic friction and control. Our evaluations have confirmed
that our novel integration of trust-region and robot co-optimization
is the key in our computational pipeline, leading to substantial per-
formance improvement over one of the SOTA robot co-design meth-
ods. Furthermore, we have constructed LLM-driven robot co-design
baselines and reported their highly competitive performance against
SOTA methods, suggesting that LLMs warrant greater attention in
future research on robot co-design. Examples in simulation have
demonstrated that our pipeline can discover non-trivial anisotropic
friction and control combinations that effectively accomplish vari-
ous locomotion tasks. To validate our pipeline in real-world environ-
ments, we have collected, 3D-printed, and measured 55 scales with
reliable anisotropic friction profiles on a custom-built hardware plat-
form. Our real-world experiments have shown that our robots can
turn, slither, and track points with optimized anisotropic friction
and control guided by our pipeline, whereas robots with isotropic
friction struggle to complete real-world locomotion, consistent with
results reported in previous work [Qi et al. 2023].
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Fig. 8. Snapshots of the optimized robot manipulating four different objects: (a) capsule, (b) dumbbell, (c) T-shape, and (d) tetris-Z. The green circle indicates
the target zone. The robot successfully adapts its undulation gait to the geometry of each object to complete the task.

Fig. 9. Snapshots of our robot moving on a horizontal plane according to a slithering signal. a) Our robot struggles to move with isotropic scales, unable to
move forward or turn. b) With scales naturally toward the rear of the body, our robot forwards with the slithering gait. c) After deploying scales optimized for

the turning task, our robot exhibits directed turning.

Fig. 10. Point tracking. our robot continuously tracks a target indicated by the black arrow on a horizontal plane using an unusual gait, after performing
anisotropic friction and control optimization using our method. a) At the beginning, the robot is stationary and faces forward. b) Five snapshots during the
motion, after the deployment of optimized scales and execution of optimized controller.

Our work has a few limitations. First, our current pipeline requires
an anisotropic friction profile and focuses on optimizing its orienta-
tion on a given robot link-joint topology. Extending the pipeline to
co-optimize robot topology and free-form friction profiles would
possibly reveal more creative robot designs. Second, our usage of

LLMs in the baselines is still preliminary. Given their competitive
results against other SOTA methods, it is a promising direction to
explore more advanced usage of LLMs in robot co-design. Third, our
robot hardware consists of limited link and joint designs. Building
robots with various link and joint types and optimizing them across
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a wider range of tasks beyond locomotion would be a promising
future direction.
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