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Abstract— In this paper, we propose an effective mechanical
and algorithmic solution to enabling skating motion with pas-
sive wheels on state-of-the-art quadrupedal robots. The skating
locomotion enables a hybrid combination of wheeled and legged
mobility without the necessity of motorization at the feet,
which simultaneously promote efficiency, speed, and mechanical
simplicity. To realize these potential advantage of skating, we
employ a bilevel optimization approach with an upper level
optimization via Bayesian Optimization (BO) to search for the
best mechanical design and a lower level Reinforcement Learning
(RL) to find an optimal motor policy. The end results not only
provide optimal mechanical and control designs but also show
versatile locomotion behaviors such as hockey stop (a rapid
braking maneuver by turning sideways to maximize friction)
and self-aligning behavior (automatically adjusts its orientation
to move more efficiently in the commanded direction), providing
the first comprehensive study on quadrupedal robotic skating.

I. INTRODUCTION

Legged robots have recently demonstrated remarkable
agility, adaptability, and robustness across diverse terrains,
making them increasingly capable of real-world deploy-
ment [1], [2], [3]. Despite these advancements, locomotion
efficiency and speed remain critical challenges compared to
wheeled platforms [4], [5]. Wheels offer inherent energetic
advantages and smooth ground interaction [4], but they typi-
cally sacrifice versatility when confronted with unstructured
environments. Hybrid approaches, such as wheeled-legged
robots [6], [7], attempt to reconcile these trade-offs, yet
most existing solutions rely on actively motorized wheels,
introducing mechanical complexity, energy costs, and control
overhead.

In this work, we explore an alternative mode of hy-
brid mobility—quadrupedal skating with passive wheels.
By equipping each foot with a passive wheel, a quadruped
can combine the stability and maneuverability of legged
locomotion with the efficiency and speed of wheeled motion,
without requiring motorization at the feet. As illustrated in
Fig. 1, we implement this idea by attaching custom 3D-
printed roller supports with adjustable yaw angle ψ to the
feet of a Unitree Go1. The mechanical simplicity of passive
wheels makes the approach attractive for lightweight, energy-
efficient robotic design.

However, realizing effective quadrupedal skating intro-
duces significant challenges. Unlike traditional walking or
rolling, skating requires precise coordination of ground
contact forces, body posture, and momentum exchange to
achieve stable and controllable motion. The absence of active
wheel control also shifts greater burden onto the robot’s
mechanical design and high-level motor policy. This coupling
between morphology and control makes co-design essential:

Fig. 1: Quadrupedal skating setup with passive wheels. Each
foot of the Unitree Go1 is equipped with a 3D-printed roller
support holding a passive wheel. The yaw installation angle
ψ determines the rolling direction and is treated as a key
design parameter in our co-design framework.

poor mechanical configurations can severely limit the range
of feasible skating behaviors, while suboptimal control poli-
cies can fail to exploit even well-designed morphologies [8].

To address this, we present a bilevel optimization frame-
work for quadrupedal skating that jointly optimizes me-
chanical design and motor policy. At the upper level, we
employ Bayesian Optimization (BO) to efficiently explore the
mechanical design space [9]. At the lower level, we leverage
Reinforcement Learning (RL) to discover optimal motor
policies tailored to each candidate design [10], [11]. Through
this co-design process, we identify design–policy pairs that
enable both efficient and versatile skating behaviors.

Our main contributions are as follows:
• A novel locomotion paradigm: We introduce

quadrupedal skating with passive wheels, demonstrat-
ing its potential for combining speed, efficiency, and
maneuverability.

• A bilevel co-design framework: We propose a BO–RL
approach that jointly optimizes mechanical and control
parameters for skating.

• Versatile locomotion demonstrations: We validate our
method on a state-of-the-art quadruped, showcasing
diverse behaviors such as hockey stop(a rapid braking
maneuver by turning sideways to maximize friction),
and self-aligning behavior(automatically adjusts its ori-
entation to move more efficiently in the commanded



direction).
• First systematic study: To our knowledge, this work

presents the first comprehensive study of dynamic skat-
ing locomotion on quadrupedal robots.

Overall, our results show that co-design of morphology
and control is a practical and effective way to realize skating
in quadrupedal robots, achieving behaviors that conventional
designs cannot easily support.

II. RELATED WORK

A. Quadrupedal Locomotion

Quadrupedal robots have advanced significantly in recent
decades, achieving dynamic mobility, robustness, and versa-
tility across diverse terrains. Early hydraulic systems such
as BigDog demonstrated the feasibility of rough-terrain lo-
comotion [1], while subsequent platforms like MIT Cheetah
[12] showcased model-based controllers leveraging whole-
body dynamics and model predictive control to achieve agile
running and jumping [3]. More recently, reinforcement learn-
ing (RL) [13], [14] has enabled quadrupeds to autonomously
acquire highly dynamic skills, producing controllers that
rival or surpass expert-designed strategies [2], [10]. These
methods have empowered robots such as ANYmal [15] and
Cheetah to traverse unstructured environments with agility
and resilience. Despite these advances, pure legged loco-
motion remains energetically less efficient and slower than
wheeled locomotion, motivating hybrid approaches such as
wheel-legged robots [16], [17], [18], [19] that combine the
strengths of both. However, such wheel-legged often has
heavy actuation located as the toes, which increases the
hardware complexity and reducing the overall reliability of
the system.

B. Robot Skating

Compared to walking and wheeled driving, skating lo-
comotion for robots has received limited attention, even
though it offers a promising trade-off between efficiency
and maneuverability. The key distinction of skating is that
propulsion and gliding are decoupled: robots push off with
legs to generate momentum while passive or low-friction
contacts sustain long glides, which introduces challenges
such as nonholonomic rolling constraints and reduced ground
friction. A few studies in the literature has been trying to ad-
dress this problem. Bjelonic et al. demonstrated quadrupedal
skating with ANYmal by attaching passive wheel end-
effectors and employing force control to generate glide-and-
push sequences, showing that skating can reduce cost of
transport compared to trotting [20]. The SlidBot platform
further advanced this concept by adding passive wheels
at the knees and lower legs, achieving roller-skating gaits
with improved speed and energy efficiency over diagonal
trot on flat and sloped terrains [21]. Similarly, Chen et
al. analyzed quadrupeds with passive wheels, highlighting
challenges in gait transitions and internal force coordination
during walking-to-skating switches [22]. Other studies have
examined external skateboard interaction [23] and biped
robots with inline skates [24], confirming that skating can

boost efficiency on smooth surfaces but requires specialized
control. Overall, these works establish skating as a feasible
but underdeveloped locomotion mode, with open challenges
in maneuverability, terrain generalization, and integration
with learning-based controllers. Our work addresses these
gaps by co-designing morphology and control to enable
quadrupedal skating with cool behaviors.

C. Robot Hardware and Motion Policy Co-Design

Co-design of robot morphology and control has emerged
as an effective paradigm to unlock new locomotion capa-
bilities. Existing approaches can be broadly categorized into
three strategies.

Universal-policy methods decouple design and control:
a single design-conditioned policy is trained across a distri-
bution of morphologies and later used as a fast evaluator.
Examples include morphology-randomization for general
locomotion controllers [25], [26] and design-conditioned
policies for actuator optimization [27]. While versatile, these
methods incur substantial upfront training costs since policies
must learn to handle many suboptimal morphologies.

Joint optimization methods integrate morphology pa-
rameters directly into the RL loop, simultaneously updating
design and control. Such strategies can discover novel mor-
phologies [28], [29], but often suffer from instability due
to the non-stationarity of changing robot bodies and limited
simulator support for online morphology changes.

Bilevel optimization methods treat co-design as a nested
problem, where an outer-loop optimizer proposes candidate
designs and an inner-loop RL agent trains a specialized pol-
icy for each. This approach has been applied to legged robots
and manipulators [30], [31], producing policies that are
experts for their respective morphologies. However, the high
cost of repeated RL training makes sample efficiency crucial.
Bayesian Optimization (BO) is particularly well suited in
this context due to its ability to optimize expensive black-
box functions in low-dimensional spaces with relatively few
evaluations [32], [9].

Our work adopts this bilevel framework, combining RL
for policy learning with BO for design search, and extends
it to the novel setting of quadrupedal skating locomotion with
passive wheels.

III. QUADRUPEDAL SKATING VIA CO-DESIGN

Skating with passive wheels requires both hardware adap-
tation and tailored control. Neither design nor control alone
is sufficient: the wheel orientation strongly affects the feasi-
bility of skating gaits, while the policy determines whether
the robot can exploit the design for stable and agile motion.
This motivates a co-design formulation where hardware and
control are optimized jointly. In this section, we formalize the
bilevel optimization problem, describe the mechanical design
space of roller supports, and introduce the optimization
framework that integrates Bayesian Optimization (BO) with
Reinforcement Learning (RL).



Fig. 2: Bilevel co-design framework for quadrupedal skating.
The outer loop uses BO to explore design parameters.
For each candidate design, the inner loop employs RL to
optimize the policy πθ. The policy performance J(π∗

θ ,d, T )
is fed back to BO, enabling efficient search for design–policy
pairs that maximize skating performance.

A. Co-Design via Bilevel Optimization

As illustrated in Fig. 2 We formulate quadrupedal skating
as a bilevel optimization problem, where the outer loop
optimizes design and the inner loop optimizes control.

For a given design d, the inner loop determines the optimal
control policy π∗

θ(d, T ) parameterized by θ that maximizes
the expected discounted return, given the design and a task
set T , which can be formulated as

π∗
θ(d, T ) = argmax

πθ

Eτ∼p(τ |πθ,d,T )

[
T∑

t=0

γtrt

]
, (1)

where τ denotes robot trajectories sampled by controlling
the robot with design d using policy πθ to perform tasks
in T , rt are instantaneous rewards and γ is the discount
factor. We use Reinforcement Learning(RL) for this inner
loop control optimization because it scales much better than
model-based counterparts when handling complex task sets
like a distribution of commands, and complex operating
environments like the one in roller skating which involves
non-holonomic contacts and non-trivial gaits.

The performance of π∗
θ(d, T ) is evaluated using a metric

J(π∗
θ ,d, T ) using the design d and the set of tasks T that

π∗
θ was optimized on. The outer loop design optimization

problem can then be formulated as

d∗ = argmin
d∈D

J(π∗
θ ,d, T ) (2)

Since evaluating J(π∗
θ ,d, T ) requires training a full policy

and is non-differentiable due to stochastic RL and discrete
contact dynamics, the outer loop is naturally framed as a
black-box optimization problem. We therefore adopt BO as
the outer-loop optimizer, coupled with RL for the inner

Fig. 3: The model of the roller support with yaw angle
definition. The yaw angle ψ is defined as the angle between
the wheel rolling direction and the sagittal plane of the robot
when the robot is standing still at the desired base height
using joint PD. This parameter determines the effective
rolling direction of the passive wheel and serves as the key
design variable in our co-design framework.

loop. This bilevel formulation enables systematic discovery
of design–policy pairs that maximize skating performance.

B. Mechanical Design of Roller Support

A critical element of our approach is the roller support
hardware. We replace the toes of Unitree Go1 with 3D-
printed supports that connect the legs to passive wheels, cre-
ating a lightweight skating module. The key design variable
is the yaw angle ψ, which defines the rolling direction of
each wheel (see Fig. 3).

A straightforward yet naive design is the “Parallel Config-
uration” (P Configuration), where all wheels are aligned with
the x-axis (ψ = 0◦). While this may seem optimal for for-
ward skating, Go1’s leg kinematics prevent the wheels from
producing controllable forward velocity vx when ψ = 0◦(see
Fig. 4). This limitation is not unique to Go1, but also applies
to other quadrupedal robots such as MIT Cheetah [12] and
Unitree B2 [33], since they share similar leg configurations.
In this case, the wheel remains confined to the sagittal plane,
producing little friction along its rolling direction and leaving
vx uncontrollable. Therefore, at least one of ψ1 or ψ2 must
be nonzero, motivating a systematic co-design approach.

Fig. 4: Naive P Configuration (ψ = 0◦) results in uncontrol-
lable forward velocity vx due to kinematic constraints of the
leg design.



IV. ALGORITHMIC IMPLEMENTATION

A. Inner Loop Motion Policy Optimization via Reinforcement
Learning (RL)

1) RL formulation: The motion policy for each candidate
design is trained using reinforcement learning within the
massively parallelized IsaacLab simulator We formulate this
learning problem as a Markov Decision Process (MDP),
which is defined by the tuple (O, A, p, r), representing
the observation space, action space, state transition dynam-
ics, and reward function, respectively. The state transition
p(st+1|st, at) is governed by the rigid body dynamics of the
simulated robot.

The goal is to learn an optimal policy πθ(at|ot) with
parameters θ that maps an observation ot ∈ O to a dis-
tribution over actions at ∈ A. The objective is to maximize
the expected discounted sum of future rewards:

π∗
θ = argmax

θ
E

[ ∞∑
t=0

γtr(st, at)

]
(3)

where γ ∈ [0, 1) is the discount factor. We utilize the
Proximal Policy Optimization (PPO) algorithm to train the
policy network. The specifics of the observation space, action
space, and reward function are detailed below.

Name Expression
Base Velocity Bv, Bω

Commanded Base Velocity Bvd
xy ,

Bωd
z

Projected Gravity Bug

Joint Position and Velocity q, q̇
Last Actions aprev

TABLE I: Observation Space.

2) Observation Space: As shown in Table I, the ob-
servation space includes the commanded and actual base
linear and angular velocities, base orientation represented
using projected gravity Bug = RWB[0, 0,−1]T where RWB
is the rotation matrix of body frame with respect to the
world frame, joint positions and velocities, and last actions.
An important aspect specific to roller skating is how linear
velocity commands are given and observed.

As shown in (4), we always observe linear velocity com-
mand in base frame, but the command can be given either in
base frame or in world frame. In the latter case, the command
is first transformed to body frame and then observed. These
two ways of giving commands will also motivate different
reward functions to track the commands. We refer to the
two cases as “Base Frame Command” and “World Frame
Command”:

Bvd
xy =

{ Bvd
xy (Base Frame Command)

RT
WB

Wvd
xy (World Frame Command) (4)

A comparison between them will be shown in Sec. V-C.
Remark on Desired Linear Velocity: The motivation for
World Frame Command lies in the nature of roller skating.
While roller wheels improve energy efficiency when moving
along the rolling direction, the amount of friction force we
can get along the rolling direction is close to zero, which

sabotages the velocity tracking performance. Fortunately, the
available friction perpendicular to the rolling direction is
unaffected, which means if the robot strategically change
its body yaw angle such that the rolling direction is used
for energy efficiency, and its perpendicular direction is used
for abrupt change in linear velocity, it can achieve a good
balance between energy efficiency and velocity tracking.
Tracking linear velocity in base frame constrains the body
relative orientation with respect to the velocity commands
and hinders this potential, while tracking linear velocity in
world frame does not have this limit.

3) Action Space: The actions a outputted from the neural
network are scaled and biased to get the desired joint
positions qd, which is then fed to the low level joint PD
controller together with the PD gains kp, kd and a zero
desired joint velocity. The desired joint torques are

τ = kp(q
d − q)− kdq̇. (5)

Name Expression
Base Linear Velocity xy rvxy using (6) or (8)
Base Angular Velocity z rωz using (7) or (9)

Base Height (z − zd)2

Base Orientation
∥∥Bug,xy

∥∥2
2

Base Linear Velocity z Bv2z
Base Angular Velocity xy

∥∥Bωxy

∥∥2
2

Action Rate Minimization ∥a− aprev∥22
Joint Acceleration Minimization ∥q̈∥22

Vertical Virtual Leg
∥∥pvirt leg, xy

∥∥2
2

Collision Avoidance
∑

1{∥f∥2>f0}
Joint Position Limit

∑
∥qexceed∥22

TABLE II: Reward Terms for Skating.

4) Rewards: The reward function includes tracking terms
on base velocity, height, and orientation, smoothing terms on
action rate and joint acceleration, heuristics that encourages
the virtual legs to be vertical, and penalties for approaching
physical limits like self-collision or joint position going out
of range. While most rewards remain the same in this work,
we need to define different rewards for the aforementioned
Base Frame Command and World Frame Command. The
Base Frame Command tracking reward is the common prac-
tice to track velocity commands in base frame, as shown in
(6)-(7).

rvxy
= rexp

(∥∥Bvxy − Bvd
xy

∥∥
2

)
(6)

rωz
= rexp(

Bωz − Bωd
z ) (7)

where rexp(e) = exp(e2/σ) is the exponential tracking
reward for any scalar error e. The World Frame Command
tracking reward is used to enable the strategic body turning
mentioned in Sec. IV-A.2, where base linear velocity should
be tracked in world frame, and should be prioritized over
base angular velocity tracking, as encoded as (8)-(9).

rvxy = rexp(
Wvxy,err) = rexp

(∥∥Wvxy − Wvd
xy

∥∥
2

)
(8)

rωz =


rexp(

Bωz − Bωd
z ) (Wvxy,err ≤ e0)

e1−vxy,err
e1−e0

rωz (e0) (e0 <
Wvxy,err ≤ e1)

0 (Wvxy,err > e1)

(9)



The idea behind (9) is to only track angular velocity when
the linear velocity error is small, where e0, e1 are two
error thresholds representing small and large linear velocity
tracking errors.

B. Outer Loop Design Optimization via Bayesian Optimiza-
tion (BO)

1) BO Formulation: Given the metric values J(π∗
θ ,d, T )

for all the previously tried designs, BO minimizes the metric
value through two steps repeated iteratively: (i) fitting a
Gaussian Process (GP) surrogate model to predict mean and
uncertainty of J(π∗

θ ,d, T ), and (ii) optimizing an acquisition
function to propose the next candidate design. We adopt a
phased acquisition schedule: Upper Confidence Bound(UCB)
with a large exploration coefficient is used initially for
broad search, while an annealed UCB focuses the search
on promising regions, and finally Expected Improvement(EI)
refines the best candidates.

2) Design Space: The largest possible design space in-
clude the wheel yaw angle for four legs separately d =
[ψFR, ψFL, ψRR, ψRL]. Taking into account the left-right
symmetry of quadrupedal robots, ψFR = −ψFL and ψRR =
−ψRL, and thus the design space can be reduced to 2D
including ψfront = ψFL, and ψrear = ψRL. One can further
argue that the front rear asymmetry is not significant and cou-
ple all four legs together, making [ψFR, ψFL, ψRR, ψRL] =
[ψ,−ψ,−ψ,ψ], as illustrated in Fig. 7. We will detail about
1D case in Sec. V-A-Sec. V-B, and the 2D case in Sec. V-D

3) Design Metric: To evaluate the quality of a design
d in face of multiple commands sampled from T and the
stochasticity of RL, we first define an intuitive instantaneous
metric f(s, a, c) which is a function of the state s, action
a, and command c of a specific robot (environment), at
a specific time step. As the policy is being trained in
IsaacLab and a large amount of trajectory samples are readily
available, we evaluate the averaged metric J(π∗

θ ,d, T ) using
a Monte Carlo estimate of the objective:

J(π∗
θ ,d, T ) =

1

NstepNenv

Nstep∑
k=1

Nenv∑
i=1

f(si,k, ai,k, ci,k), (10)

computed as the average over Nenv parallel environments
and Nstep time steps. The commands gets sampled from T
multiple times during Nstep time steps. Each simulator step
corresponds to 0.02 s. Metrics are aggregated over windows
of Nstep = 1000 steps (≈ 20 s) across Nenv = 4096 parallel
environments. Velocity commands are resampled every 200
steps, and environments reset asynchronously. Although PPO
updates occur every 24 steps (≈ 0.48 s), metrics are aggre-
gated over 1000-step windows to obtain stable estimates.

The instantaneous metric f(·) is defined as the energy
efficiency, measured by the cost of transport (CoT) defined
as the sum of the square torque, which is proportional to
the electric power of motors, normalized by the gravitational
force times the L2 norm of the actual twist ξ = [vx, vy, ωz].

CoT =
∥τ∥22

mg ∥ξ∥2
, (11)

where τ is the joint torque vector, m is the robot mass,
and g is gravity. In case of Body Frame Command, ξ =
[Bvx,

Bvy,
Bωz]. In case of World Frame Command, ξ =

[Wvx,
Wvy,

Bωz].

V. RESULTS AND ANALYSIS

We present four experiments to demonstrate the effec-
tiveness of our bilevel BO-RL framework in quadrupedal
roller skating. In Sec. V-A, we present the baseline roller
skating motion where the design is human-engineered and
the control policy is trained using “Base Frame Command”
tracking. In Sec. V-B, we emphasize the necessity of outer
loop design optimization in the creation of energy-efficient
roller skating motions. In Sec. V-C, we showcase interesting
transient roller skating behaviors enabled by “World Frame
Command” tracking reward. In Sec. V-D, we combine the
design optimization in Sec. V-B and the reward engineering
in Sec. V-C to achieve both energy efficiency and transient
velocity tracking.

A. Baseline via Human Designed Roller Skating

This section introduces the baseline human designed wheel
angles. To solve the uncontrollability issue mentioned in
Sec. III-B, we introduce a minimal modification in design,
where all wheel angles are parameterized by one single yaw
angle ψ. As shown in Fig. 7, the resulting gait is trotting
where the diagonal legs alternate to contact with the ground.
Intuitively, the robot is coupling a diagonal pair of legs as if
they form a roller skating shoe.

Fig. 7: Baseline Human-Designed Roller Skating.

B. Necessity of Co-Design for Energy Efficiency Improve-
ment

In this section, we showcase the necessity of co-optimizing
both design and control. In the inner loop RL used to train
the control policies, we use the “Base Frame Command” ob-
servations and rewards because we need to compare energy
efficiency when tracking commands in different directions,
and thus it is desirable to specify the relative orientation
between the command and the robot. In the outer loop BO
used to optimize designs, we choose the design space to be
the minimal 1D wheel yaw angle ψ used to generate the four
wheel yaw angles as shown in Fig. 7. The BO objective is
the general average of CoT shown in (10)-(11).

Fig. 8 plots the steady state CoT values in polar coordi-
nates when the robot is tracking a body frame linear velocity
command of magnitude 1.5 m/s given in different directions.
The angle of polar coordinates is determined by the direction



Fig. 5: Hockey Stop

Fig. 6: Self-Aligning Behavior

of the command α = arctan 2(Bvdx,
Bvdy), and the radius

of polar coordinates is the CoT value. Although the BO
optimized design can be more energy efficient than walking
in almost all directions, the human synthesized design is
only more efficient in the forward direction (α = 0 deg).
This suggests that non-trivial co-optimization of both design
and control is needed when synthesizing quadrupedal roller
skating behaviors.

Fig. 8: CoT comparison between walking and skating.

C. Comparison between Base Frame and World Frame Com-
mands

In this section, we investigate the effect of tracking linear
velocity in the world frame instead of the body frame, and

of prioritizing linear velocity tracking over angular velocity
tracking. These two reward designs enable the emergence
of the so-called “hockey stop” behavior, well known in the
roller skating community, when the robot is constrained to
the intuitive design shown in Fig. 7.

As illustrated in Fig. 5, when the robot is moving quickly
and receives a sudden stop command, it learns to rotate
its body sideways to align with the velocity direction. This
orientation corresponds to the direction perpendicular to the
wheel rolling axis, where the robot can generate maximum
lateral friction force to decelerate. The resulting gait involves
using the front right wheel as a pivot while allowing the front
left and rear right wheels to roll, effectively turning the body
around the pivot wheel. The robot then exploits the sliding
friction of all wheels to achieve a rapid stop.

With this hockey stop strategy, the stop time from an initial
forward velocity of 2m/s is reduced by approximately 50%.
This demonstrates how world-frame velocity tracking and
prioritized linear tracking can elicit emergent strategies that
strategically choose the most effective body orientation for
stopping.

D. Combining Reward Engineering with Co-Design

If we can further co-optimize wheel orientation together
with control, we get the design shown in Fig. 9. This design
has a self-aligning behavior illustrated in Fig. 5.

It learns to align its backward direction with the command
linear velocity direction, without the need for manually
commanding angular velocity targets. This helps reduce the
average CoT by 14.6% compared with 1D co-design. To
study why this happens, we fix this design and retrain the
control policy using body frame linear velocity tracking to
see how energy efficiency varies among all directions. As



Fig. 9: 2D Co-Design Optimal Design

shown in Fig. 10, although the 2D co-optimized design has
worse energy efficiency when skating sideways, it has the
best energy efficiency in the backward direction, which is the
direction it learns to align with the command direction. This
indicates that if the reward engineering can encourage the
control policy to strategically pick the best body orientation,
the design can focus on improvements in one direction
instead of considering all directions, which combined with
co-design yields the most efficient skating behavior in this
work.

Fig. 10: Directional Analysis of 2D Co-Design Optimal
Design when Retrained using Base Frame Command

VI. CONCLUSION AND FUTURE WORK

We presented quadrupedal skating with passive wheels as a
new locomotion mode that merges the efficiency of wheeled
motion with the agility of legged robots. Through a bilevel
co-design framework combining Bayesian Optimization and
Reinforcement Learning, we identified hardware–policy pairs
that enable efficient skating and emergent behaviors such as
hockey stops and self-alignment.

Future work will extend this study beyond flat terrain to
outdoor and uneven environments, explore lightweight and
durable wheel modules, synthesize better reward engineering,
and develop more sample-efficient co-design methods. Inte-

grating skating with walking and running modes is another
exciting direction toward versatile and multimodal robots.
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