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ABSTRACT  This article presents the mechanical design of Otto, a lightweight 8-degrees-of-freedom
(8-DoF) quadrupedal robot employing series elastic actuators, and a training framework for learning lo-
comotion control policies in simulation using reinforcement learning (RL). Otto’s design differs from
typical 12-DoF quadrupeds by lacking hip adduction—abduction DoF. This reduces the robot’s cost and
weight and increases complexity for tasks involving base rotation and angular twist following. The elastic
elements at the joints improve compliance, energy efficiency, safety, and stability, increase robustness, and
reduce damage to robot hardware components. Our locomotion control approach leverages RL to optimize
policies in simulation, allowing stable and efficient movement despite mechanical constraints, i.e., an 8-DoF
quadrupedal robot. Through extensive simulation training, leveraging highly parallel Graphics Processing
Unit (GPU)-accelerated robotic simulators, we ensure the policy is well-suited for deployment in real-world
scenarios, where accurate motion control is critical for performance. The trained policy is then transferred
to the physical robot platform. We demonstrate its effectiveness in various tasks and real-life scenarios with
varying payloads and terrains, and compare it with a state-of-the-art model-based method. The results show
that Otto, equipped with our RL-based locomotion control, achieves robust performance, compensating for
the reality gap and managing the reduced DoF available in Otto.

INDEX TERMS Articulated soft robots, locomotion control, quadrupedal robots, reinforcement learning
(RL), sim2real transfer.

I. INTRODUCTION
Quadrupedal robots have gained significant attention in the
robotics community due to their potential applications in
unstructured environments, such as search and rescue [1],
exploration [2], agronomy [3], environmental monitoring [4],
and industrial inspection [5].

Taking inspiration from nature [6], quadruped robots are
designed to have 12 degrees of freedom (12-DoF), [7], [8],
[9], [10], with each leg having three actuated joints: hip

adduction—abduction (HAA), hip flexion—extension (HFE),
and knee flexion—extension (KFE). This configuration allows
for a wide range of motions, including dynamic gaits, agile
maneuvers, and precise control of the robot base orientation.
The adoption of elastic elements into these joints can fur-
ther enhance the robot’s performance [11]. For example, they
enable highly dynamic motions, including higher and longer
jumps [12], which are essential for successfully dealing with
hostile environments.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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To enable the robot to accomplish movements in unstruc-
tured and harsh environments, not only do the design aspects
need to be considered, but also the development of robust
planning and control strategies [1], [13], [14] should be
taken into account. While the adoption of 12 actuators is
an engineering-safe solution, the shoulder actuators are of-
ten underutilized in most motions. So, what if we try to use
only eight (elastic) actuators to drastically reduce the robot’s
weight?

Reducing weight leads to several advantages. First, it
extends battery life by reducing electrical power consump-
tion [15], which enables long-lasting operations such as mon-
itoring [16] and search and rescue [1]. Second, it enhances the
robot’s dynamic performances, requiring less torque to move
in unstructured terrains, thus making it more efficient and
agile [17]. This torque reduction not only cuts power usage
but also allows the implementation of lower control gains, im-
proving compliance, and consequently, enabling the robot to
better absorb impacts [18]. Moreover, a lighter robot is often
easier to deploy and transport, simplifying field operations or
in scenarios where portability is fundamental, e.g., disaster
response or space exploration [19].

Several methods exist for weight reduction, including the
use of lighter materials [20], removing unnecessary structural
components [21], or reducing the degrees of actuation, for
instance, eliminating certain actuators. The HAA joints are
underutilized in many tasks [22]. Removing this type of ac-
tuator reduces the robot’s weight. Especially in small-sized
quadruped robots, reducing weight can significantly improve
the overall performance [23].

However, the planning and control approach has to com-
pensate for this design choice, particularly during turning
maneuvers, to generate robust and dynamic motions [24],
[25].

Recently, reinforcement learning (RL)-based approaches
have emerged as a powerful tool for locomotion control; see,
e.g., [26] and[27]. RL controllers optimize locomotion control
policies for agile, dynamic, and robust robots’ behaviors in
unseen and harsh terrains [1], [14], [25]. However, most of
this literature deals with full 12-DoF rigid quadrupedal robots.

Overall, this article answers the research question: Can
an RL-based locomotion control policy effectively handle the
challenges posed by an 8-DoF quadrupedal robot?

The main contributions of this work are as follows: 1) the
design of the Otto robot and 2) a state-of-the-art model-free
policy based on an RL paradigm to solve locomotion tasks.

1) Otto is a lightweight 8-DoFs quadrupedal robot that
features a simplified leg design with 2-DoFs actuators,
omitting the HAA joints. The design of the robot draws
inspiration from the natural leg structure of mammalian
animals, with its legs constructed to replicate their
biomechanics for efficient and agile locomotion [28].
For this, we equipped the Otto robot with series elastic
actuators (SEA) [11], which enable compliant motions,
improving safety, energy efficiency, and robustness in
shock absorption.
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2) We develop and implement a state-of-the-art RL-based
locomotion control policy to enable robust motion
across diverse terrains, e.g., asphalt streets, grass, etc.
Our approach leverages neural-network-driven policies
trained in simulation [1], [14], [26], [27] and suc-
cessfully transfers them to the real robot. We also
compare the policy with [29] state-of-the-art model-
based method. For the first time, this approach has
successfully solved such tasks dealing with an 8§-DoF
robot, i.e., Otto. Furthermore, in contrast to the state-of-
the-art, our approach does not use estimated velocities
in the observation space, which are often included [1],
[14].

The rest of this article is organized as follows. In Section II,
we present the state-of-the-art of quadrupedal robot design
and locomotion control. In Section III, we present the me-
chanical and electrical design of the 8-DoF quadrupedal
robot—Otto—together with the description of the software
interface. In Section IV, we present the locomotion control ap-
proach for Otto and the simulation performance of the trained
policy. In Section V, we demonstrate real-world deployment
of the policy, argue Sim2Real transfer, and discuss the ob-
tained results. Finally, Section VI concludes this article.

Il. RELATED WORKS

The problems of design and locomotion control in
quadrupedal robots are deeply connected and present sev-
eral key challenges, such as maintaining stability, achieving
smooth transitions between gaits, and handling external dis-
turbances. Design and locomotion control have been exten-
sively studied for quadrupedal robots with 12-DoF, leading to
significant advancements in intelligent machines and model-
based and learning-based control methods.

A. QUADRUPEDAL ROBOT DESIGN
Quadruped robots mimic animal behavior, using bioinspired
designs to navigate complex terrains [30], [31]. The structural
design of these robots is crucial to their performance as it
influences stability, adaptability, and durability across vari-
ous surfaces. The leg topology structures classify quadruped
robots into three bioinspired types: insectlike, reptilelike, and
mammallike structures [28]. Typically, quadruped robots have
12-DoF with three in each leg, namely: HAA, HFE, and KFE.

In recent years, soft articulated robots are becoming more
diffuse [32]. These robots integrate SEAs as joints [33], which
include a carefully designed compliance element, such as
a spring, in series between the motor and the load, which
enhances performance by reducing impact forces and intro-
ducing flexibility [34]. This compliance also improves safety
and allows better navigation on uneven surfaces. As the name
suggests, the spring is in series with the motor; when instead
the spring is in parallel with the motor, there are the so-called
parallel elastic actuators [35], [36].

Another crucial part of the stability of the robot is the design
of the foot. Generally, feet can be cylindrical or spherical, with
spherical feet being the most common. This shape allows the
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foot to make contact with the ground from all directions [37].
Howeyver, in certain scenarios, such as when the robot en-
counters obstacles, slopes, or uneven terrain, traditional foot
designs may struggle during locomotion tasks. In [38], they
developed an articulated adaptive foot to adjust to various
surfaces and improve the locomotion of the robot on chal-
lenging terrains. Whereas, Ranjan et al. [39] introduce a novel
bioinspired adaptive foot modeled on the anatomy of the goat
hoof. This design enables the foot to adapt dynamically across
various terrains to achieve a stable configuration.

B. CONTROL OF QUADRUPEDAL ROBOTS
Literature shows two main approaches for locomotion con-

trol of quadrupedal robots: model-based [29] and learning-
based [14].

1) MODEL-BASED CONTROL

The earliest solutions to quadrupedal locomotion control were
rooted in model-based methods, where the dynamics of the
robot was explicitly modeled using mathematical formula-
tions of the robot’s kinematics and dynamics [29]. One of the
pioneering works in this area was Raibert’s dynamic balance
control in legged systems [40], which introduced the concept
of controlling the center of mass and foot placements to main-
tain stability during dynamic gaits. Techniques such as inverse
dynamics control, model predictive control (MPC) [41], [42],
and optimization-based approaches [13], [43], [44], [45] are
used to design controllers that could compute the necessary
joint torques to achieve stable locomotion. These methods
relied on detailed robot models, accurate information about
the environment, and the robot’s state.

Despite their success in enabling early quadrupedal robots
to perform stable walking and running, model-based ap-
proaches faced limitations in highly dynamic or unpredictable
environments, where modeling the entire system with high
fidelity became infeasible. Furthermore, these methods were
computationally expensive and difficult to generalize to dif-
ferent terrains or unexpected perturbations, such as sudden
changes in ground conditions.

2) LEARNING-BASED CONTROL

In recent years, learning-based approaches, particularly RL,
have gained attention in the field of quadrupedal locomotion
control; see, e.g., [1], [14], [17], [25], and [26]. RL has the
advantage of learning policies directly from interaction with
the environment, enabling robots to autonomously discover
complex behaviors without relying on predefined models of
their dynamics [27]. This approach has been particularly ef-
fective in dealing with high-dimensional systems such as
12-DoF quadrupeds, where learning-based methods can adapt
to diverse terrains and dynamic conditions in a way that
model-based methods struggle to achieve.

One of the most notable advancements in this area was
the work by Hwangbo et al. [26], where a model-free RL
framework was used to train a neural-network-based control
policy for a 12-DoF quadrupedal robot in simulation. The
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trained policy was then successfully transferred to a real robot.
This work set the foundation for using RL to address dynamic
locomotion challenges, bypassing the need for precise model-
ing of the robot dynamics and environment.

Further works, see, e.g., [1], [14], [17], [27], and [46],
demonstrated the potential of RL in learning versatile locomo-
tion behaviors, such as high-speed running and jumping, using
12-DoF robots. These advancements have paved the way for
the widespread adoption of RL in quadrupedal robot control.

Subsequent studies expanded on these techniques, com-
bining model-based and learning-based methods to improve
quadrupedal locomotion stability and efficiency. For example,
hybrid approaches that leverage MPC for high-level trajectory
planning and RL for low-level control have been explored to
enhance the robustness of gait transitions and improve energy
efficiency [25].

In contrast to the substantial body of work on RL-based
locomotion control of 12-DoF quadrupeds, relatively little
research has been conducted on quadrupedal robots with re-
duced DoF, such as 8-DoF systems [47], [48], [49]. The
absence of HAA DoF in these robots significantly complicates
the control of dynamic locomotion, particularly for maneuvers
that require rotation around the robot base or following a
complex base twist trajectory. The lack of independent lateral
movement in each leg limits the robot’s ability to stabilize
itself during sharp turns or uneven terrains, making it more
challenging to design control strategies.

To the best of our knowledge, there are no comprehen-
sive studies with extensive real-world testing in different
rough environments that focus on dynamic locomotion control
for 8-DoF quadrupedal robots using either model-based or
learning-based approaches. Most existing research assumes
the availability of all three DoFs per leg, thus neglecting the
unique challenges these systems pose. This gap in the litera-
ture underscores the novelty of our work, as it is one of the
first to address the dynamic locomotion control of an 8-DoF
quadrupedal robot using RL in the real world.

By building on the success of RL in 12-DoF actuated
quadrupedal systems, our research aims to demonstrate that
learning-based approaches can overcome the limitations im-
posed by reduced DoF. This work contributes to the state
of the art of legged systems by presenting the design of an
8-DoF quadruped and exploring control strategies specifically
tailored for it (Fig. 1). This work offers new insights into how
simplified and lightweight hardware can still achieve complex
locomotion tasks when paired with advanced control policies.

lil. ROBOT DESIGN

This section describes the design of our 8-DoF quadrupedal
robot Otto, starting with the robot’s mechanical design, then
the electrical scheme, and finally, the low-level hardware in-
terface to control the whole system.

A. MECHANICAL DESIGN
The Otto robot, shown in Fig. 2, is a quadrupedal mammallike
robot with 8-DoF compared with canonical quadruped robots;
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FIGURE 1. Otto walking on an asphalt terrain via an RL-based controller.
The user sends command velocities, i.e., & fori =1, ..., n, to the base and
Otto follows them. Otto’s figures decrease in transparency toward the final
position, while the cyan dotted plot represents the center of mass
trajectory.

it lacks the HAA joint, and each leg presents just two revolute
joints representing the HFE and the KFE joints. Removing the
HAA actuator decreases the number of actuated DoF and may
potentially lead to unstable robot motion, especially in harsh
terrains. However, recalling that each actuator weighs 0.5 kg,
Otto would weigh more than 8 kg using 12 Elastic Modular-
Actuators (EM-Act). This corresponds to a 30% increase of
the current weight, i.e., 5.5 kg.

Two EM-Act actuators [11], shown in Fig. 3 without their
cover plastic, are connected to create a single leg, thanks to
their modular design that allows for easy coupling and the
formation of a continuous chain of actuators. The actuator
features a two-stage reduction ratio, with each stage offering
a reduction of 3, resulting in an overall reduction ratio of 9.
These elastic actuators feature a specially designed elastic
component, a torsional spring, which decreases the overall
stiffness of the system, enhancing compliance and reducing
impact forces. The feet of the robot present a cylindrical form.
To increase the contact area, they are equipped with pads
made of rubber, providing improved grip and shock absorp-
tion. After that, the four legs are attached to the robot’s body,
which is made of aluminum and has the form of a cross-
linked box containing all the electronic devices to aliment
and control the system. In particular, as shown in Fig. 4, the
first EM-Act actuator of each leg is coupled with the lateral
layers of the body. Based on the mechanical aspects of the
robot, a Unified Robot Description Format (URDF) model! is
implemented in the Gazebo simulator as shown in Fig. 5.

B. ELECTRICAL DESIGN

The Otto robot has eight motors and uses a Raspberry Pi
4 as its onboard computer. Each actuator is controlled by a
Moteus R4.11 controller, which utilizes a magnetic encoder
to set the motor position and regulate current, ensuring precise
control. It is powered by a DJI 47D battery with a capacity of
4500 mAh. Each leg has a dedicated MJBots power distributor
R4.5B to ensure safe electrical power distribution; in addition,

I [Online]. Available: https:/github.com/CentroEPiaggio/mulinex_
description
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four individual switches are incorporated, allowing each leg
to be turned ON or OFF independently. This feature proves par-
ticularly useful for identifying and isolating hardware issues.
As depicted in Fig. 4, each power distributor is connected to
the lateral layers of the body to minimize the distance from
each leg. Directly onto the Raspberry Pi 4 is mounted the
mjbots Pi3hat r4.5 module, which enables simultaneous con-
trol of each actuator drive. This module facilitates seamless
communication over the Flexible Data-rate Controller Area
Network (FD-CAN) bus, ensuring rapid and reliable data ex-
change with sensors for efficient data collection and real-time
feedback.

C. CONTROL INTERFACE
A dedicated hardware interface is implemented to facilitate
robot control. This interface includes multiple ROS2 packages
that support modular communication between the robot joints
and a laptop, utilizing either an Ethernet cable or a Wi-Fi mod-
ule. Specifically, the ROS2 hardware interface enables joint
control through FD-CAN using a Raspberry Pi 4 and Pi3Hat.
Through a flexible configuration file, it is possible to fine-tune
various motor parameters, including position, velocity, effort,
current limits, and motor gains. The interface also allows for
adjustable parameters to control the update rate of the system,
ensuring optimal performance for different applications. In
Table 1, the mechanical, electrical, and control features of the
Otto robot are reported.

To allow seamless teleoperation of the robot, we developed
a web-based graphical interface to send reference velocities to
the locomotion controller. This interface does not require any
specialized software to run, allowing us to easily and reliably
control the robot from a wide range of devices. Ultimately,
the whole software stack that we developed offers a highly
adaptable solution, allowing for seamless integration of mo-
tors and sensors with customizable settings tailored to meet
the specific needs of various robotic applications.

D. COMPARISON WITH EXISTING ROBOTIC PLATFORMS

TABLE 1. Datasheet of the Otto Robot

Otto Datasheet
Property Value
Nominal length 430 mm
Width 440 mm
Maximum height 450 mm
Minimum height 73 mm
Weight 5.5kg
Number of DOF 8
Peak leg joint torque 19.6 Nm
Battery capacity 4500 mAh
Battery Voltage 24V
Battery Life 1.5h
Robot communication Ethernet, Wi-Fi 5 GHz
Software ROS2 compatible
Low-level motor controller PID antiwindup
Low-level controller frequency 30 kHz
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(a)

FIGURE 2. (a) CAD design of the Otto robot. (b) Otto robot.

Power distrrd.5

Power disir 14,5

FIGURE 4. Exploded view of the Otto robot.

IV. LOCOMOTION CONTROL

In this section, we propose the RL-based locomotion con-
troller for Otto. We start introducing background notation.
Then, we describe the training environment and the control
architecture. Next, we focus on the Sim2Real transfer prob-
lem, and finally, we report the training results.

A. BACKGROUND

The locomotion control problem of an 8-DoF quadrupedal
robot has been modeled as a partially observable Markov
decision process (POMDP), which is a generalization of a
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(b)

FIGURE 5. Simulated model of the Otto robot.

Markov decision process (MDP), a mathematical framework
for formulating discrete-time decision-making problems. A
POMDP models an agent decision process, in which the sys-
tem dynamics are assumed to be determined by an MDP, but
the agent cannot directly observe and measure the real envi-
ronment state. Unlike the policy function in MDP, which maps
the full environment states to the actions, a POMDP policy is
a mapping from partial observations of the real environment
state to the actions.

A POMDRP is described as a tuple of seven elements
(S, AR, T, 2,0, py), where S is the state space, A is the
action space, R(s, az, s;11) : S x A x & — Ris the per-step
reward function, 7 (s;41]s;, a;) is the conditional transition
probability density function, 2 is the observation space,
O(oy|st, a;—1) is the conditional observation probability den-
sity function, and pq is the starting state distribution.

At time step ¢, the environment is in the state s, € S. The
learning agent receives an observation o, € €2, which depends
on the current full environment state s; and on the previ-
ously taken action a,_1, with probability O(o;|s;, a;—1), and
takes an action g, € A drawn from a parameterized policy
a; ~ my(-|os), with parameters 0. This causes the environment
to transition to state s, € S, with probability T (s;41 sz, a;).

VOLUME 6, 2025
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At the same time, the agent also receives a reward signal
ri+1 = R(ss, az, 51+1), and then, the process repeats.

These reward signals are used to compute the episode return
R(t) =Y, y'r, ie., the cumulative discounted reward,
where T = (sg, ao, 51, a1, ...) are trajectories (sequences of
states and actions), also called episodes, drawn from the
policy and the environment. The discount factor y € (0, 1)
determines how much immediate rewards are favored over
more distant rewards. When y — 1, the agent cares about
maximizing the expected sum of future rewards.

The agent’s goal is to choose actions that maximize the
expected return J (7p) = fr T (t|mg)R(7) = Ernpy [R(T)].

The central optimization problem to solve, for policy opti-
mization algorithms, in RL is to find the optimal set of policy
parameters 6*, which maximizes the policy performance (the
expected return), i.e. 0* = arg max,J (7p).

The policy mp(-|o;) is modeled as a Gaussian distribu-
tion, i.e., a;, ~ N (ug(0;), 09), using a multilayer perceptron
(MLP) for the mean value wp(o;) and a state-independent
standard deviation og. We use the RL-Games [50] implemen-
tation of the model-free proximal policy optimization (PPO)
algorithm [51] to optimize the policy parameters.

PPO is an on-policy RL algorithm that trains an agent’s
decision-making function to fulfill complex tasks. It belongs
to the policy gradient methods family, which applies the pol-
icy parameters update rule 6y = 6 + «VpJ (g), where o
is the learning rate and Vy 7 (79 ) is the policy gradient.

In particular, PPO maximizes the surrogate advantage ob-
jective function L(6, 0), instead of directly maximizing the
policy performance, using stochastic gradient ascent 6| =
Or + aVoL(O, 0), where L(6, 6) is a measure of how policy
g performs with respect to the old policy 74, using data from
the old policy.

We employ the PPO-Clip variant, which relies on explicit
clipping in the objective function L(6, 6) to remove incen-
tives for the new policy to get far from the old policy

L(Ok, 0) =
Es,a~mg, |:min (MA”% (s, a),
o~O g, (alo)

clip <M, 1—e€, 1+ e) AT (s, a))i|
g, (alo)
with clip value € and advantage function A% (s, a). The latter
describes how much better it is to take a specific action a in
state s and is a function of the full environment state s.

PPO exploits an actor-critic structure. The actor is respon-
sible for learning the policy 7y, which takes the environment
observation o, as input and outputs the corresponding action
a;. The critic estimates the value function Vy(-), a function of
the full environment state s with parameters ¢, which evalu-
ates how good it is to be in the environment state s;, and it
is used for advantage estimation. Vy(-) is an auxiliary func-
tion approximator that acts exclusively in the training phase
and predicts an estimate of the expected cumulative reward
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(i.e., the return) starting from the full environment state s;. In
POMDP, for asymmetric training, the input of the two neural
networks is different: the actor is given the environment obser-
vation o, provided by robot onboard sensors, while the critic
is given the full environment state s; available in simulation
for privileged learning. The critic has the goal of learning
the reward function and is used to update the Actor neural
network parameters.

B. TRAINING ENVIRONMENT

The environment? is the rough terrain locomotion environ-
ment from [52], based on the Isaac Gym framework [53],
which leverages the Isaac Sim [54] realistic physics-based
GPU-accelerated robotics simulator, allowing for highly par-
allel simulations. In particular, our environment employs 2048
simultaneously simulated Otto robots.

The goal of this task is to make the robot follow a user-
provided desired robot base twist command &4 = [Vﬁ, a)é],
consisting of a desired linear velocity v} along the robot base
sagittal x-axis and a desired angular velocity w7 around the
robot base longitudinal z-axis. During the training, the desired
robot base twist commands &4 are generated randomly in
the ranges of [—1+1] m/s and [—1=1] rad/s for v} and wj,
respectively.

The policy has been trained using a game-inspired cur-
riculum learning [27], [55], [56]. The environment terrain is
divided into different terrain types (smooth sloping terrain,
rough sloping terrain, stairs up and down, discrete obstacles,
and wavy terrain) and levels of increasing difficulty. The
higher the level, the greater the slope, step height, surface
roughness, obstacle height, and wave height, and the shorter
the wavelength. Further information on the increase in the
difficulty of the various terrains is given in Table 2. Fig. 6
shows snapshots of the training phase in simulation on the
different terrains.

All robots start at level zero, and if, at the end of the
episode, the robot has traveled a distance greater than half,
or less than a quarter, of the current terrain length, the robot
moves to the next, or previous, level in the new episode,
respectively. This allows for learning a more robust walking
strategy that helps to succeed in the cases where it failed,
and also not to forget the behaviors already learned, avoiding
catastrophic forgetting [57].

Episodes may incur an early termination if the robot falls,
i.e., more than one knee or the base comes in contact with
the ground. In any case, the maximum episode duration is
20 s, dealing appropriately with time-out termination condi-
tions [58] if the robot does not fall for the entire episode.

C. TRAINING AND CONTROL ARCHITECTURE

The locomotion controller, i.e., the policy mean value network
Wo, is an MLP with three hidden layers of 512, 256, and 128
units, respectively, with interleaved exponential linear unit

2 [Online]. Available:
OmnilsaacGymEnvs/tree/Otto- training

https://github.com/CentroEPiaggio/
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TABLE 2. Initial Values of the Different Parameters for the Different Terrains and Their Corresponding Increment Value for Each Level

Wavy terrain

Terrain type Parameter Initial value Level Increment Final value
Smooth/rough sloping terrain slope 0° 1° 20°
Stairs up/down step height 1 cm 3 mm 7 cm
Discrete obstacles obstacle maximum height 5 mm 2 mm 4.5 cm

wave amplitude - wave frequency

lem=25m~ ' | 1.5mm-0m~! | 4cm—-25m~!

The number of levels considered in the training is 20.

Ea~ U

AL Actor Network 100Hz _/

Observations o & {2

Privileged Observations s € §

Vyls) : ==

Curriculum Learning
NVIDIA lsaac Sim

Training

| PD control

T = Kplga = q) = Kpq

0

Joint Encoders, IMU

FIGURE 7. Overview of our asymmetric actor-critic training pipeline using PPO. During training, the critic (top right) has access to privileged observations
(e.g., terrain heightmaps) and provides value estimates V,(s). The actor (bottom left) only receives nonprivileged observations such as joint states (q, §),
IMU readings (»?, ¢°), and user joystick commands ,. The actor network outputs mean and variance parameters p, o that define a stochastic action
distribution A/(u, ¢2), from which actions a € .A are sampled at 100 Hz. These actions are then mapped through a scaling factor « and converted into
torque commands via PD control at 500 Hz. After curriculum learning in simulation, only the actor-network, PD controller, and onboard sensors are

deployed on the physical quadruped robot.

(ELU) activation functions. The locomotion control policy is
non-perceptive, i.e., it does not take any information coming
from exteroceptive sensors (e.g., LIDARs or depth cameras)
as input, and it runs at 100 Hz, while, for the training, the
simulation runs at 200 Hz.

The controller input is the 36-D environment observa-
tion o; containing only the information that can be directly
measured on the real robot with onboard sensors, i.e., joint
encoders and IMU (see Fig. 4). Notably, in contrast to
the state-of-the-art, our approach relies only on propriocep-
tive sensors without velocity estimates. This contrasts with
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the literature, where locomotion policies often include out-
puts from state estimators [1], [14]. As shown in Fig. 7, it
contains the robot base angular velocity ® (in robot base
frame), robot base orientation ¢® (in world frame as a scalar-
first unit quaternion), projected gravity ¢bg¢b71 (the gravity
vector g =[0,0, —1] projected onto the robot base frame
axes), desired robot base twist command &; = [v}, @3] (in
body frame), joint positions ¢ and velocities ¢, and previous
action a;_.

The controller output is the 8-D action a, that is used to
compute the desired joint positions, i.e., g4, as shown in Fig. 7.

VOLUME 6, 2025
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The action is first scaled by a factor o« = 0.5 and the result
is added to a constant default configuration gqe¢ that allows
the robot to stand when the action equals zero. This default
configuration gger is 2120° for the hip joints and +60° for the
knee joints (see Fig. 2).

The full privileged state s; of the environment used for
asymmetric training is 266-D. As shown in Fig. 7, it contains
robot base linear v® and angular velocity P (in robot base

frame), projected gravity ¢bg¢b_1 (in body frame as in the
observation), desired robot base twist command & = [v}, wj]
(same as in the observation), joint positions ¢ and velocities g,
previous action a,_1, and the robot-centric height-map H,p
of the surrounding environment taken on a patch of 1 and
40.5 m along the robot base frame x- and y-axes, respectively,
with a resolution of 0.1 m, for a total of 231 sampled points.

The inputs of both the actor and the critic networks
are normalized using a running-mean-standard-deviation ap-
proach, by first subtracting the mean values from the input
components, and then, dividing the result by their standard
deviations.

The use of this asymmetric actor-critic training architecture
avoids the need for more complex learning paradigms such as
teacher—student policy distillation, as done in other works [1],
[14], to successfully learn the RL task.

D. SIM-TO-REAL

We employ different techniques to close the Sim2Real
gap [59], [60], [61], [62] and successfully deploy the trained
policy on the real robot.

First, we perform a simplistic identification for the values
of the actuators’ dynamic parameters, i.e., the stiffness Kp and
damping Kp parameters of the low-level PD controllers.

To this end, we designed a set of open-loop joint position
trajectories: trotting in place, rolling around the robot base
frame x-axis (similar to slowly pacing in place), pitching
around the robot base frame y-axis (similar to slowly bound-
ing in place), doing push-ups, doing stand-ups, moving the
base back and forth while keeping the feet still on the ground,
and performing a circular trajectory with the robot base on the
robot sagittal plane.

These trajectories were executed on the real robot, for dif-
ferent frequencies and amplitudes, gathering the actual joint
positions of the physical system. The same trajectories were
then executed on the simulated robot for different values of
the Kp and Kp parameters, of the simulated drives, to solve
the following optimization problem:

g (1) — q?““(t)”2

N T
. 1
Kp, Ky = arg ming, g~ ZZ ‘
i=1 t=1

where N is the number of trajectories, T is the total number
of trajectory samples, and ¢ and ¢*™ are the actual joint
positions of the real and simulated robot, respectively.

This procedure allowed us to identify the values for the
simulated drives’ parameters to achieve the simulated robot
behavior that most closely replicates the real robot behavior
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(Kp = 70.9 Nm/rad and Kp = 0.4 Nms/rad). Indeed, using on
the real robot the same values used in simulation may lead to
lower performance due to the unmodeled belts, gears, delays,
and other phenomena.

In particular, we started with the gains used in the simu-
lation and incrementally increased the proportional gain until
the root-mean-squared-error on the joint position was within
an acceptable threshold. The derivative term was then tuned
to mitigate the vibrations introduced by the increased propor-
tional gain.

We also apply domain randomization techniques [63] at dif-
ferent levels during training by applying random disturbances
to the robots [64], [65] in the form of random pushes applied
to the bases of the robots, and by randomizing some robot
parameters and other physics properties of the simulation [66],
as shown in Table 3, to make the policy robust against model-
ing mismatches between the simulated and real robot, as well
as against unmodeled dynamics.

The gravity g magnitude on the world frame z-axis is ran-
domized to simulate different possible external loads. The
randomization applied to the joint torques 7 is used to simu-
late motor faults. To deal with different terrain conditions, we
randomize terrain properties, such as restitution e and friction
coefficients g and (g, as shown in Table 3.

The initial positions and orientations of the robots are
randomized too, as well as the initial joint positions and ve-
locities, to explore more different cases and make the policy
robust to various scenarios. We add random noise to the ob-
servation and actions to simulate sensor noise and actuation
inaccuracies, respectively.

Furthermore, considering actuators compliance and dynam-
ics modeling simplifications, we also perform randomization
for the stiffness Kp and damping Kp actuator model parame-
ters, and joint friction Fy and armature J, coefficients.

The randomization, together with the actuators’ dynamic
parameters identification discussed previously, allowed us to
successfully transfer the policy to the real robot, avoiding the
use of more complex approaches, such as actuator networks
training; see, e.g., [1], [14], [26], and [27].

E. REWARD SHAPING

We build upon our reward function from one of the classic
end-to-end policies for quadrupedal robot locomotion; see,
e.g., [52]. All the reward terms are listed in Table 4, and
the new terms, aimed to improve the sim2real transfer, are
presented as follows.

Due to Otto’s lightweight body, we reshape the reward to
reduce vibration and impulsive movements of the joints by
penalizing the joints’ acceleration and jerk while generating
smooth joint motions [67]. To this end, we considered the
norm of the 8-D vector associated with all the DOFs. Using
the norm allows us to balance the convergence of the different
components, ensuring that no joint value is over- or underop-
timized. These terms are listed in Table 4 as action_jerk and
action_accel.
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TABLE 3. Randomization Applied During the Training to the Physics Parameters of the Simulation and the Robots

Entity Parameter Description Frequency Operation Distribution A
Simulation g Gravity On reset Additive Uniform [0+2.943] (world frame z-axis)
Kp Joint drives stiffness On reset + 20 s Scaling Uniform +5% (on reset) =10% (on interval)
Kp Joint drives damping | Onreset+ 17.5 s Scaling Uniform +10% (on reset) £5% (on interval)
Robot Fy Joint frictions Onreset+ 13 s Sc]zllirrfg(f)(;lnifli::\[/)al) Uniform ilfgéo 1(gn fnggrnv;’)s et)
Ja Joint armatures On reset Direct Uniform +2 x 1073
T Joint torques 25s Scaling Uniform +15%
Is Static friction 10's Direct Uniform [0.3+1.3]
Terrain fd Dynamic friction 10's Direct Uniform [0.15+1.3]
e Restitution 10s Direct Uniform [0.2+1.0]

Here, “on reset” means every time an episode terminates, while the “on interval” randomization (shown in seconds) refers to the simulation time. A is the distribution interval. The random value is applied
considering the initial value for the “on reset” randomization, While, for the “on interval” randomization, it is applied considering the last value set by the “on reset” randomization.

TABLE 4. Reward Terms With Their Corresponding Weighting Factors

Reward Terms
Component Description Value
lin_vel_xy Linear velocity, XY plane 1.5
ang_vel_z Angular velocity, Z- axis 0.75
lin_vel_z Linear velocity, Z - axis -4.0
ang_vel_xy Angular velocity in the XY plane | -0.05
orient Orientation -0.75
torques Torques -0.0
joint_acc Joint accelerations -1.5e-3
action_rate Rate of actions -7.5e-3
base_height Height of the base -2.5
hip Hip position -0.25
feet_pos_z Feet positions, Z- axis -0.1
action_accel Action accelerations -0.07
action_jerk Action jerks -5e-4
joint_jerk Joint jerks -le-4
falcata Step’s length -10.0
action_jerk_max Maximum action jerk -0.012
joint_jerk_max Maximum joint jerk -1.8e-3
action_accel_max Maximum action acceleration 0.1
joint_accel_max Maximum joint acceleration 0.05
feet_air_time Feet air time 0.25

Some of these terms have a particular evolution w.r.t. the observations; see Section [V-E.

In addition, we added maximum torque and jerk penalty
terms, i.e., joint_accel_max and joint_jerk_max in Table 4,
which reduce instantaneous peaks that can lead to high cur-
rents, actuator stress, and premature breakage [11].

To regularize the gait, we used two dedicated reward terms.
The first one enforces the desired stride, while the sec-
ond one enforces the desired feet air time, i.e., falcata and
feet_air_time in Table 4, respectively.

To guarantee a gait without jolting and with the base
sufficiently high, we introduced two terms regarding the ori-
entation and the base height, i.e., orient and base_height,
respectively; see Table 4. We reshape these two reward con-
tributions as follows. We blend a quadratic penalty and a
Gaussian-like gain term depending on how distant the base is
from the desired pose, i.e., Xact — Xges- The function designed
is the named PG function, from the penalty and gain terms,
ie.,

XTX

F(x) = dy_x " x + agqe 207

(D
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Bitimensional PE Function
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(a)

2401 Band.pass PG Fundion

raw [adim]
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=
]

rew [adim]

(b)

FIGURE 8. Example of function in (3). On the top left, we report the 3-D
representation of the surface, on the top right, we show its upper section.
In the bottom line, the surface is depicted in the function of one
component.

where o and o are scale factors to tune, x = Xact — Xdes 1S

the error, and o2 is the variance of the Gaussian-like bell. The

as— penalizes for a large deviation from the desired value. The

a4 is the maximum value of the Gaussian-like function part,

it rewards if the variations from the desired value are small.

We defined the variance to blend the parabola and the bell
) —1

o

= 2)
Ko

with the tunable parameter « > 1. If x = 1, the bell joins

the parabolic curve smoothly. Conversely, if « > 1 the bell

squeezes Fig. 8(a). This function can be compared with a

low-pass filter, but there may be scenarios in which x,¢ needs

to be reduced. Next, we require a bandpass filter. To this end,

we add another Gaussian-like function with a negative scale to
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TABLE 5. Values of the Parameters Used for the Training With the PPO
Algorithm

RL Parameters

Property Value
o 0.99

€ 0.2
GAE-\ 0.95
KL threshold 0.008

Learning rate 3e-4 (Adaptive)

Horizon length 48
Critic coefficient 2
Entropy coefficient 0.001
40| |
30 :
=
< - N
g 20
O
—
10 -
0 ,
I I I I
0 0.5 1 1.5
steps -10°

FIGURE 9. Mean cumulative reward over policy steps during the training
process.

“dig” into the bonus range Fig. 8(b). Recalling (1), the overall
reward follows:

XTJC

Fop(X) = r(x) + agne 3)

with the new tunable parameter agy and oéN is a new vari-
ance, i.e.,
OGN 2 —1

KGN = —Ksc , OGN = —— “4)
O+ KGNOs—

with ks > 1, agn < 0, and |agN| > o54. Examples of the
low-pass and bandpass versions are displayed in Fig. 8

F. TRAINING RESULTS

The values of the main PPO algorithm hyperparameters, used
for training the policy, are shown in Table 5. The training re-
ward trend is shown in Fig. 9, and how the curriculum learning
affects the training process can be seen, i.e., the decreasing
reward means the advancement to the next level.

Table 6 shows the policy performance in simulation. It
was evaluated considering 2048 episodes of 20 s. In these
episodes, the robots are given all different random desired
twist command references, over the various terrains consid-
ered during the training phase.
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TABLE 6. Summary of the Training Results

Training Results
Property Value
Vg 86%
Wz 87%
Fallen 15%
Episode length 97%
Reward 44.4

These results show that the policy can achieve good twist
command tracking performance, despite the limitations posed
by this specific mechanical design, successfully crossing the
different terrains considered in most cases.

V. EXPERIMENTAL RESULTS

This section reports the experiments to verify the robust-
ness of the 8-DoF robot—Otto—and the performance of the
trained-in-simulation policy. We perform three types of ex-
periments: velocity tests, indoor obstacle tests, and outdoor
tests; see Fig. 10. These tests, similar to the different terrains
during the training process on the simulator, act as a real-
world disturbance, introducing different forms of challenge
and unpredictability. By assessing performance on these di-
verse surfaces and with varying obstacles, we demonstrate the
system’s capability to maintain control in dynamic environ-
ments.

A. VELOCITY TRACKING

The following experiments have twofold objectives. First, we
want to establish the robustness of Otto’s design, and second,
we stress the capability of the policy to track linear velocity
commands.

We test the linear velocity and not the angular one. Three
different absolute values of velocity are chosen to test:
+0.5, £0.7, and £1 m/s. We repeat three times each of the
three velocity signals, leading to 18 experimental tests. The
velocity is given as policy input as a square wave. To quantify
the velocity tracking, we use the following metrics:

o ol kil
Xmean n = As
vxmean
Nx = —
Ux
hs
Ny = —7—
’ ldes
Mot = Nx + Ny @)

where x; is the real displacement on the longitudinal axis,
v, is the command velocity, n is the number of repetitions,
i.e., 3, Ay is the step duration, /4 is the desired displacement
onto the longitudinal axis, and A is the real motion onto the
lateral axis. We define 7, for the longitudinal displacement
and n, for the horizontal shift. The latter is always negative to
penalize the lateral displacement. In the best case, n, = 1 and
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(a)

(b)

(c)

FIGURE 10. Photos of different scenarios to test Otto’s locomotion abilities. (a) Indoor terrain with obstacles. (b) Outdoor asphalt terrain. (c) Outdoor

grass terrain.
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FIGURE 11. Plots of the experimental results for velocity tracking testing with v, = 0.5 m/s. (a) Joint positions. (b) Joint velocities. (c) Joint torques.

(d) Roll and pitch.

TABLE 7. Results for the Velocity Tracking Tests

Velocity Tracking Results
Property Value
Eley,] [m] 0.56
5 (lq) [m] 0.06
E[hs] [m] 0.28
& (hs) [m] 0.07
Nz [%] 72.1
My [%] -14.1
ot [%] 58

ny =0, hence 7y € [—1, 1]. After each experimental test,
we measure the real displacement along the longitudinal and
lateral axes.

Table 7 displays the mean results obtained: the mean of
and the standard deviation of the error on the longitudinal
displacement, i.e., E[e;,] and & (lg), the mean and standard
deviation of the lateral shift, i.e., E[hs] and & (hg), and the
three return indexes, i.e., 1x, 1y, and M.

Figs. 11-13 report the experimental results for testing
vy = 0.5,0.7, and 1 m/s, respectively. We report here just the
positive command for the sake of space. Each experiment lasts
approximately 4 s to standardize the tests. Refer to the Video
attachment for further details.

Discussion: These tests assess the robustness and durabil-
ity of both the mechanical and electrical components; see
Figs. 11(b)-13(b). We successfully conducted multiple tests
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repeatedly. Figs. 11(a), 12(a), and 13(a) present the joint po-
sitions, demonstrating that the controller achieves accurate
tracking performance with a slight residual error introduced
to maintain system compliance. Moreover, Figs. 11(b), 12(b),
and 13(b) illustrate the joint velocities, showing transient
peaks reaching approximately 15 rad/s and an average oper-
ating range of around +5 rad/s. Since the EM-Act datasheet
specifies a maximum joint velocity of 69 rad/s [11], these
results confirm that the system operates well within its design
limits, whereas Figs. 11(c), 12(c), and 13(c) illustrate the joint
torques, which remain within the specified limit of 15 Nm.
Notably, torque peaks do not exceed 10 Nm, confirming that
the control policy operates without imposing excessive stress
on the system. Finally, Figs. 11(d), 12(d), and 13(d) illustrate
the roll and pitch angles for the three tests, with the maximum
base oscillation remaining within 5°, demonstrating the effec-
tiveness of the control policy.

These results demonstrate the robustness of the entire hard-
ware system. Mechanically, the system performed the tasks
without any noticeable structural damage, and electrically, it
consistently delivered the required torque and velocity to each
joint.

B. MODEL-BASED CONTROL COMPARISON
We compare our model-free learning method with a state-
of-the-art solution, namely differential dynamic programming
(DDP) using the CROCODDYL library presented in [29].

DDP is a model-based optimal control routine that can
generate feasible motions, feedforward terms, and feedback
policy; see e.g., [29], [68], and[69].
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FIGURE 12. Plots of the experimental results for velocity tracking testing with v, = 0.7 m/s. (a) Joint positions. (b) Joint velocities. (c) Joint torques.

(d) Roll and pitch.
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FIGURE 13. Plots of the experimental results for velocity tracking testing with v, = 1.0 m/s. (a) Joint positions. (b) Joint velocities. (c) Joint torques.

(d) Roll and pitch.

We perform a walking task setting the following param-
eters: stepLength: 0.1 [m], stepHeight: 0.05 [m],
timeStep: 0.01 [s], stepKnots: 100, and support-
Knots: 50.

In Fig. 14 are shown the results of this experiment.

Fig. 15 reports a photo sequence of the walking motion.
The algorithm can execute the walking. However, DDP needs
approximately 30 s to find the optimal trajectory.

Discussion: The model used for planning with DDP and
training with RL is the same. While DDP produces the
most elegant gait, it sacrifices the adaptability and therefore
the robustness characteristic of learning-based approaches. In
contrast, the walk learned through RL proves to be the most
robust. Both methods show comparable performances in terms
of tracking [see Fig. 14(a)], speed [see Fig. 14(b)], torque [see
Fig. 14(c)], and motion.

Furthermore, DDP walking causes more tilting of the base
[see Fig. 14(e)], even at relatively slow speeds and on flat
terrain, compared to RL walking, as shown in the velocity
tracking task. This indicates that RL walking has a generalized
behavior when dealing with multiple terrains, making it more
robust than DDP walking.

C. PAYLOAD

In this experiment, we test and stress the effectiveness of
Otto’s design and the robustness of the control policy via a
payload test. We load Otto with a payload of 5 kg, which is al-
most its weight. The experiment lasts 20 s indoors, where the
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user controls the robot with a joystick web interface, sending
velocity commands to the robot’s base. The overall results are
shown in Fig. 16. It is important to note that the same policy
used in the velocity tracking experiments was employed here
as well.

Furthermore, in Fig. 17, a sequence of the walking of the
Otto robot with a payload of 5 kg is displayed.

Discussion: During the test, the robot successfully walked
with a payload of 5 kg, showing the robustness of both design
and control policy.

Fig. 16(a) presents the roll and pitch angles. During the
experiment, the base of the robot exhibited significantly more
tilt compared to earlier experiments, showing the robustness
of the overall hardware system.

Fig. 16(b) and (c) reports the linear and angular velocity
commands, respectively, provided by the user via the joystick
web interface.

The temperature in Fig. 16(d) rises steadily throughout the
experiments. It is worth noting that the knee joints exhibit a
higher temperature due to the greater load they support.

Despite the payload, torque values remain below the 15-Nm
limit, even under these demanding conditions; see Fig. 16(e).
Overall, the system demonstrates accurate reference tracking
while maintaining compliant behavior; see Fig. 16(f).

D. TERRAIN WITH OBSTACLES
In this experiment, the robot walks indoors on a terrain
with randomly placed obstacles. These range from simple
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FIGURE 15. Photo sequence of Otto walking while performing two steps via DDP.

barriers on the floor, e.g., wooden bricks and disk-shaped
weights, to slope surfaces of inclination between 4° and 20°,
see Fig. 10(a). The experiment lasts approximately 110 s,
where the user controls the robot with a joystick web inter-
face, sending velocity commands to the robot’s base. Note
that different terrain friction coefficients are present in this
scenario.

Fig. 18 reports the experimental results for the indoor test
where the robot walks into an unstructured indoor terrain and
is controlled via a joystick web interface. Fig. 19 shows a
photo sequence of the robot walking into the unstructured
indoor terrain with obstacles.

Discussion: The behavior of the policy shows good per-
formance in terms of maneuverability and stability while
showing a smooth gait. In detail, Fig. 18(b) and (c) reports
the command provided by the user via the joystick web inter-
face. Moreover, Fig. 18(a) presents the yaw and pitch angles,
revealing that the base of the robot exhibits significantly more
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tilt compared to earlier experiments, demonstrating the ro-
bustness of the overall hardware system. Fig. 18(f) and (e)
illustrates the joint positions and torques, respectively, con-
firming that torque values remain below the 15-Nm limit,
even under these demanding conditions. Overall, the system
demonstrates accurate reference tracking while maintain-
ing compliant behavior. Finally, Fig. 18(d) depicts the joint
temperature. The temperature rises steadily throughout the
experiments. It is worth noting that the knee joints exhibit a
higher temperature due to the greater load they support. In
some cases, the robot partially falls from the footplate, but the
policy was capable of raising the feet and making the robot
rise completely above, showing robustness to disturbances of
the terrain. Refer to the Video attachment for further details.

E. OUTDOOR
In the last experiments, the robot crosses common every-
day life environments, i.e., asphalt streets and a garden, as
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FIGURE 16. Results for the EGR-EET3 policy dealing indoor test with a payload of 5-kg controlled via the joystick web interface. (a) Roll and pitch.
(b) Command vel. lin. (c) Command vel. ang. (d) Joint temperature. (e) Joint torque. (f) Joint positions.

FIGURE 17. Photo sequence of the motion of the Otto robot while walking with a 5-kg payload.

in Figs. 21 and 23, respectively. The street tests the walk
on an irregular, rigid ground with many inhomogeneities for
220 s. Conversely, the grass terrain is challenging due to the
high ground compliance, bushes that work as obstacles with
very high compliance, and the different ground friction coef-
ficients. The robot moves in the grass terrain for about 95 s.
In both cases, the user moves the robot freely using the web
interface.

Figs. 20 and 22 report the experimental results on the grass
scenario.

VOLUME 6, 2025

Refer to the Video attachment for further details.

Discussion: The policy maintains stable walking, leading
to smooth and regular robot behavior. The robot was success-
fully able to work in outdoor conditions. At the same time, the
trained policy showed enough robustness to allow the robot
to walk, despite not being trained explicitly for terrains with
high compliance such as grass(see Fig. 23), or extremely high
friction, such as asphalt terrain (see Fig. 21). Figs. 20(b),
and 22(b) and Figs. 20(c) and 22(c) report the command
provided by the user via the joystick web interface. As
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FIGURE 19. Photo sequence of Otto walking indoors with obstacles. Snapshots are taken within a 2-s window.

shown in Figs. 20(d) and 22(d), the joint temperatures display
varying patterns depending on the environment. Specifically,
during the street experiment, the temperature rises linearly
throughout the task. In contrast, the behavior observed in the
grass experiment differs. The softness of the terrain reduces
the torque during the experiment, resulting in less overheat-
ing of the joints. Furthermore, Figs. 20(a) and 22(a) display
the roll and pitch angles, it is clear to see the difference
in angles from the two plots, in asphalt the terrain is more
regular respect the grass and this is depicted in the figures
showing that in grass terrain the base of the robot is more
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tilted. Finally, Figs. 20(f) and 22(f) display the joint positions,
as previously discussed, the control objective is to achieve
a compliant behavior while keeping the tracking error quite
low, and Figs. 20(e) and 22(e) report the joint torques for
tests conducted on asphalt and grass, respectively. Notably,
torque levels remain relatively high throughout the asphalt
experiment, while they vary more significantly on the softer
grass terrain.

It is important to note that both tests were conducted
on the same day, so the weather conditions were virtually
identical.
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FIGURE 21. Photo sequence of Otto walking in the asphalt terrain. Snapshots are taken within a 4-s window during the task.

F. COMPARISON WITH OTHER 12-DOF
QUADRUPED ROBOTS
Unlike any 12-DoF quadrupedal robots, Otto cannot perform
lateral motion but can only move forward, backward, and
turn right or left. However, compared to other state-of-the-
art quadrupedal robots, Otto presents similar performances
in terms of forward velocities, payload, etc. For example,
the maximum forward velocity of Otto is 1 m/s, while the
ANYmal D can move up to 1.3 m/s, and the Spot up to 1.6 m/s.
In [70], Solo12 is controlled using RL to navigate various
terrains, yielding results similar to ours. For instance, the max-
imum forward velocity is 1.5 m/s, while the maximum angular

VOLUME 6, 2025

velocity command is 1 rad/s. Thus, our findings demonstrate
that even with 8 actuators, the robot can perform comparably
to other 12-DoF robots.

Regarding the design aspects, Table 8 shows the difference
between Unitree Gol and Otto. The different number of DoFs
is reflected in the weights of the two robots. For this reason,
the battery capacity of the Otto robot is smaller, even if the two
robots show a similar work period time. The payload capacity
of the Otto, concerning the overall mass, is greater than that
of the Unitree Gol, showing that the EM-Act actuators can
effectively be adopted in the prototyping of novel robotic plat-
forms. Thanks to their modular design, they are well-suited
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FIGURE 23. Photo sequence of Otto walking into the grass terrain. Snapshots are taken within a 3-s window during the task.

TABLE 8. Comparison Between Unitree Go1 and Otto Robots

Specification Unitree Gol Otto
Degrees of freedom (DoF) 12 8

Actuator type Electric Series Elastic
Weight (kg) 12 55

Payload capacity (kg) 3-5 5

Battery capacity (mAh) 6000 or 9000 4500
Operability duration (h) 1-2.5 1.5

for assembling robots with multiple DoFs. Moreover, Otto
features a unique open-source ROS2 hardware interface
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that facilitates the easy adjustment of low-level controller
parameters.

VI. CONCLUSION

In this article, we proposed the design of an SEA-equipped
quadrupedal robot with 8-DoF, namely Otto, and a learning
framework for training a policy for its control. The design
solution shows high performance in terms of tracking joints,
temperature values, and high power-to-weight ratio. On the
other hand, the policy is robust and enables the robot to
traverse unstructured and unknown real-life environments.
Overall, 8-DoF is enough for walking gaits, showing good
maneuverability and agility. To validate our framework, we
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conducted a series of experiments in both indoor and outdoor
environments, along with comparisons to model-based control
approaches. Furthermore, we demonstrated the robustness not
only of the learned policy but also of the robot’s design, which
was capable of walking while carrying a payload of up to 5 kg.

Future work will try to incorporate optimal control algo-
rithms into this paradigm and equip the robot with exterocep-
tive sensors.
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