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“If I had asked people what they wanted, they would have said faster horses.”

Henry Ford






Abstract

The motor skills performed by human beings every day are still unmatched by artificial
systems, despite the rapid advances of control and motion generation methods driven
by deep learning. The fields of biomechanics and computational motor control inves-
tigate these capabilities with a variety of different methods, among which predictive
simulation has been a successful paradigm, allowing researchers to gather insight
into human motor control as well as develop new methods for rehabilitation. While
existing control methods achieve impressive results by using simplified models or by
neglecting aspects such as feedback, environment uncertainty and biologically plau-
sible sensory inputs, a scalable control algorithm capable of generating closed-loop
policies for high-dimensional musculoskeletal systems under a variety of conditions
is still missing.

One likely candidate to produce such a controller is Reinforcement Learning (RL). RL
has been able to create robust controllers in the robot learning domain, performing di-
verse behaviors in simulation and the real-world by leveraging advances in algorithms
and simulation engines. Nevertheless, the high dimensionality and complex dynamics
of musculoskeletal systems have limited its adoption in biomechanics. From the
perspective of bio-inspired robotics, although biological muscles exhibit properties
that likely enhance movement control, it remains unclear which features are essential
and which are only evolutionary artifacts, detrimental to movement generation. This
dissertation addresses these challenges through novel algorithmic developments and
computational frameworks that enable scalable RL for complex biomechanical sys-
tems, while also investigating muscular actuation properties in robotic systems across
both simulation and real-world settings.

In two computational studies, we could first develop a RL control algorithm capable of
generating behaviors for high-dimensional musculoskeletal systems, before extending
it with bio-inspired reward terms, making the resulting controller act close-to-natural,
while being incredibly robust. We found that overactuation is a key problem in
musculoskeletal systems, which exarcerbates exploration issues in RL. By leveraging
a technique from the domain of self-organizing systems, we could propose a controller
capable of generating effective exploration for arbitrary muscle-driven systems, while
performing well in a wide range of environments. Our proposed reward terms for
natural walking are adaptive and produce close-to-natural motion in 4 different models
without the need for parameter tuning. Additionally, all proposed methods have
been shown to work across different simulators of varying computational speed and
biomechanical fidelity, showcasing the versatility of our approach.

In another study, we investigated the contributions of muscles to control in a robotic
setting. By emulating a simplified muscle actuator in simulation across a wide range
of tasks and models, we could investigate the influence of bio-inspired properties
on control aspects such as robustness and data efficiency. Our investigations reveal
that while idealized torque actuators can achieve optimal performance under precise
conditions, muscle-like properties offer superior robustness and learning efficiency
across varied tasks and environments. By not relying on prescribed trajectories, but
only abstract reward terms, we gave the optimization enough freedom such that the
embodiment could have a measurable effect on the learned behaviors. In an extension
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to this result, we applied a similar muscle actuator to a simulated quadruped robot. It
was observed that the muscular actuation could, in addition to producing more robust
behaviors, also bias the learned behaviors towards being more natural and smooth. By
building an experimental pipeline where a muscle actuator, identical to the simulated
one, could be emulated on real robotic hardware, we were able to perform sim-to-real
transfer with a learned RL policy and achieve walking with a real quadruped robot.
After performing a parameter optimization of the actuator where feasibility on the
hardware was ensured through a newly derived damping rule, it could be seen that
the bias induced through the muscle actuator led to behaviors transferring better from
simulation to the real system.

Our results show that RL is a viable candidate to create closed-loop controllers that
produce robust and close-to-natural behaviors in high-dimensional musculoskeletal
systems under a variety of conditions. We believe his to be a first step to enable
new advances in biomechanics, motor control and rehabilitation. This thesis also
highlights the potential benefits of muscle actuation for robotic systems and the use of
emulated actuators to enable the simultaneous optimization of robot morphology and
control architecture on real hardware.
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Zusammenfassung

Die motorischen Fihigkeiten, die Menschen jeden Tag ausiiben, werden von kiin-
stlichen Systemen immer noch nicht erreicht, trotz der rasanten Fortschritte bei
Steuerungs- und Bewegungserzeugungsmethoden, die durch Deep Learning vor-
angetrieben werden. Die Bereiche Biomechanik und computergestiitzte Motors-
teuerung untersuchen diese Fihigkeiten mit einer Vielzahl verschiedener Methoden,
darunter die pridiktive Simulation als erfolgreiches Paradigma, die es Forschern er-
moglicht, Einblicke in die menschliche Motorsteuerung zu gewinnen und neue Meth-
oden fiir die Rehabilitation zu entwickeln. Wihrend bestehende Kontrollmethoden
beeindruckende Ergebnisse erzielen, indem sie vereinfachte Modelle verwenden oder
Aspekte wie Feedback, Umgebungsunsicherheit und biologisch plausible sensorische
Eingaben vernachlédssigen, fehlt immer noch ein skalierbarer Kontrollalgorithmus,
der in der Lage ist, Regelkreise fiir hochdimensionale Muskel-Skelett-Systeme unter
verschiedenen Bedingungen zu generieren.

Ein wahrscheinlicher Kandidat fiir die Entwicklung eines solchen Controllers ist
Reinforcement Learning (RL). RL war in der Lage, robuste Steuerungen im Bere-
ich des Roboterlernens zu entwickeln, die durch die Nutzung von Fortschritten bei
Algorithmen und Simulationsmaschinen unterschiedliche Verhaltensweisen in der
Simulation und in der realen Welt ausfiihren. Dennoch haben die hohe Dimension-
alitdt und die komplexe Dynamik des Muskel-Skelett-Systems seine Anwendung in
der Biomechanik eingeschrinkt. Aus Sicht der bioinspirierten Robotik bleibt unklar,
welche Merkmale wesentlich sind und welche nur evolutionédre Artefakte sind, die der
Bewegungserzeugung abtréglich sind, obwohl biologische Muskeln Eigenschaften
aufweisen, die wahrscheinlich die Bewegungskontrolle verbessern. Diese Dissertation
befasst sich mit diesen Herausforderungen durch neuartige algorithmische Entwicklun-
gen und Rechenrahmen, die skalierbares RL fiir komplexe biomechanische Systeme
ermoglichen und gleichzeitig Muskelbetidtigungseigenschaften in Robotersystemen
sowohl in Simulationen als auch in realen Umgebungen untersuchen.

In zwei Computerstudien konnten wir zunichst einen RL-Kontrollalgorithmus en-
twickeln, der in der Lage ist, Verhaltensweisen fiir hochdimensionale Muskel-Skelett-
Systeme zu erzeugen, und ihn dann um bioinspirierte Belohnungsbedingungen er-
weitern, sodass der resultierende Controller nahezu natiirlich agiert und gleichzeitig
unglaublich robust ist. Wir haben herausgefunden, dass Uberbetitigung ein zentrales
Problem im Bewegungsapparat ist, was die Explorationsprobleme bei RL verschérft.
Durch die Nutzung einer Technik aus dem Bereich selbstorganisierender Systeme kon-
nten wir einen Controller vorschlagen, der in der Lage ist, eine effektive Erkundung fiir
beliebige muskelbetriebene Systeme zu generieren und gleichzeitig in einer Vielzahl
von Umgebungen gute Leistungen zu erbringen. Unsere vorgeschlagenen Belohnungs-
bedingungen fiir natiirliches Gehen sind adaptiv und erzeugen eine nahezu natiirliche
Bewegung in 4 verschiedenen Modellen, ohne dass eine Parameteranpassung er-
forderlich ist. Dariiber hinaus wurde gezeigt, dass alle vorgeschlagenen Methoden
auf verschiedenen Simulatoren mit unterschiedlicher Rechengeschwindigkeit und
biomechanischer Genauigkeit funktionieren, was die Vielseitigkeit unseres Ansatzes
unterstreicht.

In einer anderen Studie untersuchten wir den Beitrag der Muskeln zur Kontrolle in
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einer Roboterumgebung. Durch die Simulation eines vereinfachten Muskelaktors
in einer Vielzahl von Aufgaben und Modellen konnten wir den Einfluss bioinspiri-
erter Eigenschaften auf Kontrollaspekte wie Robustheit und Dateneffizienz unter-
suchen. Unsere Untersuchungen zeigen, dass idealisierte Drehmomentaktoren zwar
unter prédzisen Bedingungen eine optimale Leistung erzielen konnen, muskelidhnliche
Eigenschaften jedoch eine liberlegene Robustheit und Lerneffizienz bei verschiede-
nen Aufgaben und Umgebungen bieten. Indem wir uns nicht auf vorgeschriebene
Trajektorien, sondern nur auf abstrakte Belohnungsterme verlieBen, gaben wir der
Optimierung geniigend Freiheit, sodass die Verkorperung einen messbaren Effekt auf
die erlernten Verhaltensweisen haben konnte. Als Erweiterung dieses Ergebnisses
haben wir einen dhnlichen Muskelaktuator auf einen simulierten vierbeinigen Roboter
angewendet. Es wurde beobachtet, dass die Muskelbetidtigung nicht nur robustere
Verhaltensweisen hervorrufen kann, sondern auch dazu fithren kann, dass die erlern-
ten Verhaltensweisen natiirlicher und geschmeidiger werden. Durch den Aufbau
einer experimentellen Pipeline, in der ein Muskelaktuator, der fast identisch mit dem
simulierten ist, auf echter Roboterhardware emuliert werden konnte, konnten wir mit
einer erlernten RL-Policy einen Sim-zu-Real-Transfer durchfithren und das Gehen
mit einem echten vierbeinigen Roboter erreichen. Nach der Durchfiithrung einer
Parameteroptimierung des Aktuators, bei der die Umsetzbarkeit auf der Hardware
durch eine neu abgeleitete Dampfungsregel sichergestellt wurde, konnte festgestellt
werden, dass die durch den Muskelaktuator induzierten Bias dazu fiihrte, dass sich
Verhaltensweisen besser von der Simulation auf das reale System iibertragen lie3en.

Unsere Ergebnisse zeigen, dass RL ein geeigneter Kandidat fiir die Herstellung
von Regelkreisen ist, die unter verschiedenen Bedingungen robuste und naturnahe
Verhaltensweisen in hochdimensionalen Muskel-Skelett-Systemen hervorrufen. Wir
glauben, dass dies ein erster Schritt ist, um neue Fortschritte in der Biomechanik,
Motorsteuerung und Rehabilitation zu ermoglichen. Diese Arbeit beleuchtet auch die
potenziellen Vorteile der Muskelbetitigung fiir Robotersysteme und die Verwendung
emulierter Aktuatoren, um die gleichzeitige Optimierung der Robotermorphologie
und der Steuerungsarchitektur auf realer Hardware zu ermoglichen.
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Chapter 1

Introduction

1.1 Understanding motor control: Why does it matter?

Despite the increasing pace of developments in robotics and Machine Learning (ML),
current controllers still struggle to replicate the robustness, diversity, and complexity
of human movement. Human beings perform incredible acts of agility and precision
under a variety of environmental conditions, constrained by imprecise, delayed, and
incomplete sensory inputs, as well as highly non-linear and non-stationary actuation
mechanisms. The study of biomechanics is crucial as it provides insights into the fun-
damental principles governing human movement, which are essential for advancing
both theoretical and applied sciences. Research in human motor control has signifi-
cantly contributed to the development of medical assessments (LaBmann et al., 2022)
and treatments, rehabilitation strategies (Rokhmanova et al., 2024), and the design
of assistive devices (Scherb, Wartzack, and Miehling, 2023), enhancing the quality
of life for individuals with movement impairments. Furthermore, understanding the
intricate interplay between neural control and musculoskeletal dynamics can lead
to the creation of more sophisticated and adaptive robotic systems (Shafiee, Belle-
garda, and Ijspeert, 2024). By leveraging biomechanical principles, researchers can
develop controllers that mimic the efficiency and adaptability of human motor control,
potentially revolutionizing fields such as prosthetics, sports science, and ergonomics.

Many motor control studies rely on predictive forward simulations—control signals
are found either through direct optimization or by finding controllers which drive
a physics-based musculoskeletal (MSK) model to perform behaviors which align
with realistic human motion. In contrast to inverse tracking in simulation, which
synthesizes appropriate control signals to track a given recorded trajectory, predictive
simulation allows researchers to explore the potential behavioral impact induced by
changes in muscle physiology or neural-control pathways, rehabilitation procedures,
or different designs of assistive devices (Falisse et al., 2019; Nikoo and Uchida,
2022). The successful application of forward simulation has been enabled by different
types of control algorithms: Direct trajectory optimization, or Optimal Control (OC),
is capable of controlling high-dimensional muscle-driven systems, but struggles to
incorporate feedback or environmental uncertainties (De Groote and Falisse, 2021).
Model-Predictive-Control (MPC) and reflex-based controllers inherently consider
closed-loop control, either through direct sensory-motor loops (Song and Geyer,
2013) or through receding horizon predictions (Sahara et al., 2024), but have not been
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extended to systems with hundreds of muscles or behaviors that go strongly beyond
simple periodic motions. This gap has potentially contributed to the tendency of the
community to study restricted motions in laboratory experiments, complicating the
use of predictive simulation to investigate realistic behaviors in uncertain conditions
in the real world. A flexible closed-loop control method, capable of synthesizing the
richness of human behavior under a variety of external conditions while handling
high-dimensional MSK-models, is still missing.

Recently, the explosion of technical advances in the fields of machine learning and
robotics have enabled the creation of algorithms of an unprecedented complexity,
capable of making predictions on extremely high-dimensional systems (Jumper et al.,
2021) and creating controllers for robots acting in the real world (He et al., 2024).
The use of these techniques not only allows for a potential increase in precision and
accuracy of existing methods in rehabilitation and motor control research (Tschug-
gnall et al., 2021; Gozlan et al., 2024; Cotton, 2024), but might enable a wave of
progress based on computational advances which will change the field. Policies
optimized through Reinforcement Learning (RL) can be deployed on real quadrupedal
and bipedal robots, having been trained entirely in simulation, even though the used
models are far from accurately predicting the real world. Faster simulators in com-
bination with algorithmic advances allow these controllers to work under unseen
conditions, which has transformed the field of robot learning (Rudin et al., 2021;
Nasiriany et al., 2024). RL has also been found to produce more robust policies in
real-world systems (Kaufmann et al., 2023), to be capable of distilling large amount
of experience (Luo et al., 2024b) and to yield flexible real-time controllers (Margolis
et al., 2022). Finally, RL is aligned with the way humans learn motor control, as it is
a learning mechanism used to drive adaptation in the brain (Botvinick et al., 2020;
Vassiliadis et al., 2021).

Despite these achievements, RL methods remain difficult to train: they suffer from
convergence issues, need extensive synthetic data from simulators and often require
researchers to craft specific exploration techniques for them to perform well. Con-
sequently, the transfer to applications in motor control and biomechanics has been
lacking. Popular simulators like OpenSim (Delp et al., 2007) have mainly been devel-
oped for the application of inverse kinematics and dynamics, suffering from speed
and stability issues in predictive forward dynamics simulation which is essential for
RL to perform well. A community effort driven by NeurIPS challenges (Song et al.,
2021) has been made to bridge the gap between computational motor control and
RL, but the resulting controllers have still been limited to low-dimensional systems
and simple periodic behaviors. Even then, training times for these algorithms often
exceeded weeks of time, making it infeasible to progress quickly.

This thesis aims to advance RL methods for MSK systems to enable the use of high-
dimensional models for the generation of complex human behavior under a wide range
of conditions. By making use of computational advances in simulation software and by
investigating the root causes for the lack of transfer from robotics to biomechanics, we
develop new RL algorithms which can be reliably used to produce policies uniting the
strengths of conventional control methods and remaining flexible enough to be applied
to different models and tasks. These methods constitute a first step for researchers
to study the full richness of human behavior under varied real world conditions in
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predictive simulation, potentially enabling advances in rehabilitation and assistive
devices as well as unlocking insights into human motor control.

1.2 The musculoskeletal control problem

Formulated in its current form by Bernstein (1967), the motor equivalence problem,
or degrees-of-freedom problem, states that there are many ways a human or animal
can perform a certain movement. Consider the task of reaching a certain point with
your hand. On a kinematic level, there is an infinite number of variations of elbow
and shoulder movement which achieve the same final hand position, not to mention
the different trajectories that could have been chosen. Additionally, humans and
animals possess a redundancy in their actuation mechanisms. In contrast to most
humanoid robots, which often have 1 actuator per Degrees-of-Freedom (DOF), muscle-
driven systems are strongly overactuated, with around 244 DOF (Morecki, Ekiel, and
Fidelus, 1984) and around 630 skeletal muscles (Prilutsky and Zatsiorsky, 2002). This
overactuation introduces additional flexibility in task execution, which might have
secondary effects on robustness (Berret et al., 2024) and metabolic consumption (Piche
et al., 2022), but not on the primary goal.

In addition to this fundamental problem, muscle actuators also have strong non-linear
properties, which makes the application of classical control algorithms infeasible. A
widely used computational model for the approximation of biological muscle is the
Hill-type muscle model. It modulates muscle force through non-linear force-velocity
and force-length relationships, includes a muscle activity low-pass filter mimicking
the diffusion of calcium ions in biological muscle and contains an elastic tendon,
capable of stretching independently of the muscle fiber (Zajac, 1989; Haeufle et al.,
2014).

In face of these difficulties, various mechanisms have been proposed. Some studies
approximate human behavior with torque control (Jiang et al., 2019), which is infea-
sible if the exact forces and dynamics of internal muscle components are required.
Driess et al. (2018) leverage equilibrium-point control to linearize muscle dynamics
at quasi-static points and learn an inverse model for a robotic arm with artificial
muscles, sacrificing the capability of learning fast dynamic movements. Assumptions
on the control architecture, used in reflex- (Geyer and Herr, 2010; Song and Geyer,
2013) or Central Pattern Generator (CPG)-based (Ryu and Kuo, 2021) controllers,
can produce natural behaviors without muscle model simplifications, but are usually
restricted to simple models, similar to MPC approaches (Takagi et al., 2022). Finally,
trajectory optimization is able to synthesize behaviors for high-dimensional systems
without simplifications, but does not easily incorporate feedback or environment
uncertainties (Nitschke et al., 2020).

RL has the potential to create flexible and robust feedback controllers for high-
dimensional systems without making simplifying assumptions on the muscle mod-
els or the control problem. Nevertheless, this potential has not been realized yet.
Many studies only used RL with low-dimensional models (Tieck et al., 2018; Weng,
Hashemi, and Arami, 2021a), or assumed stiff tendons in order to define a direct corre-
spondence between muscle activity and joint torques. This allowed them to decompose
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the problem into a separate joint-space and muscle-excitation optimization (Lee et al.,
2019; Luo et al., 2021).

An interesting approach by Denizdurduran, Markram, and Gewaltig (2022) first ob-
tains kinematic trajectories with torque-based MPC, before using RL-based imitation
learning to track the proposed trajectories, lifting the need for experimental data.
Nevertheless, this technique ignores the possibility of muscle actuation inducing a
different optimal behavior space than torque actuation, as the policies are tracking
the torque-trajectory with muscle actuators. As our experiments in contributions C
and D show, muscles can bias the learned behaviors to a more natural manifold.
Finally, muscle synergies can be extracted from human-data to constrain learning to a
simpler control space (Al Borno, Hicks, and Delp, 2020). Subsequent learning in the
synergy space simplifies the original problem, but the choice of data strongly affects
the possible downstream behaviors. So far, most studies applied to MSK-systems
have only learned behaviors identical to the original data.

In contribution A, we propose a new control algorithm for MSK systems. We show
that the main issue for RL algorithms in this application is the overactuation of the
body, induced by the large number of muscles with respect to the DOF. Differential
Extrinsic Plasticity (DEP), a method from the field of self-organization, is used
to generate embodiment-specific exploration data which improves the RL-agents
performance in a wide range of tasks. DEP requires no prior knowledge about the
control system or the muscle architecture, as it excites the system to produce joint
angle motion. Only the one-to-one mapping between muscle sensor and excitation
signal is needed, which is trivial to obtain in a simulator. This combination of DEP
with off-policy RL algorithms, allows us to investigate very high-dimensional muscle-
driven systems and propose a flexible and performant control strategy based on RL
which does not make assumptions on the muscle model.

Nevertheless, the behaviors produced solely with an external task reward often lack
certain markers commonly found in natural movement. The muscles are often used to
100% activity, co-activation levels are high and some extremities can be unnaturally
contorted. Such artifacts are ofter remedied in the motor control community by intro-
ducing specific cost functions, whose associated optimal behavior matches recorded
experimental data. Predictive reaching simulations can rely on muscle activity and
jerk minimization (Kistemaker, Wong, and Gribble, 2014), while specifying a target
location to be reached. Studies focusing on locomotion might use a combination of ef-
fort costs with force-based functions and costs mimicking self-preservation incentives
in animals and humans (Veerkamp et al., 2021).

Constraining behaviors in this way to a more natural manifold has worked well for
OC and reflex-based controllers, but it has been difficult to transfer these insights to
RL. Working approaches have only managed success on low-dimensional models and
required large computational resources or complex and sensitive cost curricula (Weng,
Hashemi, and Arami, 2021a). In contribution B, we propose to use a reward function
rooted in self-preservation, control smoothness and effort minimization. Crucially, our
approach uses an adaptive effort term, which slowly reduces the used muscle activity
of our controller in a flexible way, without the need to retune the reward function
for any of the 4 used models. With this contribution, we are able to investigate the
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influence of a biologically-inspired cost function, in combination with evolutionary
priors embedded as MSK-modelling choices on learned behaviors with RL, while
forcing good fulfillment of the auxiliary rewards.

1.3 The role of embodiment in robotics

Robotic systems traditionally rely on rigid components linked by moveable joints
actuated by motors. While a certain diversity of actuation mechanisms is present in
industry, the field of robot learning has primarily consolidated on electric motors,
with other mechanisms, such as elastic, hydraulic or pneumatic actuators (Pratt and
Williamson, 1995; Tondu and Zagal, 2006), only being used in niche applications.
The low-cost, high performance and somewhat “neutral” actuation properties make
electric motors favorable for robot learning, as they are easy to model in simulation
and can use their maximum torque output almost over the entire operating range:
They have enabled affordable open-source robots to be developed (Grimminger et al.,
2020; Ramos et al., 2021). A wide range of studies on robot learning have used such
devices successfully (Li et al., 2023; Chane-Sane et al., 2024) to investigate new
control algorithms.

Despite these successes, electric motors face many limitations. Control is highly
dependent on execution frequency, with RL agents often operating between 50 and
200 Hz (Chen et al., 2023). Any situation requiring faster reaction speed is usually
mitigated with PD-controllers tracking the desired position, which is often not precise
enough for fine-grained behaviors like object manipulation (Allshire et al., 2022).
Additionally, behaviors often need to be shaped through a large number of reward
terms tuned by experts, on top of experimental human data which is retargeted to
the robot and then tracked (He et al., 2024). In contrast, animals can perform robust
and agile locomotion tasks while using sensor and actuation mechanisms with delays
that are up to 100x higher than the ones typically found in robots (Gordon et al.,
2020). Many studies have started to investigate the benefits of integrating muscle-like
properties into robotic hardware, by implementing tuneable springs (Mo et al., 2023)
or pneumatic artificial muscles (Biichler et al., 2022). Unfortunately, the design of
hardware is a slow process and new actuation architectures require the development
of control algorithms capable of handling the overactuation and non-linear properties
often found in bio-inspired hardware.

A promising approach to study the benefits of muscle actuation in robot learning,
without incurring the difficulties associated with full artificial muscle architectures, is
to separate the different components of biological muscle and investigate their effects
in simplified simulations. We have, for example, seen a bias towards human-like
movement with the right cost function and a high-dimensional MSK-model in the
previous section, but it remains unclear which components of our biological actuation
mechanism are actually beneficial, and which might complicate control. More pre-
cise insights about motor control can be gained with comparative experiments. By
investigating simple and complex muscle models across different levels of abstraction
in predictive simulations, researchers can more precisely probe and disentangle the
contributions of the musculoskeletal system to movement control and assess which
components might be valuable for other applications like bio-inspired robotics.
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Considering idealized torque-control as the most “neutral” actuator, very early stud-
ies (Soest and Bobbert, 1993) have already shown stabilizing properties of muscle
actuation in low-dimensional systems driven by OC. Similar observations have been
made by other theoretical (Wagner and Blickhan, 1999; Eriten and Dankowicz, 2009)
and computational works (Stollenmaier, Ilg, and Haeufle, 2020; Haeufle, Grimmer,
and Seyfarth, 2010b). While it is easy to define abstract muscle-inspired properties
in simulation, hardware developments in real robots are slow, making it difficult to
prototype actuator architectures. Additionally, these studies used simplistic controllers
which limits the complexity of the learned movements and their transferability to the
real world. To enable the use of muscle-like properties in robots and study their effects
on learned behaviors, it requires a control method capable of generating complex
movements that can be deployed in the real world, while having a flexible actuator
architecture capable of mimicking muscles.

Recently, RL has been used in some studies to investigate the effect of the control
space on the learning performance, as RL is a method capable of creating feedback
controllers across morphologies, therefore constituting a fair comparison. Martin-
Martin et al. (2019) found that variable-impedance control with RL can outperform
position, velocity and force control in manipulation tasks. Peng and Panne (2017)
compared several action spaces in an imitation learning setting, one of them being
simulated muscles. While being an interesting comparison, these studies did not
perform predictive simulations, i.e. learning from scratch, but learned to track existing
trajectories. This puts the muscle-like actuator at a clear disadvantage, as its force
output is highly dependent on the current muscle length and velocity, while torque-
and position- actuators have a wider operating range over which close to maximum
force can be used. In contrast, our contributions C and D show how the investigation
of muscles properties in robot learning with underspecified tasks and by learning
under a wide range of conditions results in different conclusions.

There have also been efforts to build robots with elastic and muscle-like actuators in
hardware. Some of these approaches use RL directly with complex artificial muscles,
introducing confounding effects which make it difficult to disentangle the potential
benefits of muscles. Hwangbo et al. (2019) have shown that sim-to-real transfer can
work with serial elastic actuators, provided that the actuator is approximated by a
learned model in the simulator. Biichler et al. (2022) used learned controllers on
artificial muscle hardware, employing hybrid simulation approaches which can make
use of available simulator data efficiently, but use the hardware when necessary. Other
works implement emulated muscles in hardware (Serhan, Nasr, and Henaff, 2006;
Seyfarth, Kalveram, and Geyer, 2007; Batts, Song, and Geyer, 2015), with simple rule-
based controllers. While allowing to disentangle muscle properties and investigate
their effect on learned behaviors, these studies rely on simple rule-based controllers
which do not exhibit the required complexity to let the morphology meaningfully
affect the result. All the mentioned approaches also require some optimization directly
on the hardware.

Our contribution to this topic is two-fold. In contribution C, we first investigate
the feasibility of using muscle-like actuators for various tasks with RL, OC and
MPC in simulation. This study uses two different simulators, rooted in the fields of
biomechanics and robotics, respectively, with muscle models of varying complexity.
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By using flexible and powerful optimization techniques, we can probe the potential
benefits of abstract muscle properties on the resulting movements. After performing
these experiments on locomotion and manipulation tasks in 2D and 3D, we can make
strong statements about the robustness and behavioral bias that muscle-like actuators
encode.

Going further in contribution D, we again leverage RL to train complex and adap-
tive controllers directly in simulation, but incorporate a simplified muscle model
within a GPU-based simulator, achieving significantly reduced training times while
retaining the flexibility to define abstract actuator properties. By making use of
GPU-parallelization and domain randomization, we can increase the robustness of our
controllers, allowing us to finally bridge the gap between simulation and hardware
with a real-time emulation interface that replicates the simulated actuator on the physi-
cal system. We then identify damping as the most important parameter for stability of
the emulated actuator and derive a damping rule. This allows us to set stable damping
values for a wide range of parametrizations of the muscle. This framework enables us
to study the impact of muscle-like embodiments on learned behaviors and offers the
potential to simplify reward design for sim-to-real transfer in quadrupedal robots.

Unlike previous methods, our RL-based controllers scale to complex behaviors and
can be trained robustly in simulation, ensuring reliable performance on real-world
hardware. Additionally, the framework allows dynamic adjustments to the actuator
structure during training, offering flexibility for exploring various designs. This
approach not only facilitates the investigation of muscle-inspired actuators but also
serves as a versatile testbed for rapid actuator development and iteration, free from
the constraints of predefined, simplistic controllers. Ultimately, it has the potential to
allow for the joint development of hardware and controller, allowing for the emergence
of completely new actuator types that do not have a corresponding classical control
approach yet.

1.4 Outline

Chapter 1 contains a general introduction to the problem space of biomechanics, while
detailing some of the difficulties that the control of musculoskeletal systems entails. It
ends on a brief discussion on the choice of actuator in robot learning. In chapter 2, we
detail the technical background required to understand the contents of this thesis. A
special focus is put on the difference between the used simulation engines, common
control approaches and their difficulties. We also give some background on DEP
and dynamical systems, as well as actuator modeling and issues that might arise
when working with software emulation and hardware. Chapter 3 lists the publications
that were used in this thesis, contains a summary for each of them and details my
contributions to each manuscript. Finally, chapter 4 summarizes the research in this
thesis and discusses common difficulties in the field as well providing an outline on
how our contributions might be used in the future.






Chapter 2

Methods and literature background

2.1 Simulation engines

Simulation engines are central to this thesis and the current computational biome-
chanics and robot learning landscape. We denote as simulation engine a software
that enables us to numerically compute an approximate solution to a physical system.
Historically, such modeling softwares have aimed to be as accurate as possible: the
strongly prevalent choice for biomechanics being OpenSim (Seth et al., 2011), an
open-source biomechanical modeling and simulation software. This paradigm is
shifting, as modern deep learning methods can benefit from large amounts of (syn-
thetic) data, even if it is not a perfect reflection of the real world (Rudin et al., 2021;
Makoviychuk et al., 2021; Sferrazza et al., 2024).

This section describes the mathematical assumption of different simulation softwares
that have been used in the works underlying this thesis. We used HyFyDy (Geijten-
beek, 2021), a musculoskeletal modeling software closely related to OpenSim, and
MulJoCo (Todorov, Erez, and Tassa, 2012), a widely used robotics simulator with
MSK components. Both engines were chosen over the gold-standard OpenSim (Delp
et al., 2007), which is thousands of times slower than MuJoCo and HyFyDy, as
modern optimization methods require an immense amount of data.

2.1.1 Multi-Body-Physics

All the considered simulation engines are capable of simulating multi-body physics,
i.e. the temporal evolution of rigid bodies and their associated DOF under contacts
and joint constraints. This type of simulation is generally expressed in terms of the
following equation, for which a solution is numerically obtained:

M(q)g+C(q, ) = F, 2.1)

where M is the inertia matrix of the system, g is the vector of joint angles, C' is the
matrix of coriolis, centrifugal and gravitational forces and F' contains all internal
and external forces, such as actuators and contacts. HyFyDy uses global coordinates,
such that each body in the world can move in 6D (linear and rotational DOF), while
OpenSim and MuJoCo use reduced coordinates, where the root body is given 6 DOF
and all other bodies can move with respect to the root body as moveable joints. All
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other forces, such as soft joint limits, tissue with spring and damper properties and
motor/muscle forces are modeled either as constraints or as actuators.

Joint limits In contrast to OpenSim, which uses linear stiffness and constant damp-
ing at the joint limit, HyFyDy models joint limits with a displacement dependent
damping force, given by:

T; = —kaqj (1 + kud;) (2.2)

where 7; is the limit force in DOF j, k,, is the displacement stiffness coefficient, ¢; is
the displacement angle over/under the threshold (zero in case that no limit is violated),
k., is the damping coefficient and ¢ is the angular velocity. This results in a linear
increase of counter-force and the damping prefactor when the joint limit is exceeded.
In contrast, OpenSim uses a linear increase in counter-force and an instantaneous
jump of the damping from zero to k,q;.

MuJoCo uses the same constraint model for joint limits as any other constraints.
Constraint-free accelerations are modified with:

Gi+d(bg+kr)=(1-d)do, (2.3)

where (¢ is the acceleration of a DOF before the correction, ¢; after the correction, b
is a constraint damping constant, k is a constraint stiffness constant, r is the violation
distance in configuration space and d determines how strongly the constraint is
enforced. For the example of a hinge joint limit, the lower range limit is defined
by: 7(¢) = ¢ — Gmin, While d(q) is a polynomial spline controlling how quickly the
constraint becomes active.

Contact models HyFyDy uses the Hunt-Crossley contact model (Hunt and Crossley,
1975) with a modified friction computation, similar to OpenSim. This model provides
more realistic damping than the Kevin-Voigt-Model (Goldsmith and Frasier, 1960),
which is a simple dissipative spring-damper contact model. The HC-contact model is
only defined for contacts between analytical shapes, such as planes and spheres. Any
foot geometry is approximated by a set of contact spheres attached to the feet (Weng,
Hashemi, and Arami, 2022).

MuJoCo uses a custom contact model, based on its general constraint solver. Instead of
assuming infinitely stiff contacts, as in other robotics simulators, MuJoCo computes
a soft-contact constraint, which is then driven by the constraint solver through a
convex optimization. While the engine is tuned for robotic contact (rigid body) by
default, the contact constraints can be adapted to portray soft and dissipative contacts.
Friction is computed by an elliptical or pyramidal friction cone model. The contact
solver can compute contact forces for arbitrary convex meshes, but most models use a
combination of ellipsoid and spherical primitive contact objects at the feet.

2.1.2 Muscle model

All the used simulators use variations of Hill-type muscle model. These models
mainly group larger numbers of muscles into subgroups for which the dynamics of
the muscle tendon, the muscle fiber and the activation dynamics are computed.
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FIGURE 2.1: The active force-length, passive force-length, force-velocity and
tendon force curves used in the Millard model. Illustration from Millard et al.
(2013).

HyFyDy While HyFyDy supports several muscle models, the recommended one is
the Millard equilibrium model (Millard et al., 2013). We will first describe this model,
before detailing how it differs from other formulations.

Hill-type muscles are approximated by defining a muscle fiber, mainly characterized
by its length, velocity and pennation angle, and a muscle tendon, which is connected
to the fiber and to bone. Bones are generally assumed to be rigid and inelastic by most
simulators.

The muscle fiber has length and velocity dependent active force profiles and exhibits
a passive force when stretched. The active force in the Millard model is given by:

e, Bew,a) = 2 (fHllew) Y (Ton)a+ fPen)) . @4)
where ZCE = lcg/ ZOC‘]); is the fiber length scaled by its optimal isometric length,
Ucgp/v™**CE is the fiber velocity scaled by its maximum value, f is the total force of
the muscle fiber, fF* is the force of the parallel elastic element, f© and f" are the
force-length and force-velocity relationships and a is the muscle activity. Assuming
negligible muscle mass and inertia, and an elastic tendon, the following equilibrium
equation holds for a given muscle-tendon-unit state:

fCE(ZCE,f)CE, a) cos a — fT(l~T) =0, (2.5)

where l~T is the slack-length normalized muscle tendon, f7 the nonlinear tendon force
and « is the pennation angle with which the muscle attaches to the fiber. Unfortunately,
the solution to this equilibrium equation has several singularities, requiring additional
constraints to reduce the “stiffness" of the equation.

A set of assumptions that can be made lead to the damped equilibrium model:
* Pennation angles are constrained to o < 90°.

* An additional damping element is introduced.
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* Muscle fiber length is constrained to have a minimum.

This leads to the following:

fOpt (fL(ZCE)fV(@CE)(Z + fPE(iCE> + B@CE) cos o — fOpth(ZNT) =0. (26)
Considering forward dynamics simulation, this equation can be solved for 7°F to
compute a forward step. This requires the application of a root finding algorithm at
each iteration.

In HyFyDy, two changes are made to the Millard equilibrium model. First, the muscle
length and force curves are replaced by polynomial functions, second, the root finder
is replaced by an explicit formulation. Although the exact details are not publicly
available, this change presumably greatly speeds up the simulation, while retaining
results close to the original model. Nonetheless, HyFyDy requires a variable step-size
ODE solver to ensure stability.

MuJoCo While MuJoCo is primarily a rigid body simulator for robotics, the engine
contains a simplified muscle model that is used by a range of studies on musculoskele-
tal systems (Collings et al., 2022; Barbera et al., 2021; Caggiano et al., 2022). The
primary difference to the HyFyDy Hill-type muscle model is the absence of penna-
tion angle and the assumption of a rigid tendon. This assumption greatly stabilizes
the simulation and allows much higher computational speeds. While a rigid tendon
leads to inaccurate predictions for certain tendons in certain conditions, the impact
of this inaccuracy greatly depends on the specific application. The introduced error
is negligible when the optimal muscle fiber length is smaller than the tendon slack
length (Millard et al., 2013; Rajagopal et al., 2016a).

Consequently, the muscle fiber force is also given by (2.4), but the equilibrium
equation (2.5) does no longer apply, as the tendon cannot stretch. This choice along
with the general MuJoCo framework, allows the use of a constant step-size integrator
while retaining stability. The final force equation is:

7= [ lce) f¥ (ver) a + [T (lcr) 2.7)

where f© and f" are phenomenological force-length and force-velocity functions
which are similar, but distinct from the OpenSim ones. They do not portray a specific
organism, but have been modeled in order to exhibit general animal-like properties.

2.1.3 Activation dynamics

Muscle fibers cannot contract or relax arbitrarily fast. When a motor neuron con-
necting to a muscle fiber is innervated, calcium ion concentrations within the cell
gradually increase over 5-50 ms until reaching the target contraction level, depending
on the type of muscle. This process is usually modeled by a first order ODE, with
different time constants for activation and deactivation of the muscle.
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FIGURE 2.2: Force-length (FL) and force-velocity (FV) relationships and passive
force (FP) used in MuJoCo. We use the same phenomenological functions in our
own MuJoCo muscle model. While FL and FV get scaled by the current muscle
activity a, FP does not (see Eq. 2.7). Illustration from Wochner et al. (2022).

HyFyDy In HyFyDy, muscle activation is modeled by:
da(t)
ot

where h is the simulation timestep, u is the control signal at time ¢ and ¢; are activation
and deactivation time constants. By default, ¢; = 75 and ¢y = 25.

= (uy — a(t))(crus + c2), (2.8)

MuJoCo In MuJoCo, these dynamics are modeled identically to OpenSim (Winters,
1995; Thelen, 2003):

da(t) 1 S
ot T(u(t),a(t))( (t) (1)), (2.9)

where the control signal is clamped to the range [0, 1]. The time constant 7 is
determined by the control and states as follows:

Tact - (0.5 +1.5-a), ifu—a>0

~(u(t), a(t)) = { | !
0.5—(ii-ei‘(.:5~a ifu—a<0,

(2.10)

The default values for the time constants are 7,.; = 0.01 and Tge,ey = 0.04, following
the formulation by Zajac (1989).

2.2 Control for MSK systems

Controllers generate control signals which move a system towards a desired trajectory
or goal state. While control theory is a vast field that has proposed countless solutions
to simple and complex systems, computational motor control is particularly hard to
perform.



14 Chapter 2. Methods and literature background

2.2.1 What makes it difficult?

Optimality and Robustness In order to break the redundancy of the control prob-
lem, a large amount of motor control literature has focused on the case of optimal
control. Under this paradigm, a cost-function assigns a numerical value to a given
system trajectory. Optimization approaches are then used to find the control strategy
which optimizes the cost under the constraint that either a desired trajectory, or given
start and end points are approached. Numerous experiments with human subjects
have shown close correspondence between recorded data and trajectories obtained
by optimizing for control signals under cost functions such as cost-of-transport (Um-
berger, Gerritsen, and Martin, 2003; Uchida et al., 2016), control effort (Haeufle et al.,
2020a), smoothness (Flash and Hogan, 1985) or maximum joint torques.

There has, however, been strong evidence that the human motor system is not pro-
ducing optimal behaviors, but rather tries to achieve “good-enough" control. The
idea is that through trial-and-error in many different situations, a repertoire of motor
solutions is built. Starting from this representation, a human can quickly synthesize a
movement for any of a wide range of different goals, even though the solution might
not be perfect. Considering the large number of constraints that the human motor
system has to act under, it seems unlikely that a single optimal solution can quickly
be found for any situation that arises (Loeb, 2012). Additionally, there is evidence
that habitual control dominates over optimality when motor changes are introduced,
at least on the timescale of hours (Rugy, Loeb, and Carroll, 2012).

Imperfect signals Human proprioception is inherently limited. Visual, propriocep-
tive and vestibular signals are delayed (Keyser et al., 2023) and incomplete. While
muscle spindles measure muscle fiber length and velocity, the full muscle-tendon-unit
contains the elastic tendon, which is only measured by a Golgi-tendon force sensor.
The neuro-musculoskeletal system has to merge, process and augment the available
information in order to accurately move in the world (Kistemaker et al., 2013; Kasuga
et al., 2022). Any holistic control approach will have to generate a similar multimodal
understanding in order to function.

2.2.2 Common control approaches

We summarize some of the most common control approaches pertinent to this thesis,
and how the deal with the mentioned complexities of human motor control.

Optimal control OC is a long standing paradigm in the field of robotics and compu-
tational motor control. The goal of various OC methods is to find a control trajectory,
given here by m;(zo, ..., x;), and resulting states z; that minimize a cost function
I(xy, s, t), given an temporally advancing environment z;1 = f(zy, uy, t):

T
min J = min E Oz, ug, t),
m [

subjectto w41 = f(24, ug, 1),

Uy = 7Tt($0, s 7xt>'
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There are a range of open-source frameworks to handle this open-loop optimization
problem (Dembia et al., 2021; Michaud et al., 2022), which find optimal solutions
over the entire problem horizon.

Model predictive control MPC constitutes a closed-loop variant of OC which takes
into account sensory feedback received over a short future horizon, which is then
incorporated into the control optimization. This has the advantage of being able to
account for external perturbations and model uncertainties, especially under learned
models. While modern approaches are capable of real-time MPC over short horizons,
the resulting controllers only act on information inside the planning window, as every
movement is planned from scratch, ultimately leading to suboptimal performance in
certain scenarios (Kaufmann et al., 2023).

Rule-based control Rule-based controllers (Geyer and Herr, 2010; Song and Geyer,
2013) are particularly attractive as they can not only reproduce periodic human
behavior and realistic reactions to perturbations (Song and Geyer, 2017), they also
mimic human control structures like length, velocity and force reflexes. While
they are based on hand-crafted equations, the free parameters of these rules are
often optimized with biologically-inspired cost functions in mind, making them a
subset of OC. Their disadvantage lies in the difficulty to design controllers for very
high-dimensional systems, behaviors that go beyond periodic motions and limited
robustness to external perturbations. Nonetheless, recent works have extended their
use to larger motion (Bunz, Pawusch, and Schmitt, 2024) and model (Caggiano et al.,
2024) complexity.

Reinforcement learning RL is a closed-loop control method that aims to optimize
a reward function, similar to MPC and cost functions. The crucial difference between
both methods lies in the fact that RL can be used to directly optimize a neural
network by approximating Q-functions: These learned value functions can incorporate
information about future states and distill vast amounts of data, potentially accounting
for much longer horizons than MPC. Formally, the RL-methods used in this thesis
are optimizing the expected discounted sum of rewards:

J(r)=E

thr(st,at)] : (2.11)
=0

where y € [0, 1] is the discount factor. While using RL for single-task optimization
is often requires more computational resources to achieve a comparable solution
than approaches like trajectory optimization and MPC, it offers distinct advantages.
RL controllers can be trained under a large variety of different tasks, environments,
and initial conditions. This allows the used networks to learn form more general
underlying representations, potentially resulting in a controller which generalizes
well to new situations and is incredibly robust. It has been shown that controllers
trained across many tasks can more easily be fine-tuned for new tasks than an expert
that excels on a single task (Caggiano, Dasari, and Kumar, 2023). This connects
back to the notion of creating habitual representations which are “good-enough” and
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can easily be adapted to new tasks with little training (Loeb, 2012; Rugy, Loeb, and
Carroll, 2012).

Additionally, RL agents can be trained under strongly limited sensor modalities.
Robotic systems often have to deal with incomplete and constrained sensors that do
not allow for accurate knowledge of the outside world. By embedding understanding
over the recent sensor history (Kumar et al., 2021), and by leveraging the long-horizon
credit assignment of RL value-functions, RL controllers can infer implicit information
about the world in order to compensate for delayed sensors and partially-observable
environments.

2.2.3 What makes RL hard?

RL brings several advantages over other optimization-based control methods, but
comes with caveats. RL agents are notoriously difficult to train, partially owed to the
presence of the deadly triad: function-approximation, bootstrapping and off-policy
learning (Sutton and Barto, 2018).

Consequently, several issues which are present but manageable with OC methods
become extremely complex do deal with:

Exploration RL agents need to explore their environment in order to find good
actions (Amin et al., 2021). Considering the explosion of dimensionality with
MSK-models, it is clearly difficult for RL to work well.

Data RL algorithms need a tremendous amount of data which is difficult to obtain
with traditional MSK-simulators (Rudin et al., 2021).

Reward Design The reward function for RL controllers are notoriously difficult to
tune, making it necessary to design new function leading to the desired optimal
behavior, while not getting stuck in a local optimum (Ibrahim et al., 2024).

2.2.4 DEP and self-organization

The concept of self-organization in dynamical systems describes how complex be-
haviors can arise from the interplay of simple behavioral rules with an external
embodiment. A common example is the organization of a fish swarm, where local
behavior rules create emergent dynamics of the swarm. Another example are neurons
in the human brain, which also follow certain abstract behavior rules. One such rule
is of particular importance, as explaining a wide range of neural phenomena (Keysers
and Gazzola, 2014) as well as being relevant to developments in modern ML (Ram-
sauer et al., 2021): Hebbian learning describes how a set of neurons that fires at the
same time also increases their connectivity: what fires together, wires together.

Unfortunately, Hebbian learning only adapts neuron connections in response to exter-
nal stimuli, without taking into account an action that is performed in the world.

In order to arrive at a formulation that incorporates a sensorimotor loop—a connected
cycle of an agent receiving sensor information, computing an action and executing it
in the world—Iet C' be a controller matrix that computes control signals y based on an
input z, illustrated in Fig. 2.3 on the left.
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More precisely:
y = tanh(kCz + h), (2.12)

where « is an amplification constant, A is a time-dependent bias, y is the output
action, x is the state and C is the learned control matrix. In this scenario, a Hebbian
learning-based update rule for the controller matrix takes the form:

Cij X T3y, (213)

where C' denotes the change in C'. The controller is in this case updated proportionally
to the product of inputs and outputs. Hebbian learning rules could in principle be
used without using C' as a controller, just by repeatedly presenting appropriate inputs
and output signals, thereby modeling correlations in the presented data. In contrast, a
differential Hebbian learning rule, based on input and output derivatives, would be:

Cij o &30, (2.14)

connecting the change in C' to proportional changes in x and y. This changes the
concept from the well known “what fires together wires together” to “chaining together
what changes together”. Further, DEP introduces several key changes to induce a more
dynamic nature which lead to the differential extrinsic plasticity learning rule. Firstly,
there is a causal connection between a future timestep under an inverse prediction
model f(%;) = y;—a¢- This connection shapes the change in C":

Cij o< f(&)gL A (2.15)

The model f predicts which quantities in the sensory input were affected by control
actions taken shortly before. In the original formulation, f was assumed to only
predict local effects, leaving an error ¢y caused by extrinsic effects. This emphasizes
the role of f to capture either only direct and embodiment-specific dependencies,
connecting actuators to sensors through causal relationships. Note that the quantities
x; and y; are now vectors with time subscripts.

Crucially, this learning rule takes into account temporal effects through the dependency
on t+1. In other words, the correlation matrix between velocities at timestep ¢ and
t + 1 drives the update of C'. A common choice in prior work is a linear mapping
M : RY — R™ which approximates the connection between sensors and actuators.

This choice of M can be further simplified by assuming the identity matrix. We
emphasize that the identify matrix still contains valuable information, as in the form

Mi =g (2.16)

it contains information about which sensor is connected to which actuator. While this
can be assumed to be a one-to-one mapping in some cases, this is not a given. M can
also be learned or deliberately set to induce certain behaviors in the model.
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FIGURE 2.3: An illustration of DEP, figure from (Der and Martius, 2015). Left: The
controller used in the sensorimotor loop. Sensor signals x; enter the controller
matrix C and produce control signals y;. Right: An exemplification of the update
rule used to adapt the controller. The change in the controller C is driven by the
correlation between the change of the sensor signal & and the change in the output
command ¢ and the modeling error dy. As we use the identity matrix as our
prediction model, the update simplifies to (2.15). Previous studies have manually set
the prediction model or learned it from data.

2.3 Robot Learning

While the field of learning for robotics is incredibly vast, this thesis mainly focuses
on the use of bio-inspired actuators. The application of data-driven learning to
muscle-like actuators has been the focus of a small number of studies with real
hardware (Biichler et al., 2022; Ma et al., 2023; Volchko et al., 2022), but the
development of actuators and control algorithms has mostly been separated into
two distinct communities. We detail the relevant actuators and low-level control
mechanisms relevant to this thesis, before focusing on the difficulties and solutions
when transferring simulation-trained controllers to a real robots.

2.3.1 Actuation

Actuation is defined as the ability of a robotic system to convert energy into motion.
The robotic systems we consider in this thesis are either bipedal or quadrupedal,
meaning that they move with two or four legs, respectively. To effect this movement,
each limb of the robot is split into links which are connected with moveable joints.
These joints are moved by actuators, allowing the robot to act in the world. There are,
however, many types of actuators, some of which are distinguished by their hardware
structure and some by low-level software that changes how the force output of the
actuator depends on the given control input.

Let us consider an actuator to be a function f,.i(u) = 7 : R® — R™ that maps a
given control signal to an output torque. In general, this mapping does not need to be
instantaneous, as actuators can have delayed responses, the mapping does not need
to be linear, as the produced forces often have certain limits or depend on the robot
state, and the mapping does not need to conserve the dimensionality of the control
signal: A robotic system is said to be over- or underactuated if the dimensionality of
the control signal is larger or smaller than the number of degrees of freedom.
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Torque Control The simplest actuator we could consider is an idealized torque
actuator:

fideal(w(t)) = fmax u(t) = 7, 2.17)

where we consider u € [—1, 1], for which 7 varies in [— fiax, fmax)- In this case,
c = m, as there is one actuator per DOF.

PD Control A widespread low-level controller is the PD controller. In contrast to
the torque actuator, its input represents not a percentage of the maximal torques, but a
desired position and velocity to be achieved. Formally, it is given by:

feo (u(t),q(t),4(t); P, D) = P (q(t) — q(t)) + D (q(t) —q(t)) =7, (2.18)

where ¢ is the current sensor value of the joint angle, ¢ its velocity, ¢ marks target
values and P and D are parameters determining the controller’s stiffness and damping
properties. In the above equation we assumed that the control signal encodes a desired
position and velocity u = (g, ¢). Even in this simple case, we have ¢ = 2 m, meaning
that the control signal is twice as large as the number of DOF.

Muscle Control Realistic muscle-driven hardware is often realized by using ar-
tificial McKibben muscles (Tondu and Zagal, 2006). Driven by inflatable rubber
cylinders filled with air or liquid, these actuators possess many features of real mus-
cles, such as a force-length and force velocity dependence and time-delayed force
modulation (Gong and Yu, 2022). These properties in addition to strong hysteresis
effects make them difficult to control and the development of new architectures is
inherently slow.

We propose to study a simplified muscle model in simulation to train a controller
which can be transferred to a robot. The robot in turn uses a low-level controller that
emulates the muscle model, displaying abstract muscle properties in real-time. For this
goal, we simplified the MuJoCo muscle model from Sec. 2.1.2 further by assuming
no tendon, which allows us to represent the muscle length as a linear function of the
joint angle (Kistemaker, Van Soest, and Bobbert, 2006; Bayer et al., 2017):

lcg: = m; @j + lret s (2.19)
log.: = m; by, (2.20)
where ¢; is the joint angle, m; and [, ; are computed from user-defined parameters,

and i € {1,2}, as we assume two antagonistic muscles per joint. The modeling of
activation dynamics is identical to the MuJoCo model.

By choosing this simple relationship between joint angle of the robot and muscle
length, we obtain a model which can be efficiently computed on real hardware while
still encoding fundamental properties of muscle actuators.

2.3.2 To the real hardware

Deploying controllers trained in simulation on real hardware is a long-standing
challenge of robotics. While rigid-body robotics simulators have increased in accuracy
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and computational performance over the years, many hard to model effects remain.
Some studies rely on system identification, namely precisely assessing the hardware
and replicating it as closely as possible in simulation, but non-stationary effects can
be hard to parametrize. Elastic components, contacts and some types of friction are
notoriously difficult to model in simulation.

A more powerful paradigm has been to use large-scale domain randomization (Zhao,
Queralta, and Westerlund, 2020). By combining powerful GPU-based simulators with
deep RL controllers which can absorb a vast amount of experience, it is possible to
perform physics randomization and sensor noise injection on an unprecedented scale.
Randomization across thousands of environments allows the agent to perform robustly
across a wide distribution of conditions, improving generalization to the real world.

The following components are used in this thesis to facilitate sim-to-real transfer:
¢ We add stochastic offsets to the mass, friction and force values of the robot.
» Normal-distributed noise is added to all sensors of the robot.
* A force is applied to the center of mass of the robot at random intervals.

* Small normal-distributed offsets are added to the initial pose and the initial
muscle activity of the robot.

* We regularize the policy actions to not use excessive torques, protecting the
robot from breaking.

We additionally use a command curriculum, where the robot initially receives a very
small target velocity to achieve, whose range is slowly increased over training.

Indeed it is not enough to just randomly vary the conditions of the simulation, the
policy has to also encounter a wide distribution of states during training in order
to achieve the necessary robustness for sim-to-real transfer. Finally, training with
a zero-velocity command in simulation also allows us to safely setup the robot in
a standing position in the real world and to then slowly increase the commanded
velocity.

2.3.3 Implementing a real-time actuator

Real-time software emulation of an actuator is a versatile concept that allows re-
searchers to quickly iterate on different control architectures. Unfortunately, it also
brings specific challenges that practitioners should be aware of. Most of the specific
points mentioned in this section are relevant to all robot learning applications, but I
will detail the specific relevance to emulated actuators. The key difference to known
low-level controllers like PD or impedance controllers is that during actuator prototyp-
ing it is not clear what the exact result should be. While a PD-controller can ideally
be expected to attain a given position, it is not known which joint angle a muscle-like
actuator should obtain for a given combination of muscle excitation signals.

Tuning Our muscle-actuator possesses a large number of free parameters. While we
can use simulation to optimize for performant parameters with respect to an external
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task, we cannot guarantee that the obtained controller is feasible on the real hardware,
as the learner might exploit simulator inaccuracies. One solution is to define a feasible
parameter region within which a performance-based optimization of hyperparameters
can be performed, as we did in contribution D.

Control frequency Control frequency is an often overlooked detail in simulation
and hardware. While some people tune the simulator timestep for a stable simulation,
this value also affects the RL episode horizon, which mostly works well with episodes
between 200 and 1000 in length. Additionally, the control frequency also has a
strong effect on the performance of low-level PD-controllers, with damping becoming
unstable at slow frequencies (Tan, Liu, and Turk, 2011). While most off-the-shelf
controllers are highly optimized in order to run at hundreds of Hz, it is much more
difficult to ensure fast execution with a software actuator. Every piece of the hardware
pipeline, from the on-board computer to the motor boards to the type of employed
sensors can add latency, ultimately destabilizing the actuator. The effect of the control
frequency on damping is illustrated in Fig. 2.4.

Joint friction Many simulators employ linear or smoothly increasing joint friction
and damping. As real joints often exhibit static and dynamic friction, small and
precise movements in the simulator often do not transfer well to the hardware.

We tackle these issues in contribution D by starting with simplistic control signals,
e.g. reaching a single stable joint angle. This simple and known desired result allows
us to establish a set of stable parameters which is at least feasible, before further
optimizing it towards more complex behaviors.
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FIGURE 2.4: An emulated muscle actuator is implemented on a robot and a constant
control signals is applied. We compare two different values of a muscle damping
parameter 3. For 5 = 0.66 (purple), a damping value that is infeasible wth the
hardware given the attained control frequency of our setup, strong oscillations can
be observed. For a damping value of 3 = 0.36 (orange), given by our derived
damping rule, the system can produce adequate damping to stabilize the actuator.
This example illustrated how emulated actuators can only be given properties that
are achievable with the hardware constraints. Figure from Schumacher et al. (2024).
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Publications

3.1 Contribution 1 — Schumacher et al. (2023)

Title: DEP-RL: Embodied Exploration for Reinforcement Learning
in Overactuated and Musculoskeletal Systems

Authors: Pierre Schumacher, Daniel F. B. Haeufle, Dieter Biichler, Syn
Schmitt and Georg Martius

Journal/Conference: International Conference on Learning Representations
Year: 2023
Link: https://openreview.net/forum?id=C-xa_D30T]j6

Summary: We isolated the influence of overactuation on exploration to be
one of the key factors preventing good performance with RL
algorithms when applied to high-dimensional musculoskeletal
models. We propose DEP, a technique from the domain of dy-
namical systems, as an exploration technique that can produce
effective joint level exploration for muscle-driven systems in
an efficient way. The combination of DEP with existing RL
methods allows us to control several human and animal mus-
culoskeletal models and produce the fastest achieved running
velocity on an ostrich model with 120 muscles.

Contribution: Under the supervision of Daniel F. B. Haeufle and Georg
Martius, I conceptualized the project and took primary re-
sponsibility for designing and implementing the computer
simulations. In collaboration with Georg Martius and Daniel
F. B. Haeufle, I implemented DEP in a modern Python code-
base and designed the combination with RL. I carried out all
simulations, performed data analysis, interpreted the results
and designed the figures. I was responsible for writing the
majority of the manuscript, as well as creating all supple-
mentary electronic materials, while reflecting on text sections
together with my co-authors. Additionally, I managed the
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manuscript submission process, addressed reviewers’ feed-
back, coordinated project meetings, facilitated discussions
with co-authors, and oversaw overall project planning.

3.2 Contribution 2 — Schumacher et al. (2025)

Title:

Authors:

Journal/Conference:

Year:

Link:

Summary:

Contribution:

Emergence of natural and robust bipedal walking by learning
from biologically plausible objectives

Pierre Schumacher, Thomas Geijtenbeek, Vittorio Caggiano,
Vikash Kumar, Syn Schmitt, Georg Martius and Daniel F. B.
Haeufle

iScience
2025
https://doi.org/10.1016/].isci.2025.112203

Prior work on human motion generation in predictive simu-
laiton with RL suffered from unnatural markers in the pro-
duced behaviors. We extended our previous approach by
identifying likely cost terms contributing to human motion
generation. Our pipeline optimized all reward terms, except
for muscle effort, with the goal of maximizing a validation
metric obtained from experimental data. We identified the
muscle effort to be a critical factor in RL optimization. In
contrast to other studies relying on a series of hand-crafted
learning curricula, we propose an adaptive muscle effort re-
ward term, enabling the successful optimization of close-to-
natural motion with 4 human musculoskeletal models across
2 simulation engines.

I conceptualized the manuscript under the supervision of
Daniel F. B, Haeufle and Georg Martius, while confering
regularly with my co-authors. I took primary responsibility
for designing and implementing the computer simulations and
optimization algorithms as well as the reward function design.
Thomas Geijtenbeek provided helpful advice with respect
to the simulation software and implemented the simulated
obstacles for this study. I conferred with Vittorio Caggiano
and Vikash Kumar for results pertaining to the MuJoCo simu-
lation. I carried out all simulations, performed data analysis,
interpreted the results and designed the figures. Thomas Gei-
jtenbeek lightly edited some figures. Additionally, I managed
the manuscript submission process, addressed reviewers’ feed-
back, coordinated project meetings, facilitated discussions
with co-authors, and oversaw overall project planning.
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3.3 Contribution 3 — Wochner and Schumacher et al.
(2022)

Title: Learning with Muscles: Benefits for Data-Efficiency and Ro-
bustness in Anthropomorphic Tasks

Authors: Isabell Wochner*, Pierre Schumacher*, Georg Martius, Dieter
Biichler, Syn Schmitt and Daniel F. B. Haeufle

Journal/Conference: Conference on Robot Learning

Year: 2022
Link: https://openreview.net/forum?id=Xo03e0ibXCQ8
Summary: We identified the beneficial properties of muscle actuators as

being a potential improvement for current learning approaches
for robotics. In this study, we created a large-scale investi-
gation of different learning methods, optimal control, model
predictive control and reinforcement learning on a biome-
chanical and a rigid body simulator, both using muscle-like
actuators of different levels of complexity. It was found that
across simulators and learning approaches, muscle actuators
perform better in terms of data efficiency, hyperparameter sen-
sitivity and robustness than controllers optimized with torque-
or position controllers. Torque controllers were only more
effective in restrictive maximum force tasks or when learning
approaches were specifically optimized for them. This high-
lights the use of muscles as strong general purpose actuators
for unstructured environments.

Contribution: Isabell Wochner and I conceptualized the manuscript under
the supervision of Daniel F. B Haeufle, Georg Martius and
Syn Schmitt. I designed, implemented and performed all
experiments with MuJoCo and RL. I performed the data anal-
ysis and figure creation as well as the supplemental material
for all RL experiments, while giving feedback for all other
sections of the manuscript. Isabell Wochner and I were jointly
responsible for the manuscript edits, addressing reviewer’s
feedback and coordinating project meetings, while facilitat-
ing discussions with co-authors. Isabell Wochner provided
the first draft of the manuscript structure and managed the
manuscript submission process.

3.4 Contribution 4 — Schumacher et al. (2024)

Title: Learning to Control Emulated Muscles in Real Robots: A
Software Test Bed for Bio-Inspired Actuators in Hardware
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Authors: Pierre Schumacher, Lorenz Krause, Jan Schneider, Dieter
Biichler, Georg Martius and Daniel F. B. Haeufle

Journal/Conference: IEEE International Conference on Biomedical Robotics and

Biomechatronics
Year: 2024
Link: https://ieeexplore.ieee.org/document /10719699
summary: We extended previous work on using simplified muscle mod-

els for learning on robotic systems to real hardware. The
implementation of the muscle model in a GPU-parallelized
simulator was followed by an implementation of a real-time
emulated muscle actuator on a real robot. This structure en-
abled us not only to provide evidence for previously found
benefits of muscle actuation in a simulated quadruped robot in
running and hopping tasks, but also to transfer this behaviors
to a real robot through sim-to-real transfer. This showcases
the potential of muscle-like hardware in real robots, while
also highlighting software emulation as a powerful approach
to test new actuator architectures with RL controllers.

Contribution: I conceptualized the manuscript under the supervision of
Daniel F. B. Haeufle and Georg Martius, while guiding Lorenz
Krause in the initial exploration of the study. I implemented
the first code versions of the muscle model and performed the
parameter optimization for all simulation experiments. Lorenz
Krause performed investigative simulation experiments in par-
allel under my supervision which provided helpful for the
study. Lorenz Krause implemented the low-level controllers
that were run on the robot hardware under my supervision and
guidance as well as managing the hardware experiments and
recording the robot pictures and videos for the manuscript. I
contributed significantly to all parts of the text during the draft
and review phases and coordinated the manuscript submission
process.
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Discussion and future work

Summary and impact of this thesis The aim of this thesis was to develop new
control algorithms that can produce human-like motion with high-dimensional mus-
culoskeletal models, as well as to extract useful insights from human motor control
for application in robotics. These contributions were meant to provide easy-to-use
building blocks for the community, to enable motor control researchers to make use
of advancements in RL control methods that can be leveraged to gain insights into
motor control and develop new methods for rehabilitation. It was also shown that the
transfer of abstract muscle properties to robotics in the form of a simplified muscle-
like actuator lead to several benefits over torque and position control, when combined
with learning-based methods. Finally, it could be seen that it is possible to transfer
this model to robotic hardware and that the findings observed in simulation also hold
in the real world, if the feasibility of the parametric muscle morphology is ensured.

Contribution A, proposes a control algorithm which can reliably solve tasks involv-
ing the control of MSK-models of varying complexity, without the need to retune
hyperparameters. After an investigation on simplified environments, overactuation
is identified as being one of the main reasons for the lacking performance found
in common RL methods, even when other muscle properties are not present. It is
then shown that DEP, a method from the field of self-organization, can effectively
produce exploration noise in overactuated systems. DEP is combined with RL as
a embodiment-specific exploration technique which can produce strong joint-level
exploration of the MSK-system with minimal fine-tuning. This shows that DEP is able
to effectively generate exploration data that is specific to the model after only seconds
of interaction and with the only prior knowledge being the one-to-one correspondence
of muscle sensors to muscle excitation signals. Critically, DEP makes use of the data
stream from the RL-agent to update its controller matrix, even when not being applied
to the system. And finally, DEP is parallelized such that we have one controller matrix
per parallel environment process, greatly augmenting the induced data diversity.

Although the approach used in contribution A is performant, in the sense that it
maximizes an external task reward, and robust, in the sense that it reaches high
success rates under unseen perturbations, the obtained behaviors lack markers that are
commonly associated with natural behavior. In contribution B, DEP-RL is extended
with an adaptive reward mechanism, which achieves energy minimization in different
tasks and 4 different human models across 2 simulation engines. After identifying a
series of promising auxiliary reward terms which can potentially bias the behavior
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toward being more natural, and a gait-cycle averaged metric capable of assessing
gait quality by a single scalar, we built a pipeline capable of optimizing the auxiliary
reward terms for maximal gait quality. It is revealed that muscle effort in particular
can be minimized much better if a reward schedule is implemented, which slowly
increases the reward prefactor over training. Although such a schedule usually has to
be carefully tuned for each model (Weng, Hashemi, and Arami, 2021b), the proposed
adaptive effort reward takes into account the current performance of the agent in
order to tune it online. The adaptation mechanism is flexible enough to work with
4 different models, ranging from 2D and 18 muscles to 3D and 90 muscles, when
combined with our previously developed DEP-RL algorithm.

With these works, it is possible to generate robust controllers for high-dimensional
MSK-systems. The developed control schemes achieve their impact without the need
to adapt parameters or tune a reward across different models, which makes them a
strong starting point for further studies into biomechanics and human motor control.
Additionally, the ability of RL controllers to absorb a vast amount of experience
in combination with DEP, a chaotic self-exploration method, is shown to produce
incredibly robust controllers in a wide range of different tasks. The combination of
evolutionary priors contained in the simulator assumptions and the definition of the
anatomical skeleton, an adaptive bio-inspired reward function and DEP-RL can result
in a controller capable of generating close-to-natural motion, while being incredibly
robust to external perturbations. We are not aware of other control techniques that
achieve this level of generalization in this domain.

In contribution C, we have demonstrated the potential of using bio-inspired actuator
properties for robotics. While similar investigations have been performed in the past,
this thesis showcases the effect of muscle-like actuators on complex learned behaviors
when the task is under-specified, allowing the morphology to affect the movement.
The used reward and cost functions were only loosely defining the task, by specifying
a desired reaching target for an arm or an upward velocity for a jumping model. This
leaves enough freedom in the final motion for the morphology of the robot to have
an effect, which is in contrast to previous studies using precise tracking rewards.
The improvements in robustness, hyperparameter sensitivity and data efficiency were
shown across different optimization methods, namely OC, MPC and RL in reaching
and hopping tasks that were learned on different models in two different simulators,
MuJoCo and Demoa (Schmitt, 2022).

In contribution D, we have extended the previous simulation results to real hardware.
Instead of designing an artificial muscle in hardware, we proposed to use software
controllers in order to emulated muscle-like properties on a real robot. By using RL-
controllers trained in a GPU-parallelized simulator in combination with sim-to-real
techniques, we could quickly iterate and evaluate the behaviors induced by the muscle
morphology.

The use of emulation circumvents the usual sim-to-real gap between the simulation
and the real world when using non-linear actuators. It poses a different issue, however,
which is the potential infeasibility of the simulated controller on the hardware. We
solved this issue by identifying a mismatch between the applicable update frequency
of the actuator and the maximal damping induced by the low-level controller as the
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main reason for the mismatch. By proposing a damping rule, setting the maximum
achievable damping of the muscle actuator to the equivalently achievable value of
a pure damping controller 7 = —Dgq, we are able to freely optimize the muscle
morphology for task performance while keeping the controller feasible.

By investigating a quadruped robot in simulated running and hopping and real-world
running tasks, we could reproduce previously observed increases in robustness of
the muscle morphology. One pertinent issue in sim-to-real learning is that an under-
specified task often results in behaviors which work well in simulation but will not
transfer well to the real hardware, exploiting small movements and friction mismatches
to the real world. This issue is usually mitigated by heavy reward engineering. Our
muscle morphology, however, induced a behavioral bias in the learned movements
which are naturally more transferable, even though only the task reward was optimized
for.

These results are strong evidence for muscle actuators being well suited for a wide
range of general-purpose tasks. They lead to quick performance increases in early
training and perform well under a wide distribution of conditions. Nevertheless,
torque actuators could be shown to achieve the best maximum performance in all
tasks, when precisely tuned and trained until convergence. This is expected, as the
idealized torque actuator can in principle achieve any possible torque configuration,
while the muscle is restricted to a smaller manifold of behaviors.

When to use RL? This thesis has primarily investigated the application of RL to
control generation with musculoskeletal models. The question arises, when should
you use RL and when should you not?

Trajectory optimization (OC) approaches have been able to push the complexity of
simulated MSK-models (Nitschke et al., 2020), but integrating feedback and environ-
mental uncertainties into the mix requires further algorithmic advances (Koelewijn
and van den Bogert, 2020) as OC is claimed to be inherently “unsuited” for feedback
control (De Groote and Falisse, 2021). In contrast, MPC and reflex-based approaches
naturally incorporate closed-loop feedback and environmental uncertainties, but have
generally been applied to low-dimensional models and behaviors (Takagi et al., 2022;
Wochner et al., 2020). RL can be used to train controllers for high-dimensional
systems and can be used to distill a large amount of variations into the controller:
Multi-task learning leads to more fundamental behaviors that generalize better and
randomized perturbations and input noise lead to more robust controllers that can
transfer to real systems. Most RL network architectures can also be used in real-time
applications, once training has finished. Finally, RL can be used for controllers using
partially-observable inputs and can make use of curriculum-based learning strategies,
modeling the continual adaptation of behaviors (Abel et al., 2023).

RL does, however, not solve all problems. The flexibility of the optimization might
allow for more complex behaviors and models to be used, but comes at the cost of
interpretability and plausibility of the neuro-musculular control architecture. It has
not been possible so far to combine RL with the full complexity of mono- and multi-
synaptic reflex arcs, CPGs and appropriate sensory delays. Reflex-based controllers
are a better approach for researchers interested in the exact components of behavior
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generation, be it for general research or to gain insights into the mechanisms behind
certain movement pathologies (Bruel et al., 2022). MPC and OC methods usually
allow for better convergence with fewer data samples than RL. If the required
constraints on muscle model fidelity do not allow the use of a very fast simulator,
it might be infeasible to tune and train RL agents, especially if local optima pose a
problem. We have found that RL often requires the use of surrogate reward functions,
making it difficult to transfer existing knowledge on optimal cost criteria from the
literature. Existing inverse dynamics approaches also converge much faster in tracking
simulations, making the training of RL from scratch ill-advised when investigating
singular recorded trajectories.

Should I make use of experimental data for behavior generation? Although the
approaches introduced in this thesis are not explicitly making use of experimental data
in the optimization, it would be incorrect to say that they do not make use of human
experimental knowledge at all. All the used MSK-models contain model information
derived from anatomical and behavioral experiments, even seemingly abstract reward
terms were found in studies with human participants and the act of tuning a method
until close-to-human behaviors can be observed implicitly embeds knowledge about
human movement into the controller architecture. It is impossible to not make use of
data at all.

There are, nevertheless, nuances. A reward function specifying precise movements by
kinematically tracking a trajectory on the level of joint angles and velocities would
easily reproduce human motion. The tracking method would likely not optimize the
same metrics as human beings optimize, which can make it brittle with respect to
neuro-muscular or environmental changes. Focusing on more abstract metrics, such
as muscle effort, pain avoidance or limiting excessive forces, potentially allows for
more movement diversity in training, producing for example a variety of walking,
running and jumping behaviors, and to be exposed to different environmental and
system changes, e.g. variations of the muscle strength or gains in reflex pathways.

The focus on this type of predictive simulation has allowed researchers to investigate
the effect that various system changes have on behavior. Clemente, De Groote, and
Dick (2024) investigate how size and body morphology in animals affect considera-
tions of energy-efficient locomotion and standing posture for quadrupedal animals
ranging from mice to elephants. In other predictive studies, researchers have quanti-
fied the influence of physiological changes on gait (Ong et al., 2019), the effects of
assistive devices (Price, Umberger, and Sup, 2019) or balance strategies to external
perturbations (Jones et al., 2024). These experiments are often infeasible or unethical
to directly perform with humans and might open the way to advances in rehabilitation
and pathology assessment. This thesis has primarily focused on forward simulation
over inverse analysis, in order to provide tools that allow researchers to answer these
questions with flexible closed-loop control policies and filling the performance gap to
non-tracking RL-performance in the literature.

While predictive simulation without the use of tightly specified experimental data
continues to be a valuable area of investigation, a new paradigm is surging in pop-
ularity. ML and RL methods become increasingly capable of distilling large-scale
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datasets into single controllers or musculoskeletal models. While we have so far
distinguished between tracking singular trajectories and optimizing behaviors from
abstract reward terms, large-scale imitation and representation learning methods are
capable of learning from tens of thousands of motions and condensing them into a
single controller (Luo et al., 2023).

By leveraging the common representations that are formed in this controller, Luo
et al. (2024b) were capable of extracting an action decoder which implicitly contains
knowledge from the biggest publicly available motion capture dataset (Mahmood
et al., 2019). If a new controller is now trained on an under-specified task, instead
of directly predicting joint torques or muscle excitation signals, it can predict latent
embedding which the action decoder projects into physical actions. As the decoder
was trained on large-scale human data, the emerging behaviors are strongly biased
towards motions occurring in the dataset. These new techniques have allowed flexible
controllers to emerge which can be trained for predictive simulation while acting
on distilled experiences of motion capture data, circumventing the need to specify
an abstract reward term. Put in other words: Instead of designing objectives which
are likely maximized by human beings, human behavior is implicitly embedded into
representations or learned reward functions (Peng et al., 2021; Tirinzoni et al., 2024),
resulting in universal motion controllers capable of producing diverse human motions
under a wide range of different conditions.

It is exceedingly hard to be completely unbiased by experimental knowledge of
human behavior. In our work, we have seen that a reduced reliance on direct tracking
data can reveal subtle influences of the embodiment on learned behaviors, be it a
high-dimensional MSK-model for which natural-like behaviors can be learned, or
a simpler muscle model on a robot, which biases behaviors towards naturalness
and improves sim-to-real transfer. Tracking single trajectories often offers better
convergence properties (Lee et al., 2019) and allows for more complex behaviors
than predictive simulation, revealing hard-to-obtain information about body-internal
biological components, while also being a useful tool to create controllers for assistive
devices (Luo et al., 2021; Luo et al., 2024a). Finally, the paradigm of large-scale
motion data distillation for behavior generation might be an alternative that combines
experimental data with predictive behavior synthesis, even though it has not yet been
extended to MSK-systems and poses significant technical challenges.

Do muscles induce a beneficial bias for behavioral generation? Unfortunately,
this question cannot be fully answered by this thesis. We have, however, observed in
the presented works that controllers trained for muscle morphologies are generally
robust and have a tendency to be biased behaviors towards naturalness. In the follow-
ing we distinguish between tracking as a tightly specified task, allowing only for a
particular target kinematic trajectory to achieve maximal task fulfillment, and under-
specified tasks, where the target behavior is only loosely defined by a target velocity
or height. The optimal solution space for under-specified tasks is less restricted than
for tracking tasks, leaving more space for either the morphology or the optimization
algorithm to affect the final trajectory.
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The results presented in this thesis validate findings in previous studies. (Soest and
Bobbert, 1993) compared muscle to torque actuators in an under-specified open-loop
jumping task and found increased robustness with muscles; Increased stability has
also been noted by other studies (Wagner and Blickhan, 1999; Eriten and Dankowicz,
2009; Yasuhiro Sugimoto and Tsuchiya, 2009; Haeufle, Grimmer, and Seyfarth,
2010a). Benefits in under-specified tasks were additionally found for morphological
computation (Ghazi-Zahedi et al., 2016) and control effort (Haeufle et al., 2020b).

For human data tracking tasks, which we consider to be tightly specified, previous
studies came to different conclusions. Barbera et al. (2021) proposed a MSK ostrich
model, with which they learned tracking with torque and muscle actuation. It was
found that the task is substantially easier with torque actuators. Peng and Panne (2017)
compared different actuation principles—position-, torque- and muscle-control—in
a tracking task and also found that the muscle actuator performed worse than the
alternatives. Other studies using RL with tracking tasks claim that the control problem
is easier if the dynamic tracking of skeletal DOF is optimized separately from the
muscle excitation signal (Lee et al., 2019; Denizdurduran, Markram, and Gewaltig,
2022; Luo et al., 2024a).

We interpret these results in the following way. An idealized torque controller com-
manded by a sufficiently powerful optimization algorithm, has the largest possible
space of achievable behaviors of any actuation type. Nevertheless, such a controller
might, depending on the task conditions, either not find this optimal solution, be
sensitive to parameter settings, environment uncertainties or external perturbations.
It might also be difficult to define a sufficiently precise reward function in some
applications, e.g. natural walking in diverse terrains, where it is difficult to collect a
sufficient amount of data to numerically find a reward function or specify it by hand.

In contrast, muscle actuators pose functional dependencies and restrictions on the
possible joint torque that can be generated at a given time. This evidently restricts the
space of achievable behaviors by any controller. Nevertheless, muscle actuators seem
to sometimes restrict behaviors to a subspace which is more natural, more robust to
environment uncertainties and perturbations, and less sensitive with respect to learning
parameters.

These improvements come, however, with a cost. Many control algorithms are
not equipped to reliably optimize behaviors for muscle-driven systems. The high-
dimensionality and non-linear properties of muscles are often difficult to handle by
reflex-controllers, OC or MPC. Although RL excels at handling high-dimensional
systems, complex behaviors, and environmental uncertainties, our experiments have
shown that overactuation compounds the exploration challenges inherent to RL. meth-
ods. This exacerbates the already documented tendency of RL-based optimization to
converge to local optima more frequently than traditional control approaches (Gaudet,
Linares, and Furfaro, 2018). Finally, muscle simulation can be computationally ex-
pensive, while artificial hardware muscles are difficult to design and induce even more
control difficulties such as hysteresis and friction effects (Tri et al., 2010).

In the robotics applications discussed in this thesis, we opted to simplify the muscle
models by omitting tendons and simulating only two muscles per DOF. This decision
significantly eased the RL optimization process. Despite this simplification, we found
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that torque actuators still outperformed muscles in scenarios where the environment
dynamics were precisely known, the controller was highly optimized for the task, or
when an overly restrictive maximum force behavior was required. Finally, muscle
actuators introduce a larger number of free parameters than impedance or position
controllers.

In conclusion, by evaluating the literature and our own experiments, we find that
muscle actuators show strong potential in under-specified tasks. They can lead to
more robust solutions and an overall easier optimization procedure, while shaping
the learned behaviors to be more natural and generalize more likely to the real world.
These benefits can, however, not be realized when the used control algorithm cannot
handle the strong overactuation of the muscle system. Additionally, parametrizing and
prototyping muscle actuators can be difficult, as there are no clear tuning procedures
like for more established controllers (Ziegler and Nichols, 2022). This difficulty is
especially relevant when designing actuators for the real world.

In contribution D, we found that software emulation can mitigate some of these issues,
by allowing optimization and prototyping to move to simulation, before deploying
it on the hardware. The best performance is likely to be achieved with specialized
hardware or low-level controllers integrated directly into the robot firmware, allowing
for much higher control frequencies and stability than a flexible software interface.
Finally, specific benefits such as ultra-short delay reactions or energy efficiency are
unlikely to be ever be realized in software actuators. See Fig. 2.4, which shows the
effect of control frequency on stability for a software emulated muscle. Real hardware
with spring-like properties can react almost instantaneously and store and release
energy, which is not possible with purely electric actuators (Mo et al., 2023).

Which simulator should I use? All models are wrong, but some are useful. The
choice of simulator should not be an ideological question, but a factual one. The
right model is the one that reproduces the phenomenon we want to study to a useful
degree, while being as computationally or theoretically simple as possible. Following
these guidelines ultimately allows researchers to simulate the model of interest while
leveraging fast iteration times and scalability (Uhlrich et al., 2023).

MuJoCo simplifies the Hill-type muscle model with the assumption of a rigid tendon.
While not relevant for all muscles in the body and not for all behaviors (Millard
et al., 2013; Rajagopal et al., 2016a), many studies have found strong contributions
by elastic muscle-tendon dynamics in agile locomotion tasks (Alexander, 2002) as
well as relevance to energy conservation in steady walking (Ishikawa et al., 2005).
If a researcher is interested in exact muscle physiology, such as specific maximum
tendon forces under extreme conditions, e.g. car crashes (Nolle et al., 2024), or highly
dynamic sports (Bulat et al., 2019), MuJoCo is unlikely to be the right choice of
simulation software.

In contrast, the model assumptions made by HyFyDy supposedly stay close to Open-
Sim, which is considered the gold-standard in the field. These simulators have been
validated by a large amount of experimental studies and are widely trusted by the
community. Nevertheless, the Hill-type muscle model has also been shown to not
be numerically stable or accurate in many scenarios (Yeo et al., 2023; Millard et al.,
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2024) and the used human models are a result of an amalgamation of studies with
adult cadavers and healthy humans (Rajagopal et al., 2016b), being averaged across
a number of anatomical experiments. Motor control studies focusing on specific
sub-populations, such as overweight individuals, specific pathologies, children or
ethnic groups with distinct anatomical differences are lacking.

MuJoCo, being primarily a robotics simulator, benefits of other technical features:
fast execution speeds, GPU-parallelizability, stability under extreme conditions and
contact models capable of simulating mesh-based contacts. This allows the commu-
nity to focus more on research with robotic components like active prosthetics and
exoskeletons, where controllers capable of sim-to-real transfer require large amounts
of data.

In this thesis, we did not advance simulation methods, but we developed control
methods and studied the influence of morphology on behaviors. As such, we needed
to propose control algorithms which function under different environment conditions,
while still being able to optimize the task at hand. In pursuing this goal, we have
mainly used and developed algorithms which are simulator agnostic. DEP-RL and
the extension to natural motion through an adaptive reward term work without fur-
ther modification across HyFyDy, MuJoCo and OpenSim, while PPO, another RL
algorithm we used, was applied to MuJoCo and IsaacGym (Makoviychuk et al., 2021).

Throughout these experiments, we have observed that robotic simulators, such as
MuJoCo and IsaacGym, tend to create behaviors that are less smooth than the mus-
culoskeletal simulators. Behaviors trained in HyFyDy and OpenSim have largely
exhibited less jerk and achieve a closer match to experimental human data with iden-
tical reward functions as used in MuJoCo. While it is likely that the biomechanical
modeling assumptions in HyFyDy, especially the elastic tendon, produce a closer
match to human muscle dynamics than MuJoCo, we could not validate this assump-
tion so far with respect to RL. Experiments with rigid tendons in HyFyDy, as well
as softer and more strongly damped contact and joint limit parameters in MuJoCo
could not account for the observed differences. It is likely that the more natural
behaviors in HyFyDy are not only caused by the higher fidelity muscle models but
also by favorably tuned parameters and possibly other simulation engine choices.
Lastly, the MyoLeg model in MuJoCo is based on a different underlying OpenSim
model which contains features such as moveable patellas with routed tendons, making
control possibly more difficult.

Summarizing, the following recommendation can be made:

* Use the simulator that models the component you care about. Robotics simula-
tors might not be well suited for the modeling of injury thresholds, but might
excel when investigating human-robot interaction.

* Go for the fastest simulator that you can use. Increases in computational
efficiency have changed how controllers can be trained and fast iteration times
are conductive to research advances. A flexible method can be applied to a slow
but more precise simulator after it has left the prototyping stage.

» Use an open-source simulation engine whenever possible. Not only are they
free, they allow you to exactly understand what is going on in your experiment.
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* If possible, try to make sure your model can actually perform the movement
you want it to perform. An imitation learning algorithm will never converge if
there is a mismatch between model and data on a kinematic or a dynamic level.

The quest for better and faster simulation engines has opened up a host of possibilities
for new algorithms and applications. It is, however, the responsibility of the research
community to question and validate the underlying modeling assumptions, and of
the individual researcher to chose the right software for their application. Lastly, by
focusing efforts on flexible methods and learning-driven techniques, such as RL, it
is possible to develop simulator-agnostic algorithms which work under a range of
different conditions.

Outlook This thesis has shown that RL methods can scale to high-dimensional
MSK-models and produce highly-complex as well as close-to-natural and robust
behaviors while working reliably across different simulators. These control algorithms
have been developed with ease-of-use in mind: they perform well across different
tasks and models without the need to tune hyperparameters. As such, they constitute
a strong starting point for motor control and biomechanics researchers intending to
leverage RL for their own studies.

Our work paves the way for researchers to push predictive human simulations beyond
laboratory conditions and simple periodic behaviors. Our control approaches allow the
investigation of human compensation strategies or adaptations to muscular pathologies
with complex 3D models under varied conditions, such as irregular terrain, without
relying on the tracking of experimental data (Hellera et al., 2001) or on simplified
models (Song and Geyer, 2017; Lassmann et al., 2023).

While this achievement was made possible by relying on abstract, biologically-inspired
reward terms, the potential of large-scale imitation learning and subsequent controller
distillation has only recently begun to be explored (Tirinzoni et al., 2024). Extending
these techniques to MSK-systems might allow researchers to push the behavioral com-
plexity even further, while still being able to generate trajectories under unseen system
and environmental changes. Indeed, computer animation approaches have already
started to incorporate muscle-components with universal motion generators (Park
et al., 2022; Feng, Xu, and Liu, 2023), but the utility for biomechanics and motor
control research is still missing due to strong simplifications of the used models.
Contributions made in this thesis, allowing general-purpose control without muscle
model simplifications, might close this gap.

As a flexible closed-loop control method, RL enables the investigation of behavior
generation under biologically realistic inputs, such as partial observability and delays.
MPC and OC have been partially extended to consider uncertainties, but require an
intricate mathematical framework and precise definitions of them. RL’s adaptability
allows it to learn with respect to a wide range of conditions, even when factors are
hard to model. Reflex controllers can do a bit of this, but they are constrained by their
limited behavioral and model complexity and have a narrower region of robustness.

For assistive devices, RL already allows the creation of virtual humans which can be
used to train controllers for real-world exoskeletons entirely in simulation (Luo et al.,
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2021; Luo et al., 2024a). This is a major breakthrough, as it enables more powerful and
versatile controllers and reduces the need for human experiments during development.
In addition, RL methods have shown to be able to tune existing prosthetic devices
online in order to personalize parameters for a specific test subject. Nevertheless, these
studies rely on simplified muscle models and control assumptions, potentially limiting
the predictive capabilities of the simulated behaviors. Our contributions might allow
researchers to further push the complexity and diversity of learned behaviors with
virtual humans without relying on precise tracking simulation and without reducing
biomechanical fidelity.

Considering our contributions for robot actuation, we have shown and validated the
benefits of muscle actuation in simulation and on a real robot in contributions C and D.
While existing controllers deployed on robot hardware using artificial muscles often
struggle with good performance, due to a mix of possibly beneficial and detrimental
qualities, this thesis shows that muscle actuators can also improve learning and
robustness with RL. These results were, however, obtained only on quadruped
hardware and are highly dependent on the specific task and model parameters. We
believe future research should investigate extensions to our approach by applying it to
bipedal robots and potentially including elastic tendons, which have been shown to
be beneficial for human locomotion (McNeill Alexander, 2002; Zelik et al., 2014).
Muscle-tendon actuators could potentially improve the performance of bipedal robots,
which are currently relying on less force sensitive position control, thereby neglecting
the finer control of their ankle joints. Ankle joints are often not present in quadruped
robots and have been largely ignored by the learning community.

Considering actuator emulation in the more general sense, we believe that the inter-
dependence between actuator development and control research in robot learning
presents a significant bottleneck. Researchers typically specialize in either hardware
development or control strategies, leading to scenarios where either novel hardware
is combined with tried-and-tested control methods (Azocar et al., 2020; Lee, Liu,
and Huang, 2024), or advances in control are tested with widely available and af-
fordable hardware (Bellegarda et al., 2022). This segregation limits opportunities for
co-optimization, slowing down advancements in both fields. Existing studies that
investigate morphology adaptation at the same time as controllers are often done
entirely in simulation (Deimel et al., 2017; Wang et al., 2023). While providing
useful insight into robot design, these studies ignore real world effects that are not
well modelled in simulators, such as friction, contacts and elastic components. Our
proposed software emulation and learning framework addresses this challenge by
enabling simultaneous prototyping and optimization of hardware and control systems.
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ABSTRACT

Muscle-actuated organisms are capable of learning an unparalleled diversity of
dexterous movements despite their vast amount of muscles. Reinforcement learn-
ing (RL) on large musculoskeletal models, however, has not been able to show
similar performance. We conjecture that ineffective exploration in large overactu-
ated action spaces is a key problem. This is supported by our finding that common
exploration noise strategies are inadequate in synthetic examples of overactuated
systems. We identify differential extrinsic plasticity (DEP), a method from the
domain of self-organization, as being able to induce state-space covering explo-
ration within seconds of interaction. By integrating DEP into RL, we achieve fast
learning of reaching and locomotion in musculoskeletal systems, outperforming
current approaches in all considered tasks in sample efficiency and robustness.'
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Figure 1: We achieve robust control on a series of overactuated environments. Left to right:
torquearm, arm26, humanreacher, ostrich-foraging, ostrich-run, human-run, human-hop

1 INTRODUCTION

It is remarkable how biological organisms effectively learn to achieve robust and adaptive behavior
despite their largely overactuated setting—with many more muscles than degrees of freedom. As
Reinforcement Learning (RL) is arguably a biological strategy (Niv, 2009), it could be a valuable
tool to understand how such behavior can be achieved, however, the performance of current RL
algorithms has been severely lacking so far (Song et al., 2021).

One pertinent issue since the conception of RL is how to efficiently explore the state space (Sutton &
Barto, 2018). Techniques like e-greedy or zero-mean uncorrelated Gaussian noise have dominated
most applications due to their simplicity and effectiveness. While some work has focused on
exploration based on temporally correlated noise (Uhlenbeck & Ornstein, 1930; Pinneri et al., 2020),
learning tasks from scratch which require correlation across actions have seen much less attention.
We therefore investigate different exploration noise paradigms on systems with largely overactuated
action spaces.

The problem we aim to solve is the generation of motion through numerous redundant muscles. The
natural antagonistic actuator arrangement requires a correlated stimulation of agonist and antagonist
muscles to avoid canceling of forces and to enable substantial motion. Additionally, torques generated
by short muscle twitches are often not sufficient to induce adequate motions on the joint level due to

ISee https://sites.google.com/view/dep-rl for videos and code.
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chemical low-pass filter properties (Rockenfeller et al., 2015). Lastly, the sheer number of muscles
in complex architectures (humans have more than 600 skeletal muscles) constitutes a combinatorial
explosion unseen in most RL tasks. Altogether, these properties render sparse reward tasks extremely
difficult and create local optima in weakly constrained tasks with dense rewards (Song et al., 2021).

Consequently, many applications of RL to musculoskeletal systems have only been tractable under
substantial simplifications. Most studies investigate low-dimensional systems (Tahami et al., 2014;
Crowder et al., 2021) or simplify the control problem by only considering a few muscles (Joos et al.,
2020; Fischer et al., 2021). Others, first extract muscle synergies (Diamond & Holland, 2014), a
concept closely related to motion primitives, or learn a torque-stimulation mapping (Luo et al., 2021)
before deploying RL methods. In contrast to those works, we propose a novel method to learn
control of high-dimensional and largely overactuated systems on the muscle stimulation level. Most
importantly, we avoid simplifications that reduce the effective number of actions or facilitate the
learning problem, such as shaped reward functions or learning from demonstrations.

In this setting, we study selected exploration noise techniques and identify differential extrinsic
plasticity (DEP) (Der & Martius, 2015) to be capable of producing effective exploration for muscle-
driven systems. While originally introduced in the domain of self-organization, we show that DEP
creates strongly correlated stimulation patterns tuned to the particular embodiment of the system
at hand. It is able to recruit muscle groups effecting large joint-space motions in only seconds
of interaction and with minimal prior knowledge. In contrast to other approaches which employ
explicit information about the particular muscle geometry at hand, e.g. knowledge about structural
control layers or hand-designed correlation matrices (Driess et al., 2018; Walter et al., 2021), we only
introduce prior information on which muscle length is contracted by which control signal in the form
of an identity matrix. We first empirically demonstrate DEP’s properties in comparison to popular
exploration noise processes before we integrate it into RL methods. The resulting DEP-RL controller
is able to outperform current approaches on unsolved reaching (Fischer et al., 2021) and running
tasks (Barbera et al., 2021) involving up to 120 muscles.

Contribution (1) We show that overactuated systems require noise correlated across actions for
effective exploration. (2) We identify the DEP (Der & Martius, 2015) controller, known from the
field of self-organizing behavior, to generate more effective exploration than other commonly used
noise processes. This holds for a synthetic overactuated system and for muscle-driven control—our
application area of interest. (3) We introduce repeatedly alternating between the RL policy and DEP
within an episode as an efficient learning strategy. (4) We demonstrate that DEP-RL is more robust in
three locomotion tasks under out-of-distribution (OOD) perturbations.

To our knowledge, we are the first to control the 7 degrees of freedom (DoF) human arm model (Saul
et al., 2015) with RL on a muscle stimulation level—that is with 50 individually controllable muscle
actuators. We also achieve the highest ever measured top speed on the simulated ostrich (Barbera
et al., 2021) with 120 muscles using RL without reward shaping, curriculum learning, or expert
demonstrations.

2 RELATED WORKS

Muscle control with RL Many works that apply RL to muscular control tasks investigate low-
dimensional setups (Tieck et al., 2018; Tahami et al., 2014; Crowder et al., 2021) or manually group
muscles (Joos et al., 2020) to simplify learning. Fischer et al. (2021) use the same 7 DoF arm as
we do, but simplify control by directly specifying joint torques a € R and only add activation
dynamics and motor noise. Most complex architectures are either controlled by trajectory optimization
approaches (Al Borno et al., 2020) or make use of motion capture data (Lee et al., 2019). Barbera et al.
(2021) also only achieved a realistic gait with the use of demonstrations from real ostriches; learning
from scratch resulted in a slow policy moving in small jumps. Some studies achieved motions on real
muscular robots(Driess et al., 2018; Buchler et al., 2016), but were limited to simple morphologies
and small numbers of muscles.

NeurIPS challenges Multiple challenges on musculoskeletal control (Kidzinski et al., 2018; Kidz-
inski et al., 2019; Song et al., 2021) using OpenSim (Delp et al., 2007) have been held. The top-ten
submissions from Kidzinski et al. (2018) resorted to complex ensemble architectures and made use
of parameter- or OU-noise. High-scoring solutions in (Kidziniski et al., 2019) were commonly using
explicit reward shaping, demonstrations, or complex training curricula with selected checkpoints,
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all of which required extensive hand-crafting. In contrast, our RL agent uses a standard two-layer
architecture, no curriculum, no reward shaping, and no demonstrations.

Large action spaces Some studies (Farquhar et al., 2020; Synnaeve et al., 2019) tackle large action
spaces by growing them iteratively from smaller versions. This would, however, require a priori
knowledge of which muscle groups correspond to each other—which DEP learns by itself. Tavakoli
et al. (2021) present a hypergraph-based architecture that scales in principle to continuous action
spaces. Again, as it is not clear which muscles should be grouped, the number of possible hypergraphs
is intractable. Other works (Dulac-Arnold et al., 2016; Wang et al., 2016) deal with large virtual
action spaces, but only for discrete actions. Finally, studies on action priors(Biza et al., 2021; Singh
et al., 2021) learn initially from expert data to bootstrap policy learning. Our method scales to large
continuous action spaces and does not require demonstrations.

Action space reduction with muscles Several works use architectures reducing the control dimen-
sionality before deploying RL methods. Luo et al. (2021) learn a muscle-coordination network that
maps desired joint torques to muscle excitations to act on PD controllers. Jiang et al. (2019) establish a
correction network that imposes output limits on torque actuators, enabling them to reproduce muscle
behavior. However, these methods require specific data collection strategies and prior knowledge
on joint ranges, forces or desired behaviors, before applying RL. While they simplify learning and
enable large-scale control, our approach is simpler in execution, does not require knowledge about the
specific muscular architecture and works with simulators of varying detail, including elastic tendons.
Some works use PCA or other techniques to extract synergies and learn on them (Al Borno et al.,
2020; Zhao et al., 2022), but they either require human data or expert demonstrations. Our approach
can readily be applied to a large range of systems with only minimal tuning.

3 BACKGROUND

Reinforcement learning We consider discounted episodic Markov Decision Processes (MDP)
M = (S, A,r,p,po,7), where A is the action space, S the state space, r : S x A — R is the
reward function, p(s’|s, a) the transition probability, po(s) the initial state distribution and ~ is the
discount factor. The objective is to learn a policy 7(a|s) that maximizes the expected discounted
return J = E. >, v'r;, where 7 are observed when rolling out 7. For goal-reaching tasks, we define
a goal space G with r(s, a, g) being 0 when s reached the goal g and -1 everywhere else. The policy
is then also conditioned on the goal 79(als, g) following Schaul et al. (2015).

Muscle modeling In all our MuJoCo experiments, we use the MuJoCo internal muscle model,
which approximates muscle characteristics in a simplified way that is computationally efficient but
still reproduces many significant muscle properties. One limitation consists in the non-elasticity of
the tendon. This reduces computation time immensely, but also renders the task fully observable, as
muscle length feedback now uniquely maps to the joint configuration. Experiments with a planar
humanoid were conducted in HyFyDy (Geijtenbeek, 2019; 2021), a fast biomechanics simulator that
contains elastic tendons and achieves similar accuracy to the widely used OpenSim software. See
Suppl. A.4 for details on the MuJoCo muscle model.

Limitations of uncorrelated noise in (vastly) overactuated systems The defining property of an
overactuated system is that the number of actuators exceeds the number of degrees of freedom. Let us
consider a hypothetical 1 DoF system, where we replace the single actuator with maximum force F™
by n actuators, each contributing maximally with force £ /n. The force for a particular actuator
is then F; = (FM /n) f;, with f; € [—1,1], while the total force is F = SI' F; = S0 F;/n. We
define F; = FM fi to make the dependence on n clear. What happens if we apply random noise to
such a system? The variance of the resulting torque is:

Var (Z S) = % Zl\/ar (Fl) + % ZCOV(Fi,Fj). €))

i=1 i#j

For i.i.d. noise with fixed variance Var(Fi) = 02, as typically used in RL, the first term decreases
with 1/n and the second term is zero. Thus, for large n the effective variance will approach zero. The
logical solution would be to increase the variance of each actuator, but as no realistic actuator can
output an arbitrarily large force, the maximum achievable variance is bounded. Clearly, a vanishing
effective variance cannot result in adequate exploration. For correlated noise, the second term in
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Eq. 1 has n? — n terms and decays with 1 — 1/n, so it can avoid vanishing and might be used to
increase the effective variance.

4 METHODS

4.1 DIFFERENTIAL EXTRINSIC PLASTICITY (DEP)

Hebbian learning (HL) rules are widely adopted in neuroscience. They change the strength of a
connection between neurons proportional to their mutual activity. However, when applied in a control
network that connects sensors to actuators, all activity is generated by the network itself and thus
the effect of the environment is largely ignored. In contrast, differential extrinsic plasticity (DEP), a
learning rule capable of self-organizing complex systems and generating coherent behaviors (Der &
Martius, 2015), takes the environment into the loop. Consider a controller:

a; = tanh(k Cs; + hy), )

with the action a; € R™, the state s; € R™, a learned control matrix C' € R™*", a time-dependent
bias h; € R™ and an amplification constant x € R. The DEP state is only constituted of sensors
related to the actuators, in contrast to the more general RL state. We only consider the initialization
C;; = 0. To be able to react to the environment, an update rule is required for the control matrix C. A
Hebbian rule proposes C’” o a; ¢ 55,¢, while a differential Hebbian rule might be CZ] o< @44 $5¢. The
differential rule changes C' according to changes in the sensors and actions, but there is no connection
to the consequences of actions, as only information of the current time step is used.

DEP proposes several changes: (1) There is a causal connection to the future time step C'
f (ét)él g Where f($:) = a;—aq is an inverse prediction model and At controls the time scale of
learned behaviors. (2) A normalization scheme for C' adjusts relative magnitudes to retain strong
activity in all regions of the state space C;; = C;;/(]|Cy;|: +€), with € < 1. (3) The time-dependent
bias term h; o< —a; prevents overly strong actions from keeping the system at the joint limits with
$; = 0. This learning rule becomes 7C = f($:)$,_ A, — C: the first term drives changes while the
second one is a first-order decay term. The factor 7 tunes the time scale of changing the controller
parameters C'. The normalization rescales C' at each time step. The velocities of any variable & are
approximated by &; = x; — xy_1.

The inverse prediction model f relates observed changes in s to corresponding changes in actions
a that could have led to those changes. In the case where each actuator directly influences one
sensor through the consequences of its action, the simple identity model can be used, similar to prior
work (Der & Martius, 2015; Pinneri & Martius, 2018): f($;) := $;. This yields the rule:

7C = 55 A — C. 3)

As a direct consequence, the update of C' is driven by the velocity correlation matrix of the
current and the previous state. This means that velocity correlations between state-dimensions
that happen across time, for instance, due to physical coupling, are amplified by strengthening of
corresponding connections between states and actions in Eq. 2. The choice of f implicitly embeds
knowledge of which sensor is connected to which actuator and is assuming an approximately linear
relationship. This knowledge is easily available for technical actuators. In muscle-driven systems,
such a relationship holds for sensors measuring muscle length with f($;) :== —3$;, as muscles contract
with increasing excitations. If there are more sensors per actuator, f can either be a rectangular matrix
or a more complex model that links proprioceptive sensors to actuators.

Pinneri & Martius (2018) has shown that in low-dimensional systems DEP can converge to different
stationary behaviors. Which behavior is reached is highly sensitive to small perturbations. We observe
that with high-dimensional and chaotic environments, the stochasticity injected by the randomization
after episode resets is sufficient to prevent a behavioral deprivation. In practice, we use DEP in
combination with an RL policy, such that the interplay will force DEP out of specific limit cycles,
similar to the interventions of the human operator in Martius et al. (2016). Intuitively, DEP is able to
quickly coerce a system into highly correlated motions by “chaining together what changes together”.
More details can be found in Suppl. B.3 and in Der & Martius (2015), while Suppl. C.7 contains an
application of DEP to a simple 1D-system elucidating the principal mechanism.
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4.2 INTEGRATING DEP AS EXPLORATION IN REINFORCEMENT LEARNING (DEP-RL)

Integrating the rapidly changing policy of DEP into RL algorithms requires some considerations.
DEP is an independent network and follows its own gradient-free update rule, which cannot be
easily integrated into gradient-based RL training. Summing actions of DEP and the RL policy,
as with conventional exploration noise, leads in our experience to chaotic behavior, hindering
learning (Suppl. C.2). Therefore, we consider a different strategy: The DEP policy is taking over
control completely for a certain time interval, similar to intra-episode exploration (Pislar et al., 2022);
RL policy 7 and exploration policy Eq. 2 are alternating in controlling the system. While we tested
many different integrations (Suppl. B.3 and C.2), we here use the following components:

Intra-episode exploration DEP and RL alternate within each episode according to a stochastic
switching procedure. After each policy sampling, DEP takes over with probability pswitch. Actions
are then computed using DEP for a fixed time horizon Hpgp, before we alternate back to the policy.
In this way, the policy may already approach a goal before DEP creates unsupervised exploration.

Initial exploration As DEP is creating exploration that excites the system into various modes, we
suggest running an unsupervised pre-training phase with exclusive DEP control. The data collected
during this phase is used to pre-fill the buffer for bootstrapping the learning progress in off-policy RL.

5 EXPERIMENTS

We first conduct synthetic experiments that investigate the exploration capabilities of colored
noise (Timmer & Konig, 1995; Pinneri et al., 2020) (see Suppl. A.2 and A.3), Ornstein-Uhlenbeck
(OU) noise (Uhlenbeck & Ornstein, 1930), and DEP by measuring state-space coverage in torque- and
muscle-variants of a synthetically overactuated planar arm. OU-noise, in particular, was a common
choice in previous muscular control challenges (Song et al., 2021; Kidzinski et al., 2018; Kidziniski
etal., 2019). Afterwards, DEP-RL is applied to the same setup to assure that the previous findings are
relevant for learning. Finally, we apply DEP-RL to challenging reaching and locomotion tasks, among
which humanreacher and ostrich-run have not been solved with adequate performance so far. Even
though DEP-RL could be combined with any off-policy RL algorithm, we choose MPO (Abdolmaleki
et al., 2018) as our learning algorithm and will refer to the integration as DEP-MPO from now on.
See Suppl. B.1 for details. We use 10 random seeds for each experiment if not stated otherwise.

5.1 ENVIRONMENTS

Ostrich-run and -foraging are taken from Barbera et al. (2021), while all of its variants and all other
tasks, including specifications of state spaces and reward functions, are constructed by us from
existing geometrical models. We use SCONE (Geijtenbeek, 2019; 2021) for the bipedal human tasks
and MuJoCo (Ikkala & Hiamaldinen, 2022; Todorov et al., 2012) for the arm-reaching tasks. See
Suppl. B.2 for details.

torquearm A 2-DoF planar arm that moves in a 2D plane and is actuated by 2 torque generators.
arm26 torquearm driven by 6 muscles. The agent has to reach random goals with sparse rewards.
humanreacher A 7-DoF arm that moves in full 3D. It is actuated by 50 muscles. The agent has to
reach goals that randomly appear in front of it at “face”-height. The reward function is sparse.
ostrich-run A bipedal ostrich needs to run as fast as possible in a horizontal line and is only provided
a weakly-constraining reward in form of the velocity of its center of mass, projected onto the x-axis.
Only provided with this generic reward and without motion capture data, a learning agent is prone to
local optima. The bird possesses 120 individually controllable muscles and moves in full 3D.
ostrich-foraging An ostrich neck and head actuated by 52 muscles need to reach randomly appearing
goals with the beak. We changed the reward from the original environment to be sparse.
ostrich-stepdown Variant of ostrich-run which involves a single step several meters from the start.
The height is adjustable and the position of the step randomly varies with Az ~ N (Az|0,0.2). The
task is successful if the ostrich manages to run for ~ 10 meters past the step. The reward is sparse.
ostrich-slopetrotter The ostrich runs across a series of half-sloped steps. Conventional steps would
disadvantage gaits with small foot clearance, while the half-slope allows most gaits to move up the
step without getting stuck. The task reward is the achieved distance, given at the end.

human-run An 18-muscle planar human runs in a straight line as fast as possible. The reward is the
COM-velocity. The model is the same as in the NeurIPS challenge (Kidzinski et al., 2018).
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human-hop The reward equals 1 if the human’s COM-height exceeds 1.08 m, otherwise it is 0.
human-stepdown The human runs across slopes before encountering a step of varying height.
human-hopstacle The human has to jump across two slanted planes and a large drop without falling.

We observed a critical bug in ostrich-run which we fixed for our experiments. This explains the
differing results for the baseline from Barbera et al. (2021) in Sec. 5.4. See Suppl. B.2 for details.

5.2 EXPLORATION WITH OVERACTUATED SYSTEMS

Primarily, we are interested in efficient control of muscle-driven systems. These systems exhibit a
large degree of action redundancy—in addition to a myriad of nonlinear characteristics. Thus, we
create an artificial setup allowing us to study exploration of overactuated systems in isolation.
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Figure 2: Only DEP reaches adequate state-space coverage for all considered action spaces.
(a) Hand trajectories are collected during 50 episodes of 1000 iterations (A¢ = 10 ms) of pure
exploration with different noise strategies. We show hand trajectories for the original action space
a € R? (top) and the expanded action space a € R%%° (bottom). (b) Endeffector-space coverage for
torquearm. (c) Endeffector-space coverage for arm26.

Overactuated torque-driven system In the default case, the robot (Fig. 1: torquearm) can be
controlled by specifying desired joint torques a € R2. We now artificially introduce an action space
multiplier n, such that the control input grows to 2n. To apply this new control vector to the original
system, we average the actions into the original dimensionality, keeping maximal torques identical:

n

1 .

ak n ; Qjtn(k—1)> G
where d; is the inflated action and k € [1, 2] for our system. We emphasize that we not only have
more actions but also capture important characteristics of an overactuated system, the redundancy.
As predicted in Sec. 3, we observe that redundant actuators decrease the effective exploration when
using uncorrelated Gaussian (white) noise (compare 2 vs. 600 actions in Fig. 2 (a, b)). Also, for
correlated pink and red colored noise or OU-noise, the exploration decays with an increasing number
of actions. Only DEP covers the full endeffector space for all setups. See Suppl. A.1 for details on
the used coverage metric and Suppl. C.1 for more visualizations.

Overactuated muscle-driven system Consider now a system with individually controlled muscle
actuators (Fig. 1: arm26). This architecture is already overactuated as multiple muscles are connected
to each joint, the two biarticular muscles (green) even span two joints at the same time. In addition,
we apply Eq. 4 to create virtual redundant action spaces. In Figure 2 (c), we see that most noise
processes perform even worse than in the previous example, even though the number of actions is
identical. Only DEP again reaches full endeffector-space coverage for any investigated number of
actions. These results suggest that the heterogeneous redundant structure and activation dynamics of
muscle-actuators require exploration strategies correlated across time and across actions to induce
meaningful endeffector-space coverage, which DEP can generate.

We emphasize that all noise strategies for experiments in Sec. 5.2 were individually optimized to
produce maximum sample-entropy for each system and for each action space, while DEP was tuned
only once to maximize the joint-space entropy of the humanreacher environment. We additionally
observe that all strategies consequently produce outputs close to the boundaries of the action space,
known as bang-bang control, maximizing the variance of the resulting joint torque (Sec. 3).
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RL with muscles While the previous results demonstrate that the exploration issue is significant,
it is imperative to demonstrate the effect in a learning scenario. We therefore train an RL agent for
differently sized action spaces and compare its performance to our DEP-MPO. Figure 3 shows that
the performance of the MPO agent strongly decreases with the number of available actions, while the
DEP-MPO agent performs well even with 600 available actions, which is the approximate number of
muscles in the human body. DEP-MPO strongly benefits from the improved exploration of DEP. We
repeated the experiment with sparse rewards and HER in Suppl. C.6, the results are almost identical.
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Figure 3: DEP-MPO outperforms MPO in sparse point-reaching for arm26 with all virtual
action spaces. Left: Learning performance decays with a growing number of actions for MPO,
DEP-MPO is largely unaffected. Right: Training-averaged success rates for different action spaces.

5.3 SPARSE REWARD TASKS WITH UP TO 52 ACTUATORS

We now apply our algorithm to realistic control scenarios with large numbers of muscles. As many
sparse reward goal-reaching tasks are considered in this section, we choose Hindsight Experience
Replay (HER) (Andrychowicz et al., 2017; Crowder et al., 2021) as a natural baseline. Generally,
DEP-MPO performs much better than vanilla MPO (Fig. 4). For the more challenging environments,
the combination of DEP with HER yields the best results.

DEP-MPO also solves the human-hop task, which is not goal-conditioned. As the reward is only
given for exceeding a threshold COM-height, MPO never encounters a non-zero reward.

To the best of our knowledge, we are the first to control the 7-DoF human arm with RL on a muscle
stimulation level—that is with 50 individually controllable muscle actuators. In contrast, (Fischer
etal., 2021) only added activation dynamics and motor noise to 7 torque-controlled joints a € R”.
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Figure 4: Training performance for all sparse tasks. (a) DEP-MPO and DEP-HER-MPO quickly
solve the task. (b) While DEP-HER-MPO performs on par with HER-MPO, DEP-MPO allows the
agent to solve the task in contrast to MPO. (c) DEP-MPO achieves better data-efficiency over MPO,
while the best agent is DEP-HER-MPO. We conjecture that HER enables more effective use of the
unsupervised data. (d) DEP-MPO finds sparse rewards even in the absence of goal-conditioning,
which makes the application of HER infeasible. MPO does not encounter any non-zero reward.

5.4 APPLICATION TO BIPEDAL LOCOMOTION

While the results above show that DEP-RL performs well on several reaching tasks where a complete
state-space coverage is desirable, it is unclear how it handles locomotion. Useful running gaits only
occupy a minuscule volume in the behavioral space and unstructured exploration leads to the agent
falling down very often. To test this, we apply DEP-RL to challenging locomotion tasks involving an
18-muscle human and a 120-muscle bipedal ostrich. As Barbera et al. (2021) also attempted to train
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a running gait from scratch, we choose their implementation of TD4 as a baseline for ostrich-run,
while we provide MPO and DEP-MPO agents. See Suppl. C.4 for additional baselines.

High velocity running When applying DEP-MPO to the human-run task (Fig. 5, left), we observe
similar initial learning between MPO and DEP-MPO. At ~ 10° steps, DEP-MPO policies suddenly
increase in performance after a plateau. This coincides with the switch to an alternating gait, which is
faster than an asymmetric gait. At the end of training, 5 out of 5 random seeds achieve an alternating
gait with symmetric leg extensions, while MPO only achieves this for 1 out of 5 seeds (Fig. 5, right).

In ostrich-run, we observe faster initial learning for DEP-MPO (Fig. 6, left). There is, however, a
drop in performance after which the results equalize with MPO. Looking at the best rollout of the
10 evaluation episodes for each point in the curve (Fig. 6), we observe that some DEP-MPO trials
perform much better than the average. If we consequently record the velocity of the fastest policy
checkpoint from all runs for each method, we observe that DEP-MPO achieves the largest ever
measured top speed (Fig. 7, right). The DEP-MPO policy is also characterized by overall stronger leg
extension and symmetric alternation of feet positions. See Suppl. C.5 for visualizations.

In contrast, extensive hyperparameter tuning did not lead to better asymptotic performance for MPO
(Suppl. B.6), nor did other exploration noise types (Suppl. C.4).
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Figure 5: DEP improves performance in the presence of local optima, as seen in human-run.
Left: DEP-MPO initially performs identically to MPO, before a sudden increase in performance can
be observed for all trials. Right: The final gaits learned by DEP-MPO possess high symmetry, as
measured by the averaged relative pelvis-deviation of the feet. Only 1 out of 5 random seeds for
MPO achieves an alternating gait, which coincides with larger velocities and task returns.
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Figure 6: Learning curves and maximal returns for ostrich-run. Left: TD4 learns fast at first,
but only achieves a suboptimal “hopping” gait. DEP-MPO outperforms the final MPO performance
initially, but decays during late training. Even though the returns seem close, DEP-MPO achieves
the fastest ever recorded top speed on the ostrich. Top speeds are averaged over 50 test episodes,
using the fastest checkpoint for each method, marked by diamond markers. Statistical significance
is marked with (**) for p < 0.01 and (**%) for p < 0.001 using a student t-test. TD4 return is
significantly lower than both other strategies (***, not shown for clarity of the figure).

Robustness against perturbations To investigate the obtained policies, we evaluate their robust-
ness to out-of-distribution (OOD) variations in the environment. The policies are trained on a flat
ground (Sec. 5.4) and then frozen, which we call in-distribution (ID). Afterwards, various OOD
perturbations in the form of a large step of varying heights, a series of sloped steps or two inclined
planes are introduced and the performance is measured to probe the robustness of the learned policies.

DEP-MPO yields the most robust controller against stepdown and sloped-step perturbations for all
considered tasks (Fig. 7). As MPO is unable to achieve a good behavior without DEP for human-
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Table 1: Training averaged performance metrics for the considered tasks. (S) marks success rates for
reaching tasks, while (R) marks returns for all other tasks. Tasks for which HER is not applicable are
marked with n.a. We perform student-t tests between the best DEP-augmented policy and the best
non-DEP policy with significance levels: (*): p < 0.05; (**): p < 0.01; (***): p < 0.001

DEP-MPO DEP-HER-MPO MPO HER-MPO

arm26 (S) 0.95 £ 0.01 (***) 0.93 +0.01 0.62+0.23 0.85+0.09

ostrich-foraging (S) 0.42 + 0.09 0.90 £ 0.03 (*¥*%*) 0.00 £ 0.01 0.88+0.03

humanreacher (S) 0.72+0.16 0.82 £0.12 (%) 0.50+0.23 0.65+0.24
human-hop (R) 472 £ 85 (***) n.a. 0£0 n.a.
ostrich-run (R) 4432 + 702 (**) n.a. 4064 £ 732 n.a.
human-run (R) 1601 £ 320 n.a. 1395 4+ 325 n.a.

hopstacle, we compare the performance of DEP-MPO with (OOD) and without (ID) perturbations.
Interestingly, DEP-MPO is very robust, except for one random seed. This policy learned not to hop,
but to move one of its legs above its shoulders, increasing its COM-height. Although hard to achieve,
this behavior is sensitive to perturbations. Final policy checkpoints are used for all experiments.
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To our knowledge, we are the first to produce a robust running gait of this speed with RL applied to a
system with 120 muscles, and we achieve this without reward shaping, curriculum learning or expert
demonstrations. Without demonstrations, Barbera et al. (2021) only achieved a “hopping” behavior.

6 CONCLUSION

We have shown that common exploration noise strategies perform inadequately on overactuated sys-
tems using synthetic examples. We identified DEP, a controller from the domain of self-organization,
of being able to induce state-space covering exploration in this scenario. We then proposed a way
to integrate DEP into RL to apply DEP-RL to unsolved reaching (Fischer et al., 2021) and locomo-
tion (Barbera et al., 2021) tasks. Even though we do not use motion capture data or training curricula,
we were able to outperform all baselines. With this, we provide ample evidence that exploration is a
key issue in the application of RL to muscular control tasks.

Despite the promising results, there are several limitations to the present work. The muscle simulation
in MuJoCo is simplified compared to OpenSim and other software. While we provided results in
the more biomechanically realistic simulator HyFyDy, the resulting motions are not consistent with
human motor control yet. In order for the community to benefit from the present study, further work
integrating natural cost terms or other incentives for natural motion is required. Additionally, the
integration of DEP and RL, while performing very well in the investigated tasks, might not be feasible
for every application. Thus, a more principled coupling between the DEP mechanism and an RL
policy is an interesting future direction.
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7 REPRODUCIBILITY STATEMENT

We provide extensive experimental details in Suppl. B.1, descriptions of all the used environments in
Suppl. B.2 and all used hyperparameters together with optimization graphs in Suppl. B.6. The used RL
algorithms are available from the TonicRL package (Pardo, 2020). The ostrich environment (Barbera,
2022) and the human-run environments are publicly available. The latter was simulated using a
default model in SCONE (Geijtenbeek, 2019), an open-source biomechanics simulation software.
We employed a recent version which includes a Python API, available at: https://github.
com/tgeijten/scone-core. Additionally, we made use of the commercial SCONE plug-in
HyFyDy (Geijtenbeek, 2021), which uses the same muscle and contact model as vanilla SCONE, but
is significantly faster. We further include all environments and variations as well as the used learning
algorithms in the submitted source code. All remaining environments are simulated in MuJoCo,
which is freely available. A curated code repository will be published. We also mention hardware
requirements in Suppl. B.5.
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Supplementary Material

Videos of the observed exploration patterns and learned policies are available here®. A curated code
repository will be published upon acceptance.

A THEORETICAL BACKGROUND

A.1 STATE-SPACE COVERAGE

Following (Glassman & Tedrake, 2010; Hollenstein et al., 2021), a possible measure for joint-
space coverage in low-dimensional spaces can be obtained by projecting all recorded joint values
q¥,q5, ..., ¢k with k € {1,2} into a discrete grid. For minimum and maximum joint values a and b,
and a grid of size N2, let there be a discretized vector of values ), = a+k Az, with Ax = (b—a)/N
and k € {1,..., N — 1}. We can then compute a matrix S;; such that:

1, if 3t suchthatw; < ¢f < xi11andz; < ¢f < xj41
Sij = . &)
0, otherwise
The coverage is then given by:
. Y.,S
§==20 (6)

which is the number of visited grid points divided by the total grid size. In practice, the metric will
not reach 100% as the arm cannot reach every point in space due to its geometry.

A.2 ORNSTEIN-UHLENBECK NOISE

The OU-process (Uhlenbeck & Ornstein, 1930) is a stochastic process that produces temporally
correlated signals. It is defined by:

Tpp1 = T+ 0(p — x) At + o wy, 7

where w; ~ N(+0, 1) is a noise term sampled from a standard Gaussian distribution that drives the
process, 6 controls the strength of the drift term, o the strength of the stochastic term and p is the
mean. For our experiments, we set xg = & = 0 s.t. 6 and ¢ remain as tunable parameters. In practice,
actions computed by the OU-process might exceed the allowed range a € [—1, 1] for large o; actions
are subsequently clipped to the minimum and maximum values.

A.3 COLORED NOISE

The color of random noise is defined by the frequency dependency of its power spectral density (PSD):
1
PSD(f) o 7B ®)

where 3 is the frequency exponent of the power-law, sometimes colloquially referred to as the color of
the noise. For uncorrelated, or white, noise 8 = 0 and the PSD is constant. In general, larger values
of 3 lead to noise signals with slower frequency contributions. While colors such as white (5 = 0),
pink (8 = 1) and red (6 = 2) were investigated in Sec. 5.2, we allowed any value 5 > 0 for the
optimization in Sec. C.4. In practice, we use an identical implementation of colored noise to (Pinneri
et al., 2020), which is based on an efficient Fourier transformation. The tuneable parameters are
the color of the noise 5 > 0 and a scaling parameter ¢ > 0 which is multiplied by the noise values.
Actions exceeding the allowed ranges are clipped, identical to the previous section.

A.4 MUSCLE MODELING

The force production in biological muscles is quite complex and state-dependent (Wakeling et al.,
2021; Siebert & Rode, 2014; Haeufle et al., 2014). In contrast to most robotic actuators, the force
depends non-linearly on muscle length, velocity, and stimulation. The muscle also has low-pass
filter characteristics, making the control problem hard for classical approaches—in addition to the
typical redundancy of having more muscles than DoF. While these properties are all reproduced in the

Zhttps://sites.google.com/view/dep-rl
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MuJoCo internal muscle model, which has been used for other muscle-based studies (Barbera et al.,
2021; Fischer et al., 2021; Ikkala & Hiamilidinen, 2022; Richards & Eberhard, 2020), MuJoCo uses
certain simplifications. It employs phenomenological force-length and force-velocity relationships
which are modeled as simple functions. An additional choice, is that the tendon that connects muscles
and bones is inelastic. While in more realistic systems the tendon length might vary independently of
the muscle length, in MuJoCo we have:

ltotal = lmuscle + ltendona (9)
——

constant

where [, uscle 15 the length of the muscle fiber and liendon the length of the tendon. Knowledge of the
muscle fiber lengths /,,,scle consequently allows the unique determination of ly.t,; and to infer the
current joint configuration. While this choice is sensible considering the immense data requirements
of RL, it simplifies the control problem compared to realistic biological agents which must infer
ltotal from other proprioceptive signals, which certain studies suggest to be possible in biological
systems (Kistemaker et al., 2013).

We also point out that the chemical muscle activation dynamics in MuJoCo induce a low-pass filter
on the applied control signals, such that temporally uncorrelated actions might not cause significant
motion. The muscle activity a., (t) is governed by the dynamics equation:

a(t) — am(t)
7(am(t), a(t))’

where « is the action as computed by the RL policy and 7 is an action and activity dependent time
scale, given by:

am(t) = (10)

Tact (0.5 + 1.5 am (1)) ifa(t) > am(t)

Tdeact/(0.5 + 1.5 am(t)) if a(t) < am(t) : (11)

r(an(tha) = {
The constants 7.t and Tqeact are set to 0.01 and 0.04 by default, such that activity increases faster
than it decreases.

See Barbera et al. (2021) and the MuJoCo documentation for more details on the muscle model and
its parametrization.

Real biological systems also suffer significant delays for sensors and actuators, as well as being
restricted to certain input modalities. These constraints are currently not modeled in MuJoCo.

B EXPERIMENTAL DETAILS

B.1 GENERAL DETAILS

For the state coverage measures (Fig. 11 and 12), we recorded 50 episodes of 1000 iterations each.
The environment was reset after every episode. The state coverage metric was computed over 5
episodes at a time, after which we reset the internal state of DEP.

All experiments involving training (Fig. 3, 4 and 6) were averaged over 10 random seeds. Each point
in the learning curves corresponds to 10 evaluation episodes without exploration that were recorded
at regular intervals during training.

For the maximum speed measurements, the fastest checkpoint out of all runs in Fig. 6 was chosen for
each method. We then executed 50 test episodes without exploration and recorded the fasted velocity
within each episode.

For the robustness evaluations, the last training checkpoint of each run in Fig. 6 is chosen, as
the robustness of the policies generally increases with training time in our experiments. We then
record 100 episodes each with ostrich-stepdown and ostrich-slopetrotter perturbations, without any
exploration. For the former, a binary success is recorded if the ostrich is able to pass the step and run
for 10 additional meters afterwards. For the latter, we record the average traveled distance, as a large
number of obstacles prevents most rollouts from successfully running past all of them.

For the gait visualizations (Fig. 15 and 16), the same policies as for the speed measurements are used,
as they exhibit the most natural gaits. We then record a single episode and visualize the last 5 seconds
to ensure a converged pattern.
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B.2 ENVIRONMENTS

All tasks except OstrichRL (Barbera et al., 2021) and the human environments Geijtenbeek (2019;
2021) were constructed from existing geometrical models in MuJoCo (Ikkala & Hadméildinen, 2022;
Todorov et al., 2012) from which we created RL environments. We additionally created variants of
ostrich-run involving perturbations, i.e. ostrich-stepdown, and ostrich-slopetrotter.

torquearm A 2-DoF arm that moves in a 2D plane and is actuated by 2 torque generators. It is not
used for RL, but as a comparative tool. Its geometry is identical to arm26, but different joint positions
are reachable as it is not restricted by the geometry of the muscles. We manually restrict the joint
ranges to i € [—120, 120] (degrees) to prevent self-collisions.

arm26 A 2-DoF planar arm driven by 6 muscles. The model was adapted from the original one
in (Todorov et al., 2012), we modified the maximum muscle forces and shifted the gravity such that
the arm fully extends (“down” on Fig. 1). The agent has to reach goals that are 5 cm in radius. They
randomly appear in the upper right corner in a 35 cm by 15 cm rectangular area. The arm motion is
restricted compared to torquearm by the passive stretch of the muscle fiber. The reward is given by:

. {10, ifd(s) < 0.05
= 12
r(s:s) {—1, otherwise, (12)

where d(s) is the Euclidean distance between the hand position and the goal. The episode terminates
if the goal is reached, i.e. d(s) < 0.05. The negative reward incentivizes the agent to reach the goal
as quickly as possible. Exploration in this task is difficult not only because of the overactuation, but
also because the activation dynamics of the muscles require temporal correlation for effective state
coverage. An episode lasts for 300 iterations, with At = 10 ms.

humanreacher A 7-DoF arm that moves in full 3D. It is actuated by 50 muscles. The agent has to
reach goals of 4 cm that randomly appear in front of it at “face”-height in a 15 cm by 30 cm by 25 cm
rectangular volume. The reward function and termination condition are identical to arm26, except for
the goal radius. In addition to the issues detailed in the previous paragraph, singular muscles are not
strong enough to effect every joint motion. For example, pulling the arm above the shoulder requires
several muscles to be stimulated at the same time, while opposing, antagonistic, muscles should
not be active. The muscular geometry is also strongly asymmetric. An exploration strategy has to
compute the right correlation across connected muscle groups, and across time, for each motion. The
joint limits and the bone geometry create cul-de-sac states, e.g. at some point the agent might not
be able to extend the elbow further to reach a goal, it has to move back and change the pose. The
initial pose of the arm is fully extended and points downwards. We randomly vary the joint pose
by ¢!.i, +N(0,0.01) and each joint velocity by ¢/, ;. + N (0, 0.03) after each episode reset. This
helps the RL agent and HER to make progress on the task as it causes the arm to slightly self-explore.
As DEP is fully deterministic, it also prevents it from generating the same control signals during
each episode in the initial unsupervised exploration phase. An episode lasts for 300 iterations, with
At = 10 ms.

ostrich-foraging This task is unchanged from (Barbera et al., 2021), except for the rewards which
we modified to be sparse, identical to arm26. The termination condition is also identical. An
ostrich neck and head actuated by 52 muscles need to reach randomly appearing goals with the
beak. The goals appear in a uniform sphere around the beak, but only goals with goal-beak distances
d(s) € [0.6,0.8] are allowed. The goals have a radius of 5 cm. The initial pose is an upright neck
position (see Fig. 1), but following the original task (Barbera et al., 2021) the pose is not randomized
after episode resets, the last pose of the previous episode is simply kept as the first pose of the new
episode. It is thus very unlikely for an agent with inadequate exploration to ever encounter a single
goal. The neck itself is very flexible and offers almost no easily reachable cul-de-sac states, which
we conjecture to explain the good performance of HER-MPO in Fig. 4. An episode lasts for 400
iterations, with At = 25 ms.

ostrich-run The bipedal ostrich, from (Barbera et al., 2021), needs to run as fast as possible in

a horizontal line and is only provided a weakly-constraining reward in form of its velocity. Only
provided with this generic reward and without motion capture data, a learning agent is prone to local
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optima. The bird possesses 120 individually controllable muscles and moves in full 3D without any
external constraints. The reward is given by:

r(s,s") = vSM(s), (13)

where v$OM(s) is the velocity of the center of mass projected to the x-axis. An ideal policy will

consequently run in a perfectly straight line as fast as possible. The episode terminates if the head of
the ostrich is below 0.9 m, the pelvis is below 0.6 m or the torso angle exceeds —0.8 < Giorso(s) <
0.8 (radians). The leg positions are slightly randomized at the end of each episode, which lasts for a
maximum horizon of 1000 iterations with At = 25 ms.

We point out that the author’s implementation of ostrich-run (Barbera, 2022) has set a default stiffness
to all joints in the simulation. While this generally ensures the stability of the model, that only
applies to joints that connect different parts of the system. In this case, the stiffness was also set for
the root joints of the ostrich, essentially creating a spring that weakly pulls it back to the starting
position. As the absolute x-position is withheld from the agent to create a periodic state input, the
non-observability of the spring force destabilizes learning. We therefore explicitly set the stiffness of
all root positional and rotational joints to 0. This explains why our TD4 baseline reaches significantly
higher scores than in the work by (Barbera et al., 2021). Our measured maximum return for TD4 lies
at =~ 4044, while the reported returns without the change did not seem to exceed 2000.

ostrich-stepdown A step is added to the original ostrich-run task. The height of the step is
adjustable and its position randomly varies with Az ~ N(+|0,0.2). The ostrich is initially on top of
the step and has to run across the drop in height without falling over. The task is successful if the
ostrich manages to run for ~ 10 meters past the step. The episode is terminated if the x-position
exceeds 10 m, the torso angle exceeds —0.8 < Giorso(s) < 0.8 rad, the head is below 0.5 m or
the head is below the pelvis height. We relaxed the termination conditions to allow for suboptimal
configurations that are used to bring the ostrich back into a running pose.

ostrich-slopetrotter A series of half-sloped steps is added to the orig-
inal ostrich-run task. The obstacles are sloped on the incoming side
while there is a perpendicular drop similar to a conventional step on the
outgoing side. Rectangular stairs would disadvantage gaits with small
foot clearance, while the half-slope allows most gaits to move up the step
without getting stuck. There are seven obstacles spaced at 5 m intervals
in total. The episode terminates if the x-position exceeds 50 m, the re-
maining termination conditions are identical to ostrich-stepdown. The
obstacles are wide enough to prevent slightly diagonal running gaits from
simply avoiding the obstacles. The task reward is the achieved distance,

given at the end. Figure 8: Sloped step for
ostrich-slopetrotter.

human-run This task uses the planar human model from the NeurIPS

competition (Kidzinski et al., 2018) simulated in HyFyDy instead of OpenSim. HyFyDy uses the
same muscle and contact models as OpenSim, but is significantly faster. The model has 18 leg
muscles and no arms. The task reward is the COM-velocity in x-direction, identical to the ostrich.
The episode length is 1000. The initial position is slightly randomized from a standing position. The
episode terminates if the COM-height falls below 0.5 m.

human-hop In this task, the reward of human-run is changed to be sparse. The agent receives a
reward of 1 if its COM-height exceeds 1.08 m and 0 otherwise. Periodic hopping will maximize this
reward. The task is particularly challenging as there is no goal-conditioning to improve exploration
in early training. The agent has to figure out a single hop from scratch. The initial state is slightly
randomized from a squatting position.

human-stepdown The human-run task is modified by including a parcours of varying slope with a
large drop at the end. We record a success if the agent is able to navigate the entire parcours without

falling to the ground.

human-hopstacle The human-hop task is modified by including two inclined slopes. The task is
marked as a success if the agent is able to periodically hop for 1000 time steps without falling to the
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Table 2: Number of joints, state and action dimensions for all considered tasks. The ostrich-run
variants ostrich-stepdown and ostrich-slopetrotter share identical state and action spaces, as the
policies are not retrained. The planar reaching tasks torquearm and arm26 are used with virtual
action spaces. For a given action multiplier n, we also multiply all muscle-related state data by n, i.e.
muscle lengths, velocities, forces and activity.

torquearm arm26 humanreacher ostrich-foraging ostrich-run human-run

# of joints 2 2 21 36 56 9
action dimension 2...600 6...600 50 52 120 18
state dimension 16 34 248 289 596 194
episode length 300 300 300 400 1000 1000
time step 10 ms 10 ms 10 ms 25 ms 25 ms 10 ms

ground. Due to the arrangement of the slopes, the agent will either hop inside the funnel, or jump out
to the sides, where it will experience a steep drop.

Additional information regarding state and action sizes are summarized in Table 2. The observations
are summarized in Table 3.

B.3 DEP IMPLEMENTATION

We use a window of the recent history to adapt the DEP controller during learning. DEP requires
as input 1 proprioceptive sensor per actuator. We use joint angles for the torque-driven example in
Fig. 11, while all muscle-driven tasks use the sum of muscle lengths and muscle forces, normalized
with recorded data to lie in [—1, 1]:

SDEP = Zmuscle +c fmusclea (14)

where [ uscle is the length of the muscle fibre, fiuscle the force acting on it and ¢ is a scaling constant.
Note that spgp € R™ and a € R™ with m = n. Even though the rest of the state information is
discarded, DEP computes action patterns that achieve correlated sensor changes. When alternating
between DEP and the policy in DEP-RL, we also feed the current input to DEP and perform training
updates. We observed performance benefits in locomotion tasks as DEP’s output is strongly influenced
by the recent gait dynamics induced by the policy. DEP is implemented to compute a batch of actions
for a batch of parallel environments such that there is a separate history-dependent controller for each

Table 3: State information for all environments. The variants ostrich-stepdown and ostrich-
slopetrotter use identical observations to ostrich-run. This allows the evaluation of the robustness of
the trained policies against OOD perturbations.

environment observations

torquearm joint positions, joint velocities, actuator positions, actuator velocities, actuator
forces, goal position, hand position

arm26 joint positions, joint velocities, muscle lengths, muscle velocities, muscle
forces, muscle activity, goal position, hand position

arm750 joint positions, joint velocities, muscle lengths, muscle velocities, muscle

forces, muscle activity, goal position, hand position

ostrich-foraging joint positions, joint velocities, muscle activity, muscle forces, muscle lengths,
muscle velocities, beak position, goal position, the vector from beak position
to the goal position

ostrich-run head height, pelvis height, feet height, joint positions (without x), joint
velocities, muscle activity, muscle forces, muscle lengths, muscle velocities,
COM-x-velocity

human-run joint positions (without x), joint velocities, muscle lengths, muscle velocities,
muscle forces, muscle activity, y-position of all bodies, orientation of all
bodies, angular velocity of all bodies, linear velocity of all bodies, COM-x-
velocity, torso angle, COM-y-position
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Table 4: DEP hyperparameters for the learned policies. The test episode value signifies that an
episode without DEP is recorded every N episodes. The value for arm-reaching was so large that
it was effectively never used. The force scale value is used to scale the force input and the muscle
length input.

(a) Arm-reaching settings. (b) Ostrich settings.
Parameter Value Parameter Value
DEP K 1000 DEP K 20
T 80 T 8
buffer size 600 buffer size 90
bias rate 0.00002 bias rate 0.03
sdavg 6 sdavg 1
time dist (At) 60 time dist (At) 5
integration  Pswitch 0.01 integration  Pswitch 0.0004
Hpgp 20 Hpgp 4
test episode n.a. test episode 3
force scale 0.0003 force scale 0.0003
(c) Human-run settings. (d) Human-hop settings.
Parameter Value Parameter Value
DEP K 1896 DEP K 1288
T 26 T 35
buffer size 200 buffer size 200
bias rate 0.004154 bias rate 0.0926
sd4avg 0 sd4avg 0
time dist (At) 4 time dist (At) 6
integration  Pgwitch 0.01 integration  Pgwitch 0.005
Hpgp 10 Hpgp 30
test episode n.a. test episode n.a.
force scale 0.000054749 force scale 0.000547

environment. As the control matrix is very small, e.g. C' € R'20%120 even in ostrich-run, the most

computationally intensive environment, this can be done with minimal overhead.

B.4 RL IMPLEMENTATION

Our RL algorithms are implemented with a slightly modified version of TonicRL (Pardo, 2020).

B.5 HARDWARE

Training of each DEP-MPO agent for ostrich-run, the most computationally intensive environment,
was executed on an NVIDIA V100 GPU and 20 CPU cores. Training for 102 iterations requires about
48 hours in real-time. Note that in general, we do train for 30 iterations for every 1000 environment
interactions, which speeds up training with regard to the reported learning steps. See Sec. B.6 for
details.

B.6 HYPERPARAMETERS

We first detail the optimization choices made in the main part, before we give the specific hyperpa-
rameters that were chosen.

Optimization for ostrich-run  We performed extensive hyperparameter optimization for the ostrich-

run task with baseline MPO, but could not achieve a better final performance than default MPO
parameters. The best performing set is identical in performance to the best run with default parameters
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Table 5: RL parameters for MPO and TD4. The TD4 parameters are identical to (Barbera et al.,
2021). Non-reported values are left to their default setting in TonicRL (Pardo, 2020).

(a) MPO settings. (b) TD4 settings.
Parameter Value Parameter Value
buffer size le6 buffer size le6
batch size 256 batch size 100
steps before batches 3e5 steps before batches Se4
steps between batches 1000 steps between batches 50
number of batches 30 number of batches 50
n-step return 3 n-step return 1
n parallel 20 learning rate le-4
n sequential 10 TD3 action noise scale  0.25

n parallel 15
n sequential 8
exploration ou
Action noise scale 0.25

Warm up random steps  1le4

Table 6: Baseline parameters. For HER, 80% of the time a relabelled transition is added in addition
to the original one.

(a) OU-noise settings. (b) Colored noise settings.
Parameter Value Parameter Value
humanreacher  #-drift 0.004 humanreacher  [3-color 0.04
o-scale 0.02 o-scale 0.1
ostrich-run O-drift 0.1 ostrich-run [-color 0.008
o-scale 0.07 o-scale 0.3

(c) Hindsight experience replay settings.

Parameter Value

strategy final
% hindsight 80
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Figure 9: Hyperparameter optimization for ostrich-run. We performed 9 iterations of meta-
optimization for MPO with 100 sets of parameters in each round, for a total of 900 different
combinations. The final best set did not outperform the best run with the default parameters of MPO.
The rightmost figure shows the best performing set for each iteration. The best return achieved over
10 evaluation episodes by MPO with default parameters out of 10 seeds is shown with a dashed black

line.

in Fig. 6. In total, we computed 9 iterations of meta-optimization with 100 different sets of parameters
in each round. The evolution of the performance histograms is shown in Fig. 9.

Exploration experiments For the experiments in Sec. 5.2, all noise strategies, with the exception
of DEP, were tuned in a grid search to maximize the end effector state space coverage for each task
and for each action space separately. DEP was tuned once to maximize a sample joint-pace entropy
measure of the humanreacher task; its hyperparameters were then kept constant for all arm-reaching
tasks in all sections of our study.

DEP-RL We identify three groups of tunable parameters for DEP-RL: the RL agent parameters (Ta-
ble 5), the DEP parameters (Table 4), and the parameters controlling the integration of DEP and
the policy. We initially optimized only for the parameters of DEP and the integration. When we
afterwards ran an optimization procedure for all sets of parameters at the same time, we could not
outperform our previous results. A pure MPO parameter search did also not yield better performance,
such that we kept the parameters of MPO identical to the default parameters in the TonicRL library,
except for minor changes regarding parallelization and batch sizes. The DEP parameters for DEP-RL
in the reaching tasks were kept identical to the previous paragraph, while we heuristically chose the
integration parameters. We, therefore, had 1 set of values for all arm-reaching tasks in the entire
study. The DEP and the integration parameters for ostrich-run were optimized for performance, we
kept them identical for ostrich-foraging.

Baselines The additional baselines for humanreacher and ostrich-run, see Suppl. C.4, were tuned
individually for each task to maximize performance. TD4 is used with identical parameters to (Barbera
et al., 2021). The values are detailed in Table 6.
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Figure 10: Ablation experiments for DEP-RL. The stoch-force-variant (bold) was used for all
experiments in the main part. All ablations were trained for 5 x 107 iterations and averaged over 10
random seeds.

C ADDITIONAL EXPERIMENTS

C.1 STATE-COVERAGE

We show additional visualizations of the trajectories generated by different noise processes on
torquearm and arm?26 in Fig. 11 and Fig. 12 respectively.

—— White = Pink == Red — OU ——
DEP

White Pink Red

0.6

2 actions
hand-y

0.4 A

0.2 A

state coverage
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hand-y
-~
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# of actions

hand-x hand-x hand-x hand-x

Figure 11: Only DEP reaches adequate state-space coverage for all considered action spaces
in torquearm. Hand trajectories collected during 50 episodes of 1000 iterations (A¢ = 10 ms) of
pure exploration with different noise strategies. Left: Hand trajectories for the original action space
a € R? (top) and expanded action space a € R’ (bottom). Right: Endeffector-space coverage.

C.2 ABLATIONS

We experiment with several implementations of DEP-RL and show cumulative and maximum
performances for a selection of them in Fig. 10. The ablations are:

init DEP is only used for initial unsupervised exploration. The collected data is used to pre-fill the
replay buffer. This component is active in all other ablations.

avg DEP actions and policy actions are combined in a weighted average. The DEP weight is much
smaller than the policy weight.

det DEP and the policy control the system in alternation. They are deterministically switched s.t.
DEP acts for Hpgp iterations and the RL policy for Hpy, iterations. The current state is used to train
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Figure 12: Only DEP reaches adequate state coverage for all considered action spaces in arm26.
Hand trajectories collected during 50 episodes of 1000 iterations (At = 10 ms) of pure exploration
with different noise strategies. Left: Hand trajectories for the original action space a € RS (top) and
expanded action space a € R%% (bottom). Right: endeffector-space coverage.

and adapt the DEP agent, even if the RL action is used for the environment. DEP actions are also
added to the replay buffer of the RL agent.

stoch Identical to the previous ablation, but the alternation is stochastic s.t. there is a probablitiy
Pswitch that DEP takes over for Hpgp iterations.

We additionally introduce force-variants of all these ablations where the state input of DEP is not
only composed of the muscle lengths, but also the forces acting on the muscles. We observed that
this causes DEP to seek out states that produce more force variations, which are generally interesting
for locomotion. Lengths and forces are normalized from recorded data and then added together with
a certain weighting, in order to not change the number of input dimensions of DEP.

Lastly, we show the performance for a noback-variant, where DEP is not learning in the background
while the RL agent is taking over control. Even though the init-variant achieves a fast gait for
locomotion, we chose the stoch-force-variant for all the results in the main section, as it achieves
good performance on all tasks. All ablations were averaged over ten random seeds.

C.3 ACTION CORRELATION MATRIX

We recorded action patterns generated from different noise strategies applied to ostrich-run. Even
though we only recorded 50 s of data, and DEP was learning from scratch, strong correlations and
anti-correlations across muscle groups can be observed in Fig. 13. We deactivate episode terminations
in order to observe the full bandwidth of motion generated by DEP. For this particular task, the ostrich
was lying on the ground while moving the legs back and forth in an alternating pattern. Uniform,
colored and OU noise are unable to produce significant correlations across actions.

C.4 ADDITIONAL BASELINES

We combine MPO with colored (5-MPO) and OU-noise (OU-MPO) by summing them to the action
computed by the baseline MPO policy. We then apply these new algorithms to humanreacher
and ostrich-run, as they constitute challenging reaching and locomotion tasks. We also tested an
implementation of DEP-TD4 on ostrich-run. The base agents were identical for all baselines, while
the OU and the colored noise were optimized to achieve the best performance, see Suppl. B.6. It can
be seen in Fig. 14 (left) that DEP-MPO achieves the largest returns in ostrich-run, while OU-MPO
intermittently outperforms vanilla MPO. Similarly, OU-MPO and 5-MPO perform better than MPO
in the humanreacher task, as seen in Fig. 14 (right), but DEP-MPO achieves the best performance.

C.5 OSTRICH GAIT VISUALIZATION

We show the achieved foot movements and footstep patterns of the ostrich for the different algorithms
in Fig. 15. The leg deviation is strongest for DEP-MPO, while it also achieves the most regular
foot pattern. This suggests that DEP improves exploration, as it allows for policies that utilize the
embodiment of the agent to a greater extent, while also achieving larger running velocities. MPO
manages less leg extension, while the TD4 gait is irregular and asymmetric. The step lengths of
~ 1m achieved by DEP-MPO are also quite close to real ostriches (Rubenson et al., 2004), while
MPO and TD4 only achieve small step lengths of ~ 0.5m and ~ 0.3m respectively. We provide
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Figure 13: Action correlation matrix for different exploration strategies. We recorded 50 s
of data (1000 transitions) from ostrich-run and computed the correlation matrix from the action
trajectories. Note that even though DEP was initialized with C;; = 0, strong correlation and anti-
correlation patterns can be observed for antagonistically opposed muscle groups. Colored and OU
noise do not exhibit strong correlations across actions, as they are designed to produce temporally

correlated signals.
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Figure 14: Left: Additional baselines for ostrich-run. We provide OU and -MPO agents by
summing them to the action computed by MPO as with regular exploration noise. Right: Identical
baselines for humanreacher. OU and colored noise processes were optimized for the present tasks,
while the base MPO agent was identical for all experiments in this figure.
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Figure 15: DEP-MPO achieves the most widespread and symmetric gait. Left: The relative
sagital foot position w.r.t. the torso visualizes the leg extension during locomotion. DEP-MPO creates
a symmetric gait with ~ 1m step length. For MPO the step length is much shorter. TD4 has a
completely shifted gait, the left foot is often in front of the right foot. Right: Foot contact pattern
for all gaits. The shaded areas mark the time during which the respective foot (LF: left foot or RF:
right foot) is in contact with the ground. Visualized are the last 5 seconds of an evaluation episode to
ensure a converged pattern.
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Figure 16: Foot gait patterns for ostrich-run during the final 5 s of an episode. While DEP-MPO
portrays a slight asymmetry in the z-direction, MPO and TD4 are noticeably less symmetric.

additional visualizations of the relative z and z trajectories of the feet during locomotion for each
algorithm in Fig. 16.

C.6 ADDITIONAL EVALUATION WITH DENSE AND SPARSE REWARDS IN LARGE VIRTUAL
ACTION SPACES

We present in Fig. 17 the results for experiments with virtual action spaces, as shown in Fig. 3,
but here in addition with HER and for the case of sparse and dense rewards. For dense rewards
(top), an increasing number of actions requires more environment steps for vanilla MPO to solve
the task, while the performance collapses for 600 actions. DEP-MPO reaches good performance for
each considered action space. MPO performs similarly in the sparse task, albeit a larger variation
across runs can be observed. While HER elicits faster learning, it still requires significantly more
environment steps for 6 and 120 actions than DEP-MPO and does not achieve good performance for
600 actions. DEP-MPO and HER-DEP-MPO quickly solve all tasks.

C.7 DESCRIPTION OF A ONE-DIMENSIONAL SYSTEM

In this section, we give an outline of how DEP works in a theoretical scenario. We will first describe
a simplified DEP rule and detail how its dynamics might excite the mountain car system (Moore,
1990) to cover the state. We will then apply the simplified rule on the mountain car environment and
present the results, see Fig. 19.

Mountain car The original DEP controller is described by:
a; = tanh(Csy + hy), (15)

with the state s; € R"”, a time-dependent bias h; € R™, the action a; € R™ and the learned control
matrix C' € R™*™. The update rule is now defined as:

7C = f(31)s._1 — C, (16)
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Figure 17: DEP-MPO outperforms MPO in sparse and dense reward point-reaching for arm26
with all virtual action spaces. Top: Learning performance for dense rewards. DEP-MPO strongly
outperforms MPO, no significant movement learning could be detected for MPO with 600 actions.
Bottom: Success rates for sparse reward reaching. While HER seems to increase the performance of
the MPO baseline in most cases, the success rate only increases marginally for 600 actions, even after
almost 1.5 x 107 steps. DEP-MPO solves all tasks with or without the addition of HER.

where f(-) : R™ — R™ is an inverse model, relating future changes in the state to the change in
action that caused them. First, we state the assumptions for this section:

We do not consider the normalization scheme for C.

We choose f($;) = $:

A bias is not considered h; = 0

The nonlinearity is approximated by the first term of a Taylor expansion tanh(x) ~ z.

A e

We consider C' to instantaneously fulfill the update rule, without considering update dynam-
ics.

Combining all the assumptions, we obtain:
C =48] ;. (17)
We will now consider a simple system with 1 sensor: the continuous action mountain car.

The original environment defines the RL state s = (zy, ;). From this we extract the sensor
information for DEP s; = x4, with s € R. In this 1-sensor formulation, the velocity correlation
matrix in Eq. 17 is a scalar, as there is only 1 sensor. Consequently, also the C' matrix is scalar. The
resulting control equation is:

ay = CSt = ‘étét,y‘)’t. (18)

Let us assume an initial state of the car slightly to the right side of the valley, as in Fig. 18, with a
positive initial velocity. States s > 0 are positions to the right of the valley bottom, while s < 0 to
the left. The initial velocity will cause the car to move up the mountain. After some time, the velocity
correlation will be $;$;_1 > 0 with s > 0, leading to C's; = a; > 0. Logically, the car then starts
pushing to the right, reinforcing the movement pattern and trying to increase its velocity. However,
the task is set up such that the force is insufficient to directly go up the mountain. It will thus change
the movement direction at some point and reverse due to gravity.

After changing direction, $;5;_; will reverse sign as the previous velocity still points to the right,
while the current velocity points to the left. Thus, $;$;_1 < 0 with s > 0, and C's; = a; < 0. The
car will consequently try to push into the negative direction, accelerating downwards. If the past
sensor derivative $;_; is defined as only one time step away, this trend will immediately reverse and
the car will decelerate.

If, however, §; is chosen to be not one time step apart from $;_1, but At € N steps, then it will take
several time steps until the sign reversal of $,5;_ A, happens. In this intermittent regime, 5;5;_a; < 0
with s > 0, and C's; = a; < 0, pushing the car to the left, until the velocity correlation changes sign
again.
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Figure 18: Continuous-action mountain car environment. To solve the task, the car must be brought
to the top of the right hill. However, the motor is too weak for a direct approach. The solution involves
pushing the car from left to right and vice-versa with the correct frequency to gather momentum and
climb up the mountain.

If At is appropriately chosen, however, by the time the reversal happens, the car will have moved
into the negative state region s < 0. In this new region, $;$;—a¢ > 0 with s < 0, and C's; = a; < 0,
which pushes the car further to the left and up the mountain, until the phenomenon repeats.

We offer simulation results of the described dynamics in Fig. 19. For this simulated example, we
consider again the nonlinearity of tanh (Eq. 15), as it allows us to multiply C' by a large constant
and still satisfy the action limits of the environment. This is a necessary step as we omitted the
normalization scheme for C. We thus consider C' = tanh(k$;$;—a¢), with k> 1.

To demonstrate the influence of At, we plot the results for two examples (Fig. 19). For At = 27, the
system trajectory at time step ~ 95 shows a reversal point. Before this reversal point, the position s
is positive and so is the correlation $;$;—a¢, which leads to positive actions. Due to gravity and the
weak motor, however, the car starts to move into the opposite direction. As there was a velocity sign
change, we have 5;5,_a; < 0 while the position s, is still positive, which yields a negative action:
The car is accelerating downwards and builds up momentum, which, after a few repetitions, allows it
to explore the environment.

The values of At for this example were chosen to yield good visualization. We observe full exploration
of the mountain car system for At € {5, ..., 28}.

This might seem like an overly simplified example, but it shows how DEP can increase the variance in
a sensor value, even if a large number of actuators is associated to it. Empirical evidence additionally
demonstrates that in high-dimensional systems, if all other DEP components are considered, DEP
becomes less sensitive to the exact system dynamics and parameter specifications, generalizing easily
to muscle-driven systems with over 120 muscles. Note that as the mountain car task contains an
harmonic potential well, ubiquitous in many physical systems, the analysis might hold for a wide
range of models, even considering elastic muscles with nonlinear spring elements.

C.8 SENSITIVITY TO CHANGES IN Pgwitch

We performed an ablation study over the parameter psywitch, that controls the probability of switching
from the RL policy to the DEP controller. Figure 20 shows that the training averaged success rates
for DEP-MPO are much less sensitive to this hyperparameter for the humanreacher task than the
average returns for ostrich-run. We conjecture that locomotion is inherently more unstable and that
higher DEP probabilities cause the agent to fall down often, which hurts learning performance.
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Figure 19: A simplified DEP rule in the mountain car environment (Moore, 1990). The red line
marks the position threshold at which the task is solved. The black lines mark the zero point. Negative
values of $;$._ A; mark intermittent regimes where the controller output reverses, eventually bringing
the system into coherent motion. For At = 27, the reversal of $;$;_ A+ happens on a time scale that
is able to excite the system, while the setting At = 50 is not able to induce sufficient exploration.
The random actions are drawn from a standard Gaussian N'(0,1). We do not show the proposed
actions for the Gaussian to keep the figure readable. The position s for the setting At = 27 clearly
oscillates with larger and larger amplitudes over time, increasing the effective variance of the sensor
value. These two values of At were chosen to yield good visualizations, we observe full exploration
of the mountain car system for values At € {5, ..., 28}.
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Figure 20: textbfAblation over the DEP probability with DEP-MPO for two tasks. Left: Human-
reacher performance is overall robust for different settings of pswitch, While the benefit of DEP
disappears for very small values. Right: Ostrich-run is more sensitive to the parameter, as locomotion
is generally more unstable. Large DEP probabilities cause the agent to fall down very often. The
horizontal line marks the average MPO performance without DEP. All values are averaged over 5
seeds. Note the log-axis.
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Fig. 1: We achieve robust and energy-efficient natural walking with RL on a series of human models Left to right: H0918,
H1622, H2190, MyoLeg and an uneven terrain environment. Videos: https://sites.google.com/view/naturalwalkingrl

Abstract—Humans excel at robust bipedal walking in complex
natural environments. In each step, they adequately tune the
interaction of biomechanical muscle dynamics and neuronal
signals to be robust against uncertainties in ground conditions.
However, it is still not fully understood how the nervous system
resolves the musculoskeletal redundancy to solve the multi-
objective control problem considering stability, robustness, and
energy efficiency. In computer simulations, energy minimization
has been shown to be a successful optimization target, reproducing
natural walking with trajectory optimization or reflex-based
control methods. However, these methods focus on particular
motions at a time and the resulting controllers are limited
when compensating for perturbations. In robotics, reinforcement
learning (RL) methods recently achieved highly stable (and
efficient) locomotion on quadruped systems, but the generation
of human-like walking with bipedal biomechanical models has
required extensive use of expert data sets. This strong reliance
on demonstrations often results in brittle policies and limits the
application to new behaviors, especially considering the potential
variety of movements for high-dimensional musculoskeletal models
in 3D. Achieving natural locomotion with RL without sacrificing
its incredible robustness might pave the way for a novel approach
to studying human walking in complex natural environments.

Index Terms—biomechanics, motor control, reinforcement
learning, human walking
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[. INTRODUCTION

The aim of this study is to demonstrate that RL. methods
can generate robust controllers for musculoskeletal models.
The novelty of our work is that we do not try to achieve
human-like behavior with RL by relying on kinematic data, but
only on biologically plausible objectives in combination with
realistic biomechanical constraints embedded into simulation
engines. These evolutionary priors have the potential to be
general enough to allow for the reproduction of natural gait,
similar to the achievements of reflex control policies, but with
the potential for generating diverse and robust behaviors under
many different conditions.

We specifically propose a reward function restricted to
metrics that are considered plausible objectives for biological
organisms, while using experimental human data only to modify
the relative importance of the different metrics, similar to
[1]-[3]. This goes beyond previous works applying RL to
biomechanical models which either study low-dimensional
systems [4], make use of expert data [5] during training or
learn unrealistic movements [6], [7]. We propose a reward
function based only on walking speed, joint pain, and muscle
effort, achieving periodic gaits that resemble human walking
kinematics and ground reaction forces (GRF) closer than
comparable RL approaches [8]-[11]. Furthermore, the learning
approach generated walking in 4 different models and 2
simulation engines of differing biomechanical complexity
and accuracy with an identical training protocol and without
changing the reward function.

The simpler 2D and 3D models are comparable in complexity
and almost reach the naturalism of existing optimal control- and
reflex-based frameworks [12]-[14]. While their 80 or 90 muscle
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counterparts are substantially more challenging to control, our
approach still achieved gaits with kinematics and GRFs similar
to experimental human data, albeit with more artifacts, poten-
tially related to biomechanical modeling accuracy. Achieving
gaits in these complex models is a step towards applications in
rehabilitation, neuroscience, and computer graphics requiring
high-dimensional models in complex environments. Striking
is the robustness of the learned controllers exhibiting diverse
stabilization strategies when faced with dynamic perturbations
to an extent unseen in previous reflex-based controllers [12],
[15]-[18]. As the used reward terms are considered plausible
objectives for biological organisms, the general approach may
also be applicable to different movements. Therefore, we
believe that this approach is a useful starting point for the
community showing that RL is a viable candidate to investigate
the highly robust nature of complex human movements.

II. RESULTS

Our framework is built upon the recently published DEP-
RL [7] approach to learning feedback controllers for muscu-
loskeletal systems. DEP-RL has been shown to achieve robust
locomotion in several tasks, including running with a high-
dimensional (120 muscles) bipedal ostrich model, by proposing
a novel exploration scheme for overactuated systems. The
learned behaviors, however, still exhibited unnatural artifacts,
such as large co-contraction levels and excessive bending of
several joints.

Here, we extend that work by introducing an adaptive reward
function that accounts for biologically plausible incentives.
These incentives result in gaits that resembling human walking
much closer. Furthermore, the reward function is general
enough to generate gaits across several models with up to
90 muscles in two and three dimensions and in simulators of
differing biomechanical modeling accuracy without changes in
the weighting of the incentives in the reward function. Only the
network size was decreased for the low-dimensional models
to benefit from the computational speed up.

A. Reward function

Building on previous work on gait optimization [14], we
found that a natural gait can be achieved with RL by using
objectives that incentivize:

1) learning to maintain a given speed without falling down,

2) minimizing effort, and

3) minimizing pain.

Thus, our reward function contains three main terms:
()

The first term specifies the external task the agent should solve.
As we want the agent to move at a walking pace while keeping
its balance, we chose the following objective:

2
e _ _
Pool = { Xp [ (?) Utarget) ]

T = Tvel — Ceffort — Cpain-

ifv < Utarget (2)
1 otherwise,

where v is the center-of-mass velocity and the target velocity

Vtarget 18 chosen to be 1.2, which is close to the average

energetically optimal human walking speed [19]. The velocity
reward is constant above the target velocity to improve the
optimization of the auxiliary cost terms, inspired by a recent
study on reward shaping in robotics [20].

Important for achieving natural human walking is the use
of minimal muscle effort, as the literature suggests that energy
efficiency is a key component of human locomotion [21], [22]:

3)

where the first term penalizes muscle activity a [23], the second
term incentivizes smoothness of muscle excitations u, and the
third term NV,ctive incentivizes a small number of active muscles
(penalizing activity exceeding a certain value).

From a technical standpoint, it proved challenging to
effectively minimize muscle activity. Using a strong cost scale
that leads to energy-efficient walking later in training, causes
a performance collapse when enabled from the start. We,
therefore, chose an approach rooted in constrained optimization
[24]. We propose an adaptation mechanism for the weighting
parameter «(t), increasing the weight only when the agent
performs well in the main task (1) and decreasing it when this
constraint is violated. Concretely, we measure the performance
by the task return. The details are provided in Alg. 1, we
marked the constrained optimization in blue.

This adaptive learning mechanism can be applied to each
model and removes the need for hand-tuning of schedules. A
change in reward function over time could, however, destabilize
learning, as previously collected environment transitions are
not reflective of the current effort cost anymore [25]. We,
therefore, monitor the performance of the policy in the current
environment, while the effort cost is only applied the moment
when data is sampled from the replay buffer. This relabeling of
previously collected data ensures that our off-policy algorithm
can make efficient use of the full replay buffer.

Ceffort = Oé(t) Cl3 + wy (u - uprcv)2 + wa Nactivo

Algorithm 1 Effort weight adaptation.

Require: threshold 6, smoothing /3, change in adaptation rate
Aa, decay term A € [0, 1]
Tmean < 0, @ < 0, Smean < 0
while True do
7 < train_episode()
Tmean < 6rmean + (1 - 6) r
if 7 hean > 0 and Spcan < 0.5 then
Aa +— X Aa > performance newly high
> slow down adaptation
else if 7 ,can > 0 and s can > 0.5 then
a1 — ap + Aa > performance high for long

> return from episode

else
a1 — ap — Aa > performance too low
end if
1 if TIIIQ‘:}II > 9
Ctarget —

0 otherwise

Cmean — chean + (1 - B) Ctarget
end while

The third term cpain is necessary to prevent unnatural optima.
One striking example is the over-use of mechanical forces of
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TABLE I: All used models. Trunk means that the trunk and
the pelvis of the model can move separately. Toes means that
the toes and the rest of the foot can move separately. The
designation 3D marks models that can walk in full 3D, as
opposed to planar movements.

Model # DOFs # muscles 3D  trunk toes engine
H0918 9 18 X X X Hyfydy
H1622 16 22 v X X Hyfydy
H2190 21 90 4 v X Hyfydy
MyoLeg 20 80 v X v MulJoCo

the joint limits (e.g. massive knee over-extension) to keep a
straight leg while minimizing muscle activity. As this is clearly
unnatural behavior, we include objectives that account for the
notion of pain:

lim GRF
Cpain = W3 § T; + wy § Fj 5
j
lim

where 7;'™ is the torque with which the joint angle limit of
joint i is violated (joint-limit pain) and F*R is the vertical
ground reaction force (GRF) for foot j (joint-loading pain).
We only penalize GRFs if they exceed 1.2 times the model’s
body weight [26], [27], such that all pain cost terms vanish
close to the natural gait and do not further bias the solution.

We tuned the cost term weights w; for ¢ € {1,...,4} by
first separating the kinematic data into gait cycles for each
leg, starting and ending when the respective foot touches the
ground. The resulting data is then averaged over all gait cycles
recorded from both legs. The average trajectory is finally
compared to its equivalent obtained from experimental human
data. The experimental match, defined as the fraction of the
gait cycle for which the average simulated trajectory overlaps
within the standard deviation of experimental data, serves as
an optimization metric for our cost terms. We note that the
coefficients are identical across all joints and muscles, and stress
that no human data was used during the learning process, but
only to find weighting coefficients. This procedure is similar
to [1], with the difference that we search for values that work
across a range of models, instead of optimally for one model.

Finally, we initialize the models with a randomized initial
state that starts with one elevated leg, while we also clip all
muscle excitations to lie between 0 and 0.5 to further reduce
muscle effort and mitigate asymmetries caused by the initial
state distribution.

“

B. Models

With the reward function and the RL approach described
above, we are able to learn robust control policies for several
models of human walking, with varying complexity, and
across two different simulation engines with different levels of
biomechanical accuracy (see Fig. 1):

HO0918 A planar Hyfydy model with 9 degrees-of-freedom
(DOFs) and 18 muscles, based on [28].

H1622 A 3D Hyfydy model with 16 DOFs and 22 muscles,
based on [28].

H2190 A 3D Hyfydy model with 21 DOFs and 90 muscles,
and articulation between the otherwise rigid pelvis and torso,
based on [28]-[30].

MyoLeg A 3D MuJoCo model with 20 DOFs and 80
muscles, based on [29]. As for the H0918 and HI1622 models,
the pelvis and torso are one rigid body part, while each foot
contains articulated toes (all five toes are joined into one body
segment). See Tab. I for a summary of the models.

C. Simulation engine

The simulation engines used for each model are indicated
in the description and are either: a) Hyfydy [31], which was
used via the SCONE Python API [27], or b) MuJoCo, which
was used via the MyoSuite [32] environment. We chose these
two engines, to highlight the versatility of our approach but
also to bridge two communities: biomechanics and RL.

Hyfydy is an engine built for biomechanical accuracy. It is
closely related to the well-established OpenSim [33] framework,
matching its level of detail in muscle and deformation-based
contact-force models while providing increased computational
performance. MuJoCo is a fast simulation framework widely
used in the robotics and RL community. It also offers a
simplified muscle model with rigid tendons and resolves contact
forces using the convex Gauss Principle. The MyoSuite [32]
builds on this framework, allowing for the development of
high-dimensional muscle-control models which have recently
gained a lot of interest from the RL community [11], [34],
[35]. Both engines achieve the required computational speed
to train control policies for these high-dimensional models in
under a day. See Suppl. A for more technical details.

D. Learned behaviors

We first show that with our framework, we can train agents
across 4 different models to produce walking gaits with the
same training approach and reward function. In Figure 2 we
compare the resulting gait kinematics against experimental data,
included in the SCONE software [27], [36]. Kinematics are
shown for 5 rollouts of the most human-like policy checkpoint
that was achieved over the entire training run over 10 random
seeds, averaged over all gait cycles of both legs in a 10 s walk!.

The results for the planar H0918 and the 3D H1622 model
look very similar to the experimental data, even though the an-
kle kinematics differ slightly. While the agents achieve the most
human-like gaits here, the models are also of limited complexity
and applicability, compared to the high-dimensional systems,
H2190 and MyoLeg. As seen in Tab. II and Fig. 2, our approach
still achieves periodic gaits resembling human kinematics with
the difficult-to-control 80 and 90 muscle models, even though
they contain more artifacts. The H27/90-agent exhibits less
knee flexion and the MyoLeg-agent lacks the double-peaked
GREF structure; it also exhibits differences in the hip kinematics.
Overall, the behavior of the H2190 model appears more natural
than the one produced with the MyoLeg model, see also the
discussion in Sec. IIT and the supplementary videos.

Nevertheless, Tab. II shows that RL gaits not only approxi-
mate human walking but are also robust and energy-efficient
across all models, without changes in the reward function and
only minimal changes in the hyperparameters of the RL method.

IFor videos, see: https:/sites.google.com/view/naturalwalkingrl
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Fig. 2: Gait kinematics for RL agents for all models Shown are the hip, knee, ankle and GRF values averaged over 5
rollouts of 10 s walking on flat ground. We excluded rollouts that did not achieve the whole episode length to clearly highlight
the achieved kinematics. While there are slight discrepancies between experimental data (grey) and the RL behaviors (red),
especially for the high-dimensional models, the proposed reward function provides a strong starting point for researchers aiming
to create robust and natural controllers for high-dimensional musculoskeletal systems. Also, see the videos on the website.

We provide the training curves and additional metrics for 10
random seeds in Suppl. B.

In order to probe the robustness of our controllers, we
perform roll-outs on uneven terrain, which was not seen during
training. The entire training procedure was performed with flat
ground. The generated terrain contains 10 tiles of 1 m length
with random slopes of +5° and is fixed for all evaluations.
The behavior of the planar H0918-model is compared against
a popular reflex-based controller as an illustrative example,
adapted from [12], [27] and included with the SCONE software.
We were only able to use this simple reflex-based controller
with the H0918 model, as it did not produce stable gaits with
the other models. We train 5 reflex-based controllers with
different initializations until convergence, while we use the
most natural RL policy for each model and perform 20 roll-
outs with randomized initial states to test the robustness. We
chose this approach as reflex-based controllers are sensitive to
the initial simulation state; different roll-outs would be almost
identical if we would have to use similar starting states.

While both approaches adequately match human kinematics
with low energy consumption in the planar case, the reflex-
based controller produces more natural gaits. However, when
exposed to uneven terrain, the RL agent achieves an average
distance of 10.42 m, which shows that it is much more robust

than the reflex controller with an average distance of 2.46 m,
see Tab. II. Both controllers also induce similar average muscle
activities over the gait cycle, with the RL agent inducing less
smooth activity, shown in Fig. 3.

With the same framework, we were also able to train
agents to learn maximum speed running, by simply using
the achieved velocity as the velocity reward in our reward
function. Additionally, the action clipping and effort costs
were omitted, as energy consumption is less critical for short
maximum performance tasks. See Suppl. C for these results.

As a showcase of the extreme robustness of the RL agents,
we generated a difficult drawbridge-terrain task with moveable
environment elements that present dynamic perturbations, see
Fig. 6b. We test the robustness of H1622 and H2190 RL
controllers in this scenario, even though they were only ever
trained on flat ground, and observe remarkable stability across
the task. We report the data in Tab. III and in the videos.

Note that we tried several alternatives to our approach which
yielded worse results. We performed experiments with different
reward terms such as a constant instead of an adaptive effort
term, with metabolic energy costs [8] or with a cost of transport
[37], [38] reward. Even though these terms sometimes lead to
small muscle activity during execution, the kinematics were
further away from human data. We conjecture that energy
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TABLE II: The table shows the average cubic muscle activ-
ity (effort), the percentage match with human experimental
data (exp. match), and the average distance walked on the rough
terrain. Note that the exp. match metric measures the percentage
of the gait cycle during which the trajectory perfectly lies inside
the standard deviation of the experimental data. Even relatively
natural gaits can still achieve a low metric if the angles are
slightly shifted.

controller system avg. effort experimental  avg. dis-
match tance [m]
reflex HO0918 0.041 £3 x 1073 0.68 £0.08 2.46 +0.98
RL HO0918 0.013 £3 x 10~*  0.674+0.03 10.4240.94
RL H1622 0.015 £2 x 1073 0.7340.01 5.6 £0.99
RL H2190 0.017 £1 x 107°  0.504+0.01  10.59 &+ 2.51
RL  MyoLeg 0.013 +2x 10~* 0.43£0.05 n.a.

minimization is not enough of an incentive for human-like gait
if the learning algorithm is as flexible as an RL agent. See
also Fig. 8 for ablations of our reward function.

Larger effort term exponents, penalization of contacts
between limbs or angle-based joint limit violation costs did
not lead to better behavior. The prescription of hip movement
at a certain frequency (step clock), keeping certain joint angles
in pre-specified positions or minimizing torso rotation helped
to achieve stable gaits, but prevented effort minimization and
did not lead to natural kinematics.

III. DISCUSSION

As the human biomechanical system is highly redundant,
there are many possible solutions to walking at a defined
speed. There exists strong evidence that natural human walking
is in part driven by energy-efficiency [39]. Optimal control
approaches have shown that natural walking kinematics can
be achieved if energy optimality is considered in the cost
function.?

However, in most RL approaches, energy consumption is
either ignored, or only static action regularization is used, which
affects learning but does not yield truly efficient behavior. By
introducing a single reward term schedule that adapts the
weighting of the energy term in the reward function depending
on the current performance, we achieved energy-efficient
gaits with more natural kinematics also in RL. Moreover,
the adaptation algorithm (Alg. 1) and all other reward terms
and their weighting coefficients are general enough to work—
without any changes—across 2D and 3D models with different
numbers of muscles and even different levels of biomechanical
modeling accuracy.

This is a significant step towards finding a general reward
function and framework to generate natural and robust move-
ments with RL in muscle-driven systems. Other RL frameworks
that do achieve natural muscle utilization either consider low-
dimensional systems [9] or strongly rely on motion capture
data [41] to render the learning problem feasible. Our approach
works without the use of motion capture data during training

2Some also suggest that muscle fatigue could be the driving factor to explain
the experimentally observed kinematic patterns [40].
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Fig. 3: Muscle activation for RL agent and reflex-based
controller. We compare muscle activities for two controller
types for natural walking with the H0918 model. The activity
for the RL agent has been clipped to 0.5. We use 5 roll-outs
of the most natural RL policy and 5 reflex-based controllers
that were optimized until convergence. The initial state for the
RL agent is randomized, which would cause collapse with the
reflex controllers, as they are sensitive to the initial state.

and with few and very general reward terms and therefore may
generalize better to other movements.

In our opinion, the only comparable work is by Weng et
al. [4]. They achieved human-level kinematics on a planar
human model with 18 muscles, by crafting a multi-stage
learning curriculum affecting the weighting of seven reward
terms. As this learning curriculum contains model-specific
reward terms and adaptation procedures, we speculate that it
would have to be hand-tuned for different models.

While our approach achieved higher robustness than reflex-
based controllers and kinematics closer to natural walking than
previous demonstration-free RL approaches, several discrepan-
cies to natural walking remain, see Fig. 2 and supplementary
videos. The low-dimensional models (H0918 and HI1622) in
general do not present proper ankle rolling, while the high-
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Fig. 4: Torso oscillations during walking. We show the torso
angle with the vertical axis for 5 rollouts of 10 s for the H2190-
and the MyoLeg-models. The MyoLeg presents stronger lateral
oscillations. The dashed line shows a straight torso posture.

dimensional models (H2/90 and MyoLeg) exhibit less passive
leg-swing in the swing phase of the gait.

The behavior of the MyoLeg model deviates stronger from
human data than the H2790, although they are similar in terms
of complexity. This is most prominent in the ankle kinematics
and the lack of double-peak structure in the GRFs in the
MyoLeg model. We also observed a tendency for unnatural
lateral torso oscillations with the MyoLeg model, see Fig. 4
and the videos.

These differences in behaviors could be related to the model
parametrization, as the MyoLeg uses a different muscle geom-
etry from H2790 and includes mesh-based contact dynamics,
which might increase learning difficulty. Alternatively, the more
elaborate biomechanical features in Hyfydy, such as elastic
tendons [42], non-linear foot-ground contact mechanics [43],
variable pennation angles [44] or error-controlled integration,
could account for the increased realism of the behaviors with
the Hyfydy models. See Suppl. A for more details on the
simulation engines.

Research on the contribution of biomechanical structures
to the emergence of natural movement [45]-[48] suggest that,
in addition to the learning method and reward function, the
biomechanical structures and modeling choices may play a
crucial role in the accurate reproduction of human gait. This
seems a plausible explanation for the increased realism in
the Hyfydy models, as previous observations in predictive
simulations suggest that e.g. an elastic tendon is beneficial for
natural gait [8], [12], [14]. We regard this as one interesting
area of future research, which could help us better understand
the fundamentals of the interaction between biomechanics and
neuronal control in human locomotion.

In conclusion, we achieved highly robust walking approach-
ing human-like kinematics and ground reaction forces. While a
better degree of accuracy was achieved in simpler models, we
provide first promising results for difficult-to-control 80 and 90
muscle models which are of high interest for applications in
rehabilitation, neuroscience, and computer graphics. Learning

with the proposed reward function and RL framework allows for
these results across several models of differing complexity and
biomechanical modeling accuracy with only minimal changes
in the hyperparameters of the method. We hope that this inspires
researchers from both the biomechanics and the RL community
to further improve on our approach and to develop tools to
unravel the fundamentals of the generation of complex, robust,
and energy-efficient human movement.
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APPENDIX
A. Simulation Engines

The Hyfydy and MuJoCo simulation engines differ in these
key areas:

Musculotendon dynamics The muscle model in Hyfydy is
based on Millard at el. [49] and includes elastic tendons, muscle
pennation, and muscle fiber damping. The MuJoCo muscle
model is based on a simplified Hill-type model, parameterized
to match existing OpenSim models [32], and supports only
rigid tendons and does not include variable pennation angles.

Contact forces Hyfydy uses the Hunt-Crossly [SO] contact
model with non-linear damping to generate contact forces, with
a friction cone based on dynamic, static, and viscous friction
coefficients [51]. MuJoCo contacts are rigid, with a friction
pyramid instead of a cone, and without separate coefficients
for dynamic and viscous friction.

Contact geometry The MuJoCo model uses a convex
mesh for foot geometry, while in the Hyfydy models the foot
geometry is approximated using three contact spheres.

Integration step size Hyfydy uses an error-controlled
integrator with variable step size, while MuJoCo uses a fixed
step size and no error control. The average simulation step size
in Hyfydy is around 0.00014s (7000 Hz) for the H2190 model,
compared to the fixed MyoSuite step size of 0.001s (1000 Hz)
for the MyoLeg model.

B. Training Curves

Here we present more detailed results about the training
evolution in Fig. 5. We plot the experimental match percentage
between the collected gait-cycle averaged data and experimental
human data, the muscle-averaged effort, the training returns,
and the weight that the effort-reward term has over training.
This weight is adapted over time and depends on the agent’s
performance. It increases slower for the complex models and
saturates at smaller values. It can also be seen that the returns
for the MyoLeg are generally smaller than for the other models.
We observed that there was more variance over training and
over different seeds for the MyoLeg-agent, leading to much
smaller averaged returns. It was still possible to find a training
checkpoint that achieved robust, close-to human-like walking
for this model.

C. Running

We performed maximum-speed running experiments with
every model. While most reward terms remained identical to
the natural walking case, we replace the external task reward
by the velocity of the center of mass 7y, = v and removed
energetic constraints such as the muscle excitation clipping
and the effort cost term. The gait-cycle- and leg-averaged
kinematics are shown in Fig. C. As this task is a maximum
performance movement, we have equalized the forces between
the Hyfydy- and MuJoCo-based models, as the Hyfydy-models
in the main experiments are generally based on experimental
data with weaker maximum isometric muscle forces [28]. Note
that we added a negative reward for self-collision forces for
the running tasks, as the agents would often cross their legs
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Fig. 5: Training curves for the walking task. We present the
evolution of the match with experimental data (exp. match),
the averaged muscle activity, the task performance, and the
effort cost weight. The cost weight increases more slowly for
the more complex models, showing its adaptive nature.

TABLE III: Maximum running velocity for different models,
expressed in s and total achieved distance in the rough terrain
environment. We only show the maximum speed over 20 roll-
outs for each model to show the largest velocity that we were
able to achieve. For the rough terrain, we also record 20 roll-
outs for each agent. We do not perform this experiment for the
H0918 model, as the 3D nature of the terrain is not applicable
to it, and we do not apply it to the MyoLeg model, as the
terrain has not been implemented in the MuJoCo simulator.

system HO0918 H1622 H2190 MyoLeg
max. velocity 5.38 5.04 6.49 5.44
achieved distance n.a. 9.87+£4.27 10.45+£4.77 n.a.

and hit them against each other, thereby hopping instead of
running.

Even though there remains a stronger discrepancy between
the produced kinematics and the experimental data than for
walking, the hip movement and GRFs are generally well aligned
for the Hyfydy-models. The MyoLeg-model presents very
strong lateral torso oscillations during running, see also Fig. 6a.
In future work, biological objectives such as head stabilization
or the inclusion of arms in the model might minimize some of
these artifacts. See Tab. III for the maximum running velocities
for each model.

We also performed robustness experiments on a challenging
obstacle course, see Fig. 6b and supplementary videos.
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the MyoLeg models. The MyoLeg presents strong lateral oscillations.The tiles of the bridge rotate around the central axis and hang

The dashed line shows a straight torso posture. downwards, similar to a drawbridge. The agents were trained on flat
ground and only have access to proprioceptive feedback.

Fig. 6: Torso oscillations for running and dynamic perturbation environment.
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Fig. 7: Gait-cycle kinematics for running. The experimental data shows human subjects running at 5 ms and was extracted
from [52].
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D. Reward function ablation

We perform ablations on our reward, see Fig. 8. Throughout
all considered variations, only the full reward functions leads
to gaits resembling human kinematics with low muscle activity
across all models.

E. Hyperparameters

Used hyperparameter settings for the RL agent, DEP and the
cost function are shown in Tab. IV. Non-reported RL values
are left to their default setting in TonicRL [53]. See [7] for
an explanation of the DEP-specific terms. The RL parameters
were held constant, except for an increase in network capacity
for H2190 and MyolLeg.

10
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Fig. 8: Cost function ablations. We show several ablations of our cost function and plot the average match with experimental
human data, as detailed in the main paper, as well as the average muscle activity. A natural gait is generally characterized by a
large experimental match as well as minimal muscle activity. Different ablations are shown: The adaptive effort term is zero
(a(t) = 0): no-adapt. The entire effort cost term is zero (cetort = 0) and we deactivate the action clipping: no-effort. We only
reward with the velocity reward term (Ceffort = 0 & Cpain = 0): only-vel. Only the combined cost function achieves a close
resemblance to natural gait with low muscle activity. Leaving out the pain-related costs leads to the worst gait trajectories,
while a combination of the effort cost terms and the adaptive cost term is needed to achieve the lowest muscle activity.

TABLE IV: Hyperparameters for all algorithms.

(a) DEP settings. (b) MPO settings

Parameter Value Parameter Value
DEP K 1200 buffer size le6
T 40 batch size 256
buffer size 200 steps before batches 2e5
bias rate 0.002 steps between batches 1000
sdavg 2 number of batches 30
time dist (At) 5 n-step return 1
N - 4 n parallel 20
integration  Pswitch 3.71 x 10 n sequential 10
HDEP_ 8 hidden layers 2
test episode 3 hidden sizes 256
force scale n.a. Iractor 3 % 10—4
Ireritic 3x 1074
Irqual 1x 1072

(c) MPO setting changes for H2190 and MyoLeg. (d) Cost function settings.

Parameter Value Parameter  Value Meaning
hidden sizes 1024 w1 0.097 action smoothing
Iractor 3.53 x 1075 w2 1.579 number of active muscles above 15% activity
Ircritic 6.08 x 107 w3 0.131 joint limit torque
Irqual 2.13 x 103 w4 0.073 GRFs above 1.2 BW
Ao 9 x 10~*  change in adaptation rate
0 1000 performance threshold
B 0.8 running avg. smoothing
A 0.9 decay term
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Abstract: Humans are able to outperform robots in terms of robustness, versatility,
and learning of new tasks in a wide variety of movements. We hypothesize that
highly nonlinear muscle dynamics play a large role in providing inherent stability,
which is favorable to learning. While recent advances have been made in applying
modern learning techniques to muscle-actuated systems both in simulation as
well as in robotics, so far, no detailed analysis has been performed to show the
benefits of muscles when learning from scratch. Our study closes this gap and
showcases the potential of muscle actuators for core robotics challenges in terms
of data-efficiency, hyperparameter sensitivity, and robustness 2.

Keywords: reinforcement learning, model predictive control, actuator morphology
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Figure 1: Key differences between torque actuator morphology and muscle actuator morphology.

1 Introduction

Recent developments in new learning methods allow the generation of complex anthropomorphic
motions such as grasping, jumping or hopping in robotics. However, current systems still struggle
with real-world scenarios beyond the narrow conditions of laboratory experiments. Humans, on the
other hand, are capable of quickly adapting to uncertain, complex, and changing environments in a
sheer endless variety of tasks. One key difference between biological and robotic systems lies in their
actuator morphology: robotic drives are mostly designed to yield a linear relation between control
signal and output torque. In contrast, muscles have complex nonlinear characteristics.

It has already been demonstrated, that muscular nonlinearities may provide a benefit for stability and
robustness, especially under environmental uncertainties or perturbations [1, 2, 3]. A benefit over
linear torque actuator morphology has been observed in computer simulations by exchanging the
actuator morphology (similar to Fig. 1) in otherwise identical anthropomorphic tasks like reaching [4]

*Equal contribution. { Equal contribution.
’See https://sites.google.com/view/learning-with-muscles for code and videos.

6th Conference on Robot Learning (CoRL 2022), Auckland, New Zealand.



or locomotion [5, 6, 7, 8]. Similarly, reduced demand on the information processing capacity has been
shown for muscles when compared to torque actuator morphology [9, 10, 11, 12, 13]. This opens the
question whether muscular morphology could also be beneficial for robustness and data-efficiency in
the process of learning movement control.

Recent advances in deep learning facilitated the generation of complex movements like point-reaching
[14, 15, 16, 17] and locomotion [18, 19, 20, 21, 17] in simulations with muscular actuator morphology.
In the real world, optimization and learning approaches can also find controllers for robotic systems
with pneumatic muscles exhibiting somewhat muscle-like actuator morphology [22, 23]. These
examples demonstrate that learning and optimization methods can control muscle-driven systems and
may enable benefits such as safe learning and robustness [23]. However, investigating advantages of
nonlinear muscular actuator morphology over linear torque actuator morphology requires a direct
comparison of both, which is—to our knowledge—missing in the literature.

While Peng et al. [24] performed a comparative analysis of different actuator morphologies, their
work was focused on replicating reference trajectories. In contrast, we learn behaviors without
demonstrations, provide extensive hyperparameter ablations and not only employ RL, but also other
optimization methods applied to complex 3D models.

The purpose of this study is to test if learning with muscular actuator morphology is more data-
efficient and results in more robust performance as compared to torque actuator morphology when
learning from scratch. We investigate this in a very broad approach: we employ different learning
strategies on multiple anthropomorphic models for multiple variants of reaching and locomotion
tasks solved in physics simulators of differing levels of detail. This provides new and comprehensive
evidence of the beneficial contribution of muscular morphology to the learning of diverse movements.

2 Morphological difference between torque and muscle actuators

In contrast to idealized torque actuators, where torque is simply proportional to the control signal
Utorque < [_L 1],

T = Tmax Utorque (D
muscular force output nonlinearly depends on the muscle control signal yscte, the muscle length
ImTu and contraction velocity lyty. These biologically observed dependencies can be predicted by
so-called Hill-type muscle models [25]. In a nutshell, the model captures biochemical processes
transforming muscle stimulation umyste € [0, 1] to the force-generating calcium ion activity a. This
can be modeled by a first-order differential equation of the form [26]

a= fq (umuscle - a) (2
which induces low-pass filter characteristics (Fig. 1). The model further captures the nonlinear
force-length and force-velocity relations [25]. The force-length relation is characterized by a positive
slope (increasing force with increasing muscle fiber length) in the typical operating range of biological
muscle fibres (Fig. 1). The force-velocity relation is characterized by decreasing force for faster
shortening velocities and increasing force if the muscle is externally stretched against its contraction
direction (Fig. 1). A lever arm p(«) translates joint angle o into muscle-tendon-unit length /vy and
muscle force into joint torque

N
T = Zpi(a)fT (lMTU,i(Oé)7 jMTU,i(d), ai) . 3)
i=1

for N muscles which span a joint—typically at least two in an antagonistic arrangement.

In practice, we employ two different muscle models: A detailed one with more physiological details,
contained in demoa [27], and a simpler model that efficiently adds muscular properties to existing
MuJoCo [28] simulations without sacrificing computational speed. See Suppl. A for details.

3 Methods

3.1 Learning approaches for movement control

We test if muscle actuator morphology facilitates learning by applying state-of-the-art learning
algorithms covering an extensive range of approaches currently used in robotics. The common thread
of the selected algorithms lies in their independence of the actuator morphology: this allows us to
easily exchange idealized torque actuator morphology with muscle actuator morphology. We choose
optimal control, model-predictive control and reinforcement learning as learning approaches.



Table 1: Overview of all models and tasks

Model Task Control Environment
ArmMuJoCo  precise reaching RL MulJoCo
ArmMuJoCo fast reaching RL MuJoCo
ArmDemoa smooth point-reaching opt. control, MPC demoa
ArmDemoa hitting ball with high-velocity  opt. control, MPC demoa
Biped hopping RL MuJoCo
FullBody squatting opt. control, MPC demoa
FullBody high-jumping opt. control, MPC demoa
\:g,
B\
(a) ArmMuJoCo (b) ArmDemoa (c) Biped (d) FullBody
Figure 2: Models used for the experiments.
Optimal control (OC) The control problem with horizon IV can be defined as:
N
minJ =min » I(z(k),u(k), k),  subjectto z(k+1) = f(z(k),u(k),k),
Tk Tk k=0
u(k) = mp(x(0), ..., z(k)). 4)

where (k) € R™ denotes the current state at time k, and u(k) € R™ is the applied input at time k.
Furthermore, [ specifies the cost function, and f denotes the system dynamics. To optimize for the
best control policy, we use the covariance matrix adaptation evolution strategy (CMA-ES) [29] in
the optimal control case (open-loop strategy). CMA-ES is a derivative-free algorithm and widely
used in machine learning. It combines different learning mechanisms for adapting the parameters of
a multivariate normal distribution. Note, that we choose the same optimization parameters for both
actuator morphologies to allow for a fair comparison even though the number of decision variables
n,, is always larger in the muscle-actuated case due to the antagonistic setup.

Model predictive control (MPC) In MPC, we solve the control problem in a receding-horizon
fashion with varying prediction horizons and recursively apply only the first element of the predicted
optimal control sequence u(0) (closed-loop strategy). We employ a warm start procedure using the
CMA-ES optimizer and afterwards start the MPC routine with the local optimizer BOBYQA [30].
The parameters of the optimizers are either varied (see Sec. 4) or given in Suppl. B.

Reinforcement learning (RL) RL allows learning of reusable feedback controllers. Instead of
minimizing a cost function (see Eq. 4), conventionally the discounted expected reward is maximized:

i) yE r(k)] (5)

k=0

max J = max E
s s

where 7 (k) is the reward at time k, 7 is a control policy and y € [0, 1] is a discount factor such that
long-term rewards are weighted less strongly. RL consequently solves a similar problem to MPC,
but the resulting controllers are able to act in closed-loop fashion without being given an explicit
prediction model. For the point-reaching tasks, we additionally employ goals g characterizing the
desired hand position, which then constitutes an additional dependence of the reward function. The
aim of the learning process is to learn a controller policy 7 (u(k)|x(k)) that takes as input the current
sensor values, or state x(k), and outputs a control signal, or action, u(k) such that a task is solved. In
practice, we use the RL algorithm MPO [31], implemented in TonicRL [32].

3.2 Models

Arm The Arm model (Fig. 2 a, b) consists of two segments connected with hinge joints (2 joints
total) moving against gravity. The ArmMuJoCo [28, 17] model contains four muscles, two for each



joint. In the muscle-actuated case in ArmDemoa [33, 34], six Hill-Type muscles generate forces: two
muscles for the shoulder and two for the elbow joint, plus two biarticular muscles acting on both
joints. All joints are individually controllable.

Biped We converted the geometrical model of an OpenSim bipedal human without arms [19] for
use in MuJoCo. The model, consisting of 7 controllable joints (lower back, hips, knees, ankles)
moves in a 2D plane. Each joint is actuated by two antagonistic muscles or one torque actuator.

FullBody The FullBody model [35, 36] consists of two legs and an upper body including arms
based on a human skeletal geometry. It consists of 8 controllable joints (ankles, knees, hips, lumbar
and cervical spine) in 3D, and 14 movable joints in total including the arms. Each controllable joint
was either actuated by two antagonistic muscles (muscle-actuated case) or by one idealized torque
actuator (torque-actuated case). For more details, we refer to Suppl. C.

All models and their respective physics differential equations were solved with variable time step
(max. time step 0.001s) in demoa and fixed time step (0.005s) in MuJoCo.

3.3 Objectives and rewards

We choose anthropomorphic movement objectives which are highly relevant for robotic applications.
We expect that muscular actuator morphology provides benefits for such tasks. All task formulations
allow application in muscle and torque actuator morphologies with an identical reward or objective
function. For a precise formulation of the used functions and conditions, see Suppl. D.

Smooth point-reaching This task encourages smooth point-reaching. Therefore, the objective
minimizes the L2-error between the desired and current joint angle while penalizing the angle velocity
and jerk to ensure a smooth motion. The desired angle is 90° for both the shoulder and the elbow
joint, as this requires a large motion.

Precise point-reaching Similar to [13], we incentivize reaching a random hand position in a pre-
determined rectangle, while minimizing the distance of the end effector to the goal. We specifically
add a reward term that gives a much larger reward for precise motions that reach the center of the
target area. The episode does not terminate until a time limit of 1000 steps elapses.

Fast point-reaching The same objective as for precise point-reaching is used, but the episode
terminates if the target is reached, incentivizing reaching speed over precision.

High-velocity ball serve A ball is dropped in front of the Arm model and the controller learns to
hit the ball to achieve maximum ball velocity.

Squatting This squatting objective is taken from [35] and encourages desired hip, knee, and ankle
angles for a squatting position.

Maximum height jump The objective for the high-jumping task is taken from [37] and maximizes
the position and velocity of the centre of mass of the human body model at the time of lift-off. The
model is initialized to start from a squatting position.

Hopping We developed an objective based on the z-axis velocity of the center of mass (COM)
of the system that encourages periodic hopping with maximum height. The episode terminates if
extreme joint angles are exceeded.

4 Results

In the following, we present three major results for the investigated approaches and environments:
(1) Muscle-like actuators in general improve data-efficiency compared to torque-actuators. (2)
The investigated learning and optimization algorithms exhibit greater robustness to hyperparameter
variations when applied to muscle-driven systems. (3) The motions and controllers obtained from
the muscular morphology are more robust against force perturbations that were not present during
learning. We average results over 5 and 8 random seeds for OC/MPC and RL respectively.

4.1 Data efficiency: Learning with limited resources

Robotics applications in real-world scenarios often suffer from limited resources, which holds true
for training and inference time. Therefore, we investigate the advantages of muscle-like actuator
morphology in terms of overall learning efficiency and temporal control resolution.

Advantages of muscular morphology Smooth and precise point-reaching generally require more
data with torque-driven systems, as seen in Fig. 3. The performance of the muscle actuator, in contrast
to torque morphology, varies very little for different settings of the temporal control resolution c.
Precise reaching with RL also results in stable performance with fewer training iterations, and a very
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red, torque in blue). Additionally, the temporal control resolution ¢ was varied in the OC cases.
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Figure 4: Cost value or return in comparison with PD-control for torque. Left: Muscles
outperform all other considered morphologies with OC, while PD-control achieves lower cost than
torque actuation with large control resolution ¢ = 0.3. Right: PD-control does not yield an advantage
over torque actuators with RL when applied to the precise point-reaching task.

small standard deviation across runs. Similar findings are seen for the squatting and hopping task,
where muscle-actuators achieve better data-efficiency and smaller variation across runs and are able
to find a good-enough optimum with fewer iterations.

Advantages of torque morphology In tasks requiring fast and strong motions, without emphasis
on stabilization, we find torque actuators to hold certain advantages. In ball hitting and fast reaching,
the torque cases show similar or smaller variance, even though both actuators perform well for
singular runs. The high-jumping task, where only a strong, swift motion is required to launch the
system upwards, is solved much faster in the torque case. We can also observe in the hopping task
that, although only after a considerable number of training iterations and exhibiting a large variance,
some torque-actuated runs achieve a larger overall return than the best muscle-actuated runs.

We additionally investigated a PD controller for the torque actuator morphology, see Fig. 4. While
the PD controller slightly improves the data-efficiency for some cases, for both OC as well as for RL,
the muscle actuator outperforms all baselines. See Sec. F.2 for more experiments.

4.2 Robustness to hyperparameter variations

Tuning a growing number of hyperparameters for learning models typically requires considerable
time and computational resources. By analysing hyperparameter sensitivity, we test if tuning with
torque or muscle actuator morphologies requires less resources.
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Figure 6: Muscle actuators need less parameter tuning for good performance. Hyperparameters
are optimized for precise point-reaching following an iterative sampling scheme, each run trains for
2 x 109 iterations. Fifty sets of parameters are sampled randomly from pre-determined distributions,
the final performance is evaluated and used to adapt the sampling distributions for the next iteration.
We plot the return distributions over the sampled parameters at different iterations.

Figure 5 shows the cost curves for smooth point-reaching for the evolutionary optimization algorithm
CMA-ES for different values of o, which is the principal tuneable parameter for this algorithm. The
performance curves vary much more for torque actuators for all considered cases. Furthermore, all
muscle-actuated cases find a good-enough optimum with fewer iterations and a smaller variance,
independent of the hyperparameter ¢ and the control resolution c.

The same task was repeated using MPC while varying the main hyperparameter .4, which represents
the prediction horizon in moving horizon strategies. The performance curves and the final cost vary
much more for torque actuators (Fig. 7a, note, the cost is plotted logarithmically).

Finally, we performed an extensive hyperparameter optimization for precise point-reaching. For each
iteration, 50 sets of parameters are randomly chosen and the final task performance is evaluated after
2 x 10° learning iterations. The sampling distributions for the parameters are then fit to the best
performing runs and 50 additional sets are evaluated for the next iteration. We optimize the learning
rates of MPO, as well as gradient-clipping thresholds, as these have a strong influence on learning
speed and stability. Muscle actuators already outperform torque-actuators in the first iteration, with a
greater number of well performing parameter sets (Fig. 6). Almost no low-performing runs remain
for iteration 7, while a large torque-performance is only achieved by a small subset of parameter
settings. See Suppl. E for more hyperparameter variations.

4.3 Robustness to perturbations

In this section, we probe the robustness of the obtained policies against unknown perturbations. In
precise point-reaching, we evaluated the RL reaching policies for two modifications that were not
present during training: First, the hand-weight of the model is increased by 1.5 kg (dynamic load),
and secondly a free spherical weight is attached to the end effector with a cable (chaotic load). We
can see in Fig. 8 that the muscle-based policy does not suffer significant changes in performance,
except for a small circular motion (3 cm) around the goal position in the chaotic load case. In contrast,
the torque actuator morphology leads to unstable reaching and strong oscillations. Both morphologies
seem to handle the dynamic load well. See Suppl. E for more goals.
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Figure 8: Trajectories for dynamic (1.5 kg weight) and chaotic (attached ball) load. Left:
Three random goals are exemplarily shown, the respective goal position is marked as a circle. The
unperturbed baseline for each goal is shown with a dashed line. Right: Joint trajectories for the same
experiment, the unperturbed baselines are shown with dashed lines. Vertical bars mark episode resets.

For the MPC controller, we evaluated robustness by introducing environment changes that are un-
known to the prediction model. One example is the lifting of an object with unknown weight, a typical
robotics task. When adding 1 kg to the lower arm of the ArmDemoa model (Fig. 7), the performance in
both actuator cases is worse than in the unperturbed case (left); the movement is also slower. However,
the variance and absolute value of the final cost in the muscle-actuated case are still much lower com-
pared to the torque-actuated case (plotted logarithmically). See Suppl. F.3 for more weight variations.

For periodic hopping with the Biped model, we evaluated trained RL policies with random forces
that were drawn from a Gaussian distribution F' ~ N (|0, o) and applied to the hip, knee, and
ankle joints with a probability of 0.05 at each time step. We see in Fig. 10 that the torque actuator
morphology is stronger affected in relative performance than the muscle morphology. In the robustness
investigation with MPC in the FullBody squatting task, a force is applied to the hip joint after the
system has reached its desired position. Figure 9 (left) shows that the desired joint angles are much
less affected by the perturbation when muscle actuators are controlled. Furthermore, the cost value
associated with the movement recovers much slower for torque actuators (Fig. 9 right).
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Figure 9: Hip and cost trajectory for squatting with unknown perturbation forces. The muscle
morphology is shown in red, the torque morphology in blue while varying the perturbation force Fjer
[N] (applied between ¢ >= 0.45 s and t <= 0.5 s).
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Figure 10: Muscle actuators lead to more robust hopping. At each time step, there is a 5 % chance
of a random force being applied to the hip, knee, and ankle joints. Left: COM motion over time.
Vertical bars mark episode resets due to falls of the Biped. Right: Relative performance for different
standard deviations of the random force o . Performance is scaled by the unperturbed mean return.

5 Discussion

We investigated if muscle-like actuators have beneficial effects for modern learning methods in terms
of data-efficiency, hyperparameter sensitivity and robustness to perturbations. A multitude of varia-
tions across physics simulators, learning algorithms and task domains was considered in order to show-
case the potential of the considered morphologies independently of the underlying implementation.
We showed that muscles yield benefits in tasks requiring stable motion, even when compared to ideal-
ized torque actuators, which can be considered an upper performance bound. Indeed, the used torque
actuators are able to instantaneously output any desired force at any point of the trajectory, while
muscles only slowly change their output due to activation dynamics and can only produce kinematics-
dependent force output. Despite these limitations, the considered learning algorithms learn more effi-
ciently with muscle actuation in all tasks, except for extreme motions where objectives require a strong
force application without stability considerations, such as ball-hitting and high-jumping. In bipedal
hopping, it was found that muscles result in more efficient learning, even though some torque-runs
achieve higher asymptotic performance. Finally, we observe muscle actuation to result in increased ro-
bustness to perturbations and hyperparameter variations, which can facilitate learning on real robotic
systems that not only present sensor and motor noise, but also prohibit extensive parameter searches.

Outlook for real-world robotics We see two use-cases of our findings: (1) Muscular force-length-
velocity and low-pass filter characteristics can be implemented as low-level actuator control for
torque-controlled robotic systems (e.g., [38, 39, 40, 41]). This could allow us to exploit the improved
data efficiency and robustness observed in our study for RL on a real robotic system. (2) Novel
soft robotic actuators, such as artificial muscles [42, 43, 44, 45], promise to revolutionize specific
application scenarios of robotics, e.g., wearable rehabilitation devices [46]. While soft actuated
systems are hard to control from a classical control theory point of view, our results and other works
[24] suggest that RL may even benefit from their properties. In our study, the simplified MuJoCo
muscle model is applicable as a low-level controller in the sense of the first use case, while the results
with the complex series-elastic muscle model in Demoa highlights the second use-case, making both
cases strong arguments to consider RL and muscle properties a promising combination.

Limitations Although we have reported results for a wide variety of algorithms and tasks, we
cannot give theoretical statements about the general applicability of our findings. Additionally, some
of the tasks we employed were limited in complexity and might also be solvable with classical
control algorithms. The MuJoCo muscle model, while computationally efficient, only captures
rudimentary properties of biological systems. The demoa implementation, on the other hand, includes
visco-elastic, passive tendon characteristics and muscle routing as joint angle-dependent lever arms
to account for many physiological details—at substantial additional computational cost. Finally,
learning with intermediate control signals given to impedance or position controllers, instead of direct
torque commands, might also improve learning performance, while muscle-like properties could have
been introduced by learning priors or additional cost terms.
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Abstract— Recent studies have demonstrated the immense
potential of exploiting muscle actuator morphology for natural
and robust movement — in simulation. A validation on real
robotic hardware is yet missing. In this study, we emulate muscle
actuator properties on hardware in real-time, taking advantage
of modern and affordable electric motors. We demonstrate that
our setup can emulate a simplified muscle model on a real
robot while being controlled by a learned policy. We improve
upon an existing muscle model by deriving a damping rule that
ensures that the model is not only performant and stable but
also tuneable for the real hardware. Our policies are trained
by reinforcement learning entirely in simulation, where we
show that previously reported benefits of muscles extend to
the case of quadruped locomotion and hopping: the learned
policies are more robust and exhibit more regular gaits. Finally,
we confirm that the learned policies can be executed on real
hardware and show that sim-to-real transfer with real-time
emulated muscles on a quadruped robot is possible. These
results show that artificial muscles can be highly beneficial
actuators for future generations of robust legged robots. Videos:
https://sites.google.com/view/emulatedmuscles

I. INTRODUCTION

The development of learning algorithms for robotic loco-
motion predominantly relies on position control with electric
motors. The ideal actuator is considered to impose as few
constraints as possible on the system, while additional proper-
ties such as regular foot patterns, minimal torque utilization,
and robust policies arise due to the inclusion of a series of
cost terms and certain training curricula. Nevertheless, there
is rising interest in alternative actuation models, promising
advantageous properties amenable to stable control and
generalizing controllers without the need for tedious cost
term tuning. Some of these studies investigate the effect of
action spaces on learned controllers in general [1]-[3], while
others demonstrate the benefits of a particular actuator class,
which is well-known but under-utilized: muscles [4]-[6].

Muscles support the nervous system of animals and humans
in robust control as they generate zero-time delay reactions
(termed preflexes) to environmental influences [7]-[9]. While
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some of these advantages have been investigated in simplistic
simulated [1], [4], [10] and hardware demonstrators [11],
[12], actual real-world experiments remain indispensable to
validate the relevance to robotic hardware.

Different artificial muscle architectures are being developed
to test the potential of the reported simulation findings, two
notable examples being McKibben [13], [14] and HASEL
muscles [15]. Although very promising, many years of
research are needed to make these systems reliable and
to allow reproducible experimentation in robotics. Some
approaches aim to speed up the development of control
algorithms for artificial muscles by using hybrid sim-hardware
setups [16], [17] or model-based algorithms [14], which is
not feasible for every task.

With the advent of powerful and affordable direct-drive
electric motors it is possible to emulate particular actuators
in real time. The concept of emulating muscles on motors
has been tested in simulation, even for a bipedal robot [5],
[6], but in hardware only with a singular motor on a lab
bench [11], [18], [19]. This approach was limited so far, as
a PD-controller was required to match the torques predicted
by the muscle emulator due to time delays induced by the
emulation [18], [19]. Benefits of emulated muscles have not
been demonstrated in complex and realistic robotic settings.

Even in those instances where emulated muscles have
been simulated, the control algorithms were limited to state
machines or reflex-based controllers [5], [6]. The combination
with more powerful frameworks such as reinforcement learn-
ing (RL), is doubly interesting, as it may allow the generation
of diverse movements with emulated muscles, while the
importance of the actuation model for RL performance is
also well documented [1], [3], [20], including evidence that
muscles can benefit learning [4].

The purpose of this study is to demonstrate that emulated
muscle properties are beneficial for learning robust walking
without the need for excessive reward engineering and can be
exploited on real hardware. To achieve this, we first extend
simulation results of a previously proposed muscle model [4].
We implement this model in the GPU-based simulator Isaac
Gym [21] and show several benefits in quadruped locomotion
and hopping tasks — when compared to commonly used
actuators. After observing increased robustness and more
regular gaits in the learned policies in simulation, we emulate
the muscle-actuator in hardware with a high frequency real-
time control cycle without an intermediate PD-controller. Our
policies are learned with RL entirely in simulation without
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Fig. 1: Emulated muscles on real robots. We compare three different low-level actuation controllers which are used by
three policies trained in simulation: PD, muscle and torque control. The resulting policies can then be tested on a real robot,
by a real-time control module running at ~ 500 Hz, which communicates with the slowly executed RL policy executed
with ~ 50 Hz. The robot backend performs torque commands with a maximum of 10 kHz and repeats previous torques
between command updates. Importantly, the policy action either represents desired positions, muscle excitations or torques.
The simulation has a physics timestep of 5 ms, with 4 physics updates for each controller step.

the need for numerous fine-tuned cost terms and are shown
to transfer to the real system. This finding showcases the
effectiveness of muscle actuators and hints at the potential for
physical robots, either through emulation or novel hardware
actuators.

Contributions: (1) We investigate different actuator models
with RL on a simulated robotic quadruped. (2) We extend
previous results on muscle actuation with RL from Wochner
et al. [4] to a realistic robotic locomotion task. (3) We
identify a critical parameter of the previously proposed muscle
model and derive a theoretically motivated value to facilitate
tuning the model for real systems. (4) We achieve sim-to-
real transfer with a walking policy to a real-time emulated
muscle-controller on robotic hardware.

II. METHODS
A. Low-level actuation controllers

We compare the performance of RL policies trained with
three different low-level controllers: PD-controller, muscle-
controller, and direct torque-controller (Fig. 1).

PD-controllers are commonly used in quadruped locomo-
tion studies [22], [23]; our version receives a desired position
computed by the policy, while the desired velocity is set to
zero, similar to [1]:

T, = kstiff ((jz - q;) - kdamp(jh (1)

where 7; is the computed torque, ¢; the desired position, g;
current position, and ¢; the velocity for joint i.

The torque-controller is considered to be ideal in the sense
that the torque computed by the policy is directly applied to
the joint:

Ti = Kscale Tis 2

where 7; € [—1,1] is computed by the policy and kscale
scales the policy output to the robot’s torque range. While it
is possible to use torque actuation on quadrupeds with learned
policies, it imposes strong control frequency requirements on
the implementation [24].

The muscle-controller is similar to [4] and emulates length
and velocity dependent muscle force characteristics, as well
as activation dynamics:

2 -
Ti = faax | Y (=1 FL(L) FV (i) Macek + FP(I) | |

k=1

3
where FL(-) is the force-length and FV(-) the force-velocity
relationship (see “muscle” in Fig. 1), FP(-) the passive force
and M, the muscle activity. The sum is taken over two
muscles for each joint, each pulling in opposing directions.
The activity m,. approaches the policy action a with a
low-pass filter:

(a(t) — maci (1)), “

mact (t) =

At,



with the time constant At, = 0.01s. The scalar fi,.x Wwas
introduced to easily tune the maximum force output. The
muscle length is given by:

Ik = ak q; + by, 5)

with ay and by being part of the parametrization. The muscle
velocity is given by the derivative of Eq. 5

Iy = Blk = B (a di)- 6)

Importantly, we multiply the muscle velocity by a scaling
parameter [ in the FV-function (Eq. 6), corresponding to
1/Vmax in [4], allowing us to tune the maximum damping
strength of the muscle. The parameters a and b correspond
to m and [ in [4], where the exact formulation is detailed.

B. Muscle model implementation

For the simulation experiments, we re-implemented the
MuJoCo-based muscle model from [4]. In order to preserve
Isaac Gym’s computational speed [22], we translated the
original Cython implementation of the muscle model to a
vectorized PyTorch version. Overall, the vanilla PD-controller
is only 30% faster than the muscle implementation, even
though we simulate 16 muscles for the robot—compared to 8
motors for the PD and torque-controllers. Considering that the
training time is mostly below an hour on a consumer-GPU,
this computational efficiency is sufficient for the purpose of
this study. The environment runs with a timestep of 5 ms for
the physics engine and a control time step of 20 ms.

For the hardware experiments, the muscle model is imple-
mented in C++, which communicates with real-time Python
functions which were bound via PyBind11 [25]. This module
interfaces with the RL policy running at ~ 50 Hz, which
is not real-time executed, while the actual muscle-controller
is running at ~ 500 Hz. It is important to achieve a large
execution frequency on the hardware to reliably emulate the
muscle model [4]. This paradigm is similar to most studies
using PD-controllers on quadruped robots [24].

C. Muscle parameter tuning

In contrast to the PD-controller [26], there is no clear tuning
procedure for a muscle-controller. The velocity scaling 3 is
especially difficult to tune, as it affects the damping of the
actuator through the FV-relationship [4] and might not transfer
to real hardware due to control frequency limitations, see
Sec. ITII-A. When we tried to set this parameter through an
iterative tuning procedure similar to previous studies [27], we
either obtained parameters that performed well in simulation
but were not stable on the hardware, or they were stable but
did not yield performant policies.

We derive an expression for the damping coefficient [,
such that under certain conditions, the damping is equivalent
to a damping-controller 7 = —kqampq. With this approach,
we can determine reasonable /3 values that are achievable on
the hardware based on the easier-to-tune damping-controller.

We start by assuming two symmetric muscles connected
to a single joint at position ¢ = 0. As the FV-relationship
is thought to primarily contribute to muscle damping [8],

we also assume FL(I) = 1, FP(!) = 0 and constant activity
Mget,k = 1. Equation 3 then simplifies to:

7= fmax (FV(0n) = FV(i2)) ™)

= fonx (FV(01) = FV(-11)) ®

R fmax (411) ©

where [ 1= —ng in Eq. 6 as we assume symmetric muscles and
a1 = —ag in Eq. 5, and we have used a Taylor expansion

around [; = 0. By using the definition of the FV-curve
from [4], [28], we obtain

FV(i) =1+ 20+ 0.

By comparing Eq. 9 to a damping controller and using lTl =
a1 8¢ we get:

_kdampq = _fmax 4 5 a1 q (10)
kdamp
= __=22P 11
- ﬂ 4a1fmax ( )

The negative sign in Eq. 10 was introduced as muscles are
assumed to always pull on the joint. We found that setting
kqamp = 0.1 is an achievable value for a damping controller
on the robot hardware. By using Eq. 11 for all muscle
experiments, we ensure that the maximum co-contraction
level generates achievable damping on the hardware. The
policy can still reduce the amount of equivalent damping by
changing the amount of co-contraction [8].

D. Tasks

We employ two tasks: walking and hopping, which have
been proven interesting in previous comparisons of action
spaces [4]. Walking requires a periodic and relatively slow
joint movement, while periodic hopping is a highly explosive
movement that also requires stabilization when landing.

1) Walking: We restrict ourselves to the target velocity
tracking reward from [22] and omit all other terms that were
used in that study:

Twalk = €XP <_(Utarget - ’Ux)z/o-) ) (12)

where vtarget 1 the target x-velocity, v, is the x-velocity of
the base and o = 0.25 is a sensitivity factor. The task is reset
if the robot base or the upper legs make contact with the
ground or if the base height iS hpase < 0.2m.

2) Periodic hopping: The hopping reward is based on the
vertical velocity of the robot base v, as

13)

where veiip = clip(vs, 0, 10). This is the same hopping reward
as in [4] with slightly different scaling, accounting for a
different velocity range with the SOLO robot. We observed
the reward function to not work well if the desired hopping
velocity is in a range where the reward function is not sensitive
to changes. The episode is reset when the robot base changes
in orientation too much from upright orientation, or when a
body part different than the feet touches the ground.

Thop = €XP (10 'Uclip) 5



Both tasks additionally use action rate regularization:
2
Tact = —Wact (@41 — at)”, (14)

where a, is the action at time step ¢ and w,c¢ is a weighting
coefficient.
The total reward is

T = T'walk/hop T+ Tact- (15)
E. Learning high-level policies

In order to train policies, we use the popular RL algorithm
PPO [29] with the implementation from [22] and identical
hyperparameters as in [23] for the SoloLeap-task, shown
in Table S6 in their work. Our policy and critic are fully-
connected MLPs with 3 hidden dimensions of 128 units each
and ELU-activation functions. For simulation experiments, we
do not use domain randomization, while sim-to-real transfer
requires randomization of initial states, ground friction, body
mass, and input noise. See Tab. I for details.

TABLE I: Values for domain randomization (DR) and input
noise (IN). All values are sampled uniformly in the given
ranges and added to the existing values.

Parameter Range
init. joint pos. —1.0,1.0]
init. muscle act.  [0.5,1.0]

pr friction 0.5,1.25]
joint damping 0,0.09]
pushyy —1.5,1.5]
mass shift —0.5,1.2]
base lin. vel. —0.02,0.02]
base ang. vel. —0.05,0.05]
gravity vector —0.05,0.05]
joint pos. —0.01,0.01]

IN joint vel. —0.075,0.075]
muscle length —0.01,0.01]
muscle vel. —1.0,1.0]
muscle act. —0.01,0.01]
muscle force —1.0,1.0]

III. RESULTS

Each simulation experiment was repeated over 10 random
seeds. In experiments where we show a specific rollout of a
specific policy, we analyzed all trained seeds for all policies
at the end of their training, and selected in each case the
one with the best behavior. In general we observe very small
variance across seeds, likely due to the large number (4096)
of parallel environments in Isaac Gym.

A. Parameter tuning procedure

As our study aims to investigate the potential benefits
of muscle-like actuators, we use a methodical approach
for parameter tuning. First, only the task-relevant reward
is used as objective. We tune the actuator-relevant parameters
to achieve maximum performance in a population-based
optimization over 10 iterations of 100 trials each. This
optimization successfully leads to policies achieving large task
rewards. Upon closer inspection, however, we observe them
to be very jittery, not likely to generalize to the real hardware.

TABLE II: Optimized parameter values for the used actuators.
Note that 3 is not optimized but set through Eq. 11.

Parameter  Value
Imin 0.24
Imax 1.53
fvmax 1.38
fpmax 1.76
lce_min 0.74
muscle lce_max 0.94
fmax 34
¢min -3.14
Pmax 3.14
Tact 0.01
3 0.36
kstiff 2
PD kdamp 0.05
torque n.a. n.a.
action rate weight — wact 0.004

We consequently add action-rate regularization, see Eq. 14.
The best parameters from the previous step are taken, and a
grid search over weighting coefficients for the action rate cost
is performed. It is commonly observed that smooth actuation
signals are more transferable to real-world robots [30]. The
level of action smoothness that works well for sim-to-real
transfer is hard to quantify, as such we visually check for
the variance in the applied torques, instead of optimizing the
regularizer together with the other parameters.

This optimization procedure is executed for the PD and
muscle low-level controller for the walking task. The torque
actuator has no parameters besides the maximum torque,
which is given by the system specification of the robot. We
then keep all parameters identical for the hopping task.

B. Walking

While performant and transferable gaits usually require
dozens of cost terms which are hand-tuned by experts [22],
[23], we investigate the behaviors that arise from a simple
and under-specified forward velocity reward combined with
an action rate cost. Different actuator morphologies might
embed certain movement priors into the learning algorithm
which do not require a complex tuning procedure.

The task reward over training improves faster for the PD-
and torque-controllers than for the muscle-controllers, see
Fig. 3. While all three policies perform well according to
this metric, we also take a look at the learned gaits in Fig. 4.

The touch patterns of the feet with the ground (Fig. 4b)
show that the muscle-agent learns the most regular gait. The
PD-agent tends to not elevate the feet from the ground, as can
be seen from the gait illustration (Fig. 4c) and the joint angle
trajectories (Fig. 4a). This behavior relies on very precise
movements and friction coefficients in the simulation, which
would likely not generalize to the real world. Interestingly,
the torque-agent lifts the feet off the ground but tends to
use extreme and uncontrolled motions. This showcases that
even with an under-specified reward function, a particular
embodiment, or low-level controller, can bias the behavior
towards being more natural.
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Upper: Velocity-tracking task reward over time. The PD-agent
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and muscle-agents achieve a similar maximum performance
with more training. Lower: The action rate reward only slowly
improves for the muscle-agent, likely because the number of
actions is twice as large as for the other actuators (16 vs 8).

C. Periodic hopping

The simulation results for the maximum height periodic
hopping task are shown in Fig. 5. The reward function,
see Eq. 13, incentivizes maximal upwards velocities for the
longest possible time. Even though the PD and torque agents
achieve some very high jumps (Fig. 5c), the hopping behavior
is straighter and more regular with the muscle actuation,
making it easier to control when landing. This leads to large
episode lengths (Fig. 5b) for the muscle-agent, as the other
controllers can often not recover after landing. These results
are slightly different to [4], where the muscle-agent achieved
better performance than the alternatives only early in the
training, but this difference may be explained by the superior
stability of quadrupeds over bipedal robots.

D. Robustness

Wochner et al. [4] demonstrated that muscle-actuators
exhibit higher robustness under unseen perturbations. We
therefore tested the trained policies under terrain variations
used in [22] and recorded the fraction of steps across 100
episodes in which the policies would not fall down, which
we define as the success rate. Note that the policies have only
been trained on flat terrain. We see that the muscle-controller
is generally more robust and has higher success rates than
the other controllers (Fig. 6).

E. Sim-to-real transfer

In order to test the applicability of our findings and
highlight their relevance for future robot design, we imple-
mented our muscle model on real robotic hardware. First, we
demonstrate the sim-to-real transfer of our policies in a task
requiring tracking joint angles over time. For this experiment,
the robot is suspended in mid-air on a fixed stand (Fig. 7b).

The sim-to-real policies were trained with observation noise
and domain randomization, see Tab. I. Finally, we added a
small amount of joint damping through a low-level controller
with Kgamp = 0.08 Nms/rad in all hardware experiments to
stabilize the system and prevent damage. We also added it
in simulation to minimize the sim-to-real gap.

We compare a policy trained with the real-time muscle-
controller to a PD-controller for which we give alternating
target positions and set the target velocity to zero (Fig. 7a).
We use PD gains kgtig = 5.0 and kgamp = 0.1, similar to [23].
Figure 7a shows that the muscle-controller is able to track
the given joint angles similarly well to the PD-controller.

In a more realistic task, we train a walking policy with
the muscle-controller in simulation and can reliably perform
a running gait without additional training on the hardware.
This successful sim-to-real transfer demonstrates that muscle
actuation enables learning realistic and robust gaits without
the need for excessive reward engineering. See Fig. 7c and the
videos on the project website https://sites.google.
com/view/emulatedmuscles.

IV. CONCLUSION

In this study, we have investigated the benefits of muscle-
like actuation for quadruped locomotion tasks. We validated
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previous results on stability and robustness of the learned
policies, while finding that the emulated actuator morphology
also influences the learned gaits in an under-specified loco-
motion task. Finally, we proposed a tuning procedure that
allowed us to validate the muscle model on a real robotic
system under performance and stability constraints. We are
able to execute policies learned entirely in simulation with
little reward engineering on robotic hardware that runs a
real-time emulated muscle model. These results showcase the
potential of muscle-like actuators when combined with RL.
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