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Resumen

Titulo en Espanol : Superando la brecha de la realidad: Algoritmos de aprendizaje por
imitacion y por refuerzos para problemas de locomocién robética bipeda.

Esta tesis presenta una estrategia de entrenamiento de robots que utiliza técnicas de apren-
dizaje artificial para optimizar el rendimiento de los robots en tareas complejas. Motivado
por los impresionantes logros recientes en el aprendizaje automaético, especialmente en juegos
y escenarios virtuales, el proyecto tiene como objetivo explorar el potencial de estas técnicas
para mejorar las capacidades de los robots mas alla de la programacién humana tradicional
a pesar de las limitaciones impuestas por la brecha de la realidad.

El caso de estudio seleccionado para esta investigacion es la locomocion bipeda, ya que per-
mite dilucidar los principales desafios y ventajas de utilizar métodos de aprendizaje artificial
para el aprendizaje de robots. La tesis identifica cuatro desafios principales en este contexto:
la variabilidad de los resultados obtenidos de los algoritmos de aprendizaje artificial, el alto
costo y riesgo asociado con la realizacion de experimentos en robots reales, la brecha entre
la simulacién y el comportamiento del mundo real, y la necesidad de adaptar los patrones
de movimiento humanos a los sistemas robdticos.

La propuesta consiste en tres modulos principales para abordar estos desafios: Enfoques de
Control No Lineal, Aprendizaje por Imitacion y Aprendizaje por Reforzamiento. EI médulo
de Enfoques de Control No Lineal establece una base al modelar robots y emplear técnicas
de control bien establecidas. El médulo de Aprendizaje por Imitacion utiliza la imitacién
para generar politicas iniciales basadas en datos de captura de movimiento de referencia o
resultados preliminares de politicas para crear patrones de marcha similares a los humanos
y factibles. E1 médulo de Aprendizaje por Refuerzos complementa el proceso mejorando de
manera iterativa las politicas paramétricas, principalmente a través de la simulacién pero
con el rendimiento en el mundo real como objetivo final.

Esta tesis enfatiza la modularidad del enfoque, permitiendo la implementacién de los modulos
individuales por separado o su combinacion para determinar la estrategia mas efectiva para
diferentes escenarios de entrenamiento de robots. Al utilizar una combinaciéon de técnicas
de control establecidas, aprendizaje por imitacién y aprendizaje por refuerzos, la estrategia
de entrenamiento propuesta busca desbloquear el potencial para que los robots alcancen
un rendimiento optimizado en tareas complejas, contribuyendo al avance de la inteligencia
artificial en la robdtica no solo en sistemas virtuales sino en sistemas reales.

Palabras clave: Entrenamiento de robots, Locomocién humanoide ,Técnicas de apren-
dizaje artificial, Aprendizaje por refuerzos, Aprendizaje por imitacién, Control no

lineal, Brecha entre simulacion y realidad.



Abstract

Title in English: Overcoming the Reality Gap: Imitation and Reinforcement
Learning Algorithms for Bipedal Robotic Locomotion Problems

The thesis introduces a comprehensive robot training framework that utilizes artificial lear-
ning techniques to optimize robot performance in complex tasks. Motivated by recent im-
pressive achievements in machine learning, particularly in games and virtual scenarios, the
project aims to explore the potential of these techniques for improving robot capabilities
beyond traditional human programming.

The case study selected for this investigation is bipedal locomotion, as it allows for elucida-
ting key challenges and advantages of using artificial learning methods for robot learning.
The thesis identifies four primary challenges in this context: the variability of results obtai-
ned from artificial learning algorithms, the high cost and risk associated with conducting
experiments on real robots, the reality gap between simulation and real-world behavior, and
the need to adapt human motion patterns to robotic systems.

The proposed approach consists of three main modules to address these challenges: Non-
linear Control Approaches, Imitation Learning, and Reinforcement Learning. The Non-linear
Control module establishes a foundation by modeling robots and employing well-established
control techniques. The Imitation Learning module utilizes imitation to generate initial po-
licies based on reference motion capture data or preliminary policy results to create feasible
human-like gait patterns. The Reinforcement Learning module complements the process by
iteratively improving parametric policies, primarily through simulation but ultimately with
real-world performance as the ultimate goal.

The thesis emphasizes the modularity of the approach, allowing for the implementation of
individual modules separately or their combination to determine the most effective strategy
for different robot training scenarios. By employing a combination of established control
techniques, imitation learning, and reinforcement learning, the framework seeks to unlock
the potential for robots to achieve optimized performances in complex tasks, contributing to
the advancement of artificial intelligence in robotics.

Keywords: Robot training, Bipedal locomotion, Humanoid locomotion, Artificial lear-
ning techniques, Reinforcement learning, Imitation learning, Non-linear control, Reality

gap, Sim to real
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1. Introduction

1.1. Motivation

In recent years machine learning techniques have gotten awe-inspiring results as the victory
of the artificial intelligence AlphaGO over Lee Sedol, the world champion of the board game
Go [Google, 2015]; the more recent wins over human professionals in the real-time strategy
games Dota 2 and StarCraft in the hands of OpenAl five [OpenAl, 2018] and AlphaStar
[Vinyals et al., 2019] respectively; the success in dealing with the problem of protein folding
addressed with by Deepmind with Alphafold [Jumper et al., 2021]; and the rise of the large
language models as ChatGPT by OpenAl [Thorp, 2023|. These achievements, among many
others, awaken the interest in the study of artificial intelligence techniques for the resolution
of complex problems and entail the possibility of obtaining super-human performances in
many areas.

With this motivation in mind, the possibility of developing machine learning strategies for
robots using different approaches to achieve optimized performances that could surpass those
obtained by traditional human programming is being considered. In particular, the academic
community is studying these artificial learning techniques (especially reinforcement learning
techniques) to achieve robust and efficient controllers for different class problems to obtain
similar results to those in video game environments. However, this is not an easy task as
there are many challenges to consider when trying to implement these techniques in robotic
agents in reality. Among these challenges, some of the most important ones that have been
identified and on which the academic community is working are the considerable variabi-
lity of the results after multiple trials of the techniques on the same problem as presented
in |[Recht, 2018], the difference between the behaviors shown by the robots in simulation
compared to the behaviors those that occur in reality (often referred to as reality gap or
sim to real) as presented in [Tan et al., 2018] and the cost (in time and energy) represented
by testing directly on the robot of interest compared to the cost required by simulations as
mentioned in [Koos et al., 2013]. It should be noted that learning processes for robots do not
necessarily have to start from scratch, but it is possible to incorporate preliminary knowledge
to perform the training processes more efficiently. For example, reference movement patterns
can be used as developed in [Merel et al., 2017], it is possible to imitate animal behaviors
as worked in [[jspeert, 2008], or it is also possible to take as a starting point the parame-
ters corresponding to previously determined sub-optimal behaviors that can be improved as
performed in [Rosolia and Borrelli, 2016], among some other approaches.
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This project aims to propose a modular training scheme based on artificial learning techni-
ques that allow the integration of several of the approaches of the area to robotic locomotion
tasks. Specifically, the analysis of bipedal locomotion tasks is proposed as a case study for
the development of the project because in this kind of task, aspects of interest regarding
artificial learning applied to complex robotic systems can be elucidated, and there is a lot of
reference material both for the comparison with traditional methods such as those presented
in [Ding et al., 2019] and also preliminary information sources such as motion capture data
as in [Merel et al., 2017].

1.2. Background and Related Work

1.2.1. Reinforcement Learning

The study of artificial learning is a booming field, and one of its most studied lines of work
currently corresponds to reinforcement learning. In this line, the aim is for an agent to be
able to generate a mapping between the space of its observations and the space of its actions
in a given environment in such a way as to maximize the reward obtained from the inter-
action, as mentioned in [Sutton and Barto, 2008]. This reward is a function that measures
the quality of the observed behavior (determined by the programmer) that allows the agent
to associate which action-state pairs lead to the best performances in a manner analogous
to the behavioral reinforcement applied in animals (good behaviors are rewarded while bad
behaviors are penalized). Using these ideas, it is possible to achieve complex behaviors th-
rough repeated interaction of agents with their environment. For example, it is possible to
stabilize an inverted pendulum using simple reinforcement learning models. Likewise, using
more sophisticated tools, such as convolutional neural networks, allows solving more complex
problems, such as playing video games from image pixels or solving locomotion problems in
simulation environments, as presented in [Duan et al., 2016]. It is worth noting that there is
a wide variety of methods to perform reinforcement learning since, as in any optimization
problem, intelligent exploration of the search space is required, and this exploration can
be performed in many ways. It is also worth noting that although these algorithms were
initially proposed for discrete models (modeled as Markov decision processes), their use has
been widely extended to continuous problems.

In [Recht, 2018], an overview of reinforcement learning is presented. A parallel is made bet-
ween the approach proposed by the areas more related to computer science and the approach
presented by the areas more pertaining to automatic control, calling for the integration of
the research community around these topics to work towards what is termed actionable inte-
lligence. Along the same line of work, in [Mania et al., 2018], it is shown how a reinforcement
learning scheme allows for solving complex problems efficiently while presenting some of the
significant challenges of using these techniques, such as the variability of the results and the
need to evaluate the performance of training algorithms robustly and comparably.
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On the other hand, some works seek to change how the reward function is proposed to impro-
ve the performance of reinforcement learning algorithms by giving additional bonuses that
encourage the exploration of the environment more appropriately according to the problem.
For example, in works such as [Burda et al., 201§]|, the use of curiosity as a bonus factor
for the reward function is implemented, achieving diversification of the executed behaviors
by looking for states that “surprise” the agent by presenting observations that have not
been seen before or that differ with the expectation of the same predictive models. Simi-
larly, in [Lee et al., 2019], the use of entropy factors as a bonus to the reward function is
generalized so that as a parameter ¢ (called the entropic index) is adjusted, the algorithm’s
behavior is tuned to increase exploration or exploitation in the search space. As another
alternative, the requirement for an a priori definition of the reward function is criticized in
[Singh et al., 2019|, and the use of a robot framework is proposed that allows the determina-
tion of the reward function from the demonstration of desired behaviors in front of a vision
system.

OpenAl and the Gym library

OpenAl is one of the largest companies dedicated to research in artificial intelligence and ro-
botics and has developed several projects in these areas. One of the most notable projects is
the development of the Gym library, which contains a wide variety of tools and test problems
frequently used in the validation and comparison of artificial learning algorithms as presen-
ted in [Duan et al., 2016]. A large part of the community has adopted these problems as a
standard for testing the performance of their algorithms. In particular, locomotion problems
implemented with the MuJoCo simulator introduced in [Todorov, 2019] have been used in
works such as [Lee et al., 2019, [Mania et al., 2018], [Recht, 2018], [Schulman et al., 2015],
[Merel et al., 2017], [Lillicrap et al., 2015], [Erez et al., 2015], and [Uchibe, 2018] among many
others to validate the effectiveness of their methods.

1.2.2. Learning by Demonstration or Imitation

There are many studies on robot learning, and many tools have been developed for using
robots. For example, in [Chernova and Thomaz, 2014], a compendium of the basic concepts
of learning by demonstration for robots with human teachers is presented, showing some
methods of interaction between “teacher” and “learner”, a classification of the types of
tasks developable by robots according to the complexity of the tasks (and the complexity
of their learning) and methods to refine the learned behaviors are also presented. The usual
work cycle required to improve the performance of tasks learned by demonstration using
techniques such as batch learning or teacher correction, among others, is also presented.
Along the same line of work, a demonstration training algorithm is presented in

[Chernova and Veloso, 2010]. A single "teacher” presents how to perform a given task to
multiple robots that learn from it simultaneously. This process is based on the interaction
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between students and teachers in a classroom, whereby once the teacher performs the de-
monstration, the students try to imitate it. If they require more information, they request
additional information from the teacher and iteratively refine their procedures. In this pa-
per, they present and validate a learning scheme under which two humanoid robots learn to
perform a ball organization task cooperatively from the teaching of a human teacher.

A recent alternative to learning by demonstration is presented in [Duan et al., 2017], which
introduces a learning technique applied to robots and based on the artificial vision that seeks
to extend the information learned in the demonstration of a single task (block stacking) to
multiple other instances of the same task under different conditions. In this case, some
instances of the task performed by a human in a virtual reality environment are taken as a
basis. Subsequently, the robot predicts the next movement from the experience obtained for
each new task. This way, the task can be completed for multiple initial conditions even if
the robot has not explicitly seen it.

As another alternative, there are works such as the one presented in [Koenemann et al., 2014]
in which a humanoid robot is sought to be able to mimic human movements obtained from
motion capture while preserving the robot’s balance. To do so, they take the position of the
robot’s end-effectors as a reference but prioritize preserving the robot’s center of mass within
its lift polygon either on both feet or only on one of them. This prioritization is achieved
by generating the robot poses based on those obtained by the motion capture system but
modifying them so that the result is a statically stable pose at each instant.

Another work to highlight learning by imitation is the one presented in [Merel et al., 2017]
in which motion capture data is taken as a reference to imitate to achieve efficient, robust,
and more natural gait patterns than those obtained without any reference. In this work, it
is mentioned that direct imitation is usually not feasible since the geometric characteristics
of the individuals do not necessarily match those of the agent that is imitating it, so the
imitation must be done more elaborately. To perform the imitation, they propose the use of
generative adversarial neural networks (GANs) to generate the action signals on the agent
from the information of the agent’s state, which is compared with those provided by the
data so that with the passage of iterations, the generative network produces results very
close to the data but operating on the agent of interest. Within the same work, they propose
modularizing the learned behaviors and their use as tools to develop more complex behaviors,
such as climbing stairs or navigating environments with obstacles.

1.2.3. The Reality Gap

Due to the iterative nature of learning methods, it is widespread that they tend to be de-
veloped much more frequently in simulated environments than in real environments since
simulations can be performed much faster and at a significantly lower cost in most cases.
However, simulators have certain differences from reality either due to errors in the charac-
terization of the system, due to unmodeled dynamics, or errors inherent to the model (such
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as discretization). Notably, the calculation of contact forces between rigid and deformable
bodies is a problem that is not entirely solved and is an important source of errors in the
simulation of robotic systems. Because of this, the results obtained by optimization processes
in this kind of environment do not necessarily transfer directly to real robots, to the point
that results with very high performance in simulation may become completely unfeasible in
reality or may require subsequent stages of fine-tuning of the model to be appropriate.
Randomization of the task domain is often presented as an alternative to overcome the
reality gap. Notably, the work presented in [Tobin et al., 2017] seeks to enable manipulator
robots to move objects from a vision system in a robust manner with multiple distractors
from simulation training in which the textures with which different objects in the scene are
rendered as well as the position and geometric features of various elements are randomly
generated between experiments so that robust policies are learned. Reality is taken as ” just
another scenario”, which was shown not to require additional tuning to function properly as
in other approaches.

In [Tan et al., 2018], the use of robust control models in conjunction with the refinement of
the modeling to a great detail is presented as an alternative so that the simulator represents
in a sufficiently reliable way the real robot and, in this way, the behaviors obtained in the
simulation are compatible with the real robot. As a case study, they present the modeling of
a quadruped robot intended to learn efficient walking patterns during training, highlighting
that the patterns learned only in the basic simulation are not transferred appropriately. To
mitigate the differences between reality and the simulator, they model in detail the actuators
of the robot and the latency between the control signals on the system. In this way, they
achieve efficient behaviors both in reality and in the simulation, closing the gap for this
problem.

On the other hand, in [Koos et al., 2013], there is a brief review of what the reality gap is,
explaining some of the methods that are commonly used to deal with it (such as introducing
perturbations to the simulation or tuning the policy resulting from the simulations to reality
a posteriori, Among others) and an approach called the Transferability Approach is proposed.
This approach poses a multi-objective optimization problem in which the aim is to maximize
the performance function and a transferability function at the same time. This transferability
function seeks to capture which behaviors correspond highly between reality and simulation.
It is obtained by performing a reduced number of experiments in reality together with the
experiments in simulation so that those that show a performance close to the simulation get
high values of transferability and vice versa. In this way, the final behaviors obtained at the
end of the process are feasible both in simulation and in reality, taking advantage of the
versatility of the simulators to perform a large number of tests with few experiments on the
real robot.

Similarly, in [Rodriguez et al., 201§, the efficiency of the number of experiments required by
other methods is criticized, and the use of Bayesian optimization methods with experiments
both in simulators and in real robots for bipedal locomotion problems is proposed as an
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alternative. It should be noted that in this case, the learning is not done from zero, but it is
based on a predetermined open-loop running pattern which is complemented by a feedback
loop that is responsible for strengthening the performance of the system by modifying the
action on the different actuators according to the state of the robot.

1.3. Problem ldentification

When thinking about implementing robots to perform complex tasks, it is desired that their
programming is as simple as possible for the person teaching the task. Also, it is sought that
the robots are efficient in developing it in terms of speed of execution and associated energy
consumption. However, traditionally the programming of robots for the execution of tasks
has been a complex process that requires specific knowledge and skills for its realization since
the programming and kinematic and kinetic analysis of a robot are not trivial tasks.
Artificial learning techniques (such as imitation learning or reinforcement learning) have
been proposed to allow robots to execute tasks properly without explicit programming as
an alternative to achieve this ideal of simple and practical programming. This alternative
presents many opportunities for the development of the area since virtual agents trained
using artificial learning algorithms have demonstrated remarkable performances, such as the
victory of virtual entities in board games and video games by artificial intelligence against
human professionals. However, there are also many challenges to consider to realize this
application. Some of the most relevant are:

= The high variability shown by the results obtained by artificial learning methods,
not only for robotics tasks but for many other classes of problems as developed in
[Recht, 201§]. In that work, it is presented that the high variability leads to the results
obtained by these methods being very susceptible to change from one run of the algo-
rithm to another to the point where different results are reported by varying the seeds
of the random number generators employed as well as by varying the corresponding
hyperparameters.

= The high cost of time and resources involved in performing many experiments on
robots which are necessary due to the nature of these algorithms as mentioned in
[Rodriguez et al., 201§|. Conducting experiments on the actual robots involves time,
energy, wear and tear on the robot, and some risk of damage from falls or unsafe
behaviors. In addition, one also has that contrary to virtual environments, resetting
the experiments is usually done manually and requires time.

= The difference between the behaviors observed in real robots and those observed in
simulation, i.e., the reality gap. This gap hinders the direct application of these tech-
niques in purely simulation environments since behaviors that present a very high
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performance are not necessarily transferable to real robots either because they are ex-
ploiting some phenomenon that only occurs in the simulator or because the model is
not sufficiently detailed to correspond to reality as presented in [Koos et al., 2013].

s The fact that human motion patterns are not necessarily compatible with robots as
presented in [Koenemann et al., 2014] or even more, the fact that even when compati-
bility is given (intrinsically or by making appropriate adjustments), these patterns are
not necessarily the most suitable to perform the task with optimized performance since
when seeking to teach a new task to a robot, the person in charge of the demonstration
will not necessarily be an expert in the execution of this with what the results will not
necessarily be of high quality.

Thus, the problem to be addressed is the development of a robot training framework based
on artificial intelligence that allows robots to perform complex tasks in an optimized way in
terms of execution speed and energy consumption associated with them, solving each of the
above challenges. This framework is intended to apply to different tasks that can be modeled
under a reinforcement learning scheme, i.e., an agent that interacts with its environment and
obtains certain rewards (or punishments) from such interaction. In contrast, a person can
demonstrate the task for its execution, even if it is not optimal.

1.3.1. Case Study - Bipedal Locomotion

It is important to clarify that countless tasks fall under this categorization (tasks that can
be approached with artificial intelligence techniques). However, this thesis will focus only
on bipedal locomotion tasks as a case study. This case is chosen as it allows us to properly
illustrate the advantages mentioned earlier and the challenges that emerge from using these
methods for robot learning.

= There is wide variability in the results demonstrated by different artificial learning
algorithms as presented in [Mania et al., 2018] on humanoid locomotion tasks in the
MuJoCo Locomotion benchmark presented in [Duan et al., 2016]. This variability is
evidenced by the wide variety of different gait patterns that can emerge from random
conditions, among which there are patterns similar to those employed in reality by
people. Still, also strange behaviors appear, such as lateral or asymmetric gaits where
one leg moves much more than the other.

= The cost of performing the experiments directly on the robots of interest is evident
as the locomotion tasks involve wear and tear on the robot parts, generally require
manual reconfiguration of the environment and have some risk of damage due to falls.

» Simulation models for walking robots are usually not close enough to reality. Even
with quadruped models, it is impossible to directly migrate motion patterns learned in
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simulation to reality as presented in [Tan et al., 2018]. Therefore, biped models that
are even more delicate to work with (because they usually lack static stability during
some intervals within their gait) are even more exposed to this phenomenon.

= Although humanoid bipedal robots exist, in general, the specific morphology, the num-
ber of degrees of freedom, and weight distribution of these robots are not necessarily
identical to that of humans, so the patterns presented by humans will generally not be
directly transferable patterns for robots and even when they are, they will be subject
to improvement.

Additionally, bipedal robotic locomotion is a problem for which a large amount of informa-
tion is available for development and comparison since it is a problem widely studied both
by classical methods (predetermined closed solutions) as presented in [Ma et al., 2018] or
in [Kobayashi et al., 2018] and by learning-based methods as in [Merel et al., 2017]. Simi-
larly, it is worth noting that there are motion capture databases for various human move-
ments (such as walking, jogging, and running, among many others), such as those found
in [Carnegie Mellon University Graphics Lab, 2004]. Additionally, generating new data with
relative ease is possible, which is considered sufficient availability of material for studying
and developing new techniques.

1.3.2. Formal Problem Definition

The problem is presented as a reinforcement learning problem from the control perspecti-
ve following the notation and ideas presented in [Recht, 2018]. We have a time-invariant
dynamical system of the form:

Ti41 = f(fﬂt,Ut, et)

where f is a function that maps from the state x;, the input u; and the current random
perturbations e; of the system to the next state of the same z;,; at time ¢. We also consider
a function Ry(x¢,u,), which, for each time instant, assigns a reward to the pairs of (z, uy),
which we seek to maximize. Thus, the problem in general terms is stated as follows:

Z R(zy, ut)]

subject a xp11 = f(@¢, ur, €r)

maximize E.,

(given zy),

We seek to maximize the cumulative reward function obtained by the dynamic system over
time by manipulating the control signal u;. To determine u;, we define a function called
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“policy” m(z;), which maps the information of the system state (and possibly the pairs
(20, ug, ..., Ty, uy) visited so far) to the available set of actions.

For the project, the dynamic system of interest will correspond to the biped robot under
study, in which case f will correspond to the equations governing the robot’s motion (which
must be approximated in the modeling process), x; to the robot state information (inferred
from its sensors), u; to the control signal imposed on the robot (whether voltages, torques
or set point signals are applied) and e, will be the external disturbances affecting the robot
as well as the effect of dynamics not considered in the modeling.

The reward function to be considered must be determined during the project’s development.
However, a priori, it is known that it should be increasing concerning the speed of movement
of the robot in the task v; and should be decreasing concerning the energy consumption c;
(or a function that is proportional to it) so that the optimization objectives are balanced,

Ry, u) o< vy

R(zy, up) ox —¢4

Finally, it is emphasized that the policies 7; can take many different forms and that their
determination is the key to resolving the problem. However, the a priori search space is too
large to be studied in general terms since it is possible to use many types of structures for the
function. One can use anything from relatively simple structures, such as linear mappings
of the form w, = Ox; as in [Mania et al., 2018], to more complex structures, such as deep
neural networks as in [Nguyen and La, 2019]. Thus, to reduce this search space, the policies
are defined as functions with a predetermined form given with 6 parameters, which end up
being the variables with which the problem is solved. So, the optimization problem results
in the following;:

maximize ¢ |E,

ZR(xt,ut)”

=0
subject to x4y = f(xy, uy, €;)
subject to uy = 7(0,x;)
(given zg),

Thus, the development of the problem will consist of determining the policy’s predetermined
structure and optimizing its performance based on its parameters.
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1.3.3. Research Question

How can robotic systems be trained to perform bipedal locomotion tasks so that the obtained
performances are optimized in terms of energy consumption and execution speed, despite
the limitations imposed by the reality gap?

1.3.4. Complementary Questions

= How can information from human motion patterns be efficiently transferred to bipedal
robots?

» How do differences in morphology and initial pose between a robot and a person
influence the execution of a locomotion task?

= How can energy efficiency be improved in the execution of a task learned by demons-

tration?

= How can experiments conducted in simulation and with real robots be integrated to
achieve functional and efficient results?

1.4. Objectives

1.4.1. General Objective

To design a robot training strategy based on reinforcement learning that, through expe-
riments on both real robots and simulation, allows for the execution of bipedal robotic
locomotion tasks in an optimized manner in terms of energy consumption and execution
speed and whose results are feasible for implementation in real robots despite the reality

gap.

1.4.2. Specific Objectives

= Develop an imitation learning algorithm that allows robots to perform bipedal loco-
motion tasks in a manner similar to human demonstrations and is stable not only in
simulation but also in real robots.

= Design a reinforcement learning algorithm (based on the quality of the obtained wal-
king patterns) that employs experiments in simulation and with real robots, focusing
on bipedal robotic locomotion, to optimize the performance of parametric policies re-

garding energy consumption and movement speed.
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= Determine and implement an efficient mechanism to integrate information from dif-
ferent sources, such as patterns learned by imitation, predetermined models, and/or
patterns learned by reinforcement.

= Perform a comparative analysis of the proposed algorithms in both simulation and real
bipedal robots, emphasizing the effects of the reality gap and the observed variability
in the results.

1.5. Proposed Approach

This work proposes a robot training strategy that allows different robots to learn to walk
in optimized ways by implementing artificial intelligence techniques despite the limitations
imposed by the reality gap problem. The strategy was developed considering a modular
framework considering three main approaches:

= Non-linear Control Approaches: Considering that bipedal robots have been able
to walk since several years ago, the first approach considered, presented in Chapter
2, entails the modeling of the robots and the control structures employing already
well-established techniques in the literature. This first approach allows for determining
preliminary workflows and criteria for tackling the whole-body humanoid locomotion
problem, which is used as the basis for the following approaches and a comparison
reference.

= Imitation learning: Taking advantage of the before-mentioned similarity between
humans and robots, the second approach considered, presented in Chapter [3] entails the
use of imitation learning as an initialization tool for the process aiming to have initial
policies that although not optimal for the problem at hand, allow for the determination
of feasible human-like gait patterns. We took reference motion capture (MoCap) or
preliminary policy results to perform this imitation and adjusted the coefficients or
parametric policies to minimize a metric. The metric was a distance function that
relates the behavior of the different subjects (whether humans or robots) to a shared
space. However, mindlessly minimizing this metric, in general, is not enough since a
perfect imitation of another agent does not necessarily guarantee the viability of the
policy on the imitator. Therefore, we iteratively adjusted the results to obtain similar
and viable results in the target subjects.

= Reinforcement learning: As we are interested in obtaining fast and efficient per-
formances, the third approach considered, presented in Chapter [4] entails the use of
reinforcement learning as a tool that allows the improvement of different parametric
policies, whether randomly initialized or based on other preliminary approaches. To do
so, we performed an iterative process where most of the experiments were performed
in simulation but always had performance in reality as the ultimate goal.
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Once the individual approaches were developed, we obtained several modules that can be
implemented stand-alone or in combination with others. Chapter [5| presents some of the
different possible combinations of the modules presented aiming to determine the best overall
strategy. Finally, Chapter [6] offers the conclusions of the work and some insights for future
work.

1.5.1. Comprehensively Tested Approaches

As we introduce various modules, the multitude of potential combinations presents a cha-
llenge. Due to practical constraints with our available robots, namely the Darwin Mini (refer
to Section and MAX-E2 (refer to Section [2.4)), we focused our efforts on a subset of
feasible combinations during the project.

Our approach included a policy-based method (refer to Section [4.3.2)) with a fixed policy.
This policy, informed by robotics theory, defines a search space where trajectories align
with known problem constraints (refer to Section [4.3.]). Subsequently, we fine-tuned the
parameters using three distinct methods:

1. Manual Tuning: We initially selected conservative parameters to establish a basic,
stable gait as a reference.

2. Reinforcement Learning Tuning from Aleatory Initial Conditions: Parameters
were optimized from randomly initialized values using a gradient-based method (refer

to Section {4.4.2)).

3. Reinforcement Learning Tuning from Imitation Learning Initial Conditions:
Parameters obtained from motion capture data, mapped to the robot space using our
proposed Dynamic Retargeting Method (refer to Section [3.5]), were further refined
using a gradient-based method (refer to Section .

For low-level control in simulations, we employed first-order kinematic control (refer to Sec-
tion using hybrid models (refer to Section to characterize and estimate the robots’
states. In physical experiments, due to hardware limitations, we utilized internal servomotor
controllers in position mode to set joint space targets that the robots followed. Additionally,
we considered the internal registries of the servomotors and the robots’ hybrid models. All
implementations on the robots considered transferability limitations and specific strategies

(refer to Section 4.5.4)).



2. Robots Modeling and Control Models

Humanoid robots have made significant strides in locomotion capabilities over the past few
decades from the earliest works on bipedal gait synthesis as [Vukobratovic and Juricic, 1969],
there have been several approaches for obtaining stable bipedal robotic locomotion as the
use of Hybrid zero dynamics for underactuated robots as [Westervelt et al., 2003], the use of
the theory of passive walkers as [Collins et al., 2005], and the use of optimization-based tech-
niques as [Kuindersma et al., 2016]. As we explore the challenges of this type of locomotion,
it becomes evident that leveraging the existing modeling and control tools can significantly
benefit this thesis’s workflow. In this chapter, we delve into the crucial aspects of robot
modeling and control, recognizing the value of the previous analytical methods brought to
the development of effective locomotion strategies.

While learning models that bypass the need for explicit models or directly map sensor in-
puts to actuator outputs have gained attention, as in [Lillicrap et al., 2015], it is essential
to consider the advantages of employing established models and controllers. Utilizing the
knowledge and techniques already developed in the field can enhance our final strategies’
sample efficiency and overall performance. The integration of well-established modeling ap-
proaches enables us to tap into the wealth of prior knowledge, allowing for a more informed
and efficient exploration of bipedal locomotion strategies. For instance, considering formal
stability methodologies such as the ZMP point criterion or the Poincaré Return Map crite-
rion, it is possible to have formal guarantees on the robot’s stability that are omnipresent in
the control community but not so much in artificial learning studies.

An appropriate model serves as the foundation for our research, facilitating meaningful si-
mulations that contribute to bridging the gap between simulation and real-world implemen-
tation. Although it is usually unfeasible, a perfect simulator has no reality gap and allows
direct transferability. By accurately capturing the kinematics, dynamics, and interactions of
humanoid robots, we gain insights into the intricacies of locomotion. Through these simula-
tions, we can narrow the reality gap, refining our strategies and improving the likelihood of
successful implementation in the real world.

In this chapter, we embark on a comprehensive exploration of robot modeling and control.
We start by discussing the general model of humanoid robots, encompassing state description
and sensors, robot actuators, kinematic relationships, kinetic interactions, walking phases,
impact models, and stability criteria. Following this, we delve into the various control models
employed in humanoid robotics, focusing on low-level control and parametrizing trajectories.
Additionally, we provide specific models for two humanoid robots: the Darwin Mini and the
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Robotis Engineer Kit (MAX-E2). These models offer detailed insights into their kinematic
structure, kinetic parameters, actuation mechanisms, sensing capabilities, and internal PC
configurations.

The rest of the Chapter is organized as follows: Section presents the different elements
of the model considered for the bipedal gait of robots in general, Section presents the
low-level and trajectory planning strategies for achieving the desired behaviors on the robots,
Section presents the particularities of the Robot Darwin Mini, and Section presents
the particularities of the Robot MAX-E2.

2.1. General Model

Following the ideas presented in [Chevallereau et al., 2014], the bipedal robots are modeled
as multi-domain hybrid systems of the form:

S = (T, X,U,S,A,FG), (2-1)

where I' corresponds to the graph that relates the different phases of the gait, X corresponds
to the state variables of the system (as the joint angles and velocities), U corresponds to the
input vector of the system, S corresponds to the switching surface that maps the impact
conditions, A corresponds to the reset map that determines the instantaneous change in the
state variables after the impacts and FG corresponds to the flow equations that determine
the evolution of the state variables when there are no impacts. Considering a gait with N,
phases, the resulting model corresponds to

(X = (A} & c R

U= U} U CR™

S =4 FG={(fi o)} s @ = fila) + gi(wi)u, (2-2)
S={8} ST = {m; € X|H[ (2;) = 0, HIT (2;) < 0}

(A = {AFYY o, = A (ay)

where AX; corresponds to the state variables that describe the system in the i-th phase,
n; corresponds to the number of degrees of freedom of the system in the i-th phase, U;
corresponds to the control variables of the system in the i-th phase, m; corresponds to the
number of actuated variables in the i-th phase, f; and g; correspond to the dynamic equations
of the system at the i-th phase, Si”l corresponds to the switching surface that takes the
system from the i-th phase to the next, H/™' is the guard function that parameterizes the
switching surface, and A" is the reset maps that sets the state of the system form x; (right
before the impact) to z;, (right after the impact). Note that the phases are considered
cyclical so that N, +1 — 1.
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It is worth mentioning that the system’s state must be inferred from the robots’ sensors in
real environments since this information is not intrinsically available as in the simulation
environments.

To characterize each of the components of this model, it is required to consider the compo-
nents of the system and their dynamics considering:

The sensors and actuators models.

The kinematic relationships.

The kinetic interactions.

The walking phases and the impact models.

2.1.1. State Description and Sensors

The state of a bipedal robot X encapsulates different variables related to the robot’s pose and
its links. It may also contain information related to the forces that act on it or the internal
components of the robot as the battery or the actuators. It is worth mentioning that the pose
and velocities must be expressed related to a convenient reference frame. Depending on the
gait type considered, the state of the bipedal robot can be inferred using only information
related to their joint angles as in the case of non-slipping walking gaits where at least one
foot is in contact with the floor in each instant, or it may be required to consider additional
information as in the case of jogging gaits where the contact with the floor is intermittent.

To determine the state of the bipedal robotic system, it is required to have specific sensors
on it. These sensors are all the devices that provide information about the state of the ro-
bot and its environment, measuring directly or indirectly certain interest variables. These
sensors can be classified into two categories as presented in [Siegwart et al., 2011]. The pro-
prioceptive sensors provide information about the inner state of the robot (as the encoders of
each joint or the inertial sensors), and the exteroceptive sensors provide information about
the environment and the interactions of the robot with it (as gyroscopes, GPS sensors, or
cameras).

Sensor fusion combines data from multiple sensors to obtain a more accurate and complete
estimate of a system’s state. A single sensor cannot obtain the required accuracy and re-
liability in many real-world applications. For example, a mobile robot’s state estimation in
robotics could be based on multiple sensors, such as an inertial measurement unit (IMU)
for measuring acceleration and angular rates, encoders for measuring wheel velocities, and
cameras for measuring visual features.

Kalman Filters are a widely used method for sensor fusion. They are recursive algorithms
that estimate a system’s state given uncertain measurements over time. The Kalman Filter
works by combining predictions of the system’s state based on a mathematical model with
measurements of the system’s state from multiple sensors. These filters assume that a linear
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dynamic system can model the system’s state and that the measurements are subject to
Gaussian noise. The filter uses a probabilistic model to estimate the system’s state and the
uncertainty associated with that estimate and computes a weighted average of the predicted
state and the measurements, where the relative uncertainties of the predictions and the
measurements determine the weights. Although Kalman Filters are initially defined for linear
systems, they can be extended to handle nonlinear systems using an extended Kalman Filter
or a particle filter.

2.1.2. Robot Actuators

The control variables of the robot U can be considered from different perspectives. It is
possible to consider that the input signals of the system are the set points for the robot’s
joint angles, the torques applied on each joint, or the voltage applied to the actuator. From
a kinetic perspective, it is clear that the physical variables that act on the robot are the
torques or the forces of the actuators on each joint. However, the actuators usually have their
dynamics, and those forces or torques are not necessarily controlled directly. For instance,
the actuators employed on bipedal robots are usually electrically driven servomotors. These
servomotors usually have an internal control loop that takes as input the desired position
of the joint and employs a simple PID controller to determine the required voltage (and
consequently current) delivered to the motor to reach the target position.

2.1.3. Kinematic Relationships

Every robot can be modeled as a kinematic chain (or kinematic tree) where the position
and rotation of each interest frame f on the robot can be described as a 4 x 4 uniform
transformation matrix that depends on the articular values ¢ from a base frame to the
interest one:

. RSXB(Q) P3><1(Q)

Ww=|"" I (2-3)
X

where T}/ (¢) is the transformation matrix that relates the frame f relative to the frame 0,
R(q) is the 3 x 3 rotation matrix, and P(q) is the 3 x 1 position vector of the frames of
interest.

These matrices can be obtained by multiplying the corresponding one to each subsequent
frame concerning the previous one up to the root:

f

T(e) =] T (2-4)

=1

Note that even if the rotation matrix has nine elements, several restrictions allow it to be
represented in 3 or 4 parameters (as Euler angles or quaternions).
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Differential Kinematics

To obtain the linear and angular velocities of the interest, it is possible to forward propagate
the velocities of each link from the root frame to any interest one summing those speeds in
the appropriate reference frame:

wé(q, q) = wé_l + wf_l = wé_l + R;q;z;, (2-5)

vo(g, 4) = vg '+ vy = vt wp Xy, (2-6)

where w} is the angular velocity of the frame i relative to the origin (the world frame), w!_,
is the angular velocity of the frame ¢ relative to the previous frame i — 1, R; is the rotation
matrix corresponding to the frame ¢, ¢; is the angular velocity of the joint ¢ and Z; is the
direction of the axis where the joint 7 acts, v{ is the linear velocity of the frame 7 relative to
the origin, v!_, is the linear velocity of the frame 7 relative to the previous frame i — 1, and
rt | is the position of the frame 7 relative to the previous 7 — 1.

Alternatively, it is possible to use the Jacobian matrix J, of the interest variables x (also

called 