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Abstract

This thesis proposes a general control architecture for 3D dynamic walking. It is based on a
divide-and-conquer approach that is assisted by learning. No dynamic models are required
for the implementation.

In the approach, the walking task is divided into three subtasks: 1) to maintain body
height; 2) to maintain body posture; and 3) to maintain gait stability. The first two
subtasks can be achieved by simple control strategies applied to the stance leg. The third
subtask is mainly effected by swing leg behavior. By partitioning the overall motion into
three orthogonal planes (sagittal, frontal and transverse), the third subtask can be further
divided into forward velocity control (in the sagittal plane) and lateral balance (in the
frontal plane). Since there is no explicit solution for these subtasks, reinforcement learning
algorithm, in particular, Q-learning with CMAC as function approximator, is used to learn
the key parameters of swing leg strategy which determine the gait stability.

Based on the proposed architecture, different control algorithms are constructed and
verified using the simulation models of two physical bipedal robots. The simulation analysis
demonstrates that by applying an appropriate local control laws at stance ankle joints, the
learning rates for the learning algorithms can be tremendously improved.

For the lateral balance, a simple control algorithm (without learning) based on the notion
of symmetry is discovered. The stability of the control algorithm is achieved by applying
appropriate local control law at the stance ankle joint. A dynamic model is constructed to
validate this approach.

The control algorithms are also demonstrated to be general in that they are applicable to
different bipeds that have different inertia and length parameters. The designer is also free
to choose the walking posture and swing leg strategy. Both “bird-like” and “human-like”
walking postures have been successfully implemented for the simulated bipeds.

Thesis Supervisor: Gill A. Pratt
Title: Professor of Electrical Engineering and Computer Science
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Chapter 1

Introduction

1.1 Background

Animal locomotion research has been around for more than a century. As defined by Inman,
Ralston and Todd [41]: “Locomotion, a characteristic of animals, is the process by which
animal moves itself from one geographic position to another. Locomotion includes starting,
stopping, changes in speed, alterations in direction, and modifications for changes in slope.”

Bipedal locomotion is associated with animals that use exactly two limbs to achieve
locomotion. There are numerous reasons for studying bipedal locomotion and building
bipedal robots. The main motivation is that human beings are bipedal. It is desirable for
us to replicate a machine with the same mobility as ourselves so that it can be placed in
human environments, especially in areas that pose great hazard for human beings.

It is also interesting to understand the basic strategies of how bipedal creatures perform
walking or running. It is interesting to find out why the walking task, which can be easily
performed by human beings and other living bipeds, seems to be daunting for a robotic
biped. This understanding may aid the development of better leg prostheses and help many
people who lose their lower extremities walk again. It may also be applied to rehabilitation
therapy for those who lose their walking ability.

It is a great challenge for scientists and engineers to build a bipedal robot that has
agility and mobility similar to a human. The complexity of bipedal robot control is mainly
due to the nonlinear dynamics, unknown environment interaction, and limited torque at
the stance ankle (due to the fact that the feet are not fixed to the ground).

Many algorithms have been proposed for the bipedal walking task [71, 25, 36, 32, 7, 43,
38, 39, 40, 52, 50, 55, 28, 70, 31]. To reduce the complexity of the bipedal walking analysis,
some of the researchers restricted themselves to planar motion studies, some adopted simple
models or linearization approaches, etc. Waseda University [106, 107, 122, 123] has con-
ducted much research on 3D bipedal walking. All the implementations adopt a stabilization
approach using trunk motion. The algorithms derived are thus not applicable to a biped
that does not have the extra DOF on the body.

Honda humanoid robots (P2 and P3) [38] are the state-of-the-art 3D bipedal walking
systems. They do not have extra DOF on the body to provide the stabilization control as
in Waseda’s robots. The lower extremities have the minimum number of DOF (6 DOF in
each leg) which still allow the same mobility as human beings. Thus, the robots are capable

13



14 CHAPTER 1. INTRODUCTION

of achieving most walking behaviors of their human counterparts.

Honda’s control method is based on playing back trajectory recordings of human walk-
ing on different terrains [78]. Though the resulting walking execution is very impressive,
such a reverse engineering approach requires iterative parameter tunings and tedious data
adaptation. These are due to the fundamental differences between the robots and their
human counterparts, for example, the actuator behaviors, inertias, dimensions, etc.

The MIT Leg Laboratory has recently designed and built a 3D bipedal robot called M2
(see Section 1.2). The robot has the same DOF at the lower extremities as the Honda’s
robots. Apart from the approach by Honda, there are very few algorithms proposed for
such a biped. In this thesis, the author aims to construct and investigate new 3D dynamic
walking algorithms for the biped.

1.2 Target Systems

For legged robots, the control algorithms are very much dependent on the structure, degrees
of freedom, actuator’s characteristics of the robot. This section describes the bipedal robots
for which the walking control algorithms are designed.

Two bipedal robots will be considered in this thesis. One is a headless and armless
7-link planar bipedal robot called Spring Flamingo (see Figure 1-1). It is constrained to
move in the sagittal plane. The legs are much lighter than the body. Each leg has three
actuated rotary joints. The joint axes are perpendicular to the sagittal plane. The total
weight is about 12 kg.

The biped has a rotary angular position sensor at each DOF. It is used to measure the
relative (anatomical) angular position between consecutive links. In the simulation model,
it is assumed that the biped has a single axis gyrocope or an inclinometer fixed to the body
which can provide the body posture information !. Each foot has two contact sensors at
the bottom, one at the heel and one at the toe, to determine ground contact events.

The other robot is an unconstrained (3D) biped called M2 (Figure 1-2). It is also
headless and armless. However, it has more massive legs compared with Spring Flamingo.
Each leg has six active DOF of which three DOF is available at the hip (yaw, roll, pitch),
one at the knee (pitch) and two at the ankle joint (pitch, roll). Each DOF has an angular
position sensor to measure the relative angle between two adjacent links. Each of the feet
has four force sensors (two at the toe and two at the heel) to provide the contact forces
between the feet and the ground. A gyroscopic attitude sensor is mounted in the body to
detect its roll, pitch and yaw angles. The total weight is about 25kg.

In both systems, the joints are driven by force/torque controlled actuators called Series
Elastic Actuators [79]. The dynamic range of the actuators is quite good, and they are
assumed to be force/torque sources in the simulation analysis in this thesis. Simulation
models of these robots are created using the simulation tool described in Section 1.5. The
model specifications for Spring Flamingo and M2 are given in Table 1.1 and 1.2, respectively.

'In the real robot, the body posture is provided by an angular position sensor attached between the body
and a boom.
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Figure 1-1: 7-Link 6 DOF planar biped - Spring Flamingo

Figure 1-2: Three-dimensional biped: M2 (CAD drawing by Daniel Paluska)
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Table 1.1: Specifications of Spring Flamingo

‘ Description ‘ Value
Total Mass 12.04kg
Body Mass 10.00kg
Thigh Mass 0.46kg
Shin Mass 0.31kg
Foot Mass 0.25kg

Body’s Moment of Inertia about COM | 0.100kgm?

Thigh’s Moment of Inertia about | 0.0125kgm?
COM
Shin’s Moment of Inertia about COM | 0.00949kgm?
Foot’s Moment of Inertia about COM | 0.00134kgm?

Thigh Length 0.42m
Shin Length 0.42m
Ankle Height 0.04m
Foot Length 0.15m

1.3 Objective and Scope

In terms of walking gaits, bipedal locomotion research can be classified into two main
areas: 1) static walking and 2) dynamic walking. In static walking, the biped has to
move very slowly so that its dynamics can be ignored. A static walking algorithm usually
tries to maintain the biped’s projected center of gravity (PCOG) within the boundary of
the supporting foot or the smallest convex hull containing the two feet during the double
support phase. By obeying this constraint and walking sufficiently slowly, the biped would
not fall over if it freezes all its joints at any instance. Static walking is simple to implement
because only geometry information is required to compute the location of the projected
center of gravity. However, the walking speed and step size are limited.

In dynamic walking, the motion is faster and hence, the dynamics are not negligible.
If the biped suddenly freezes all its joints, its momentum may cause it to topple over. In
dynamic walking, one can look at the zero moment point (ZMP) [112] rather than PCOG.
The ZMP is the point where the resulting reaction moment vector on the foot does not
have a component in the horizontal plane (assuming the foot is on a horizontal ground).
However, the ZMP does not have direct implications for walking stability. The choice of an
appropriate and alternating sequence of steps between left and right leg results in walking
stability. Dynamic walking usually results in larger step lengths and greater efficiency than
static walking. However, the stability margin of dynamic walking is much harder to quantify.

The objective of this thesis is to synthesize and investigate a general control architecture
for M2, or other robots that have the same DOF, to achieve 3D dynamic bipedal walking. In
subsequent chapters, the walking task refers to the dynamic case unless otherwise specified.
The control architecture is based on a divide-and-conquer approach in which the 3D bipedal
walking task is decomposed into smaller subtasks. A learning method is applied to those
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Table 1.2: Specifications of M2

‘ Description ‘ Value
Total Mass 25.00kg
Body Mass 12.82kg
Thigh Mass 2.74kg
Shin Mass 2.69kg
Foot Mass 0.66kg
Body’s Principal Moment of Inertia
X-axis 0.230kgm?
y-axis 0.230kgm?
Z-axis 0.206kgm?
Thigh’s Principal Moment of Inertia
X-axis 0.0443kgm?
y-axis 0.0443kgm?
z-axis 0.00356kgm?
Shin’s Principal Moment of Inertia
x-axis 0.0542kgm?
y-axis 0.0542kgm?
z-axis 0.00346kgm?
Foot’s Principal Moment of Inertia
x-axis 0.000363kgm?
y-axis 0.00152kgm?
7-axis 0.00170kgm?
Hip Spacing 0.184m
Thigh Length 0.432m
Shin Length 0.432m
Ankle Height (from ankle’s pitch axis) | 0.0764m
Foot Length 0.20m
Foot Width 0.089m

17



18 CHAPTER 1. INTRODUCTION

subtasks that do not have simple solutions. Besides being able to achieve a stable walking
gait, the resulting algorithm should achieve the following walking specifications:

1. The biped should be able to walk even when the step length is constrained.
2. The biped should be able to vary the walking speed.

The control algorithm should also have the following characteristics:

1. It should be easy to implement.

2. It should be applicable for real-time implementation.

3. It should be applicable to bipeds of different mass and length parameters.

4. The learning rate of the learning component to achieve the learning target should be
high.

These specifications will be discussed in more detail in Section 3.2. The scope of this
research is restricted to bipedal walking on level ground along a linear path. The analysis
will be carried out in a dynamic simulation environment. Only the transient behavior from
standing to forward walking is included in the analysis. The transient from walking to
standing will not be studied though it should be achievable by the proposed approach. This
thesis will also not study other behaviors of bipeds like static walking, turning, jumping,
running, etc.

1.4 Approach

This section briefly explains how the specifications presented in the previous section can
be achieved or implemented. The key philosophy adopted in this thesis is to seek the
simplest possible control algorithm that satisfies the specifications stated in Section 1.3.
The reason for such a guideline is that bipedal walking is usually very complex (especially
dynamic walking). Therefore, it is not advisable to adopt very complex control algorithms.
Otherwise, the overall system is most likely to be extremely complex or even intractable.

One of the ways to reduce the complexity of the problem is by task decomposition or
divide-and-conquer approach. For example, 3D bipedal walking can be broken down into
motion controls in the transverse, sagittal and frontal planes (see Figure 1-3). Each of these
can then be considered individually.

Pratt et al. [80] proposed an intuitive control algorithm called “Turkey Walking” for
planar bipedal walking based on a control language called Virtual Model Control. In the
algorithm, the planar walking task is decomposed into three subtasks: 1) to maintain body
height; 2) to maintain body speed; and 3) to maintain body posture.

The algorithm is well behaved and can easily be extended for rough terrain locomotion
[20]. However, the control mechanism for the body speed can only be applied during the
double support phase. It requires the double support phase to be significant in order to do
the job. This requires the swing leg to be swung rapidly so as to produce longer period of the
double support phase. This is hard to achieve when the walking speed is high because the
real robot usually has limited joint torques. Furthermore, fast swing-leg motion consumes
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Figure 1-3: The orthogonal planes: Sagittal, Frontal and Transverse.

more energy. Due to the deficiency of the speed control based on the double support phase,
this thesis does not adopt this strategy. Instead, the swing leg behavior is considered to
be the key determinant for the gait stability. This idea is applicable to both forward speed
stabilization and lateral balance of bipeds. However, due to the complexity of the bipedal
walking sytem, there is no closed form expression for the foot placement parameters in
terms of the desired walking speed or other gait parameters. As such, a learning approach
is proposed for the swing leg task.

In this thesis, the divide-and-conquer approach used in the “Turkey Walking” algorithm
is extended to the 3D walking task. In the 3D walking task, the motion control is first par-
titioned into the three orthogonal planes. Each of these is further subdivided into smaller
subtasks. A learning algorithm is used to assist those subtasks that are not easily accom-
plished by simple strategies or control laws. The overall control algorithm should satisfy
the desired performance specifications discussed before.

In this approach, the learning time is expected to be shorter than those learning ap-
proaches that learn all the joint trajectories from scratch. This is because the scope of
learning is smaller and less complex if the learning algorithm focuses on just a subtask.
Furthermore, the previous research results of the Turkey Walking algorithm can be uti-
lized. In summary, the robot should only learn the tasks or parameters that really require
learning. A detailed description of this approach is presented in Chapter 3.
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1.5 Simulation Tool

SD FAST, a commercial dynamic simulation program from Symbolic Dynamics, Inc [91] is
used to generate the dynamics of the simulated bipeds. It is based on Newtonian mechanics
for interconnected rigid bodies. An in-house simulation package called the Creature Library
[88] is used to generate all the peripheral C routines (except for the dynamics) for the
simulation after a high level specification of the biped is given.

The dynamic interaction between the biped and the terrain is established by specifying
four ground contact points (two at the heel and two at the toe) beneath each of the feet.
The ground contacts are modeled using three orthogonal spring-damper pairs. If a contact
point is below the terrain surface, the contact model will be activated and appropriate
contact force will be generated based on the parameters and the currect deflection of the
ground contact model. If a contact point is above the terrain surface, the contact force is
Zero.

Before a simulation is run, the user needs to add a control algorithm to one of the C
programs. In the control algorithm, only information that is available to the physical robot is
used. The body orientation in terms of the roll, pitch, yaw angles and the respective angular
velocities are assumed to be directly available. All the joint angles and angular velocities
are also known. The contact points at the foot provide information about whether they are
in contact with the ground or not.

The output of the control algorithm is all the desired joint torques. The dynamics of
the actuators are ignored in the simulation. That is, the actuators are considered to be
perfect torque or force sources.

1.6 Thesis Contributions

The contributions of this thesis are:

1. The synthesis of a general control architecture for 3D dynamic bipedal walking based
on a divide-and-conquer approach. Learning is applied to achieve gait stability. No
prior mathematical model is needed.

2. The demonstration that dynamic walking can be achieved by merely learning param-
eters of swing leg control.

3. The design and investigation of several walking algorithms based on the proposed
control architecture.

4. The demonstration of the effects of local control mechanism on learning rate and
stabilization.

5. The application of the notion of symmetry for lateral balance during forward walking.
A quantitative analysis has been done to verify the approach.

6. The demonstration of the generality of the control architecture by applying the al-
gorithm to different bipeds that have similar degrees of freedom but different inertia
and length parameters.
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1.7 Thesis Outline

Chapter two gives a literature review of the bipedal locomotion research that is relevant
to this thesis. It groups bipedal walking research into four categories. Examples of each of
the categories are discussed.

Chapter three presents the common characteristics of bipedal walking. It also de-
scribes the desired performance of the walking task and the control algorithm. The moti-
vation for the approach adopted in this thesis is then discussed. A control architecture for
the 3D dynamic walking task is presented.

Chapter four describes the methods or tools utilized to formulate the walking control
algorithm based on the proposed control architecture. It includes Virtual Model Control
which is used to facilitate the transformation of the desired behavior of the stance and swing
legs into respective joint torques. It also describes a reinforcement learning method called
Q-learning that is used to learn the key swing leg parameters.

Chapter five first presents an analysis of the sagittal plane walking motion. The swing
leg dynamics is demonstrated to be significant and not ignorable in general based on a
simple double pendulum model. The application of learning to the control algorithm is
also justified. After that, several algorithms for the sagittal plane walking are presented.
The usage of the local control at the stance ankle joint in speeding up the learning process
is illustrated by simulations. The generality of the proposed control architecture is also
demonstrated by applying one of the algorithms to two different bipeds.

Chapter six first presents some heuristics of the frontal plane motion. Then, the frontal
and transverse planes algorithms are presented. They are combined with the sagittal plane
to form a 3D dynamic walking algorithm. Two approaches for the lateral balance are
highlighted. One is based on the learning approach and the other is based on the notion of
symmetry. A simple model is constructed to verify the latter approach. All the algorithms
are verified in the simulation environment using the simulated M2.

Chapter seven includes two other implementations to illustrate the flexibility and
generality of the proposed control architecture. One of these is the variable walking speed
implementation. The other is to achieve a different walking posture.

Chapter eight concludes the work of this thesis and suggests future work.
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Chapter 2

Literature Review

Much research has been done in the area of bipedal locomotion in recent years. Since
bipedal locomotion is a complex problem and the scope of bipedal locomotion is wide, most
researchers have restricted their research to a smaller area. For example, some researchers
have concentrated on the area of mechanics, some on control, some on energetics of biped
locomotion, etc. Some researchers further simplify matters by partitioning the biped gait
and restricting their analysis either to the sagittal plane or the frontal plane.

For a biped robot to achieve a walking gait, the control algorithm needs to comply
with the constraints of the bipedal system. One important constraint is the unpowered
DOF between the foot and the ground [112]. This constraint limits the trajectory tracking
approach used commonly in manipulator research and is one of the main reasons bipedal
locomotion is such a challenging research area.

This chapter classifies the control approaches adopted for dynamic bipedal walking into
four categories: 1) model-based; 2) biologically inspired; 3) learning; and 4) divide-and-
conquer. Various approaches for each of the categories will be presented. These classes of
approach discussed in this chaper are by no means mutually exclusive or complete. Some
research may combine several of these approaches when designing a control algorithm for
the bipedal walking.

2.1 Model-based

In this approach, a mathematical model of the biped derived from physics is used for the
control algorithm synthesis. There is a spectrum of complexity for a biped model, ranging
from a simple massless leg model to a full model which includes all the inertial terms,
friction, link flexibility, actuator dynamics, etc. Except for certain massless leg models,
most biped models are nonlinear and do not have analytical solutions. In addition, there is
underactuation between the stance foot and the ground; and unknown discrete changes in
the state due to foot impact.

The massless leg model is the simplest model for characterizing the behaviors of the
biped. The body of the biped is usually assumed to be a point mass and can be viewed
to be an inverted pendulum with discrete changes in the support point. The massless leg
model is applicable mainly to a biped that has small leg inertia with respect to the body.

23



24 CHAPTER 2. LITERATURE REVIEW

In this case, the swing leg dynamics can be ignored under low walking speed.

Kajita et al. [52, 50] have derived a massless leg model for a planar biped that follows a
linear motion. During single support phase, the resulting motion of the model is like a point
mass inverted pendulum with variable length. The dynamic equations of the resulting linear
motion can be solved analytically. From the model, the touchdown condition of the swing
foot is determined based on an energy parameter. Inverse kinematics is used to specify the
desired joint trajectories and simple control law is used at each joint for tracking.

When the leg inertia is not ignorable, it needs to be included in the biped model. One
basic model that includes the leg inertia is the Acrobot model [118, 73]. It is a double
pendulum model with no actuation between the ground and the base link (corresponding
to the stance leg). This is commonly used to characterize the single support motion of the
biped.

When the leg inertia and other dynamics like that of the actuator, joint friction, etc are
included, the overall dynamic equations can be very nonlinear and complex. A linearization
approach is usually adopted to simplify these dynamic equations. The linearization can be
done with respect to selected equilibrium points to yield sets of linearized equations.

Miura and Shimoyama [71] built a 3D walking biped that had three links and three
actuated degrees of freedom: one at each of the hip roll joints and one for fore and aft motion
of the legs. The ankle joints were limp. The biped was controlled using a linearized dynamic
model. The model assumed that the motions about the roll, pitch and yaw axes were
independent. It also assumed that the yaw motion was negligible and there was no slipping
between the feet and the ground. After selecting a set of feasible trajectories for the joints,
state feedback control laws were then formulated for the joints to generate compensating
inputs for the nominal control inputs. The control laws ensured the convergence of the
actual trajectories to the desired trajectories. Since they adopted a linearized model for the
biped, the motion space had to be constrained to a smaller one so that the model was not
violated.

Mita et al. [70] proposed a control method for a planar seven-link biped (CW-1) using
a linear optimal state feedback regulator. The model of the biped was linearized about a
commanded attitude. Linear state feedback control was used to stabilize the system based
on a performance function so that the biped did not deviate from the commanded attitude.
For the gait control, three commanded attitudes were given within a gait interval and the
biped could walk arbitrary steps with one second period. They assumed that the biped had
no torque limitation at the stance ankle. The biped had large feet so that this assumption
was valid.

2.2 Biologically Inspired

Since none of the bipedal robots match biological bipeds in terms of mobility, adaptability,
and stability, many researchers try to examine biological bipeds so as to extract certain
algorithms (reverse engineering) that are applicable to the robots.

The steps taken are usually as follows. First, the behaviors of the biological system are
observed and analyzed. Then, mathematical models and hypotheses for the behaviors are
proposed. After that, they are verified through simulations or experiments. However, in
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most cases, the observations only constitute a small piece of the big puzzle. Thus, their
applications to the bipedal robots can be limited.

This subsection includes two main research areas in this category. The first is the
Central Pattern Generators (CPG) approach which is based on the findings that certain
legged animals seem to centrally coordinate the muscles without using the brain. The
second is the passive walking approach that is based on the observation that human beings
do not need high muscle activities to walk.

2.2.1 Central Pattern Generators (CPQG)

Grillner [34] found from experiments on cats that the spinal cord generated the required
signal for the muscles to perform coordinated walking motion. The existence of a central
pattern generator that is a network of neurons in the spinal cord was hypothesized.

The idea of CPG was adopted by several researchers for bipedal walking [103, 104, 7].
One typical approach is the use of a system of coupled nonlinear equations to generate
signals for the joint trajectories of bipeds. The biped is expected to achieve a stable limit
cycle walking pattern with these equations.

Taga [103, 104] applied a neural rhythm generator to a model of human locomotion. The
neural rhythm generator was composed of neural oscillators (a system of coupled nonlinear
equations) which received sensory information from the system and output motor signals
to the system. Based on simulation analysis, it was found that a stable limit cycle of
locomotion could emerge by the principle of global entrainment. The global entrainment
was the result of the interaction among the musculo-skeletal system, the neural system and
the ground.

Bay and Hemami [7] demonstrated that a system of coupled van der Pol oscillators
could generate periodic signals. The periodic signals were then applied to the walking task
to produce rhythmic locomotion. In their analysis, the dynamics of the biped such as the
force interactions between the support leg(s) and the ground were not considered.

One disadvantage of a CPG approach based on a set of coupled nonlinear equations is
that there are many parameters to be tuned. It is also difficult to find a set of parameters
that enable entrainment of the overall system. Even if a periodic walking behavior can be
obtained, it is hard to predict the walking behavior when it is subjected to disturbance due
to uncertain ground profile. It is also hard to change the behavior or add more behaviors.

2.2.2 Passive Dynamics

Passive dynamics study provides interesting natural dynamic model for the mechanics of
human walking [63, 64, 30]. It was partly inspired by a bipedal toy that was capable of
walking down a slope without any actuator system. The toy rocked left and right in a
periodic motion. When a leg is lifted in the process, it could swing freely forward and
arrived in a forward position to support the toy for the next half period of the motion. If
the slope is within a certain range, a stable limit cycle behavior can be observed. When
this occurs, the work done on the toy by the gravitational force equals the energy loss by
the biped (e.g., impact loss, friction at the joints between the body and the legs).

Most passive dynamics analyses study the stability and periodicity issue of passive walk-
ing. Similar to the bipedal toy, most passive walking implementations do not incorporate
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any actuator systems or active controllers in the walker. The walking behaviors are usually
demonstrated on a downslope so that the gravitational potential energy can be utilized to
generate the walking motion.

Though passive walking has nice properties like being able to achieve a minimum energy
gait without active control, it is sensitive to parameter variations [63], such as, the mass
distribution, joint friction etc. During physical implementation, iterative tuning is usually
required before a successful implementation can be achieved. Furthermore, it is still unclear
how it can be implemented for rough terrain walking.

2.3 Learning

The learning approach is often touted to possess biological behaviors. It is evident from
observing toddlers who are just starting to walk that walking is a learned process. Learning
is also commonly applied to systems whose models are hard to derive or implement. In
some cases, learning is used to modify a nominal behaviors that are generated based on a
simplified model.

Miller, Latham and Scalera [69] adopted a simple gait oscillator which generates the
trajectory of the swing leg for a simulated planar biped. The input to the oscillator was the
step time and the desired step length based on a fixed model. A CMAC (Cerebellar Model
Articulation Controller) network was used to adjust the desired step length based on past
experience. The purpose was to achieve a desired forward velocity at the end of each step.
The CMAC network was trained under two different times scales. Based on the velocity
error at the end of each step, a supervised learning approach was adopted to adjust the
step length prediction of the last control cycle of the previous step. Also, the step length
prediction for each control cycle was adjusted based on the prediction in the next control
cycle. When the biped fell forward or backward during a step, the CMAC network step
length prediction at the end of the last step was adjusted by a fixed value in a direction
opposite to the fall direction. The control algorithm was successfully implemented for a
simulated planar three-link biped with massless legs.

Wang, Lee, and Gruver [113] presented a neuromorphic architecture based on supervised
learning for the control of a three-link planar biped robot. Based on the biped’s dynamic
model, a control law was obtained by nonlinear feedback decoupling and optimal tracking
approach. Then, they used a hierarchical structure of neural networks to learn the control
law when the latter was controlling the biped. They assumed that the desired joint trajec-
tories were available. However, in physical implementation, due to the torque limitation of
the stance ankle, it is difficult to obtain a working set of joint trajectories without violating
this constraint.

Miller [66] designed a learning system using neural networks for a biped that was capable
of learning the balance for side-to-side and front-to-back motion. With the help of several
control strategies, the neural networks learn to provide feedforward control to the joints.
The biped had a slow walking gait after training.

Benbrahim and Franklin [9] applied reinforcement learning for a planar biped to achieve
dynamic walking. They adopted a “melting pot” and modular approach in which a central
controller used the experience of other peripheral controllers to learn an average control
policy. The central controller was pre-trained to provide nominal trajectories to the joints.
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Peripheral controllers helped the central controller to adapt to any discrepancy during the
actual run. The central controller and some of the peripheral controllers used simple neural
networks for information storage. No dynamic model of the system was required in the
implementation. One disadvantage of the approach was that the nominal joint trajectories
were required to train the central controller before any learning began. This information is
usually not easily obtainable.

In summary, there are many ways to implement a learning algorithm for the biped. It
depends not only on the level of the control hierarchy to which learning is applied but also
on how the control task is decomposed. Of course, the design of the bipedal robot also
greatly influences the algorithm, especially the actuator and sensor systems and the degrees
of freedom. Furthermore, just as in any optimization techniques, learning success relies very
much on the performance index chosen.

2.4 Divide-and-conquer

Due to the complexity of the bipedal walking system, many implementations break the
problem into smaller sub-problems that can be solved more easily. Intuition of the problem
is usually required for such an approach, both in deciding how to break down the problem
and how to solve the smaller sub-problems. Intuition can be obtained by observing the
behavior of bipedal animals (similar to the biologically inspired approach), by analyzing
simple dynamic models, etc.

Raibert’s control algorithms [86] for hopping and running machines mostly utilized the
divide-and-conquer approach. For example, the control algorithm for a planar one-legged
hopping machine was decomposed into: 1) the hopping motion (vertical); 2) forward motion
(horizontal) and; 3) body posture. These sub-tasks were considered separately and each
was implemented using simple algorithm. This resulted in a simple set of algorithms for
the hopping task.

Pratt et al. [81, 80| presented a control algorithm (called “Turkey Walking”) based on
a divide-and-conquer approach for planar bipedal walking task of a biped called “Spring
Turkey”. The walking cycle was first partitioned into two main phases: double support and
single support. A simple finite state machine was used to keep track of the currently active
phase. In the double support phase, the task of the controller consisted of three sub-tasks:
1) body pitch control; 2) height control and; 3) forward speed control. In the single support
phase, the task of the controller consisted of two sub-tasks: 1) body pitch control and 2)
height control. Based on this framework, a control language called Virtual Model Control
(VMC) was used to design the control algorithm. The resulting algorithm was simple and
low in computation since no dynamic equations were used. It was successfully implemented
to control a planar biped for dynamic walking on level ground in real-time. Chew [18] has
extended the algorithm for rough terrain locomotion.

The divide-and-conquer approach has been proven to be simple and effective for practical
implementations. However, not all the sub-tasks contain direct or analytic solutions. Some
may require tedious iterative parameter tunings.
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2.5 Summary

This chapter gives a classification of the research on dynamic bipedal walking. It is by
no means complete. Many excellent studies were omitted to keep this chapter concise. In
theory, the model-based approach may be an excellent approach if one could find a model
that is not too complex to compute and that is not too simple to miss all the nonlinear
behaviors. One disadvantage is that a general model is usually too complex to analyze and
implement.

The Central Pattern Generator (CPG) approach is excellent in generating periodic gaits.
However, CPG is usually achieved by a set of coupled nonlinear equations which do not
have analytical solutions. The overall system may become intractable or hard to analyze.

The passive walking study is great for demonstrating why human beings do not consume
high energy during normal walking. However, most studies only look at the behaviors of
the passive walking biped when it walks down a slope. If the idea is to be applied to a
bipedal robot, it is necessary to find a way to extend the approach for walking over different
terrains rather than just downslope.

The learning approach seems to be very promising. However, intuition is still required
to decide: 1) to which level of the control algorithm learning should be applied; 2) the
number of learning agents to be installed; 3) which performance measure should be adopted,
etc. Learning approaches may become intractable if there are too many learning agents
(especially if they are coupled to one another). It may also be intractable if the bipedal
walking task is not broken down into small sub-tasks. In this case, it is very difficult to
design a performance measure.

The divide-and-conquer approach has been demonstrated to be effective in breaking the
complex walking task into smaller and manageable sub-tasks. Some of the sub-tasks can
then be easily solved by simple control laws. However, some sub-tasks do not have simple
or analytical solutions. Even if control laws can be constructed for these sub-tasks, the
control laws usually require iterative tuning of the parameters.

The next chapter presents a control architecture which is synthesized using both the
divide-and-conquer approach and the learning approach. Here, the learning approach plays
a supplementary role in the algorithm. It is applied only when a subtask does not have a
simple solution.



Chapter 3

Proposed Control Architecture

This chapter first presents the general characteristics of bipedal walking. Next, the desired
performance of the dynamic bipedal walking task and the control algorithm are specified.
A previous algorithm for planar bipedal walking task is then examined. Motivated by the
deficiency of this algorithm, a control architecture with learning as one of the components is
proposed. The proposed control architecture is based on a divide-and-conquer framework.
Using this framework, the three-dimensional walking task can be broken down into small
subtasks. Learning methods are applied to the subtasks on an as-needed basis.

3.1 Characteristics of Bipedal Walking

This section presents the general characteristics of bipedal walking. Bipedal walking can be
viewed to be a sequence of alternating swing leg executions that results in the translation of
the body in spatial coordinates. A right alternating motion of the legs is important to ensure
stable gaits. Bipedal walking is different from running in that there is at least one leg on
the ground at anytime. The stance leg provides the support for the body whereas the swing
leg is swung forwards to the next support location. There exists a support exchange period
where both feet are on the ground. After this period, the roles of the legs are switched.

Within each step of forward walking, the body velocity in the sagittal plane first slows
down and then speeds up. This behavior is similar to that of an inverted pendulum. It also
sways from side to side in the frontal plane as the biped progresses forwards. Symmetry
and cyclic behaviors usually exist for steady walking on level ground. When rough terrain
is encountered, the priority is to adjust the walking posture and to constantly try to avoid
bad foothold positions that may lead to a falling event.

Most biological bipeds possess a continuum of stable walking patterns. This is partly
attributed to the redundant degrees of freedom. It seems that the bipeds can easily choose a
pattern from the continuum set based on some optimization critieria, for example, minimum
energy, overall walking speed, etc.
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3.2 Desired Performance of Bipedal Walking Task and Con-
trol Algorithm

This section describes the desired performance of the bipedal walking task and the control
algorithm. First, the desired performance of the task is discussed. For a bipedal robot to
justify its existence, it should be able to achieve bipedal walking that has the following basic
capabilities:

e able to achieve variable walking speed: This feature is a standard requirement for any
locomotion system. It includes the capability to handle the transient phase too.

e able to control step length: This feature is needed for walking over rough terrain
that restricts the foot placement locations. For example, in a stair walking task, it
is important to place the swing foot within the boundary of the next elevation while
also maintaining gait stability.

e able to adapt to ground variation: This feature is important for walking over un-
structured terrain. The ground elevation may vary from step to step. Thus, the biped
needs to adjust its motion accordingly so that a stable walking gait can be maintained.

e able to change walking direction: This feature is an inherent requirement for locomo-
tion. Without this, the locomotion capability is limited.

Note that this list does not include other behaviors of the biped. For example, it does not
include stopping, static balancing, etc. This thesis only explores the first two capabilities
and designs control algorithms that can achieve them.

Besides being able to achieve the desired performance for the walking task, a control
algorithm should possess the following characteristics if it is to be applied to a physical
system. It should be:

e casy to implement: The use of full dynamic equations (to include all the degrees of
freedom and all the rigid body inertias) should be avoided since the equations are too
complex to be implemented. Also, parameter tuning will be a problem if the dynamic
equations are too complex.

e suitable for real-time application: The computation requirement should be low. The
learning rate should not be too slow.

e general: The algorithm should be applicable across bipeds with different actuator
characteristics and; inertia and length parameters. This requirement is not a must,
but such generality is useful if the algorithm needs to be applied to bipeds that have
different, sizes.

3.3 Divide-and-conquer Approach for 3D Dynamic Bipedal
Walking

A 3D bipedal walking system can be very complex to analyze if it is not partitioned into
smaller components or sub-tasks. It is difficult to apply a unified control algorithm for
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such a complex system. If there exists such an unified control algorithm, its complexity
may be very high and thus hard to analyze. For example, a multi-layer neural network
may be a possible candidate for such an algorithm. The inputs may consist of all the
state variables and desired behaviors. The outputs may consist of all the desired actuator
behaviors. However, the key problem is that an input/output example set needed for
training is usually unavailable a priori. Even if the training set is available, finding an
effective evaluation function is difficult. The complexity of the algorithm may also be so
high that it takes a long time to train the network.

In this thesis, a divide-and-conquer approach is adopted in the formulation of the dy-
namic walking algorithm. By studying each subtask separately, the problem becomes less
complex. Appropriate control algorithms can then be applied for each of them. This section
presents the framework for such a task decomposition approach.

It is assumed that the motions in the three orthogonal planes (sagittal, frontal and
transverse, see Figure 1-3) can be independently considered. They are separately discussed
in the following subsections.

3.3.1 Sagittal Plane

Sagittal plane motion is usually the largest during normal forward walking. The task in this
plane can be further decomposed as in Pratt et al. [81, 80] into the following subtasks: 1) to
maintain body pitch; 2) to maintain body height; and 3) to maintain desired walking speed.
It is very easy to achieve the first and second subtasks in the sagittal plane. However, the
third subtask is much more complex. It is directly associated with gait stabilization.

There are a number of speed control mechanisms in the sagittal plane. They can be
partitioned into two main classes:

e global control: This refers to any speed control mechanism that can achieve global
speed control by itself.

e local control: This refers to any speed control mechanism that can only achieve limited
or local speed control.

Examples of local speed control mechanisms are those based on the double support phase
[80, 20], the biped’s torso (using torso as a limited reaction wheel), the stance ankle, etc.
Pratt et al. [80, 20] have used the double support phase for the walking speed regulation in
the sagittal plane. It is very simple to implement. However, the duty factor of the double
support phase needs to be significant in order to be effective. Such a requirement is hard to
fulfil when the biped is walking at high speed. Such an approach is also not energy efficient
and demands high actuator bandwidth since the swing leg needs to be swung quickly to
allow the double support phase to have a large duration. In three dimensional walking,
the double support based speed control is more tricky since there may be complex coupling
between the frontal and the sagittal plane control. Due to these limitations, this mechanism
is not adopted in this thesis.

Another local speed control mechanism is based on the stance ankle. Pratt and Pratt
[82] proposed a “virtual toe point” approach which is one of the ways to implement stance
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ankle based control. In subsequent chapters, it will be demonstrated how stance ankle
control can be used to supplement the control algorithm constructed in this thesis.

Other local speed control mechanisms include strategy based approaches. One example
is the addition and removal of energy at strategic times [83]. Strategy based approaches can
be powerful, but the implementations usually require intuition and trial-and-error tunings.

In constrast, there is only one mechanism for the global speed control. It is based on
swing leg control. If swing leg control is badly executed, it is possible that no other speed
control mechanism can prevent the biped from falling.

Swing leg control, therefore, is the key to walking speed control because it affects the
global walking velocity. A swing leg behavior is determined by the following approaches:
1) by prescribing the swing leg trajectory in the joint or Cartesian space and/or 2) by
exploiting natural dynamics [84]. The question is how to execute the swing leg in the
sagittal plane such that stable walking can be achieved in the same plane.

3.3.2 Frontal Plane

For normal walking along a straight path, frontal plane motion is smaller than sagittal
plane motion. In the frontal plane, the dynamic walking task can be decomposed into: 1)
maintaining the body roll and 2) maintaining lateral balance.

As in the sagittal plane, body posture control can be achieved easily. However, lateral
balance is not as simple. The control mechanisms for it can also be partitioned into global
control and local control. The local control mechanisms include those that utilize the double
support phase, the biped’s torso, the stance ankle (roll) etc. The thesis only explores
the usage of the stance ankle in the control algorithm, especially how it can be used to
compliment the global control mechanism. The global control mechanism again consists of
only the one that is based on the swing leg control. Thus, it is also the key mechanism for
lateral balance.

3.3.3 Transverse Plane

For normal walking along a straight path, transverse plane motion is usually the simplest
to control. In this case, the walking task can be decomposed into: 1) maintaining the body
yaw angle and 2) maintaining the swing foot yaw angle. Both the body yaw angle and the
swing foot yaw angle can be set to zero (i.e. facing forwards). Both subtasks can be easily
achieved. Transverse plane motion is important and more complex for tasks like turning,
especially while the biped is walking dynamically.

3.4 Swing Leg Behavior

The previous section has identified swing leg control to be the key gait stabilization mecha-
nism for dynamic bipedal walking. Although swing leg motion is an important determinant
for the stabilization of the walking speed and the lateral motion, it is difficult to obtain a
closed form expression for it. This is because the dynamic equations of a biped are complex
and nonlinear. This is further complicated by the unpowered DOF between the stance foot
and the ground during the single support phase [112]; and the discontinuities caused by
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the impact at the support exchange. The overall motion of the system is usually strongly
coupled to swing leg motion unless the leg’s inertia is negligible or the motion is slow.

Some research assumes that the effect of the swing leg is negligible. Then, the resulting
system can be represented by an inverted pendulum. However, this assumption becomes
invalid if the mass of the leg is significant. Furthermore, for fast walking, the dynamics of
the swing leg becomes significant. The swing leg dynamics may also be utilized for walking,
for example, to create reaction torque at the hip. If its effect is ignored, no such utilization
is possible. The configuration of the swing leg also affects the projected center of gravity of
the biped, thus changing the gravitational moment about the supporting leg.

The importance of the swing leg behavior prompted several biomechanics researchers to
perform in depth studies of it, especially relating to human walking. Redfern and Schumann
[87] analyzed the swing trajectories of the foot during gait with respect to the pelvis. They
proposed a model of the foot placement control for stable base support of human locomotion.
Experimental data were collected to test the model during walking trials of different speeds.
Townsend [110] found that lateral stability of human walking is maintained through foot
placements based on conditions at each new step. The body center of mass trajectories can
be controlled by foot placement alone. Beckett and Chang [8] investigated the behavior of
the swing leg during normal walking. They also studied the energy consumption of walking
and concluded that there is a natural gait at which a person can walk with minimum effort.

The research works listed above were carried out for human beings. It is not clear
whether the model derived for human walking can be generally applied to other bipeds or
used to control a bipedal robot. A bipedal robot usually has different inertia and length
parameters compared to human beings. Besides, both have different actuator systems. Even
for human walking, individuals may walk differently depending on their heights, types of
shoe, moods, etc. Thus, the usefulness of the anthropometric data for controlling a bipedal
robot is questionable.

3.5 Proposed Control Architecture

In this section, a general control architecture is synthesized for dynamic bipedal walking
based on the divide-and-conquer framework discussed earlier. As mentioned before, the
dynamic walking task can be partitioned into the three orthogonal planes: frontal, sagittal
and transverse. Learning is mainly used to learn the swing leg behavior in the sagittal
plane and the frontal plane. The biped has no nominal parameters for the swing leg to
start with. The learning agents will select appropriate swing leg parameters, for example,
step length, swing time, etc, and evaluate them accordingly. The learning is done online
and the evaluation is done discretely at, for example, the support exchange event. The
advantage of using the learning approach is that non-linearity due to bandwidth limitation,
torque limitation, etc is encapsulated from the perspective of the controller or learner. The
overall control architecture can be summarized as shown in Figure 3-1.

Based on this architecture, a control algorithm can be formulated for the three-dimensional
dynamic bipedal walking task. In particular, Virtual Model Control (VMC) [80, 20] and a
learning tool called @Q-learning which belongs to the class of reinforcement learning (RL)
methods [45] are used to formulate walking algorithms that satisfy the desired performance
described in Section 3.2.
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Figure 3-1: Proposed control architecture

Chapter 5 demonstrates several implementations for the sagittal plane motion. Chapter
6 includes the frontal plane algorithm and the transverse plane algorithm. It also describes
how the algorithms for each of the three orthogonal plane motions are assembled to yield a
three-dimensional control algorithm. Before that, the next chapter describes the tools used
in the algorithms.



Chapter 4

Implementation Tools

This chapter describes the tools that are used in the control algorithm implementations.
A control language for legged locomotion called Virtual Model Control (VMC) [81, 80] is
first presented. It is used to facilitate the implementation of the divide-and-conquer ap-
proach described in the previous chapter. Control algorithms for the stance leg and swing
leg are designed based on VMC. The algorithms generate the desired torque for all the
joints. However, they do not necessarily result in stable motion. Learning is required to
select suitable swing leg parameters that result in a stable walking behavior. This chapter
describes a learning approach called reinforcement learning. A reinforcement learning algo-
rithm called Q-learning [114] is presented. Then, a function approximator called Cerebellar
Model Articulation Controller (CMAC) [3] is described. It is a component of the Q-learning
algorithm that uses function approximator.

4.1 Virtual Model Control

Virtual Model Control (VMC) [81, 80] is a control language for legged locomotion. It allows
us to work in a more intuitive space (e.g., Cartesian space) instead of a space (e.g. joint
space or actuator space) that suits the robot. This section describes the Virtual Model
Control approach and how it can be applied to bipedal walking.

4.1.1 Description of Virtual Model Control (VMC)

In Virtual Model Control (VMC), a control algorithm is constructed by applying virtual
components (which usually have corresponding physical parts, for example, spring, damper,
etc) at some strategic locations of the biped. The virtual components interact with the biped
and generate a set of ViI‘tl_lf%l forces based on their constitutive equations. Then these forces

(represented by a vector f) can be transformed into the joint space (represented by a vector
7) by a Jacobian matrix 4.J:

F=gJrary (4.1)

35
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where ‘4.J is the Jacobian matrix which transforms the differential variation in the joint
space into the differential variation of reference frame B with respect to reference frame A.
The superscript I denotes the transpose of a matrix. In Virtual Model Control, frame B
and frame A correspond to the action frame and reaction frame, respectively [81]. This ex-
pression is also commonly used in robotics literature to relate a force vector in the Cartesian
space to an equivalent torque vector in the joint space [5].

Equation 4.1 requires much lower computation compared to the equations encountered
in inverse kinematics and dynamics. It is also well-behaved since, for a given force vector
in the virtual component space, a corresponding torque vector can always be obtained in
the joint space even if the robot is in a singular configuration.

By changing the set points of the virtual components, an inequilibrium can be created in
the system. The system will then adjust itself so that a new equilibrium position is reached.
The biped will behave dynamically as if the actual physical components are attached to it
provided that the actuators are perfect torque sources.

There is lots of freedom in the virtual components selection and placement. Some may
result in simple implementations that are easy to visualize, whereas others may result in
complex systems. The next subsection provides an example of how VMC can be applied to
bipedal walking control.

4.1.2 Application to Bipedal Walking

When applying VMC to bipedal walking, the placement of virtual components requires
intuition. There are more than one set of virtual components which can achieve a given
task. Let’s consider Spring Flamingo (Figure 1-1), which is constrained to move in the
sagittal plane. By adopting the divide-and-conquer approach as described in Subsection
3.3.1, one possible set of virtual components is shown in Figure 4-1 [81]. A virtual spring-
damper is attached to the hip along the vertical direction to generate a virtual vertical
force f, at the hip. It is used to control the vertical height of the biped. A virtual damper
is attached to the hip along the horizontal direction to generate a virtual horizontal force
fz at the hip. This is used to control the horizontal velocity of the biped. A rotational
spring-damper is attached at the hip to generate a virtual moment m, about the hip. This
is used to maintain the upright posture of the biped’s torso.

For the sagittal plane walking control, the inputs are the desired horizontal velocity
%, the desired vertical height of the hip z% and the desired pitch angle o of the body.
All these inputs define the desired motion of the body frame Oy X,Z;, with respect to the
inertia frame O X Z. Assuming that the virtual components are linear, the following virtual
forces/moment can be expressed as follows:

f.= kz(zd — Z) - bz(éd — Z) (4.2)
fa: = ba:(xd - I)
Mo — ka(ad — a) + ba(dd — d)

where k; and b; are the the spring stiffness and the damping coefficient, respectively, for the
virtual components in ¢ (= z, z or ) coordinate.
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Figure 4-1: A possible set of virtual components to achieve walking control for Spring
Flamingo

However, this set of virtual components can only be applied to the double support phase
and not to the single support phase. During the single support phase, the biped loses one
important actuated degree of freedom (assuming the stance ankle is limp). In this case,
one of the virtual components cannot be realized. For example, the vertical and rotational
spring-dampers can be implemented and the gravity can dictate the horizontal velocity.

In each phase, after the virtual force(s)/moment are computed, they are transformed
into the joint space using the corresponding Jacobian matrices [81] (the Jacobian matrix
for the single support phase is included in Appendix A). A state machine detects whether
the biped is in the single support phase or in the double support phase. It is used to
switch between the two different sets of virtual components. It also keeps track of whether
a leg is the stance leg or swing leg. In this way, VMC enables the biped to walk without
computing the inverse dynamics and the inverse kinematics. This significantly simplifies
the computation. Hence, it is applicable to real-time implementation.

4.2 Reinforcement Learning

This section describes a learning paradigm called the reinforcement learning methods [45,
102, 10, 6]. Reinforcement learning is a class of learning problem in which a learner (agent)
learns to achieve a goal through trial-and-error interactions with the environment. The
learning agent learns only from reward information, and it is not told how to achieve the
task. From failure experience, the learning agent reinforces its knowledge so that success
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can be attained in future trials. This learning approach is similar to how an animal learns
a new skill.

Reinforcement learning is different from supervised learning in several ways. For the
former problem, once a goal is set, the agent simply learns how to achieve the goal by
trial-and-error interactions with its environment. The learning is done with the help of a
critic rather than a teacher [102]. No explicit training data set (input/output pairs) is used
in the training as in the supervised learning. This approach is useful for problems where
there are no sample input-output pairs that could be used to train a function approximator
like neural networks. Hence, the system is not required to work successfully using other
conventional control approaches prior to learning. Reinforcement learning is also applicable
to delayed reward problems where the effect of an action is known only after several time
steps.

Most reinforcement learning analyses assume that the learning problems can be posed
as Markov decision processes (MDPs) with finite state and finite action sets. MDP is a
discrete-time dynamic system in which the state transition only depends on the present
state i and the action u ! taken. That is, if an action u (€ U(7)) is chosen in state i, the
system will go to the next state j with probability Pr(j|i,u) (also called the state transition
probability). For each transition, say from i to j due to the action u, an immediate reward
r(i,u, j) is incurred.

A MDP problem can be classified into either an finite horizon problem or an infinite
horizon problem [10]. In the former case, there is a finite number of stages, whereas there
is infinite number of stages in the latter case. In this thesis, the bipedal walking task is
posed as a discounted problem. This is a class of the infinite horizon problem which aims
to maximize the discounted return R; associated to t th stage:

o0
Ry = Z'Ykrt-i-l-i-k (4.5)
k=0

where 7 is the reward received, v € [0,1) is called the discount factor which indicates how
much emphasis is put on the future reward, and the subscript denotes the stage number.

The action u is selected based on a policy m which is a function of the present state i.
The aim of reinforcement learning techniques is to learn a policy that can achieve a given
goal (e.g., mimimal expected cumulative cost). When applied to control problem, the agent
indirectly learns a policy by estimating a value function called @-factors that is a function
of the state and the action [102]. For MDPs, the Q-factor of a state-action pair under policy
m (Q7(i,u)) represents the expected return R; when the action u is taken at the state 4,
thereafter, following the policy 7. For a discounted problem, Q™ (i,u) at t th stage can be
expressed as follows:

e}
Q(isu) = ET[Ryliy = i,uy = u] = EW[Z Verepranlic = i, ue = u) (4.6)
k=0

IThe action u may be low level like the control input to a system or high level like decision making.
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where v € [0,1) is a discount factor, r; denotes the immediate reward received after the
(t — 1)th stage.

In most problems, the aim is to obtain optimal Q-factors Q*(i,u) which are defined as
follows:

Q*(i,u) = mﬁ@”(i,u), VieI,ueU(i) (4.7)

Q*(i,u) gives the expected return when the agent takes the action u in the state i and
adopts an optimal policy 7* thereafter. Based on Q*(¢,u), an optimal policy 7* can easily
be derived by simply taking any action u that maximizes Q*(i,u) over U ().

The fundamental issue in reinforcement learning algorithm is how to efficiently find the
optimal Q-factors. If the environment model (which includes the state transition probability
function and the reward function) is available, traditional dynamic programming algorithms
can be applied to obtain the optimal Q-factors [11]. In many practical problems, the envi-
ronment model is usually unknown in advance. In the following subsection, a reinforcement
learning algorithm called Q-learning which does not need the environment model is pre-
sented. It is used in all the reinforcement learning problems formulated in this thesis. It is
a model free approach in that it does not try to learn the environment model. It simply tries
to iteratively improve the estimation of the optimal Q-factors from the immediate reward
received for each action taken. And based on these estimated optimal Q-factors, an optimal
policy can be gradually derived.

4.2.1 Q-learning

Several algorithms have been proposed for the model-free reinforcement learning (RL) ap-
proach. First, let’s assume that the environment is a fully observable Markov decision
process that has finite state and action sets. Also, let’s assume that the environment is
stationary; that is, the state transition probabilities are not function of the stage number.
One popular algorithm that is applicable to such an environment is the Q-learning algo-
rithm by Watkins [114, 115]. It recursively estimates the optimal Q-factors (Q*(¢,u)) from
experience obtained at every stage. The experiences are in the form of immediate reward
sequence, 1(ig, ut,i441) (t = 0,1,2,...). The aim is to obtain the optimal Q-factors for all
state-action pairs based on which an optimal policy can be derived.

The Q-learning algorithm is analogous to value iteration method of dynamic program-
ming [10]. However, it does not “sweep” through all the next possible states when updating
the estimate of the optimal Q-factor Q(i,u) of present state-action pair. For the discounted
problem, the single-step sample update equation for Q(i,u) is given as follows [114]:

Q1 (g, ug) — Qu(ig, we) + g (ig, we) [ (3g, we, Gp41) +y Egl(@x )Qt(it+1,u) — Q¢ (g, ut)]
u Tyl
(4.8)

where subscript indicates the stage number; 7 (i, ut, i4+1) denotes the immediate reward re-
ceived due to the action u; taken which causes the transition from state i; to i;41; a € [0, 1)
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INITTALIZE Q(i,u)
REPEAT (for each trial)
INITTALIZE i
REPEAT (for each step in the trial)
Select action u under state ¢ using policy (say e-greedy) based on Q
Take action u
Detect new state 7 and reward r
IF ¢/ not a failure state
Update Q-function:
Q(i,u) «— Q(i,u) + afr + ymax, Q(i', u') — Q(i, u)]
71
ELSE (r = ry)
Update Q-function:
Qi.u) « Q(iu) + alry — Q(i, )
UNTIL failure encountered or target achieved
UNTIL target achieved or number of trials exceed a preset limit

Figure 4-2: Q-learning algorithm based on lookup table[115, 102]

denotes the step-size parameter for the update; v € [0, 1) denotes the discount rate. Equa-
tion 4.8 updates Q(i¢,us) based on the immediate reward r(i¢, ut,9441) and the maximum
value of Q(it41,u) over all u € U (i441). This form of update is also called the bootstrapping
[102].

For finite state and action problem, Q(i,u) can be represented by a lookup table. The
table is initialized with some values (e.g., zeros, random values, etc) before the beginning
of the learning process. The Q-learning algorithm is summarized as in Figure 4-2. Several
researchers [115, 111, 42] have proved the following convergence theorem for the Q-learning
algorithm that uses lookup table representation for the Q-factors.

Theorem 4.2.1 (Convergence of Q-learning)

For a stationary Markov decision process with finite action and state spaces, and bounded
rewards 1 (it, ut, ir+1). If the update equation (Equation 4.8) is used and «y € [0, 1) satisfies
the following criteria: > toq az(i,u) = oo and Y ;o [y (i, u)]? < oo, V(i,u); then Q(i,u) —
Q*(i,u) as t — oo with probability 1, V(i,u).

The theoretical convergence criteria is hard to be accomplished in practical implemen-
tation. Especially for large state and action spaces, the convergence rate for the Q-factors
may be very slow because each state-action pair needs to be visited infinitely often in order
to satisfy the convergence conditions. Hence, it is not practical for an application with large
state and action spaces to adopt the Q-learning algorithm if an accurate value function is
required to achieve given task. Q-learning works fine if the goal of the learning problem can
be achieved without having a precise estimation of the optimal Q-factor for each state-action



4.2. REINFORCEMENT LEARNING 41

pair.
In the following subsubsection, two main implementation issues will be discussed. They
are (1) the exploration versus exploitation; and (2) the credit assignment issues [102].

Exploration versus exploitation

In most reinforcement learning implementation, there is an issue concerning the trade-off
between “exploration” and “exploitation”. It is the balance between trusting that the
information obtained so far is sufficient to make the right decision (exploitation) and trying
to get more information so that better decisions can be made (exploration). For example,
when a robot faces an unknown environment, it has to first explore the environment to
acquire some knowledge about the environment. The experience acquired must also be
used (exploited) for action selection to maximize the rewards.

If the agent always chooses the best (“greedy”) action based on the current estimates of
the Q-factors, it will result in poor exploration of the state-action space and the Q-factor
estimates not converging to the optimal values. This is because the learning process involves
the estimation of the optimal Q-factor of a state-action pair based on the estimates of the
optimal Q-factor of other state-action pairs.

If the agent occasionally chooses a “suboptimal” action from the action set, it will acquire
more information about those state-action pairs that are not visited at all or frequently.
Exploration can also be achieved by randomly choosing a starting state in each trial. Once
the Q-factors are sufficiently close to the optimal values, exploitation will result in an
optimal action sequence.

One method that allows a structured exploration is called e-greedy method [102]. In
this method, the agent selects an action by maximizing the current set of Q(i,u) over the
action set with probability equal to (1 —¢€) (where € is usually a small number). Otherwise,
the agent randomly (uniformly) selects an action from the action set U(7).

The question is whether extensive exploration is necessary in a RL problem. If there is
a strong need to achieve high quality estimate of the optimal Q-factors, it is important to
have thorough exploration. However, for some applications, it is possible to derive a policy
that is sufficiently good without having to explore the whole state-action space. Q-learning
can be applied to this type of problems even if they have large state-action space.

For a control application in which most states have failure actions in the action set, it
may not be feasible to explore randomly over the action set especially if many failures may
damage the system. Even if the control system can withstand many failures, the exploration
needs to be limited during an actual run. For the bipedal walking example, the biped may
have to fall frequently if the exploration mode is not turned off or limited.

Another way to achieve exploration is by initializing Q-factors for all state-action pairs
to optimistic values. At a given state, the learning agent selects an action that has the
maximum Q-factor. If a failure is encountered or a penalty is given, the learning agent then
downgrades the particular Q-factor of the state-action pair. In this way, when the same
state is encountered in the future, the learning agent will select other actions. This type of
exploration is called passive exploration since it is not achieved by adopting an exploratory

policy.
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Credit assignment

In a reinforcement learning problem, it is required to identify those actions that contribute to
a failure (success) and properly discredit (credit) them. This is called the credit assignment
or delayed reward problem. If an immediate reward function that correctly evaluates the
present action taken can be obtained, it is not necessary to consider any delayed reward.
If the reward function is not precise or if the action has an effect that lasts more than one
stage, it is required to correctly assign credit to it based on the subsequent rewards received.

In the Q-learning algorithm, the discount factor v determines the credit assignment
structure. When = is zero, only immediate reward (myopic) is considered. That is, any
rewards generated by subsequent states will not have any influence on the return computed
at the present state. Usually, if a reinforcement learning problem can be posed such that
~ = 0 works fine, it is much simpler and can be solved more quickly.

When 7 is large (close to one), the future rewards have significant contribution to the
return computation for the present action. The agent is said to be farsighted since it looks
far ahead of time when evaluating a state-action pair.

4.2.2 Q-learning Algorithm Using Function Approximator for Q-factors

This subsection describes the Q-learning algorithm that uses a function approximator to
store the Q-factors. The function approximator (e.g., multi-layered perceptron, radial basis
functions, CMAC etc.) is used as a more compact but approximate representation of Q(z, u)
[102]. The purposes of using a function approximator are as follows [93, 102, 10]:

e To reduce memory requirement; this is especially critical for high-dimensional and
continuous state-action space.

e To enable generalization; generalization enables estimation of the Q-factors in those
locations which are not explored.

There are two important requirements for an effective approximation [10]. First, the
approximation architecture needs to be rich enough to provide acceptable approximation
of the function. This usually requires practical experience or coarse information of the
function (e.g., provided by theoretical analysis). Secondly, the algorithms for tuning the
approximator’s parameters need to be effective (e.g., low computational complexity).

Gaussian Radial Basis Function (GRBF) networks [15, 77, 76] and Cerebellar Model Ar-
ticulation Controller (CMAC) [4] are common function approximators used in reinforcement
learning algorithms. Both have nice local generalization property. It is desirable to have a
function approximator with local, instead of global, generalization property in reinforcement
learning problem because the former is less sensitive to the order of the training data. The
order of the training data is usually determined by the dynamics of the overall system and
thus it cannot be arbitrarily set. Although the GRBF Network has local generalization and
is an universal approximator, its implementation is computationally costly unless further
approximation is adopted. On the other hand, CMAC (see Section 4.3) has the advantage
of having not only local generalization, but also being low in computation. The Q-learning
algorithm using CMAC as the Q-factor function approximator is summarized as in Figure
4-3.
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INITTALIZE weights of CMAC
REPEAT (for each trial):
Initialize ¢
REPEAT (for each step in the trial)
Select action u under state i using policy (say e-greedy) based on Q
Take action u,
Detect new state i’ and reward r
IF ¢ not a failure state
§ — 1 +ymaxy Qi u') — Q(i,u)
Update weights of CMAC based on §

11
ELSE (r = ry)
§—rf—Qi,u)

Update weights of CMAC based on d
UNTIL failure encountered or target achieved
UNTIL target achieved or number of trials exceed a preset limit

Figure 4-3: Q-learning algorithm using CMAC to represent Q-factors

Most reinforcement learning algorithms are useful only for those problems with finite
state-action space unless function approximators are incorporated in the algorithms. How-
ever, there are very few theoretical analyses of the convergence conditions for such an
approach. Boyan and Moore [13] included several counter examples of applying function
approximators (mostly global type) to deterministic dynamic programming problems. They
demonstrated by simulation that such an algorithm may be unstable. Nevertheless, Sutton
[101] has successfully implemented the same test problems using the “SARSA” algorithm 2
with CMAC as the function approximator.

At present, the convergence conditions for most RL algorithms with function approxi-
mators are not known. However, for practical implementation, a function approximator is
needed in most RL algorithms for the reasons stated earlier. In the thesis, the algorithm
presented in Figure 4-3 is used for all the learning tasks.

4.2.3 Other Issues of Reinforcement Learning Implementation

Besides the issues concerning the credit assignment and the “exploration versus exploita-
tion”, there are other RL implementation issues. One other issue is the choice of a suitable
reward function. The choice of the reward function is mainly an art and can greatly affect
the performance of the learning. It requires the implementator to understand the problem
at hand. For the example of the bipedal walking, a reward structure can be chosen such

2 Almost similar to Q-learning but it is an on-policy algorithm.
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that the agent is only penalized if the biped encounters a failure state and otherwise, it
receives neutral reward (zero).

Another issue is the rate of learning, that is, how fast can the goal be achieved. One
may achieve higher rate by using function approximators that possess local generalization
property to store the value function. The generalization property is desirable for the agent
to propagate any learned experience to the nearby states without experiencing all of them.
Other approaches may also be used to increase the rate of learning. For example, the action
space may be shrunken as much as possible based on prior knowledges. Learning speed
can also be improved by detecting failure states earlier by using a tighter criteria for failure
detection; or by increasing the successful space. For the biped walking, the proper usage of
local control mechanisms to speed up the rate of learning will be demonstrated.

4.3 Cerebellar Model Articulation Controller (CMAC)

Cerebellar Model Articulation Control (CMAC) is a mathematical model proposed by Albus
[3] for efficient computation in manipulator control. It is based on the neurophysiological
theory of the cerebellum. In recent years, it has been adopted as a type of neural networks
for supervised learning [68]. It receives lots of attention especially in the control field
due to its local generalization and fast training speed. In this thesis, it is being used as
a multivariable function approximator for the Q-factors in the Q-learning algorithm (see
Section 4.2). There are many ways to implement a CMAC network. In this thesis, the
original Albus’s CMAC implementation is adopted. The corresponding programming code
is adapted from that by Miller and Glanz [67].

The Albus’s CMAC implementation (see Figure 4-4) mainly consists of an addressing
scheme followed by a single-layered network. The addressing scheme maps the input vector
to a proper subset (with C elements) of M weights of the single-layered network. By
summing up the weights addressed, an output is obtained 3. The addressing scheme is
usually static throughout the training process. A supervised training algorithm is applied
to adjust the weights of the single-layered network.

The addressing scheme consists of C' layers of exhaustive partitioning of the input space.
Each segment of a partitioning layer represents a receptive field. The partitioning layers
are offset from one another. For a given input state, only one receptive field is activated for
each partitioning layer. The total number of the receptive fields is thus equal to the total
number (C) of the partitioning layers.

The shape of the receptive field can be anything. Rectangular type, which is adopted in
the original Albus’s CMAC implementation, is chosen in this thesis. This can be illustrated
by considering a two-dimensional and continuous input space (z1,x2). And let’s partition
the state space uniformly to create grid-like receptive fields. Each of the receptive fields
is linked to an index. This is like a lookup table if there is only one partitioning layer. If
another layer (layer two) of receptive fields is overlapped and offset from the base layer as
shown in Figure 4-5, a point (marked by a small circle) in the input space will yield two

3When the output is a vector, a single-layered network with the corresponding set of weights can be
assigned to each of the output elements.
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indices that correspond to the two activated receptive fields (rectangular boxes with bold
border) from the layer one (base layer) and the layer two, respectively.

X, —>| Addressi ng > | Output, y
S Scheme | ———] _

X — —] weights

n

input vector

physical memory

Figure 4-4: Schematic diagram of CMAC implementation

The widths (d, and d,) of the rectangular receptive fields are selected to match the
desired generalization widths. The wider the receptive field, the greater is the general-
ization width. The number of partitioning layers corresponds to the desired accuracy in
approximating a function. More layers means better approximation (finer discretization).
However, having more layers also results in greater computational cost.

If the total number of receptive fields in each layer is large, hashing can be used to reduce
the physical memory requirements. Hashing usually works by pseudo-randomly mapping
multiple indices in a partitioning layer to a new index. This approach is plausible because in
many cases, only a small fraction of the input space is important. Albus called this “input
redundancy”. The noise due to the overlaps of the hashing mapping will be small if the
physical memory is sufficiently large and/or there is significant input redundancy.

Ouce the indices from the addressing scheme are generated, the output y (assume to be
scalar) of CMAC can be obtained by summing C weights (w’:i = 1,...,C) linked to the
indices:

y = Zwi (4.9)

If the desired output y, is given, these weights can be abjusted using the following equation
which is similar to the LMS (Widrow-Hoff) algorithm [116]:

(Ya—y)

mi=1...,C. (4.10)

w' =«

where dw' is the adjustment to w’ and « is the training rate. That is, the adjustment is the
same for all the weights. If « is large, the adjustment will also be large. However, large «
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Figure 4-5: An addressing scheme for a two-dimensional input CMAC implementation

may lead to instability in the overall Q-learning algorithm that uses CMAC to approximate
the Q-factors.

Note that some of the individual weights may diverge even though the output of CMAC
is approaching the desired output. Miller and Glanz [67] have proposed adding extra term to
Equation 4.10 to penalize large weight magnitude. This results in non-uniform adjustments
for the weights for each training.

The key parameters for the Albus’s CMAC implemention are the width of the receptive
field along each of the state variables; the number of receptive fields layers and the learning
rate a. They are adjusted by trial-and-error approach in the thesis.



Chapter 5

Sagittal Plane Control Algorithms

This chapter describes the control algorithm for the dynamic walking of the bipeds in the
sagittal plane. The next section presents the analysis and heuristics of the walking motion
in the sagittal plane. The analysis shows that the swing leg dynamics cannot be ignored.
It also justifies the need for learning for the task. The learning algorithm is only applied to
learn a parameter of the swing leg trajectory so that a walking goal can be reached. Three
different algorithms and the detailed implementations will then be discussed in subsequent
sections. This chapter also aims to establish the effectiveness of the stance ankle based
velocity control, especially how it can be used to supplement the learning algorithm. The
generality of the proposed algorithm is shown by applying one of the algorithms to two
different bipeds that have different inertia and length parameters. The contrast between
delayed and immediate reward implementations will also be explained.

5.1 Analysis and Heuristics of Sagittal Plane Walking Mo-
tion

From analysis done on human walking, Inman, Ralston and Todd [41] have listed two
parameters, stride frequency and stride length, to be the key parameters for the forward
speed control. In fact, the forward walking speed is simply equal to the product between
the stride frequency and the stride length. This is true for any biped. However, this is
a high level relationship and it does not lead to a solution for the biped walking control.
A swing leg execution that is aimed to achieve specified stride frequency and length does
not necessarily result in a stable gait. Furthermore, there are infinitely many different
combinations of the stride frequency and length for a specified walking speed.

It is a well known fact that for constant-velocity walking or running, the acceleration
during a stride must integrate to zero. Raibert [86] used this fact and the notion of sym-
metry to control the hopping speed of several running or hopping machines. The successful
implementations were mainly due to the negligible legs’ inertia and the symmetrical design.
If the legs’ inertia are not negligible or the symmetry plane is not so obvious, it will be
difficult to implement this idea.

From the energy perspective, a single support phase of a dynamic walking consists of two
different sub-phases. In the first sub-phase, the gravity is doing work against the motion,
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whereas in the second sub-phase, the gravity is pumping energy into the motion. So, if the
swing foot lands at a location far ahead of the hip, the biped may not have sufficient kinetic
energy to overcome the first sub-phase. If the swing foot lands at a location not sufficiently
ahead of the hip, the biped will easily overcome the first sub-phase and may significantly
accelerate forward during the second sub-phase. These phenomena can be illustrated using
an inverted pendulum model.

In the past, most researchers tried to find an explicit solution for stable bipedal walking.
So far, except for simplified models and/or systems, there is no explicit solution that is
applicable to general bipedal walking. It is only known conceptually that the swing leg
needs to be coordinated such that overall walking is stable.

There are several reasons why an explicit solution is not available. One obvious reason
is that the sagittal plane motion is highly nonlinear. In addition, there are unpowered DOF
between the stance foot and the ground [112]. A simple model that considers the unpowered
DOF is the model used by Acrobot [73, 98] (see Section 5.1.2). The Acrobot model poses a
great challenge to many researchers because it is not solvable by current methods in linear
and nonlinear control theory [73]. Unlike in a fully actuated manipulator system, there is
no direct solution that allows arbitrary trajectory tracking of all the state variables.

The following subsection describes two massless leg models for the sagittal plane bipedal
walking. After this subsection, a double-pendulum model is used to illustrate the significant
of the swing leg dynamics and the deficiency of massless leg models. The double-pendulum
model is used to illustrate that the dynamics in the sagittal plane can be very complex even
if a simplified model is used. This motivates the use of learning in the algorithm.

5.1.1 Massless Leg Models

A massless leg model is the simplest model for a biped in which the legs are assumed to
have negligible inertia compared to the body. The swing leg dynamics are assumed to have
little effect on the body motion. Thus, the swing leg motion can be planned independently
without considering its effect on the body motion.

If the length of the stance leg and the body posture are assumed to be fixed during
the single support phase and there is zero torque at the stance ankle, a simple point mass
inverted pendulum model can be adopted as shown in Figure 5-1. The dynamic equations
of this model can be derived by the Newtonian mechanics as follows:

0= %sin@ (5.1)

where 6 is the angle measured from the vertical, g is the gravitational constant, and [ is the
leg length.

This is a nonlinear differential equation which is difficult to solve analytically except
using elliptic functions [100]. The phase portrait (Figure 5-2) of the inverted pendulum
can be obtained by integrating Equation 5.1, and setting [ and g to be 1m and 9.81m/s?,
respectively. The phase portrait is symmetric about the abscissa and the ordinate axes. It
has a saddle point at the origin (§ = 0 and 0 = 0) which corresponds to the point mass being
at rest directly above the rotational joint. This is an unstable equilibrium point because any
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slight perturbation will cause the system to move away from it. The total energy (kinetic
and potential) is conserved, and each continuous curve in the phase portrait corresponds to
a constant energy level.

This model can be used to illustrate that if the swing foot lands at a location far ahead
of the hip (say § = —0.2rad), the biped body may not have sufficient kinetic energy (say
0 = 0.3rad/s) to proceed over the peak of the arc motion.

Figure 5-1: Massless leg model: Inverted pendulum. 6 is the angle measured from the
vertical, g is the gravitational constant, and [ is the leg length.

Another massless leg model adopted by researchers [60, 46] is the linear inverted pendu-
lum model. In this model, the walking height is assumed to follow a linear path by servoing
the knee joint. For level ground walking, the height is kept constant. If the stance ankle
is assumed to be limp, the point mass linear inverted pendulum model as shown in Figure
5-3 can be used. The dynamic equation of this model as follows:

.. g
==z 5.2
! (52)
where x is the horizontal coordinate of the point mass from the vertical plane that passes
through the ankle joint and h is the body height (see Figure 5-3).
Equation 5.2 is a linear homogeneous second order differential equation. Thus, an

analytical solution is available as follows:

z(t) = Cre’ + Coe™! (5.3)
i(t) = CLwe®t — Cowe " (5.4)
where x is the body position; & is the body velocity; ¢ is the time measured from the initial

state; w is given by 1/g/h; C1 and Cs are constants computed based on the initial state
variables z; and Z; to be:
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de/dt (rad/s)

I i i
-0.25 -0.2 -0.15 -0.1 -0.05 0 005 01 015 02 025
0 (rad)

Figure 5-2: Phase diagram of the inverted pendulum model. Each contour corresponds to
a specific energy level for the system.

Figure 5-3: Massless leg model: Linear inverted pendulum. x is the horizontal coordinate
of the point mass from the vertical plane that passes through the ankle joint.
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C = % (5.5)
Oy = w (5.6)

The solutions can be converted to the following form by substituting the exponential
terms with hyperbolic sine and cosine:

x(t) = x; cosh (wt) + &;/w sinh (wt) (5.7)
#(t) = xjwsinh (wt) + &; cosh (wt) (5.8)

The linear inverted pendulum model is very attractive since an analytical solution is
available. The model is usually used to generate a nominal trajectory for the body. The
swing foot placement can then be planned according to the nominal body’s trajectory. By
fixing the time interval T for each step and assuming no ground impact force at the support
exchange, Latham [60] used Equation 5.8 to compute the desired end position of the swing
leg Tswing given the desired body velocity ¢ at the end of the motion after the next step:

Tswi = (Ij/ = CCf — j/",L cosh (WTS)
swing t w sinh (WTS)

(5.9)

where #} is the predicted velocity (based on Equation 5.8) at the next step.

In summary, the massless leg models can be used to illustrate key features and provide
qualitative understanding of bipedal walking. In spite of these advantages, the following
subsection will demonstrate that the swing leg dynamics cannot generally be ignored, and
these models will not be applicable for dynamic bipedal walking control in the sagittal plane
except in some limited cases.

5.1.2 Double-Pendulum Model

The main deficiency of the massless leg model is that it does not account for the swing leg
dynamics which can be significant, especially during fast walking. It also does not apply to
those robots that have significant leg inertia.

To illustrate the deficiency, a simple Acrobot model is adopted for the single support
phase of the bipedal walking in the sagittal plane (Figure 5-4). The Acrobot is a two-link
robot that is used to study the dynamics of a gymnast performing on a horizontal bar. It is
actuated only at the joint between the two links. The joint that is attached to the ground
is assumed to have zero torque.

This model is used to study underactuated mechanical systems [118, 73]. The Acrobot
model poses a great challenge to control scientists because its motion control cannot be
solved by present linear and nonlinear control theory. It will be used to demonstrate the
deficiency of the massless leg model. It will also be used to justify the use of the learning
approach instead of the pure model-based approach for the sagittal plane motion control of
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the biped.

The Acrobot model has two point masses M and m that represents the body and swing
leg inertia, respectively. Both links have equal lengths (I; = lo = 1). Let 0 = 01,05
be the generalized coordinates and |[r; = 0,72] be the corresponding generalized forces.
The dynamic equations for the model can be derived using the Lagrangian formulation as
follows:

h1101 + hi2fa + 1 + g1 =0 (5.10)
ho101 + haofa + o + go = T (5.11)

where

hip = M1+ m(21% + 212 cos (62))

hio = m(1% + 1% cos (62))

hor = m(1% + 1% cos (62))

hoy = ml®

c1 = —mi?sin (02)0>° — 2mi? sin (02)6: 65
co = ml%sin (92)912

g1 = —(m+ M)lgsin0; — mlgsin (61 + 62)
g2 = —mlgsin (01 + 62)

These equations are highly nonlinear even though it is a very simplified model for the
single support phase of the biped. There is no analytical solution for these equations, and
numerical methods are needed to solve them. Furthermore, there is an unactuated degree
of freedom at the stance ankle. This prohibits the application of conventional nonlinear
control theories [97].

This model will be first used to illustrate that the swing leg dynamics may affect the
body dynamics and that the swing leg dynamics should not be ignored in the motion control.
First, assume that the swing leg dynamics can be ignored and the swing leg trajectory is
planned independently of the actual dynamics of the system. Let’s consider the case in
which the biped is travelling to the right. The stance leg starts from 6;(0) = —15° and the
swing leg starts from 65(0) = —150°. That is, the angle between the front and trailing legs
is 30°. The swing leg is commanded to swing forward to 02(7s) = —210° based on a third
degree polynomial function of time, where Ty is a predetermined swing time. The start and
end angular velocities (f2(0) and 3(T%)) are equal to zero. That is, at the end of the swing,
the angle between the legs will still be equal to 30°.

A simple PD (Proportional and Derivative) control law is used to generate the torque
7o to track the desired 0>. The proportional gain of the PD controller is set at 2000Nm
and the derivative gain is set at 200Nms. The body mass M is set at 10kg and the length
[ is set at 1.0m. The swing time Ty is set at 0.7second.

To illustrate the effect of the swing leg dynamics on the body motion, three phase
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Figure 5-4: An Acrobot model is adopted for the single support phase of the bipedal walking
in the sagittal plane. It has two point masses M and m that represents the body and swing
leg inertia, respectively. It is actuated only at the joint between the two links. The joint
that is attached to the ground is assumed to have zero torque.

portraits of 0 vs 6; (Figures 5-5(a), 5-5(b) and 5-5(c) correspond to the leg mass m of 1kg,
2.5kg and 5kg respectively) are obtained numerically by taking the initial angular velocity
of the stance leg to be from 0 to 2rad/s with an increment of 0.1rad/s. From these phase
portraits, it is observed that the symmetries about the abscissa and ordinate axes are lost
especially for the case where m = 2.5kg and m = 5kg. Also, from the trajectories of the
stance leg angular position 0 for different leg mass m ( 0,1, 2.5 and 5kg) (Figure 5-6), it is
clear that the leg inertia cannot be ignored even for m = 1kg. Therefore, unless the swing
leg task is carefully executed, the swing leg dynamics can severely affect the motion of the
body and hence cannot be ignored in the bipedal walking control.

It is tempting to use the Acrobot model instead of the massless leg model for the
bipedal walking control. However, since the dynamic equations are nonlinear and have
underactuation, a control solution is not available unless linearization techniques are used.
Most researchers chose to linearize the dynamic equations about the equilibrium points.
Once this is done, many linear control theories can be applied. However, the linearized
model is only applicable to motion control near the equilibrium points, which are usually
motionless states. Thus, such a model cannot be applied to fast walking because all the
nonlinear terms will become significant.

In the model-based approach, the parameter values need to be determined. This process
is usually very tedious, especially if the model is complex. The unmodelled dynamics, for
example, the actuator dynamics and the joint friction, may also cause the model to deviate
from the actual system behavior. This can be illustrated with the Acrobot model as follows.
Instead of studying the effect of the actuator dynamics, the effect of the control law dynamics
is considered.
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Figure 5-5: Phase portraits of the stance leg’s angular position and velocity (based on the
Acrobot model). The swing leg is commanded to travel from 6y = —150° to —210° in 0.7
second based on a third degree polynomial function of time (with zero start and end values

for 65): (a) m = 1kg; (b) m = 2.5kg; and (c¢) m = 5kg.
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Figure 5-6: Trajectories of the stance leg angular position #; based on the Acrobot model
for different leg mass m ( 0,1, 2.5 and 5kg). The initial values of 6, and 0; are —15°(0.26rad)
and 57°/s(1rad/s), respectively. The swing leg is commanded to travel from 6, = —150° to
—210° in 0.7 second based on a third degree polynomial function of time (with zero start
and end values for 6y).

The body mass M and the leg mass m are set at 5kg and 2.5kg, respectively. The initial
values of 6 and 6, are —15°(0.26rad) and 57°/s(1rad/s), respectively. As before, the swing
leg is commanded to travel from > = —150° to —210¢ in 0.7 second.

The trajectory of the stance leg angular position #; is obtained by the numerical sim-
ulation as shown in Figure 5-7. The solid curve corresponds to the trajectory of 6; where
the PD controller has the proportional gain set at 2000Nm and the derivative gain set at
200Nms. The dashed curve corresponds to the PD controller with the proportional gain
set at 200Nm and the derivative gain set at 20Nms. The graph shows that the trajectories
indeed deviate from one another.

From these numerical analyses, it can be deduced that the swing leg dynamics cannot
be ignored for practical application to bipedal walking. Even if the swing leg dynamics are
considered, other unmodelled dynamics may also cause the model to deviate from the actual
behavior of the system. Furthermore, it is tedious to obtain the exact system parameters
for the biped model.

Note that the Acrobat model does not consider the fact that the foot of the stance
leg is not hinged on the ground. Thus, excessive torque between the two legs may not be
achievable in the real biped. Furthermore, the biped needs to satisfy kinematics constraints,
e.g., the swing foot must be above the ground or obstacles. These complex issues of bipedal
walking motivate the use of the learning approach in the control algorithm. The next section
describes the proposed control algorithm for the sagittal plane dynamic walking which is
assisted by a learning algorithm.
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Figure 5-7: Effect of controller dynamics on the trajectory of the stance leg angular position
0,. The swing leg is commanded to travel from 6, = —150° to —210° in 0.7 second as before.
The solid curve corresponds to the PD controller with the proportional gain set at 2000/Nm
and the derivative gain set at 200Nms. The dashed curve corresponds to the PD controller
with the proportional gain set at 200Nm and the derivative gain set at 20Nms.

5.2 Algorithm

As mentioned earlier, the walking dynamics in the three orthogonal planes (sagittal, frontal
and transverse) are assumed to be independent. The motion control in the sagittal, frontal
and transverse plane can then be considered independently. This section presents a con-
trol algorithm for bipedal walking in the sagittal plane based on the divide-and-conquer
approach introduced in Chapter 3. Here, the walking task can be divided into the following
subtasks: 1) the height control of the body; 2) the pitch control of the body; and 3) the
forward velocity control of the body. For the bipeds considered in this thesis, the joints
whose axes are perpendicular to the sagittal plane are utilized for these subtasks.

Consider the “bird-like” and “bent-leg” walking posture and assume that the desired
walking height and body pitch angle are constant. It is easy to achieve the first two subtasks
using intuitive control approach like Virtual model Control (see Section 4.1) without the
need of learning. For the horizontal speed control, the swing leg control approach is proposed
instead of using the double support phase as in Pratt et al. [80]. Except for those bipeds
that can be approximated by simplified models, there is no analytical solution for the desired
swing leg behavior as a function of the desired walking speed. Thus, there is a need for
learning, and a reinforcement learning algorithm (see Section 4.2) is chosen to learn the key
parameter(s) for the swing leg control.

A finite state machine is used to control the state transitions of the system. The gait
cycle of the biped is divided into four distinct states or phases: 1) right support phase; 2)
right-to-left transition phase; 3) left support phase; and 4) left-to-right transition phase.
Table 5.1 tabulates the descriptions of these states. A state diagram as shown in Figure 5-8
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shows the transition events and flow directions among the states.

Table 5.1: Description of the states used in the bipedal walking control algorithm

‘ State ‘ Description ‘

Right Support (RS) The right foot is the stance leg and the left
foot is the swing leg.

Right-to-Left Transition This is the intermediate phase where the

(RS_TO_LS) Right Support state transits to the Left
Support state.

Left Support (LS) The left foot is the stance leg and the right
foot is the swing leg.

Left-to-Right Transition This is the intermediate phase where the

(LS_TO_RS) Left Support state transits to the Right
Support state.

The following subsection describes the implementation of the control algorithm for the
stance leg and the swing leg using the Virtual Model Control approach. The subsequent
subsection describes the application of the reinforcement learning algorithm to learn the
key swing leg parameters for the sagittal plane motion so that stable walking cycle can be
achieved.

5.2.1 Virtual Model Control Implementation in Sagittal Plane

In the sagittal plane dynamic walking, the stance leg algorithm is mainly used to achieve the
height control and body pitch control of the biped during walking. The swing leg algorithm
is used to execute the swing leg strategy whose parameters are obtained by learning. The
control algorithm for the stance leg and the swing leg can be considered separately as in
the following subsubsections.

Stance Leg Algorithm

In the sagittal plane, the stance leg is used to control the body height and pitch. The height
control is achieved by a virtual spring-damper attached vertically between the hip and the
ground. It generates a virtual vertical force f, at the hip. For the body pitch control, a
virtual rotational spring-damper can be applied at the hip. This generates a virtual torque
m,, about the hip. The virtual forces (f, and m,) can then be transformed into the desired
torques for the stance knee joint and the stance hip pitch joint (75, and 73, respectively)
using a transformation matrix (Equation A.7 in Appendix A).

The parameters of the virtual components for the stance leg (sagittal plane) are sum-
marized in Table 5.2. These parameters can easily be manually tuned, only requiring basic
control intuition for a linear mass-spring-damper system. For example, for the vertical
virtual spring-damper, it is desirable to have sufficiently high spring stiffness to minimize
the positional error. The damping coefficient is then adjusted so as to achieve overdamped
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Figure 5-8: Finite state machine for the bipedal walking control algorithm.

response. A DC term is also added to counter the weight of the body so that a low spring
constant ! can be chosen for the virtual spring. The tuning process can be iterated if nec-
essary. Such a tuning approach also applies to the rotational virtual spring-damper. Note
that, although the virtual spring-dampers are linear components, the resulting dynamic
system is nonlinear. Hence, it is not desirable to have oscillatory motion in the resulting
system as nonlinear oscillatory motion can be non-intuitive.

'A low spring constant is desirable because a high spring constant may lead to instability in the physical
implementation.

Table 5.2: Parameters of the virtual components for the stance leg (in the sagittal plane).

‘ Parameter ‘ Notation
1. Spring stiffness (in z direction) k.
2. Damping coefficient (in z direction) b,
3. Spring stiffness (in « direction) kq
4. Damping coefficient (in a direction) ba
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Swing Leg Algorithm

There are many ways to implement the swing leg strategy. For example, one approach is to
exploit the natural dynamics of the swing leg as in the passive walking approach [63, 82].
The desired hip pitch joint of the swing leg can be set to a value so that the servoing
torque causes the swing leg to swing forward and the swing foot to naturally lift from the
ground. The knee joint of the swing leg can be appropriately damped so that the swing
leg lands onto the ground at the right moment. The advantage of this strategy is its low
(mechanical) energy requirement. However, this strategy is not very versatile. For example,
it is not suitable for fast walking control and for the case where step length control is needed
(during difficult terrain walking).

This thesis mainly adopts a strategy for the swing leg that involves specifying a sequence
of swing foot trajectory in the Cartesian space (see Section 5.2.2) as follows:

1. Lift the swing foot to a specific lift height, [;, from 0 to ¢ seconds. A third degree
polynomial is used for this trajectory planning.

2. Swing the leg forward to a specific horizontal position once the foot is in the air.
Again, a third degree polynomial is used for this trajectory planning.

3. After Tyying seconds, the swing foot starts to descend to the ground while maintaining
its desired horizontal position.

Note that this is just one of the strategies that could be adopted for the swing leg. For
example, a fifth degree polynomial may be chosen in order to specify no jerk condition [27].
Different strategies can also be adopted for the lifting and descending of the swing foot.

Given the sequence of the swing foot trajectories, two sets of linear spring-damper virtual
components which are along the X-axis and the Z-axis of the inertia frame respectively can
be adopted. Each of them is attached between the ankle of the swing leg and the trajectory
path. The virtual forces in these virtual components are then transformed by a Jacobian
equation (Equation A.4) to the respective joint torques of the swing leg.

Note that the swing leg strategy adopted has several parameters that need to be set.
The gait stability of the dynamic walking depends on the set of parameter values chosen.
In the next subsection, a reinforcement learning algorithm will be used to determine the
values of selected parameters so that a walking goal can be achieved.

5.2.2 Reinforcement Learning to Learn Key Swing Leg Parameter

The key parameters for the swing leg strategy introduced in Section 5.2.1 are the lift height,
swing time and the end position of the swing foot. The lift height is set to be constant
throughout the walking to simplify the problem. That it, the only key parameters considered
are the swing time and the end position of the swing foot. There are three main learning
approaches. In the first approach, the swing time is fixed and the learning agent learns the
end position of the swing foot. In the second approach, the end position of the swing leg is
fixed and the learning agent learns the swing time. In the third approach, a learning agent
learns the right combinations of these parameters.



60 CHAPTER 5. SAGITTAL PLANE CONTROL ALGORITHMS

In this thesis, the first two approaches are considered. The choice between the first
and the second approaches depends on the terrain type. For example, if the actual foot
placement or step length is not important (say in the case of the level ground walking), it
is possible to simply set the swing time and learn the end position of the swing foot with
reference to the body. However, if the actual foot placement is important (say in the case
of the walking on stairs), it may be better to specify the desired step length and learn the
swing time that results in stable gait.

This subsection presents the approach whereby the decision for the swing leg parameter
can be posed as a discrete time delayed reward (or punishment) problem. The biped is
supposed to select the right swing leg parameter at each step so that long term walking is
possible. Momentarily after the the swing leg has landed, it detects a set of state variables
and decides on an appropriate parameter value (from a finite set) for the swing leg strategy.
This is a discrete-time dynamic system which can be represented by the following equation
(assuming stationary):

int1 = fin, up,wy), n=0,1,... (5.12)

where i, is the state vector, u,, is the scalar control action (in this case the parameter value
of the swing leg strategy), w, is the random disturbance vector (in a countable space) and
the subscript n denotes the stage number. The state vector i,, has continuous elements,
whereas the control action w, is an element of a finite set U(i,). The probability function
of w, is a function of i,, and wu,, but not a function of prior disturbances.

Starting from an initial state i,, the objective is to generate a policy 7 (assumed sta-
tionary) so as to maximize the following expected cumulative discounted return:

N-1
V7 (iy) = J\}EnooE[Z Y7 (i, (i) s wn )] (5.13)
n=0

subject to the constraint equation (5.12). r is the given scalar reward and + is a discount
factor.

It is assumed that the mapping function f is unknown. The biped needs to learn the
appropriate parameter value of the swing leg strategy by trial-and-error until it can achieve
long term walking without failure. The first step is to identify the state variables for the
learning task. A reward function is also set up for the learning. After that, an appropriate
reinforcement learning algorithm has to be chosen. The following subsubsections is devoted
to these tasks.

State variables

The hip height and the body pitch are assumed to be constant during the walking and
hence they can be excluded from the state variables set in the learning implementation. For
constant desired walking speed (average), the following variables are identified to be the
state variables for the learning implementation:
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1. Velocity of the hip in the z-direction, ©7;
2. z-coordinate of the previous swing ankle measured with reference to the hip, xta ;

3. Step length, l;‘;ep.

Superscript + indicates that the state variable is measured or computed at the beginning
of a new single support phase.

The choice of the first two state variables are obvious. They represent the generalized
coordinate for the body, assuming the height and the body pitch are constant. The third
state variable (the step length, l;ep) is required to cater for the dynamics of the swing
leg (see Figure 5-9). If the swing leg dynamics were negligible, this state variable will be
ignorable.

Note that this is just one particular set of state variables and there are many other
possible sets that define the state of the biped for the sagittal plane motion. It may be
required to include more state variables if the complexity of the walking behavior increases.
For example, if the biped is walking on a slope, the gradient of the slope or the vertical
distance between both feet may be included in the state variable set.

|
d d
| — —
| stepy; | stepa

Figure 5-9: Two postures of the biped when the swing foot touches down. Though x}fa (-
coordinate of the previous swing ankle measured with reference to the hip when the swing
leg touches down) is the same (= d) for both postures, the step lengths (Istep, and lgeps,)
are different. If the dynamics of the swing leg is not ignorable, the next swing leg dynamics
for both postures will have different effects on the body motion.

Reward function and reinforcement learning algorithm

The biped aims to select a good value for the swing leg parameter for each consecutive step
so that it achieves stable walking. A reward function that correctly defines this objective is
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Figure 5-10: Schematic diagram of the RL implementation for the sagittal plane. & is the
velocity of the hip in the z-direction; a:;a is the x-coordinate of the swing ankle measured
with reference to the hip; l;;ep is the step length. Superscript + indicates that a state
variable is measured or computed momentarily after the landing of the swing foot. r is the

reward received and wu is the selected parameter value of swing leg strategy.

critical in the reinforcement learning algorithm. If it is not correctly defined, the learning
task may not converge at all. In formulating a reward function, there is usually a continuum
of solutions. One needs to decide also how precise it should be.

Let’s assume that there are minimum heuristics available for the implementation. A
simple reward function can be formulated by defining a failure state to be one whose walking
speed is above an upper bound V,, or below a lower bound Vj; or the hip height z is lower
than a lower bound 7;:

0 forV<z<V,andz2>2Z7
r;{ or Vi<z<V,and z > 7 (5.14)

R; otherwise (failure).

where Ry is a negative constant (punishment). That is, there is no immediate reward or
punishment unless a failure state is encountered. This is a delayed reward problem and the
agent has to learn to avoid the failure states and to avoid those states that inevitably lead
to the failure states.

The schematic diagram of the reinforcement learning framework is shown in Figure 5-
10. The Q-learning algorithm that uses CMAC network as the function approximator is
adopted for the implementations.

The learning target is for the biped to achieve say 100 seconds of walking without
encountering the failure states. Passive exploration (see Subsection 4.2.1) is achieved by
initializing all Q-factors to an optimistic value, say zero. That is, all the weights of CMAC
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network are set to zero. Although the action sets encountered in this thesis can be continu-
ous, they are discretized so that the search for the maximum Q-factor can be done without
using an advanced search algorithm. The discretization resolution depends on the compu-
tational capability of the microprocessor and the nature of the problem. For example, in
the case of the foot placement selection (see Section 5.3), the discretization resolution is
chosen to be 0.01m that is fine enough so as it does not affect the walking behavior and
require high computation.

The mechanism of the learning can be briefly summarized as follows. At the beginning
of the first learning iteration 2, all the actions in the discrete action set will be equally
good. In the event of a tie, the first action encountered in the search algorithm that has
the maximum Q-factor will be adopted. Whenever a failure state is encountered, a new
learning iteration is initialized. Before that, the Q-factor for the state-action pair that leads
to the failure state will be downgraded. If all the actions at a give state lead to a failure
state, the learning agent will avoid a state-action pair that leads to that state. As such, the
learning agent gradually identifies those state-action pairs that lead to a bad outcome.

5.3 Effect of Local Speed Control on Learning Rate

In Section 3.3, the speed control mechanisms in the sagittal plane were divided into local
and global. Although the local control mechanisms are not able to achieve the speed control
by themselves, appropriate use of them may help to improve the performance of the control
algorithm. In this section, the local speed control mechanism which is based on the stance
ankle (Figure 5-11) will be demonstrated to significantly reduce the learning time.

—> X

/Ta

Figure 5-11: A local speed control mechanism based on stance ankle joint.

The control law applied to the stance ankle pitch joint to generate the required torque
T, 18 as follows:

2Each learning iteration is from an initial state to either a failure state or any state in which the learning
target is achieved.
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To = Ba(d — ). (5.15)

where B, is a constant gain and superscript d indicates the desired value. The torque 7, is
bounded within upper and lower limits to prevent the stance leg’s foot from tipping at the
toe or heel. In the algorithm, a simple static analysis is used to generate the bounds:

Tau — KauMglat_J; (516)
Tal — — alMglah_m (517)

where 7, and 7,; are the upper and lower bound, respectively for 7,; M is the total mass
of the biped; ¢ is the gravitational constant; l,;_, is the horizontal distance between the
ankle and the toe; [, _, is the horizontal distance between the ankle and the heel; K, and
K, are positive discount factors to compensate for any discrepancies. The bounds can be
further optimized if better local control at the stance ankle is to be achieved. Even without
optimization, the local control is demonstrated to be effective in improving the performance
of the overall algorithm.

To test the effectiveness of the local control, a control algorithm was constructed and
applied to the simulated Spring Flamingo. In the control algorithm, the stance leg and
swing leg algorithms were implemented as described in Section 5.2.1. The swing time 75
was fixed at 0.3second. The Q-learning algorithm had to learn the desired end position
of the swing foot. In this particular implementation, the desired position of the swing
foot was measured horizontally from the hip. It is selected from a discrete action set U
(= {0.01n| for 0 < 0.01n < 0.2 and n € Z}). The lower and upper bound of this discrete
set are chosen to be 0.0 and 0.2, respectively. The lower bound of the action set is chosen
mainly by observing the human counterparts. The human counterparts mostly swing the
leg forward such that the swing ankle lands in front (horizontally) of the hip. As such, the
lower bound is set to zero. The upper bound of the action set is chosen mainly based on
geometric consideration. For example, it is not desirable for Spring Flamingo to set the
desired foot placement (with respect to the hip) to be 0.5m. Also, based on the physics
of an inverted pendulum, if the swing foot lands far ahead of the hip, the body needs
to have high velocity (kinetic energy) in order to proceed across the maximum potential
energy point. Otherwise, the biped will fall backward. The values of V,,, V; and Z; used in
the simple reward function (Equation 5.2.2) to determine the failure conditions are mainly
chosen by using intuition. These parameter values (including the upper and lower bound
for the action set) can be tuned by trial-and-error. The performance of the algorithm is not
very sensitive to these values. For the simple reward function, a farsighted learning agent
need to be used. Thus, the discount factor « is set to a value close to one (say 0.9). The
details of this implementation are summarized in Table 5.3.

The starting posture (standing posture) and initial walking speed (0.4m/s) were the
same for every iteration during the learning process. The desired walking speed was 0.7m/s.
The simulation result is shown in Figure 5-12. The dashdot-line graph shows the simulation
result corresponding to the case where local control was implemented. It achieves 100
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seconds of walking at 16th iterations (each iteration corresponds to each attempt of the
biped to walk until a failure condition is encountered). The solid-line graph corresponds to
the result in which the ankle torque was always set to zero (limp joint). From comparison
of both graphs, it is deduced that proper application of the ankle torque can speed up the
learning rate for the walking.

The graphs in Figure 5-13 show the action (:cia) sequences generated by the learning
agent (with local control at the stance ankle) for the 1%¢, 5% 10%, 15t and 16" learning
iterations. The corresponding forward velocity (&) profiles are also included in the same
figure. Except for the 16" iteration in which the learning target is achieved, all other
iterations prior to the 16" iteration are terminated due to failure encounter. At the 16"
iteration, the first portions (before six seconds) of the graphs for both & and a:£ . are rather
chaotic. After that, the motion converges to a steady cycle.

Table 5.3: Reinforcement learning implementation for the sagittal plane: S_1

‘ Description ‘ Remark ‘
Implementation code S-1
Swing time, 1 constant
Desired walking speed constant
Learning output (action) Horizontal end
position of the swing
foot with reference to
the hip, :c',’;a
Learning target 100s of walking
Key parameters:
Reward function Equation 5.2.2
Upper bound for the hip velocity V, —0.1m/s
Lower bound for the hip velocity V} 1.3m/s
Lower bound for the hip height Z; 0.5
Ry -1
Discount factor ~ 0.9 (farsighted)
Action set U {0.01n|for 0 < 0.01n <
0.2andn € Z}
Policy Greedy
CMAC parameters
Width of the receptive field for &+ 0.205m/s
Width of the receptive field for xta 0.0384m
Width of the receptive field for l;ep 0.1024m
Width of the receptive field for l'£ “ 0.0384m
Number of the receptive fields layers C 128
Learning stepsize a 0.25

To verify that the local control at the stance ankle pitch joint does consistently result
in a good learning rate, the same implementation that uses the local control is applied to
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Figure 5-12: The graphs show that the local control based on the stance ankle increases the
learning rate. The dashdot-line graph corresponds to the simulation result with the local
control at the ankle. The solid-line graph is without the local control. In both cases, the
starting posture (standing posture) and the initial speed (0.4m/s) are the same for each
training iteration.
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Figure 5-13: The graphs show the action (33£ ,) sequences generated by the learning agent
(with local control at the stance ankle) for the 1%, 5", 10*", 15" and 16" learning iterations.
The corresponding forward velocity (&) profiles are also included. The learning target is
achieved at the 16" iteration. The starting posture (standing posture) and the initial speed
(0.4m/s) are the same for each training iteration.
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the simulated biped for different swing times (0.2, 0.3, 0.4 and 0.5 second). The initial
walking velocity is set to Om/s. All other parameters are set as before. Figure 5-14 shows
the learning curves for each of the swing times. In the worst case, the biped can achieve
100 seconds of continuous walking within 90 iterations.
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Figure 5-14: The learning curves of the simulated Spring Flamingo correspond to different
swing times (0.2, 0.3, 0.4 and 0.5 second). The local control based on the stance ankle is
used. The starting posture (standing posture) and the initial speed (0m/s) for each training
iteration are the same for all the cases.

In summary, the proper usage of the local speed control mechanism based on the stance
ankle helps to increase the learning rate. It is partly because it has increased the number
of successful solutions. As such, the learning algorithm can find a solution much faster.
The learning rate increase by the local mechanism may also be partly due to the fact that
the mechanism possesses an “entrainment” property for the biped walking task. Thus,
the learning agent need to simply generate a coarse foot placement position that can be
“entrained” by the local control mechanism. The local control mechanism then fine-tunes
the velocity control. Note that the biped is able to achieve the desired velocity quite
well even though the reward function does not take it into account. All the subsequent
implementations will use the local-control approach for the sagittal plane motion unless
otherwise stated.

5.4 Generality of Proposed Algorithm

This section demonstrates the generality of the sagittal plane control algorithm in term of its
applicability across bipeds of different mass and length parameters. In this implementation,
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the desired end position of the swing foot is specified based on the desired step length. The
biped needs to learn the appropriate swing time, 75, given the desired step length. For
a given step length, Figure 5-15 illustrates that different swing times result in different
postures, and hence the overall gait stability.

Two different postures corresponding to two

different swing times \\

—

ITarget
foot placement

Figure 5-15: For a given foot placement location, different swing times yield different pos-
tures at the end of the step.

The control algorithm is applied to both simulated Spring Flamingo (SF) and M2 (pla-
nar). The desired step length is constant (0.3m). The starting posture (standing position)
and the initial hip velocity (0.4m/s) are the same for each trial. The desired hip velocities
are 0.7m/s for both bipeds. The desired heights are 0.74m for Spring Flamingo and 0.84m
for M2. Again, the local speed control based on the stance ankle is adopted to assist in the
velocity control. The results are shown in Figure 5-16. The learning speeds are comparable,
and this demonstrates the generality of the proposed algorithm in term of its application
to bipeds of different inertia and length parameters.

A stick diagram of the dynamic walking of Spring Flamingo is plotted in Figure 5-17.
The simulation data for the Spring Flamingo implementation is shown in Figure 5-18. Those
variables with “i” preceding them are the state variables for the reinforcement learning
algorithm and that with “u” preceding it is the action variable. The top graph shows the
states of the state machine (state 5 and state 6 correspond to the right support and the
left support, respectively; state 7 corresponds to the right-to-left transition; and state 8 for
the left-to-right transition). The horizontal dashed lines in the second and third graphs
indicate the desired values.

From the second and third graphs, it is observed that the actual hip height and the
forward velocity are well behaved, and they are close to the desired value. Especially for
the forward velocity, although the reward function did not take into account the desired
forward velocity, its average value converged quite well to the desired value. This outcome
can be mainly attributed to the local control at the stance ankle (see Section 5.3).
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Table 5.4: Reinforcement learning implementation for the sagittal plane: S_2

‘ Description ‘ Remark ‘
Implementation code S_2
Step length constant
Desired walking speed constant
Learning output (action) Swing time Ty
Learning target 100s of walking
Key parameters for RL algorithm:
Reward function Equation 5.2.2
Vi —0.1m/s
Vi 1.5m/s
7 0.5m (SF)/0.5m (M2)
Ry -1
Discount factor ~y 0.9 (farsighted)
Action set U {0.02n|for 0.2 <
0.02n < landn € Z}
Policy Greedy
CMAC
Width of the receptive field for &+ 0.205m/s
Width of the receptive field for a::a 0.0384m
Width of the receptive field for l;ﬁep 0.1024m
Width of the receptive field for T 0.0768s
Number of the receptive fields layers C' 128
Learning step-size « 0.5
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Figure 5-16: Learning curves for the simulated M2 (constrained to the sagittal plane) and
Spring Flamingo (using implementation S_2).

| ey

Figure 5-17: Stick diagram of the dynamic walking of the simulated Spring Flamingo after
the learning target was achieved (using implementation S_2). Only the left leg is shown in
the diagram, and the images are 0.1 second apart.
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Figure 5-18: The simulation data for the dynamic walking of the simulated Spring Flamingo

after the learning target was achieved (using implementation S_2).
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5.5 Myopic Learning Agent

One shortcoming of the previous implementations (using delayed reward) for the sagittal
plane is that it is good only for constant command variables like the desired velocity, step
length etc. In general, it is desirable to change walking speed and to vary the step length
while the biped is walking so as to avoid certain region (e.g. a pothole) on the ground.

To achieve these behaviors, the biped needs to evaluate its swing leg behavior based on
an immediate reward rather than looking at the overall performance over several steps. In
general, more heuristics or information is needed for the implementation. Sutton and Barto
[102] called such a learning agent “myopic” (short-sighted) since it only tries to maximize
the immediate reward.

The immediate reward need not be very precise. However, it must roughly represent
how well the desired velocity is achieved after each swing leg control has been executed. A
variable that represents the overall walking speed well is the hip velocity &’ when the vertical
projection of the biped’s center of mass (VPCoM) passes through the stance ankle (Figure
5-19). VPCoM can be computed based on the kinematics information which includes the
joint angles and the location of the center of mass (CoM) of each link. The mass of each
link is also needed. The computation requirement is very low. Furthermore, great accuracy
of the computation is not required.

>

Figure 5-19: i’ denotes the hip velocity when the vertical projection of the biped’s center
of mass passes through the stance ankle. This value is used to evaluate the action taken for
the swing leg.

Except for those failure states, the reward function is computed based on the absolute
error between 1’ and the desired velocity 4.

r- {Ku —af] forVisi<Vyandz> 7 (5.18)

Ry otherwise (failure).
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where K, is a positive constant.

Note that it is tempting to use the average velocity of the hip to compute the immediate
reward. However, this is not a good performance indicator for walking. It is easy to see
the reason. For example, when the velocity of the hip is monotonically increasing with an
average value equal to the desired value during the single support phase, the hip velocity
for the next cycle will be too high.

Table 5.5: Reinforcement learning implementation for the sagittal plane: S_3

‘ Description ‘ Remark ‘

Implementation code S-3
Step length constant
Desired walking speed constant
Learning output (action) Swing time Ty
Learning target 100s of walking
Key parameters for RL algorithm:
Reward function Equation 5.5

Vi —0.1m/s

Vi 1.3m/s

Zl 0.7m

Ry -1

K, 0.5
Discount factor ~ 0 (myopic)
Action set U {0.02n|for 0.2 <

0.02n < landn € Z}

Policy Greedy
CMAC

Width of the receptive field for &+ 0.16m/s

Width of the receptive field for xta 0.064m

Width of the receptive field for s, 0.16m

Width of the receptive field for T 0.064s

Number of the receptive fields layers, C 128

Learning step-size, « 0.5

This algorithm is implemented for the simulated M2 (constrained to the sagittal plane).
The implementation details are summarized as in Table 5.5. The initial velocity for each
iteration is set at 0.4m/s. The desired velocity is 0.7m/s and the desired step length is
0.25m. The biped needs to learn the swing time, Ts (75 € U = {0.02n|for 0.2 < 0.02n <
landn € Z}) such that it can achieve 100 seconds of walking.

Figure 5-20 shows a learning curve for this implementation. The biped achieved the
objective (100 seconds of walking) within 20 trials. The fast learning can be attributed
to the immediate reward implementation. That is, if the learner’s action is evaluated
immediately rather than delayed, the learning process can be accelerated.

Figure 5-21 shows the key data during a dynamic walking of M2 after it has achieved



5.6. SUMMARY 75

the learning target. Those variables with “i” preceding them are the state variables for the

reinforcement learning algorithm and that with “u” preceding it is the action variable. The
top graph shows the states of the state machine (state 5 and state 6 correspond to right
support and left support, respectively; state 7 corresponds to the right-to-left transition;
state 8 for the left-to-right transition). The horizontal dashed lines in the second and third
graphs indicate the desired values.

From the top second graph, it is observed that hip height is well-behaved (maintains a
constant average value) though it falls short of the desired height (0.84m, dashed line). The
error can be corrected by either increasing the DC offset for the vertical virtual component
or applying Robust Adaptive Control in place of the virtual spring-damper for the height
control [19].

From the third graph, the horizontal velocity & is also well-behaved though its average
is slightly above the desired value (0.7m/s). From the second-to-last graph, it is observed
that the step length, I, is greater than the desired value (0.25m). It is attributed to the
overshooting of the swing leg control during the forward swinging phase. The precision of
the swing leg trajectory tracking can be improved using Adaptive Control approaches used
in manipulators [97].

From the last graph, it is observed that the swing time T for the first step is significantly
greater than the rest. It is because the initial speed of the biped is 0.4m/s. To increase
it to 0.7m/s, the biped needs to delay the touch-down of the swing leg until it has gained
sufficient forward velocity.

In summary, this implementation produces good performance for the sagittal plane
motion control. Such a myopic agent will be used for subsequent implementations in this
thesis.

5.6 Summary

This chapter illustrates various ways of implementing the learning part of the proposed
control architecture for the sagittal plane. Before the control algorithm is described, the
need for learning in the dynamic walking implementation in the sagittal plane is first il-
lustrated. After that, the Q-learning algorithm is applied to learn the parameter of the
swing leg strategy in the sagittal plane. The Virtual Model Control approach is then used
to generate the desired torques for all the joints in the same plane.

This chapter also illustrates the usage of the local speed control mechanism based on the
stance ankle to significantly improve the learning rate for the implementation. The learning
algorithm can be viewed as trying to identify the coarse failure zone for the action so that
the biped would try not to select any action in this zone. The local control is used mainly
to “entrain” the biped to achieve the desired walking speed. Thus, the local control can
be viewed as trying to fine-tune the behavior. Note that if the local control mechanism is
not implemented in the right way, it may worsen the overall performance of the algorithm.
This will be illustrated in the next chapter.

Although only the stance ankle pitch joint is used to modulate the walking speed,
other local control mechanisms can be added to further enhance the walking stability and
robustness in the sagittal plane. For example, if the walking speed of the biped is too slow,
a delay may be added to the support-exchange.
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Figure 5-20: A learning curve for the simulated M2 (constrained to the sagittal plane) when
implementation S_3 was used.

Next, the generality of the algorithm is demonstrated. The algorithm can be applied
without major retunings across different bipeds that have the same structure but different
inertia and length parameters. Each biped simply goes through its learning process to
achieve the walking motion in the sagittal plane.

The theory of the Q-learning algorithm requires that all the state-action pairs (discrete
case) be visited infinitely many times so that their Q-factors can converge to the optimal
Q-factors. This requires proper exploration of the state-action space. In this chapter, it is
demonstrated that for the Q-learning implementation in the walking algorithm, the learning
goal can be achieved even without randomly exploring the state-action space (e is set to zero
for the e-greedy policy). That is, for the bipedal walking task formulated in this chapter,
it is not necessary to obtain a good approximation of the optimal Q-factors.

In the Q-learning implementation, CMAC was used as a function approximator for the
Q-factors. Tt speeds up the learning rate of the algorithm. Besides this, there are other ways
to speed up the learning process. One approach is to reduce the search space. The search
space for the action can be reduced by changing the boundaries after knowledge has been
gained for the task. The boundaries may also be functions of the state variables instead
of being the same for all the states. The functions need not be very precise. Of course,
the more precise the functions are, the tighter the boundaries can be set. Once the search
space is reduced, the learning process should further be shortened. On the other hand, the
successful space for a given task can be increased. The usage of the local control mechanism
is equivalent to increasing the successful space.

The last implementation in this chapter adopted a myopic agent for the learning al-
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Figure 5-21: The simulation data for the dynamic walking of the simulated M2 (constrained
to the sagittal plane) after the learning target was achieved (using implementation S_3).
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gorithm. In the implementation, a reward was assigned to each decision and the rewards
associated with any subsequent decisions were ignored. This implementation is used if the
biped needs to change its foot placement location or its walking speed on the fly. The
trade-off is that it requires extra information, in this case, the position of the center of
mass.

Table 5.6 gives a summary of the implementations in this chapter. They have been
successfully implemented for the planar dynamic walking of the bipeds without using any
dynamic model. The next chapter will describe the frontal plane algorithm and how it can be
combined with the sagittal plane algorithm to yield an algorithm for the three-dimensional
bipedal walking control.

Table 5.6: Summary of the sagittal plane implementations

End Position of swing . . Return
Code Swing time .

leg computation

From hip Step

length

S_1 Learn - Fixed Farsighted
S2 - Fixed Learn Farsighted
S3 - Fixed Learn Myopic




Chapter 6

Three-dimensional walking

This chapter describes the control algorithms for the frontal and transverse planes. It is
assumed that the motion in the three orthogonal planes can be independently considered.
First, the heuristics of the frontal plane motion will be presented. This is followed by
descriptions of the algorithms for the frontal and transverse planes motion control. In the
subsequent sections, different frontal plane implementations are studied. The use of the
local control mechanism, based on stance ankle roll joint, for the frontal plane will also be
explored. The algorithms for the frontal, transverse and sagittal planes are then combined
and applied to the simulated M2 to achieve dynamic walking.

6.1 Heuristics of Frontal Plane Motion

In the frontal plane, the biped uses lateral foot placement to maintain its lateral balance.
During steady forward walking, the body’s lateral velocity varies periodically like a sinu-
soidal waveform [41]. The average lateral velocity has to be zero if the biped follows a
straight line walking path. At each step, the lateral velocity of the body is expected to
change sign exactly once.

If the swing leg dynamics in the frontal plane are neglected and the height of the biped
is maintained at a constant value, the frontal plane motion can be coarsely modelled using
the linear inverted pendulum model described in Subsection 5.1.1. Since the linear inverted
pendulum model is a coarse model, it is not utilized to plan the swing leg motion. Instead,
it is utilized only in the computation of the failure boundaries and for the local control
implementation (see Section 6.3).

The governing dynamic equation for the linear inverted pendulum model is given as:

i=Zg (6.1)

where x is the horizontal coordinate of the body from the vertical plane that passes
through the ankle joint, g is the gravitational constant and h is the body height (see Figure
5-3).
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Equation 6.1 can be rewritten as follows:

49
dr h

The above equation can be integrated to give the relationship between # and x:

@2 ga?

CERETS +C (6.3)
where (' is the integration constant which Kajita, Tani and Kobayashi [51] call the orbital
energy. Given the velocity & and the position x of the system at any instant, C' can be
computed, and Equation 6.3 defines the relationship between # and x for all other time
before the next support exchange event.

When C is greater than zero, the mass approaching the vertical plane that passes through
the pivoting point will be able to travel across the plane. When C' is less than zero, the
mass will not be able to travel across the vertical plane and revert its direction of travel
at some instance of time. In the frontal plane implementation, C is desired to be less than
zero because it is desirable for the body’s lateral velocity to change sign within the step.

Since this model is a coarse model for the frontal plane, it is only used for the failure
detection in the learning algorithm. This will be explained in detail in Subsection 6.2.2.
The model is also used in the frontal plane local control based on the stance ankle roll joint
(see Section 6.3).

6.2 Frontal and Transverse Planes Algorithms

This section describes the control algorithms for the frontal and transverse planes. They are
designed for the biped walking along a straight path. The Virtual Model Control approach
is used to generate the desired torque for relevant joints whereas the reinforcement learning
method is used to learn the key parameters, if necessary, of the algorithms.

The algorithms in this section will then be combined with the algorithm developed in
the previous chapter to yield a three-dimensional walking algorithm. Again, the objective
of the learning is to achieve 100 seconds of walking without encountering the failure states.

6.2.1 Virtual Model Control Implementations in Frontal and Transverse
Planes

This subsection describes the algorithms for the frontal and transverse planes based on the
Virtual Model Control approach. The algorithms are also modulated by the finite state
machine described in Subsection 5.2.1. Each of the algorithms can be decomposed into the
stance leg and swing leg sub-algorithms as explained in the following subsubsections.

Stance Leg

In the frontal plane, the desired body roll angle is set to be zero (upright posture) and
it can be regulated by installing a rotational virtual spring-damper at the stance hip roll
joint. A DC term can be added to account for the moment due to the body and the swing
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leg weights so that high stiffness is not required for the joint. Similar to the sagittal plane
implementations, the stance ankle roll joint is used to provide a local velocity control for
the frontal plane motion (see Section 6.3).

In the transverse plane, the main concern is the body rotation in the yaw direction.
In all the implementations, the desired yaw angle of the body is set to zero. That is, the
biped is controlled to face forward while it is walking. This can be achieved by adding a
rotational virtual spring-damper at the stance hip yaw joint. The resulting effect is like a
PD controller.

Swing Leg

For the swing-leg control in the frontal plane, the robot needs to know the desired trajectory
of the swing-hip roll angle and the swing-ankle roll angle. There are several ways to obtain
the trajectory of the desired swing-hip roll angle. They will be discussed later in this
chapter. The desired ankle roll angle is obtained by geometric consideration. For example,
the swing foot is maintained to be parallel to the ground when the foot is in the air.

Once these angles are given, rotational virtual spring-dampers are attached to the swing
hip and ankle roll joints to track them. The next task is to simply choose a working set of
the parameter values for the virtual components.

In the transverse plane, a rotational virtual spring-damper at the swing-hip yaw joint is
used to regulate the swing leg yaw motion so that the swing foot is always pointing in the
forward direction. Again, the key task is to choose a working set of the parameter values
for the virtual components.

6.2.2 Reinforcement Learning to Learn Key Swing Leg Parameter for
Lateral Balance

The lateral stability of bipedal walking is determined mainly by the swing leg behavior in
the frontal plane. This subsection describes two strategies for the swing leg in the plane.
Based on these strategies, the trajectory for the swing-hip roll joint can be generated.

In the first strategy, the desired end position ¢/ (with respect to the vertical plane) of
the swing leg in the frontal plane is generated before the beginning of the next step using
the reinforcement learning method. The trajectory of the roll angle ¢ of the swing leg is
then planned using a third degree polynomial. The swing time is assumed to be specified
by the sagittal plane implementation.

The second strategy is based on the notion of symmetry. The desired swing leg roll
angle ¢? is set to be equal to the actual stance leg roll angle 6. The reinforcement learning
method is used to learn the offset A to the nominal desired swing leg roll angle provided
by the symmetry approach (see Section 6.4).

Q-learning using CMAC as the function approximator for the Q-factors is adopted as
the reinforcement learning method for both implementations. The learning aims to prevent
the biped from encountering failure states in the frontal plane. The following subsubsections
describe the state variables and reward function used in these strategies.
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State variables

The frontal plane motion control is assumed to be weakly coupled to the sagittal and
transverse planes motions. Thus, the state variables for the sagittal and transverse planes
are not considered in the frontal plane learning implementation. In this thesis, the following
state variables are chosen (see also Figure 6-1):

1. The velocity of the body in the y-direction, 3T;
2. The roll angle of the new swing leg (with respect to the vertical), ¢™;

3. The roll angle of the new stance leg (with respect to the vertical), 7.

The superscript + indicates that the variable is detected at the end of the support
exchange (just before the beginning of a new step).

z, yaw
y, pitch
e—— X, roll
y |
Stance leg

Swing leg

_

Figure 6-1: State variables for the learning implementation in the frontal plane motion are
the values of y, ¢ and € at the end of the support exchange (just before a new step begins).

Reward function and return computation

One way to implement the reinforcement learning algorithm is to adopt a reward function
that only issues a punishment value when a failure state is encountered. In this case, a
“farsighted” approach for the return computation has to be adopted. That is, the discount
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rate 9 for the return computation is set to a value close to one (say 0.9). In the frontal
plane implementation, the following reward function is used:

fi <0#<0,and C; < C < C,
Tz_{o or 0, <0<0,and C;<C<C 6.4

Ry otherwise (failure).

where 0 is the stance leg angle (Figure 6-1) bounded by ©; and ©,; C' is the orbital energy
bounded by Cj and C,; and Ry; is a negative constant (punishment). Note that the failure
condition based on 6 is checked throughout each step. The failure condition based on C' is
checked only at the end of the support exchange.

6.3 Local Control in Frontal Plane

This section describes the use of the stance ankle’s roll joint as a local control mechanism
to assist the learning algorithm in the frontal plane. T'wo local control law candidates will
be compared. The first control law candidate for the stance ankle roll joint (right support
phase) is given as follows:

Tar = —Bary (6.5)

where 7, is the desired torque of the stance ankle roll joint (acting on the foot by the
shank), B, is a constant gain and g is the lateral velocity of the body. This control law
is chosen because the biped average lateral velocity is desired to be zero. It tries to reduce
the lateral velocity to zero at all times.

The other local control law candidate is built upon a coarse model for the frontal plane.
The linear inverted pendulum model described earlier (see Subsection 5.1.1) is selected to
be the coarse model. It has the following explicit solutions given by Equation 5.3 and 5.4:

y(t) = Cre¥t + Coe™"
y(t) = Crwe?t — Cowe "

where y is the horizontal position of the midpoint between the hips measured from the
stance ankle, ¢ is the time derivative of y, w is equal to \/g%, (1 and Cy are constants
that can be computed given the value of y and ¢ at a certain time.

Based on the linear inverted pendulum model, the desired frontal plane motion during
the right support phase can be represented as in Figure 6-2. Let’s assume that the height A is
constant. The black circle represents the point mass of the linear inverted pendulum model.
The figure illustrates that the body changes the direction of motion (lateral) somewhere
during the right support phase. This is possible only if the orbital energy C' is less than zero
(see Section 6.1). For a given swing time Ty, it is desirable by symmetry that the lateral
velocity ¢ of the body be zero at half time Ts/2. Furthermore, for regular walking, it is
desirable that y(75/2) be the same for every step. Once a value for y(Ts/2) is chosen, the
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values of (1 and C5 can be obtained as follows:

Beginning of right Turning point Just before swing
support leg touch down

A Foot contact

Figure 6-2: The frontal plane motion during the right support phase based on the linear
inverted pendulum model. The black circle represents the point mass of the linear inverted
pendulum model.

For this case, the control law at the stance roll ankle (for the right support phase) is
given as follows:

Tar = Kar (yd - y) + Bar(yd - 3/) (6-8)

where y? and g¢ are the desired lateral position and velocity of the midpoint between the
hips (measured from the stance ankle) given by the coarse model; K, and B, are constant
gains.

The desired torque 7, from both control laws are bounded to prevent the stance foot
from tipping over its side edges. Simple static analysis as in the sagittal plane is used to
generate the bounds:
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Taru = KaruMglfw/2 (69)
Tarl — _KarlMglfw/2 (610)

where 7,4, and 7, are the upper and lower bounds for 7,,.; M is the total mass of the
biped; g is the gravitational constant; l¢,, is the foot width; Ky, and K, are the positive
discount factors to compensate for any discrepancies due to unmodelled dynamics.

In the frontal plane, the reinforcement learning algorithm is used to learn the end
position of the swing leg roll angle ¢, whereas the swing time T} is set by the sagittal
plane implementation. The algorithm is summarized in Table 6.1. The effectiveness of both
local control law candidates will be compared.

In the sagittal plane, the reinforcement learning implementation is almost the same as
the implementation S_3. That is, a myopic agent is used. However, the swing time 7} is
constant and the agent learns the horizontal end position of the swing ankle with reference
to the hip xia. The swing leg strategy is as described in Subsection 5.2.2. The local
control mechanism based on the stance ankle pitch joint is as described in Section 5.3. The
description of this implementation is summarized in Table 6.2.

The algorithms for the frontal, sagittal and transverse planes are combined to form a
three-dimensional (3D) walking algorithm. There are many ways to implement this al-
gorithm. One approach is to train the sagittal plane’s motion control first followed by
the frontal plane’s, or vice versa. Another approach is to implement them simultaneously.
The latter approach is more attractive for the physical implementation since the former
approaches require special training setup to constrain the biped to the sagittal or frontal
plane motion. However, the latter approach requires proper partitioning of the failure con-
ditions so that the cause of failure can be correctly attributed, that is, whether it is due
to the sagittal or frontal plane motion. Both approaches assume that the dynamics in the
sagittal plane and the frontal plane are weakly coupled.

The 3D algorithm is applied to the simulated M2. In every iteration, the biped starts to
walk from a standing posture with both ankles directly below the respective hip joints. Its
body is given an initial velocity of [#¢2]T = [0.6m/s — 0.42m/s0m/s]T. The learning in
both the sagittal and frontal planes is carried out simultaneously. The learning target is to
achieve 100 seconds of walking without violating the failure conditions in both the sagittal
and frontal planes. The desired walking speed is set at 0.4 m/s. The swing time 7 is fixed
at 0.5 second. In the frontal plane, y(T;/2) is set to be equal to 1/8 of the hip spacing
(0.184 m) for the local control based on Equation 6.8.

Figure 6-3 shows the resulting learning curves for the simulated M2. The solid and
dotted graphs are the learning curves for the implementations in which the frontal plane
local controls were based on Equation 6.5 and 6.8, respectively. The latter implementation
has a much better performance.

From the data (Figure 6-4) of the frontal plane implementation after the learning target
has been achieved, it is observed that the behavior of the biped in the frontal plane is
“chaotic”. That is, the action sequence (u(n)) from the frontal plane agent does not seem
to converge to any regular pattern. It may be due to several reasons. Firstly, it may be
the result of the approximated representation (using CMAC) of the Q-factors. It may also
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Table 6.1: Reinforcement learning implementation for the frontal plane: F_1

Description

‘ Remark

Implementation code
Swing time

Learning output (action), us

F_1

constant(same value as the
sagittal plane)

End position of the swing leg
roll angle, ¢

Key parameters:
Reward function
Oy
©;
Cy
@
Discount factor o
Action set Us

Policy

CMAC parameters
Width of the receptive field for ¢
Width of the receptive field for ¢
Width of the receptive field for §*
Width of the receptive field for x{a
Number of the receptive fields layers C'
Learning step-size «

Equation 6.2.2

0.26rad

—0.15rad

0.1

—0.1

0.9 (farsighted)

{0.001n| for — 0.06 <
0.001n < 0.1 andn € Z}
modified e-greedy (e = 0)

0.04m/s
0.04rad
0.04rad
0.04rad
64

0.125
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Table 6.2: Reinforcement learning implementation for the sagittal plane: S_4

Description ‘ Remark
Implementation code S 4

Swing time, T} constant
Desired walking speed constant

Learning output (action), u

Horizontal end position of the
swing foot with reference to
the hip x{ "

Key parameters:
Reward function

Vi

Discount factor ~
Action set U

Policy

CMAC
Width of the receptive field for T
Width of the receptive field for xta
Width of the receptive field for s,
Width of the receptive field for l‘{ "

Number of the receptive fields layers, C
Learning step-size, «

Equation 5.5

—0.1m/s

1.3m/s

0.7m

-1

0.5

0 (myopic)

{0.02n/for — 0.1 < 0.02n <
0.2andn € Z}

modified e-greedy (e = 0)

0.08m/s
0.064m
0.16m
0.04m
128

0.1
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100

10+ : -

Figure 6-3: The learning curves for the simulated M2 when implementations F_1 and S_4
were used. The learning in both the sagittal and frontal planes was carried out simultane-
ously. The solid-line and dotted-line graphs are the learning curves for the implementations
in which the frontal plane’s local controls were based on Equations 6.5 and 6.8, respectively.
The implementation whose frontal plane’s local control was based on Equation 6.8 managed
to achieve the learning target in about 200 learning iterations. The other implementation
did not seem to improve its walking time even after around 600 learning iterations.
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|
2 4 6 8 10 12 14 16 18 20
t(s)

Figure 6-4: The simulation data (after the simulated M2 has achieved the learning target)
for the implementation F_1 whose local control is based on Equation 6.8 .
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be due to the lack of active exploration that could have helped to estimate the Q-factors
better. It may also be due to the fact that there is no mechanism installed to make the
agent behave in a regular manner. That is, the agent is just “told” to make sure the biped
does not violate the failure conditions, but not to behave in a regular manner. The next
section presents an implementation in which regularity for the frontal plane motion is built
into the algorithm.

6.4 Notion of Symmetry

One key problem of the previous approach is that the frontal plane agent may behave in
a chaotic manner. That is, the desired end position of the swing-hip roll angle may not
converge to a limit point. One solution is to use a reward function that penalizes such a
chaotic behavior. Another approach is to build regularity into the algorithm. The latter
approach is adopted in this section and it is based on the notion of symmetry. Raibert [86]
used it to design an algorithm for foot placement to control the forward speed of a hopping
machine. His work resulted in a simple implementation which did not require any dynamic
model of the legged machine though the dynamics of the machine were very complex to
analyze.

The notion of symmetry is a simple but general concept. For the frontal plane motion,
assuming that both legs have similar actuators’ characteristics and inertia distribution, the
swing leg roll angle ¢ of the biped is commanded to mirror the behavior of the stance leg
roll angle 6. Assuming that the body roll angle is equal to zero at all times, the control law
for the swing-hip roll joint (for the right suport phase) is formulated as follows:

Thrs — Khrs<0 - ¢) + Bhrs(é - ¢) (611)

where 73,5 is the desired torque at the swing-hip roll joint; and K}, and By,.s are the
proportional and derivative gains, respectively. This control law can be viewed to be a
rotational virtual spring-damper placed at the swing-hip roll joint.

The local control law is chosen to be the same as Equation 6.5. The desired torque
Tar Of the stance ankle roll joint is also bounded by the same bounds (Equations 6.9 and
6.10). A reinforcement learning algorithm almost similar to the implementation F_1 is used
to learn the offset A for the desired swing-hip roll angle before the beginning of each step.
That is, Equation 6.11 becomes 7p,5 = Kpps(0 + A — @) + Bm«s(é — (;5) The details of this
RL implementation are not listed here because it turns out that learning is not required for
such an implementation.

In the sagittal plane, implementation S_4 (Table 6.2) is adopted. That is, a myopic agent
is used. The agent learns the horizontal end position of the swing ankle with reference to
the hip :c£ .- The swing leg strategy is as described in Subsection 5.2.2. The local control
mechanism based on the stance ankle pitch joint is as described in Section 5.3.

The algorithms for the frontal, sagittal and transverse planes are combined to form a
three-dimensional (3D) walking algorithm which is again applied to the simulated M2. In
every iteration, the biped starts to walk from a standing posture. Its body is given an
initial velocity of [# g |7 = [0.6m/s — 0.37m/s0m/s|T. The learning in both the sagittal



6.4. NOTION OF SYMMETRY 91

and frontal planes is carried out simultaneously. The learning target is to achieve 100
seconds of walking without violating the failure conditions in both the sagittal and frontal
planes. The desired walking speed and height are set at 0.4 m/s and 0.84 m, respectively.
The swing time is fixed at 0.5 second.

The simulation result reveals that the frontal plane learning is not required for the 3D
walking. That is, the swing-hip roll joint control based on Equation 6.11 and the local
control law based on Equation 6.5 for the stance ankle roll joint yield a stable frontal
plane motion (provided a right set of parameter values are chosen). A learning curve for
such an implementation is shown in Figure 6-5. The learning curve shows that the biped
achieved 100 seconds of walking within 50 iterations. It was much faster than the learning
curve in the previous implementation because the biped only encountered failures in the
sagittal plane. Thus, the learning curve is comparable to that of the planar (sagittal plane)
implementation.

Figure 6-6 shows the stick diagram of the dynamic walking of the simulated M2 after the
learning target was achieved. The body trajectory of the biped are shown in Figure 6-7. In
the sagittal plane, the forward velocity and the pitch angle of the body were well-behaved.
The average body height (measured from the ground to the midpoint of the hips) was below
the desired value (0.84m/s). This was mainly because the DC component of the vertical
virtual component was not high enough. To solve this problem, the DC component can be
increased. Alternatively, a robust adaptive control approach can be adopted as in [19] for
the height regulation.

In the frontal plane, the lateral velocity and the roll angle of the body were well-behaved.
However, there was a slight drifting of the horizontal position y of the body. It is mainly
because there is an asymmetry in the frontal plane motion of the biped. It is evident from
the legs’ roll angles plots (¢ and ) in Figure 6-8 that both angles were different between
the right and left legs. This could be due to the inherent dynamics in the frontal plane that
depends on the initial conditions. It could also be due to the fact that the sagittal plane
motion has some effects on the frontal plane motion. And since the the sagittal plane data
like the step length and the desired end position of the swing ankle x{a did not converge
to a limit point (see the last two graphs of Figure 6-8), the frontal plane motion would also
be influenced. Of course, the influence can be both ways too.

There are several ways to correct the drifting in the lateral direction. One of which is
to create asymmetry in the local control at the stance ankle roll joint when the drifting is
exceeded by a preset amount. Another approach is to use the transverse motion (yaw). For
example, if the biped has drifted to one side, the stance hip yaw joint can be used to change
the walking direction to nullify the drift.

The feasibility of achieving the frontal plane control based on the notion of symmetry
and the local control mechanism without the need for learning is a very interesting finding
of this implementation. In fact, the frontal plane control strategy is quite “robust” because
the biped did not encounter a single failure in the frontal plane even while it was learning
the sagittal plane motion.

Note that the notion of symmetry does not by itself produces the solution. However, it
can be used to derive candidate strategies for the motion control. Once a candidate strategy
is created, the architecture proposed in this thesis acts as a potential testbed for it. In this
case, the strategy for the frontal plane motion just happens to yield a positive outcome even
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without any learning,.

The following subsection analyzes the frontal plane motion strategy adopted in this
section using a simple model. The model is meant to provide some insight for the strategy,
especially with regard to the stabilization issue.

50 60

Figure 6-5: A learning curve for the dynamic walking of the simulated M2. The frontal plane
implementation was based on the notion of symmetry. The sagittal plane implementation
was S_4.

6.4.1 Analysis

This subsection describes the analysis of the symmetry approach for the lateral balance.
A simple linear double pendulum model as shown in Figure 6-9 is used in the analysis to
validate that this approach can result in a stable motion. In this model, the body is a point
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0.4 7
0.2p 7

Figure 6-6: Stick diagram of the dynamic walking of the simulated M2 after the learning
target was achieved. Only the left leg is shown in the diagram and the images are 0.1 second
apart.

mass M that is constrained to move along the horizontal constraint line 1. The swing leg’s
mass m is assumed to be concentrated at the foot and it is constrained to move along the
horizontal constraint line 2. z; and 9 are chosen to be the generalized coordinates for this
model. x; is the horizontal distance of the body mass M measured from the stance ankle.
x9 is the horizontal distance of the leg mass m measured from the body mass. 7 is the
torque exerted on the stance leg by the ground. 74 is the torque exerted on the swing leg
by the stance leg. Let’s assume that the biped’s single support period or swing time 7T} is
fixed, and the support exchange occurs instantaneously.

If the support exchange event is temporarily neglected, the dynamic equations of this
model can be obtained by Newtonian mechanics as follows:

1 B e | O 1 I

From the symmetry approach adopted earlier, the control laws for 7, and 7o are formu-
lated as follows:

T = Ky (6.13)
Ty = Kp(xl — 1‘2) + KD(jfl — .fg) (6.14)

Now, let’s substitute the control laws for 7 and 75 into Equation 6.12 to yield Equation
6.15:

alp]vefn)vez] [0 -

where



94 CHAPTER 6. THREE-DIMENSIONAL WALKING

10 T T T T T T T T T
5 ‘_/w_f\_/—\_f\_/w_/—\_/w_f\_/—\_f\_/w_f\_/—\_f\_ﬂ
0 ! ! ! ! ! ! ! ! !

0 1 2 3 4 5 6 7 8 9 10
o02F T T T T T T T T T ]
0.1 d

OR 4
—01 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10
0.8 T T T T T T T T T
0.75 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10
T T T T T T T T T
0.5 ‘//M\_/\/\,/\_/\J\\/\M\N
0 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10
0.5 T T T T T T T T T
0 /\M/\/\/\/v
05 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10
0.05 T T T T T T T T T
0 WW
_0.05 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10
0.05 T T T T T T T T T
0 W\//\\'\//\/J/W\\'\;
~0.05 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10
0.05 T T T T T T T T T
0 W\WWW\AWI

~0.05 ! ! ! ! ! ! ! ! !
0 1 2 3 4 5 6 7 8 9 10

Figure 6-7: The body trajectory of M2 during the dynamic walking after the learning target
was achieved. The frontal plane implementation was based on the notion of symmetry. The
sagittal plane implementation was S_4.
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10

O(rad)

o(rad)

Figure 6-8: The legs’ roll angle trajectories of M2 during the dynamic walking. The frontal
plane implementation was based on the notion of symmetry. The sagittal plane implemen-
tation was S_4. The present step length l;ep and action sequences of the sagittal plane
implementation are also included.
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Figure 6-9: A linear double pendulum model for the analysis of the symmetry approach
used in the frontal plane algorithm.

mh mh
B_ —-Kp+K; Kp
- —Kp Kp
C - —(m+M)g—Kp Kp
—Kp mg + Kp

H } VE
xI9 xr

Ej (6.16)

I
)

where
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Finally, the above equations can be expressed in a state space form:

0 0 1 0 0 n
g2| _ |E(L1) D@,1) E(1,2) D1,2)| |u 617)
i3 0 0 0 1 s '
1)4 E(27 1) D(Za 1) E(27 2) D(Za 2) Ya

where i = [y1 yo y3 ya]” = [1 &1 22 E2] 7.
Let g§”) denote the initial state vector (subscript i) at the beginning of the n th step.
If the swing time Ty is fixed, the final state vector (subscript f) just before the support

exchange is given by the explicit solution of Equation 6.4.1 as follows:

7 = exp (FT,)g") (6.18)
where
0 1 0 0
F_ |FLD) DY) EQ,2) D(,2)
I 0 0 1

E(2,1) D(2,1) E(2,2) D(2,2)

Now, let’s consider the support exchange event. Let’s assume that the support exchange
is instantaneous and the previous stance foot is not acted on by any impulsive force. Also,
by the conservation of angular momentum about the ankle of the new supporting leg and as-
suming that both masses remain in their respective constraint lines, the following boundary
conditions can be obtained:

" = Gy (6.19)
where
[O 0 1 0“
0O -1 0 0
G- 1 0 0 0
[0 1 0 OJ

By substituting Equation 6.19 into Equation 6.18, the following discrete LTI system is
obtained:

TR < 770 (6.20)
where H = Gexp (FTy) is the state transition matrix.

From linear control theory, the modulus of all the eigenvalues A; of H must be less
than unity for Equation 6.20 to be asymptotically stable. Now, let’s set the values for
the parameters in this model so that quantitative analysis can be carried out. The key
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parameters are set as follows: M = 20kg, m = 2kg, h = 0.84m, Ty = 0.5s, and g =
9.81m/ s?. The maximum modulus of the eigenvalues is plotted against Kp and Kp for
K; = 1,10,20 and 50 using Matlab"™ as shown in Figure 6-10. The figure shows that
the system indeed has a zone in the Kp-Kp plane where the maximum modulus of the
eigenvalues is less than one. The zone is especially obvious and large for K; = 10. From
the figure, it is also observed that Kp and Kp should not be too large or too small. Having
large values for these parameters means better tracking of the desired trajectory. That is,
perfect symmetry is not desirable for the algorithm. On the other hand, if Kp and Kp are
too small, this will result in a poor tracking of the desired trajectory. That is, the stance
leg roll angle has little influence on the swing leg roll angle.

This analysis validates the frontal plane algorithm presented in this section. A stable
motion in the frontal plane can be achieved if a proper set of Kp, Kp and K7 is chosen.

Figure 6-10: Four surface plots of the maximum modulus of the eigenvalues of H against
Kp and Kp corresponding to K1 = 1,10,20 and 50.
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6.5 Summary

In this chapter, the 3D walking algorithms were constructed based on the assumption that
the motions in the sagittal, frontal and transverse planes could be independently considered.
The successful implementations of the algorithms indirectly validated this assumption and
the proposed control architecture.

In Section 6.3, the reinforcement learning algorithm was used to learn the end position
of the swing leg roll angle ¢ before the beginning of each single support phase. Two local
control law candidates for the stance ankle roll joint were compared. The simulation results
demonstrate that the choice of the local control law for the stance ankle roll joint can affect
the learning rate.

Section 6.4 illustrated how one could tap the hidden potential of the notion of symmetry
for the bipedal walking task. The successful application of the notion for the frontal plane
motion control without complex control laws endorses Raibert’s claim [86] that symmetry
could be utilized to simplify the control of legged robots. In this thesis, the strategy was
found during an implementation of the proposed architecture. That is, the process of
implementing an algorithm based on the proposed architecture may result in a new control
approach for bipedal locomotion. The learning rates for the constructed algorithms can be
used to gauge their relative effectiveness.

The simulation results in both Section 6.3 and 6.4 also reveal that the choice of the
control law for the stance ankle depends on the selected swing leg strategy. The control law
that does not work well for the frontal plane implementation in Section 6.3 actually works
well for the implementation in Section 6.4.

The next chapter gives further examples of how the algorithms developed thus far can
be modified to generate other behaviors of walking. One behavior is variable-speed walking.
This is a critical but difficult behavior that one would like a bipedal robot to possess. The
algorithms will also be modified so that the simulated M2 can achieve a “man-like” walking
posture.
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