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Introduction

1.1 Human-Robot Interaction Control

If we know the robot dynamics, we can use them to design model-based
controllers (See Figure 1.1). The famous linear controllers are: Proportional-
Derivative (PD) [1], linear quadratic regulator (LQR), and Proportional-Integral-
Derivative (PID) [2]. They use linear system theory, so the robot dynamics are
required to be linearized at some point of operation. The LQR [3-5] control has
been used as a basis for the design of reinforcement learning approaches [6].

The classic controllers use complete or partial knowledge of the robot’s
dynamics. In these cases (without considering disturbances), it is possible to
design controllers that guarantee perfect tracking performance. By using the
compensation or the pre-compensation techniques, the robot dynamics is can-
celed and establishes a simpler desired dynamics [7-9]. The control schemes with
model compensation or pre-compensation in joint space can be seen in Figure 1.2.
Here q, is the desired reference, q is the robot’s joint position, e = q; — q is the
joint error, u, is the compensator or pre-compensator of the dynamics, u, is
the control coming from the controller, and 7 = U, + i, is the control torque. A
typical model-compensation control is the proportional-derivative (PD) controller
with gravity compensation, which helps to decrease the steady-state error caused
by the gravity terms of the robot dynamics.

When we do not have exact knowledge of the dynamics, it is not possible to
design the previous controllers. Therefore, we need to use model-free controllers.
Some famous controllers are: PID control [10, 11], sliding mode control [2, 12],
and neural control [13]. These controllers are tuned according to specific plant
under certain conditions (disturbances, friction, parameters). When new condi-
tions arise, the controllers do not display the same behavior, even reaching insta-
bility. Model-free controllers perform well for different tasks and are relatively
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easy to tune; however, they cannot guarantee an optimal performance and require
re-tuning the control gains when the robot parameter are changed or a disturbance
is applied.

All the above controllers are designed for position control and do not consider
interaction with the environment. There is a great diversity of works related to the
interaction, such as stiffness control, force control, hybrid control, and impedance
control [14]. The force control regulates the interaction force using P (stiffness
control), PD, and PID force controllers [15]. The position control can also use force
control to perform position and velocity tracking [16, 17] (see Figure 1.3). Here f;
is the desired force, f, is the contact force, e, = f; — f, is the force error, x, is the
output of the force controller, and e, = x, — x, is the position error in task space.
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The force/position control uses the force for the compensation [17]. It can also use
full dynamics to linearize the closed-loop system for perfect tracking [18].

Impedance control [7] addresses the problem of how to move the robot
end-effector when it is in contact with the external environment. It uses a desired
dynamic model, also known as mechanical impedance, to design the control.
The simplest impedance control is the stiffness control, where the stiffness of the
robot and the environment have a proportional interaction [19].

Traditional impedance control linearizes the system by assuming that the robot
model is known exactly [20-22]. These algorithms need the strong assumption
that the exact robot dynamics are known [23]. The robustness of the control lies
in the compensation of the model.

Most impedance controllers assume that the desired inertia of the impedance
model is equal to the robot inertia. Thus, we only have the stiffness and damping
terms, which is equivalent to a PD control law [8, 21, 24]. One way to solve the inac-
curacy of dynamic model compensation is through the use of adaptive algorithms,
neural networks, or other intelligent methods [9, 25-31]

There are several implementations of impedance control. In [32], the impedance
control uses human characteristics to obtain the inertia, damping, and stiffness
components of the desired impedance. For the position control a PID control is
used, which favors the omission of the model compensation. Another way to avoid
the use of the model or to proceed without its full knowledge is to take advan-
tage of system characteristics, that is, the high gear-ratio velocity reduction that
causes the non-linear elements to become very small and the system to become
decoupled [33].

In mechanical systems, particularly in the haptic field, the admittance is the
dynamic mapping from force to motion. The input force “admits” certain amount
of movement [11]. The position control based on impedance or admittance needs
the inverse impedance model to obtain the reference position [34-38]. This type of
scheme is more complete because there is a double control loop where the inter-
action with the environment can be used more directly.
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The applications of impedance/admittance control are quite wide; for example,
exoskeletons are used by a human operator. In order to maintain human safety,
low mechanical impedance is required, while tracking control requires high
impedance to reject the disturbances. So there are different solutions such as
frequency molding and the reduction of mechanical impedance using the poles
and zeros of the system [39, 40].

Model-based impedance/admittance control is sensitive to modeling error.
There exist several modifications to the classical impedance/admittance con-
trollers, such as the position-based impedance control, which improves robustness
in the presence of modeling error using an internal position control loop [21].

1.2 Reinforcement Learning for Control

Figure 1.4 shows the control scheme with reinforcement learning. The main differ-
ence with the model-free controller in Figure 1.1 is that the reinforcement learning
updates its value in each step using the tracking error and control torque.

The reinforcement learning schemes are first designed for discrete-time systems
with discrete input space [6, 41]. Among the most famous methods are Monte
Carlo [42], Q-learning [43], Sarsa [44], and critic algorithms [45].

If the input space is large or continuous, the classical reinforcement learning
algorithms cannot be directly implemented due to the computational cost, and in
most cases the algorithm would not converge to a solution [41, 46]. This problem is
known as the curse of dimensionality of machine learning. For robot control, the
curse of dimensionality increases because there are various degrees of freedom
(DOFs), and each DOF needs its own input space [47, 48]. Another factor that
makes the dimension problem more acute is the disturbances, because new states
and controls must be considered.

To solve the curse of dimensionality, the model-based techniques can be
applied to the reinforcement learning [49-51]. These learning methods are very
popular; some algorithms are called “policy search” [52-59]. However, these
methods require model knowledge to decrease the dimension of the input space.

There are a wide variety of model-free algorithms similar to the discrete-time
algorithms. The main idea of these algorithms is to design adequate reward and
approximators, which reduces the computational cost in presence of a large or
continuous input space.

The simplest approximator to decrease the input space is the handcraft methods
[60-65]. They speed up the learning time by looking for regions where the reward
is minimized/maximized. [66, 67] use learning methods from input data, simi-
larly to discrete-time learning algorithms, but the learning time increases. Other
techniques are based on previously established actions in a sequential and related
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way; that is, the actions that must be taken at each time instant are defined to do a
simple task by themselves [68-72]. The main problems of these methods require
an expert knowledge to obtain the best regions and to set the predefined actions.

A linear combination of approximators learn from input data without expert
intervention. The most widely used approximators in robot control are inspired
by human morphology [73, 74], neural networks [75-77], local models [74, 78],
and Gaussian regression processes [79-82]. The success of these approximators is
due to the adequate choice of their parameters and hyper-parameters.

A poor reward design can involve a long learning time, convergence to wrong
solutions, or the algorithms never converging to any solution. On the other hand,
the proper design of a reward helps the algorithm to find the best solutions in each
moment of time in a faster way. This problem is known as the “curse of the reward
design” [83].

When model-free methods are used, the reward should be designed in such a
way that it adapts to changes in the system and possible errors, which is extremely
useful in robust control problems where the controller is required to be able to
compensate the disturbances or limit disturbances to obtain an optimal perfor-
mance.

1.3 Structure of the Book

The book consists of two principal parts:

o The first part relates to the design of human-robot interaction control in different
environments (Chapters 2, 3, 4 and 5).

e The second part deals with reinforcement learning for robot interaction control
(Chapters 6, 7, 8,9 and 10).

Part1

Chapter 2: We address some important concepts for robot interaction control
in a mechanical and electrical sense. The concepts of impedance and admittance
play important roles for the design of robot interaction control and the environ-
ment modeling. The typical environment models and some of the most famous
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identification techniques for parameters estimation of the environment models
are introduced.

Chapter 3: We discuss our first robot-interaction schemes using impedance
and admittance controllers. The classical controllers are based on the design of
feedback-linearization control laws. The closed-loop dynamics is reduced to a
desired dynamics based on the proposed impedance model, which is designed as
a second-order linear system. Precision and robustness problems are explained in
detail for classical impedance and admittance control. The applicability of these
controllers is illustrated by simulations in two different environments.

Chapter 4: We study some model-free controllers that do not need complete
knowledge of the robot dynamics. The model-free controllers are designed for
an admittance control scheme. The interaction is controlled by the admittance
model, while the position controller uses the adaptive control, PID control, or slid-
ing mode control. Stabilities of these controllers are given via Lyapunov stability
theory. The applicability of these algorithms is proven via simulations and exper-
iments using different environments and robots.

Chapter 5: We give new robot interaction control scheme known as
human-in-the-loop control. Here the environment is the human operator. The
human has no contact with the robot. This method uses the input forces/torques of
the human operator and maps them into position/orientations of the end-effector
via the admittance model. Since the human is in the control loop, she does not
know if the applied force/torque yields to singular positions, so it is dangerous for
real applications. Therefore, the admittance controllers of the previous chapters
are modified to avoid the inverse kinematics, and the Jacobian matrix is modified
by using the Euler angles. Experiments illustrate the effectiveness of the approach
in both joint and task spaces.

Part 2

Chapter 6: The previous chapters use the desired impedance/admittance model
to achieve the desired robot-environment interaction. In most cases, these interac-
tions do not have the optimal performance, they have relative high contact forces
or high position errors because they require the environment and robot dynamics.
This chapter deals with the reinforcement learning approach for the position/force
control in discrete time. The reinforcement learning techniques can achieve a
sub-optimal robot-environment interaction.

The optimal impedance model is realized by two different approaches: dynamic
programming using a linear quadratic regulator and reinforcement learning. The
first one is the model-based control law, the and the second one is model-free.
To accelerate the convergence of the reinforcement learning method, the eligi-
bility traces and the temporal difference methods are used. Convergence of the
reinforcement learning algorithms is discussed. Stability of the position and force
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control is analyzed using Lyapunov-like analysis. Simulations and experiments
verify the approach in different environments.

Chapter 7: This chapter deals with the large and continuous-time counterpart of
the reinforcement learning methods discussed in Chapter 6. Since we are consider-
ing big input spaces, the classical reinforcement learning methods cannot handle
the problems of the optimal solutions and may not converge. It is required to use
approximators to reduce the computational effort and to obtain the reliable opti-
mal or near optimal solutions. This chapter deals with the dimensionality problem
in both discrete and continuous time.

We use a parametric approximator based on the normalized radial basis func-
tion. The centers of each radial basis function are obtained through the K-means
clustering algorithm and random clusters. The convergence of the discrete-
and continuous-time versions of the reinforcement learning approximation is
analyzed using the contraction property and Lyapunov-like analysis. A hybrid
reinforcement learning controller is proposed to take advantage of both discrete-
and continuous-time versions. Simulations and experiments are carried out to
validate the performance of the algorithms in a position/force control task in
different environments.

Chapter 8: We design robust controllers based on a modified reinforcement
learning under the worst-case uncertainty, which are robust and present optimal
or near optimal solutions. The reinforcement learning methods are designed in
both discrete and continuous time. Both methods use a reward designed as an
optimization problem under constraints.

In discrete time, the reinforcement learning algorithms are modified using the
k-nearest neighbors and the double estimator technique in order to avoid over-
estimation of the action values. Two algorithms are developed: a large state and
discrete action case and a large state-action case. The convergence of the algo-
rithms is analyzed using the contraction property. In continuous time, we use the
same algorithms of Chapter 7 under the modified reward. The effectiveness of the
robust controllers is proven via simulations and experiments.

Chapter 9: For some kind of robots, such as redundant robots, it is impossible
to compute the inverse kinematics or use the Jacobian matrix due to the singular-
ities. This chapter uses the multi-agent reinforcement learning approach to deal
with this issue by using only knowledge of the robot forward kinematics. The solu-
tions of the inverse and velocity kinematics of robots and redundant robots are
discussed.

To assure controllability and avoid a singularity or multiple solutions, we use the
multi-agent reinforcement learning and a proposed double value function method.
The kinematic approach is used to avoid the curse of dimensionality. We use
small joint displacements as control input until the desired reference is achieved.
We discuss the convergence of the algorithm. Simulations and experiments prove
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the approach with satisfactory results compared with he standard actor-critic
methods.

Chapter 10: The reinforcement learning methods that we used in previous
chapters learn an optimal control policy from scratch, which translates into large
learning time. In order to give previous knowledge to the controller, this chapter
gives an H, neural control using reinforcement learning in discrete time and
continuous time. The controller uses the knowledge of the learned dynamics in
order to compute the optimal controller. Convergence of the proposed neural
control is analyzed using the contraction property and Lyapunov-like analysis.
Simulations are carried out to verify the optimization and robustness of the
controller.

Appendices

Appendix A: We discuss some basic concepts and properties of the kinematic and
dynamic models of robot manipulators. The dynamics is expressed in both joint
space and task space. We also give the kinematic and dynamic models of the robots
and systems used in this book by means of the Denavit-Hartenberg convention and
the Euler-Lagrange formulation.

Appendix B: We give the basic theory of reinforcement learning and some of the
most famous algorithms for controller design. The convergence of the reinforce-
ment learning methods is discussed.
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