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Abstract

Reaching for objects is a fundamental aspect of human motion and daily func-
tioning. In robotics, conventional approaches lag in the ability to perform these
reaching-and-grasping motions smoothly and continuously. Furthermore, traditional
approaches are based on executing pre-planning motions. Perturbations of the target
or the robot during the motion require re-planning, which is usually time-consuming
and thus limits the reactiveness of the motion. In recent years, Learning from
Demonstration (LfD) has gathered research efforts to overcome some of these chal-
lenges. LfD learns to take optimal actions even in unstructured environments based
on the current state of the system. However, the LfD community mainly focuses on
developing approaches for the well-established rigid joint robots. Compared to rigid
joint robots elastic joint robots offer increased safety and performance and are thus
well-suited for the fast reach-and-grasp motion. Due to their mechanical structure,
elastic joint robot controllers require higher-order reference signals which is why
state-of-the-art approaches for rigid joint robots cannot be transferred directly to
elastic joint robots. This thesis extends a Gaussian Mixture Model (GMM) based
LfD approach, the Stable Estimator of Dynamical Sytems (SEDS), to learn the
object reaching motions. The proposed method provides not only the typical velocity
reference signal but additional derivatives up to the jerk level for the elastic joint
robots. Furthermore, additional constraints in the optimization are developed to
prevent discontinuities of the reference signals. The method is successfully tested
on the DLR robot neoDavid, an anthropomorphic robot with variable stiffness
actuators. It is shown that the method successfully learned the characteristics of the
demonstration data for fast-reaching motions. Additionally, the experiments show
that providing additional control signals prevents an overshoot for highly dynamic

motions.
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Chapter 1

Introduction

Humans reach and grasp for objects in one smooth and continuous motion,
adjusting arm and finger positions simultaneously without significant de-acceleration.
While reach-and-grasp motions are essential for humans in their day-to-day lives,
they also constitute a fundamental paradigm in robotic manipulation, with significant
implications across household, service-oriented, and industrial robotics domains.
Optimizing the efficiency and speed of this motion directly impacts the overall
performance and utility of robotic systems in various applications. The ability to
execute rapid and precise reach-and-grasp maneuvers is essential for enhancing the
capabilities of robots in complex, dynamic environments.

However, conventional reach-and-grasp motions using collaborative robots are
made up of a discontinuous sequence of actions. To simplify grasping, the end-
effector is first positioned to a so-called pre-grasp pose, halts, and then approaches
the target with almost zero velocity to create the quasi-static conditions of force-
closure grasping. Both the pre-grasp pose and the gripper/finger contact locations
are pre-planned and therefore need to be computed in advance. In case of a target or
robot perturbation, a new plan has to be generated, making real-time applications
challenging.

In recent years, Learning from Demonstration (LfD) has been used as a way to
program mostly collaborative robots based on human demonstration data. Instead
of being explicitly programmed with detailed instructions for every possible scenario,
the robot learns to perform tasks by generalizing from the provided demonstrations.
Due to their widespread usage in academia and industry, these methods are mainly
developed for collaborative robots.

Articulated soft robots (ASR) are able to move faster than collaborative robots
due to their intrinsic elasticity [7]. Furthermore, they are less likely to be damaged
in case of a collision and are therefore well suited for fast reach-and-grasp motions.

The elasticity comes at the price of major control challenges in set point regulation
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and trajectory tracking as the lower stiffness results in lower control bandwidth
and unwanted oscillation [1]. Higher-order reference signals are required to achieve
precise control of the robot. However, most research on LfD focuses on developing
methodologies for collaborative robots, where providing velocity commands is suf-
ficient for most of the use cases. To achieve fast and continuous reach-and-grasp
motions analogous to those of humans, it is necessary to extend state-of-the-art LfD
approaches to meet the control requirements of elastic joint robots. Therefore, this
work implements a motion generator and validates its capabilities on the elastic joint
DLR robot neoDavid [4].

1.1 Goals of this Thesis

The thesis sets out to achieve the following characteristics of the developed

motion generator:

(G1) It should provide a fast and continuous reaching trajectory.
(G2) It should be guaranteed to converge to the target position.

(G3) It should capture the characteristics of the demonstration data and be

able to extrapolate from it.

(G4) Tt should successfully run on the neoDavid system, therefore providing

higher order reference signals.

These goals will be revisited and discussed at the end of this work.

1.2 Contribution

In this work, I leverage the Elastic Structure Preserving (ESP) controller [8]
and implement a motion generator that enables neoDavid to naturally execute a

reaching motion. To this end, the thesis makes the following contributions:

1) The Stable Estimator of Dynamical Systems (SEDS) [5] of learning a stable
dynamical system (DS) from demonstration data utilizing a Gaussian Mixture
Model (GMM) is extended by deriving its expression analytically w.r.t. time
to achieve higher-order reference trajectories of the reaching motion, which is

a requirement for the controller of elastic joint robots.

2) The mixing terms of the GMM cause discontinuities of the higher-order ref-
erence signals, resulting in small regions (1 mm?3) where jerk signals vary

in magnitude of 10%. To prevent this, both upper and lower bounds on
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the Gaussian covariance eigenvalues are introduced as constraints during the

optimization.

3) The motion generator was successfully tested in simulation and validated
on the neoDavid system. During the experiments, the higher-order time
derivative reference signals eliminated overshoot in fast-reaching motions,
and the eigenvalue constraints eliminated the strong variation in cartesian
jerk (factor 10*) signal magnitude within small state space regions (1 mm?)

otherwise encountered.



Chapter 2

Fundamentals

This chapter briefly introduces the most important concepts used in this thesis.

2.1 Background of Elastic Joint Robots

Since their invention, robots could primarily be found on factory floors, lifting
heavy loads. Due to a lack of safety mechanisms that could avoid or detect an
unintentional human-robot collision, they posed an intense risk and had to be
separated from the human workforce. With advancements in technology, fields of
application other than mundane lifting and moving heavy objects on an assembly
line became possible. Most notable was the introduction of the so-called lightweight
arms, specifically the LWR III developed by the DLR (Deutsches Zentrum fiir
Luft- und Raumfahrt) in 2002, equipped with harmonic drives in the joints [9].
Measuring both link and motor position, the known stiffness of the harmonic
drives could be used as a virtual torque sensor. The joint torque sensing enabled
compliant environment interaction and safety due to possible collision detection
and torque limiting. New applications in industry, medicine, service, and household
emerged that leveraged this innovation to realize more complex tasks, enabling the
coexistence and even cooperation of humans and robots [10], [11]. However, the
harmonic drive-induced elasticity, where elasticity refers to the ratio of deflection
and associated torque evaluated after the reduction gears, of an LWR joint with
around 6000 — 15000 Nm/rad [12] isn’t enough to protect the drive trains in case
of a high-speed collision with a stiff object. This was partly by design though, as
increased elasticity comes at the price of major control challenges.

ASR embrace elasticity by deliberately introducing springs between the motors
and the links. ASR springs are less stiff than the harmonic drive of lightweight
robots. With only 200 — 800 Nm/rad [2] joint stiffness they can absorb shocks and

impacts without damaging the drive train. Furthermore, elastic joints offer the
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Figure 2.1. The elastic joint robot neoDavid [1].

possibility to exploit their passive dynamics and enable more efficient and faster
motions [13]. On the other hand, the elasticity introduces major control challenges,

see Section 2.2.

2.1.1 DLR Robot neoDavid

The neoDavid robot [4] or neoDavid system, formerly the DLR hand arm
system [3], is a wheeled, anthropomorphic, passively compliant robot designed to
have human characteristics in regards to size, weight, and performance. It has a 7
degrees of freedom (DoF) right arm and a 20 DoF hand [3]. In recent years, a 5
DoF left arm with an 8 DoF two-finger hand, a 3 DoF neck, a 3 DoF torso, and a
holonomic wheelbase were added. See Fig. 2.4 for a history of the development and
the current setup.

Except for its holonomic base, its main feature is the variable stiffness actuation

in all its joints. Variable stiffness actuators (VSA) have three main advantages:

1. The ability to absorb impact energy without transferring it directly onto the

drive train, reducing harm to the colliding object and the robot.

2. In cyclic tasks, the motor side can excite the link side depending on its stiffness
in a way that the natural vibration behavior of the system is used. Most of
the movement takes place in the springs rather than the motors and gearboxes,

causing the system to save significant energy [3].

3. The storage and release of potential energy in the springs enables the link side
to achieve higher speeds than the maximum motor speed [14], yielding highly
dynamic motions. VSA designs try to maximize stiffness range, power output,

potential energy storage, efficiency, and accuracy while minimizing cost, weight,
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and size. For a comprehensive review of the design and the components of
VSA, the interested reader is referred to [7].

The following briefly introduces the types of VSA used in the neoDavid system.
Specifically, the actuators of neoDavid’s arm are discussed as those are predominantly
used in this thesis. The arm is made up of four DLR Floating Spring Joints (FSJ) [2]
in the shoulder up to the elbow, followed by 3 bidirectional antagonistic variable
stiffness Joints (BAVS) [15] in the forearm. FSJs are made up of two cam rollers,
which are connected to the gear output shaft. The two cam disks are fixed to the
link side and stiffness actuator. This design enables the storage of a lot of potential
energy in a compact setup. Due to the exponential cam path design, the output
stiffness varies w.r.t. the spring deflection. A small motor is used to set the minimal
intrinsic stiffness by moving the cam disks, thus changing the pretension of the
spring. See case c¢) in Fig. 2.2 where the stiffness actuator moved one cam disk and
note the smaller deflection in d) compared to b) when the same external force is

applied on the link side.

Rest Position Passive Deflection Stiff Setup Deflection in Stiff Setup

Equilibrium . Cam Moved by .
— (%’osition [4 2o Stiffness Actuator 2o i

‘

s |
i Lindr } 1 vy \ 7

Al N l’ N
) Cam Disks | Bearings ) c)cam Fixed to Link

Cam Rollers

=
<{ 7
”\
=

Figure 2.2. Comparison of joint deflection ¢ under an external force on the link side for
different stiffness settings. a) resting position b) external force on link side ¢) moved
cam disk to stiffen joint d) external force on the link side during stiff setup [2].

Since the forearm has to contain the drives for both the remaining three forearm
joints as well as the drives of the hand’s 20 DoF, using FSJ for the forearm wasn’t an
option. On the other hand, the compact, human-inspired, tendon-driven antagonistic
joint type isn’t enough to carry the necessary load of the hand. Thus, the BAVS was
developed. Other than the antagonistic joint, the BAVS joint can use both motors
to exert torque, making it able to carry a heavier load while having the same size
as the antagonistic joint [15]. This comes at the cost of additional complexity due
to the need for twice the amount of tendons and spring elements. Unlike the FSJ,
varying the stiffness of the BASV joint doesn’t require additional motors. The link
side torque is the sum of the exerted torque of both motors. Stiffening the joint can
be achieved by both motors exerting the same torque with opposite signs. The link
will not move, but it will appear stiffer when an external force is applied.

As mentioned, the drives for the hand had to be contained in the forearm. This

makes the hand light while still being able to execute dynamic motions. To meet the
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nonlinear elastic nonlinear elastic
elements

Figure 2.3. Comparison of antagonistic joint and bi-directional antagonistic joint
(BAVS) [3].

requirements of small size, human-like power output, and compliance upon collision,
the flexible antagonistic spring (FAS) mechanism [16] was designed with a magnetic
sensor for tendon force measurement. In total, there are 36 FAS units for the 20
DoF-hand.

15t Finger design 1st version of David with two arms, neoDavid,
Hand Arm System punching holes wheeled
. application Pipetting humanoid
: /—"‘# e p— application
> G PR An
_ f* 3 hand ' 4 Lt
2-DoF version > £ ! . . B

2014 2016 2018 2020 2022

1
| Torso, 2" neck,
Teleoperation dish washer
application application
AN

Elbow redesign  Tyo arms test
4-bar -> shifted hinge

e

=

15t neck,
drill hammer
application

Figure 2.4. Development history of neoDavid [4].

2.2 Elastic Structure Preserving (ESP) Controller

One of the challenges in controlling elastic joint robots is that there is no direct
control input to the link side, see Fig. 2.5a. The input w is given to the motor
which, through a spring, drives the link. This renders the system underactuated
due to it having fewer commands than generalized coordinates. Furthermore, the
spring dynamics lead to undesirable oscillation at the link side and lower control
bandwidth. The ESP controller [17] [8] is a state-of-the-art controller for link-
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ORIGINAL PLANT DYNAMICS

Q5O

Rotor Spring Link

(a) Original Dynamics for linear stiffness elastic joint [8].

AcHIEVED CLOSED-Loor DyNaMICS
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Kpn NG \
§—@))))9 Q) )Y 53
I q

7 . g
Rotor Spring Link

Kpi

(b) Transformed Closed-Loop Dynamics with ESP controller [8].

side tracking of FSJ joints and is in use on the first four links on the neoDavid
system. The FAS and the BASV forearm and wrist joints are controlled by the
ESPi approach [18] and the work presented in [19] respectively. ESP leverages a
coordinate transformation to obtain a system with link-side dynamics similar to the
original one but with an additional damping term to counter the oscillation. The
motor-side terms are minimally changed, most notably without an extensive inertia
matrix shaping, without Coriolis compensation, and with the elastic properties of the
system still intact. The tracking is achieved by a PD controller of the transformed
motor coordinates. In the following, the controller is shortly introduced to give
motivation for the additional reference signals developed in the thesis.
Considering the simplified sponge model [20] which assumes that the angular
part of the kinetic energy of each rotor is due only to its own rotation, the robot

dynamics are given by

M(q)§+ C(q,4)4 = —g(q) + (0 — q) + Teat, (2.1a)
Bl + (0 — q) = u, (2.1b)

where ¢ and 6 is the link and motor coordinates respectively, (0 — q) is the nonlinear
spring torque connecting link and motor. M(q) € R™*" is the inertia matrix of
the rigid links, B € R™*™ the diagonal reflected inertia matrix of the actuators,
C(q,q)q € R™™ the matrix of Coriolis and centrifugal forces, g(q) € R™ the gravity
vector.

To have link-side damping and the ability to track link-side trajectories, the goal
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is to transform the current system into a system of the form of:

M(§)q+ C(4,4)q = —Dq +¥(n — §) + Text, (2.2a)
Bij+v¢(n—q) =g, (2.2b)

where the new coordinates ¢ and 7 of the new system are introduced. This system
has the additional term —D¢ to counter the intrinsic oscillation as well as the
gravity vector. If it is possible to find a mapping between (2.1) and (2.2), namely
l[q, 6] — [G, n], a controller design would be rather straightforward. The mapping
between ¢ and ¢ is chosen to be §(t) := q(t) — g4(t). This helps in the later control
design, as the controller needs to stabilize the system at the origin. Proceeding to

find n w.r.t. 0 it is helpful to notice that system (2.2a) and (2.1a) are only equal if

(0 —q) =¥(n—q) +n(q,q), (2.3)
with  n(q,q) = 9(@) — DG+ M(Q)da + C(q, @) da- (2.4)

In general, the analytical inverse of ¥ (8 — ¢) is not available, so it cannot be used to
find the transformation. Instead, one can differentiate (2.3) w.r.t. time, then isolate

0 and differentiate again w.r.t. time to obtain

9. = A(t’ 777 q’ é)ﬁ + A(t7 777 Q7 é)ﬁ + C‘L(t? 777 Cj’ q’" 5)7 (2'5)

which now only depends on the new coordinates and thus completes the coordinate
transformation. See [8] for details on A and a. It is now possible to map the new

system to the original one. Substituting (2.5) back into (2.1b) gives:
BAij+ BAn+ Ba+ (0 — q) = u, (2.6)

for the transformed motor dynamics. For easier controller design one can premulti-
ply (2.6) by AT and group B, = ATBA and Cy = ATBA to interpret them as the

mass and Coriolis/centrifugal matrices of the transformed system to obtain
Byij+ Cyny+ AT —q) + ATBa = AT u. (2.7)

Now, a controller in the transformed coordinates can be designed and easily
applied to the original system by the developed transformation. The control signal

is made up of three components:

Uesp+ = aesp—i— + faesp—i— + Uesp+- (28)

lesp+ = Ba is used to eliminate the non-linear terms, fiesp+ = (6 —q) — A~ Th(n—q)
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introduces the spring dynamics to the motor side. Lastly, tesp+ is the PD term
ﬂesp-f— = _AiT(KDﬁ + KPn)- (29)

These control signals shape the system as little as possible since inertia matrix
B, and Coriolis/centrifugal matrix C, are not compensated for. The simple PD
controller brings n to the origin. It thus also brings ¢ to the origin and therefore
achieves link-side tracking. Under the assumption of properly chosen Kp and Kp [§],

the resulting closed-loop dynamics of the system are

M(§)i+ C(q,9)§ = —Diq+ v (n — @) + Text, (2.10a)
Byij 4+ Cyiy + ¥(n — ) = —Kpn — Kpi). (2.10b)

One significant observation for this thesis is that n(g, ¢) in (2.4) which depends on
Gq is differentiated twice w.r.t. time to obtain the expression (2.5) for §. This means
that the coordinate transformation depends on the fourth derivative of the desired

joint angles, i.e. the snap qc(l4)1. In the controller input, this manifests when using

lUesp+ to compensate for the non-linear terms as for the computation of a, q((ig) and

q[(;l) are required.

2.2.1 Lyapunov Stability

A Lyapunov function V(§) is a scalar function that can be used to prove the
stability of a dynamical system without solving the system differential equation
explicitly. It is thus a useful tool to verify the characteristics of a controller or motion
planner to ensure that the robot will always reach the desired reference signals. For
a Lyapunov function (LF) to be valid, it must have a continuous 1% time derivative

V(€) and should be positive definite, with a negative definite 15¢ time derivative

(@ V() >0 VEeR: £#£¢7,
(b) V(£) <0, VEE€RY, &, (2.11)
(c) V() =0, V(&) =0.

If such a function exists, the DS will asymptotically converge to the equilibrium
¢*, and the system has asymptotic stability. If further V() is radially unbounded,
meaning [|£|| - c0 = V(£) — oo, then the system is globally asymptotically
stable (GAS).

In this thesis, the i-th time derivative of the position ¢ is denoted as q((i“
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2.3 Learning from Demonstration

Learning from Demonstration is a way to teach robots tasks without explicitly
hand-crafting a trajectory. The goal is to learn how to map from state to action
by demonstrating a specific behavior. The word behavior or task reflects the fact
that not a single trajectory is learned, but a type of movement, i.e., the reaching
and grasping motion of an object from a set of initial configurations. There are
different ways to acquire demonstration data for robot learning. The most convenient
choice is often kinesthetic teaching, where the robot is guided by a human, and the
trajectory data is recorded. Increasingly popular with more advanced computer vision
algorithms is a demonstration from raw observations, where the learning framework
takes video or image data as input. Tracking with a dedicated tracking system
is also possible although these systems are costly and require careful calibration.
Lastly, teleoperation can be used where the robot is controlled via an interface and
the executed trajectory stored. However, these interfaces are often complex and
costly systems.

Given a set of demonstrations, a trained policy maps the input information to a
desired action. Usual action spaces are Cartesian/ joint space positions, velocities,
and accelerations, or reference motor torques directly. There are different embodi-
ments for a policy; neural networks (NN), dynamical motion primitives (DMP), and
dynamical systems. They have in common that no conventional planning problem
like a rapidly exploring random tree (RRT) search [21] or an optimization problem
as in [22] has to be solved. These approaches require a significant computation
time to come up with a full trajectory towards the target. They are thus extremely
challenged by changing environments as constant re-planning would be required to
adapt the plan to new situations.

A possible closed-loop system with a DS learned from data is depicted in Fig. 2.6.
At every time step, the DS is queried with the current state & and outputs a reference
signal by using the velocity of the DS given the current state as a desired velocity
reference signal for the robot. Iteratively passing these desired velocities to a low-
level control will guide the robot to the equilibrium of the system (usually the zero
vector). This system architecture adds the motion generator to the control loop.
To ensure convergence to arbitrary targets the DS isn’t queried with the current
position, but rather the position error w.r.t. the target. This has the advantage that
perturbations of the target can be compensated for. If the target changes, not the
system’s attractor is changed, but the robot’s position relative to it. This enables
seamless reactive behavior as long as the position of the target is known. See Fig. 2.7
for a 2D example of a learned DS from data.

At first sight, it might seem as if LfD can be purely formalized as a machine
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Figure 2.6. Possible system architecture using DS as motion generator for rigid joint
robots [5].

learning problem with all its challenges and solutions. However, since the output
will guide a robot, classical control theory aspects like stability, convergence, and
response under disturbance of the motion generator need to be considered. These
don’t refer to the lower-level controller but to the learned model of the motion
generator and its reference signal output. These are requirements that can be a
deal breaker when it comes to safety-critical applications: A black box LfD policy
cannot yield mathematical proof for the motion generator’s stability or any other
characteristic.

All these facets, type of demonstration, choice of state, action, and control-related
requirements, must be considered when choosing from the broad set of tools that

the machine learning community has to offer.

% Target

-------- Demonstrations
Reproductions
7

%

Figure 2.7. 2D visualization of a learned DS [5].

One way to group LfD works is whether or not the systems depend on time. A
major advantage of time-invariant (autonomous) approaches is the ability to adapt
to temporal perturbation. As the models are queried only with the current state,
perturbations of the robot position due to interactions or errors in state estimation
don’t require re-planning. Non-autonomous systems, on the other hand, are not
so robust to interruptions in their motions because of their time dependency, they

require a heuristic on how to proceed after an interruption or perturbation.
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As outlined in the previous subsections, higher-order derivative reference signals
other than velocity and acceleration are useful when controlling elastic joint robots.
State-of-the-art approaches can be extended to obtain higher-order reference signals
by (1) finding the analytical time derivative of the model, or (2) extending the
input state to contain not only the position but also velocity, acceleration, and
jerk. Computing the analytical time derivative of a model is only possible if the

model’s structure allows for it. NN models for example cannot be derived w.r.t.

x
time. Extending the state to e.g. velocity £ = l] results in an output vector of
z

Tq
a time derivative of 4.

: z
&= l d] . This approach can be challenging as it must be ensured that &, really is

2.3.1 Gaussian Mixture Model (GMM)

A GMM is a probabilistic model that represents a distribution as a weighted
sum of multiple Gaussian distributions. It’s powerful due to being both explainable

and expressive while being relatively simplistic. A Gaussian distribution is given by

_ 1 1 Ty—1
N(z | p, Bg) = WGXP (—2($ — k) Xy (- Mk)) : (2.12)
The density function of a GMM is given by
K
p(&) = > me N (& | s Zh). (2.13)

k=1

To output a valid probability function, 7, must satisfy
K
d my=1, and 0<m <1 (2.14)
k=1

The optimization parameters of the model are the mixing terms 7, the means of each
Gaussian py, and the covariance matrices ¥. The expectation maximization (EM)
algorithm is most commonly used to find the maximum likelihood estimate of the
parameters. It consists of two steps that are executed iteratively until convergence
or a maximum iteration threshold is reached:

Expectation Step: Each data point x; is assigned a probability of belonging to

the k" Gaussian based on the current estimates of 7y, fix, Lk

N (@i | pue, X))
AN (@i | s Sn)

Vik = (2.15)
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Maximization Step: Given the updated soft clustering, the parameters are updated

1 N

T = — Z'Yilm (2.16)
Nz':l
N

= =L VR (2.17)
2i=1"ik

N oo (s — )T

5 = S (i — g (@i = o) (2.18)

2i=1 Vik

2.4 Orientation Parametrization

The orientation of an object in the 3D Cartesian space belongs to the Special
Orthogonal group called SO(3). There are four main ways to parameterize SO(3):
rotation matrices, Euler angles, axis angles, and quaternions. Rotation matrices are
3x3 orthonormal matrices. They are singularity-free, not intuitive to understand,
and over-parametrized as they describe 3 DoF with 9 parameters. Euler angles
represent 3D rotations as a sequence of three rotations around principal axes. There
are different conventions on the order of rotations. They are intuitive to understand
and a minimal representation, but suffer from the gimbal lock phenomenon. A
gimbal lock occurs when two of the three rotation axes align, causing a loss of one
DoF in the rotation system, resulting in the inability to rotate around a certain axis.
Furthermore, they are not unique, different sets of Euler angles can represent the
same orientation. Switching between these representations causes discontinuities.
The Axis-angles representation is the pair of a unit vector e, indicating the axis
around which the rotation occurs, and an angle, determining how much the object
is rotated around that axis ¢. It has no gimbal lock issue but has singularities
around 0 and 360 degrees. Quaternions are 4D complex numbers that can efficiently
represent 3D rotation when normalized. Even though quaternions aren’t intuitive,
they are widely used in robotics and computer graphics. Normalized quaternions

(magnitude = 1) are called unit quaternions (UQ) and take the form
q =oa+bi+cj+ dk, (2.19)

with i = j> = k> = ijk = —1 and a,b,c,d € R. They represent a double cover of
SO(3) (q and —q represent the same rotation). UQ are

o numerically stable, as renormalization is a simple operation that doesn’t

introduce significant new errors

« smoothly interpolable (e.g., Slerp [23])
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a compact representation (4 parameters)
« singularity free

o unique (with the exception that q and —q represent the same rotation as

quaternions represent a double cover of SO(3))
e computationally efficient

The compact representation is especially useful for machine learning applications
as fewer parameters generally ease learning. The product of two quaternions q; =
a1 + bii+ c1j + dik and q = a9 + bai + coj + dok is given by

qi1 0 qz = (arag — bibz — cic2 — didz)
+ (a1be + brag + c1da — dyco)i

+ (a1c2 — bida + craz + d1b2)j

+ (a1dy + bica — c1bg + dyag)k. (2.20)

The inverse of a UQ is given by flipping the signs of its vector part

ql=q"=a—-bi—cj—dk. (2.21)
Rotations can be concatenated by q) = qsq,, where q, is expressed in the frame of
qs- Aq®y = qfqe is the rotation needed to rotate q; onto gz with respect to the
body frame. Aq}, = q2qj is the rotation needed to rotate q; onto q2 with respect

to the world frame.

2.5 Riemannian Manifolds

In general, a manifold is a topological space that locally resembles the Euclidean
space but may have a more complex global structure. A Riemannian manifold M is
a real, smoothly varying manifold with a positive definite metric tensor that defines
the intrinsic curvature and torsion of the manifold. Many spaces that are important
in robotics can be interpreted as Riemannian manifolds like the Euclidean space,
joint configuration space (torus), the special orthogonal group SO(3), the special
Euclidean group SE(3), and the symmetric positive definite matrices Sﬁlr 4

Most important for this thesis are the concepts of distance and derivatives on
the Riemannian Manifold. Similar to straight lines in Euclidean space, manifolds
have the notion of geodesics which are smooth curves defining the minimum distance

between two points on the manifold. They have the property that their acceleration
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(a) Manifold mappings [24]. (b) Parallel Transport [25].

Figure 2.8. Visualization of parallel transport and mapping between Manifold and TS.

vector is always perpendicular to the manifold’s tangent space at each point and
that their second covariant derivative along the curve vanishes.

Derivatives on Riemannian manifolds are defined by a vector space, called tangent
space (TS). The TS Tp M is spanned by all possible tangent vectors passing through
p € M, e.g. for the SO(3) sphere, the TS at T, M would be a plane, touching the
M at p. The exponential map Exp, Tp, M — M maps a point p in the TS of pg
back to a point p on the manifold. p lies along the direction between pg and p and
has a geodesic distance to pg equal to the norm of p. The inverse of that mapping
is called the logarithmic map log, : M — Tp, M, see Fig. 2.8b for a visualization.
Parallel transport moves a vector between tangent spaces in a way that the angle
between the vector and the geodesic, spanned between the origins of the two tangent

spaces, stays constant I'p_,y, : Tp M — T, M, see Fig. 2.8a.
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Chapter 3

Related Work

This chapter presents some of the existing work related to LfD and determines if
they are suitable for the reaching motion application. Given the extent of LfD-related
works, this chapter focuses mainly on DS-based LfD. For a general overview, the
interested reader is referred to [26] and [27]. In the following, particular emphasis
is placed on the ability of each method to be extended to higher-order derivative

signals.

3.1 Nonlinear Mixture of Linear Systems

One of the most recognized approaches in learning an autonomous DS from
demonstration is the SEDS [5], which uses a GMM to model the joint probability of
state and velocity demonstration data. The authors write the conditional probability

of the velocity given the state as a non-linear combination of linear systems
K
§=> hi(&)(Aré + bi). (3.1)
k=1

For this, stability constraints utilizing the LF V (z) = (6 —&*)T (¢ —&*)T were derived.
However, due to the simplistic LF, the expressiveness of the model is limited as
discussed in Section 4.1.3.

To overcome the limited expressiveness of SEDS, the authors in [28] fit the
Gaussians of the GMM in a way that the largest eigenvalue matches the direction
of the trajectory and that data points close to each other in space, but with very
different velocity values, are represented by different Gaussians. This enables
a two-stage optimization with a more expressive LF. While this work has the
advantage of choosing the number of Gaussians automatically and exhibiting very
good expressiveness, it tends to use a lot of Gaussians which becomes a problem when

having demonstration data covering the whole workspace. In this case, the number
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of Gaussians can grow so large that real-time inference isn’t possible anymore.

The work in [29] extends [28] to accommodate SO(3) with orientation data
represented by UQ. It projects all trajectories into the TS of the attractor and models
the demonstration data with a GMM using EM. Then, using the fixed mixing term
of the GMM, the Aj matrices are optimized as in [28]. The model outputs a vector
in the TS of the attractor that needs to be mapped to an angular velocity. Due to its
simplicity and similarity to SEDS, the method has been implemented in MATLAB
and tested in both a MATLAB and a SIMULINK simulation. See Section 4.5 for
details.

3.1.1 Control Lyapunov Functions

In [30] the authors surpass the expressiveness of SEDS by introducing Control
Lyapunov Function-based Dynamic Movements (CLF-DM). The approach uses a
weighted sum of asymmetric quadratic functions (WSAQF) to learn an LF that later
helps to ensure the stability of a DS learned with an arbitrary regression technique.
To take advantage of the expressive arbitrary regression technique and still guarantee
stability, a correction signal is computed online and added to the model output,
in case the model doesn’t comply with the previously learned LF. However, the
learning of the more complex LF and online computation of the correction signal
introduces additional complexity and hyperparameter selection which do not justify
the expected increase in performance as the reaching motion doesn’t benefit much

from a more expressive LF.

3.2 Diffeomorphic Functions

Instead of making the LF more expressive or computing an online correction
signal, 7-SEDS [31] tackles the reproducibility accuracy problem of SEDS by using
a diffeomorphic transformation. A diffeomorphic transformation is a continuously
differentiable, bijective function guaranteed to have an inverse. The task space is
transformed in such a way that in the new space, the transformed demonstration
data can be captured with a simple LF and hence SEDS can be used to learn the
dynamics in the transformed space. The learned system is then back-transformed
to the original task space for inference. While this approach is promising, the
increased expressiveness does not justify the additional computational complexity of
the reaching motion.

Similarly, [32] uses diffeomorphic transformations to map a nominal DS (—¢ = €)
onto the training trajectory. The nominal DS is constructed with as many terms as

there are data points in the demonstration. Although the approach’s expressiveness
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is high, scaling to multiple demonstrations throughout the whole workspace for

real-time inference is infeasible.

3.2.1 Riemmanian Manifolds

In contrast to [31] and [32] that learn the parameters of a diffeomorphic trans-
formation between Euclidean spaces, [33] learns a stable dynamical system on a
Riemannian Manifold (SDS-RM) by mapping of a basic stable DS (i = —x) to the
demonstration data on a Riemannian Manifold. Besides Euclidean demonstration
data, this approach lends itself to the SO(3) space of UQ and SPD matrices.

Leveraging Riemannian Manifolds as well is the work [34], which uses NNs
to model the diffeomorphism. The authors propose a NN as a combination of
bijective and continuously differentiable functions. In [35], the authors leverage
differential geometry to learn an embedding with a simple 2-layer feed-forward model
on a Riemannian manifold. This results in a second-order system, already a step
towards higher-order reference signals. However, as for many NN approaches, the
extrapolation capabilities of the models are limited; the behavior in regions away
from demonstration data is unpredictable and needs to be treated explicitly. This is

a major disadvantage of these systems.

3.3 Gaussian Processes

Both works in [36] and [37] are based on the idea that regions of the state space
without demonstration data bear a risk of undesired behavior. The authors thus
propose an uncertainty-aware Gaussian Process state space model (GP-SSM) in
combination with a CLF that guides the robot to regions with available training
data. Even though the method can perfectly reproduce the data, which is beneficial
when trying to extend the state space to accommodate higher-order derivatives, the
computation of the correction signal requires the computation of a trajectory roll-out.

This is seen as too much of a computational burden for the real-time application.

3.4 Neural Networks

As one of the first works [38] learns a LF parametrized by a NN from data. The
simplicity of the network however limits the expressiveness. A more recent work [39]
proposes a valid LF encoded by a NN and then trains a GP to create a stable DS.
The proposed LF is modeled with a radial basis function neural network (RBFNN),
which is implemented as a weight matrix multiplied by a vector of basis functions. Its
main advantage is that this NN is differentiable. In [40], a combination of attention

and diffeomorphic layers is designed to train an expressive LF. These works, although
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showing good demonstration reproducibility, don’t fulfill the requirements of the
thesis as the optimization significantly depends on the selection of hyperparameters,
and an extension to higher-order derivatives is difficult as the architectures of the
models only guarantee a first-order analytical derivative. For the control of the

elastic joint robot, however, higher-order derivatives are needed.

3.5 Dynamic Motion Primitives (DMP)

Dynamic motion primitives [41] are different than a DS approach in that they
superpose a linear, stable spring damper system with a forcing term to reproduce the
desired behavior. Many extensions and different formulations have been presented
over the years, see [42] for a comprehensive overview. Even reference signals up to
the snap level have been developed in [43]. However, for all these approaches, the
forcing term is always time-dependent, making the model non-autonomous and thus

not robust to an unstructured environment.

3.6 Probabilistic Approaches

The probabilistic motion primitive [44] encodes a distribution of trajectories via
a weight vector and basis functions. A Gaussian distribution is placed over the
weights resulting in a hierarchical Bayesian model. While this approach enables
useful features like via-points, the basis functions scale poorly with the dimension of
the state space which would be a problem for an extended state that is needed to
obtain higher-order reference signals. Furthermore, the implicit time dependency of
the basis functions renders the model non-autonomous.

The work in [45] improves the probabilistic motion primitives in that it is
autonomous and replaces the basis functions with kernels, reducing the computational
burden of higher dimensional state spaces. However, an extended state for this
particular model is difficult as the structure of the model doesn’t allow for additional
constraints that ensure the consistency of the output: the desired acceleration should

in fact be a time derivative of the desired velocity.

3.7 Conclusion

To the best of my knowledge, there is no time-invariant LfD method providing
reference signals of higher order other than acceleration. This highlights the neces-
sity of this work, as the ESP controller benefits from higher-order derivatives to

compensate for non-linear terms when tracking a reference joint trajectory.
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Chapter 4

Method

This chapter outlines the methodology of the designed motion generator. First,
the SEDS approach is introduced in detail and the time derivatives to obtain
acceleration and jerk references are presented. Second, the motivation behind the
covariance eigenvalue constraint, developed to prevent model output discontinuities,
is discussed. Additionally, the adopted orientation motion generator is described.
The chapter concludes with the simulation results of both models and an ablation

study of the different hyperparameters.
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Figure 4.1. Visualization of the motion generator learning and control system with
4.4, 553) as model outputs, wy as desired angular velocity of the orientation motion
generator QuatDs, q as UQ, 6, as optimization parameters, q* and {* as targets,
u as the ESP control input to the robot and ¢ and 6 as joint and motor coordinates
respectively.

The workflow of the approach is described by 1) collecting demonstration data
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in the form of D = {&,,&,}N.
x € R3 as the end-effector position and Q = {q"})\_; with q as the world frame

n—1, with N as the number of data points, { =z — z7,

orientation in UQ. Details on demonstration data are given in Section 5.1. 2) Offline
training of the motion generators for orientation (Quat DS), see Section 4.5 and
SEDS Section 4.1. 3) Given a target £*, qqu, querying the motion generator with
the current state to obtain cartesian reference signals and 4) mapping the cartesian
signals to the joint space and adding nullspace control signals, and 5) passing the

joint space references to the ESP Controller. See Fig. 4.1 for an overview.

4.1 Stable Estimator of Dynamical Systems (SEDS)
SEDS [5] approximates the demonstration data with a multivariate GMM
K
Z P(&E | k), (4.1)

where K is the number of Gaussians used in the GMM, 0 < P(k) < 1 is the prior,
and P(&,€ | k) = N(€,€ | ¥, 2F) is the multivariate Gaussian with

i = (“i) , uh = (ziﬁ Eif) € ROS, (4.2)
He e e

In [46], the authors introduced the Gaussian Mixture Regression for imitation

learning, where the distribution in (4.1) is conditioned on the state & and results in:

= z s (1 + TS - ). (43)

Through a change of variables, this can be simplifyed to

K
=Y ) (AFe+ b, (4.4)
k=1

where

E_ vk k-1
A *2§£<25§) )

BE(e) — _PRIPER)
(&) S, PO)P(END)

This allows for on the model, as the current state can now be used as input, with
the output providing the desired velocity. The nonlinear weighting terms h¥(¢)

control the relative influence of each Gaussian on the final prediction and act as an
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activation function for each Gaussian. Intuitively, h*(£) increases as & approaches
p*, with the activation profile of h*(¢) depending on E]gg' Due to this weighting, it

is possible to create nonlinear behaviors from the otherwise linear Gaussians.

4.1.1 Stability of SEDS

Two conditions on A* and b* to render the system in (4.4) stable:

(a) bF = —AF¢r Vk =1..K, (46)
(b) Ak + (AT <0 Vk=1..K. '
For the LF of V(§) proposed by the authors
V(E) = 5(E-€)TE-¢) vEeR, (47)

it is clear that due to its quadratic nature, condition (2.11)(a) of the theorem is
satisfied. Condition (2.11)(b) is satisfied due to

oAV dVdg
V(§) = ar Tg% (4.8)
d .
— s (=T E-e)é (4.9)
=(E-¢)7¢ (4.10)
K
= (=&)Y R AFE+ ) (4.11)
k=1
=¢ (see (4.4))
K
= (=&)Y WHOARE - + AFg 4 (4.12)
N ——’
k=1 =0 (see (4.6))
K
=(E—&)" Y rFOAF - ¢ (4.13)
k=1
K
=3 hF(E) (E-¢)TAFEe-¢) (4.14)
b—1 N——"
hk(€)>0 <0(see (4.6))
<0 VeeR? g#¢r (4.15)

Therefore enforcing the stability conditions in (4.6) guarantees the stability of the
system, meaning that if the reference signals are followed, the end-effector always

converges to the target.
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4.1.2 SEDS optimization

With the stability conditions developed, the question remains on how to choose
the parameters of the GMM, so that the resulting system in (4.4) can best reproduce
the demonstration data. As a reminder, the GMM is given by

P, €5 | ) Z P(k)P(EM", £ | k), (4.16)

where @ is the optimization parameter vector given by {r! ... 7% u% ,u?; DILIND VL
the vector that holds the parameters of the GMM. In the original work, the authors
proposed two cost functions: the log-likelihood and the mean square error (MSE).
Similar to the author’s findings, the log-likelihood loss (4.17a) yielded better results
for the data collected during the thesis, due to it emphasizing the direction of the
output velocity vector more than the MSE cost function. Therefore, the log-likelihood
function was chosen to train the model. The loss function is optimized under the
constraint for stability given in (4.6) as well as the constraints to guarantee a valid
GMM (2.14). The optimization problem thus becomes

N "

rngn = %Z ZlogP ghn ghn ) g), (4.17a)

n=1t=0
(a) b* = —A*¢*,
(b) A* +(AM)T <0,
subject to (c) ZF =0, XF=(ZMT, Ve=1...K (4.17b)
(d) 0 <7k <1,
(

e) Zk 177

with the last three constraints ensuring that the resulting GMM is valid, namely,
that X is a proper covariance matrix and P(£5", €5 | ) < 1in (4.16). To increase
efficiency and optimization speed, many constraints can be made implicit by a
change of variables. First, (a) in (4.17b) is made implicit by not optimizing for b*
and substituting —AX¢* after the training. By changing 7 to 7k = 1Il(71’k> and
recovering it after the optimization with 7% = ¢*" /(XK ™), constraint (d) and (e)
are implicitly enforced as the exponential function is always positive and the division
ensures the sum of all 7% is equal to 1. Lastly, by defining L¥ = Chol(X¥) as the
Cholesky decomposition which always exists since ¥ is symmetric positive definite
and recovering X¥ after the optimization like this: ©*¥ = L*(L*)T, the constraint (c)

is also satisfied since this multiplication will always give a symmetric positive definite
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matrix. The new optimization parameters are 8 = {#! L7k ,u% ...,u]g,L1 ...Lk},
where now only constraint (b) needs to be enforced by the optimizer.

The resulting optimization problem is non-convex and is solved with non-linear
programming. The existence of a solution is always guaranteed as one can run
EM (2.15) over the demonstration data, enforce (b) by first taking the absolute
values of ¥ and then negating 22‘35 = _Elgg and Eé‘% = _Elgg' and enforce (a)
by choosing ,ulg = E’é(E’&)*l(u’g — ¢*). Given that the problem is non-convex, a
guarantee for an optimal solution doesn’t exist and depends on the initialization. To
initialize the problem, k-means is run and based on the resulting means, the Gaussian
Covariances are computed as an intialization for EM. Initialized by k-means, EM is
run to obtain an initial guess for the optimizer. K is empirically chosen based on the
results discussed Section 4.5. The solver is provided with the analytical derivatives
of the cost function and the constraints w.r.t. the optimization parameter 6 to

decrease training time. See the corresponding technical report [47] for details.

4.1.3 Limitations

Due to the presented quadratic LF in (4.7), the SEDS output ¢ has to full-fill
V() = %%% = %—‘gf < 0, except for £ = £*. The dot product of two vectors is only
negative, if their angle is obtuse, meaning that their absolute angle is greater than
90 degrees. Since V (§) is a perfect bowl with its lowest point at the attractor, —%—‘g
always points directly towards the target. This implies that for the angle between
%% and € to be obtuse, the direction of ¢ is restricted to result in a decrease in the
distance to the target. This hinders the model from representing highly non-linear

motions because, because it can’t ever move away from the target.

4.2 Extended State

One possible way to achieve acceleration or even higher-order signals with SEDS

is to extend the input state to include both position and velocity

¢ = m . (4.18)

This would result in an output of both desired velocity and desired acceleration.
However, when naively extending the state without additional constraints in the
optimization, it is not guaranteed that the output velocity and the output acceler-
ation are physically consistent, meaning that the desired acceleration is the time
derivative of the desired velocity. To develop the constraints that enforce the physical

consistency, one can impose a matrix structure for Ay and b; to guarantee a valid
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second-order dynamical system

. K
T : 0 1 x 0
=5 ke, + . 4.19
()= mea () C) + () (419
—— ——
13 3
Constraining the top-left submatrix of Ax to be zero and the top-right submatrix of
Ay to be the identity, along with the first half of by to be zero as shown in (4.19)
would guarantee a physically consistent output. This idea was also followed in [48]

and [6] in the context of a robotic catching application. Even though this method can

£0.2)

§(1,1)
Figure 4.2. Trajectory rollouts presented in [6] for the extended state approach.

reproduce demonstration data reasonably well, it exhibits rapid direction changes [6].
Furthermore, the models often overshoot, as can be seen in Fig. 4.2. Additionally,
the models are trained on acceleration data, and imperfections in reproducing the
acceleration data will propagate to the velocity level and cause unexpected behaviors.
This effect is likely to increase for higher orders, therefore the approach is not further

investigated.

4.3 Time Derivatives

The SEDS itself is time-independent, as its output is solely dependent on the
state. However, while the model is time-independent, the underlying DS is time-
dependent and can be derived w.r.t. time. One can therefore train the model on
velocity data only and derive its expression to obtain the additional acceleration
and jerk reference signals. This further guarantees that the signals are physically
consistent.

In the following, the time derivatives of the 1st and 2nd order are presented. Since
é depends on ¢ and implicitly on time, derivatives w.r.t. £ are partial derivatives
and derivatives w.r.t. time are total derivatives and therefore denoted by a% and %

respectively.
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4.3.1 Acceleration

Using the product rule to derive the SEDS expression in (4.4) one obtains

(ft (ake+0b). (4.20)

Q‘Q_‘

K
=2 = (HH(©) (A +8%) + hE(E)
Continuing using the chain rule for 4 I ( hF (¢ )) and the time derivative for (Akf + bk)

one obtains

8hk € (ARe +bF) + nF(e) AR ¢ (4.21)

&= Z

The expression for h*(€) is given in (4.5). P(¢ | k) is the conditional probability
distribution function corresponding to the k-th Gaussian function. Hence, h¥(£) is

a continuous and continuously differentiable function. Applying the quotient rule

gives
0 K ] N 8Zz L P@)P(E | i)
ok 98 POPEIR) SPOPE]D) - PRIPE|K) ===
8§ - K 2
(Lroreia)
- (4.22)

To compute 8@5 (P(k)P(¢ | k)), one considers P(k) € R that doesn’t depend on &
and thus is a constant in the derivative and P(¢ | k), which is the multivariate

Gaussian distribution

1 1
= @ik P T3 - pé) (ZE)THE - u’g)} . (4.23)
e

P(EIK) = G

Finally, using the symmetric property of (Z’gg)_l for the derivative (% =2z A )

one obtains
PR — P p(e e - )T (st (4.24)
4.3.2 Jerk

Considering the expressions for £ (4.21), h*(€) (4.22) and P(€ | k) (4.24) developed

in the previous section, the jerk signal is given by

e e 3 e 6 [ Larod) + Lake ¢
dt> = o¢? e
+2 (gt (©€) A + it (4.25)
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where BT =ul gg +oul g 8" was used. The second derivative of h(£) w.r.t. £ is given
by:
-
82 0 0 K
2 S PRPELE) g PRPE]R) a<;P )
> PP 1) <Z P(i)P(¢ | i))
i=1 —
-

0 (& 0 (&
P(k) £|k6<ZP >8<ZP(i)P(£Ii)>
i=1 i=1
3
> P
=1
B KP.P R By
% ; (P 11) ) 5 (PR)P(E] )’
K 2
(Z P(i)P(¢ | i))
=1

P(k)P £|ka§2<ZP )

- . (4.26)

2
(Z P@i)P(¢ | i))
i=1

Finally, deriving P(k)P( | k) twice w.r.t. £ gives

+ 2

.

AN

2
;;mm | k) = P(k)P( | k) [(SE) (6 — i) (€ — 1) T (S ! = (3]
(4.27)
4.3.3 Snap

The analytical 3rd-order derivation of hj (), necessary to compute the desired
snap, is a three-dimensional tensor. The necessary online computational complexity
isn’t justified for the reaching motion since control signals up to the Jerk level
are enough to smoothly execute very fast motions without overshooting as shown
in Chapter 5. Nonetheless, the snap, except for hy, ({)(4), is presented below. Future

work might investigate the influence of the snap-signal by numerically approximating
hi(6)@.
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Starting from the Jerk expression (4.25) the single terms are derived one by one:

2 (5 o) ave] =2 (5 we) k¢

Py [3 W)+ €T (82 h’“(&)é)]

o0& 0&2
(4.28)
d, T T
e (5 1@E) = (5 1) %€
k g k (3) o1 872 k .
T (A€ 4 1) [(%h(é)f +é (aggh@f
(4.29)
Logrepny 67 (2 o) | = ¢ (2 mhiere) are
dt 0&? &2
k (ks
D) ¢ (agh@a)]
+<Ak£+b>_ ‘i’hk(@é 3
|\ 0¢°
[/ o2 AN
T (A€ 4 1) (agg h’“<s>5> é (4.30)
gk.._gk._k..k k)
THOE = (G MO) A+ rH AR, (4.31)
Grouping these terms gives the expression for the Snap signal:
. . . 2 .
€0 = 3 Ak [(8@5 Ph©E) + &7 (;52 h’“(&)&)]
+ 344 2 1h(©€)
k TP kg O kiere(®
A+ B¢ Kag,h@f)g%agh(@g }
. 2 o
T (A% 1) [3 €T (5@ h’“(&)f)]
+ hF(&)AFe®). (4.32)

4.4 Upper and Lower Bounds of Covariance Eigenvalues

When providing the controller with the higher-order reference signals, the model
outputs rapid acceleration (factor 12) and jerk (factor 10*) with small changes of

the state (within 1 mm?), see Fig. 4.3a and Fig. 4.3b. Running such a model on
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the robot results in seemingly unpredictable behavior and therefore needs to be
addressed. This section will first discuss the cause of this irregular model behavior,
explain why and where it occurs and lastly propose a solution to prevent it from

happening, all without impacting model performance.

+ n
1€l

&g

0076
-0.0762 =

'0'0766-0.076\877)/ & (m)

y (m)
(a) Unbounded acceleration signal from the (b) Unbounded jerk signal from the model

model derivative. derivative.

Figure 4.3. Example for increase and decrease in acceleration and jerk for covariance with
small eigenvalues. Z-axis has been replaced with model output magnitude.

4.4.1 Cause of Volatile Acceleration and Jerk Signal

The model output is the nonlinear sum of K linear systems, each created by a
Gaussian distribution (4.4). Analysis of each Gaussian shows that only one Gaussian
is responsible for the irregular behavior. In the term for that Gaussian, the inverse
of the covariance (E’gg)*l is ill-conditioned (Frobenius norm of ~ 101? versus the
Frobenius norm of other covariances with ~ 500). The inverse of the covariance Elgg
is proportionally present in the acceleration and jerk signal through the derivatives
of hE(€) (4.22), (4.26) and the constant matrices A* (4.5) and vectors b¥ (4.5). If
the inverse increases, so do these terms. With regard to the velocity the inverse is
only present in A* and b*. However, it is balanced by the corresponding prior P(k)
being very small so that even for an ill-conditioned inverse, there is no significant
increase in velocity, see Fig. 4.4. Other than the velocity, the extension to higher
order derivatives doesn’t have such a balancing mechanism because the model is
trained solely on velocity and not acceleration and jerk data so that the contribution
of (Elgg)_l for the derivatives of h¥(€) (4.22), (4.26) cannot be considered by the
optimizer in the same way. Furthermore, A*(€) and h¥(€) are not bounded as h*(€),
and can therefore increase uncontrollably, see Fig. 4.5.

Given that h*(¢) is the activation function of the k' Gaussian it is influenced

by Elgg and p*. The closer € is to p*, the larger h¥(¢). If the variance of a Gaussian
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| &
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x (m)
Figure 4.4. Example of the increase in velocity around the critical point.

decreases, the activation occurs within a smaller radius around z*. Furthermore, if
the covariance matrix is ill-conditioned, h¥(€) is activated only very close to p* and
reaches its maximum when ¢ coincides with ¥ (Fig. 4.5). Therefore the irregular

behavior occurs around the mean of the Gaussian with the ill-conditioned covariance.

h(€)
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Figure 4.5. Example of rapid changes in h* (&) given small changes of £ along the z and y
axis for ill-conditioned gaussian.

4.4.2 Cause of IllI-Conditioned Covariance Matrices

Already the k-means initialization yields ill-conditioned covariances, due to the
fact that trajectory data is very biased towards one of three spatial directions,
resulting in a large eigenvalue along one direction and small eigenvalues along the
other two. This is also true for some of the covariances after the EM step. However,

even if the solver starts with an initial guess that doesn’t contain an ill-conditioned
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covariance, it might still converge to one. There is no optimization constraint to
prevent this as the velocity data is still well reproduced even with an ill-conditioned
covariance and the model’s output of acceleration and jerk is not included in the

cost function.

4.4.3 Preventing Ill-Conditioned Covariance Matrices

There are two ways for a symmetric positive definite matrix to be ill-conditioned
which results in large elements in magnitude of its inverse: 1. near-singular matrices,
caused by small eigenvalues of that matrix, 2. large conditioning number, caused by
large ratio between largest and smallest eigenvalue.

The condition number for a positive definite matrix C' is given as IC(C) = %
To prevent a large conditioning number an upper bound on the eigenvalues can
be implemented. To prevent near-singular eigenvalues, a lower bound during the
optimization is enforced that guarantees a minimum value for all eigenvalues. The op-
timizer uses the constraint formulation ¢(z) < 0, therefore the resulting optimization

constraint for the i*? eigenvalue X of the k** Gaussian is

C)k,i,lower = 7>\k,i +a < 0, (433)
C\k,i,upper = >\k:7i - /8 < 07 (434)

with a and S being the lower and upper bound, respectively.

Analytical derivative of constraints w.r.t. optimization parameters

The optimizer uses analytical derivatives of the cost function and the constraints
w.r.t. the optimization parameters 6 to speed up the optimization. The derivatives of

the upper and lower bound eigenvalue constraints are equal and opposite, therefore

ackkﬂl,lower
00

only the derivatives for the upper bound will be developed. The upper

bound S is constant, thus zero in the derivative which results in W = )\akél

Out of all the parameters in ¢, Ay ; only depends on the entries of E’gg, the derivative
for all other parameters is zero. Furthermore, the parameters of £ are stored in
the cholesky decomposition L* of ¥, see Section 4.1.2. As E’gg is the upper left
submatrix of ¥*, the matrix B*(B*)T = Elgﬁ’ with B* lower triangular is introduced
to ease notation.

Starting from the general result in [49]', the derivative of an eigenvalue w.r.t.

the entries of a matrix, given that the matrix is symmetric and eigenvectors and

ox = v, (0G) v;, with G being a symmetric matrix and v;, \; the i*" eigenvector, eigenvalue
respectively.
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eigenvalues are smoothly varying is:

O oxk
££7m7n £§7m7n

The derivative of Elgg = B¥(B¥)T, w.r.t. the optimization parameters is given by

T T
0S¢ _0BB' _ 9B ;0B
OBmn  OBpmn  0Bmn 8By n

)

= JmnB' + BJ,, ., (4.36)

where (X T) = 9(X)" and Ggfn = Jmn, With Jp, , as the single-entry matrix,
with a one at (m,n) and zero elsewhere. The k superscript is omitted for readability.
Substituting (4.36) into (4.35), the derivative of the i’" eigenvalue A of the k"

Gaussian w.r.t. the relevant optimization parameters given by B, ,, is:

ONF

= DT (Jma(BYT 4 BYI ) o, (4.37)

where vf is the corresponding eigenvector. This expression is passed to the solver.

4.5 Orientation Learning

So far only the position, but not the orientation of the robot has been consid-
ered. To enable orientation learning, this section illustrates the adopted approach
presented in [29] for learning from demonstration in SO(3) via compact orientation

representation of UQ.

4.5.1 Optimization

The approach [29] bears similarities to SEDS but in contrast to it, the GMM
is not used to learn Ay and b, but only used for the optimization of the state-
dependent mixing term v(q’) (h*(€) in SEDS), similar to LPV-DS [28]. A is
optimized separately along with an additional matrix P to influence the gradient of

the LF, while b, is fixed to zero. The model is given by

M
(da6)™ =Y y(a)Ax logg,,, (@), (4.38)
i=1

with logg .. M — Tq,,, M being the logarithmic mapping from the manifold to the
TS spanned at qqzr, and (qqar )% the desired orientation in T e -
The optimization process has two steps. First, the GMM is trained. However, it

is only used to compute the mixing term 7;(q). Secondly, the Ay and P matrices
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are optimized separately under the constraint (4.43), resulting in a non-convex
optimization problem. The problem can be solved by non-linear constraint semi-
definite programming. To optimize the GMM, EM is used. However, since EM
assumes linearity of the space it operates on, it cannot be used directly as quaternions
are naturally defined in the Hilbert Space. Given that UQ form a Riemannian
manifold and that the TS of a Riemannian manifold is Euclidean, EM can be applied
in the TS of a Riemannian manifold. All trajectories are therefore shifted to end at
the same attractor. All trajectories are then mapped from the manifold into the TS
of the attractor qq. With the data being in a Euclidean space represented by the
TS of the attractor, EM can be applied which yields a GMM in T
the GMM on the manifold, each data point in the TS is assigned to a Gaussian
based on the maximum likelihood. With this hard assignment, the GMM of the TS

can be projected to the Riemannian manifold. To do this, each Gaussian mean on

.+ Lo compute

the manifold is computed according to

N
ji = argmin ) _ d(q;, p)?, (4.39)
peS® —1

with p,q, it € M and d(p,q) = arccos (qu), representing the shortest path between
two points on the manifold, known as a geodesic. [ is found with the Frechet
mean [50], which extends the mean from Euclidean Space to Riemannian manifolds.
In practice, [ is efficiently computed with the iterative approach in [51]. Once the

means are found, the covariance is computed, similar to the Euclidean space

N
1
Y=— Z log;; p; log p;r. (4.40)

(N —-1) P
Having defined mean and covariance, the probability of observing a UQ on a Gaussian
is given by
N(log; | n=10,%), (4.41)

where the UQ is projected in Tj; and p = 0 since the Logarithmic mean w.r.t. itself
is the origin of the TS. With this, vx(q) is defined as the posterior probability of a
quaternion q in the GMM

TN (g, | Ok)
S N (4, |165)

(q) = (4.42)

where N (fi | 0;) is the probability of observing q from the k-th Gaussian component
parametrized by the mean and covariance matrix 0 = {fig, X }.

It has to be noted that this approach can introduce errors in the learned model
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because even though the TS is linear, the underlying geometry and the mapping
between the manifold and TS aren’t. This creates distortions if the optimization
occurs in a single TS [25]. Future work might address this by deploying the EM for
Riemannian manifolds similar to [52].

The learned 7x(q’) can now be used in the optimization of A; and P where the

following optimization problem is defined

2

I

M
argmin Z H(Elfltt)des - (qu)des
5 gt (4.43)

S't'{ Yy Yievila) wla)) AjPAL — P <0,

with (g%,,)9 as the model output given by (4.38) and P = PT = 0. With the
additional matrix P in the LF, one can flatten the gradient of the LF along one
direction of the state space, thus increasing the range of possible model outputs.
This increase in flexibility is indeed needed as the problem is more complex. See [29]

for the stability analysis of this discrete system.

4.5.2 Model Output to Reference Signal

Given that neither angular velocities nor quaternion derivatives live in quaternion
space, it is impossible to use the usual affine mapping from state & to § known from
SEDS and LPV-DS. Instead, the discrete system that, given the current orienta-
tion q, predicts the desired orientation represented in the TS of the attractor was
designed (4.38). To convert the desired orientation q%; into a reference angular
velocity, the vector is parallel transported to the TS of the current orientation
Lquii—q : Tqeu M — TqM, where the exponential map is used to map it onto the
manifold which then represents the desired orientation in the world frame. The de-
sired angular velocity is obtained by first computing the error between the current and

the desired orientation q. = q o (¢)%*

, converting it to the axis angle representation
and dividing by the demonstration sampling time dt: w9 =quat2rotvec(q,)/dt,
with quat2rotvec as the conversion from UQ to axis-angle representation [53]. For
an overview see Algorithm 1.

The labels (qgi,;,)%* for the optimization are generated according to Algorithm (2).

4.6 Simulation Results

This section presents to which extent the demonstrated data characteristics have
been learned by the model and quantifies the model’s performance with the error

metrics MSE, dynamic time warping (DTW), and direction error. The performance
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Algorithm 1 Model Output to Reference Signal

Input E[gfts,q, dt > model output, current orientation, and

data sampling rate respectively

Output w?s

E{gloefly = lqui—aq (E{Zlff) > note that body only refers to the T'S origin

éldes — equ (ades)

~des ~des

de =9qoq > body frame rotation to align q with q

w?s = quat2rotvec (q.) /dt > desired angular vel in body frame

Algorithm 2 Creating Labels from Data

for each trajectory do

Input Q := {q'}¥,

for : < N do
(qi)des — qi+l
(qzody)des = logy: (q')des > map desired orientation in local TS
(qiy)% = antt%qi(qéody)des > Move TS vector into TS at attractor

o ies _ g

(Apoay) ™ = loggn (q™) e

(q(]l\it)des = antt—>qN (ql])\(r)dy)des
end for

des

is given w.r.t. the hyperparameters K, «, and 5, where K is the total number of
Gaussians and « and [ the value for the lower and upper bound on the covariance
eigenvalues respectively. Models of both the position, see Section 4.1, and orientation,
see Section 4.5, motion generators are discussed. The demonstration data was
captured by physically guiding the right arm of neoDavid in gravity compensation
mode. Details on the motion demonstration data can be found in Section 5.1.

For this section, trajectory roll-outs in MATLAB are used. Given an initial
position, the model is queried and then integrated with the Euler method to obtain
the position of the next time step: &1 = & +£&4dt. The step size for the simulations
was set to 0.001s.

4.6.1 Hyperparameter Design

To compare the influence of the number of Gaussians K and the lower and
upper bound « and S for the covariance eigenvalues, different error metrics are
used. The common MSE has the downside of not explicitly considering the direction
discrepancy between the model output and the demonstration data. The ability
to reproduce the desired direction is important and not properly captured by the

MSE. Therefore a direction error is used as well. MSE and direction error are given
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respectively by

N T . 2
€mse = ,7~ Z Z gt " ftn (gt,n - §t7n)7 (444)
n=1t=0
2t T ot ?
@y |
T T "

Lastly, DTW is used as a metric to evaluate the models. DTW measures similarities
between temporal sequences which may vary in speed. It produces optimal discrete
matching between one series to another and from these matches an Euclidean-based

distance. Provided two time signals, DTW is given by:

DTW (A, B) =min > d(a;,b;)2. (4.46)

First introduced in [54] it was adopted in [55] and used in many LfD works as an
error metric [56], [57].

Two main hyperparameters influence the performance of a model: the number
of Gaussians K and whether the eigenvalues of the Gaussian covariance matrices
are constrained according to section 4.4. Given that the optimization problem is
not convex, there is no guarantee that the solver finds the global minimum of the
cost function. Different initial points in the optimization can make for different
points of convergence. Each hyperparameter set is therefore trained four times
with random initialization and the best model is kept. The model performances for
different combinations of these hyperparameters are presented in Table 4.1. The
upper bound is chosen to be = 100« as it results in a conditioning number of
100 which ensures that the matrix won’t be ill-conditioned due to a difference in
minimum and maximum eigenvalues. The lower bound values o = 1073 and 102
have been chosen as both promote significant smoothness of the models’ output. For
a = 1072, the model performance decreased significantly w.r.t to the error metrics.
The constraints are too restrictive and hinder the model from correctly learning
the data. On the other hand, a = 1073 exhibits a similar performance level to
the unconstrained models and was therefore chosen for the final model. With a
growing number of K, the computation time for training and inference increases
proportionally. Still, the biggest model with K = 35 was trained on a MacBook Air
with the ARM Apple M1 chip and 16 GB of RAM in 57 minutes. This is significantly
faster than the training of deep learning motion generator approaches which can

require hours or days of training on high-end GPUs.
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Table 4.1. Error metrics by giving different hyperparameters.

MSE DTW Direction Numbe.zr of No 0 —10-% | a=10-2
Error Gaussians | Const.
0.0688 25.321 0.1056 5 1 0 0
0.0676 24.991 0.1017 5 0 1 0
0.0654 23.479 0.1127 10 1 0 0
0.0651 24.030 0.0989 10 0 1 0
0.0674 24.017 0.1291 10 0 0 1
0.0700 26.949 0.1216 15 1 0 0
0.0583 19.354 0.0846 15 0 1 0
0.0709 25.512 0.1243 15 0 0 1
0.0673 26.769 0.1025 25 1 0 0
0.0577 || 17.2983 0.0823 25 0 1 0
0.0671 26.038 0.1149 25 0 0 1
0.0522 || 17.0466 0.0772 35 0 1 0
0.0514 || 16.662 0.0788 45 0 1 0

4.6.2 Qualitative Assessment of Motion Generator

The best model obtained from the numerical evaluation is used to qualitatively
evaluate the motion generator’s ability to capture the demonstration data characteris-
tics. In the following, the origin represents the attractor of the system. Furthermore,
from neoDavid’s point of view, the orientation of the coordinate system is such
that the x-axis points straight ahead, the y-axis left, and the z-axis up. Therefore,
positions relative to the target are labeled as in front, if the x-axis is negative, and
left /right if the y-axis is positive/negative respectively. Up or below the target refers

to a positive or negative z-axis, respectively.

"Bottom-to-top" motion

As seen in Fig. 4.6, the bottom-to-top motion is encoded successfully to avoid
a potential shelf or table for motions that start below and from the right side of
the target. Due to the workspace of neoDavid and the limited possibilities to reach
behind and below a target, these are the most likely cases in which a reaching motion
has to avoid a potential shelf or table. Initial positions where the model wasn’t able

to capture this behavior can be seen in some trajectories of Fig. 4.7.

"Reach-around" motion

The second characteristic set out to be captured in the motion generator was
the reach around for starting positions left of the target, to avoid knocking over

the object. For the majority of the cases where the initial position is left and in
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y in [m]

Figure 4.6. A qualitative assessment of the bottom-to-top reaching motion via different
trajectory roll-outs.
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Figure 4.7. A qualitative assessment of the implicit reach around capability of the motion
generator.

front of the target the reach around works. However, when for the same x and y

coordinates the z-axis coordinate decreases, the reach-around motion fails. This is
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caused by a lack of demonstration data: As can be seen in Fig. 5.3 in the bottom-left,
demonstrations are lacking for this particular part of the region. Furthermore, some
demonstrations violate the quadratic LF (4.7) because the collected data increases
its distance to the target temporarily Fig. 5.2. As discussed, this cannot be captured
by the model. With additional demonstration data and a more expressive LF, these

shortcomings are expected to disappear.

4.6.3 Simulation of Orientation Motion Generator

Other than the positional motion generator, the evolution of the orientation
trajectory is obtained by converting the model output to the desired orientation qg
and using this as the model input for the next time step. A comparison of a demon-
stration versus the motion generator’s reproduction given the initial demonstration

orientation is shown in Fig. 4.8. Trajectories from different initial orientations behave

similarly.
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Figure 4.8. Quaternion trajectory of motion generator output versus provided training
demonstration.The black dashed lines stand for demonstration data.
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Chapter 5
Experimental Validations

This chapter outlines the practical steps taken to realize the theoretical concepts
discussed in the previous chapter and presents the outcomes of the conducted exper-
iments. The chapter begins with an overview of the demonstration setup, followed
by a discussion about the desired motion characteristics and the demonstration
data pre-processing. Additionally, it covers the available hardware setup and the
development of control signals based on the motion generators’ reference signals,
followed by the presentation of the conducted experiments. Lastly, it discusses the

chosen approach in relation to the initial goals formulated in Section 1.1.

o

—
 A—— A

T T———

Figure 5.1. Kinesthetic teaching of the robot in gravity compensation mode. The ketchup
bottle was used as a reference for the demonstrator. Reaching motions for different
initial and target positions were captured to cover the whole workspace of the robot.
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5.1 Motion Demonstration

This section introduces the capture and pre-processing of the demonstrated

motions.

5.1.1 Demonstration Setup

In this work, the gravity compensation mode of neoDavid was used to collect
17 demonstrations that were believed to sufficiently cover the relevant state space.
Kinesthetic teaching was chosen as a way to collect the demonstrations since it doesn’t
require additional hardware and no computer vision, making it the quickest and
most convenient method. The right arm of neoDavid was guided to execute reaching
motions from different starting positions, see Fig. 5.1. During the demonstrations,

the SE(3) pose of the hand TCP was recorded in the form of transformation matrices.

5.1.2 Demonstration Characteristics

The demonstration data was collected to best represent the reaching motion of a
right arm as the hand of neoDavid is attached to its right arm. Two characteristics
were chosen to be most important for this: 1) all trajectories approach the target
from the right, even if they start left of it, see Fig. 5.2 and 2) a reaching motion
starting below the target should first rise to the target height without decreasing
the distance along the x- and y-axis. Only if it is leveled with the target it should
approach it,see Fig. 5.3. Humans approach an object with their right hand from
the right side instead of the left due to the wrist’s natural range of motion. Even
though the neoDavid’s wrist joints would allow for left-side grasping, the goal of
human-like execution of the task justifies the additional complexity introduced in
the demonstration data.

Assuming that an object is positioned on a shelf or table, adjusting the height
to the correct level before approaching the target on the x-axis and y-axis when
starting from below the target height reduces the risk of a collision with the table or
shelf.

5.1.3 Pre-Processing

The raw demonstration data is pre-processed to obtain a suitable dataset for
the optimization. First, the demonstration data is shifted so that all trajectories
are aligned to terminate at the origin. This is essential for the model to learn a
consistent motion. The obtained positions are smoothed with a moving average and
a window size of 150 milliseconds, centered around the current data point. The

position data is numerically derived and then truncated in the beginning when the
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Figure 5.2. Top view of shifted translation demonstration data to end at the origin, velocity

scaled, showing approach direction.
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Figure 5.3. Side view of translation demonstration data, shifted to the origin, velocity
scaled, showing avoidance of a shelf or table for "bottom-to-top" motions.

velocity norm first exceeds 0.1 m/s and in the end when it drops below 0.01 m/s.
Next, each demonstration is downsampled to roughly 300 data points to first, reduce

the computational burden of the training, as one optimization step involves the

computation of as many predictions as there are data points, and second, prevent
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longer demonstrations from influencing the training disproportionaly. Close to
the target, all demonstrations are overlapping, thus holding the same information,
resulting in an overrepresentation of the origin region during the optimization. Some
demonstrations are therefore truncated before entering a 10 cm radius around the
attractor.

The pre-processing results in a dataset D = {ft’”,ét’"}z:éﬁ:l of 5492 tuples
with € = 2 — z* as the position error, ¢ its time derivative, N = 17 the total number
of demonstrations and 7" the number of tuples per demonstration. x* is the final
position of each demonstration that is used to shift the whole trajectory to end at

zero, resulting in £* =0 € R3.

5.1.4 Solver Settings

For the optimization of the problem in (4.17a), MATLAB’s [58] fmincon [59]
solver was used. fmincon is a solver for constrained non-linear optimization problems.
This solver is free to use and is generally considered to perform well for this type of
constrained non-convex optimization problem. Besides the main hyperparameters of
the method, the number of Gaussian and the consideration of eigenvalue constraints,

the solver has been used with the following settings:

e the interior-point optimization algorithm was used, as it is generally the

fastest and most reliable algorithm for this kind of problem.

« The StepTolerance was set to 10715, If the parameters are updated by a

smaller value than this tolerance, the optimization terminates.

e The FunctionTolerance was set to 107!? and is the minimum that the cost
function has to change for each optimization step without the solver terminat-

ing.

e TolCon, the tolerance by which the constraints are allowed to be violated was
set to 10712,

e MaxIter, the maximum number of iterations was set to 2000, and chosen in a
way that it is not a significant limiting factor. Most of the time, the solution
converges before reaching the maximum iteration and doesn’t terminate only
because the StepTolerance and FunctionTolerance are set to very small

values.

5.2 Experimental Setup

To validate the motion generator on a real system, the neoDavid robot introduced

in Section 2.1.1 was used to execute a reaching-and-grasping motion. To show the
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reactiveness to target perturbations, the RGB-D camera inside neoDavid’s head
together with the existing object detection and tracking pipeline [60] and [61] was
leveraged to track a ketchup bottle. Fig. 5.4 shows the experimental setup. The
pipeline gives the current position of the tracked object which was fed back as the
attractor of the motion generator. To execute the developed method the reference
signal was converted to the joint space and provided as input to the ESP controller
which generated the control signals. A SIMULINK model was connected to a real-
time kernel that was responsible for receiving sensor data and relaying reference
control signals to the robot. The unused torso joints were fixed. Due to technical
difficulties, the last two joints, joints 6 and 7, had to be kept constant. Since at least
6 DoF are necessary for full pose control, the experiments focus on the positional

motion generator without the orientation signals.

Figure 5.4. Setup for the target perturbation experiments.

5.2.1 Control Signals

To control neoDavid, the available ESP controller requires reference signals in
the joint space. However, SEDS and its analytical derivatives provide a desired
Cartesian velocity 4, acceleration &4, and jerk :Eg)’) signal with z € R3 as the
translation along x, y and z axis. A mapping from Cartesian space to joint space is
needed. This mapping is given by the Jacobian J(q) and its derivatives J(g, ¢) and

J(q,q, ). Usually J(q) € R6*7 but given that 24 € R3*!, and the last two joints are
disfunctional, J(q) is truncated to J(q) € R®*®. The geometric Jacobian has been
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used as this Jacobian also maps to the end-effector angular velocity, which is needed
for future orientation control. Together with its time derivatives and the unique
right side pseudo inverse J(q)* they give the mappings between the desired cartesian
and the desired joint signals. For computation efficiency, the static consistent null

space projector has been used instead of the dynamically consistent projector

Ga = J7iq, (5.1a)
Ga = J7 (&g — Jda), (5.1b)
o = J* (2 — 2JG4a — Jia), (5.1c)
where J#! is given by
J#t=JgT(JJ")7h (5.2)

J# is only valid for non-singular J as the joint reference signals grow unbounded
when J approaches a singularity. In general, one uses the QR-Factorization to
find the pseudo-inverse for rank-deficient Jacobians [62]. Dependencies on the joint
configuration of J(q) have been omitted for readability.

Furthermore, since the available joints result in 5 DoF, and the cartesian reference
signal has three dimensions, two additional DoF need to be accounted for to prevent
null space joint drift. Therefore, a null space controller to stabilize the null space

dynamics is deployed. The following signals are given to the controller

Gref = Ga+ (I = J#J) Guu, (5.32)
Greg = Ga+ (I = J*J) Gt = (J* T+ JFT) o, (5.3b)
q,(i} - qc(lg) + (- J#J)qr(l?l)ll —2(JFJ + JFT)Goun (5.3¢)

— (J*ET + JET + T*T 4+ J* ) G-

To develop the time derivatives of the pseudo inverse, the auxiliary variable
Z = JJT is introduced and its inverse is derived twice to yield d(Z~!) and dd(Z~1).

'In practice, a damped least square (DLS) Jacobian given by Jprs = J' (JJ " + Ie)~! with
e = 0.0001 is used to approximate the pseudo-inverse Jacobian J#. Ie ensures that the expression
remains well-conditioned when J is singular or near-singular. Because Jprgs isn’t a mathematically
exact pseudo-inverse, (I — JprsJ) also does not perform an exact orthogonal projection into the
nullspace of J, but prioritizes computational efficiency and ease of implementation over the accuracy
of the introduced, reasonably small, error.



5.2 Experimental Setup 47

Az Y=z JJ"+JJ" 271, (5.4a)
dd(ZzH=—-d(z ™ (JJ"+JJ") 271,
—Z Y JI 4250+ Zz71, (5.4b)

—Z7Y(JIT+ i) dz7h.
With these terms, the pseudo inverse derivatives can compactly be given by

Jt=J'z7 4+ g d(z7h, (5.5a)

Jr=JT z7V 4 2)T Az +JT dd(Zz7Y). (5.5b)

The null space command is often used to avoid singularity configurations based on
the derivative of a manipulability measure w.r.t. ¢ [63]. However, in the experimental
setup, singularities only occur when the robot is fully stretched out, a situation
not to be expected to arise. Therefore, further considerations to prevent this are
unnecessary. To streamline computational efforts, a constant configuration is used
as a reference resting position. A PD-controller is deployed that draws the arm to
the desired configuration g¢neminal (5.9). (5.6a) is derived twice to provide the null

space signal on the acceleration and jerk level

(jnull = Knull(Qnominal - Q) - Dnull (1, (563‘)
(jnull = - nullq - Dnull‘ja (56b)
qr(l?l)ll = _Knullq - Dnullq(g)‘ (560)

Diagonal matrices with higher values give the gains for the first 4 joints as their

motors are stronger in comparison to the last 3 joints

Knull = dlag([575757572])7 (57)
Dy = diag([1,1,1,1,0.1]), (5.8)
Gnominal = [07 3005 0, 3007 O] (59)

Note, that the motion generator doesn’t yield a desired position. Therefore the
proportional Kp term in the ESP controller is not used by setting g; = ¢. Also, as
the motion generator is purely state-dependent, there is no initial transition phase to
gently accelerate the robot to the desired speed. To avoid saturation of the motors

at the beginning of the motion, a ramp-up phase was implemented that is used to
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scale the reference signals

() = min (1, p/dt> , (5.10)

where ¢ is the current time starting at zero, ¢¥/(0) = 0, and p is the scaling factor
of the ramp-up time, chosen to be 6, 20, and 50 for velocity, acceleration, and jerk

respectively.

5.3 Experimental Results

This section presents the results obtained from the implementation and testing

of the proposed positional motion generator on the neoDavid.

5.3.1 Unscaled Motion Generator

When deploying the motion generator, the reaching motion was successfully
executed. However, the acceleration and jerk reference signals both have a magnitude
smaller than 1 and they therefore don’t contribute significantly to the control signals,
see Fig. 5.5. This is due to the demonstration data that doesn’t contain many
high acceleration and high jerk motions and is further caused by the covariance
eigenvalue constraints that promote model output smoothness. Additionally, with a
maximum end-effector velocity of 0.25 m/s, the motions are relatively slow. This is
in line with the speed of the collected demonstrations. To evaluate the significance
of the additional reference signals in the tracking performance and to achieve
dynamic motions, the motion generator is scaled by a constant. Since the motion
generator represents a DS and the additional constant doesn’t violate the stability
conditions, the system is still GAS, but evolves faster and consequently shows

stronger acceleration and jerk.

5.3.2 Incomplete Reference Signal and Scaled Motion Generator

To establish a tracking performance baseline, the output of the motion generator
is scaled by a factor of 5 and only the reference velocity signal is provided to the ESP
controller with acceleration and jerk signal set to zero. With 1.43 m/s this results in
a significantly faster maximum end-effector velocity of the hand’s TCP compared to
the unscaled motion generator, see Fig. 5.6b. However, due to the increased velocity
reference signals, there is a significant overshoot of 10 centimeters along both the
x and the y axis in the trajectory (Fig. 5.6a). See Fig. 5.7 for an overlayed image
sequence of the overshooting trajectory. It is concluded that the reference signal

cannot be tracked accurately with only the velocity reference signals.
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Figure 5.5. Cartesian signals of a trajectory based on an unscaled motion generator. Note
the small reference values of acceleration and jerk.
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Figure 5.6. Cartesian position and velocity trajectory using a scaled motion generator by
the factor 5 and only providing velocity reference signals to the controller.

Figure 5.7. Trajectory of scaled motion generator by factor 5 without acceleration and
jerk signal. Note the overshoot at t3. Trajectory with acceleration and jerk didn’t exhibit
overshoot (Fig. 5.8a).

5.3.3 Entire Reference Signal and Scaled Motion Generator

To see the impact of the additional reference signal, the motion generator is again
scaled by the factor 5, but now all reference signals, namely velocity, acceleration,

and jerk are given to the ESP controller. As a result, the additional reference signals
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successfully eliminated the overshoot (Fig. 5.8a), while at the same time increasing
the maximum cartesian end-effector velocity by a margin of 0.2 m/s to 1.63 m/s.
This proves the effectiveness of the developed approach as it increased speed while

at the same time eliminating overshoot.
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(b) Cartesian velocity trajectory with all
reference signals. The motion genera-
tor output is scaled by a factor of 5.
Note the larger velocity norm compared
to Fig. 5.6b.

(a) Cartesian space position trajectory with
all reference signals. The motion genera-
tor output is scaled by a factor of 5.

Figure 5.8. Cartesian position and velocity trajectory using a scaled motion generator by
the factor 5 and providing all reference signals to the controller.

5.3.4 Effects of Higher-Order Reference Signals in Joint Space

In the joint space, the effects of providing the higher-order control signals are also
evident. Scaling the motion generator by a factor of 5 and then comparing the results
for the velocity-only Fig. 5.11 signal and the full reference signal stack Fig. 5.10, one
can see the improved tracking of the reference velocity, acceleration, and jerk, when

comparing their errors Fig. 5.9.

5.3.5 Target Perturbation and Physical Human-Robot Interaction

The experiments for the target perturbation were conducted by moving the
ketchup bottle to different positions along all axes (Fig. 5.13). Since the orientation
control couldn’t be evaluated due to the dysfunctional last two joints, the bottle was
kept at a constant orientation throughout the experiments. The motion generator was
able to adapt seamlessly to the changes along all axes. Furthermore, the robot avoided
the table regardless of the attractor’s height without explicit obstacle avoidance.
The human-robot interaction was smooth and the robot reacted seamlessly to the

target perturbations.
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Figure 5.9. Velocity, acceleration, and jerk joint space error with and without all reference
signals. The motion generator output is scaled by a factor of 5.

5.3.6 Reaching-and-Grasping Motions

Lastly, a distance-dependent finger closure approach was tested together with the
motion generator to validate its ability to support the fast reach-and-grasp motions
the thesis set out to achieve. Even for fast motions, the method was able to facilitate

a successful and smooth reach-and-grasp motion, see Fig. 5.12.

5.3.7 Steady State Error

With ||ess|| = 7.5 cm the steady-state error for the unscaled DS is quite large.
The steady-state error is not caused by the model, as it is GAS. In practice, this
error may be a result of an inaccurate model or unmodelled friction forces.

Scaling the system by a constant factor is approximately inversely proportional to
the steady-state error as Table 5.1 shows. The steady-state error probably decreases
due to the stronger control signals overpowering possible model uncertainties or
unmodelled forces.

Even though no proportional gain on the position error exists in the closed loop
system, multiplying the DS causes the system to behave as if the stiffness gain had
been increased. Future work might investigate the effect of a scaled motion generator

on the closed-loop stiffness of the ESP controller.
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Figure 5.10. Joint space trajectory with all reference signals. The motion generator output
is scaled by a factor of 5 to achieve highly dynamic motions and demonstrate the impact
of providing additional reference signals.

Table 5.1. Steady state error depending on scaling, provided signal and starting position.

‘ Scaling ‘ Starting Position | Reference Signal | Steady State Error in cm

U O UL i W W WD P =

top left
top left
bottom right
middle right
top left
top left
top left
bottom right
top left
bottom right
bottom right
bottom right
top left
bottom right
bottom right

vel
vel, acc
vel, acc
vel, acc
vel
vel, acc
vel, acc, jerk
vel, acc
vel, acc
vel, acc
vel, acc, jerk
vel, acc, jerk
vel, acc, jerk
vel, acc, jerk
vel

10.33
10.95
10.25

8.63
4.93

5.32, 5.47, 5.70

5.22, 5.77, 5.56
5.01

4.38, 4.52, 4.48
3.14
2.76
2.00

1.63
1.42, 1.31, 1.31
1.51
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Figure 5.11. Joint space trajectory with only velocity reference. The motion generator
output is scaled by a factor of 5 to achieve highly dynamic motions and demonstrate
the impact of not providing additional reference signals.
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(d) t3 =0.52 s (e) ty =0.95 s (f) t; =116 s

Figure 5.12. Image sequence of a reach-and-grasping motion, completed in 1.16 seconds.
For target localization, the vision pipeline of neoDavid is used.

5.4 Discussion

At the beginning of the thesis, 4 goals have been presented. In the following,

each of them will be revisited and discussed.

(G1) was to design a motion generator that provides fast and continuous
reaching motions. As the results show, the motion generator has been successfully
validated, especially for fast-reaching motions. The introduced constraints on the
eigenvalues eliminated spikes in the control signal of acceleration and jerk and thus

successfully contributed towards the smoothness of the motion.

(G2) was to guarantee convergence to the target even in the case of physical
human-robot interaction and target perturbation. This has been successfully
validated. However, on the real system, the steady-state error offers an opportunity
for future work. The reasons for this have been discussed. A possible solution is to
(1) scale the motion generator by a constant or (2) add specific control signals. (1)
has shown to be an effective measure in decreasing the steady-state error but comes
with the time-scaling of the whole motion which is undesirable depending on the
application. (2) might involve the addition of a velocity error-dependent integral
term to the reference signal. Activated only when the end-effector enters a certain
radius around the target, it would ensure that the reaching motion is altered only in

the vicinity of the target.
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(G3): Learning the characteristics of the demonstration data and extrapolating
from it was mostly successful. The motion generator couldn’t avoid potential
shelves with initial positions that had no demonstration data. Additionally,
the reach-around motion for initial positions behind the target couldn’t be
reproduced. This is due to the mentioned drawback of SEDS and can potentially

be resolved by using a more expressive Lyapunov, similar to the one presented in [28].

(G4): As the experimental validations show, the method was successfully run
on the neoDavid elastic joint robot. The reaching motion, especially very fast ones,
have been realized. The anticipated technical requirement for the first goal was
higher-order derivatives of the desired joint trajectory. Everything but the snap has
been provided, which was sufficient to achieve a smooth reaching motion without
overshoot, even at very high speeds. The introduced constraints on the eigenvalues
eliminated spikes in the control signal of acceleration and jerk and thus successfully

contributed towards the smoothness of the control signals.

All of the goals have therefore been achieved.
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Figure 5.13. Experiment with online feedback of neoDavid’s vision system. The motion
generator is turned on during the whole experiment. (a) - (c¢): bottom-top-reaching
motion. (c) - (d): human-robot interaction. (e) - (f): bottom-top-reaching motion.
(g)-(h): target perturbation along z-axis. (i) - (j): human-robot interaction. (k):
target perturbation during reaching motion. (1): seamless convergence to target despite
perturbation.
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Chapter 6

Conclusion and Future Work

This work explored the efficacy of LfD techniques in enabling elastic joint
robots to perform fast and smooth reaching motions. Based on the demonstrations
collected via kinesthetic teaching, a motion generator for position and orientation
was learned. The well-known SEDS approach was extended by developing its
analytical time derivatives to provide higher-order reference signals to the elastic
joint robot. As the validation experiments on the elastic joint robot neoDavid
show, the additional reference signals increased tracking performance significantly
and eliminated overshoot for highly dynamic reaching motions. Furthermore,
optimization constraints on the eigenvalues of the model’s covariance matrices
were introduced. They were effective in smoothing the reference signals and
preventing reference signal discontinuities otherwise encountered. The results further
demonstrated the robustness and real-time applicability of the motion generator,
as it was able to seamlessly adapt its trajectory to a new target in response to

perturbations or physical human-robot interactions.

A possible avenue for future work is the extension of the orientation motion generator
to be able to converge to arbitrary orientations. At present, convergence is limited to
a specific orientation, which poses a limitation in unstructured environments where
the target’s orientation is unknown before model training and can change rapidly. A
potential extension could involve designing a co-dependency between the position
and orientation reference signals.

Even though the motion generator was able to learn the characteristics of a
shelf or table avoidance when reaching for the target in the most important state
space regions, there is an opportunity for future work to model and avoid obstacles
explicitly. This would enable the robot motion to have guaranteed obstacle avoidance
properties and contribute to safer motions in unstructured environments.

The regularization of introducing constraints on the covariance eigenvalues
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smoothed the model output for acceleration and jerk, resulting in smooth motions.
However, future work might address the need for guaranteed upper bounds on
velocity, acceleration, and jerk.

Future work might also investigate the impact of the snap reference signal on the
tracking performance. Lastly, a non-zero final velocity motion could be implemented

for fast pick-up or catching tasks.

Building on this work, these research directions are promising in developing a reliable

and reactive motion generator for elastic joint robots in virtually any environment.
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