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Abstract

This dissertation investigates the efficient imitation learning framework based on
principal component analysis to generate desired and abundant motions using few
human demonstrations in the workspace. This framework is inspired from human
motor learning in upper body. In real life, a robot is expected to autonomously
act with varied and abundant motions. Imitation learning might be an efficient
approach to enable a robot to generate natural and abundant motions.

The framework comprises off-line and on-line processes. In the off-line process,
human demonstrations are used to develop a motion database. The database
covers the workspace and includes robot properties. The evolved database has
a clustered structure for efficiency. In the on-line process, a robot can generate
desired motions using a real-time motion reconstruction method based on PCA in
real time. However, during the motion reconstruction by few, slight movement, or
noisy, it occurs the over-response problem. To prevent that, we uses Regularization
method, and curve fitting method to reduce the tolerance. The performance of this
method is verified through two case studies. The proposed framework is applied

to the generation of reaching motions to an object on a table and a shelf.

Keywords: Machine Learning, Imitation Learning, Principal Component Analy-
sis, Evolutionary Process
*Doctoral Thesis, Division of System Science and Informatics, Graduate School of

Information Science and Technology, Hokkaido University, SSI-DT79115501, February
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Chapter 1. Introduction

1.1 General Overview

This thesis presents the imitation learning framework that the humanoid robot
can learn human arm motions to generate various arm motions in real world. The
proposed framework is inspired by biological studies of motor learning of human
and robotics studies and focuses on how human learns new skills or movements
and what is an important factor on robot’s arm motion generation.

Generally, for generating robot arm motion, two approaches have been studied
thus far. One is human-aided motion generation that uses techniques such as pre-
programming or interpolation of waypoints taught via a teach pendant. However,
these techniques are not realistic solutions for producing varied and abundant mo-
tions, because they are very time consuming and not possible to generate desired
motions by itself in real-life. The second is robot learning from human demonstra-
tions.

Programming by demonstrations of a task, which is also referred to as imita-
tion learning, is a noteworthy and powerful solution to robot learning [2, 3]. In
imitation learning, three key points need to be considered: (1) what to imitate,
(2) how to imitate, and (3) when to imitate [4]. In [5], T proposed an imitation
learning framework for teaching a robot to imitate human motions that are repet-
itive and similar [5]. The framework was designed such that movement primitives
maintain human as well as robot properties. For example, a trajectory that is
produced based on human demonstrations is not always optimal for robots. It is
clear that the minimum energy consumption motion of a human is not always the
same as that of a robot. Therefore, in the framework, while movement primitives
were constructed basically from human demonstration data, a cost function for

robots, including factors such as minimizing energy consumption and jerk, was
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considered. The framework generates the desired motions by using a combina-
tion method based on principal component analysis (PCA). Using this framework,
the motion of catching a ball was generated in real time for a humanoid robot [6].
However, the imitation learning framework proposed in [5, 6] requires a large num-
ber of human demonstrations and sometimes produces a trajectory that deviates
radically from that demonstrated by the human because of a rank deficiency in a
principal component matrix. In order to reduce the number of human demonstra-
tions, a clustered database structure was proposed [7], in which a workspace was
divided into clusters and principal components were defined for a cluster. Although
the revised framework [7] could reduce the number of the required demonstrations,
it still suffered from the over-response problem and human demonstrations had to
be previously specified, such as reaching to points A, B, and C. If less specified
demonstrations, such as reaching to any points, are available as teaching data, the
teaching phase is significantly easier.

PCA was applied for imitation learning in a few studies. Fod et al. used
PCA to represent human movement and reconstruct the movement [8, 9]. Lim
et al. took a similar approach, but a cost function was introduced to optimize
the robot’s movement [10]. However, they applied PCA to the joint trajectory to
avoid the redundancy problem [8, 10]. Therefore, it is possible that even if the
human demonstration is closely reproduced in joint space, the resultant endpoint
trajectory will significantly deviate from that in the demonstration. Furthermore,
since movement reconstruction in joint space was addressed in [8, 10], the authors’
approach could not deal with arbitrarily given start and target points that differed
from the demonstrated start and target points. In this study, PCA is applied to
represent the endpoint trajectories in human demonstrations and to reconstruct
them in Cartesian space. In order to solve the redundancy problem, elbow el-
evation angles [11, 12] are considered. Since the movement is reconstructed in
Cartesian space, a movement is easily and adequately generated for arbitrarily
given start and target points that differ from the demonstrated points. This is the
main advantage of our method over the those proposed in previous studies such
as [8, 10, 9].

The design of the proposed imitation learning framework refers to the human

motion learning process. When one human learns new motions or postures from
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another through repetitive training, he/she does not try to strictly imitate the
motion of the demonstrator, because differences in kinematics parameters, such
as arm length, make this impossible. Instead, he/she will try to optimize the
similarity of the motion to the motion of the demonstrator. In [journal], the im-
proved imitation learning framework was proposed to complements the framework
proposed in previous works [5, 6, 7] and overcomes their drawbacks.

The proposed improved imitation learning framework generates an efficient and
abundant motions by learning and optimizing from human demonstrations. This
framework dose not require strictly specified demonstrations, such as reaching to
points A, B, and C, but accepts moderately specified demonstrations, such as
reaching to any points. This tolerance to less specified demonstration contributes
to reducing the number of demonstrations. Furthermore, in order to solve the
over-response problem (radical deviation from human demonstrations), Lo regu-

larization

1.2 Research Background

1.2.1 Human Motor Learning and Motion Generation Re-

searches

Humanoid robot have increasingly resembled human beings in such control abil-
ity as walking control, running control, etc., as well as in appearance. However,
the robot cannot move like human. In order to imitate human movement, firstly,
we need to understand how human assimilates new skills and movement. The
Central Nervous System (CNS) conducts motor learning, motion generation, etc.
Human behavior is generally separated momently actions by a sensory organ and
actions by CNS. This thesis focuses on the the actions by CNS. In spite of the
great differences between a vertebrate system and robotic system such as DOFs,
joint limit, and arm lengths, the fields of biology and neuroscience have tried to
derive benefits from the theories and procedures that may help the control of an
artificial multi-joint system: motor learning [13, 14] and motor primitives [15]

have been enthusiastically studied in vertebrate animals with a view to applying
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the knowledge thus gained in the control of an artificial multi-joint robotic system.
Further, it is possible that the brain solves inverse kinematics and dynamics for
voluntary movement [16]. Models of imitation based on instrumental learning,
associative learning, and more complex cognitive processes have been proposed
[17, 18]. Hollerbach and Flash [19] proved experimentally that brain may carry
out inverse kinematics and dynamic computations when a human moves in a pur-
poseful. In addition, inverse dynamics can be represented as the operation of a
memory that associates a vector of joint torques, angles, and angular velocities
and accelerations with a computational device like a look-up table [20]. Mussa-
Ivalde et al. stated that the central nervous system can create, update, and exploit
internal representations of limb dynamics like a memory and motor pattern gener-
ator to deal with the computation complexity of inverse dynamics [15, 21]. They
also regarded the vectorial combination of the force field exerted by limbs as the
representation. The representation was applied to a robotic system in the form of

posture primitives [22].

1.2.2 Robot Programming by Demonstrations (PbD) Re-

searches

Robot Programming by demonstration has been studied for several decades.
as called imitation learning. In these thesis, the problem of how to get human
movements is not dealt with, I focus on how the human movements should be
converted to a robot and the information should be applied to imitation learning.

Representations of human movements are roughly classified into symbolic and
trajectory level encoding [3]. Symbolic level encodings generally segment and
encode tasks according to sequences of predefined actions by using classical ma-
chine learning techniques [23, 24, 25] , such as the Hidden Markov Model (HMM)
[3, 26, 27, 28]. Alissandrakis et al. took a symbolic approach to encoding human
motions as sets of pre-defined postures, positions, or configurations and consid-
ered different levels of granularity for the symbolic representation of the motion
[29]. Symbolic approaches have a great advantage in representing high-level skills,

such as sequences of several motions, by symbolic cues (for instance, ‘walk’—‘run’
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or ‘walk’—‘run’—‘kick’). However symbolic approaches need prior knowledge to
define the important cues that resolve and determine a desired motion.

In trajectory level representation, human movements are encoded in joint,
torque or task space [30, 31, 32]. The trajectory level representation is used mainly
to generate cyclic motion or discrete motions [33, 34]. Statistical modeling is a
noteworthy approach for encoding skills and movements that deals with noisy
demonstration data. Ijspeert et al. presented a control policy that was defined in
form of a differential equation to represent robot joint angles and end-effector’s po-
sitions [35]. HMM is a popular approach for encoding, recognizing and retrieving
several types of movement [36]. Lee et al. used the learning of gesture through a
mimesis model based on HMM to encode trajectories and retrieve desired motions
using a stochastic process [37].

Dynamical systems (DSs) have been employed as a powerful method for mod-
eling robot motions [38, 39, 40] that uses statistical estimation based on locally
weighted regression (LWR) [41, 42, 43, 44], Gaussian mixture regression (GMR)
[40], etc.

Dynamic movement primitives (DMP) is a method by which a nonlinear DS can
be estimated while ensuring global stability at an attractor point [45, 46]. DMP
basically requires a reference trajectory generated by using GMR, weighted least-
square (WLS), etc. Khansari-Zadeh and Billard presented the stable estimator
of dynamical systems (SEDS) to learn arbitrary discrete motions by modeling
them as a nonlinear autonomous DS [47]. DS, DMP, and SEDS are designed to
handle the temporal or spatial perturbations on end-point trajectories. However,
when a target or start point departs from the demonstrated point, these methods
cannot guarantee the generated trajectory will be similar to that of the human
demonstration. Furthermore, the performance results, such as those for similarity,
strongly depend on the parameters.

In most programming by demonstration (PbD) systems proposed thus far only
the end-point movements were addressed [48, 49, 50]. However, in general, hu-
manoid robot control systems suffer from redundancy, a problem that must be
solved to allow a robot motion to be generated. Therefore, we explore a method
in which not only the endpoints of the limbs but also the entire posture are imi-

tated.
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1.3 Purpose of the thesis

This thesis is to design the efficient imitation learning framework for humanoid
or manipulator robot. In real life, to execute various missions by user, it is hard to
generate the desired motions by programmer. Imitation learning is great approach
to carry out various motions by user.

In this thesis, to imitate human demonstrations, a robot uses few human demon-
strations. Then, it is evolved by evolutionary process to extract the movement
primitives database to cover the workspace, and to involve the robot property into
that. Also, by using evolved movement primitives database, the robot generate
the desired motions in real time. For generating the desired motions in real time,
the framework adopts the motion reconstruction based on principal component
analysis. Nevertheless, occasionally the motion reconstruction may generate ex-
travagant or inadequate motions, as called the over-response, because of using few
movement primitives database, slight movement or noisy movement primitives.
Thus, the method to prevent the over-response discusses in the section which de-

scribes the motion reconstruction.

1.4 Summary of the thesis
Chapter 2

This chapter is discussed for motion reconstruction based on principal compo-
nent analysis, which generate the desired motions using movement primitives, and
the solution of over-response problem during generating the motion reconstruction
is described by Lo regularization. Also, the case of sudden change in the target po-
sition, the motion reconstruction shows that the generated trajectory is modified

to track the changed target position.

Chapter 3

This chapter describes the evolution process of the movement primitives database.
The framework is divided by two processes: 1) In Off-line process, capturing human

demonstrations, transformation of movement primitives database from human to
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humanoid robot, and evolutionary process are discussed. finally, robot acquires an
evolved movement primitives database. 2) In on-line process, by using the evolved
movement primitives database, motion reconstruction generates a desired motions

in real time.

Chapter 4

The performance of proposed imitation learning framework is shown through
two cases study. One is a reaching motions to an object on the table, another is
a reaching motion to an object on a shelf. By using few human demonstrations,

My method shows the performance of human-like motion generation.

Chapter 5

The dissertation concludes with a general discussion of the results and benefits

of this thesis.

1.4.1 Overview of the imitation learning framework

Figure 1.1 is shown the overview of proposed imitation framework. First, this
is divided by two process: 1) Off-Line imitation learning Process for evolving
and optimizing of movement primitives database from human demonstrations, 2)
On-Line motion generation process for human-like and optimal robot motion in
real-time.

In the off-line process, movement primitives database, which is transformed
human demonstrations to robot specification, is evolved by using evolutionary
process based on PCA. Through this process, one involves the extracted movement
primitives database to cover the workspace and optimizing that to reflect the
robot property. Movement primitives are defined according to task as trajectories
in either joint or Cartesian space. Consequently, the robot acquires the evolved
movement primitives database.

In the on-line process, the robot can generate the human-like and abundant

motions in the workspace by using evolved movement primitives database in real
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Figure 1.1: Proposed Imitation Learning Framework
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Chapter 2. Motion

Reconstruction based
on PCA

PCA is used in both the off-line and on-line processes to generate a new motion
from the movement primitives database. In the on-line process, when the opti-
mized and abundant movement primitives database has been constructed, a robot
can use it to generate the desired motions in the workspace in real time. Mo-
tions are generated so that they resemble the human demonstrations as closely as
possible, include redundant DOFs.

This section describes a motion generation method that uses the movement
primitives database. The computational cost of data processing in high-dimensional
space exponentially increases according to the dimension. PCA is a solution for
avoiding the curse of dimensionality in data processing.

Park et al. generated a desired humanoid robot motion using three principal

components in joint space [5, 6, 7]:

3
4 (t) = @jmean(t) + Z W;iGjpe;(t) +wia (j=1,...,N), (2.1)
i=1

where N is the number of joints and ¢;(t), ¢jmean(t), and g, (t) are the trajec-
tory to be generated, mean values, and principal components of the movement
primitives of the jth joint, respectively. w;;(i = 1,2,3) are the scalar weighting
coefficients and w4 denotes a remaining offset. In general, the first four principal
components dominate 90% of the data [10]. In [5, 6, 7], the first three principal
components were used to uniquely determine the coeflicients w;; (i = 1 — 4) from
the four boundary conditions, the positions and velocities at the beginning and

end of a motion.
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When a motion is defined in Cartesian space, the motion reconstruction equa-

tion (Eg. (2.1)) is extended:

PE(t) = Pramean(t) + > WeiDkpe, () + wpa (k=1,..., M), (2.2)

where pi(f), Pk.mean(t), and pg e, (t) are the trajectory to be generated, mean values,
and principal components of the movement primitives of the kth component in
Cartesian space, respectively. M is the dimension of the augmented position vector
defined in Cartesian space. If a 7-DOF arm is used, the augmented position vector

is defined as

T

pr--p) =y zaBvaql, (2.3)

where x, y, and z are the positions of the hand or wrist, «, 3, and 7 are three
variables that define the posture, such as Euler angles, and ¢g is a variable that
defines elements of the elbow position, such as the elbow elevation angle [11, 12].
If the posture of the hand does not need to be considered, the augmented position

vector may be defined as

1o p]t =[r y 2z qe]". (2.4)

Boundary conditions are specified by the initial and final positions (py,o, pr r) and

velocities (Pro, Pryf) as

Pe(to) = Pros Pr(ty) = prg. Pr(to) = Do, Dk(ty) = Prs, (2.5)

where ?; and ty are the beginning and final times of the motion, respectively.

Substituting Eq. (2.5) into (2.2), the scalar constants are determined as

— - __l — - —

W1 pk:,pcl(to) Prpes(to)  Prpes(fo) 1 pi(to) Pkmean(to)
Wi2| | Prper(tr) Prpea(ty) Prpes(ty) 1 Pr(ts)| | Pramean(ts) (2.6)
W3 Prper (o) Prpes(to)  Drpes(to) O Pr(to) Pr,mean (t0)
(Wi | [ Prpe () Drpes(ty) Prpes(tr) 0 Pilty) | [ Prmean(ts) |

10



Chapter 2. Motion Reconstruction based on PCA

0.7 ‘ ‘ ‘ ‘
- Generated Motion
0.6 x Demonstrations ||
0.5F b
0.4f b
0.3f b
©
ISl
o
0.2f b
0.1} |
07 o« ox X X X XXX X x N ]
x x X . K *X*x;%(»?(%‘%%‘%%%%%%
ol R et R R R ey
;2( X%i%yx%iyfz&ﬁ&xxx X XX X
_0 2 | | | | | | | 1
0 0.5 1 1.5 2 2.5 3 3.5 4
T(s)

Figure 2.1: Over-response problem. The generated motion significantly devi-
ates from the demonstrated human motion when the principal component matrix
P pe approaches its singularity.
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which can be rewritten as

Wi :bc ].:)_1 (bk — b]ﬁme(m). (27)

k,pc

However, when the number of movement primitives is small, a slight movement
or noisy movement primitives may cause extravagant and inadequate motion, as
presented in Figure 2.1. The main reason for the inadequate motion is that wy
calculated by Eq. (2.7) is not adequate because of over-response.

In order to prevent over-response, Lo regularization [51] is used. L regulariza-
tion reduces over-response by adding a complexity penalty to the loss function.
Instead of the coefficients wy, given by Eq. (2.7), the coefficients wy, that minimize
|wg || and [|by — bgimean —°¢ Prpcwy|| are considered here. The coefficient vector

wy, is given as
wy, = argmul)Il{ku - bk,mean —be Pk,pcwkH2 + >\||’U)k||§} (28)

where A > 0. The Euclidean norm, ||| = V& Tz, is used as the norm of a vector.

The derivative of the right hand side of Eq. (2.8) is given as

d
_{(bk - bk,mean —be Pk,pcwk>T(bk - bk,mean —be Pk,pcwk> + Awkka}

dwk
= 2P} (br — bmean) + 2" Pl Prpewy, + 22wy, (2.9)

By letting Eq. (2.9) be zero, wy, is given as

'Lbk; = (bCPT bCPk_JJC —|— )\]:)_lbcPT (bk - bk,mean)a (210)

k,pc k,pc

where I is a 4 x 4 identity matrix. If A is very large, the result penalizes all the
parameters such that they are close to zero. A should carefully be chosen. It
should be noted that wy given by Eq. (2.10) is the approximation of wy. Hence,
the boundary condition given by Eq. (2.5) may not be satisfied. The approximate

trajectories (px(t)) are given as

3
ﬁk<t> - pk,nwan(t) + Z wk,ipk,pci (t) + wk,4 (k = 1a s 7M) (211)
i=1

12
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In order to strictly satisfy the boundary condition, curve fitting is employed in
Figure 2.2:
. t—1o
pr(t) = pe(t) +a+ B, (2.12)
ty —to
a=pr(to) — pPr(to), B=pr(ty) —Drlty) —

By using Eq. (2.12), a motion is generated in real time based on principal compo-

nents.

052 T T T T
e Regularized Method
m— [jtting

0.51

0.5

0.49

0.48

0.47

0.46

0.45

0.44

0.43 : : : :
0 50 100 150 200 250

Figure 2.2: Example of curve fitting method
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Figure 2.4: Example of 2D motions generated by a proposed robust motion recon-
struction based on PCA (multi-target(f) with different methods: DMP with WLS,
DMP with GMR and GMM-GMR.
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To verify the performance of the proposed motion reconstruction method based
on PCA, S-shaped and W-shaped 2D motions, and a oo-shaped 3D motion are
demonstrated and learned.

Figures 2.3 (a), (b), (d), and (e) show the human demonstrations (dotted lines)
and trajectories generated by the proposed motion reconstruction method (solid
lines) for S-shaped and W-shaped motions, respectively. Figures 2.3 (c) and (f)
show the differences between the trajectories generated by Eq. (2.11) (dashed
line) and the trajectories modified with curve fitting (CF) given by Eq. (2.12)
(solid line). The figures also show that CF satisfactorily modifies the generated
trajectories to satisfy the boundary conditions.

Figure 2.4 shows the advantages of the proposed method as compared with
DMP generated by GMR [46] and by WLS [45]. Figures 2.4 (a) and (b) show
the trajectories reconstructed by using the proposed method (solid line), DMP
with WLS (dashed lines), DMP with GMR (dashed-dotted lines), and a Gaus-
sian mixture model (GMM)-GMR [52] (dotted lines) generated from the human
demonstrations (see Figures 2.3 (b) and (e)). As shown in Figure 2.4 (c), which is
a closeup of the area of the endpoint of the W-shaped trajectories, the trajectories
generated by using DMP with WLS and DMP with GMR reach the given tar-
get point with some small error. Since DMP is based on DSs, its performance is
controlled by appropriate stiffness and damping gains. By using DMP, the robot
can reach the target point, but it is basically difficult to avoid slight errors at the
endpoint of the generated trajectory (see Figure 2.4 (c)).

Figures 2.4 (d) and (e) clearly show the advantage of the proposed method over
the other methods. When the start and target points significantly change, only the
proposed method generates the appropriate trajectories. The other methods try to
recover to the demonstrated trajectories. Pastor et al. proposed a modified DMP
to deal with significant changes in the start and target points [46]; however, the
accuracy of positioning at the start and target points strongly depends on parame-
ters such as the stiffness and damping coefficient. As shown in Figures 2.4 (f) — (i),
the proposed method can adaptively generate trajectories according to significant

changes in the start and target points.
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Figure 2.5: Example of continuous 3D motions generated by a proposed robust

motion reconstruction based on PCA.
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Figure 2.5 shows the result of motion generation for the oo—shaped 3D motion.
In Figure 2.5 (b), the five dotted lines are the trajectories of the human demonstra-
tions, while the solid line is the generated motion. The proposed method adapts
well to changes in the start or target points even for 3D motions, as shown in
Figures 2.5 (¢) — (e).

Figure 2.6 shows the adaptability of the proposed method to a sudden change
in the target position. The original trajectory is designed so that a robot hand
reaches the target point (‘+” in Figures 2.6 (a) and (b)) in 2.0 s. In order to verify
the adaptability of the proposed method, the target position is suddenly changed
at t. = 1.0 s to ‘@’ in Figures 2.6 (a) and (b). According to the change in the target

position, the boundary condition is modified as

b = [pr(te) pi™ (ty) prlte) Di™(tr)]", (2.13)

new

where py(t.) and py(t.) are the position and velocity at ¢ = t., while pp““(¢y) and

AMEW

Dy
boundary condition by into Egs. (2.10) and (2.12), the coefficients wy, «, and S

(tf) are the position and velocity of the changed target. Substituting the new

are updated in real time. Then, a new trajectory is generated from ¢ = t. to t = t;
using Eqs. (2.11) and (2.12) implementing the updated coefficients.

The proposed motion reconstruction method based on PCA requires only the
boundary conditions, i.e., the positions and velocities at the beginning and end of
a motion. Even if the start or target positions or the motion size are significantly
different from those in the human demonstrations, the proposed method has good

adaptability to the changes, maintaining the characteristics of the demonstrations.
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Figure 3.1: Proposed Off-line Imitation Learning Framework

The generation of a movement primitives database from human demonstrations
is discussed in this section.

The proposed imitation learning framework ensures that the shape of the human
demonstration is retained. In this section, we first discuss how a humanoid robot
can imitate human motions, retaining their shape, while a cost function for robots,
such as minimizing the sum of torques, is considered.

Figure 3.1 shows the proposed off-line imitation learning process. The off-
line process is composed of four subprocesses: (1) transformation from human

motion to humanoid motion, (2) evolutionary process of movement primitives, (3)
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construction of a clustered database of principal components, and (4) PCA-based

generation of movement primitives.

3.1 Transformation from Human to Humanoid

Robot Motion

First, human demonstrations are captured by using a motion capture system.
The captured data are usually composed of a sequence of joint angles, end-point’s
position, and orientation. In the transformation of the captured human motions
into optimized robot motion data for a humanoid robot, the differences between
a human and the humanoid robot, such as the lengths of limbs and limitation of
joint angles, must be considered. Therefore, first a scaled model that has the same
dimensions as the humanoid robot is designed, as shown in Figure 3.2. Then, the
transformation from human motion to the motion of the scaled model is performed
so that errors in arm and hand postures are minimized [1] (Appendix A).

Each human demonstration may have a different completion time (i.e., different
data length). Therefore, the difference is adjusted as

T

pmod,l <Tt> = pduno,l(t)v (l = 17 R Ndemm O S t S T'l)a (31)
l

where Prod,; and Pgemo, are the modified and original augmented position trajec-
tories of the [-th demonstration, respectively, Ngemo is the number of the demon-
stration, 7} is the completion time of the /-th demonstration, and T is the average
of the completion time of the Ngemo demonstrations. Figure 3.3 shows an example
of the adjustment when Ngemo = 3. A smoothing spline is applied to the human

demonstrations to remove the noise caused by the optical motion capture system.
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3.2 Concept of Evolutionary Process of Move-

ment Primitives

The terminology of evolutionary algorithms is used here to explain the devel-
opment of movement primitives. In Figure 3.1, each iteration of the evolutionary
process is called a generation. The movement primitive corresponds to an ndi-
vidual, a set of individuals is called a parent. From the parents, a new individual
is created. The newly generated individual is iteratively modified so that a fit-

ness function is minimized (or maximized). The optimized individual is called an

offspring.

3.2.1 Parent

Each parent consists of a collection of individuals, which are defined as the
movement primitives. The initial individuals are transformed human demonstra-
tions. Therefore, the initial parent contains only the characteristics of the human

demonstrator.

3.2.2 Condition Set and Database Structure

A trajectory can be represented in Cartesian or joint space. Although both
representations are possible in the proposed framework, if a trajectory is given in
Cartesian space, the redundancy problem must be solved. In order to solve the
redundancy problem, the elbow elevation angle of an arm [11, 12] is considered.
Before starting the evolutionary process of movement primitives, the workspace
size and condition set must be determined. Usually a motion is made up of the
trajectories from the start to the target point. A condition set is composed of the

target position and elbow elevation angle.

3.2.3 Generation of New Individuals

Movement primitives (individuals) the targets of which neighbor each other

become parents to generate a new individual. First, the principal components of
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parents are computed. Then, PCA-based motion generation is applied to generate
a new individual. In the on-line PCA-based motion generation discussed in Sec-
tion 2, the first three principal components are used (see Eq. (2.11)). However,
in the generation of a new individual, the first four principal components are used
to incorporate a robot property, such as energy consumption. In Section 3.4, the

PCA-based generation of new individuals is described in detail.

3.2.4 Survivor Selection

The generated individual has to be evaluated in terms of a fitness function
specified by the user. The generated individual is iteratively modified to minimize
(or maximize) the fitness function. The optimized individual, i.e., offspring, is
compared with the previous offspring (generated in the previous generation) and
if it survives the comparison, the offspring is overwritten in the movement primitive

database.

3.2.5 Termination of the Evolutionary Process

In each generation, the average evaluation value of the fitness function is com-
puted. If the average of the current generation is worse than that of the previous
generation, it may be impossible to improve it in the next generation. Accordingly,

the evolutionary learning process is terminated.
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3.3  Details of Evolutionary Process of Move-
ment Primitives with Improved Cluster Database

Structure

Figure 3.4 shows the concept of the evolutionary process of movement primi-
tives and the improved cluster database structure. In order to explain the details
of the evolutionary process, imitation learning of a human reaching motion (Fig-
ure 3.4 (a)) is taken as an example. Suppose that the human demonstrates the
reaching motions nine times. The demonstration data are transformed into robot
motions that meet the robot properties, as described in Section 3.1. The black
dots in Figure 3.4 (a) represent the augmented target position vectors (position
and elbow elevation angle) of the robot motions transformed from those in human
reaching demonstrations.

The workspace is divided into several regions, as shown in Figure 3.4 (al). A
database associated with a region is called a cluster in this paper. At the corners
and the center of each region, condition sets (target position and elbow elevation
angle) are previously specified (Figure 3.4 (al)). A gray dot in Figure 3.4 indi-
cates that a condition set is specified; however, the movement primitive (motion
trajectory) has not yet been generated for the point.

Initially, the transformed demonstrations in Section 3.1 contribute the initial
movement primitives database, which is called the parents of the first generation.

In the first generation, a condition set (target point) is selected to generate a
movement primitive for the point. The neighboring parents within a previously
specified radius are chosen as the parents, as illustrated in Figure 3.4 (a2). If
the number of the neighboring parents is less than three, another condition set is
searched. A new movement primitive that minimizes a given fitness function is
evolved from the parents for the chosen condition set point. The generation of the
new movement primitive is discussed in detail in Section 3.4. The evolved move-
ment primitive is regarded as the offspring and as candidate parents of the next
generation (black triangle plotted in Figure 3.4 (a3)). This process is iterated for
the other condition sets, as illustrated in Figure 3.4 (a3)—(a7). Then, the offsprings

are added to the parents of the current generation. The updated parents are to
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be new parents of second generation (Figure 3.4 (b1)).

In the second generation (Figure 3.4 (b)), the learning process is completed
again for all feasible condition sets. A black dot in Figure 3.4 (b) indicates that the
point is one of the demonstration points or the condition set for which a movement
primitive was generated in the past generation. Even if a parent has already been
generated for a condition set, an offspring is generated for the condition set in the
current generation. Hence, a condition set may have two movement primitives, one
generated in the past generation (black dot, i.e., parent) and one generated in the
current generation (black triangle, i.e., offspring). The evaluation results of the two
movement primitives are compared using a cost function (in this study, minimizing
the sum of joint torque), and if the evaluation value of the offspring is lower than
that of the parent, the offspring becomes a parent in the next generation.

Through repetition of the evolutionary process, the movement primitives database
covers most of the condition sets in the workspace. Even if condition sets remain
without generating movement primitives, the evolutionary process may be termi-
nated by evaluating the average of the optimization values (Section 3.2.5).

It should be noted that only the demonstrated points have movement primitives
at the beginning of the evolutionary process (Figure 3.4 (al)). However, after the
evolutionary process, movement primitives are generated also on the specified point
that cover almost the entire workspace, as illustrated in Figure 3.4 (¢). Then, the
robot can generate human-like desired motions in the workspace that reflect both
robot and human properties.

The movement primitives the target points of which are involved in region i are
classified into cluster i, as presented in Figure 3.4 (d). As described in Section 2,
principal components and mean values are used to produce a new motion. Hence,
only the principal components and mean values are stored in the database. They
are calculated on each cluster (Figure 3.4 (d)).

Consequently, the improved cluster database structure comprises the principal
components and mean values on each cluster. This database structure has signifi-
cant advantages as compared with that presented in [7]. First, the requirements for
the demonstrations are relaxed, and hence, the number of demonstrations can be
reduced. Second, the size of the demonstrations and the database is dramatically

reduced. Third, it autonomously extends the database to cover the workspace.
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Finally, the calculation time for generating the desired motion is reduced because

of the composition of database.

3.4 Optimization-based Generation of Movement

Primitives in the Evolutionary Process

As mentioned in Section 3.3, when a condition set (target point) is selected to
generate an offspring for the point, the neighboring parents within a specified ra-
dius are chosen, as illustrated in Figure 3.4 (a2). By applying PCA to the parents,
the principal components are calculated. It should be noted that the principal
components are time-dependent. In the on-line process described in Section 2, the
first three principal components are used to produce a new motion (Eq. (2.11)),
since the four coefficients are sufficient to generate a motion satisfying the given
boundary conditions. However, the first four principal components are used to
produce a new motion (movement primitive) here to incorporate a robot property,

such as energy consumption or joint limitation. A new motion is generated as

4
pk@) = pk,mecm(t) + Z Vk,i pk,pci (t> + Vk,5 (k = 17 SR M)> (32)

i=1
where M is the dimension of the augmented position vector. 7x1,...,7k5 are

unknown scalar weighing coefficients. These five coefficients can be determined by
four boundary conditions (Eq. (2.5)) and a fitness function.
As an example of the fitness function, torque summation is considered. The

equation of motion for a robot system is represented as

M(q)G + c(q.q) + g(q) = T, (3.3)

where M(q) € R"*" is the mass matrix, c(g,q) € R" is the vector of Coriolis and
centrifugal force, and g(q) is the vector of gravitational force. The fitness function

is defined as

fladd) = [ Irad.dld. (3.9
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The following optimization problem is considered here :

1Y .
win g [ Ir(a.d.d) (35)
Y to

subject to Vhio — Oki < Vi < Vrio +0ki  1=1,2,..,5 (3.6)

where vy, ;, are initial values of the coefficients 4, and oy ; are user-defined values,
which are appropriate values for the optimization. The coefficients w), calculated
by Eq. (2.10) are used as the initial values of v ; (i = 1,...,4). x5, are set to zero.
Since the first and second principal components are dominant, oy ; and o2 must
be carefully chosen and the others are usually set to small values. By solving the
optimization problem using the analytic gradient and Hessian information [53, 54,
the coefficients are determined. When the coefficients have been determined, a new

individual is generated by Eq. (3.2).
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Figure 3.5: Humanoid robot HPR2 and 7-DOF arm structure
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Chapter 4. Case Study

4.1 Given Task

In order to verify the performance of the proposed imitation learning framework,
two cases were studied. In Case 1, a human demonstrated a reaching motion to
an object on a table 16 times (completion times are 1.9 — 2.1s), while in Case
2, the human demonstrated a reaching motion to an object on a shelf 21 times
(completion times are 1.5 —2.0s). The human demonstrations were captured by a
motion capture system. Sampling frequency was 50 Hz. The shelf was positioned
60 cm above the table. A VRML model of the 7-DOF right arm of the humanoid
robot HRP-2 (Figure 3.5) was used to imitate the human demonstration. The
captured human motions were transformed into the motions of the HRP-2 so that
they were consistent with the robot kinematics, as presented in Section 3.1. The
trajectories of the demonstrations were rearranged into trajectories of 4s (201
Frames at 50 Hz) to avoid overloading the humanoid robot. Prismatic workspaces
(Case 1: X xY :30cm x 40cm, Case 2: X XY x Z :20cm x 90 cm x 50 cm), as
illustrated in Figures 3.6 and 3.7, were considered. The workspaces were divided
into 7 regions in Case 1 and 42 regions in Case 2. The dimension of a region was
10ecm x 10ecm x 10ecm. Regions in the workspace correspond to clusters in the
database. The trajectories of the wrist position (x,y,z) and elbow elevation angle
qe were considered in these case studies. Condition sets (target wrist position
and elbow elevation angle) were specified at the corners and median point of each
region, as illustrated in Figures 3.6 and 3.7. The number of conditions sets initially
specified in Case 1 and Case 2, was 18 and 116, respectively, except for points (‘x’
in Figures 3.6 and 3.7) that were unreachable because of the joint limits or arm

length.
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4.2 Off-line Imitation Learning Process of Given

Task

In the first generation, only 16 and 21 movement primitives were transformed
from human demonstrations in Case 1 and 2, respectively. The condition sets
that had more than two neighboring movement primitives within a 10 cm radius
were searched. In the first generation, 8 condition sets in Case 1 and 17 con-
dition sets in Case 2 were found. By using Egs. (3.2) - (3.5), 8 offsprings in
Case 1 (Figures 4.1 (a) - (c)) and 17 offsprings in Case 2 (Figures 4.2 (a) - (c))
were generated as parent candidates of the next generation. As shown in Fig-
ures 4.1 (d) - (g) and 4.2 (d) - (g), the movement primitives database was updated
by the offsprings if they survived the evaluation using the fitness function (torque
summation). As a result, the fully updated and evolved movement primitives
database (Figures 4.1(g) - (i) and 4.2(g) - (i)) was obtained. The database had
34 movement primitives (18 condition sets + 16 demonstrations) in Case 1 and
137 movement primitives (116 condition sets + 21 demonstrations) in Case 2 for
which movement primitives were evolved. From the evolved movement primitives,
the principal components and mean trajectory were calculated on each cluster (7
clusters in Case 1 and 42 clusters in Case 2). Only the principal components and
mean trajectory of the clusters were stored in the database.

Figures 4.3 (a) and (b) show that the averages of the torque summation during
the motion decreased as the generations were completed. Hence, we can say that

the motions were well evolved.

4.3 On-line Motion Generation by Robust Mo-

tion Reconstruction Method in Real Time

Since movement primitives were evolved in 7 clusters in Case 1 and 42 clusters
in Case 2, the movement primitives database contained 7 and 42 sets of principal
components and mean trajectory for Case 1 and 2, respectively.

Therefore, when an arbitrary target position was given for the robot to reach,

the cluster to which the target position belonged was searched, and then, a reach-
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ing motion to the target position was generated in real time using the principal
components and mean trajectory of the cluster (Egs. (2.10), (2.11) and (2.12)).
Figures 4.4 and 4.5 show the generated motions when the target positions were
arbitrarily given.

The calculation time to generate a motion using MATLAB was 0.01s.
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Chapter 5. Conclusion

In this dissertation, an imitation learning framework based on PCA was proposed.
The proposed framework solves the over-response (radical deviation from human
demonstration) problem, which constituted a serious problem in the previous ver-
sion [5, 6, 7] of the framework, by introducing L2 regularization [51]. Further-
more, the framework relaxes the demonstration requirements, which contributes
to reducing the number of demonstrations and hence to improving efficiency in
teaching.

The main feature of the proposed imitation learning framework is that an ar-
bitrary motion is generated by a linear combination of principal components and
mean trajectory defined in a cluster that includes the over-response solution. In
the first iteration of an evolutionary process, motions are generated for specified
points (condition sets) that are close to the demonstrated points. Then, the gen-
erated motions are also used to generate new motions in the next iteration. A
generated motion for a target is iteratively updated if the newly generated motion
shows better fitness than does the old motion. In the evolutionary process, the
motion generation spreads toward the peripheral region of the workspace from the
neighborhood of the demonstrated region. From the generated motions, principal
components are computed on each cluster. When a target is arbitrarily given, a
motion is generated on-line by a linear combination of the principal components
and mean trajectory of the cluster to which the given target belongs. As afore-
mentioned, the off-line imitation learning process has two main purposes. The first
is to generate a motion for a peripheral point that is far from the demonstrated
points. The second purpose is to consider a user-defined fitness function, such as
energy consumption, joint limitations, or torque summation, as well as to imitate
the human demonstrations.

In the case study, the performance of the proposed imitation learning framework
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was validated.
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Appendix A Minimization of
errors of arm and

hand postures [1]

In order to transform the captured human motion to humanoid robot motion,
an adaptation process [1] is adopted so that the differences in the arm and hand
postures between human motion and robot motion are minimized. The method
overcomes the difference in DOF between a human and a humanoid robot. First, a
scaled model is designed using the captured human model. A general optimization
scheme is applied to the model with limits on the capacities of the joint motors
such that it can provide a solution procedure for inverse kinematics problems. The

error function to be minimized is given as

Humanoid

Figure A.1: Definition of Sepow
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Imitation Learning Framework using Principal Component Analysis for
Humanoid Robatpdenidin @endiatinivation of errors of arm and hand postures [1]

min f(Aq(t)) = Epana(Aq(t)) WEpana(Ag(t)) + Wio|[Seow (Ag(1)) > (A.1)

Agq(t)

ot () — Tt (Ag(t))
Eiana(Aq(t)) = | riiiin () — ritens (Aq(t))

oy (t) — Thvi (A (t)) (A.2)
W = diag[W; Wy ... Wy

Aq = [Aql AQ7]T

r

where Wy is a weight for the second term in Eq. (A.1). phuman(y) phuman) -and

human

Toiky (t) are the captured trajectories of the 3D position vectors of three markers

located on the wrist, thumb, and pinky of the hand, respectively. r°*%t(Aq(t)),

wrist

T (Aq(t)), and 71250t (Aq(t)) are the position vectors on the humanoid robot
corresponding to the three points of a human hand.
|| Seow (Aq(%))|| is the magnitude of the vector representing the orientation dif-

ference between the upper arm of the human and a humanoid robot (Figure A.1):

,r,human (t)T robot

2
oo (B0 = (e (Ba(0)) P (Aa(0) r (Ba(o)
el,sh
(A.3)

where

PRI(E) = () — B (), N (Ag() = 5 (Ag(t) — r (Ag()

(A.4)
pluman () and phuman(¢) are the position vectors of the elbow and shoulder of the

e
human, respectively, at time ¢, according to captured marker data. r7?"°'(Aq(t))
and rI°*°'(Aq(t)) are the position vectors of the elbow and shoulder of a humanoid

robot, respectively.
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Appendix B General Solution
of Geometric
Inverse Kinematics

Problem

In Figure B.1, where L, and L; are a length of upper and lower, R is a length
of between the wrist and shoulder for a humanoid robot. Let ¢;(i = 0,1,2,...,6)
represent the joint angles of arm(shoulder pitch, roll, yaw, elbow pitch, yaw, wrist
pitch, roll, yaw) for a humanoid robot and a elbow elevator angle (EEA), a hand

and wrist position are known for a target. The qg, ¢; and g3 are obtained as :

g3 =m—cos ' (W) (B.1)
cos™! EfEJiEQ) if £,<0,E,>0
go=4{ —cos? ( _52 2) elseif £, <0,E, <0 (B.2)
cos™1 <\/;E;—’f+ Z else
@ =sin"’ (f—i) (B.3)

2 is easly obtained by the foward kinematics(q = [qo, ¢1,0, ¢3,0,0,0]) of arm.
q4, g5 and gg are determined by the inverse kinematics solution (qo, ¢1, g2, g3, hand

position and orientation) according to an object .
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S(shoulder)

Figure B.1: The definition of elbow elevation angle and Inverse kinematics problem
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