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Objectives

Introduction to:
= Gaussian Mixture Models (GMM)
= Gaussian Mixture Regression (GMR)

Lyapunov Stability

Stable Estimator of Dynamical Systems (SEDS)

Usage of these concepts for a Minigolf-Robot
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Capabilities of the whole model

= Hit the ball and put it in

= Reproduction of demonstrated hitting motions
= Estimate a successfull speed and direction

= Rotation and scaling of the hitting motion

= Robust against perturbations
= |nitial golf club position
= linitial ball position
= Deviations during the execution of the shot
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Video: Teaching robot how to swing a golf club

Gl

Learning to Sink a Ball in Minigolf:
A Dynamical Systems-based Approach

Part 1
Submitted to
The Journal of "Advanced Robotics", Special Issue on IROS 2011
S.M. Khansari-Zadeh, Klas Kronander, and Aude Billard

LASA Laboratory - EPFL
CH-1015 Lausanne

http:/Aasa.epfl.ch/

www.youtube.com/watch?v=hHg7QmuxTIw

UH

i

L Universitit Hamburg
DER FORSCI LEHRE | DER BILDUNG

RSCHUNG | DER


https://www.youtube.com/watch?v=hHq7QmuxTIw

SEDS

250

200

150+

Y 100

S0

Streamlines of the model




Introduction SEDS

Reproductions ‘ Spurious Atiraciors
(b) LWPR

------- Demaonsirations
(a) GMR

= Dynamical System (DS)

Multidimensional Kinematic Variable:

é . f ( £) e.g. End-effector position/orientation,
joint angles

= Challenge

(d) SEDS

= Finding a model of a globally
asymptotically stable DS

////'“«\

I

= With few demonstrations
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Demonstration Data

Demonstration Data
(4 demonstrations)
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Each point describes its coordinates and velocities.
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Multivariate Gaussian Distribution |

le—-4

o

100

Examples of Multivariate Gaussians
K-Means Initialization (left), SEDS (right)
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Multivariate Gaussian Distribution Il

Probability Density Function (PDF):

N(Et,nj éﬂ,n; Qk) _ | |
\/ 1 _ ﬁ_%{[&-t,njgt,n]_ﬁk)'f'{zk)—l{[Et,ﬂjgt,n]_ﬂlk)
(2m)2e[X¢]

2d components (d coordinates + d time derivatives)

Parameters:
#Er Ek:
9’*:{;1*’,“‘“,2’“} ’ Hk: i ? Ek: f
He Ve

Weight parameter for the GMM (not used at this point)
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Gaussian Mixture Model

Weight of cluster k:
P(k) = k

Conditional PDF (k-th Cluster PDF):

P(ehm, €m k) = N(g, €6m; b, 3

Probability Density Function of the GMM:

K
p{£t1-r:, ] éf._,n; H} _ Z -p{k)-p(gi,nj é—t1-rr,|k} {
k=1
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Gaussian Mixture Regression |

Gaussian Mixture Regression (GMR):

K

PE)YPEIR) ok sk (k) k
=3 DS 0+ B () (€ )

Simplification through substitution:

r Ak k ky—1
AF =3k ()

: - K bﬁc _ .k AF; k
E=F(&) =) hF@E)(AR¢+bF) 7 T H
= hE(£) = —PHIPELR)
| >0 PUE)P(E]i)

Ut non-linear linear
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Gaussian Mixture Regression Il

Visualization of a 1-D Model with three gaussians

h*(€)
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Finding Parameters for the GMM

= The usual algorithm (Expectation-Maximization) should not be used
because:

= Doesn't ensure globally asymptotically stability.
= Minimizing the log likelihood might not be optimal.

= Solution
= Adding constraints to ensure stability.
= Allow various goals for optimization:
= Mean Square Error
= Log-Likelihood
= Direction Deviation
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Lyapunov Stability Theorem

Lyapunov Function: V(¢) : Rf - R

V() >0 VEeR?,  E£#£E
V() <o VEERY,  £#£E
V() =0, V() =o.
il
T oo
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Lyapunov Function

VEe) = 7€) (€~ €)

dV  dV d¢
V(e)=— - T a
df((g e (€ —¢)) €

= (€-&)"¢
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— is a Lyapunov Function with:

- - F:

£=F&) =) n*(©)(A¢+ ")
k=1

and constraints:

bk‘ — —Aké‘*
Ak 4 (AR)T <0

VE=1...

negative definite
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Optimization Goals

N T

mm J(0) = —= Z Z log P([&""; £7)|6)
n=1 t=(0
)\
Maximizing the likelihood
n
1111[1 J(0) = ctin £hn|
n 1 t=0
J
N\|n|m|2|ng the MSE
N i t ﬁ fﬂ
mm J(0 Z Z E f(€7:6)

1 G 9)||

Y
Minimizing the angle between
demonstrations and estimation

b — — Aker
AR 4 (AR
— YF =0
0<nk <1

leﬂ'_

UH
i
a3 Universitit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

Stability Constraints

Veel...K

Constraints of the
Gaussians

18



Example Trajectory Reproduction

Streamlines of the model Trajectory reproduction
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Example Velocity Reproduction

Demonstration/Reproduction Demonstration/Velocity Predictions
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Robot Control Loop

Perturbations
Inner Loop
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Video: Introduction to SEDS
(il

A brief overview of

SEDS Framework

Seyed Mohammad Khansari-Zadeh
Aude Billard

January 2013

https://www.youtube.com/watch?v=gc5 as8gxBl
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Getting a Target Field from SEDS |

Picture: Khansari et al.
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Getting a Target Field from SEDS Il

= Getting a normalized field of motion to reach the target with a
non-zero velocity:

h(z; Q) S(z:0) Vr € R*\z*

I (;0)]

hiz;8) = lim h(z;8)

TE—rE*

= The vector field h(x;8) conserves the convergence of the SEDS
flow but induces a flow of constant speed.
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Modified SEDS

= Modification of the SEDS for trajectories with non-zero velocities
at the target point:

x = fp(x) =v(x)h(x)

ST

Target Field/

Strength Factor velocity vector with constant speed
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Modified SEDS Optimization Problem

ph+ Bk (BE) M2t — pk) =0
A . Xk (BE) 4 (2E)(zE)T <0
= = ii’ﬂ') ii’n(ﬂ]
min J(9) — wtn E) d _srso vk e 1.K
6 é L &5 [[|5 (6)
0<ak <]
- K .
% = {7F pk, EF} and 0 = {0'..6%} Lk:l Trk =1

The optimization problem minimizes the angle between the demonstrations ("™ )
and estimations (z""(8) = f(=*";0)) as before but with weights (w*") :

w"™ ,I—rn(wu wr) + wi point matters the most in

w, - weight of the last data point / Minigolf.
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Target Field

The learned GMR parameters can now be used to estimate the
target direction at varying positions:

K
F(@:0) = Y n(@;0) (s + Bho(B) (@ — k) with W (a:0) =

k=1
|

TN (x; 0F)

SR TN (z; 67)

J

Ve € R*\z*

Normalized Streamlines
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Strength Factor

The strength factor »(z):R? —» R is a positive scalar and defines the
intensity / velocity of a motion which the robot should follow.

An estimate of the strength factor can be learned from
demonstrations through various regression techniques like GMR
with regard to v(=2) > 0.

Kgp

Eg GMR: ?J(:I:) Z "?%F{T) (f‘g‘F',v I EgF‘,ﬂm{Ef&‘F‘,m}_l(m F"':E;F‘,:n))
k=1
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Control of Hitting Direction

= Default hitting speed and direction are given through the
demonstrations.

= To change the hitting direction and hitting speed, proceed as

follows:

3. Define the hitting speed with gain «.
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=K Ry fn(R.x;0) = k R, v(R.x) h(R. z;0)

r

1. Transform the input to the desired
| reference frame.

2. Transform the result back
to the desired hitting direction
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Hitting Trajectories

Ball ® Starting point

Hitting
Parameters
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Hitting Parameters

= The goal is to find good hitting parameters for varying situations.

= Hitting parameters:

I @ Bal e starting point —— Original motion —— Adapted motion to perturbation

= Hitting speed

= Hitting direction

= Situation:
= Ball position

= Goal position

Picture: Khansari et al.
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Training Data

Training Data
- Situation (S)
- Angle (o)
- Gain (x)
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{S, a5} ={s™, 9a(s™) + ca, gr(s™) + €xtm=r

~—

Function that maps Function that maps
the situationto a the situationto a
successful angle successful speed

Hitting speed (m/s)

Pictures: Khansari et al.
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Hitting Parameters Prediction with GMR

1. The parameters can be optimized to maximize the likelihood of
the training set (e.g. Expectation-Maximization Algorithm).

2. Finding hitting parameters for unseen inputs with GMR:

Kup
~l kY k k k k -1 k
g(s*) = E hup(S) (BEPar + ZHPars(EHps) (S —BEp))
k=1
Prediction of successful Non-linear part
hitting parameters (as on previous slides)
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Comparison of GMR and Gaussian Process Regression

Situation | Method Attempts | Successful | Ratio
Flat field | GMR 10 9 90%
GPR 10 10 100%
Multihill GMR 10 8 80%
field GPR 10 8 80%
Arctan GMR 30 24 80%
field (sim) | gpr 30 28 93%

a3 Universitit Hamburg
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Adopted from Khansari et al.
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(d) Braking
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(b) Hitting motion

(¢) Braking

(f) Idle

Picture: Khansari et al.
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Training

Training (offline) SEDS

Learning the target
field h(x; 6)

. Solving the constrained |
Demonstrations of the ! optimization problem |
hitting motion . 1

factor v(a)

_______________ 1
I

| Using the GMM modeling
' that is learned via EM |

________________

o —

Training data set of the Leam’_ng the mapping
hitting parameters function g(s) using
either GMM or GP
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Execution

Execution (realtime)

between ball and the hole

a°: Current position
of the end-effector

ts‘ : Current relative d.istanceJ

i [U(Rga:c)] [h(Rg‘wc;O)] E

&°; Velocity command to
the robot

UH GRestny .
Universitit Hamburg Picture: Khansari et al.
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Workflow

Training (offline)

Execution (realtime)

Learning the target
field h(x; 6)

| Solving the constrained |
Demonstrations of the ' optimization oroblem |
1
hitting motion I 1
Learning the strength
factor v(x)

@“: Current position

8 : Current relative distance
of the end-effector

between ball and the hole

Learning the mapping
function g(s) using
either GMM or GP

Training data set of the
hitting parameters

& Velocity command to
the robot
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Video: Robot playing mini golf on challenging fields
Ll

Learning to Sink a Ball in Minigolf:
A Dynamical Systems-based Approach

Part 2
Submitted to
The Journal of "Advanced Robotics", Special Issue on IROS 2011
S.M. Khansari-Zadeh, Klas Kronander, and Aude Billard
LASA Laboratory - EPFL

CH-1015 Lausanne
http:/lasa.epfl.ch/

https://www.youtube.com/watch?v=agGZ8itP830
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Ball e Starting points

Hitting Trajectories
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Picture: Khansari et al.
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Conclusion

= The task to learn Mini Golf can be separated into two subtasks:

1. To learn how to hit the ball.
2. To learn successful hitting angles and hitting speeds.

= The modified SEDS is a powerful tool for the first task:
= Changes to the start position are easy to implement.

= The effects of disturbances when swinging the club are
dampened.
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Integration into the
Minigolf Project

Picture: www.mybotshop.de
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Current State

Simulated
demonstrations
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Simulation of the trajectory
with the SEDS Model
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Todo

= Building a workflow to achieve the suggested velocities from the
SEDS on the robot.

= |nverse Kinematics
= Collision Detection

= Optional (might be necessary to achieve high velocities):
= Building a model to estimate good start positions
= Building a model to estimate a good acceleration profile
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Discussion
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