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LI2- 2

Class logistics

Exercise 3 hand out today!
Due: Tue. May 26 - 18.00

Interviews: Thu/Fri. May 28/29
https://ethz.doodle.com/bsi/gvkycvrmht6ét

Buchli - OLCAR - 2015 Zuirich
Tuesday 12 May 15
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LI | Recap

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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Forward diffusion /
sampling

Importance sampling

Function approximation

Buchli - OLCAR - 2015 Zuirich
Tuesday 12 May 15
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Linear Markov Decision Process

Three conditions on the optimal control problem:

1) Quadratic control cost

J=F {(I)(x(ff)) + /tf q(t,x) + %uTRu dt}

to

2) Control affine system

dx = f(t,x)dt + g(t,. x) (udt + dw) . dw ~ N (0, Xdt)
x =f(t,x) +glt.x) (u+2), e~ N(0.%)

3) RX = Al

S ADRL
Buchli - OLCAR - 2015 Zlirich

Tuesday 12 May 15
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Linear Markov Decision Process (cnt)
‘/‘ nonlinear PDE ‘

| 1 A
—0V* =g - JNGVEBVVE + VIV f + DTV, V' E

lV*(t.x) = —\log W(t,x)

_ A
—UflIf = —%(j’qj -+ fTV.I_lIf + §TI[EVII‘~D]

. 1 A
W(ts.X) = exp (1(1)(;;)) ‘ Final Value problem ‘
e oSl — \T ‘ The effective Covariance ‘
~“y ADRL
- _p
TS Buchli - OLCAR - 2015 m Ziirich
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Path Integral

N-1
xy)+ X qltex(t:))dt
1=0

_1 (I:-(
U(s,y)= /]Pw(’f' | 5,y) e A( ) dx(t1)...dx(tN—1)dxn

Equivalently
—+ (cIn(x(tN))—i—Nil Q(ti-.X(tiﬂdf)
111(_5-_ y) =FE. e i=0

. {ei({I}(x(ff))Jrf:Of q(t.x) dt) }

Samples can be generated by

dx = f(t,x)dt + g(t,x)dw, dw ~ N (0,Xdt), x(t=s)=y

WLy ETH
Buchli - OLCAR - 2015 Ziirich

Tuesday 12 May 15
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Closer look at Path Integral
formula

® For calculating the Desirability function at
each point

_1($ x(t tf i
lI"(S,y): ETM {O ;\(I( (ff))—kfto q(t.x) dt)}

dx = f(t.x)dt + g(t,x)dw, dw ~ N (0. Xdt), x(t=35)=y

1) Forward simulate the uncontrolled system
from (s,y)up toty
2) Integrate the cost over the generated path

Y

£
geA PR ETH::
/ Buchli - OLCAR - 2015 Ztirich
sday 12

Tue

May 15
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Path Integral: Optimal Control

® Using the white noise formulation &= dd";'

I =

ZLADRL

= Buchli - OLCAR - 2015 E ' H Ziirich
Tuesday 12 May 15




Example: Naive sampling

M) -0+C(6,0) =T
§=M@)™ - (~C(6,6) + T)

Symbol | Value Unit
mi 1.4 Kg
m2 1 Kg

81 0.11 m
89 0.16 m
I 0.3 Kg m*
I 0.33 Kg m?
l 0.025 m
l2 0.045 m

Path integral SOC

01
02

requires sampling of
passive dynamics with

gaussian mean-free noise

@DRL

M(#) =

C(0,0)

dl

Compare to affine

control assumption - (I)(CE) '} G(:B) -

Bucl

0.3

dy + 2d; cos(62)
ds + d» COS(BQ)

( —0, (20'l + 0'2)

0F

11 -+ 12 -+ 7!121?,

( - M(

2
b
6)-1.C

ds + d2 cos(62) )(37)

ds

) d2 Sill(gg)

d2 = mglls'z,

(38)

(13 = 12
(39)

\
\

LI2-10

(br026:62) 7 = (n7)

) eo-(.
(6,6)

- - - - -----J-

0.35

Tuesday 12 May 15



LI12-11
Optimum
better than
any
sampled
path

Lll
0.5 1

Cost to go [arbitrary units)

(S

Improved sampling...!

i.d. - controller

7t = M) - (0 + &) + C(6, 9)

S

—
o

numer of path-samples
&

M@#)-6+C(0,0) =1y

plant dynamics

o2

1.5

0.3
Sample in
acceleration space,
use inverse dynamics
controllers to find

torques:

0, [rad]

.. still not very efficient (curse of o, faq]
dimensionality still strikes, needle in a

éﬁ ADRL haystack!)
Buchli - OLCAR - 2013 E'H Zurich

Tuesday 12 May 15
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Path Integral: issues (1)

® Inefficient sampling

035
6, fad)

—l X t‘f X .
) . x(‘i’( (t£))+ ey alt, )dt) ‘ Soft Max
u (S‘ yj: ET’HC < € >

B, {el( )+ a(tx) dt)}

/

It just has significant value for near optimal solution

What are the chances to hit the optimal solution by a

random walk® _
Importance Sampling

|
——
e

]k_
STADRL
/ Buchli - OLCAR - 2015 Ztirich

Tuesday 12 May 15
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Path Integral: issues (2)

® Point-wise estimation of the optimal controls

e—%(( (tr) —I—It q(t.x) df)

b {ei(l( (ts) +th (t.x) « ft)}
\

The optimal control is estimated independently for each
point

/

Does the optimal control change drastically from one

Ao ponttothe ofher?  Function Approximation

Buchli - OLCAR - 2015 Ztirich

Tuesday 12 May 15
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Reward weighting

¢

3 (s fi] aten a)

E {e—;{: (@(x(t;))-%—f:of q(t,x) dt)}

(Sy) ETC<€

\

* (<1><x<tf>>+ffof a(t,x) dt)

{ei (d><x<tf>>+ffof a(t,x) dt) }

a(Tye; S, y) =

D

Tuc

xR(7;8,y)
0; = 920+argmm / e{ R }IITzT(s,y)AOi — |5 Pr.(7 | 5,y)p(s,y)drdyds
Tc, e 7';3,)’

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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EOF Recap

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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L12

;E ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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Lecture |12 Goals

% Policy Improvement with Path Integrals - PI2
% Combination of optimal and learning control

;E ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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General Path Integral Algorithm

Importance Sampling
Goal: Sample more efficiently
Update sampling distribution to account what is already
known about good solutions
Use current estimate of optimal controls for sampling

Function approximation
Goal: Reduce complexity by generalizing
Function approximation reduces open parameters
Each parameter covers a neighborhood

;E ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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Algorithm 8 General Path Integral Algorithm

given

The cost functlon
J = ®(x(ts)) + [ (q(t,x) + ju’Ru) dt

A PDF defmmg the quality of approxlmatlon of optimal control at each time-state pair: p(¢,x)
An initial policy and a Linear Model: u(t,x) = [u;(¢,x)] = [ X7 (¢ x)Oz])

repeat function approximation
(a) Randomly choose a time-state pair from p(t,x): (s,y)
(b) Forward simulate the controlled system for K different rollouts: {77 }X_ 1) sampling repeatedly
- x=f(t,x) +g(t,x) (u+e)

» u(t, x) = [TT(t x)0;], € ~N(0,%) )((t = 5) = using current estimate of opt. control to sample
(c) Calculate the return for each rollout: (R"},c 1
R(r;8,y) = <I>(x t5))+ [ (q(t,x) + 2uTRu) dt + [/ u"Rdw

(d) Calculate {a*}i,

a“(s,y) = _ 1ok _Lpi weighting by reward
( y) = =P R )/ Eexp( ) reward weighted regression

( (e) Solve the followmg Imear regressnon problem for each control input i:

A@; = argmin Z || X (s,y)A0; — 5 (s)||3
, k=1
(f) Update the parameter vector for each control input i:

0; «— 0; + wA8;
until convergence

ADRL
Buchli - OLCAR - 2015 E'H Zuirich

Tuesday 12 May 15
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Policy improvement
with Path Integrals - PI?

In contrast ot the General Path Integral Algorithm, PI2 assumes that samples are extracted
over the entire time horizon, not only for a single time step. Therefore the regression problem

should be over different time steps as well as the rollout batch.

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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PI? w. time dependent policy

u;(t) = X1 (t)6;

Y() = [Tn(t)yx1 = e © - ]
» N x1

geh ot ” ETH
Buchli - OLCAR - 2015 Zuirich
Tuesday 12 May 15
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PI2 Assumptions

1. The weighting function of MSE, p(¢,x), is assumed to be the probability distribution of the
state under the latest estimation of the optimal control. Therefore the rollout trajectory’s
states are considered to be extracted form p(t, x).

2. The return function, R(7;s,y), won't be a function of state, if the system has been initialized
from a similar initial condition. An immediate result of this assumption is that a*(s,y) is only
a function of time i.e. o(s). Therefore for a batch of trajectories extracted form a similar
initial condition, o*(s) can be estimated for each time step by the following
a®(s) = i‘p(_%Rk(s)) (3.60)
%JZI exp(—xRi(s))

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15



PI2 Assumptions (conq)

3. The basis function vector for all the control inputs is the same. Hence we will drop the 7
subscription of the basis function as [u;(t)] = [X7(t)8,].

4. Instead of adding noise to the control input, the noise is added directly to the parameter vector.
Therefore the input noise will be as €; = Y(t)e;, where €; is the noise that is added to the
parameter vector of the ith control input.

5. The PI2 regression problem should be modified as follows

tf K
AB; = argmin Y Y o||XT (s)A0; — 5 (s)|3

s=tg k=1

In contrast ot the General Path Integral Algorithm, PI2 assumes that samples are extracted

over the entire time horizon, not only for a single time step. Therefore the regression problem

L12-23

should be over different time steps as well as the rollout batch.
% Buchli - OLCAR - 2015 E I ziich

Tuesday 12 May 15
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PI? - Regression step

In order to solve this regression problem, PI2 breaks it into two separate optimizations. This
method finds the optimal solution as long as we can assume the regression error has a zero mean
over the samples. In this method first the optimization is solved for each time step separately.
Therefore the first optimization will find a time-dependent parameter vector increment that
has the minimum error over the rollouts at each time step. Finally in the second optimization,

we will find a parameter vector increment that approximates the time-dependent one.

|) min. error at each time step

The first optimization is defined as follows for each time step s

K
AG; (s) = argmin ) _a*(s)[| Y7 (s)A0; — €] (3|13
k=1

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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Pl - Regression step

(cont’d)

The first optimization is defined as follows for each time step s

AB}(s) = argmin Z oF(3)|| YT (s)AB; — ¥ (s)||3

& Yy(s)
AOHs) = S k() i) k(o)

;::1 T?(S)Tz(s)
AB3(5) = 3 () THOTECE)

2T (yrs(s)

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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PI? - Regression step
(cont’d)

2) parameter vect. increment approximating time
dependent update

The second optimization for finding the optimal A@; is defined in equation (3.65). The index

n refers to the nth element of the vector A@; = [A6],]

Ly
Af;,, = argmin Y ~ (A6; , — A6}, (5))*Tn(s) (3.65)
Abin gz

T, (t) is the nth element of the basis function vector Y (%)

Zf: AB7,(s)Th(s)

=10

tf
Z Tr(s)
;,ﬁ ADRL t=to
Buchli - OLCAR - 2015 E'H Zurich

AG; =

Tuesday 12 May 15
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gi ABS ()T (s)

NG}, =

Ly
> Tn(s)

t=to

Compact notation: Use element-wise multiplication
replace sum w. integral

AB; = /AG* )o X (s)d //T

where o and -/ are element-wise multiplication and division.

;E ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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Algorithm 9 PI2 Algorithm for time-dependent policy
given
The cost function:
J = ®(x(ts)) + ftto’ (g(t,x) + 3u”Ru) dt
A Linear Model for function approximation: u(t) = [u;(t)] = [XT(¢)6;]
Initialize [@;] with a sophisticated guess
Initialize exploration noise standard deviation: ¢
repeat
Create K rollouts of the system with the perturbated parameter [6;] + [€;], € ~ N(0,c%I)
for the ith control input do
for each time, s do
Calculate the Return from starting time s for the kth rollout:
R(7%(s)) = ®(x(ts)) + [ (q(t,x) + uTRu) dt
Calculate a from starting time s for the kth rollout:

= 1 .
ak(S) = CXp(—éR(TA(S)))/Z Cxp(—ﬁ'—x“f(-rk(S)))

time dependent parameter increment

Calculate the time varying parameter increment A8;(s):
K Y(s)Y”
- AB;(s) = Z/.:lOfk(s)—sr)—(—)T s(s)T(;) € (s)
end for

Time-averaging the parameter vector
time averaging of increment

AB; = (tfao,-(s) o T(s)ds) -/_t[(T(s)ds

end for
- Decrease ¢ for noise annealing
until maximum number of iterations

ADRL
Buchli - OLCAR - 2015 E'H Zurich

Tuesday 12 May 15
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Simple example

Assume position PID

controller in each joint
T = — K, (¢ — Gi.des) — Ka.i(Gi — Gides)

11 Parametrize learning problem via
reference trajectories

qd2
Gaes.i(t) = X ()" 0,

;E ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday 12 May 15



[Theodorou et al, 2010]

L12 -30

y [m]

2 DOF ” —

9000000 |~
- 8000000 -
7000000
b) -0.4 ' ' ' ' ! ' ' ' ' ' ' 6000000 -
0 05 1 § o
X [m] 4000000

3000000

2000000 - L1

1000000

a) o g-‘:‘ﬁ-w
i F e 8 g8

Number of Roll-Outs
Buchli - OLCAR - 2013 Zurich

Tuesday 12 May 15



[Theodorou et al, 2010]

Cost

10000000 -

S
—

Number of Roll-Outs

10(
15(

9000000 3

8000000 s

7000000 -

6000000 -
5000000 -

4000000

3000000 -

2000000 -
1000000 -

C) o

-~—

10000000

Number of Roll-Outs 5

Number ot Holl-Uuts

9000000 4
8000000 -

7000000 4

6000000 -

5000000 -

Cost

4000000
3000000 -
2000000 -
1000000 -

Initial
Pl2

REINFORCE

PG

NAC

e) o-

-~—

™ YT T

Q 8 (=]
-

e 8

e

Number of Roll-Outs

0.6

Z AL

LI12 -31

ADRL

ETH i

Buchli - OLCAR - 2013

Tuesday 12 May 15



[Buchli et al, 201 1] L12-32

Learning Feedback
Gains with PI2

Consider system with tracking controller
x = f(t,x) + g(¢,x)u
u = KT(t)(X = Xref)

x = f(t,x) + g(t,x)(x — Xrer) K(t)

Treat gains K as controls - use PI2 for time indexed
policies

Buchli - OLCAR - 2015 Zuirich
Tuesday 12 May 15
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Learning variable
impedance control

Application of gain learning to rigid body
dynamics / Torque controlled robots

Buchli - OLCAR - 2013 Zuirich
Tuesday 12 May 15




:,E  Position control
only kinematic model

High Gain PD Ct{q s high gains / ‘stiff’
performsspoorly‘on= e
<" low gains / ‘soft’

Torque control
+ dynamics model

tochastlc t"erra

7=

- . HyQ Robot: reactive rough temZ@rngwallkan'g

.

=

Tuesday 12 May 15
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Why!

Consider a robot with arms and legs:
* Low gains help to make the robot more

robust in unknown surroundings

* Reduce energy consumption
* But position tracking is reduced

Thus, try to chose appropriate gain for the
given situation. The requirements changes
over time. Need a gain schedule.

%E ADRL
Buchli - OLCAR - 2013 E'H Zirich

Tuesday 12 May 15



Model of a simple robot

Measurements: Joint angles: ¢ = | ¢
43 ]
Actuation: joint torques T=| T

Governing physics:
Rigid body dynamlcs ’

Mi+ C(q,q) + G(q /.\

System states:

Controls/mputs/actlons:
g = f(x)+ G(z)u = \

A
4

Tuesday 12 May 15
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General control structure

Planner

--------------------------------------

1 controller

%DRL

r | Feedforward|%f fX i, —Y— =
> —(+ 7 Plant >

__,| controller

e| Feedback | ufs :

. Distu rbance‘

Observer g

Buchli - OLCAR - 2015 - LI

ETH i

Tuesday 12 May 15
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Torque controlled robot -
Control diagram

0} 0

Y

Inverse
Dynamics

T

0

Fl T [
Position
9 ;— controller|T

ref 10

Robot
dynamic

J

b

Buchli - OLCAR - 2013

ETH i
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Impedance control

0y 6,
ref Inverse
Dynamics ’
. 0
T
_,| Position ref Torque U | Hydraulic T»[ g f\zmtcs]g_,
9 ;- controller|T - controller dynamics y
ref 0 /b T
T xp,xp,P

Compare to LOQR control structure:

T = —Kp(q — q2) —Kp(q — qq4) + 1y

units?

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday 12 May 15



Torque controlled legged robots

0., . =
ref ® ig Y ‘ “
‘ Y Tﬁ”l - R = ‘
/ ?_) . .
be \ ’ .

-]
0) ROPOL: re S gle

Torque control

@ DRL + dynamics model

e
AJ“’W“"




Optimal Impedance Control

% Ufb i Disturbance]

u I v

Planner

u(t) = u*(t?+ Au*(t)

=w*(£) = C(O[x(r) —x*(1)]

Principle of optimality: Time varying stiffness - K t) —

fnsvvalkan

Tuesday 12 May 15
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Virtual compliance

Buchli - OLCAR - 2015 Zuirich
Tuesday 12 May 15




W

gy

Active springs!

- ADVR

Tuesday 12 May 15



. . . W
Virtual nonlinear springs

r=J'F

400

wW
-
o

—h
-
o

Spring Force | N
N
-
)

0 | 0.1 0.2
Spring Displacement [m)]

@ DRL
ETH :icich

Tuesday 12 May 15



Active vs passive complianc¥

Active Compliance for highly-dynamic legged locomotion

Thiago Boaventura, Gustavo A. Medrano-Cerda, Ioannis Havoutis,
Claudio Semini, Jonas Buchli, Darwin G. Caldwell

ETH

ICRA 2013

Controller: [Boaventura, ICRA 2012]

ADRL MOOONICSe S E'H Ziirich

rR"" ".

Tuesday 12 May 15



Active vs passive complianc¥

N
-
-
-

500~

o

Ground reaction force [N]
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é,ﬁ ADRL
Buchli - OLCAR - 2015 E'H Zirich

Tuesday 12 May 15



Inverse dynamics . mmr L

Position control
only kinematic model

M(q)g + h(q,q) = S" 7+ J&(q)A

0} 0

y

Inverse
Dynamics

Position
0 - controller | T e
)

SA,

Torque control
+ dynamics model

Tuesday 12 May 15
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Parametrization

T(t)T

Positi | : :
refes,.'ef;: Xp(t) = ' Spring resting length
Spring
Damper
|
oo, ;
\ i

N osition B A " —>
;— controller|T y

ref |0 fo

@DRL

Tuesday 12 May 15
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Via-point task

Iy = Wgain ZK;’J + Wacc“i“ 5 ina—pointC( t)
I

/" \‘don’t wiggle %much’

‘keep gains low / stay soft!

go through given joint angles at
given times:

C(t)=6(t—0.4)-| gsr(?)+0.2 |
+4(¢ — 0.8) -| gspe(?) —0.4 |
+46(t—1.2)- qEB(t) —1.5 |

Buchli - OLCAR - 2013 m Zlirich

Tuesday 12 May 15



Gain scheduling

3 DOF - Phantom robot

o o
N —

joint angle (rad)
o
w

joint SR

Y% 04 o8 12
time (s)

1.6

2.0

0.8t

0.2
10

joint SFE

joint SFE

0.4

0.8 12
time (s)

joint EB
1.5¢
1.4
10
joint EB
8t

%0 07 o8 12 18 20

time (s) F !

[Buchli et al, RSS 2010]

E'H Zuirich

Tuesday 12 May 15



[Buchli et al, RSS 2010]

15 ' ' 60

G . .
al n S C o ! joint GA5 50 ! joint GA4

X : :

c 1 H

‘s 10 ; ‘® 40 —max. gain—

2 : :

i 30 i
6DOF - Kuka | ; ST

; 201 update 30°%

" -supdate 100?%

06 08 1.0

gain Kp

joint GA3

end-effector position (m)

1.0

B W N W Zurich

ADRL

Tuesday 12 May 15



Goal: Open door as
far as possible and use
lowest amount of
| effort

Total cost
===« Cost due to gains

—
o@

trajectory cost of test trial

|
-

-
o
™

!

I-.
“
! “en,

y
| 0...--n-..n.....-.--.Q'.l.-

0 10 20 30 #updates 60 70 80 90 100
0 50 100 150 #roll-outs 300 350 400 450 500

3 ' -
i = % B K;D,t bt = 10%- (Ymaz — %)

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday 12 May 15



ADRL

#updates: () — —m- ) === ] () () w—

SFE = shoulder ﬂéxor/exte;\sor
50 } SAA = shoulder abductor/adductor -
4 SFE EB = elbow flexor/exteRsor
_ ;’i 40 | .
B 0.5 = SKE
P S 30
S HR
S S EB
% 0 EB 'g 20 | 2}
= WFE o
Q.
WAA j0l |
_— WR
05 ‘ . l . SAA o , . . .
0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1
time (s) time (s)

Fig. 4. Learned joint angle trajectories (center) and gain schedules (right)
of the CBi arm after 0/6/100 updates. The gain schedules of only three
joints have been depicted for sake of clarity.

Buchli - OLCAR - 2013 m Zlirich
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10
i % [ Parameters Ann. rate
B0F- - s e S 7N 8h . — GaMER A =0.7 0.997/p. |
. L . . . \ -= CMA-ES pu=>5 CMA
6k
Z
O
— 4t
- - Initial
—— Learned
21
5.5cm 55cm
0 20 40 60 80 100 120
> ° Hop Number7 ; No. of Rollout
~~
=
g - d
£100-  1stTD  1stTO — P-gain ) 91
% T D-gain
= 80
.y
[av]
30
a, 60

1.5 - | -

“ . \ | 3

#~.— 4 \\. y 2

1.3} H_Sth/ NERE:

?n-—“—; = reference \ €

1.1f 5 t “ E

o’ w . measured | &

09. =
0% 25% 50% 75% 100% h

gait cvcle
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[Farshidian, Neunert, Buchli, 2014]

PI? - General Algorithm

Pl2 for state feedback control

‘feedforward’

ui(t,x) = grand sum [Y'(Z,x) o 6;]

Y(t,x) = Y(t) [

‘state-feedback’

N x (14dim [x])

0; isa N x(1+4dim [x]) parameter matrix for ith control input approximation

Y (t,x) basis function matrix N x(1+4dim [x])

Policy nonlinear in time, linear in states

L12 - 57

;5 ADRL
Buchli - OLCAR - 2015 E'H Zurich
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L12 - 58

Algorithm 10 General PI2 Algorithm
given
The cost function: : :
J = ®(x(tg)) + f’ (q(t.x) + LuTRu) dt general policy: parameter matrix
[ A Linear Model for function approximation: u(t,x) = [u:(t, x)] = [grand sum [Y (¢, x) 09,-]])
“Initialize {6;} with a sophisticated guess
Initialize exploration noise standard deviation: ¢
repeat
Create K rollouts of the system with the perturbated parameter {6;}+{€;}, {€i;} ~ N(0,c%I)
for the ith control input do
for each time, s do
Calculate the Return from starting time s for the kth rollout:
R(*(s)) = ®(x(ty) + [;* (q(t, %) + ju"Ru) dt
Calculate o from starting time s for the kth rollout:

ak(s) = cxp(—iR(‘rk(s)))/Z cxp(—}\R(‘r"(s)))
Calculate the time varying parameter increment A@;(s):
K Y(s)Y7(s
ABi(s) = iy oF(s) Ty €5 (s)
end for

for the jth column of A8; matrix, A8, ; do )
Time-averaging the parameter vector

Lf Ly
AO,-J- = (tf AO,-‘,-(S) o T(s)ds) . /tf T(.s)ds

end for Y,
Update parameter vector for control input %, 6;:
0; «+ 0; +wA0;
end for
- Decrease ¢ for noise annealing
until maximum number of iterations
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Combining optimal and
learning control

Task
specification

@DRL

-

U

Model based
optimal
control

\

J

Domain knowledge

‘optimal initial guess’

quick convergence

(

—

&

Learning
control

Refinement and
adaptation to real system

Buchli - OLCAR - 2015

~ Optimal

control on
real system

less restrictions on cost and system dynamics

ETH i
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Example
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Init; iLQG

[Li & Todorov, 2005]
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.
Task: ‘reach goal, using minimum torque’

Learning: PI?-0

~
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[Farshidian, Neunert, Buchli, IROS 14]

90 ' , : : :
\ ,“ — PI?-01 (test 1)
8o}, *, ¢ - = =PI?-01 (test 2) |
N A ‘oo mean
— Initialization - iLQG @ g
— PI%-01 Learning - Trial 5 3

— PI%-01 Learning - Trial 12

2 I I I I I
€
£ 0
PF .
,|| —iLQG
—— PI°-01 (iteration 12)
0 1 2 3 4 5 6
t[s]

Cost: ‘reach goal, w. min. torque’
ADRL Init: iLQG  Learning: PI>-01 ETH ...
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