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Reading

® Peters, Jan, and Stefan Schaal. "Reinforcement learning of
motor skills with policy gradients.”

® Deisenroth, Marc Peter, Gerhard Neumann, and Jan

Peters. "A Survey on Policy Search for
Robotics." (201 3). [Section 2.2]
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Qutline

*Natural Gradient
*episodic Natural Actor Critic (eNAC)

Buchli - OLCAR - 2013 m Zlirich
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Policy Gradient Theorem (PGT)

® Gradient in Policy Gradient Theorem (PGT)

Vi) - E, [ZV (1og 7, 4, | 3))( 07 (xyot,) = )}

* If 5=V"(x)

T-1

VI JO)=E [2% (log 7, u, | 2))(Q7 (50 - Vﬁ’(x»)]

t=

Advantage function AT (xu,) =0 (x,u,) =V (x,)

T

1
VI J(0)=E, ., [Zve (logt, (u, | x,)) A7 <xt,ut>}

i=

{
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Unbiased estimation of

gradient

We need to approximate the advantage function
VIO = E, | 3 V(02,1 19) 475,

The approximation is done through function
approximation

This function approximation should not cause bias in the
gradient estimation

But every function approximation has error

So the error should be orthogonal to the gradient
| direction
AN

ZLADRL
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Compatible function

approximation

® The function approximation for the advantage function
should minimize the expectation of the square error
(ESE)
minEpH [(Af(xt,ut)—fw(xt,ut))z-l

® The function approximation is linear with respect to its
parameters fulxu) =w'V, (log, (u, | x,))

J

Va

Base functions are
gradient of policy

® w should be found through minimizing the ESE

AN

ff'.?.j.\‘) L% ADRL
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PGT with compatible
function approximation

® Using the function approximation in the PGT
gradient while the baseline is taken as value
function

VT J(0) = Gw

T

Gg = Epa(T) [;Va(log”a(uz |Xt))vt9 (logﬂa(uz | Xt))T]

Buchli - OLCAR - 2013 m Zlirich
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Goals of Natural Gradient

® Avoiding quick decrease in the exploration
ability

keeping the exploitation of the gradient
information local

ldea of Natural Gradient

limit the changes of the policy distribution or
equivalently the changes of trajectory
distribution

0
/ ‘N’.f;
) “ADRL
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Natural Gradient

So the problem statement is:

Find the parameter change which maximize the
cost function below while keeping distance
between two distributions €

Learning rate

| ‘ AO=a F;'V,J

st. €=d (@) PPy (T))= EAQTFﬁAH

max.J (0 + Af) = J (0) + AO'V ,J

T

F, = E, & [ng (10g”5(uz |Xt))V9(log'7r9(ut |Xt))T“

Buchli - OLCAR - 2013 m Zlirich
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Natural Policy Gradient

Using PGT gradient in natural gradient format

-
Vi°eJ(0)=F,;'V.°J(0)
> V)°J(O)=F;'Gw

VT J(0)=G,w

From PGT -
A = VYI()=w

T
G, =E, . [ng (logzz, (u, %))V, (log 7, (v, mﬂ

T
Fﬁ = Epg(r) [Zvﬁ (logﬂﬁ(ut | Xt))vﬁ (1Og‘7rﬁ(ut | Xt))T]

- -

Buchli - OLCAR - 2013 m Zlirich



0-
Natural Policy Gradient o

plus
PGT with value function baseline

® Using PGT gradient with value function baseline
in natural gradient format yields

VIeJ(@)=w

® We just need to compute w through minimizing
ESE

. J ?
mvanPg [(At (xt’ut)—WTVH logﬂﬁ(ut |xt)) -|

Buchli - OLCAR - 2013 m Zlirich
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Approximating
advantage function

® To solve ESE, we should have the advantage
function of the current policy.

. JT ’
mv:nEPg [(At (xt’ut) - WTV9 logﬂg(ut | xt)) -|

® But we don’t have the advantage function
explicitly

Can we compute an estimation of advantage
function!?

/ Buchli - OLCAR - 2013 Zlirich
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Advantage function

® From definition of advantage function we have
O (x,,u,)=A"(x,u)+V"(x,)

® From definition of state-action value function we
have

O (x,u,) =1,(x,,u) + [V, (xHp(x'| x,,u, )dx
® Combining these two formulas

A" (x,u)+ V" (x) =r(x,u) +fV:1 (p(x'| x,,u,)dx’

{

S ADRL
= Buchli - OLCAR - 2013 m Ziirich
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Advantage function
estimation

® We got a Bellman like equation for the advantage
function:

A (x,u)+ V" (x)=r(x,u) +thf1 (p(x'| x,,u,)dx’

® For the samples derived form rollout, we can write

A’ (x,,u,)+ I{Q@) =r(x,u)+V.i(x,)+e, For every time step t
Estimated values error

Rollout: the trajectory of state and actions yields from execution of policy in

the environment

u X

t+1°

‘ADRL
Buchli - OLCAR - 2013 E ' ' ‘ Ziirich
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episodic Natural Actor Critic
(eNAQ)

® Use the estimated advantage function in each time step
and sum them up

zzlg(xo,uo)+l70”(x0) = ro(xo,uo)+%)+eo

‘leﬂ(xlﬂul)'l'%) = I’I(X],ul)-l%z)+€1

At”(xnur)%z) = rt(xt,ut)+%l)+8t
Ail(xz+19ut+l) +%+l) - ’/;+1(xt+1’ut+1) + %2) + 8t+1

A7 (o, )+ VG = 1 (x, ) + €,

T-1 T T

o ﬁf(xt,ut)+[7oﬂ(x0)=Ert(xt,ut)+28t
A DRL =0 =0 =0

/ Buchli - OLCAR - 2013 Zlirich
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Continued

® Using function approximation for advantage

function
T-1 _ _ T T
EAt”(xt,ut)+VO”(xt) = Ert(xt,ut)+ 281 A" (x,,u)=w'V, logm,(u, |x,)
t=0 t=0 t=0
T-1 _ T T
WV, logam, (u, | x)+ 7, (x,) = ¥ 7:(x,.u)+ Y&
t=0 t=0 t=0
T-1 _ T T
WTEVH logm,(u, | x)+V,"(x,) = ’”,(xm%)"'zg,
/{;\ t= t=0 t=0
LADRL

Buchli - OLCAR - 2013 m Zlirich
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Continued

® Now what about the value function for initial time

T-1 T T
WTEVH logm,(u, |x,) = zrt(xt,ut)+2€t
=0

® We need to approximate the initial value function as well
7y () = v p(x,)

If the agent is always initialized in a specific state, the base function is
simply one and v is accumulated reward of the trajectory

If the agent is initialized in random states, the base function should be
a function of state vector

)

“ADRL
Buchli - OLCAR -2013 mzu”Ch




Continued

LIO -18

® Using function approximation for value function

T-1

T
"2
t=0 t=0

® |n the vector form we can write

- T

—

i _
w V, logm, (u,|x) d
2,V loe = Y r(x.u)+
14 =0
i ¢(xo)
® To abbreviate the notation _
rror o

= R+ & Approximation

[W}TI' ¢ ‘l / Estimation &

RS AN
< {7\ Parameter Base acc. reward
L%A DRL of trajectory

vector function
Buchli - OLCAR -2013

T T
V, logm,(u, | x,) +VT¢(XO) = Ert(xz,ut) + Eet

t=0

T
gt
=0
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eNAC Algorithm

® To reduce the error, we should use information from
several rollouts (say N rollouts)

l ¢1T qg(x(l))T w —R'4+¢
14
Use Least Square methods
l o' () } WolZpise to estimate the
v parameter vector
l ¢NT QO()C(])V)T w RV 1V
v

ADRL
L
7/4‘\/ Buchli - OLCAR - 2013 m Ziirich
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eNAC algorithm

® Using the least square method over N rollouts, we

will have
(I)lT T-1 o [ -
_ vV, log, (' | x) R r
W=l | @= E B R=| i |, R'=Xru)

T ; N t=0
o @(x,) R

. R

-1

w =(1PT‘I’) Q'R

1%

_ Y

Buchli - OLCAR - 2013 m Zlirich
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Algorithm  Episodic Natural Actor Critic
Input: Policy parametrization 6,
ota_a I I 1 7]
data-set D = {a:lzT, Ui s 7LT}¢:1...N
for each samplei =1... N do

Compute returns: Rl — Z;,on 7‘?]
i—o Ve logmg (ul[f] |w£z] , t) ]

Compute features: 1l = [ i
p(zy)

end for
Fit advantage function and initial value function

Buchli - OLCAR - 2013 m Zlirich
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Credits

material from:

Reinforcement Learning of motor skill with policy
gradients

A Survey on Policy Search for Robotics

{

A DRL
% Buchli - OLCAR - 2013 EHZunch
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Exercise 3

online until end of week!

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13
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Office hour

No office hour this week!

Next week, two office hours:
Thu 13h-15, 17:30-18:30

% DRL
Buchli - OLCAR - 2013 E'H Ztirich
Tu vember 19, 13
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Next weelds lecture
RL Recap

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13
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Reading

There is no book!

Learning variable impedance control.
Buchli, Stulp, Theodorou, Schaal, |]RR 30(7),
820-33

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

Tuesday, November 19, 13
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Qutline

Natural Gradient
Natural Actor Critic

Path Integral Stochastic Optimal Control
Policy Improvements with Path Integrals

;E ADRL
Buchli - OLCAR - 2013 m Zuirich

Tuesday, November 19, 13
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eNAC

éﬁ ADRL
Buchli - OLCAR - 2013 m Zurich

Tuesday, November 19, 13
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Avoid calculating explicit
gradient!

|ldea: Modify current best guess for optimal controls -
Pick best seen outcome as new best guess

* This works both as global, one step
algorithm
* and local, iterative algorithm
* one step algorithms run into curse of
dimensionality, iterative work in practice but
give local optimum P|2
* No need for step-size! Complete update
step extracted from data! POVVER

%E ADRL
Buchli - OLCAR - 2013 m Zuirich

Tuesday, November 19, 13
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Stochastic optimal
control

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13
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IN
R(Ti) — q)tN -|—/ V't dt
I

1
I = r(x,,ut,t) =qg; + —utTRu,

q arbitrary function of x,t (but not u)

state dependent input gain matrix

Linear in controls and noise

x; = f(x;,1) + G(x;) (u; + &)

ft Gt (ut St)
V(xy) = min B, |R(T)]

U

nonlinear system dynamics /

Noise: meanfree, gaussian

V =387 (1) pul 1) AX(1y)

+l J"" {[Ax'r(t) Au"'(t)J[

g Q1) M(l)][AX(l)] L

u*(z,t) = argmin E,[R(T)] A s

u “ |
;EA oKL | - Ax() =F(O)Ax(1) + G()Au(r), |
Buchli - OLCAR - 2013  ~— , )

Tuesday, November 19, 13



R|B equation

%5 ADRL
Buchli - OLCAR - 2013 m Zurich
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Find Value Function and
Optimal Controls

Find right side of H|B:
“ by partlal derlvatlve with respect to controls and settlng it to O

~ A Ouadratic Anaats—to—e e
! al _Lidadl 1Cerivalilve O - = A A A P \J LT ) T e

substitute u™ back into HJB, solve for-unkrowmms:

solve in this expression for u:yields u* (optlmal control’)

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13
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[ pr)R(r)r o) (3o 5 [ rat) an

Discretize and use EM-like idea: POVVER -

Problem: pseudo-probability - restriction on
cost function

Other idea: Treat probability as a diffusion
process - Connection with statistical physics
Forward dynamics! Sampling (Monte Carlo)!

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

Tuesday, November 19, 13



Derivation of
stochastic H|B

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13




Stochastic principle of optimality

Principle of optimality

V() = E{rb[x*(tf), tr ] — jt' LIx*(1), w*(1), (] dt}

f

Total time derivative:

dV*(t)
dt

= — E{ZL[x*(t,), w*(t,), t,]}

Measurements are deterministic

dV*(t})
dt

= — L[x*(1), u*(t), t,]
[St] p 422/23

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13




Can also write total time derivative as Taylor Series

dv®
dt

A%
At=E{iK*~At &*-xm [ ]At + - }
dt 15). X’

= E[V¥*At+ VI(E+Lw) At +5(E +Lw) T VL +Lw) At?]

Functions of x(f) equal their own expectations, and E[w(¢)]| = 0. Dividing by
At, and replacing the third term by its trace, the time derivative is

av*

rrabe V¥ 4+ V43 Tr{E[(f+Lw) Vi +Lw)] At

= V¥ 4+ V+ITHE[VEE+Lw)E+Lw)' ] At}

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13



Stochastic H|B

f, w uncorrelated

dV*
= Vi+ VH+3 lim T{VE[E®") At+ LE(wwT)LT A}

dit At—0

= Vi+ Vii+3Tr(VELWLT)
plug in and rearrange
Vi(6) = —min{Z[(x*(2), u(s), t]+ VHx*(1), (), 1]

+3 Tr[ VaL(OW(OLT ()]}

Terminal condition:

starting value for evaluation of V*(1) is E{¢[x(#), t]}, which is
¢[x(1), ;] because x(4) can be measured without error.

Tuesday, November 19, 13
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nonlinear RH|B

2
F, = f(x;,1) + G(x; )y
%gradient of RHS = 0 yields
u(x;) =u, = —R_IGIT(thV,)

1
_at‘/t — mlj.n <rt -t (Vx‘/t)TFt i frace ((VXX‘/I)GtZEGtT))

@ substitute opt. control back into H|B =

1 1
—0;V; = q: + (Vth)Tft & E(VXVt)TGtR_IGtT (VxV2) + itrace ((VXXVI)GtZSGtT)

Nonlinear PDE!
;E ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13
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log transform

1 1
—0V; =g + (VxV))Tf, — 5(V},‘Vt)TGtR_thT (VxV2) + itrace ((VXXV,)GtZthT)

Nonlinear PDE!

5 oV = —xl—y—ta,\y,,
‘/t — 7\.4 IOg \Pt = ViV, = —xq,i'vx\y,,
”’*5“‘7‘*"7‘*’*%‘7‘*’
latqj‘ b i(vxlpt)Tft = x_z(vx‘Pt)TGtR—thT (Vx¥;) + LI~ (T)
L ¥, 2P2 2

= (x# V¥ VP! — xlyivxxlp,) G ZeG!

t t

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13



structure of control cost
linked to noise

7»2
2?2

A A
Eatq’t =4 — @(Vxlpt):rft =

1
(Vx¥)TG,RIGT (V&) + strace (T)

= (x#vxlp, VP — x‘yivxxlp,) G,ZeGT
t

t

1 1
trace (I) = Ay trace (Vo] GiZe G, Vx'¥:) — A trace (Ve ¥/GiZeG])

AR =3¢ AGRIGT = G,ZeGT =2(x,) =%,
—a,‘I’, — _%‘qt‘yt +ftT (VX‘PI) + %trace ((VXX‘PI)GtZQGtT)

éEA/D R L linear!
Buchli - OLCAR - 2013 m Zuirich

Tuesday, November 19, 13



linear HJB

—a[‘P[ — —Xq[l}‘[ fT (V lP[) itrace ((V ‘I"[)GtZGGT)

linear, but still no analytic solution for arbitrary q(x,t)

Solve backward terminal condition \I—’,N = exp (—%q),N)

Feynman-Kac Theorem: Can write solution of PDE as
Expectation over stochastic forward dynamics

_[IN L 1 1 [
‘I’ti —— E/c‘ (‘Pt‘\'_e jf,')\ k‘]tdt) — E’rl [exp (—Xq)[:v — X . q: dt)]

forward! ... but stochastic

Remember the forward search in the discrete
%D . State, discrete time problem (Lect. 2)

Buchli - OLCAR - 2013 Zlirich

Tuesday, November 19, 13



Expectations over paths

_ N1 : 1 1 [ 1
‘Pti — Efti (‘Pt‘:\:e jt,-'\ )j]rdt) — ET,- exp (—Xq)t“' — X / qt dt)

forward! 1 1
... but stochastic /P(T) eXp <_X¢ D /th> dT

T=ux(t...tn) ~ p(x,u)

an instance of a random path segment (a random
‘number’, but in spaces of functions)

EX] = /mp(x)d:v
| | . | . v = f(t)
@ Continuous time, x is function of time

DRL
Buchli - OLCAR - 2013 E'H Zuirich

Tuesday, November 19, 13



Major difficulty: Definition of stochastic
processes in continuous time!

states
discrete continuous
dxr + 0
— —
discrete [~
time /%Z”dtéo
. Lots of gnarly
continuous
math!

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

Tuesday, November 19, 13
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Continuous Random
Processes

dx =f (x,u)dt + F (x,u) dw

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13




[Feynman Lectures]

Random walks

2

Dy

(DISTANCE FROM -
START) R T,

‘paths diffuse over time’

T+ p(x)
PROBABILITY DENSITY

,N = 10,000 STEPS
N (STEPS TAKEN)

40,000 STEPS
y

160,000 STEPS

‘density’

1 - 1 1 1 1 1 1 — 1
—700 —600 —-500 —400 —300 =200 —-100 O 100 200 300 400 500 600 70O
D = DISTANCE FROM START

ADRL
Buchli - OLCAR - 2013 m Zuirich

Tuesday, November 19, 13



Continuous decision
processes

Take random walk and take limits

dr — () probability densities
dt — () probability flow

for all times / p(z)dr =1 conservation law!

Conserved flow!?
You know how to do that!

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13




Comparison to graphs

can think of all possibilities of a

random walk as graph
B

There are several ways to end up
in a certain state, each path has
an associated probability

A

When does
‘branching’ occur?

ldea: do discrete time
and take limit

% dt — 0
ADRL
Buchli - OLCAR - 2013 m Zurich

Tuesday, November 19, 13
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Probabilistic Dynamics

Discrete time:
Markov chains Master Equation

Continuous time:
Jumps: Continuous-time Markov chain
Smooth: Markov Process

Folkker-Planck

cf. (Heat) Diffusion

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

Tuesday, November 19, 13



Fokker-Planck Equation

L7 - 31

(the most interesting equation in the world?)

%p(%t) — _(%[u(a;,t)p(x,t)] I 88372
Drift

dX; = dlV,. brownian motion, no drift

op(e,) _ 10%(r,
or 2 Ox2
= p(z,t) =

1
V271t

cf. Fluid Dynamics
Heat and Charge diffusion

Diffusion

PDE for time evolution of probability distribution

D(x,t)p(x,1)]

conservation law!

cf. Particle filters
ii A

Finance, Biology, Chemistry, Physics, S
Anthropology, Control & Machine Learning

Zurich

Tuesday, November 19, 13
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Stochastic Control L)

OPTIMAL CONTROL
‘Controlled Diffusion’ AND ESTIMATION

Controlled Brownian Motion

P

Robert F. Stengel

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13
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Example

High dimensional continuous state actions spaces with
stochastic dynamics

Optimal(?) control in fluids

Approach: Computational Fluid dynamics &
Evolutionary Algorithm

%E ADRL
Buchli - OLCAR - 2013 m Zuirich

Tuesday, November 19, 13
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(' =’don’t eat me!’

(7_0 ~ 0’don’t eat me!’
00  Ohow to flap???’

(TN
S

@®

o« N \ - W
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hotograpitby J6el SSfRRERvy 8 40 2006Ntror
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;E ADRL
Buchli - OLCAR - 2013 E'H Zirich

Tuesday, November 19, 13



= —Alog'¥,

3 i 1 1 [/ 1
¥, = Ex, (‘Pt e i xaed ) = E7, |exp (_xq)t..v B q: dt)
li

| ! forwar&! ... but stochastic
/p(T) exp (—ng 3 /th) dr
discretize
T = (Xti7xti+17 ..... ,XtN) dTi - (dxti, ..... ,dXtN).
path starting at t_i to end of episode ‘how mUCh does |t Cost’?

\ I 1 N—1
Wy, = hm /p(’t,lx, exp — (‘Pm"’ Z q,jdt) dr;.
j=i _

‘Where do i end up next?!’
integrate (‘sum’) over all possible

paths:‘path integral’

Caosd p (Ti|x;)
Buchli - OLCAR - 2013 E'H Zuirich

Tuesday, November 19, 13



p(Tilx;) = p(Tis1[xs)
= (xtNa ----- s Xt Ixtz)
= nljt—ilp (X;“ 1 ‘th) ’

Gaussian noise leads to
(c) - 1 . c
P (xtj+l|xtj) o ((27t)1 IZ -|)1/2 AP ( 2 ‘ xt j+1 xt} f( dtHEl;l)

‘deviation from deterministic
dynamics’

1 c
¥, = lim [ exp (— —S(T;) — logD('ti)) d’tl( )
dt—0 A

= lim exp (— %Z(T,)) d'cl(C),

dt—0
- ~ ‘effect of noise variance’
N—1 1 N=1 I xEC) (C) .
S(Ti) = b + Z qt,dt+ Z J+l ffj dt
i I

.
@ DRL D(m) = HN 1 ((zn)l/zlzfjll/ ) ‘normalization with noise variance’

Buchli - OLCAR - 2013 m Zlirich

Tuesday, November 19, 13



lllustration

[Psi at t_i]

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13




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

V, = —Alog®, | .= —RIGI(V,,V,)

| .
atVl — _k_a,lP,’ : V lP
¥, E _ X;. L1
| . — uti — }LR thi \I;
ViV = —A—-Vi¥,, i . t
: L . Plug in ¥
: 1 :
ViV = x V‘P,V‘}” AV, | &
o ¥, : S(T; 7
S S ' V. (f ~15(T) g ))
= lim | AR™ IGT :
dt—0 o 15(T) 4L6)

l

u;, = fP(T,') uy, (’Ci)d’tgc) uy, (T,’) = —R"™ 1(;(IC)TC}IIIIO (V (c)g(’Ci)>
A xl‘i

P(r) = — o OT (GOR-16OT) " g©
X SETEEE fe_%’g('tl)d’t UL(TI) —_ R G th R th Gl 8tl .
‘project noise in range space of control gain’
ADRL - weighted with control cost R m L
Buchli - OLCAR - 2013 Ziirich

Tuesday, November 19, 13



Example: Naive sampling

M (9) 0+ C (9 . 9) =T M(0) = ( ‘23:3&2‘;%1? d3+d§:"s(0"’) )(37)
. . o [ 0 (26, +6,) )
- C(0,0) = : d, sin (0. 38
6 — M(G) L (_0(9, 9) 5 7_) (0,0) ( P 28in(02) (38)
d = 11+12+mglf, dy = mply8e, ds =1y
(39)
01 t=®@x)+G(z) 7
Symbol | Value Unit
m1 1.4 Kg o vm auile ( )
m 1 Kg g T = )
S 02 z = (91 02 01 92) M
82 0.16 m o o |
I 03 | Kgm
I 033 [ Kgm b ) G() ( Mo(i;,;%l )
l 0.025 m )~ -C(6,0)
l2 0.045 m

Path integral SOC
requires sampling of
passive dynamics with
gaussian mean-free noise

@ DRL
Bucl
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(S

Improved sampling...!

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

S

numer of path-samples
) &

__a

0.5 1 1.5
Cost to go [arbitrary units)

o2

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

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
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From Model based to
Model-free PISOC

u, = [P(t)u (1) dt®

I

—1
P (Ti) = e__S*(’U-) _ uL(Ti) :R_lGlgiC)T (Gf(iC)R_le(iC)T) Gt(iC)eti '

Optimal control need model: Input Gain matrix

Good sampling: need model, input gain matrix

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich

Tuesday, November 19, 13



Policy improvements
with Path Integrals - PI2

| )Local sampling, iterative method

2)Use an ‘intermediate system’ with known input

gain matrix: parametrized policies!
parameters

/
at. — gg(e +8ti)

T

AR basis functions
% Buchli - OLCAR - 2013 E'H Zuirich




Path integral SOC with
parameterized policy

a, =g, (0+¢,)

l

u;, = [ P(T;)ur (1) dt'® |

l

_lS(Ti) R—l (). {e)T
e A i g
[e ( )dr; g\ R-1g/

Buchli - OLCAR - 2013 Zuirich
Tuesday, November 19, 13




Iterative Path integrals with

Parametrized policies
;. — Z(O-{-Etl.)

w, = [ P(%)u(v;)dr |

|, WM g - N-1 T
P(Tl) fe—%s('t )dT,’ I.lL(T,) gt(iC)TR_lgt(c) & 5(t) = o +Jg‘1:,-+§;eyM RM; ¢,
Mt, L —lgtj gtzj‘
o) _  [pooy R 8 (0+8) i~ gRg,
t; - (Tl) T —1 ]
gti R gtz
R—l ' .TS 1 T
= [P() o P > B
g'R-'g, g."R-'g, | Compare to DDP
R 'g.g.’
— 89 1 O 9
“" irace(R-1g,g,7)
— 891i+Mtie.

%5 ADRL
Buchli - OLCAR - 2013 m Zurich
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P(t;)

S(Ti)

50,

106

e(new)

ﬁ/m

P2

Update step

e-%S(T;)

1 _ 9
[e™ XS(’c')d’ti

N-1 1 N-1 .
¢IN + Z qtjdt 1z i Z (9+M,j8tj) R(9+M,j8,j)dt,

j=i j=i
/P (Ti) Mtietidtia

N-1 .

):,-=o (N - l) Wit [Seti]j

N—-1 . ’

Zz‘:O wj,ti(N_l)
() 1 56.
'Noisy' DMP
DMP parameters Trajectories Costs Updated
Parameters \\,&‘3 parameters
init O+¢ < gt S new
0 / N NN ) 6
ngerate Execute Compute Parameter
k=1.K DMPs cost-to-go update
\

Fig. 2. Overview of the PI? algorithm.

35)

(36)

(37)

(38)

mZﬁrich
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P2

Policy Improvement with Path Integrals

e Given:

- An immediate cost function r, = g; + 6/ R, (cf. 1) cose

- meter Trajectories C Updated
- A terminal cost term ¢‘N (Cf. l) Parz?r:\‘:ters e ete‘s; ‘?952 l o5t 4 par‘;n?cfcrs

: . . Qinit O4s « ECE | aqnew
-~ A stochastic parameterized policy a, = g,T(G + &) (cf. 25) g-efﬁkm\ /9.!"& o /Lﬂﬂ A /ﬁ-.SL..; L
. . . . Generate Execute Compute Parameter

— The basis function g, from the system dynamics (cf. 3 and Section 2.5.1) Eerx -y OMPs cost-to-go update

— The variance X¢ of the mean-zero noise €,

T Fig. 2. Overview of the PI? algorithm.
— The initial parameter vector 6 . .

e Repeat until convergence of the trajectory cost R:

— Create K roll-outs of the system from the same start state Xo using stochstic parameters
0 + €, at every time step

- For k = 1...K, compute:

-48(Tip)
* P(Ti,k) = Ef:[e_ {S‘fti.U]
* S(Tix) = Oryk + ):5";,-‘ @k + 3 2’}:&1 (0+M 4, k) R(0+ M, 48, 1)
*x M = —1'—’—W1g"_"k L
I BRIy
- Fori=1...(N—1), compute:

* 89‘.’ o Ellc(:l [P (ti,k) M!.‘,k e’irk]

N=1(N—i) w,, (60,
— Compute [89]] = Zf‘ 0 S\{vrl) 14 [§91]}

Yico Wi (N—i)
— Update 6 «+ 6+ 86
— Create one noiseless roll-out to check the trajectory cost R = ¢, + ‘,-V:Bl r,. In case
the noise cannot be turned off, that is, a stochastic system, multiple roll-outs need be
trich

Tuesday, November 19, 13



Simplifications to PI2

N-1
S(T'&,k) :qStN,k =1 Z rtj,k+

j=i

(8)

©®)

(10)

(11)

6 <0 + 466 (12)
; ,E ADRL
Buchli - OLCAR - 2013 _— -WZﬁrich
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Simplifications
M=
Only use total cost to go

e—%J(To,k)

P(Tox) = Z{il le™ %J(To,z)]

Probability (21)

K
dg =Z [P (7o) €x] Weighted averaging (22)
k=1

g <g+9g Update (23)

éﬁ ADRL
Buchli - OLCAR - 2013 E'H Zurich
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... a2 few more things

Elitism: Remember overall best few and use
in update
Lambda: Use schedule to ‘freeze’ the system

;E ADRL
Buchli - OLCAR - 2013 E'H Zurich
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EOF L7
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