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Class logistics
2

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

 
Interviews: Thu/Fri. May 28/29

https://ethz.doodle.com/bsi7gvkycvrmht6t 

Tuesday 12 May 15

https://ethz.doodle.com/bsi7gvkycvrmht6t
https://ethz.doodle.com/bsi7gvkycvrmht6t


A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L12 -

L11 Recap

3
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Forward diffusion / 
sampling

Importance sampling

Function approximation

4
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Linear Markov Decision Process 

10

Three conditions on the optimal control problem:

1) Quadratic control cost

2) Control affine system

3)
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Linear Markov Decision Process (cnt) 

11

Final Value problem

nonlinear PDE 

The effective Covariance
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Path Integral
32

Equivalently

Samples can be generated by
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Closer look at Path Integral 
formula

33

• For calculating the Desirability function at 
each point 

1) Forward simulate the uncontrolled system 
from         up to 

2) Integrate the cost over the generated path 
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Path Integral: Optimal Control
35

• Using the white noise formulation 
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Path integral SOC 
requires sampling of 
passive dynamics with 
gaussian mean-free noise

Example: Naive sampling

✓1

✓2

Compare to affine 
control  assumption

10
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L12 -Improved sampling...?

Sample in 
acceleration space, 

use inverse dynamics 
controllers to find 

torques:

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

haystack!)

Optimum 
better than 

any 
sampled 

path

i.d. - controller

plant dynamics

11
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Path Integral: issues (1)
• Inefficient sampling

36

Soft Max 

It just has significant value for near optimal solution

What are the chances to hit the optimal solution by a 
random walk?

Importance Sampling 
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Path Integral: issues (2)
• Point-wise estimation of the optimal controls

37

The optimal control is estimated independently for each 
point

Does the optimal control change drastically from one 
point to the other? Function Approximation
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Reward weighting
14

↵(⌧uc; s,y) =
e
� 1

�

⇣
�(x(tf ))+

R tf
t0

q(t,x) dt

⌘

E⌧uc

(
e
� 1

�

⇣
�(x(tf ))+

R tf
t0

q(t,x) dt

⌘)
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EOF Recap

15

Tuesday 12 May 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015

L12 -

L12

16
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Lecture 12 Goals

17

★Policy Improvement with Path Integrals - PI2
★Combination of optimal and learning control
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General Path Integral Algorithm

18

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
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using current estimate of opt. control to sample

function approximation

sampling repeatedly

weighting by reward
reward weighted regression
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Policy improvement 
with Path Integrals - PI2

20
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PI2 w. time dependent policy

21

µ

�

t
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PI2 Assumptions

22
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PI2 Assumptions (cont’d)

23
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PI2 - Regression step
24

1) min. error at each time step
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PI2 - Regression step 
(cont’d)

25
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PI2 - Regression step 
(cont’d)

26

2) parameter vect. increment approximating time 
dependent update
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Compact notation: Use element-wise multiplication
replace sum w. integral
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time dependent parameter increment

time averaging of increment
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Simple example
Assume position PID 

controller in each joint

Parametrize learning problem via 
reference trajectories

⌧i = �Kp,i(qi � qi,des)�Kd,i(q̇i � q̇i,des)

q1

q2

29

qdes,i(t) = ⌥(t)T✓q,i
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[Theodorou et al, 2010]
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[Theodorou et al, 2010]
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Learning Feedback 
Gains with PI2

32

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

[Buchli et al, 2011]

Consider system with tracking controller
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Learning variable 
impedance control

33

Application of gain learning to rigid body 
dynamics / Torque controlled robots
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Position control 
only kinematic model

Torque control 
+ dynamics model

Blind!

⌧

x

high gains / ‘stiff ’

low gains / ‘soft’
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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.

35
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Model of a simple robot

I1

I2

I3�2

q2

q1
�1

Measurements: Joint angles: q =

�

�
q1

q2

q3

�

�

� =

�

�
�1

�2

�3

�

�

Mq̈ + C(q, q̇) + G(q) = �

Governing physics: 
Rigid body dynamics

Actuation: joint torques

x =


q

q̇

�
System states:

ẋ = f(x) +G(x)u =


q̇
M(q)�1(�C(q, q̇)�G(q))

�
+


0

M(q)�1

�T
u

q3
⌧3

36

Controls/inputs/actions:

u = ⌧

Tuesday 12 May 15



A D R L A D R L

A D R L A D R L

a d r l a d r l

A D R L A D R L

a d r l a d r l

A D R L A D R L

1 2

3 4

5 6

7 8

9 10

11 12

Buchli - OLCAR - 2015 - L1

General control structure

PlantPlanner

Observer

+

+

uff xuxd

ufb

Feedforward
controller

Feedback
controller

-1

e

x̂

Disturbance

37
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Torque controlled robot - 
Control diagram

38
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Impedance control

Compare to LQR control structure: 

Position
controller

Inverse
Dynamics

Torque
controller

Hydraulic
dynamics

Robot
dynamics

-

ẋ p , x p ,P

fbref

u  

 

̈ref

̇

̇

-



ff ref

units?

39
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Position
controller

Inverse
Dynamics

Torque
controller

Hydraulic
dynamics

Robot
dynamics

-

ẋ p , x p ,P

fbref

u  

 

̈ref

̇

̇

-



ff ref

Torque controlled legged robots

Torque control 
+ dynamics model

⌧
F
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Observer

+

+

uff xuxd

ufb

Feedforward
controller

Feedback
controller
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e

x̂

Disturbance

⌧F

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

Optimal Impedance Control

ks = f(t)
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Virtual compliance

42

(
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A D R L

[HyQ Robot, 
IIT]

ks = f(t)
Active springs!
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Virtual nonlinear springs
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Active vs passive compliance

Controller: [Boaventura, ICRA 2012]
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)
47
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Inverse dynamics

Position
controller

Inverse
Dynamics

Torque
controller

Hydraulic
dynamics

Robot
dynamics

-

ẋ p , x p ,P

fbref

u  

 

̈ref

̇

̇

-



ff refPosition
controller

Inverse
Dynamics

Torque
controller

Hydraulic
dynamics

Robot
dynamics

-

ẋ p , x p ,P

fbref

u  

 

̈ref

̇

̇

-



ff ref

Position control 
only kinematic model

x

Torque control 
+ dynamics model

⌧M(q)q̈ + h(q, q̇) = ST ⇥ + JT
C(q)�

F

k
?
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Parametrization
49

KP(t) = �(t)T✓p

KD(t) = �(t)T✓d

X
D

(t) = �(t)T✓
x

Policies to be learned

Position 
reference:

Gain schedules:

make sure position reference is twice 
differentiable (finite accelerations)

Spring
Damper

Spring resting length

⌥(t)T
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Via-point task
50

‘keep gains low / stay soft!

go through given joint angles at 
given times:

‘don’t wiggle too much’
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Gain scheduling
3 DOF - Phantom robot

Pass through joint space goal, penalize high gains!
[Buchli et al, RSS 2010]
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Gain scheduling
6DOF - Kuka lightweight robot

Pass through task space goal

Pass through task space goal

[Buchli et al, RSS 2010]
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Buchli - OLCAR - 2013

Goal: Open door as 
far as possible and use 

lowest amount of 
effort
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PI2 - General Algorithm

57

PI2 for state feedback control

Policy nonlinear in time, linear in states

[Farshidian, Neunert, Buchli, 2014]

‘feedforward’
‘state-feedback’
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general policy: parameter matrix
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Learning 
control

Domain knowledge
‘optimal initial guess’

Refinement and 
adaptation to real system

Optimal 
& robust 
motion 

control on 
real system

Task 
specification

Model based 
optimal 
control

Combining optimal and 
learning control

59

quick convergence less restrictions on cost and system dynamics
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Rezero

Init: iLQG     Learning: PI2-01
Task:  ‘reach goal, using minimum torque’

[Li$&$Todorov,$2005]
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[Farshidian, Neunert, Buchli, IROS 14]

Init: iLQG     Learning: PI2-01
Cost:  ‘reach goal, w. min. torque’
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iLQG
PI2−01 (iteration 12)
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