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End-to-end control?

min

control sequence

S.1.

knowing

Preview cost

Geometry constraint
Dynamic constraint
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‘ End-to-end control?

Most-
likely
State

—
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actuator
actuator
actuator
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Simulation VS embodiment CnfS

It might
look goofy ...

TR —T

m\ )

Hees et al, Deep Mind Atlas, Boston Dynamlcs ‘ m

Simulation Robot
0 End-to-end learning Q0 State+sensor feedback ae
0 Few priors QO Expert-tuned controller
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Sense — plan — act

Planning

Sensing Control

MOotors
MO{ors
MO{ors
motors
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Sense — plan — act

State
feedback

Direct sensor
feedback

Long-term preview planning

Mid-term trajectory

Instantaneous

feedback
control

MOLors
MOLors
MOLors
mMotors
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Main messages

ad How to solve robotics through 1A?
a Many subproblems of robotics are well understood
a IA approaches (yet) hardly reproduces state-of-the-art results

O We need to understand how to integrate these knowledge in 1A
methods

d No data directly available in robotics
a Exploration/planning is difficult
a Poor generalization using naive kernel

a Transferring knowledge
A From planning to control ... from simulation to robot
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Outline

O Geometry
a Model, inverse geometry/kinematics, motion planning

ad Dynamics
a Model and algorithms, contact dynamics, simulation

3 Optimal control
a Predictive control VS policy learning

a Agile robots
a Practical case study
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| Geometry

™ Model, inverse geometry/kinematics,
motion planning
|
|
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Rigid-body geometry

O Homogeneous notation

Ay, = (ARB AAB)
0 1
a Placement — displacement

Ay = AMB By

4AM, represents the placement.

Other representations possible

g~ (AAB>
ACIB

l‘

ﬂ
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Joint model

a Definition: a parametric function representing the
placement of the output wrt the input.

a Revolute joint

1

coS '
M = S sin
—sin  cos
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Joint model

a Definition: a parametric function representing the
placement of the output wrt the input.

a Prismatic joint

IMS(CI) = 1
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Joint model

a Definition: a parametric function representing the
placement of the output wrt the input.

Q Ball joint

IMs(CI) = ( IRS(q) 1)
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Kinematic model

O
/ M,(q,) Displacement

due to the joint

M, Placement of the
joint wrt its parent
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Direct geometry

d The geometric model is a tree of joints and bodies

M(q)= M; ® M(q,) @M, D ... ® M, ® M,(q,) © M,
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Inverse geometry

Q Being given a desired placement M~ ...
what is g such that h (q) =°Mg=M"

l; CQS(%) +1, C_OS(Ch"'qZ)
l; sin(q,) + I, sin(qg;+q,) |

I/ \/ Meld) =
¢ 42
\ G1

| &
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Inverse geometry

a Solve it using nonlinear programming

min dist( *“Mz(q) ,M*)
q

a Optimization in smooth manifold (Lie groups)

. _ w~ |12
min||log( Mg (q)™" M")
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Follow the slope

O Decreasing sequence: f(x,.q) < f(x,)
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Rigid-body kinematics

M=wxWR
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Rigid-body kinematics

Sl

B

A

3 Velocities are true vectors

A __ Av B
Vap = "Xp Vyp

A A A
Vap = "Vact V¢a
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Joint kinematics

0 0 0 0 0 000

0 0 0 0 0 000

1 0] (o v = Vg | _ 1 " 1 01 _1o000
V1o [T oY 0 0| Vo v | T 100
0 0 0 0 V3 010

Vg 1 0 0 Vg 001
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Robot kihematics

E
@ ® e/ )
o
o V3 :J3V3
r (@ g
Vo, =],V
. 2 q2
Vi =J; Vg
|
— _ qu
Vg = vit vpt vzt = (J1 2 Jzo)
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Inverse kinematics

a Given the current configuration g

a Find the closest velocity ...
min”](q)vq — Vv
Vq

vy =]V’

d One step in inverse geometry
mqinll (g II?

: arT : drT dr
Q Gradient = = r Hessian = — —
dq dq dq
drT dr —1 drT +
O Gauss-Newton step = (d—q d—q) rriie J'r
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Control in the task space

position 6d

QO Effector position / placement
Q Center of mass

d Sensor orientation

a ...

Q Joint limits ’-‘h
Q Field of view

a Balance support
center of

D [ mass
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‘ Redundancy and hierarchy

First example

HRP-2 has to walk while avoiding the obstacle and keeping
if possible its umbrella vertical with its companion below. This
motion is detailed in Part |, Section 5.

Now let us see what happen if an obstacle is on the way.

joint-limits < walk < bound angle < umbrella < fov < angle
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Follow the slope

O Decreasing sequence: f(x,.q) < f(x,)
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Explore space

d Monte Carlo Tree Search
O See R. Munos tomorrow

O Major stakes
a Discretization
d Boundedness on derivatives (Lipschitz continuity)

S
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Collisions!

Joint 2

e -

Joint 1
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Random Roadmap
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Random Roadmap
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‘ Random roadmap
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‘ Random roadmap

Manipulation planning:
addressing the crossed foliation issue

Joseph Mirabel, Florent Lamiraux

CNRS-LAAS Université de Toulouse
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Adept, commercial ||
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| Dynamics

Model and algorithms, contact dynamics,
simulation
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How to construct this motion?
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Rigid-body dynamics

R
0 Body placement: M = (O 119)
: (%
a Body velocity: V= (w)
d Body acceleration: a=v
0
TR . 0
MOON - ,- N 1o
a \ Yo
! \ 0 0
! EARTH ! o
\ ! a=| 0
\ J 0
N PR 0
\.~ _ - 0
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Rigid-body dynamics

d Body placement:

a Body velocity:

d Body acceleration:

a Body force:

a Body inertia:

Y: Motion —>
Velocity v —>
Accelerationa —

0 1
=)
0=()
v=(5 1)

Momentum n
Force @
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Robot dynamic model

a Kinematic energy
1
E. = E EV?YiVi

1
=§v§ EjiTYi]i Vq
\

|
M(q)
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Robot dynamic model

a Kinematic energy

1
E. = vg M(q)v,

a Lagrange principle

<
~
<
—/
<.
Q
+
|l
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Dynamics with contact
M(q)v, + v R(@Qvy + 9(q) = 14

a Joint torques?
Tqg = Tmotor T Text

O Motor torque: actuation dynamics
O Example: the first 6 values are null

ad External forces:

Text = ]T(P :
@

— — T
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Simulation
M(qQ)Vy +v,"R(Qvy +9(q@) = Tt +] ¢

O Rewrite with steps and normal forces
vy =vo+M TS

d Constraints imposed by the contact model

Q Positive forces: f>0
a Positive motion: Jv, =0
0 One or the other: ffiv, =0

a Linear complementarity problem
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Force and Lagrange multiplier

ad Search v, and f
vy, =vo+ M JTf
f=0
Jv, =0
ffJve =0

QO KKT conditions of the Gauss “least-action” principle

min||v, — vol|,-2
Ut

st. Jvy =0
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32,200 Planks

©

Phymec

From YouTube
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frontieres

Task-space inverse dynamics

o

Odépas:

Accompaniment to:

Control of High-Span Running
Long Jumps for Humanoids

Patrick M. Wensing and David E. Orin
Dept. of Electrical and Computer Engineering
The Ohio State University

Boston Dynamics

Wensing&Orin, Ohio Spot with arm, Boston Dynamics

S
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Robot actuation

HarmonicDrive, commercial
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‘ Robot actuation

Cassie, Hurst (agility robotics), Oregon
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At kR b a

Optimal control

Pontryagine
Predictive control
Trajectory optim

Belman
VS Policy learning
Policy optimization
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How to construct this motion?
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Problem definition

T
min lT(x(T)) ——J l(x(t),u(t))dt
0

X, U

s.t. x(t) = f(x(t),u(t))

a X and U are functions of t:
Xt eR - x(t) e R™
U:teR > u(t) elR™

d The terminal time T Is fixed
Nicolas MANSARD Gepetto Team




Belman principle and equation

-

/ l
/ \Optlmal tool, 3‘(
, ) S —
Optimal -

trajectory

a Given an optimal trajectory ...

.. Subtrajectories are optimal too
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Belman principle and equation

a Value function V(x)
O Best score possible from xt

a Belman principle, rewritten

t+At
V(x,t) = min {f l(x(s),u(s))ds + V(x(t + At))}
t

Ut-Ut+At

d Passing to At—0
V(x, t)=min [(x,u) At
u

dv dv
+ V(x)At + EM + Ef(x, u)

O Reordering

dV

— min I( )_I_dV
dt_mum X, U dxf(x,u)
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Optimality principles
Q Hamiltonien H(x,u,p ) = l(x,u) + (p|f(x,u))

O Hamilton Jacobi Belman equation

av
u*(x) = argmin H (x u ,—(x))

u

a Pontryagin Maximum principle

u*(t) = argmin H (x(t),u ,p(t) )

ﬂ

l‘
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Optimality principles

a Curse of dimensionality

)

|
e
{55

a Solved in particular cases
a Nonholonomic car-like robots
a Reachability sets

.
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Trajectory (direct) optimization

T—1
min L) + ) 10t )
t=0

X, U

s.t. x,q = f(x,u,)

ad X and U are vectors of dimension T*nx and T*nu resp.

X1 Uq ; ‘ —
Xn u, |

d The information in X and U i1s somehow redundant
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frontieres
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Winkler, Buchli et al, ETHZ
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Nicolas MANSARD

Trajectory Generation
for Quadrotor Based Systems
using Numerical Optimal Control

Mathieu Geisert and Nicolas Mansard

LAAS, CNRS

Gepetto Team



‘ Shooting and collocation

T—1
/r}}ll}l lr(x;) + Z [(x,, us)
' t=0

X, ;= T, (Xg, U, ..., Uy)

Shooting formulation
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Meet Zongmian Li (first author) at the coffee break
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Optimization

L0 X
parameters Solver Simulator
f(x), g(x), h(x)
r* orf oPg J’h

OxP’ JaP’ JaP
First order method (Hessian not available)
BFGS or sparse Gauss-Newton
~ 10000 variables ~ 1 second available

Derivatives?

Hamaleinen et al, Aalto
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‘ Dynamic motor primitives CF?I'S

a Optimize despite evaluation noise
O While carefully exploiting each run

Learning of Grasp Selection based
on Shape-Templates

Alexander Herzog, Peter Pastor, Mrinal
Kalakrishnan, Ludovic Righetti, Jeannette Bohg,
Tamim Asfour, Stefan Schaal

www-clmc.usc.edu
www-amd.is.tuebingen.mpg.de

his.anthropomatik. kit.edu

Righetti et al, USC (now NYU)



7
‘1 Deep reinforcement learning

RewardlStates
CRITIC .
‘ | ? . Value function
valuative H()( u) ~ |(X u) N V(f(x u))
USER / Feedback , = , ,
P Action Policy function
-—o[ ACTOR ]7 U= H(X)
o
R

Sensory
Feedback (
L ENVIRONMENT

It might
look goofy ...

Tassa, Todorov et al, UW :
Nicolas MANSARD Hees, .., Tassa et al, Deep Mind Gepetto Team




The difficulty is not in learning

a Optimizing a policy boils down to
O Generate the example dataset (by reinforcement)
O Exploiting the dataset using machine learning

a The difficulty is in the exploration

a Guided policy search
a Provide few trajectory examples (demonstration or planning)
O Reinforce “around” the trajectories
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‘ Guided policy search

Levine et al, UCB/Google
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Optimal control

T
min [(x;,u;)dt
min fo (e 1)
U=t
sothat  Vt, x(t) = f(x(t)

l’ /
g
‘ l,’[.
Ao
,l e 1 “\ g
Ll AR
n‘\\,l

Optimizing a trajectory  Optimizing a policy
a U:t—u(t) QA I x - u=TII(X)
a Motion planning d Reinforcement learning
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What kind of model

From Todorov’s presentation (25 Nov 2016)

Data
needed QP-like
controllers
Generalization
Model-predictive
control
Data-driven

/ machine learning

=>

Autonomy
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What Is next?

Planning from and for learning
Agile and dexterous robots

Nicolas MANSARD
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Example of locomotion

ad Motion defined as optimal control

mlnf [(x¢,u;) dt sothat x; = f(x¢, up)

Algo iterations

cost
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Example of locomotion

ad Motion defined as optimal control

mlnf [(x¢,u;) dt sothat x; = f(x¢, up)

Algo iterations

cost
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Example of locomotion

ad Motion defined as optimal control

mlnf [(x¢,u;) dt sothat x; = f(x¢, up)

Algo iterations

“‘warm start”

cost
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Workflow

Reachability Sequence of 3D Pattern Whole-body
planner contacts generator force control
&Q
2210
S S_Q
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Reachability-based planner

O Necessary vs sufficient cond. for contact feasibility

d Obstacles in reachable workspace...
Q... while avoiding collisions

e
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Whole-body “proxy” constraints

a COM limits

O Learned from off-line random
sampling

. O Footstep timings
O Another variables in the OCP
O No serious additional cost

- 0 Angular momentum
O Model of the limits (proxy) needed
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‘ ~500TBytes

Offline generated samples

49 |

7 4§ T -
User-defined Original optimal Real optimal
task control problem movement

Experience-based
prior guess ¥

Iterative optimizatio
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Roadmap/approximation co-training

vV vy

" AT

T

& ¢

TR <
E k2

Kino-dynamic

2N
i

2 g A
INN

N
N

Probabilistic Roadmap
30-50 states, dense connect

T Roadmap

extension

A

Sampling

Query

HJB approximation
Value function as metric
Policy function as warm-start

o

Dataset of subtrajectories
10-100k items

Regression
(stoch.grad.)

»
Q0
b

Neural network
2x512 hidden units
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Roadmap/approximation co-training

Iterative

ajectories

Roadmap
Extension

Policy
Approximation

V)

O

Neural network

QOO0
O

HJB approximation

Nicolas MANSARD Gepetto Team



IREPA: iterations

PRM | Net
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Policy network
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| IREPA with MPC

10 Approximate trajectories 10 Refined trajectories

10 0-08-06-04-0200 02 04 06 0.8 Y 008060402000204060.8

-1.5
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3.5

3.0

Cost

0.5

Afte‘r 2 OCP iteration

IREPA with MPC

After 10 OCP iteration

After 50 OCP iteration

3.5 3.5
o L] ° * * Ground truth
. # ¥ Policy approx
Trajectory approx
3.0 3.0

0.5

0.5

e e (Cold start

50

100

50 100 150

50 100 150
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Main messages

O Memorization IS necessary
Qa But it is likely not so difficult

O Exploration + transfer are the difficult points
A Include sensing and mechanical design
a Not formulated as canonical IA problems (yet)

Q Several well-understood excellent models
a Equivalent to convolution in vision?
A Fully-connected ReLU networks are not reasonable

Q Your algorithm on a robot: so much additional work
O But so much additional fun when it works
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‘ Team — join it!

.

Steve

g Andrea
Tonneau

Justin L |
Carpentier by Del Prete ,
ﬁ | Thomas

Flayols

Joint project with
Olivier Stasse

™ and

Florent Lamiraux

Joan Sola
UPC LAAS

Mathieu
t Geisert
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Resources

O Materials from master classes il
http://projects.laas.fr/gepetto/ Supsero oboics, 20172018
iIndex.php/Teach/Supaero2018 o

Prereq
« Familia

Objec

a Other text books
a Featherstone 2009: rigid body dynamics

A
a Liberzon 2012: optimal control
a Muray 1990: fundamentals of robotics
a Siciliano 2010: generic robotics
Nicolas MANSARD Gepetto Team
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