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Self-programming robots in industry

@ Easy robot programming for unqualified worker

o Task description : Simple cost function
o No tool characterization
o No calibration

@ Industrial context
o High precision tasks

This presentation : first step towards this goal
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Application description

Precise Cartesian positioning under joint position control

@ Angular joint position control

o Cartesian tool positioning
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Practical example

Learning process

Independence of :

@ Robot model
@ Tool orientation

@ Robot location
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Optimal control problem

Xp -- - Xt —| Controller = Environment — Xt+1 - -~ XT

e |

A I

@ x; : State vector of the system
@ u; : Control vector
@ /; : Cost
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Linear-quadratic control

Xo - --= Xt —| Controller = Environment — Xt+1 - -~ XT

A Ir

Xt+1 = AXt + But

Iy = xtTth + utTR Uz —|—2XtTN Uz
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iterative Linear-Quadratic Regulator

X0 ---» Xt —

ation

Ut
Controller ‘ > Environment —— Xt+1 - - XT
/t IT

Xt4+1 = Ft(Xta Ut)

Iy = Lt(Xt; Ut)

IECON 2016, Firenze

[Li et al., 2004]
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iterative Linear-Quadratic Regulator

Xo - - -~ Xt —| Controller ~ Environment — Xt+1 - - > XT

| ; | l

IR Ir

Nominal trajectory :
{)_(0, o, ... ,)?T}

[Li et al., 2004]
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iterative Linear-Quadratic Regulator

X0 ---» Xt —

|

ation

Controller

Environment

—> Xt4+1 - --> XT

|

IT

Ft()_(t + 6Xt, L_It =+ 6Ut) = )_<t+1 + FXt(SXt + Fut(SUt

_ 1
Le(Re + Ox¢, by + Oup) = I + Ly, 0x¢ + §5xtTLX,Xt5xt + Ly, Ous+

1
§5UtTLu,ut5Ut + 5xtTLX7ut6ut

IECON 2016, Firenze

[Li et al., 2004]

Learning local trajectories: robotics



' ARTS learnt iLQR
Contribution and validation Parameters tuning
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ILQR and environment learning

Ft()_(t—|—5Xt,ljt+(5U t+1 +Fxt5Xt+Fut5ut

Exploration :
{5X1_-, 5ut} — 5Xt+1

Linear regression :

Ft()_(t + (5Xt, Uy + 5ut) = )_<t+1 + C1(5Xt + CQ(SUt

[Mitrovic et al., 2010], [Levine et al., 2014]
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Quadratic cost function

Most optimal control problems :

Define the cost as a quadratic function of x; and wu; :

Xta ug L(Xt7 Ut)
—— | Quadratic cost function —

Issue : not appropriate to all problems
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Quadratic cost function

[Levine et al., 2015] :

Use a geometric model of the robot :

Xty Ut - Xt+1 A
Learnt linear

environment

|

Robot Model ——

Issues :
@ Not independent of robot model, tool, ...

o Calibration required
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Quadratic cost function

[Levine et al., 2014] :

Include distance in state vector :

Xty Ut - Xt+1

— " Learnt linear |[—* A

— environment g » Quadratic cost ——
d; t+1

Issue : Quadratic expansion of a quantity approximated linearly
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Quadratic cost function

Proposed approach :

Learn the cost with polynomial regression :

- Xt+1
Learnt linear
environment
Xt, Ut
- ¢
Learnt quadratic
—

cost function

@ Independent of robot model

@ Local cost known quadratically
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Local optimal control problem

-
Minimize g I
ue
=1

subject to Dk (Mpew (7)||Mor (7)) < €
[Peters et al., 2008], [Levine et al., 2014]
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Several learning parameters

Number of samples during exploration
Initial variance during exploration
Cost function : |y = d? + vlog(d? + a); [Levine et al., 2015]

Maximum deviation from nominal during update
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Use of V-REP simulation software

@ Many configurations to test

@ Avoid irrelevant real robot sampling

@ "Low cost” robot model independence validation
[Guérin et al., 2016]
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Results

Nech = 40; [Guérin et al., 2016]

covipi =1 covipi = 10 Covini = 100
« « [e3

Yo G103 | 1075 | 1077 Vol G| 1073 | 1075 | 1077 Vo Gmi | 1073 | 1075 | 1077
00 | 1L | 16 | 13 100 | 032 | 0.15 | 0.39 100 | 12.79 | 1242 | 17.83

01 12| 10 0.1 0.1
10000 | 13 | 027 | 8 10000 | 0.30 | 0.29 | 0.31 10000 | 2.88 | 10.93 | 2.60
00 | 011 | 14 | 16 100 | 0.14 | 032 | 032 100 | 2437 | 15.75 | 10.13

1 1 1
10000 | 0.10 | 1.69 | 0.24 10000 | 1.82 | 0.99 | 0.11 10000 | 2.67 | 8.37 | 6.44
100 | 0.11 | 022 | 0.84 100 | 034 | 038 | 039 100 | 193 | 893 | 1011

10 12 10 10
10000 | 13 | 023 | 15 10000 | 0.70 | 0.14 | 2.31 10000 | 2.70 | 4.83 | 2.60

Choices for validation
COVinj = 1, €ini = 10000, v = 0.1 and o = 10_7
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o Experimental validation

IECON 2016, Firenze Learning local trajectories: robotics 19



Contribution and validation
Experimental validation

Experimental validation
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Experimental validation

Learning curves Zoom on the final stages
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Conclusion

@ Approach shown to work on real robots

Perspectives :

@ Improve sample efficiency; [Levine et al., 2014]
@ Lower level controllers for manipulation task

o Grasping

o Assembly

o ...
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