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Why is model-based control not always sufficient? ...
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®* Model inaccuracies limit achievable performance!

® Surface Material
® Topography

® Unknown dynamics
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How these problems have been tackled so far D;:AM;C
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Robust control Online learning
* Specify prior uncertainty A\ ® Learn from online data
in model

®* Improve the model
® Guarantee stability and

performance for all possible

models

Online learning
Nominal model

[ ]
True model Nominal model
@
True model
Set of possible models A
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The missing link DYNAMIC

Nominal model

o
True model
) Learning- o
ROELE] Onllr_1e based Robust
Control learning
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Set of possible models A
Models
uncertainty onfine
Guarantees P, learning
stability
Improves % frues mode
online Nominal mode}

Set of possible models A

S. Schaal and C. G. Atkeson, “Learning control in robotics,”
IEEE Robotics & Automation Magazine, vol. 17, no. 2, pp. 20-29, 2010.
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Model for our approach .~
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Xk+1 — f(Xka Ukl + g(xky ulﬂl
a priori model to be learned
Y = Cxi + wy;,

® Stabilization of an operating point
® Robust Control:  Guaranteed stability / performance

® Gaussian Process: Online learning
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Framework: linear Robust Control DYNAMIC
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. .
Extended linear plant p Robust Controller Design Framework

* Qutput y =Cx =x

® Uncertainty A = diag(di,...,dy) —q> JAN P
® Disturbance w 0;] <1
® Error signal z P S—
8 <Z P - w
—

Goal: Find K such that

® Stability: P stable for all allowed A —1L> K U

® Performance: Z minimized

- Convex optimization problem
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Gaussian Process (GP) learning DYNAMIC

SYSTEMS LAB

{

® Objective: learn the model error with uncertainties from input/output data

Xi+1 = F(xg,ug) -l—g(Xk,llk)

Ny >y 7
~" "

a priori model to be learned

v = Cxp + wg,

® Assumption: Correlation of data given by a kernel function

Similar inputs will lead to similar outputs

®* Hyperparameters (noise and scaling): learned from data

&
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Gaussian Process learning s
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GP derivative prediction of sine function
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Gaussian Process in our context . ool
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®* Model:
Xpr1 = f(xp,ur) + g(xw, ug)
a prior:t model to be learned
Yi = CXk + Wi,
°* GPinputs:  ay = (X, ux) Nominal model

= f(xp, ur) + E [g(x, ur)]
® GP outputs: Xg4+1 — f(xp,ur) . ol o
rue mode

Set of possible models A
= Var [g(xx, ug)]
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Example: simple linear/affine system e
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® True model:

Xp1 = F(xp,up) + g(xe, ug)

o priori model  to be learned

a= 0.6

Tpy1 = axg +bur +d  b=0.9
d=20

* Without prior knowledge, use GP to learn system dynamics

f(ﬂi'k, uk) =0
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Parameters estimated using GP
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02t
Tipa1 = axp + bug + d ‘
dzg(U-U)D . e et

Trr1 = 9(Tr, ug)

a= 0.6 0.2
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Bringing GPs and Robust Control together DYNAM,C

p
Prom g A Robust Controller Design Framework
—— 7 AN
Tr11 = Blg:]|xr + 24/ Var|g.|zr 0, q D
+ Elgu]ux + 24/ Var|g,|ur & > A
+ Elg]  +2y/Varlg|dq
S~ h ~~ -
steady-state w z - w
error -€ -€
P =

5&9 5b7 5d € [_19 1]

This generalizes to non-linear, non-scalar, MIMO
systems using the same process for element-
wise uncertainty
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The complete process DYNAMIC

Robust Controller Design Framework

Update  eeesseeeeessa;

A uncerteln modelt o gian Process |

.............. v--é-----------------------------------‘-i‘

-~ : :

<L P W Real system |<——
h

BNkl — - K

Update
controller K

Nominal model 0O
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Nominal mode]

Set of possible modeISA Set of possible models A
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Experimental results: https://youtu.be/YghLnCmOKXY?list=PLC12E387419CEAFF2 AR
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step response
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Summa ry DYI;IAMIC
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®* Combined Gaussian Process learning with Linear Robust Control

® Enables controller performance to improve online while
providing stability guarantees

Nominal model

Onli
® fine learnjn,,
True model

True model

Nominal mode

Set of possible models/\ Set of possible models JA
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