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Motivation

» Control systems often required to operate in
uncertain/varying conditions;

» Some plant knowledge is usually available. But key
parameters might change over time;

» This undermines to some extent traditional model-
based approaches, requiring re-tuning of the
controller.
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perturbed parameters maximum deviation (p) known
M(Z’ 0) available
(simulator)
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Motivation

[

Uk Yk
C(z, ¢) > M(}, )
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65 €0 = {6: 110 — 6,1, < p)
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perturbed parameters — maximum deviation (p) known
Can we leverage this information to fully M(z,6) _
automate controller tuning ? (simulator) available
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Setup
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Setup
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Use of Two-Stage parameter estimation
paradigm to meta-learn f*

DY = (", ), DY (90, (61))
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TS estimation paradigm
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Sampled from a
distribution

S. Garatti, S. Bittanti. “A new paradigm for parameter estimation in system modeling”. Int. J. Adapt. Control Sig. Proc., 2013
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TS estimation paradigm
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S. Garatti, S. Bittanti. “A new paradigm for parameter estimation in system modeling”. Int. J. Adapt. Control Sig. Proc., 2013
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TS estimation paradigm
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Inverse (meta) learning

S. Garatti, S. Bittanti. “A new paradigm for parameter estimation in system modeling”. Int. J. Adapt. Control Sig. Proc., 2013 4
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TS estimation paradigm
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Inverse (meta) learning

S. Garatti, S. Bittanti. “A new paradigm for parameter estimation in system modeling”. Int. J. Adapt. Control Sig. Proc., 2013 4
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TS estimation paradigm
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Inverse (meta) learning
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S. Garatti, S. Bittanti. “A new paradigm for parameter estimation in system modeling”. Int. J. Adapt. Control Sig. Proc., 2013 4
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How and why?

Ors 1s an estimator functional

 Need to be tested on a new observation

(O))—> éTS i) (O))

Why promising?
* Compression step — helps in dimensionality reduction

* Second stage — A continuous map of compressed samples
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TS for controller tuning

Objective: Learn function f* such that:

m
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TS for controller tuning

Objective: Learn function f* such that:

First stage
ARX, ARMAX
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TS for controller tuning

Objective: Learn function f* such that:

m
m 1 o 12
1 . . . N\ 12 . x _ L o @ @ @ (@
f* = arg;nlnaz | ¢i — f(yl(l),ugl)’ ___,yl\(,l)’ul(\;))”Z =g"o hN g arg;nlnmzl Hd)l Y (hN (yl y UL e Yy Uy )) .
i=1 1=
g*
,m
DT, .., D},
data reduction
First stage

ARX, ARMAX 6
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TS for controller tuning

Objective: Learn function f* such that:

m
= 1 . . . , 2
1 . . . o\ 112 . x _ L o @ @ @ (@
fr= arg]rcmna E | ¢; — f(yl(l),ugl), ...,yA(,l),ul(V‘))||2 = g* o hy g arg;mnm _El H(rbl g (hN (J’1 y UL e Yy Uy )) ,
i=1 =

Second stage
Neural nets (Feedforward), g
Gradient boosting (XGBoost

First stage
ARX, ARMAX
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TS for controller tuning

Objective: Learn function f* such that:

m

1 _ . _ .

f* = argmin— E | o; — f(yl(l),ugl), ...,y,\(,l),ul(vl)
f mi=1

Function approximation (“simple”)

Second stage
Neural nets (Feedforward), g
Gradient boosting (XGBoost

First stage
ARX, ARMAX
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Vehicle dynamics: tate: x = 5
Objective: Achieve desired yaw-rate r State (8.7, a5, 07,2, )
c c input u = fmd
ﬁz_r_Mfa]; _Mra’;] outputy =r
veh Yx veh Yx
lCrar L.C,a
F=— f~f f_l_ rerr
Jz Jz ;
Vx kin kin f
ar = ar — & ar=—-6+p+—r
=T f( r—af'"), f rt+B o
. L
a.. = a m’ akm=,8——rr
’ relr( T ) r Uy
zZ = —(l)n 6f + wnSCmd
= zZ— 2¢wy0f
----
1895 2400 1.5 1.24-10° 1.66-10°> 0.01 2m.5
7

1. T. Hiraoka et al, “Model-following sliding mode control for active four-wheel steering vehicle,” Review of Automotive Engineering, 2004.
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Numerical study

Vehicle dynamics:
Objective: Achieve desired yaw-rate r

Cfaf _ CT-(ZT-

f=-r -
Mveh Ux Mveh Ux
_ lfo(Zf + erTaT

r =
Jz Jz
Ux kin
ar = I (af - ar )
rel f
a, = (ar m)
relr
z = —wh & + wisim™
= zZ— 2¢wy0f

Uncertain parameters

1895 2400 1.5 1.24-10° 1.66-10> 0.01 2m.5
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1. T. Hiraoka et al, “Model-following sliding mode control for active four-wheel steering vehicle,” Review of Automotive Engineering, 2004.



Gy,
FKTH®
Control design
o)
T'ef,k R T
1 Reference | '¢/k 5f k %

A 4
\ 4
v

" C(z,9) M(z, 6)

generator

| A Proportional-Integral controller |
I c g I
" suffices for our purposes. We design it |
| via loop shaping, such as to guarantee |

. o . |
. phase margin ¢, = 60 and cutting |
| frequency w, = 1.5 Hz. |
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Control design

Sref,k

. T k O
Reference | "¢/ f.k %
; generator 1 C(z9) 1 M(z,0) '
Train and test data: \\\\

A Proportional-Integral controller
suffices for our purposes. We design it

| |
I
m = 1500, N = 10000, T, = 0.01 s | |
A . |
| via loop shaping, such as to guarantee |
| I
| I

8¢ x - PRBS

_ _ _ _ phase margin ¢,, > 60  and cutting
1, - Perturbed with Gaussian white noise

frequency w, = 1.5 Hz.
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T; regression performance & ,
rms % (v, V) = —Z (100@)
N Vi
i=1
0.3 0.3
- TS-GBM - rmsy, = 21.0852% - TS-FF - rmsq, = 0.4216%
0.95. - GB - rmsy, = 0.45119% ; | 0.95 | - GB - rmsy, = 0.45119% |
0.2- 1 0.2 |
0.15 0.15+- - |
0.1 - 0.1 |
0.05 : : : 0.05 \ ‘ ‘ ‘
0 L 0.15 0.2 0.25 0.3 0.05 0.1 0.15 0.2 0.25 0.3
XGBoost FF-NN
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Results

- TS-GBM - rmsy = 1.5277%
- GB - rmsy = 0.2657%

0.12 0.14
kp

XGBoost

oo

Sy

k,, regression performance X 2
AN Vi_i)i
rms % (v,v) = EZ (100V_i)
=1
0.2 | | T
- TS-FF - rmsq, = 0.26815%
0.18+ “GB - rmsy, = 0.2657% P
0.16 1
0.14 - ]
<.-S£&
0.12 1
0.1
0.08
006 | | | | | |
0.06 0.08 0.1 0.12 0.14 0.16 0.18 0.2
kp
FF-NN
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Results

Closed loop performance Computation time analysis
Method Qnldeg] W, I 1
Mean Std. Mean Std. 0.8
GB 5998 02385 1.5 0.0037 -
TS-FF 50.99 01714 1.5 0.0032 Eo'ﬁ
s 1 $ H
TS-GBM 6001 069 15 0.0143 3 el ; | l
0.2 3 —=
S =
TS-FF TS-GBM GB

11
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Conclusion

* Designed a meta-learning based controller tuning using TS

12



EEEEEEEEE

8 9
MILANO 1863 TS

Conclusion

* Designed a meta-learning based controller tuning using TS

* First stage - ARMAX, second stage — Feed-forward neural network and XGBoost
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* Designed a meta-learning based controller tuning using TS

* First stage - ARMAX, second stage — Feed-forward neural network and XGBoost

* First stage helps in model reduction, while second stage acts as function approximator
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* Improved computation time (at the inference step) with same closed loop
guarantees as Grey-Box procedure
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Conclusion

* Designed a meta-learning based controller tuning using TS

* First stage - ARMAX, second stage — Feed-forward neural network and XGBoost

* First stage helps in model reduction, while second stage acts as function approximator

* Improved computation time (at the inference step) with same closed loop
guarantees as Grey-Box procedure
* GBM - Training and testing are fast compared to FF
* FF- Better accuracy in terms of controller parameters regression performance
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