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Scientific landscape & culture gaps

culture: deploy (with scarce resources) seeking

in vivo: meant to @ closed-loop robust stability & pen/paper proofs

work in the wild

adaptive control

dynamic p

¥ Dinee Aoyt Opimat ot | ' @PPrOX/neuro/adaptive
I n u ,n n Own Richard S. Sutton, Andrew G. Barto, Ronald J. Williams \‘ dyn a m iC p rOg ra m m ig
environments 1

reinforcement learning

in silico: trained

o easlETEY @ culture: offline training (with many resources)

seeking optimality & algorithmic certificates -




Data-driven pipelines /

 indirect (model-based) approach:
data > model + uncertainty —» control

« direct (model-free) approach:
data-informativity, behaviors, ...

» episodic (offline) algorithms: well-documented trade-offs

collect data batch — design policy « goal: optimality vs robust stability
|

————————————— « practicality: modular vs end-to-end

- adaptive (online) algorithms: » complexity: data, compute, theory

measure — update policy - act — gold standard: adaptive + optimal
X J + robust + cheap + tractable ..& direct




Focus on interpretable basics

« LQR:the cornerstone & benchmark
of both optimal + adaptive control &
tractable + interpretable RL method when & why RL works?

e .1
minimize E, lim ;ZLO x! Qx, + uf Ru,
— 00

‘ N W xt = Ax+Bu+tw
S. t. xT=Ax+Bu+w
u X
u=Kx
u=Kx [«
—>
« research gaps: no direct + adaptive LQR &
no/few closed-loop certificates of RL methods Kt =.. :




Today: revisit old problems with new perspectives

(1) adaptation of control (2) representation of (3) regularization

following policy gradient trajectory subspace  of cost promoting

K*=K —1 V] or(K) by linear models or prior, robustness,
sample covariance or exploration

Juor(K) £ A variance
Tk+1 = AT + buy

~~best e>2p|rored'ga'in

different
regularizers

certainty-

> - . .
equivalence-
gain l

1 L’_ : \ . 1 A
Vi - -2 -1 1
T \u k 3 0

o N O~ O @

@) ... & closed-loop stability certificates




contents

1. problem setup for adaptive LQR via policy gradient

2. learning pipelines for (in)direct & regularized gradients
3. closed-loop stability, optimality, & robustness certificates

4. case studies: robotics, flight, & power system deployments
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Policy parameterization

- W xt = Ax+Bu+w
mKin [y, Tli_)n(}o;ZLo x{ Qx¢ + ui Ruy u X
s. t. xT=Ax+Bu+w
u=Kx u=Kx [

— with controllability Gramian or | min Tr(QX) + Tr(KTRKY)
K,2>0
T

T
state covariance X = lim Zt:OTxtxt s.t. =1+ (A+ BK)X(A + BK)"

T — o0

— algorithmics: solved via SDP or Riccati equation reformulation

10




Indirect & certainty-equivalence approach

. U
» collect data (X,, U,, X;) with W, unknown & PE: rank [XOI =n+m
0

XO — [xo, ...,xt_l] >

UO — [uO; ---;ut—l] —> Xl — AXO + BUO + WO —> X]_ — [x]_) -";xt]
Wo = [wg, o, Weq] —

min Tr(QX) + Tr(K'RKY)

« indirect & certainty- |%>>0 oovalont
equivalence LQR st. T=1+(A+BK)L(A+Bk)  ||'T
all solved offline . U | 1eas
( ) [B, A] — aI‘g mln Xl - [B, A] XO] >Isqu;res
B,A Odllg , SysID
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Sut thIS iS Ofﬂiﬂe! online control offline learning

> plant - » data
ii ¥
 shortcomings of offline learning: 7| [estimate
cannot improve online & adapt rapidly olley P2l ——— !

monotonicity principles of adaptive
control: acquire information & improve Adaptive Control: &

. . . Towards a Complexity-Based General Theory*
performance over time by interaction

G. ZAMES#

« desired adaptive solution: online (hon-episodic/batch) algorithm
with closed-loop data & recursive/real-time implementation

* disclaimer: a large part of the adaptive control community focuses on stability & not optimality 12




Adaptive LOQR via policy gradient descent

+

M xt = Ax + Bu +w

Kx

<

plant

<

policy gradient descent

probing noise

control policy

K*=K —nVJ(K) ¢

gradient of LQR cost
as a function of K

Seems obvious but...

— algorithms

« how to compute VJ(K)
cheaply & recursively ?

« direct or indirect ?

e convergence?

— closed loop
« stability ?
 robustness ?
« optimality ?

13




Preview: does it work on an autonomous bike 7

e G e _- - S
10}
0 2 4 6 8 0
‘ Lean rate (¢)
p—— 0 I- = Rof e Lean rate
4 §ob--n 7T TN
10 |
| 0 2 4 6 8 0
1 Control signal
/ ‘ “ 1 | — —
E
' "’ "l R 3
1 .
0 2 4 3 8 0
\ Evolut f trol
4
@ RC receiver @ Bafang RM G040.250.DC {
’ 22
@ Raspberry Pi 4b @ Xsens MTi-7 £ o =
@ ESC @ Batteries - 2 = .
@ @ 0 2 4 6 8 0
Hall sensor Dynamixel XH540-W270-T Time fs]

Setup: autonomous bicycle with coarse inner control (2d dynamics
stabilized by feedback linearization) & outer adaptive policy gradienE
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Algorithmic road map

sample covariance

direct

regularization

’ data l
model identification I
indirect rli:::]neg natu.ral FiSh.eI’
gradient | metric
vanilla regu|arization vanilla
Newton|metric
policy Hewer robust
gradient algorithm gradient

Newton|metric
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LQR optimization landscape

\ 10,

- — T after eliminating |
Juin J(K) =Tr(Q%Y) + Tr(K" RKX) | tnique % > 0. o
denote the :

s.t. X=1+ (A + BK)Z(A + BK)T J objective as J(K) 0'

J(K) is usually not convex but for stabilizing K is

[plot: Watanabe & Zheng]

. differentiable with|Vj(kK) = 2((R + BTP B)K — BTPA)3|

whereP=0Q +K"RK + (A + BK)"P(A + BK)

& X are closed-loop obs. + contr. Gramians

On the Determination of the Optimal Constant
Output Feedback Gains for Linear

Multivariable Systems
LIAM 8. LEVINE, MEMBER, 1EEE, AND MICHAEL ATHANS, sent

« coercive, locally smooth, - 2
/(&) < J* + const.- V(KD

17

& gradient dominated




Model-based policy gradient

Fact: For initial K, stabilizing & sufficiently i o
small step size n, policy gradient descent

Kt =K — nvj (K )
converges linearly to K*. [M. Fazel et al. 2019] A P

nual Review of Control, Robotics, and

Bin Hu,' Kaiqing Zhang,>* Na Li,* Mehran Mesbahi,’

Conceptual algorithm: model-based adaption via policy gradient
1. data collection: refresh (X,, Uy, X;) ﬁ

2. identification of (B, A) via recursive LS

3. policy gradient: K* = K — n VJ(K) using
estimates (B,4) & closed-loop Gramians (%, P) _/

actuate
& repeat

18
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Algorithmic road map

data

model identification

| sample covariance

direct

regularization

indi ¢ Fisher| natural |Fisher
Inairec metric gradient metric
vanilla regu|arization vanilla
Newton|metric
policy Hewer robust
gradient algorithm gradient

Newton|metric |

20




Direct (model-free) policy gradient methods

« issue: uncertainty propagation is hard in indirect case & outcome
suffers from bias error (e.g. model-order in output feedback setup)

« model-free Oth order methods constructing two-point estimate

VI(K) = (J(K +U) = J(K = 11)) - - U

from uniform perturbation U & numerous + very long trajectories

relative performance gap e=1 e =0.1 e = 0.01 ~ 107 samples for
# trajectories (100 samples long) 1414 43850 142865 | 4'" order system

« direct policy gradient is inefficient, episodic, & practically useless
— sample covariance parameterization to the rescue! )




Sample covariance parametrization sake of prosemiation

XO — [XO, ...,xt_l] —P>

X1=AXy+BU ‘T’X = [x1, -, X¢]
UO — [UO, ...,ut_l] > ‘ : ] ] ' ' ‘

N\
\

\

. Uyl [U U
. sample covariances: A =- O] 0] >0 & A* == X1 0]
t Xo Xo (due to PE) \ XO
\

\

— coordinate change vK 3V s.t.J [K] =AV (x|

\
l

/

-

7

- closed loop: A+ BK = [B A][II(]:[ [ ] ]V|E|—X1 O] V=AtV

- direct data-driven formulation by substituting |4 + BK = A*V | & E)l




Covariance parametrization of policy gradient

covariance parameterization:
SU bstitute‘ A+ BK = ATV ‘With

linear constraint [II(] =AV

policy gradient in

converges with min. samples

INn original coordinates
K*=K—nM,V(K)

where M; > 0 depends on data

natural gradient is coord-invariant

min
HIIND,

K,X>0
S. L.

T O L T RF RS

s.t. T=1+(A")ZAT)T
=1+ (A+ BK)X(A + BK)"

K]

l]J:A-

10°

107°

optimélity gab

case study: random 4" or
system & only 6 data samples

0 100 200 300 400

560




Algorithmic road map

vanilla

model identification

data

Indirect

Fisher

natural

metric

gradient

| sample covariance

regularization

policy
gradient

Newton|metric

Hewer
algorithm

robust
gradient

Fisher :
metric direct
vanilla regularization

to counger noise
Newton|metric

robust
gradient

24




Short history of regularized data-driven LOQR

Problems of Identification and Control* Optimistic Online LQR via Intrinsic Rewards
K. J ASTRﬁM AND B. WITTENMARK Marcell Bartos*, Bruce D. Lee*, Lenart Treven, Andreas Krause, Florian Dérfler, Melanie N. Zeilinger
ADAPTIVE LINEAR QUADRATIC GAUSSIAN CONTROL: On the Role of Regularization in Direct Data-Driven LQR Control

THE COST-BIASED APPROACH REVISITED*

Florian Dorfler, Pietro Tesi, and Claudio De Persis

M. C. CAMPI' AND P. R. KUMAR/

Simultaneous Identification and Adaptive — - . 3 3
Control of Unknown Systems Over Regularization for Covariance Parameterization of Direct Data-Driven
Finite Parameter Sets LQR Control
P. R. KUMAR, MEMBER, IEEE Feiran Zhao, Alessandro Chiuso, Florian Dorfler

* mmm —
7 OS 8OS 9 OS A Bayesian Perspective on the Data-Driven LQR

Thierry Schwaller, Feiran Zhao, Florian Dorfler

On Tikhonov Regularization for Direct and Indirect On the Effect of Quadratic Regularization
C Data-Driven LQR Control in Di Data-Dri LOR
J(K) + A - regularizer(Z, K, A) in Direct Data-Driven LQ
Shuyuan Zhang!, Zheming Wang?, and Raphaél M. Jungers’ Manuel Klidtke, Feiran Zhao, Florian Dérfler, Moritz Schulze Darup
Ve ___
—

incorporating prior, promoting robustness, or encouraging exploration




. 100 0.28
Few regularizers
= —  osl 026
4K K = I lo2s &
robust: Tr(A 1[ ]Z[ ] ) U .. &
I 1 o 9% >
< 10.23 T
_ 3 95 £
— effect: (R, Q) scaled by A™1 > | oz g
E 710.21 %
— high cost for less explored (u,x) § = o2 g
@ . S
- 92 10.19
— robust stability & performance N . v
01 2 3 4 5 6 7 8 9 10 20 30 40 50 100
A\ 1672

exploring: | — Tr(A™12)

: , _ 20- regret achieved by
— promotes directions with different methods

high empirical variance

— gives optimal exploration with 01

by regularizingﬁ t

Vt regret without probing noise 0 100

200
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Policy gradient descent in closed loop

w >

+
JXT =Ax+Bu+w p”
plant

u=Kx +e

<
+ Kx policy gradient descent
e | control polic:/_l— Kt =K —n VI(K) [«

probing noise \
or variance reg. \

gradient of LQR cost as a function of K or any
of previous policy gradient descent methods

Q: if each K; Is stabilizing & J(K;) decreases, we } A: system is time-
surely get asymptotic stability & optimality ? varying .. unclear




INformation metric

« bounded noise covariance:

.
1 UO
£ Vo [Xo]

< §7 forsome §, = 0

Adaptive Control: |5
Towards a Complexity-Based General Theory*

G. ZAMESY

- persistency of excitation due to probing: g(4,) = y/ forsomey, =0

« information metric = signal-to-noise ratio SNR; := y,/d;

satisfies Zames' first
monotonicity principle:
Information acquisition

= SNR Increases

noise

Gaussian §; ~ 0(1/4/t)

excitation

Constant y; ~ 0(1)

Decay y; ~ O(t~%) SNR, ~ 0(tY/%)

SNR

SNR; ~ 0(¥/t)

29




Certificate for any of the policy gradient methods

Theorem (simplified): There exist Vi >01€ {1 2, 3 4,5}, depenqu on
(4,B,0,R,K,) with v, < 1, so that, |f(SNRt > v],_Vt 77 < Va2, E( for'stable K,

-_— gy - g =

1. the closed-loop system is stable in the sense that - Y
== e ~ <« _ _suff. large SNR &

’_——~

7
| step-size
X S(v (1——) +— ax |Be; + wi|~ ' °
xe| < s ol 4g2<tl + Wil

————’

L 1

/
2. the policy converges to optimality in tf‘we sense that

// \

__’ — = S

” C(Kt) — C* <'(1 ——) /QC(KtO) C* )‘-I—’O(SNRt‘l),
Vs -Tr-

I =~ !
\ ; 1 \

\ : . . :
* nominal exponential convergence bias due to noise 30
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Numerics: convergence to optimality

« case study [Dean et al. 19]:
discrete-time system with
Gaussian noise w; € N(0,id)

(1.01 0.01 0
A=10.01 101 0.01|, B=
0 0.01 1.01

 policy gradient methods are
more robust to noise versus
sensitive one-shot method

« empirically observe tighter
optimality gap ~ O(SNR™?)
than our certificate O(SNR™1)

I

10°

107 F

10% ¢

optimality gap: mean =+ std

one-shot

e direct

iIndirect
m— Natural
GN

20

40

60

80

100
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SO me nN Ota b | e eXte NS | onNs ] State Trajectories and Safe Set

»

. N \
technical but conceptually easy: % . §
output setup, time-varying or non- 2§ \ §
linear (fixed library) systems, LQI ... ) 0§ s \ §

) N N safe set
\ N |= — LQR baseline
hard: general SDP design beyond LQR -z§ N[ g gur method
— worst-case H,, desing or constraints _4§ \f\\:..
— no differentia b|||ty, eXpliCit gradient K\\m

4 -2 0 2 4 6

'
(o))

— requires entirely different approach

novel online primal-dual SDP _ ,
. . . A Data-Enabled Primal-Dual Approach for Policy
algorithm extending our adaptive Learning with SDP Formulations

Han Wang, Feiran Zhao, Florian Dérfler

method to general SDP objectives -




Implementations

An Adaptive Data-Enabled Policy Optimization
Approach for Autonomous Bicycle Control

Niklas Persson, Student member, IEEE, Feiran Zhao, Mojtaba Kaheni, Senior Member, IEEE, Florian Dorfler,
Senior Member, IEEE, Alessandro V. Papadopoulos, Senior Member, IEEE

iy
[

| Direct Adaptive Control of Grid-Connected Power Converters via

[ Output-Feedback Data-Enabled Policy Optimizatiet

[

| Feiran Zhao, Ruohan Leng, Linbin Huang, Huanhai Xin, Keyou You, Florian Dorfler

|

Unified Aeroelastic Flutter and Loads Control via
Data-Enabled Policy Optimization

Xuerui Wang, Feiran Zhao, Andres Jiirisson, Florian Dorfler, Roy S. Smith

[:] Hardware D Software Analog Signals Digital Signals (PWM)

Host Computer 2
(HI ,Qirnul:f()r)

34




Power systems / electronics experiments

Digital Signals (PVWWM)

I
§ |-j I’ Host Computer 2 H

[j Hardware

Analog Signals

‘ D Software

(HIL Simulator)

\ "B—-

- HILSlmulator ~—" Host Computer 1 ’ ,,,,,,,
(OP5700) (FPGA Controller)

1t
FPGA I: +—pQ [+
Controller 0, < Cal |glabe

S

p ~‘

|
~ | I

\ 4
& policy gradient adaptive LQR

nverters in low-inerti wer .
converters in lo ertia powe implemented on FPGA controller

systems often cause instabilities
power converter, energy source, & power grid are black boxes =




Data-enabled Policy Optimization (DeePO)

1.0 p.u.---
-1.0 p.u.--A

1.0 p.u.-

1.0 p.u.--4

sustained data collection via '

oscillation noise excitation activate DeePO
A A

4 Y N

| |
| A-phase voltage signal |

ents

P WN T w A

-1.0 p.u.--

Active power

L WN\RWWMNW DA WMWWW

\SANASAMANC AN

-~ S wwm mwwwwmmm WWWNVWN mwmmw Wpfrirnasasicpastonioso

0 0.2 0.4 0.6 0.8 1.0 12 1.4 1.6 1.8 2.0
time [s]

adapt for oscillation damping

-1.0 p.u.-- |

T

temporary voltage sag
at grid connection

! A-phase voltage signal (with DeePO)

1.0 p.u.---

©

I

I Active power (with DeePO)
1.0p.u.-- fses
Active power (without DeePO)W\\

0--- | S ——
I C
0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0
time [s]

adapt to grid event




IEEE 39-Bus Power Systems Case Study

GFL6 GFL7
GFL1 l 1
oo %
—_—<37> —_— <38>
<30>__ <25> <26> <28> <20>
<> L <27> <24>
N
] GFM1
<18> <17>
o
<3> <16>
<15> )1 ——<35>
— 21> ]
<39> <4> [ <14> =
<5>
_5'_‘2_ <6> <12> <19> <23>
GFM2 il =
g 11> <20>
= <31> <10> <;_ <33> 1=
<O> —_ <32~ @
’
2 |5 = voltage
/ GFL2 1 1 GFL4 g
/ GFL3 o GRLs sag event
/
I
I

converter 2 is selected for DeePO control

active power (p.u.)

active power (p.u.)

1.05

0.95

1.05

0.95

converter 2 without adaptation
0 0.5 1 1.5 2 2.5
time [s]
converter 2 with DeePO adaptation

time [s]
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CONCLUSIONS




Conclusions

Summary

« policy gradient adaptive control

* various algorithmic pipelines

* closed-loop stability & optimality
 academic & real-world case studies

Ongoing & future work

xt=Ax+Bu+w

@'P—Kx

<

plant

probing noise

control policy

policy gradient descent

K*=K —n V(&)

« technicalities: improve rates & generalize system class

 when to adapt? online vs episodic vs triggered?

« algorithmic: accelerate & break time-scale separation

39
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Algorithmic road map

model identification I

data

sample covariance

D direct  pEisher natural
INairecC metric gradient

vanilla regularization
Newtonfmetric
policy Hewer robust
gradient algorithm gradient

Fisher :
—o] direct
vanilla reqularization

Newton|metric
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Pre-scaled policy gradient

K*=K—nMK)V(K)

— Gauss-Newton: M(K) cheaply
approximates inverse Hessian V4J(K)

gradient descent Newton's method

2 -1 0 1 2 2 =1 0 1L

policy evaluation S improvement

Fact: this equals Hewer's algorithm:

LQR through the Lens of First Order Methods:
Discrete-time Case

Jingjing Bu, Afshin Mesbahi, Maryam Fazel, and Mehran Mesbahi*

— Natural policy gradient method:
M(K) is inverse Fisher information

— M(K) VJ(K)
~ descent _&&
in direction®
with large i

AN

A
variance \\’s""'l

—V](K) ~ steepest

’;“"%‘:?z&" Euc:hdean

......

Fact: M(K) VJ(K) = V/(K)X ! is easy to evaluate

43




Certificate for any of the policy gradient methods

Theorem (simplified): There exist Vi >01€ {1 2, 3 4,5}, depenqu on
(4,B,0,R,K,) with v, < 1, so that, |f(SNRt > v],_Vt 77 < Va2, E( for'stable K,

-_— gy - g =

1. the closed-loop system is stable in the sense that - Y
== e ~ <« _ _suff. large SNR &

’_——~

7
| step-size
X S(v (1——) +— ax |Be; + wi|~ ' °
xe| < s ol 4g2<tl + Wil

————’

L 1

/
2. the policy converges to optimality in tf‘we sense that

// \

__’ — = S

” C(Kt) — C* <'(1 ——) /QC(KtO) C* )‘-I—’O(SNRt‘l),
Vs -Tr-

I =~ !
\ ; 1 \

\ : . . :
* nominal exponential convergence bias due to noise 44




Notes on stability & convergence statement

« assumptions: stable K, + large enough SNR + small enough
step size to control learning rate & assure sequential stability

« convergence: nominal exponential + (decreasing) bias term

— Zames' 2nd monotonicity principle: improving performance

- 0(1/+/t) for Gaussian noise & constant excitation } oo

known rates

- 0(t~%/*) for Gaussian noise & diminishing excitation J s & o(1/v8)

. direct methods: SNR, > <2t -, o const: o -onvergence rate
a(M¢) | M¢|l
: Uol" ., [Uo] 7
depend on data-dependent matrix M; = = UO ¥ ] [X ] U, .
0 0




Notes on stability & convergence statement

« all results also hold in regularized setting under proper choice of
regularization coefficient 4, < 0 (y; 6;) (const. for bounded noise)

* |Indirect Gauss-Newton method = adaptive version of Hewer’s
algorithm, which needs additionally K, sufficiently close to K*

Algorithm: adaptive Hewer's algorithm

1. data collection: refresh (X,, Uy, X;)

2. identification of (B, A) via recursive LS actuate
& repeat

3. policy evaluation: P* = Lyapynov (B, 4, K)
4. policy improvement: K™ = (...)"1P*BA




Numerics: mean + std

350
data set #1 one-shot

300 r| (quality data) direct
indirect

250 N QtuUral
GN

200

150 | |

100

50
O 1 1 1 1 1
0 20 40 60 80 100

t

of closed-loop realized cost

20 r
data Set #2 one-shot
(poor data) e dfirect
15 | indirect
— natural
GN
, 10
5 =
O 1 1 |
0 20 80 100

— all converge with a bias, but one-shot & Gauss-Newton less robust
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Numerics: computational efficiency

running time (s)

0.5

04r
— 5 B T ]
= . L

03 g 4+ one-shot—— direct ]
5 3

0.2 ccj) _ . —
= 2

0.1} S 1r .

10 20 30 40 50
X X X \ : .
0(\6’6\00 5 .\0(&\@0 2° S state dimension

— all policy gradient methods significantly outperform
one-shot-based method in computational effort




