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Motivation: Complex Human-Cyber-Physical Systems

Electricity Grid Transportation Manufacturing Buildings
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@ Unknown physical system models + Hard-to-model human behaviors



Motivation: Complex Human-Cyber-Physical Systems

Nodal voltages V € [V, V]

- v=fp) P P

DER power injections P

Voltage Control

DER (Distributed Energy Resource)
@ Unknown physical system models + Hard-to-model human behaviors

@ Explosion of Data: real-time measurements / observations

|

) Data-Driven / Model-Free Control and Optimization
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¢ (First-Order) Gradient Descent

$k+1:wk—ﬁ'w)

¢ Gradient information is unknown

+ Only function evaluation is available

—

e Bandit learning

* Reinforcement learning
e Simulation-based control
* Black-box optimization

* Adversarial training

* Parameter tunning

s Zeroth-Order Methods

solve using only function evaluations

[ Zeroth-order Optimization (ZO)

Extremum Seeking Control (ESC)



Pre||m|nar|es on Zeroth_Order Methods [Flaxman et al. 2005] [Nesterov & Spokoiny 2017]

Zeroth-Order Single-Point Gradient Estimator: chl)(a:; r,u) = gf(a: + ru)u
Optimization (ZO) | | | ) g
o = T — 1+ Gy (mer ) Two-Point Gradient Estimator: GS.: (x; 7, u< ;(f(a:+ru)—f(a:))u
smoothing radius random perturbation
min f(m) Random perturbation Sampling
R Lemma 1. |
= f=) I, Ey[Gy(x;ru)] = V(z) + O(r) C) -
Stochastic gradient estimation |
Extremum Seeking with nonzero (but controllable) bias. N(0,1/d) Unif (Sg_1)
Control (ESC) EuntnitGar) (G} (57, u)] = VF, (),
2

T = —af(;c+a sin(wt)) sin(wt) | where fi(z) := Eguunitsy) [ (2 + r8)].




Preliminaries on Zeroth-Order Methods

Zeroth-Order
Optimization (ZO)

Tp1 =Tk — 1 Gpxp;r, ug)

min f(z)

| f() =

[Flaxman et al. 2005] [Nesterov & Spokoiny 2017]

Using only output feedback, ES system drives the state x to an optimum.

Extremum Seeking
Control (ESC)

T =— %f(:c%—a sin(wt)) sin(wt)

Lemma 2. ¢ =——f(x+asin(wt))sin(wt) ~ = -V f(x)+ O(a)
a
z+asin(wt) f(z + asin(wt))
1 y=f() =
: 1 2 .
a sin(wt -+ ) ——— —— |« X —sin(wt)
. T S a
small probing
signal state  integrator

ESC System
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Pre||m|nar|es on Zeroth_Order Methods [Flaxman et al. 2005] [Nesterov & Spokoiny 2017]

Zeroth-Order . . |
Optimization (ZO) (Discrete-Time & Random Perturbation)

—

Tyl =xp — 10 G, u)

min f(x)
zeR Estimate unknown gradients using perturbed
T () [ function evaluations (or system measurements)

Extremum Seeking _

Control (ESC)

9 (Continuous-Time & Deterministic Perturbation)
x =——f(x+asin(wt)) sin(wt)
a




This Talk

|. Model-free Optimal Voltage Control
In Power Distribution Systems

O Il. Improve Single-point Zeroth-order

: Optimization Using Filters



Real-Time Optimal Voltage Control (OVC)

Distribution System

nodal voltage v" Control Optimality
%ﬂisturbanced measurement v Voltage Safety
" v:=(V)ieN
v(x,d)
x:=(pi, ¢i)ieN _ decision ;= (pi, ;) control cost
DER
_power Obj. m:gn Z ci(x;) 0)Y/@
Injection % i€N  DER power
oo (t) — .’L‘i st. @ € X capacity se;:ceN
P1 » 41 (0] _
® DER-1 O |= converse ‘ v; <vi(e,d) <v;, ieN
7 t s Yq t t — '. 0 1 t
pilt), & (1) o DR = | ull R S
! - < 7
t ? t Y, UN(t) y g () é ()
prtlh and? ® DERN 1T |- )
—_ ===
> [

Control DER Units
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Real-Time Optimal Voltage Control (OVC)

Unknown Model Distribution System

%ﬂisturbance d

nodal voltage

v" Control Optimality
v Voltage Safety

decision x;:= (Pe:; Qi)

o

min Zc@(w@) OoVC
TN

. x; €A, e N

measurement
v:=(V;)ieN
v(z,d)
T:=(Di, @i )ieN _
DER
power
injection %
t t t
pr(t), a1 (1) T ul)|  converge ‘
ilt), qi(l P .~ il
pilt), ai(t) o m vi(t)
£), gn(t — UN (1
px(t) an(t) T (1

Control DER Units

0 Scalability
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Optimal Voltage Control Design

Distribution System

disturbance d ° voltage
- measurement
<
- X
power I-’t > :él
injection
x; = (pi, ¢i) /U?%n(t)
P-PDGD |«

Projected Primal-Dual Gradient Dynamics
(P-PDGD)
3.3,,; = ]C;,; —PI‘Oin (iL'z — azg;(Vc?;(a:i) -+ EZ)) = .’Bz}

A=k, _Proj&()\j—i— ax(vi(z,d)— 7;)) —)ﬂ

1

A7 = ka[Proje, (A + ax (v — vilz, d))) = A7 |

_ Ovj(x,d)

L + 3\,

%_Z(AJ' Aj) oz, ®ic/N
FJEN

*
&y
Obj. min Zcz(a:@) OovC
ToienN
s.t. x; € A;, ieN

% solved by ‘

Saddle Point Problem

dual variable max min L(x, \)

_ . A>0 xeX
A:()\:_;)\Z )’&EN
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Optimal Voltage Control Design

Projected Primal-Dual Gradient Dynamics

Distribution System (P-PDGD)
disturbance d voltage . S
> measurement &; = ky |Projy, (Ti — ax(Vei(x:) + £;)) — mz}
| v(z,d) T L
power A=k _PrOJR+()\i + ax(i(z,d)— ;) —; }
injection A7 = ka[Proje, (A + oo (v ui(@ d))) - ;]
m _ . Ov(z,d)
x;:=(pi, qi) Yy (t) ;= AT -\ e :
P-PDGD - J,%(‘f ’ ’ dx; ®icN
“ONVETEE l © DER| K % not implementable
. due to unknown system model
&y
Obj. min Z ci(x;) OovC
ToienN
s.t. x; € A;, ieN
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Optimal Voltage Control Design

Projected Primal-Dual Gradient Dynamics
Distribution System (P-PDGD)
disturbance d voltage . S
> measurement T; = kz _PTOJ& (fBz = (T eslaz ) fz')) - mz}
| vz d) A= ky | Projr. (AF + anl o™ () = 7)) —AF
power | rOJR+( i —|—C¥)\( U; ( ) _Ui)) - z:|
injection A7 =k Projg_ (A7 + aa(v; = v™(2) ) —)\Z}
m _ . Ov(z,d)
x; = (pi, qi) Y () i = (AT =)= :
P-PDGD - gf 7o) O ®ichN

“ONVETEE l © DER | K % not implementable
due to unknown system model

*
&
Obj. min Zcz(a:@) OovC
TN
s.t. x; € A;, ieN
v; <vi(z, d) <, ieN

Q Our Solution:

* Replace v;(x,d) by real-time measurement v;"(t)

Ov;(x, d
* Zeroth-order method to estimate gradient %




Optimal Voltage Control Design

Zeroth-order Method:

asin(kt)+x —> v(x)

AVAV

Zeroth-order estimation

%U (z+asin(kt)) sin(kt)

First-order gradient
dv(x)
dx

—— real-time measurement v™ (t)

Projected Primal-Dual Gradient Dynamics
(P-PDGD)

T, = ks —Projxi (zi — ax(Veilx) +£)) — mz}

AF = kx| Projg, (A + ax( v™(t) — ) —Aﬂ

A; = kx |Projp (A7 + ax(v;— v™(¢) ) —)\I}

_ . Ovj(z,d)

— + _ 2N

=2 (N - )= ®ichN
JEN

not implementable
due to unknown system model

Q Our Solution:

* Replace v;(x,d) by real-time measurement v;"(t)

8?)3' (.’E, d)

* Zeroth-order method to estimate gradient —5_—
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Projected Primal-Dual Zeroth-Order Dynamics (P-PDZD)

x; =k, _Proj)&; (331 —a, (Ve (x;) + e@) —337;}
A= kx| Projg, (AT + ax(ps — 0:)) —/\ﬂ <:| Projected Primal-Dual Dynamics
)};: k -ProjR+(/\i + ax(v; — ,uz-)) —)\J v' Optimality & Safety
.17
bi=—|—4L;+—-N -yt sm(mt)]
i I <:| Zeroth-Order Gradient Estimation
fi=— | —pit v (1) ] v" Model-Free

ijEE <:| Dynamic Average Consensus
Yi = ()\:r — ;) vi'(t) —pi v" Distributed Control

@Each DER uniti ¢ NV
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Projected Primal-Dual Zeroth-Order Dynamics (P-PDZD)

local voltage
measurement

v;" (1)

?

—

local communi.
with neighbors

y; (t)

Projected Primal-Dual Dynamics

Dynamic Average Consensus

@Each DER uniti ¢ NV

power injection setpoint

disturbance

Distribution System

> ;= (pi, ¢)

-

power
injection

L

ey

voltage
measure.

Control Law

@® DERi



Projected Primal-Dual Zeroth-Order Dynamics (P-PDZD)

Projected Primal-Dual Dynamics

local voltage
measurement

v, (¢)
e

local communi.
with neighbors

y; (t)

Dynamic Average Consensus

power injection setpoint

i =(pi, ;)

disturbance

Distribution System

-

voltage
measure.

power

L

injection
P-PDZD

@Each DER unit: € N/ \ / @ DER |




Control Process lllustration

local communication y;(¢)

v' Optimality

4 i : :4 ! Y
Cyber Layer ) A1 » ') v’ Safety
i | ! N ! 1 local action
local measurement | ST | ! R
U;.n(t) i ! i i ! i E ! i i x; (1) v' Model-Free
*l — >
Physical System / - / seitadantive

Real-time physical system feedback + Zeroth-order gradient learning
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Theoretical Guarantees [Chen, et al, arXiv 2023] [Chen, et al, CDC 2021]

> (Semi-Global Practical Asymptotical Stability)

Theorem 1. (informal) Under assumptions of convexity, with feasible initial condition in a compact set, there
exists a class-KL function 5 such that for any precision v > (0, with sufficiently small (¢, a, ey, Ep), the
trajectory z(?) of the P-PDZD satisfies

12(8)]14 < B(I=(0)]| 4, £) + v, V>0,

» (Structural Robustness to Small Measurement Noise)

Theorem 2. (informal) Under the same conditions in Theorem 1, there exists p* > 0 such that for any
measurement noise d with sup;>q |d(t)|| < p*, the trajectory z(t)of the P-PDZD with additive

measurement noise satisfies

1E10]

A< B(1z00)]] 4, ) +2v, VE>0.



Simulation

T,

Sﬁ\\ B : monitored bus
59 60 61 62 63 64 65 66|67 68 69 | : unmonitored bus
SVC
DG
4041 57 58
1 2 3\ 4\ 5 6 7 8B O9V\I10 11\ 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27
DG
36 37 38 39 55 56 [iE] P
e
Y76 R
42 43 44 45 46 47 48 49 50 51 52 53 54
S

28 29 30 31 32 33 34 35

3-Phase IEEE 69-Bus Distribution System

. “®  Matlab Simulink Model

o

Ve n
e
AT

¢ Wy .

z PV_BatonA

o PuBatens o5

E— PU_Bateryc

high-fidelity EMT inverter model
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= fiiei fo==i 1 Pisst it
Loadé4
: control P ref, Q ref
227000
162000 59000
42000
" —q | " . i Load6s
eI e el e 1 t
c -Jl c © T
Line 63-64 BUS 64 l Line 64-65 BUS 65
q BUS_64 BUS_bs-
12 66e3V 125603V ‘
GQ 0.91pu 0.9034pu
1.14deg 1.146deg,
XFM-1
12.66 kV /4B0 V5
2]
» Pref PV_BatteryA p—
- PV_BatteryB
S R pe——
Pv2




Case 1. Step Power Disturbance Case 2. Continuous Power Disturbance

Bus Voltage Magnitude (p.u.) Real time-varying solar generation

< 6 T T
=
1.00 aue3s S . &
i Bus38 3
0.98 Bus46 32
Bus50 >
Bus65 & oo ' ‘ ‘ '
0.96 | | — T 0 4 8 12 16 20 24
e Time (hour)
0.94] | lower limit 0.95
| :
0.92 ; -
3
- ;
0.90 L . . . — = ———
0 100 200 300 400 500 Time (s) g _ w
§ bus-3 bus-35 bus-54
08 bus-27 bus-50 bus-69 :
Flexible DER Power Outputs (MW/Mvar) 0 4 8 12 16 20 24
| | | Vor O Bucss .. Time (hour)
1.5 e o st QOWET limit ‘
DG1_P_Bus51
DG1_Q_Bus51
11 Doz P Buszt with voltage control
DG3_P_Bus61 T T T T T
DG3_Q_Bus61 - 11F 4
05 I e — )
S
0 B
§ bus-3 bus-35 bus-54
05 0.8 bus-27 bus-50 bus-69 1
. | | | | 0 4 8 12 16 20 24
0 100 200 300 400 500 Time (s) Time (hour)
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Projected Primal-Dual Zeroth-Order Method

(> Feedback Optimization Q Zeroth-order Gradient Estimation

(Physical System Feedback + Control Law = Optimization Algorithm)

» Real-time model-free optimal control of complex (multi-agent) physical systems

Building Energy Control Wind Farm Control

v" Unknown system model

| = ~ \
\ uiS :
i
g Ky L%‘ﬂ
E - r; —u‘,v{. .‘ "‘> ‘ I i . I @ v L =
? 2 P @ﬂ."-ﬁ‘ﬁ 3 - i o i A )

Source Seeking

P{;'Vf
v" Performance guarantees /’Q%l\

v’ Scalability v’ Safety

[1] X. Chen, J. |. Poveda, N. Li, “Continuous-Time Zeroth-Order Dynamics with Projection Maps: Model-Free
Feedback Optimization with Safety Guarantees”, 2024. (accepted by IEEE Trans. Automatic Control)
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This Talk

|. Model-free Optimal Voltage Control
In Power Distribution Systems

O Il. Improve Single-point Zeroth-order

: Optimization Using Filters



Zeroth-Order
Optimization
(£O)

min f(x)

Extremum
Seeking
Control (ESC)

Single-Point ZO

d
Tiy1 = T — n;f(wk—H"uk)uk

L J

single-point gradient estimator

one function evaluation = online problems

large variance and slow convergence.

Lh+1— -’Ek—’f?;

|

Two-Point ZO

d f(ap+rug)— f(er—rug)

2

Uk

J

two-point gradient estimator

How to Improve Single-point ZO?

Close connection between ES control and Single-point ZO

Bl % F( + a sin(wt)) sin(wt)

continuous-time dynamics

y = f(z)

a sin(wt ——(+ )

(x

— sin(wt)

25

x impractical for online or dynamic settings.



min f(x)

xZr
Extremum Seeking Control Vs Single-Point ZO
: . : d
t=—k-—f(zx+ asin(wt))sin(wt) Tpt1 =T — 1) - ;f(zck + rzK) 2k
a

continuous-time «——  discrete time

deterministic probing signal sin(w?) ~ «——  random perturbation direction 2z
probing magnitude a «—— smoothing radius r

control gain k£ <« stepsize n



wash out the useless DC component from output

ES Control| + Filters

= —k- %f(a: + asin(wt)) sin(wt)

A 4

»

y = f(-)

e

a sin(wt)—»@:

A

i g (RN

»

high-pass
filter

4é<>~—z sin(wt)

low-pass filter e

wash out high-frequency oscillations for cleaner gradient estimation <

Single-point ZO (SZO)
d

A 4

y=f()

L1 = T — n;f(:ckJrruk)uk +
TUj— —

T4+1 = Tk — 1" gk

A

A

27



Objective

—— nofilter
— with filter

wash out the useless DC component from output

A 4

y = f(-) >

high-pass
J : filter

A

Time (s)

(- )« _S 1 — % )4——2 sin(wt)

low-pass filter e

50

Single-point ZO (SZO)

d
L1 = T — n;f(a:kJrruk)uk

wash out high-frequency oscillations for cleaner gradient estimation <

v

A 4

y=f()

A

_uk

|

ru% gjk_I_lzxk_n.gk
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ES Control
2

+ Filters

= —k-—f(x+ asin(wt)) sin(wt)

a

v

a sin(wt)—»@:

Can we borrow the idea of
high-pass and low-pass filters
to improve SZO?

Single-point ZO (SZO)

d

L1 = T — n;f(a:kJrruk)uk

v
Nay
I
=
NG

L

A

low-pass filter

A 4
<
|
pag
=

»
»

high-pass
filter

k | é 2
- 1 - sin(wt)

ru%

T4+1 = Tk — 1" gk

A
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“Can we borrow the idea of high-pass and low-pass filters to improve SZ0?”

YES!

Vanilla SZO High-pass Filter Low-pass Filter
d + [ e
Tpy1 = Tj — n;f(a:kJrruk)uk st on & -
recycled
Our proposed HLF-SZO 1] from last iteration
d

Tpi1=xp — 10— fxp +rug) — f(@r—1 +rup—1) Jur + a(xp, —xK_1)
T

residual feedback 2] “momentum”

[1] X. Chen, Y. Tang, N. Li, “Improve Single-Point Zeroth-Order Optimization Using High-Pass and Low-Pass Filters”, ICML, 2022.

30
[2] Yan Zhang, et al. A new one-point residual-feedback oracle for black-box learning and control. Automatica, 2021.



Derivati on Pr() cess residual-feedback SZO vanilla SZO

‘5* =1 B =0
Vanilla SZO High-pass Filter HF-SZO

T =T —1n—Tflxe +rur)u — d
k+1 k Urf( k k?) k S+ wgy ang::ck—n-;zkuk

d 1+ s | {zk—(lmzkﬁf(scﬁmk)f(:ckwukl)

fr = f(zr + ruyg)

y = f(x) T > L{V=—" [If) = stwyz={
S+ Wy
S l time discretization
high-pass filter
3+UJH 2L — Zk_1 fk,_fk—l
T WHZE—-1 =
- 1) )
k
d — Zk = (1 — 5wH)Zk—1 + fr — fr—1

< X ;uk T

b

31



Derivation Process

Vanilla SZO

High-pass Filter

d

Th+1 = Ty — 1) [ (Tn + rug)us +

Vanilla SZO

_|_

S

Low-pass Filter

_I_

Wr,
S+ wp,

High-pass Filter —I—

residual-feedback

(variance reduction)

residual-feedback SZO vanilla SZO

‘5* =1 B=0
HF-SZO

Low-pass Filter

momentum
(acceleration)

2r=01-08)zia+f(er+rug) — f(xr +rup—)
T =T — 1 Lzpuy

L E-S70 momentum term

d !

—_— Tp] = Tf — n;f(wk—i—?"uk)uk + a(xp—Tk—1)

HLF-SZO

32



under the Lipchitz and smooth conditions

Performance Comparison

Convex Nonconvex
mi% f(x) | T
R E(f(@r))—f(z") <e =) ElVF(@)|’] <e
k=1
: Gasnikov, Krymova, et al. 9, 3
Vanilla SZO (2017) O(d”/e’) /
Residual- 2, 3 5, 3
Feedback S7O Zhang, Zhou, et al (2021) O(d”/e?) O(d?/e2)
HLF-SZO Chen, Tang, Li (2022) O(d? Je?) O(dz Je2)
Two-Point ZO  Nesterov, Spokoiny (2017) O(d/e) O(d/e)

[2] X. Chen, Y. Tang, N. Li, “Improve Single-Point Zeroth-Order Optimization Using High-Pass and Low-Pass Filters”, ICML, 2022.



Numerical Tests

N
_ 1
> Logistic Regression: (d=2, N=200) min, flx) = N Z log (1 + exp(—y; - A] )

1=1
Vanilla SZO HLF-SZO
0.4 0.4 , - -
v Vanilla SZO e HLLF-SZ 0O
~0. 80% Cl : 03 0
X + Filters 3 80% ClI
02} » 102
% <
= 0.1 =009
0 ' ‘ 0 ‘ ' '
0 5 10 0 100 200 300 400 500

Function Queries  x10* Function Queries
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Case Studies (Residual SzZ0, HLF-SZ0, Two-Point ZO)

» Logistic Regression (d=50, N=1000) » Ridge Regression (d=50, N=1000) » Minimize Beale function

N
win f(@) = &3 log (14 exp(cy - ATz))  min J(@) = 3l Half+scllalf @)= (15 —a1 +012)° + (225 + 2123
zER N i=1 + (2.625—LE1 + $1$g)2.
Residual 0% CI-Resi 61 Residual 80% Cl-Residual ° Residual d0% Cl-Rasidual
o irero oo ] —HLF-sz0 80% Cl-HLF ——HLF-520 80% CHHLF
Two-Point 80% Cl-Two Point Two-Point 80% CI-Two Point’ Two-Point 80% Cl-Two Point 1

l0g.,(F0)-(x*))

0 1000 2000
Function Queries

3000 4000 5000

l0g., o (F<)-1(x*))

1000 2000

3000 4000 5000

Function Queries

l0g., (F-(x*))

1000 2000

3000 4000 5000

Function Queries
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Takeaways

* Close connection between Single-point Zeroth-order Optimization (SZO) and
Extremum Seeking Control (ESC)

= Borrow the idea of high-pass and low-pass filters from ESC, which significantly
improves the convergence of SZO

Vanilla sz0: O(d?/e®) —— HLF-5Z0: O(d? /¢?)

Control ) Qptimization

[2] X. Chen, Y. Tang, N. Li, “Improve Single-Point Zeroth-Order Optimization Using High-Pass and Low-Pass Filters”, ICML, 2022. 30
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