Learning to optimize grid-edge devices
in real time
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University of Colorado Boulder

Grid Edge - Devices, Control, Applications, and System Operation
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10,000-feet view
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Current modus operandi

X = f(xa u, W)
y =g(x,w)
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Current modus operandi

Cost, constraints, w
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Current modus operandi

Cost, constraints, w
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y = g(x,w)
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(repeat )

Up4+1 = T(uka W)
until convergence
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y = M(u,w)
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Current modus operandi

Cost, constraints, w
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until convergence
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Implicit assumptions

Cost, constraints, w

e
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o0 -fast Computation
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(repeat ) W

Up4+1 = T(uka W)
until convergence
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Implicit assumptions

Cost, constraints, w

X
y =g(x,w)
Fast Slow
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Steady-state Time
optimization constant
(repeat )

Up4+1 = T(uka W)
until convergence
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Stochastic and uncertain operation

Cost, constraints, w

X
y =9(x,w)
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optimization constant
(repeat )

Up4+1 = T(uka W)
until convergence
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y = M(u,w) Computation-
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Cost, constraints, w

k:f(x,u,w)

y =9(x,w)
Fast Slow
® o >

Steady-state Time
optimization constant

online algorithm

ut+1 = ﬁ(uta yt)

Plant co -fast

Yt = M(Ut,Wt) = -
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Cost, constraints, w

%9 Q.

Fast Slow
@ —>
Steady-state Time
optimization constant
online algorithm
Ugt1 = ﬁ(uta yt)
Plant co -fast
Yt = M(Ut,Wt) = -
Q Algorithmic synthesis

Q Rigorous optimality convergence analysis
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____ Objectie 4

Cost, constraints, w

%9 Q.

Fast Slow
@ -
Steady-state Time
optimization constant
online algorithm
ut+1 = ﬁ(uta yt)
Plant co -fast
Yt = M(Ut,Wt) = -

0209 ° v

Q Learn users’ preferences
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Aside: not a neural network approach

P& Cost, constraints, w
e e Q. S
X = f(X, u, W)
y =g(x,w)
Fast Slow
° O o >
Time
constant

a Not a “deep learning” approach

Require information about non-controllable assets

Require massive dataset for training

We rely on parsimonious feedback

We aim to provide rigorous optimality and feasibility guarantees
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Applications: demand response

N
Users’ or DERs’ function: J¢(u) = Z It (Um)
m=1

2 Q\J

a HVACs, EVs, energy storage systems, PV systems
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Applications: demand response

Users’ or DERs’ function: J¢(u) = Z It (Um)

2 .ﬂ\/

a HVACs, EVs, energy storage systems, PV systems

Total power consumption: y; = Zm U, + lTWt

O Task: follow an AGC or DR signal

Ci(u) ==y — )2 or —(y yr )2 <

2
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Applications: optimal power flow
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Applications: optimal power flow

@

Power & Energy Society®

min Ji(u) + Cy(M(u, wy))

ueld;
5. to g¢(M(u,we)) <0

[Po— Fii| <e

& California 1ISO

ABOUT US PARTICIPATE

About Us
Participate
Stay Informed

Board and Committees
Stakeholder Processes
©°

Release Planning
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Distribution feeder f Transmission system
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STAY INFORMED PLANNING MARKET & OPERATIONS RULES 1SO EN ESPANOL
Home > Stay Informed > Processes > C Closed Initiatives > Flexible Ramping Product

Flexible ramping product

In August 2011, the California ISO Board of Governors approved the flexible ramping
constraint interim compensation methodology. At that time the ISO committed to begin a
stakeholder initiative to evaluate the creation of a flexible ramping product that will allow the
1SO to procure sufficient ramping capability via economic bids. Through this initiative, the
1SO will evaluate allocating costs to generation and load in accordance with cost causation
principles.
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0 Time-varying optimization [Popkov'05] ===  min J;(u) + Cy(M(u, wy))

ueld,
teT:={kAkeN} s.to gi(M(u,wy)) <0
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0 Time-varying optimization [Popkov'05] ===  min J;(u) + Cy(M(u, wy))
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Problem statement revisited

0 Time-varying optimization [Popkov'05] ===  min J;(u) + Cy(M(u, wy))

ueld,
teT:={kAkeN} s.to gi(M(u,wy)) <0

o Problem: design an online algorithm
7 %
u = u )
t+1 t(ug, ye) % 2
o Tracks {uf,t c T} 3Q ‘,..-~.," : o.g"
'u._." .

o Does not require {w¢,t € T}

o May rely on approximate costs Time
a Learning human preferences [Ospina-Simonetto-Dall’Anese’20], [Menner et al’20]

0 Learning models or barrier functions [Taylor et al’20], [Lindemann et al’20]

@’ES A ¥ 1EEE



Example of feedback-based optimization

Hé]g{l Jt(U) + Ct(Gu + HWt)

&\

s . ¢



Example of feedback-based optimization

Hé]g{l Jt(U) + C’t(Gu + HWt)

o Feedback-based online PGD:

Ui = Te (s, ye) = projy, {ut — (Ve + GTVCt(Yt))}

U1 = ﬁ(ut,}’t)
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Example of feedback-based optimization

Hé]g{l Jt(U) + C’t(Gu + HWt)

o Feedback-based online PGD:

Ui = Te (s, ye) = projy, {ut — (Ve + GTVCt(Yt))}

Learning —» &
Ji(u) Uil = 72(1115,}’15)

2 =J(ur) + € f

o o
( o o o

o (o)
!g o E— Yt:Gut+HWt

o How to obtain VJ; or J;(u)?

a Zeroth-order methods [Duchi et al’15], [Hajinezhad-Hong-Garcia’19], [Tang-Ren-Li’20] ...

a Online learning via Gaussian Processes [Amani-Alizadeh-Thrampoulidis’20],
[Ospina-Simonetto-Dall’Anese’20], [Srinivas et al’12], ...

o Strongly convex regression [Simonetto’20]
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Example of feedback-based optimization

o Learn function from functional evaluations zr = J.(u;) + €,

o The posterior distribution of J(u)|{u, z; } is a GP with mean and variance:

pe(u) = k(u) (K +~°I) "'z
k(u,v') = k(u,u’) — k(u) " (K ++%1) " k(u)
st (u) = k(u, u)

a Surrogate function:

A

Ji(u) = pg(u) [exploitation]

jt (U) = Mt (11) + Bist (U) [exploitation-exploration]
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Example of feedback-based optimization
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Example of convergence results

HélLI{l Jt(u) -+ Ct(Gll + HWt)

Theorem. Let u — F;(u) be strongly convex and let & € (0,2/L). Suppose that

{u;,t € T} is generated by the online algorithm u; 11 = 7;(us,y:) . Then:

t
() Efllussr —uj [l < CGelluo — ufll + > Bi(eE[|les]] + o)
1=0

t
1 ifi =t,
Gt 3:HPi ; 51':{
i=1

[Tieiapr ifi#t.

where

(if) With probability (1 — d),d € (0,1), we have that:

2e

0 0 t
2 *
s il < (5 ) 1o (3) <<t|uo—uo|+§jﬁi<aui+ai>) |
1=0
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From theory to the field

Basalt Vista Affordable Housing Project

* Habitat for Humanity, Pitkin County, Basalt School District Home Equipped with Controllable Loads

* 27 homes for teachers and local workforces. * Rooftop solar i
» Designed to ZNE building with all electric construction * Energy storage |
* Adjacent to Basalt High School * Mobility charging (EVSE) |

4 selected for HCE's field deployment Comfort (Hot Water + HVAC)

Effort part of ARPA-e NODES project
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From theory to the field

Q 24-hour point of common coupling power flow
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Effort part of ARPA-e NODES project

@’ES A ¥ 1EEE



Example: real-time feedback-based OPF

a Real circuit within the Southern California Edison

O PQ of inverters updated every 1s

O Mix of residential, commercial, and industrial customers
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Test part of ARPA-e NODES project
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Example: real-time feedback-based OPF

a Real circuit within the Southern California Edison

O PQ of inverters updated every 1s

O Mix of residential, commercial, and industrial customers
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Example: real-time feedback-based OPF
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Example: real-time feedback-based DM
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o 30 DERs: HVACs, EVs, energy storage systems

a Rooms shared by multiple users

.;=

mf])___~ Total power consumption: yt = Zm :L‘fn + 17wt

Q Task: follow an AGC or DR signal

(yt - yfef)2 S €

o Real data from NREL, granularity of 1 second
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Example: real-time feedback-based DM
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Example: real-time feedback-based DM

fr(u) := J¢(u) + C¢(Gu + Hw,)
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Thanks!

emiliano.dallanese@colorado.edu
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