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Investment cost Planner’s expected cost from operations
n... Vector of investments

\ Demand distribution
S\

min - J(1) =57 1 + Eap h(z™(n,d))

\

s.t. |x* € argmin {c(:z;) cx € X(n,d) ¢
xZr
Operations Problem
(e.g., Multi-period OPF)

s
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Load patterns are a planning decision
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Integrated investment and policy planning
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Investment cost
n... Vector of investments
m... Vector of policy decisions

TS

. J 7 . T T
,nin (n,m) =~ n+ypm+

Policy-dependent

demand distribution

th

p(r) [ (27(n, d))]

s.t. £ € arg min {c(a:) . x € X(n, d)}

T

Related concepts from the literature:

- Decision-dependent uncertainty: Reparameterization gradients on “fixed” distributions

- Performative prediction: Same formulation, different modeling goal
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Now What?

Step 1. Step 2:
Solution approach via Parametrizing a suitable
gradient descent differentiable scenario generator
e Differentiation through * Requires a deterministic
optimization problems differentiable sampling path

e Differentiation through
demand distribution
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Solution via gradient descent “Reparameterization trick”
d. = Dg(m,z,¢), €~ Q

A .

1 .
: T T * (2)
nerln,lrne J(n, ™) =" 77_|_7P7T—I—N ;:1 h(:c (n,|d ))

s.t. z*(n,dV) carg mwin {0(33) Lz e X (n, dg))}

w.r.t. infrastructure investments 7 w.r.t. policy decisions 7
VpJ(n,m) = +i§:(Vx*-Vh) L (%) *
WO m) =1+ 3y ) (Vo -V Ve (0,m) = vp + 52 > (Vad® - Vaai - Vih)
i= i=1
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Solution via gradient descent “Reparameterization trick”
d. = Dg(m,z,¢), €~ Q

) X e

1 y
. T T * i
,in J(n, ™) =~r n+ypmt ; h(z*(n,|dS”))

s.t. ™ (n, dgf)) € arg min {c(a:) L X € X(n, d§j>)}

X

G(ad"em

w.r.t. infrastructure investments n

N
1
Vpd(n,m) =~ + N S: V|- Vzh)
i=1

* Implicit differentiation through the solved operations problem for each scenario
* Efficiently possible though the problem’s KKT system, e.g., via DiffOpt.jl
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Solution via gradient descent

Robert Mieth
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1=1

“Reparameterization trick”
d. = Dg(m,z,¢), €~ Q

e

)

s.t. ™ (n, dgf)) € arg min {c(a:) L X € X(n, d§j>)}

W

w.r.t. policy decisions 7

P+ — Z E d) - Vaz} - Vgh)

e Differentiation through the scenario generator Dy(, z, €)

Vﬂ"](na

e Scenario generator needs a differentiable sampling path
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Differentiable Scenario Generation via DDIMs

s :
Parameters —> aa Simulation &}‘Eenerator Training

Sample database Scenario Generator

Bl @i @ Sy — T Dg (ﬂ-’ 2, 6)

e Suitable choice for conditional time series: Diffusion Models

* Denoising Diffusion Implicit Models (DDIMs) are deterministic and differentiable
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Differentiable Scenario Generation via DD

IMs

Forward process
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An illustrative sampling simulator

Four policy knobs:

T == m1... EV adoption
o™e

(increases 6pm peak)

... Smart charging adoption
(shifts peak into night/morning)

(couples demand to hourly temperature)

m4... Building efficiency
(couples demand to mean temperature)

i
s ¢
tH m3... Building electrification
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An illustrative sampling simulator

Four policy knobs: m = [0,0,0,0]

m1... EV adoption
(increases 6pm peak)

g
o
T

... Smart charging adoption
(shifts peak into night/morning)

Load rel. to peak

1.0
__/\/ _
m3... Building electrification 0.5
(couples demand to hourly temperature) 5 10 15 20
Hour
m4... Building efficiency N S———
(couples demand to mean temperature) generated
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An illustrative sampling simulator

Four policy knobs: m = [1,0,0,0]

T == ... EV adoption
o™e

(increases 6pm peak)

i
o
|

R(S To... Smart charging adoption
d

T_@, (shifts peak into night/morning)

L
TN
f

A~

Load rel. to peak
R

m3... Building electrification o5+
tH (couples demand to hourly temperature) 5 10 15 20
Hour
tﬁ m4... Building efficiency P S———
(couples demand to mean temperature) generated
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An illustrative sampling simulator

Four policy knobs:

tﬁ 74... Building efficiency
(couples demand to mean temperature)
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An illustrative sampling simulator

Four policy knobs: m=[1,1,11]
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Analyzing the gradients 7 = [0.5,0.5,0.1,0.1]

A
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o 2 \
1
o 125
~ } Tv de)
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Analyzing the gradients

P==N

Robert Mieth
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Now let’s test it

Goal: Enable 100% EV adoption (7 = 1)
with optimal “investments” in EV smart

charging capabilities (73)

g5 g4 g3
5 4 8
b6
b2 b5
b3 b4
1 bl 2 _-;v
gl g2

Robert Mieth R ‘ RUTGERS UNIVERSITY

N
. 1 *
min_ Y g6 + WL+ 7R (Thec) + 369 > ela})

NGH>NL>Tflex =1
s.t. 0 < WE; <1
G L
n,n" 20

24
z} € { argmin ) (¢ pe + phsc, + P see)
t=1

1Tp,=17dY, Wi
Pt <P 4+ ng +sge Vit
fo = B(p, —d%,) vt

el < P 4L + spy Vt}-

+ B @ g

ROPES



Now let’s test it
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Backup

Algorithm 1: Training process

Require: Training dataset Sy, learning rate A,

1:
2:
3:
4
5:
6
7
8
9

10:
11:

12:

schedule {8, },_,, batch size Ng
Define a; =1 — 35 and a5 = H;:1 Q;
Initialize denoiser parameters 6
while not converged do
Sample minibatch {(z®, 7 2(}B = from Sy,
for:=1,...,Ng do
Sample random diffusion step s; ~U{1,...,S}
Sample noise ¢; ~ N (0, I) |
Forward diffuse: acgz) = /0, x((f)+\/1—7c‘vsi £
Predict signal: 508?9 = lg (xg?, (@) 20 si)
end for
Compute minibatch loss:

LO) = 30 ||=5 - 2|
Update parameters: 6 < 0 — AV L(6)

‘ 2

13: end while

14:

return trained denoiser g

Algorithm 2: Sampling process with fixed noise

Require: Trained denoiser ugy, conditions (7, z), noise

schedule {8,}5_,

Robert Mieth
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1: Define oy =1 — B5 and &5 = H;Zl a;
2: Draw noise € where € ~ N (0, 1)
3: Initialize xg < €
4: for s=5,5—-1,...,1do
5:  Reverse process: o = ug(zs, 7,2, )
6: Compute reverse update:
Ts—1 = \/% (xs — \}1__067&88(373 - \/0_73530))
7: end for
8: return x
| R
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