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SVR SOTA
Markets | Datasets CNN | RF Chain Multi | DNN
SOTA 064 [071] 0.60 061 [ 0.62
R Enriched 0.69 | 0.61 | 0.54 | 055 || 0.58
Multi-Market || 0.59 | 0.64 | 0.55 0.55 0.57
[2020-2021] || 0.73 | 0.66 | 0.48 | 0.46 | 0.56
SOTA 050 (057 | 0.45 0.45 | 0.45
DE Enriched 044 | 051 | 0.43 | 045 | 0.43
Multi-Market || 0.45 | 0.57 | 0.45 0.45 | 0.45
[2020-2021] || 047 | 0.58 | 0.46 | 0.48 | 0.42
SOTA 073 [074] 073 071 || 0.71
BE Enriched 0.70 | 0.74 | 0.69 | 0.70 | 0.72
Multi-Market || 0.68 | 0.75 | 0.67 0.67 || 0.67
[2020-2021] || 0.88 | 0.76 | 0.58 | 0.59 | 0.73
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Modeling the European network as a Graph
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Estimating the flows using an Optimization problem

| Attributes | Impossible to enforce
y(@=1) Past prices Fs = arg max Z F,, 2 d 1) Y(dfl)) p
z
C Consumption Forecast - 7.2/ using forecasts G, R, C
G Programmable Generation Forecast
R Renewables Generation Forecast G + R C + F.. . — F ..=0| vz
under const. 2o Foe 2y Fos I /
z z/ S rz z/ VZ, z
Using Programmable Generation E as an Penalize deviation from the Energy Balance
optimization variable
Flin Flsq
arg max Z F, (P — P;)
Fowi Ex

2
2,7/ argmln Z RZ+G27CZ+ZFZI,2*ZFz,z’
Ec+ R~ G+, For =3, Foz=0| V2 | 5 z '
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Combining the Flow estimates
From NO-5 to NO-1 From FR to DE
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. N\ /\ 1 F *g«o \
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~
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Enforcing One-sided flows

Bilateral flows

Fpppr-0

FFR,DE -0

One-sided Flows

DE

a

(F®)

Fosgr pe = Frrpe - Fpe pr

FosDE,FR -0

If a connection is 75 % one sided in the dataset, we always apply
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Optimize-then-Predict approach
°

An Optimize-then Predict approach

Attributes

Past prices

D Node to label

‘ ‘ Node Already
— labeled

/ Edge

CE, R Consumption Forecast

d -
G(FR) Programmable Generation Forecast

R;R Renewables Generation Forecast
YES
Labels Graph Neural
=Y YE;Q ‘ Day-Ahead Prices Network o

~ -
= ~Attributes. =~
F(F‘g 5 B;sos?ﬁaﬁkgt Flows
P o~

Attributes Optimization
Problem

(d)

FFR,ES

‘Estimated Flows

IT-sicl

Léonard Tschora




Optimize-then-Predict approach
°
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Flin
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Forecasting Electricity Prices: An Optimize
Then Predict-Based Approach, IDA 2023.

n Domain-Knowledge
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Formalizing Euphemia’s forward pass on 1 market
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A differentiable Optimization Approach
®00

Formalizing Euphemia’s forward pass on 1 market

Agf(?)l(]" Social Welfare(A, OB) iAl 0, 15[ p: iAi = 1i

I I L) ]

u.c. Energy Balance(A,0B) =0 _ J _Po; uP; i _ o, i )
s ST T AT e o

= St 2/

gl-)/ 1 % T T % 1 1
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= ' £ EQLZ____.',___ = ' 1

1 1 1 1 1 1

1 1 | | 1 1
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1 1 1 1 1 1

L v ! L v ! L v !

Volume (MWh) Volurr]1.e (MWh) Volume (MWh)

SW(i) = A;ViP* — 5A,?\/,-P,- — A;ViPo; — 0;

Léonard Tschora
25 / 33



A differentiable Optimization Approach

[ leje}

Formalizing Euphemia’s forward pass on 1 market

A21[&>1<]n Social Welfare(A, OB) iAi -0, 15[ i
I I L)
u.c. Energy Balance(A,OB) =0 _ _ Oi_“l 3 i _ o, i
£ ST T AT e
= Slp. | l S
) T <A S S )
EUPHEMIA g A
1 E E _QLl ______ T___ E 1 1
max Z <—2A,2V,~P,- — Ai\/iPo,-> i i i i
e 08 v v
U.C. Z AV, =0, Volurr]1.e (MWh) Volume (MWh)
ic OB SW(i) = A;V;P* — 5A,?\/,-P,- — A;ViPo; — 0;
- Ai < 07
A—1<0

Léonard Tschora
25 / 33



A differentiable Optimization Approach
®00

Formalizing Euphemia’s forward pass on 1 market
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Writing the Dual Problem and its derivative

EUPHEMIA

1 2
mj\ax.z (—QA,.\/,-P,-—A,-V,-PO,)
i€ OB

u.c. Z A,'V,' = 07
ic OB
_Ai S 07
Ai—1<0

Lagrangian

A2V;P;
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A differentiable Optimization Approach
oeo

Writing the Dual Problem and its derivative

Dual Problem
A :m/\m Z D;(\

i€ OB

1)0,
with D;(A) = < (2) Vi(A — & — Poy),
v,

Lagrangian
2\/.p.
L(A’)\7M’ K) _ Z <_Ai \/IPI
i€OB 2

EUPHEMIA

max 3
i€ OB
Z AV; =0,
i€ OB
_Ai S 0’
A —1<0

1 2
if Vi(Po; — \) > 0 (_QA"‘/"P"_A"‘/"POf>

if V,()\ — P — PO,')) >0
if e [PO,', Po; + P,]

- A,'V,'PO,' + AA, V,'—M,'A,' + K,'(A,' — 1))
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A differentiable Optimization Approach
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