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. . . < LIDM
What is the right price? CORE 22

e Cisindivisible (all-or-nothing)

Demand

100 Supply * Welfare optimum solution is to clear A, Cand a
90 A fraction of D

* What is the right price?
* At 20€/MWh C is not willing to produce
* At 30€/MWh, B is not willing to consume

30
20 * |dea: Combine the uniform price with

C discriminatory payments (uplifts) to restore
the proper incentives

| * This let open the question of what is the right
90 100 190 uniform price?

Example inspired from (Madani et al., 2018)
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Non-convex pricing schemes
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Non-convex pricing schemes
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DUAL approaches

Convex Hull Pricing

Hogan and Ring, 2003
Uniform prices minimizing
the side payments

PRICES = Lag. multipliers of
the Lagrangian relaxation
This is a convex and non-
smooth problem with a
first-order oracle

* Wangetal., 2013
* Andrianesis et al., 2021




Non-convex pricing schemes

PRIMAL approaches

In the primal space: solving
this Lagrangian relaxation
amounts to shaping the CH SleEles

of the primal constraints A)

Approach: develop tight — Primal (Non-Convex)

BUT custom — formulation Problem

specific to the targeted
problem y

(©)

Hua and R. Baldick, 2017
Yu et al., 2020

LIV

CORE ‘ Louvain Institute of Data Analysis and
Modeling in economics and statistics

DUAL approaches

Convex Hull Pricing

Hogan and Ring, 2003
Uniform prices minimizing
the side payments

PRICES = Lag. multipliers of
the Lagrangian relaxation
This is a convex and non-
smooth problem with a

\ first-order oracle
* Wangetal., 2013

LAGRANGIAN DUAL
Space

NON-CONVEX

()

Alvarez et al., 2020
Madani et al., 2018

Primal Problem
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PRIMAL approaches DUAL approaches

* In the primal space: solving Convex Hull Pricing

this Lagrangian relaxation PRIMAL LAGRANGIAN DUAL Hogan and Ring (2003)
SleEles abace Uniform prices minimizing

amounts to shaping the CH

of the primal constraints A) >y E the side payments
Approach: develop tight — Primal (Non-Convex) ;" § PRICES = Lag. multipliers of
BUT custom — formulation Problem T the Lagrangian relaxation
specific to the targeted ol - This is a convex and non-
problem A\ H smooth problem with a
Hua and R. Baldick, 2017 © o \ first-order oracle
Yuetal, 2020 Convex Hull of the Partial Lag, Relaxation *  Wangetal. (2013)

Strong duality

Alvarez et al., 2020
Madani et al., 2018

* Andrianesis et al. (2021)

Primal Problem (only MC constraints)

CONVEX Problems

imation: i ) W ( ()
Scalable elpfpendmife s I LP Relaxation of the < , > Full Lag Relaxation (all
some cases = CHP Primal Problem J} trong duality k

the constraints dualized)

Considered by PJM (pim

Interconnection, 2017)

Nicolas Stevens — EURO 2022 10
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NOH—C ONnvex pTIClng SChemes CORE | iy

G IP pricing (“O’Neil pricing”)*: marginal pricing (with
binary variable fixed) + side payments

PRIMAL LAGRANGIAN DUAL
Space Space

x
GV Sl S
. a0 |
Primal (Non-Convex) z c
Problem -Tg 2
aE
“ ‘1
¥ \ DUAL
Convex Hull “PRIMAL approaches”
S (®W approaches” )
PI‘ICIng (CH P) Convex Hull of the t ol >|  Partial Lag. Relaxation 2
Primal Problem J T \ (only MC constraints) 2
o
&
g
N 5
O
Extended LMP — D) o \(F . éAl) o
elaxation of the ; > ull Lag. Relaxation (a
(ELM P) Primal Problem {7 dnaly kthe constraints dualized)
J

* O’Neill et al., 2005 Nicolas Stevens — EURO 2022 11
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Non-convex pricing schemes D

° IP pricing (“O’Neil pricing”)*: marginal pricing (with
binary variable fixed) + side payments

PRIMAL LAGRANGIAN DUAL FOCUS of our paper: develop a
Space Space . .

scalable algorithm for solving
A) the Lagrangian relaxation

Primal (Non-Convex)

Problem e Advantages of dual

| | approaches: Generic (work

3 ”DUA; ’ for any generator model)
. appmac €5 * US models

* Or EU model
*  While a primal approach:
e Eitheris limited to an

Convex Hull of the
Primal Problem

Partial Lag, Relaxation
(only MC constraints)

r ~ approximation of CHP
ded D) Or need to write a
Extended LMP
LP Relaxation of the — > — new paper for each
(ELMP) Primal Problem 1778 e the constraints dualized) new market model

- J

* O’Neill et al., 2005 Nicolas Stevens — EURO 2022 12
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CHP & thC L€V€1 e Algorithmic schemes to compute CHP: subgradient and Kelley’s algorithm

e Level stabilization
MethOd * Adaptation of the basic algorithm to CHP specificities
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AII examp1€: the Sllb gT adlent al g Orlthm CORE | iy oo wovse e

Toy example (Ruiz et al,, 2012) ~ Lagrangian value function

AN

Demand: [30, 40] MW T!”‘"p eriods, \\\E\§§

single node N

G Cf CqSU P;nin P;nax

SMOKESTACKO01 3 53 0 16
SMOKESTACKO02 | 8 53 0 16
SMOKESTACKO03 | 3 53 0 16
HIGH TECHO01 2 30 0 7
HIGH TECHO02 2 30 0 7
MED TFECHO1 7 0 2 6

1. Given a price my, L(my) and dL(m,) are
evaluated

2. Given this information, a new price ;4 is
generated

3. |If stopping criterion, stop. Otherwise, goto 1

Nicolas Stevens — EURO 2022 14
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AII exampl€: the Sllb gT adlent alg Orlthm CORE | iy oo wovse e

Toy example (Ruiz et al., 2012)

Two-periods,
single node

Demand: [30, 40] MW

G Cf CqSU P;nin P;nax
SMOKESTACKO01 | 8 53 0 16
SMOKESTACKO02 | 3 53 0 16
SMOKESTACK03 | 8 53 0 16

HIGH TECHO01 2 30 0 7
HIGH TECH02 2 30 0 7
MED_TECHO01 7 0 2 6

evaluated

generated

Given a price g, L(my) and dL(my) are
Given this information, a new price ;. is

If stopping criterion, stop. Otherwise, goto 1

Lagrangian value function and Subgradient path

227 S .
2 NN e
7% NN NN

NN

NN

N

N\

2 N
\ k\\\:ﬁ?\\
SN

* Typical oscillation behavior
- In moderate dimension, such as for our CHP problem, there
are more optimistic algorithmic schemes

Nicolas Stevens — EURO 2022 15
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The Kelley’s algorithm weser 2000 LM

* Basis for the Level Method

* Based on the idea of iteratively constructing a model: the piecewise
linear function L(7r) is upper-approximated at each iterate by a
model function L(r, k) consisting of supporting hyperplanes

Lagrangian value function and Kelley path

ik
NN
NN

NN\
NN
NN
N\
\

Model

function L(m,k) = min [(g;, ™ — ;) + L(m;)] 5)
max 6
meas ©)

st. < <gj,7r) + bj Vj =0..k

Update rule Tet1 = argmax L(m, k). (7 ;
< ; ‘
Y "(« Oscillations already appear in low dimension
A e Unstable in high dimension: adding a new
Stopping UB,; — LB; supporting hyperplane can move the optimum
criterion U By| =€ (8) far from the previous point

J
Nicolas Stevens — EURO 2022 16
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Th€ L€V€l StablllZaﬂOﬂ (Nesterov, 2004) CORE | oiing neorom sns e

* The underlying idea of the Level Method is to update prices more smoothly
* Select the next iterate w44 so that it is better than m;, (as evaluated by
L(m, k)), without being optimal at all costs

L(m)
A UB
\ /
Same Model /1\ aUB + (1 — a)LB
function as Kelley B / """""" : """""""
YLB !
NEW Update rule Wmelg | — w3 ©)
Projection prog. st. {g;,m)+bj >aUBr+ (1—a)LBy Vj=0.k ; T el o " |
o—e
Ty

° > T
Same Stopping T 4q \
criterion as Kelley a is the projection parameter
* a = 1:Kelley’s algorithm

e a = 0:theiterate does not move

Nicolas Stevens — EURO 2022 17



The Level Method stabilizes Kelley’s < LDV

. . CORE | iaig T eionimics and setsies
path — illustration on 2D example

Kelley’s Algorithm Level Method

Nicolas Stevens — EURO 2022 18



Adaptation of the Level Method to the < LIDWM
CHP specificities

* Adaptations of the Level Method to the specifies of the Convex Hull Pricing problem
e Dualization of the network to include it explicitly in the master program
* Separability of the subproblems = multi-cut Level Method

 The Level Method implies a parameter a
e |tis NOT a “heuristic”
e The Method is robust towards the exact value of «

TABLE III
SENSITIVITY OF THE LEVEL METHOD WITH RESPECT TO PARAMETER «x ON
THE BE 96-PERIOD CASE (AVERAGE OVER 6 INSTANCES)

a | 01 02 03 04 05 06 07 08 09
Level iter 54 44 45 43 41 43 45 48 60

Nicolas Stevens — EURO 2022 19
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e Size of the EU day-ahead market problem
* Comparison of the Level Method and the Dantzig Wolfe algorithm on EU instances




Computing CHP in the European day-¢
ahead auction i

*
(2]
]
c
(]
£
(<))
—
=
(o8
()
(a4

* (Nemo Committee, 2019)

MRC

Euphemia is afforded 12 minutes of run time

The market model includes a network of ~ 40 bidding zones,
and its geographic footprint is expected to be further enlarge

The market model is expected to move towards 15-minute
granularity by 2022 (a horizon of 96 periods)

Nicolas Stevens — EURO 2022 21
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Computing CHP in the European day-¢
ahead auction i

* Euphemia is afforded 12 minutes of run time

* The market model includes a network of ~ 40 bidding zones,
and its geographic footprint is expected to be further enlarge

*
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o

* The market model is expected to move towards 15-minute
granularity by 2022 (a horizon of 96 periods)

TABLE II
DESCRIPTION OF THE SIZE OF THE EU INSTANCES.

Test case | Bidding Zones Lines  Generators

ﬁgﬁ * Tested on 2 sets of cases o~ m m 74
== « FERC data (11 instances, no network, >900 generators) (Krall etal. 2012)  BE-NL 59 63 145
* Central Europe data (6 times series, 2 different networks)|(Aravena and Papavasiliou, 2016)

Test cases

éjé * The Level Method is benchmarked against a Dantzig-Wolfe algorithm (Andrianesis et al. 2021)

A
v

/ * Implemented in Julia (JuMP), Run on a personal computer (Intel Core i5, 2.6 GHz, 8 GB of
RAM) , Gurobi 9.1.1, Stopping criterion: 0.01%

* (Nemo Committee, 2019) Nicolas Stevens — EURO 2022 22




Comparison of the Level Methodand <> LIDAVI

Dantzig-Wolle algorithm

TABLE IV
RESULTS OF THE LEVEL METHOD AND THE DANTZIG-WOLFE ALGORITHM ON

THE BE TEST CASE (AVERAGE OVER 6 INSTANCES)
horizon 12 24 48 96
Dispatch Cost [€] | 2,759,706 4,956,513 11,328,351 24,097,373
O’Neill Uplifts [€] 377,528 146,167 281,649 2,617,852
Primal Meth. Uplifts [€] 50,871 64,323 83,172 98,391
CHP Uplifts [€] 7,237 11,905 21,745 31,403
Level iter 19 26 32 44
Level av. time/iter®[s] | 0.5 (0.05) 0.8 (0.1) 2.0 (0.4) 5.8 (1.6)
Level total run time [s] 10 21 65 255
D-W iter 19 40 77 236
D-W av. time/iter?[s] | 0.4 (0.02) 0.7 (0.1) 1.9 (0.3) 6.9 (2.1)
D-W total run time [s] 7 27 146 1622

@(-) denotes the average time per iterate for solving the “master programs” (i.e. master
plus projection in the case of the Level Method).

Nicolas Stevens — EURO 2022

Total Uplifts

Price relative distance
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0.0
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Uplifts convergence along the iterates

—@— Level approach
—@— D-W approach
— — — O'Neill uplifts
— — — Primal uplifts
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Prices (all nodes) convergence along the iterates
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Comparison of the Level Method and

Dantzig-Wolle algorithm

TABLE IV
RESULTS OF THE LEVEL METHOD AND THE DANTZIG-WOLFE ALGORITHM ON

THE BE TEST CASE (AVERAGE OVER 6 INSTANCES)
horizon 12 24 48 96
a 7,373
The Level Method scale well with the dimension 852
Better than the D-W &N
. : : : 703
o Level iter 19 26 32 44
Level av. time/iter®[s] | 0.5 (0.05) 0.8 (0.1) 2.0 (0.4) 5.8 (1.6)
Level total run time [s] 10 21 65 255
D-W iter 19 40 77 236
D-W av. time/iter[s] | 0.4 (0.02) 0.7 (0.1) 1.9 (0.3) 6.9 (2.1)
D-W total run time [s] 7 27 146 1622

@(-) denotes the average time per iterate for solving the “master programs” (i.e. master
plus projection in the case of the Level Method).

Nicolas Stevens — EURO 2022

Total Uplifts

Price relative distance

10

0.8

0.6

04

0.2

0.0

< LiDM

CORE | Vaidingn econormics ant st

Uplifts convergence along the iterates

—@— Level approach
—@— D-W approach
— — — O'Neill uplifts
— — — Primal uplifts

100.5 101.0 101.5 102.0

Iterations

Prices (all nodes) convergence along the iterates

I l

—@— Level approach
—@— D-W approach

100 150
lterations



Comparison of the Level Method and < LIDM

Dantzig-Wolle algorithm

TABLE IV
RESULTS OF THE LEVEL METHOD AND THE DANTZIG-WOLFE ALGORITHM ON
THE BE TEST CASE (AVERAGE OVER 6 INSTANCES)

horizon 12 24 48 96
7.373
On a test case of the EU-like dimension, the Level 852
Method retrieve a solution in a reasonable time 191
103

2

Level iter 19 26 32 44
Level av. time/iter®[s] | 0.5 (0.05) 0.8 (0.1) 2.0 (0.4) SR (16)
Level total run time [s] 10 21 65 255
D-W iter 19 40 77 236
D-W av. time/iter?[s] | 0.4 (0.02) 0.7 (0.1) 1.9 (0.3) 6.9 (2.1)
D-W total run time [s] 7 27 146 1622

@(-) denotes the average time per iterate for solving the “master programs” (i.e. master
plus projection in the case of the Level Method).

Nicolas Stevens — EURO 2022
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Comparison of the Level Method and

Dantzig-Wolle algorithm

TABLE IV
RESULTS OF THE LEVEL METHOD AND THE DANTZIG-WOLFE ALGORITHM ON

THE BE TEST CASE (AVERAGE OVER 6 INSTANCES)
B a horizon 12 24 48 96
Robustness: the Level Method reaches quickly good 7,373

,852
391
403

price candidates (valuable since clearing time limited

b to 12 min)

2

Level iter 19 26 32 44
Level av. time/iter®[s] | 0.5 (0.05) 0.8 (0.1) 2.0 (0.4) 5.8 (1.6)
Level total run time [s] 10 21 65 255
D-W iter 19 40 77 236
D-W av. time/iter?[s] | 0.4 (0.02) 0.7 (0.1) 1.9 (0.3) 6.9 (2.1)
D-W total run time [s] 7 27 146 1622

@ () denotes the average time per iterate for solving the “master programs” (i.e. master
plus projection in the case of the Level Method).

Nicolas Stevens — EURO 2022
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Uplifts convergence along the iterates

—@— Level approach
—@— D-W approach
— — — O'Neill uplifts
— — — Primal uplifts

100.5 101.0
L lterats

r It reaches acceptable

D— Level approach
D— D-W approach

solutions very quickly

100 150 200
Iterations
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Comparison with other pricing schemes §§\> LD\V'
Uplifits (LOC) magnitude

TABLE IV
RESULTS OF THE LEVEL METHOD AND THE DANTZIG-WOLFE ALGORITHM ON
THE BE TEST CASE (AVERAGE OVER 6 INSTANCES) H

horizon 12 24 48 96
Dispatch Cost [€] | 2759706 4956513 11328351 24.097.373 | sl U R CRS IS ReINES Hf{'” Pricesjs
(IP pricing) O'Neill Uplifts [€] | 377.528 146,167 281,649 2,617,852 worth compared to ELMP (the “scalable
(ELMP pricing) Primal Meth. Uplifts [€] 50,871 64,323 83,172 98,391 approximation)
(CHP pricing CHP Uplifts [€] 7,237 11,905 21,745 31,403
Level iter 19 26 32 44
Level av. time/iter®[s] | 0.5 (0.05) 0.8 (0.1) 2.0 (0.4) 5.8 (1.6)
Level total run time [s] 10 21 65 255 Furthermore, CHP has some more
D-W iter 19 40 77 236 advantages and interesting properties...
D-W av. time/iter®[s] | 0.4 (0.02) 0.7 (0.1) 1.9 (0.3) 6.9 (2.1) (next slides)
D-W total run time [s] 7 27 146 1622

@(-) denotes the average time per iterate for solving the “master programs” (i.e. master

plus projection in the case of the Level Method).
Disclaimer: | focus on the side payments understood as
lost opportunity costs (LOC), but there are other metrics,

Nicolas Stevens — EURO 2022 28
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Comparison with other pricing schemes < LIDAV
LOC splitbetween network and suppliers

1000000
900000
800000
700000
600000
500000
400000
300000
200000

100000

o 1

GENERATORS LOC

HH HFN il HFH HHH wl

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

@IP [ ELMP [1CHP

25000

20000

15000

10000

5000

0

NETWORK LOC

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

@IP CELMP [ CHP

Property 1 (IP LOC Network). A convex network model faces a zero Network LOC under IP pricing.

Property 2 (IP LOC Generators). A convex generator faces a zero generator LOC under IP pricing.

Property 3 (CHP Convex Uplifts). Under CHP, both convex generators and convex network can face a non-zero
LOC (generator LOC or Network LOC).

Nicolas Stevens — EURO 2022 29



Comparison with other pricing schemes < LIDAV
IP vs ELMP uplifts (LOC)

GENERATORS LOC NETWORK LOC
1000000 25000
900000
800000 20000
700000
600000 - 15000
500000
400000 — | - 10000
300000
200000 5000
= bl
b b LI L I ol .
1 2 3 4 5 6 7 8 91011 12 13 14 15 16 17 18 19 20 21 22 23 24 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
@IP mELMP [ICHP mIP D ELMP [ CHP

Property 4 (ELMP vs IP Uplifts). Given a feasible primal solution, ELMP does not guarantee a lower LOC than IP
pricing.

Nicolas Stevens — EURO 2022 30



Comparison with other pricing schemes

Primal solution robustness

LDV

CORE | 5iiing n economies and siaistiee

(Opt. gap) | 0.1% [ 0.09% ) 0.08% 0.07% 0.06% 0.05% 0.04% |0.03% | 0.02% 0.01%
Primal Cost | 5213357 | 5212947 | 5212121 5212121 5211690 5211057 5210885 |5210743 | 5210685 5210685
IP LOC | 115043 | 101212 | 194521 194521 129455 119929 119579 | 119360 | 119351 119351
ELMP LOC | 43346 | 42937 | 42111 42111 41680 41047 40875 | 40733 | 40675 40675
CHP LOC | 12742 | 12332 | 11506 11506 11075 10443 10271 | 10128 | 10070 10070
A Primal Cost 409 826 0 431 633 172 142 58 0
A TP LOC 13831 | -93309 0 65066 9525 350 219 9 0
A ELMP LOC 409 826 0 431 633 172 142 58 0
A CHP LOC 409 826 0 431 633 172 142 58 0
z

Property 5 (IP LOC Primal Sensitiveness). Under IP Pricing, the relationship A

between the LOC and the optimality gap of the primal solution is not monotone:
the LOC does not necessarily grow with the optimality gap of the primal

solution.

Property 6 (CHP LOC Primal Sensitiveness). Under Convex Hull Pricing, the total
LOC grows monotonically with the optimality gap of the primal solution:

|LOC (cyp, [p,u, cl1) — LOC(mtcyp, [p,u, cl1)| =

where |[p,u,c]l; and |[p,u,c], denote two primal feasible solutions and
LOC(m, [p,u,c]) denotes the lost opportunity costs associated to price m and
primal solution [p, u, c].

|21 — 23

Primalfunction

Dual solution (zpyp")

o 5* P> U
P

Nicolas Stevens — EURO 2022
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COﬂClUSiOH « Perspective for future research
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COHC]US]OH CORE | i s cross s

e The Level Method exhibits favorable empirical performances to solve
Convex Hull Pricing problem

* |t is capable to compute Convex Hull Prices on large instances including

network and a horizon of 96 periods (which anticipates future EU DA market
evolution)

* Further promising paths of research:
1. Empirical research: Expanding tests on realistic instances of Euphemia

+ Examining the effects of non-uniform pricing on enhancing welfare
in the EU day-ahead market

Further understand the properties of the
different pricing schemes

Nicolas Stevens — EURO 2022 33
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