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∗ Based on joint work with K.Bilińska, Y.Chawla, K.Chȩć, A.Lipiecki, K.Maciejowska, W.Nitka, T.Serafin, B.Uniejewski, P.Zaleski (Wrocław Tech),
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CrossFIT (2019-2026)
(https://kbo.pwr.edu.pl/en/research/research-projects/ncn-2018-30-a-hs4-00444)

New deep and 
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techniques for EPF

New approaches to 
multidimensional 
(ensemble) EPF

Optimization of 
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financial impact 

of EPF errors
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Introduction

Energy forecasting is a top priority for utilities
(SAS, 2017, White Paper; responses from 136 utilities from 24 countries)

Rafał Weron (Wrocław Tech, PL) CrossFIT, czyli przekraczanie granic w prognozowaniu ISN 9.06.2025, Wrocław 3 / 44

https://www.sas.com/en/whitepapers/utility-analytics-108902.html


Introduction Power markets across the globe

Competitive power market structures across the globe

Data source: Akcura (2024)
Global Power Market Structures Database
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Introduction Power markets across the globe

National vs. zonal vs. nodal pricing

Adapted from: National Grid ESO (2022) Net Zero Market Reform
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Introduction Power markets across the globe

Day-ahead (> 90% of papers) vs. intraday (real-time) markets
(Maciejowska, Uniejewski & Weron, 2023, Oxford Res. Enc.)

Day dDay d – 1

Bidding for day d

Prices for 24h of day d

Bidding for d + 1 Trading for day d starts

Day dDay d – 1

Hour 1

⁞

Hour 24
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Introduction Model taxonomy

Day-ahead point forecasting: Univariate ...
(Ziel & Weron, 2018, ENEECO)

10

20

30

40

Time

P
r
ic

e
 i

n
 E

U
R

/M
W

h

6 18 6 18 6 18 6 18 6 18 6 18 6 18 6 1812 24 12 24 12 24 12 24 12 24 12 24 12 24 12 24

D-6 D-5 D-4 D-3 D-2 D-1 D D+1

Rafał Weron (Wrocław Tech, PL) CrossFIT, czyli przekraczanie granic w prognozowaniu ISN 9.06.2025, Wrocław 7 / 44

https://doi.org/10.1016/j.eneco.2017.12.016


Introduction Model taxonomy

... multivariate ...
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Introduction Model taxonomy

... functional (data analysis) ...
(Chen & Li, 2017, JBES; Chen et al., 2019, Ann.Appl.Stat; Wang & Cao, 2023, Environmetrics)
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Introduction Model taxonomy

... or supply & demand curves?
(Ziel & Steinert, 2016, ENEECO → ‘X-model’; Shah & Lisi, 2020, J.Forecasting)

Rafał Weron (Wrocław Tech, PL) CrossFIT, czyli przekraczanie granic w prognozowaniu ISN 9.06.2025, Wrocław 10 / 44

http://dx.doi.org/10.1016/j.eneco.2016.08.008
https://doi.org/10.1002/for.2624


Introduction Model taxonomy

What about mid- and long-term forecasts?
PRobabilistic mid- and long-term prIce fORecasting In electriciTY markets (PRIORITY)
(https://kbo.pwr.edu.pl/en/research/research-projects/dfg-ncn-2021-43-i-hs4-02578-2)
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Introduction Model taxonomy

Up to year-ahead with ML/econometric models
Mean Absolute Errors for 04.2018-04.2024 (Ghelasi & Ziel, 2025, RSER, Tab. 8)

Rafał Weron (Wrocław Tech, PL) CrossFIT, czyli przekraczanie granic w prognozowaniu ISN 9.06.2025, Wrocław 12 / 44

https://doi.org/10.1016/j.rser.2025.115684


Introduction Model taxonomy

Beyond one year: Survey of Professional Energy Forecasters
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Introduction Model taxonomy

Survey of Professional Energy Forecasters cont.
(Chawla et al., 2025, JCP)
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Model evolution

1 Introduction

2 Model evolution
(Auto)regressive models
Averaging across windows �
LASSO-Estimated AR (LEAR) �
Deep and interpretable ML

3 Beyond point forecasts
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Model evolution (Auto)regressive models

Expert ARX-type models

The workhorse of EPF – autoregressive structure with exogenous variables:

Pd ,h = β0 +
∑7

i=1
βiPd−i ,h︸ ︷︷ ︸

AutoRegressive effects

+
∑7

i=1
βi+7Di︸ ︷︷ ︸

D1 = Mon, ...

+
∑K

i=1
βi+14X

(i)
d ,h︸ ︷︷ ︸

eXogenous variables

+ εd ,h

Special cases:

Naive model P(1)
d ,h for β1 = 1 and βi ̸=1 = 0

AR(7), sparse AR(7) with some AR lags missing
ARX(7) with K ­ 1, sparse ARX(7)
with some AR lags missing
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Model evolution (Auto)regressive models

Do we need exogenous variables?
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Model evolution (Auto)regressive models

Linear regression vs. single-output (shallow) neural network
(Jȩdrzejewski, Lago, Marcjasz & Weron, 2022, IEEE-PEM)
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Model evolution Averaging across calibration windows �

What is the optimal calibration (training) window size?

1.1.2011 31.12.2011 29.12.2012 17.12.2013

L
M
P

[U
S
D
/M

W
h
]

0

100

200

300

400
⇒ Test period

728-day vs. 182-day vs. 28-day calibration window

Longer windows → better reflect trends, more stable parameters
Shorter windows → quicker adapt to changes in price dynamics

Rafał Weron (Wrocław Tech, PL) CrossFIT, czyli przekraczanie granic w prognozowaniu ISN 9.06.2025, Wrocław 19 / 44



Model evolution Averaging across calibration windows �

Point forecast averaging: The idea
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Dates back to the works of Bates,
Crane, Crotty & Granger (1960s)

‘Statistical/Econometric world’:
combining forecasts,
forecast averaging
(not model averaging)

‘AI/Engineering world’:
committee machines,
ensemble averaging,
expert aggregation
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Model evolution Averaging across calibration windows �

Simple averaging across calibration windows
Structural breaks: Pesaran, Pick (2011, JBES); EPF: Hubicka et al. (2019, IEEE-TSE)
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Model evolution Averaging across calibration windows �

IIF Distinguished Lectures on EPF: Averaging.ipynb

Experiment yourself:
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Model evolution LASSO-Estimated AR (LEAR) �

What is shrinkage (regularization)?

Minimize the residual sum of squares (RSS ≡ sum of squared errors)
+ a penalty function of the betas:

β̂ = argmin
βj

{ N∑
i=1

(
yi −

p∑
j=1

βjxi ,j

)2
︸ ︷︷ ︸

RSS

+λ
n∑

j=1

|βj |q︸ ︷︷ ︸
penalty

}

where λ ­ 0 is a tuning (or regularization) parameter
Most popular:

q = 2→ Ridge regression (Hoerl & Kennard, 1970, Technometrics)
q = 1→ Least absolute shrinkage & selection operator (Tibshirani, 1996, JRSSB)
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Model evolution LASSO-Estimated AR (LEAR) �

LASSO-Estimated AR (LEAR): Variable importance
(Uniejewski et al., 2016; Ziel, 2016; Ziel & Weron, 2018; Jȩdrzejewski et al., 2022; Uniejewski, 2024)
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Model evolution LASSO-Estimated AR (LEAR) �

IIF Distinguished Lectures: Shrinkage.ipynb

Experiment yourself:

Rafał Weron (Wrocław Tech, PL) CrossFIT, czyli przekraczanie granic w prognozowaniu ISN 9.06.2025, Wrocław 25 / 44

https://p.wz.pwr.edu.pl/~weron.rafal/Conf/IIF24
https://github.com/lipiecki/energy-analytics-2025


Model evolution Deep and interpretable ML

Multi-output shallow and deep neural networks (DNNs)
(Lago et al., 2021, APEN; Jȩdrzejewski et al., 2022, IEEE-PEM)
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Model evolution Deep and interpretable ML

What about performance?
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Model evolution Deep and interpretable ML

epftoolbox: LEAR and DNN Python codes
(Lago, Marcjasz, De Schutter & Weron, 2021, APEN)

Experiment yourself:
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Model evolution Deep and interpretable ML

Interpretable AI: NBEATSx
(Olivares, Challu, Marcjasz, Weron & Dubrawski, 2023, IJF)
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ŷfor

s,b

FC

θ for
s,b

FC

θback
s,b

Stack S

Ex
og

en
ou

s
Tr

en
d

Se
as

on
al

ity

X 2
X 1

y

Stack Input
(yback

s−1 , Xs−1)

Global Forecast 
(model output)
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Beyond point forecasts

1 Introduction

2 Model evolution

3 Beyond point forecasts
Do we need probabilistic forecasts?
Postprocessing point forecasts �
Quantile Regression Averaging
Combining probabilistic forecasts
Distributional Deep Neural Nets
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Beyond point forecasts

Probabilistic (interval, density) forecasting
(Gneiting & Katzfuss, 2014, Annu Rev)

We cannot observe the true underlying distribution ⇒ we cannot compare the predictive
distribution F̂ with the actual one F ... only with past observations

Gneiting et al. (2007a, 2007b, 2014) argue
that probabilistic forecasting aims to
‘maximize the sharpness of the predictive
distributions, subject to reliability’

An x% prediction interval (PI) is reliable if
it includes x% of the observations

t0

t1

t2

t3

t4

t5

P0
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Beyond point forecasts Do we need probabilistic forecasts?

Do we need probabilistic forecasts?
(Uniejewski & Weron, 2021, ENEECO)
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Quantile-based trading strategy

Simultaneously bid day-ahead:

buy 1 MW for P̂1−αd ,h1
at hour h1

sell 0.8 MW at P̂αd ,h2 at hour h2

← With α = 10% the spread is
maximized for P̂90%d ,4 = 133

and P̂10%d ,20 = 204 PLN/MWh

If bid(s) not accepted,
settle in the balancing market
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Beyond point forecasts Do we need probabilistic forecasts?

Are quantile-based trading strategies more profitable?
(Uniejewski & Weron, 2021, ENEECO)

Strategy Profit
Naive (4am–12pm) 33 065.29
Point forecasts-based 33 722.39
Quantile-based 1-99% 5-95% 10-90% 20-80% 25-75%
Q-Ave 41 317.92 43 328.89 43 432.31 43 289.09 43 033.88
F-Ave 39 848.26 43 369.44 44 052.04 44 088.11 43 130.34
QRM 41 163.29 43 054.28 43 124.12 43 731.54 42 240.25
LQRA(77) 42 360.05 44 135.49 44 713.52 44 684.40 43 624.65
LQRA(BIC) 42 886.10 43 993.23 44 502.81 45 396.21 42 741.57
LQRA(CV) 41 693.80 43 971.88 44 238.45 45 073.19 43 103.88

Quantile-based trading yields 19-34% higher profits than point forecasts-based!
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Beyond point forecasts Postprocessing point forecasts �

Postprocessing point forecasts with PostForecasts.jl
(Vannitsem et al., 2018, Elsevier; Lipiecki et al., 2024, ENEECO; Lipiecki & Weron, 2025, SoftwareX)

Experiment yourself:
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Beyond point forecasts Quantile Regression Averaging

Evaluating reliability & sharpness
(Gneiting & Raftery, 2007, JASA; Nowotarski & Weron, 2018, RSER; Nitka & Weron, 2023, ORD)

Pinball score (also linlin/bilinear/newsboy/quantile loss/score, check function):

PS (q̂, x , q) =
(
1{x<q̂} − q

)
(q̂ − x) =

(1− q) (q̂ − x) for x < q̂

q (x − q̂) for x ­ q̂

where q̂ ≡ F̂−1(q) is the quantile forecast

For an Aggregate PS (or APS) average:
over t in the test period
over q1 < . . . < qM quantiles → CRPS
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Beyond point forecasts Quantile Regression Averaging

Quantile Regression Averaging (QRA): The idea
(Nowotarski & Weron, 2015, COST)

…
Quantile regression:
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Beyond point forecasts Quantile Regression Averaging

Factor QRA (FQRA): When the number of predictors is large
(Maciejowska, Nowotarski & Weron, 2016, IJF)

…
QR:

…
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Beyond point forecasts Quantile Regression Averaging

LASSO QRA (LQRA): When the number of predictors is large
(Uniejewski & Weron, 2021, ENEECO) ∼ 5% improvement over QRA

…
QR with LASSO penalty:
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Beyond point forecasts Combining probabilistic forecasts

Combining probabilistic forecasts is tricky ...
(Lichtendahl et al., 2013, Mgnt Sci; Uniejewski et al., 2019, ENEECO; Taylor & Meng, 2023, arXiv)

Vertical (over probabilities), horizontal (quantiles → sharper CDF) ... or at any angle
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Beyond point forecasts Combining probabilistic forecasts

... but can be beneficial
(Lipiecki, Uniejewski & Weron, 2024, ENEECO; illustrated here using EPEX-DE data)

Skill score: % difference wrt the CRPS of N(0,σ̂(εd,h)) innovations; εd,h – prediction errors of the LEAR model
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Beyond point forecasts Distributional Deep Neural Nets

Distributional Deep Neural Nets (DDNN)
(Jȩdrzejewski et al., 2022, IEEE-PEM; Marcjasz, Narajewski, Weron & Ziel, 2023, ENEECO)
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Beyond point forecasts Distributional Deep Neural Nets

DDNNs can perform very well ...
(Marcjasz, Narajewski, Weron & Ziel, 2023, ENEECO)

Experiment yourself:
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Beyond point forecasts Distributional Deep Neural Nets

... but can fail miserably during volatile periods
(Lipiecki, Uniejewski & Weron, 2024, ENEECO; illustrated here using EPEX-DE data)

Skill score: % difference wrt the CRPS of N(0,σ̂(εd,h)) innovations; εd,h – prediction errors of the LEAR model
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Beyond point forecasts Distributional Deep Neural Nets

What to learn more? See the IIF Distinguished Lectures
https://p.wz.pwr.edu.pl/∼weron.rafal/Conf/IIF24

Slides, snippets, movies:
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