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Abstract

The growing importance of intraday electricity trading in Europe calls for improved price
forecasting and tailored decision-support tools. In this paper, we propose a novel genera-
tive neural network model to generate probabilistic path forecasts for intraday electricity
prices and use them to construct effective trading strategies for Germany’s continuous-time
intraday market. Our method demonstrates competitive performance in terms of statistical
evaluation metrics compared to two state-of-the-art statistical benchmark approaches. To
further assess its economic value, we consider a realistic fixed-volume trading scenario and
propose various strategies for placing market sell orders based on the path forecasts. Among
the different trading strategies, the price paths generated by our generative model lead to
higher profit gains than the benchmark methods. Our findings highlight the potential of gen-
erative machine learning tools in electricity price forecasting and underscore the importance
of economic evaluation.

1 Introduction

Since the introduction of competitive electricity markets in the 1990s, the day-ahead auction
has played a central role in power trading (Mayer and Trück, 2018; Weron, 2014). However, the
increasing use of renewable energy sources (RES) is gradually shifting market activity toward
intraday (ID) trading. Since 2015, trading volumes in the European ID markets operated by
the European Power Exchange (EPEX) have increased by 300%, while day-ahead volumes have
risen by only 30% (EPEX, 2025).

This trend is making its way into the electricity price forecasting (EPF) literature, albeit
with some delay. Of all Scopus-indexed publications from the years 2000-2009, only 5% focused
on predicting ID (or real-time) prices.1 The share increased to 11% in the next decade and

1We used the Scopus query TITLE((forecast* OR predict*) AND price*) AND TITLE-ABS-KEY("electric*

market" OR "power market") combined either with AND TITLE-ABS-KEY("day-ahead" OR "spot" OR

"next-day") to identify DA-related or with AND TITLE-ABS-KEY("intraday" OR "intra-day" OR "real-time")

to identify ID-related publications. Naturally, some of these papers concern both day-ahead and ID price fore-
casting.
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then rapidly rose to 17% in just the last five years. One likely reason for the slower uptake
is the diversity of market designs (Glachant et al., 2021), making it difficult to compare the
findings between studies. For instance, North American real-time markets typically operate un-
der a mandatory, security-constrained economic dispatch framework, whereas European markets
often rely on voluntary ID auctions and/or continuous-time trading, which precedes the final
settlement in the balancing market (Backer et al., 2023; Cramton, 2017; Maciejowska et al.,
2023).
The existing literature on price forecasting in ID electricity markets considers different per-

spectives. Some studies aim to predict ID prices for the next day to take advantage of arbitrage
opportunities (Maciejowska et al., 2021), to optimize the scheduling of a behind-the-meter stor-
age system (Chitsaz et al., 2018), or to manage the risk associated with trading (Klein et al., 2023;
Janczura and Wójcik, 2022; Browell, 2018). Others focus on very short-term forecasts, with lead
times ranging from a few hours (Monteiro et al., 2016; Uniejewski et al., 2019; Narajewski and
Ziel, 2020a) to an hour or less before delivery (Browell and Gilbert, 2022; Bunn et al., 2018).
Many of these studies focus on probabilistic forecasts in the form of predictive distributions,
which quantify predictive uncertainty and thus offer essential information for decision-making.
In particular, multivariate probabilistic forecasts that capture temporal dependencies across dif-
ferent time stamps of ID price paths are of growing interest, as highlighted in the recent work
by Hirsch (2025).
While traditional econometric models remain in use for EPF tasks (Janczura and Puć, 2023;

Maciejowska, 2022; Russo et al., 2022), they are increasingly being replaced by statistical learning
methods (Narajewski and Ziel, 2020a; Uniejewski et al., 2019) and deep learning models (Oksuz
and Ugurlu, 2019; Zhang and Wu, 2022; Klein et al., 2023; Cramer et al., 2023), which generally
achieve superior predictive accuracy. In recent years, deep neural networks have also gained
traction in other high-volatility financial domains, such as stock markets (Chen et al., 2024b;
Aleti et al., 2025). However, to the best of our knowledge, with the exception of Janke and
Steinke (2019) and Hirsch and Ziel (2024), no neural network-based model has been proposed in
the literature to predict marginal or joint multivariate distributions with temporal dependencies
in a continuous-time ID electricity market.
Model inputs also vary, particularly in studies of European continuous-time ID electricity mar-

kets. Most existing approaches rely on aggregate price indicators such as the ID3 index, which
represents the volume-weighted average price of all transactions executed within the last three
hours before delivery of a contract (Maciejowska, 2022; Uniejewski et al., 2019; Narajewski and
Ziel, 2020a; Russo et al., 2022; Cramer et al., 2023). While this aggregation offers a convenient
summary of price evolution, it neglects the potential trading opportunities that arise from the
RES generation updates (Kuppelwieser and Wozabal, 2023). Moreover, the timing of individual
transactions plays a critical role in determining trading revenues (Serafin et al., 2022; Janke and
Steinke, 2019). Therefore, the ability to simulate realistic ID price path trajectories is highly
valuable for market participants. Despite its practical importance, research on this topic remains
scarce, with only a few notable contributions such as Narajewski and Ziel (2020b), Serafin et al.
(2022), and Hirsch and Ziel (2024) addressing this challenge.
To address these gaps, we propose a generative neural network model designed to predict mul-

tivariate distributions of the ID price path, capturing temporal dependencies to generate realistic
price trajectories. Our method is a data-driven, nonparametric approach, where the neural net-
work directly outputs ID price path trajectories, incorporating information from historical price
data and relevant exogenous input variables. This approach builds on the conditional genera-
tive model (CGM) developed for multivariate probabilistic weather forecasting by Chen et al.
(2024a), which in turn extends earlier work of Janke and Steinke (2020) on multivariate predic-
tion of day-ahead prices. The CGM belongs to the class of scoring rule-based generative neural
networks, where the model generates meaningful data from noise and is optimized using a loss

2
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Figure 1: Timeline of the forecasting framework. Forecasts for ten 15-minute subperiods, de-
noted by t1, . . . , t10, are generated three hours prior to delivery. The last 30 minutes
before delivery, during which trading is restricted to within control zones, are excluded
from the analysis. Note that the first subperiod, t1, covers only 10 minutes, as the
first five minutes are reserved for data collection and model execution.

function that measures the discrepancy between generated and real data. Training the CGM
involves optimizing a suitable multivariate proper scoring rule, e.g., the energy score, that quan-
tifies the discrepancy between multivariate forecast samples (i.e., the price path trajectories)
and a realization vector representing the temporal path of observed ID prices. By conditioning
on explanatory inputs, the model effectively captures nonlinear relationships for both marginal
forecast distributions and temporal dependencies in the price paths, and integrates them into the
output path trajectories. Our CGM approach is in contrast to the commonly followed two-step
framework for multivariate probabilistic forecasting, which proceeds by separately modeling the
marginal distributions and the multivariate dependencies. Such a two-step framework has been
adopted in many disciplines, including EPF (Ziel and Weron, 2018) and weather forecasting
based on ensemble post-processing (e.g., Schefzik et al., 2013; Lerch et al., 2020; Lakatos et al.,
2023).
The specific application in electricity markets highlights the need for evaluating the perfor-

mance of probabilistic forecasts from both statistical and economic perspectives. Although many
statistical measures have been proposed to assess the calibration and accuracy of univariate and
multivariate probabilistic forecasts, these metrics typically do not directly correspond to the
economic value obtained in real market scenarios. The utilization of probabilistic multivariate
forecasts for making optimal trading decisions and the economic evaluation of specific trading
behaviors are thus of particular importance in this context. Following previous research by Ser-
afin et al. (2022), we consider a simple trading scenario and propose several strategies to make
optimal trading decisions based on multivariate probabilistic forecasts of electricity prices, and
evaluate their performance based on an economic assessment of profit gains.
The remainder of this paper is structured as follows. Section 2 provides a comprehensive

description of the datasets used in this study. In Section 3, we present three approaches to
probabilistic path forecasting of ID electricity prices, including the proposed CGM and two
statistical benchmark methods. In Section 4, we describe the scoring rules utilized to evaluate the
accuracy of path forecasts and introduce trading strategies applied for economic assessment in a
case study. Section 5 presents the results of both the statistical and economic evaluations, and
discusses the practicality and effectiveness of these methodologies. Finally, Section 6 concludes
the key findings of this research. Python code for implementations of all forecasting methods is
available online (https://github.com/jieyu97/epf_cgm).

2 Data

The German ID electricity market offers both auction-based and continuous-time trading for
hourly, half-hourly, and quarter-hourly products. In this study, we focus exclusively on the
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continuous-time market for hourly delivery periods, which represents the most liquid segment
(EPEX, 2025; Narajewski and Ziel, 2020a). Trading for these products begins at 16:00 on
the day preceding delivery and ends 30 minutes prior to delivery, or five minutes prior within
control zones. Unlike auction-based mechanisms, prices in the continuous-time market evolve
dynamically in real time as transactions occur between market participants, resembling the
behavior of financial markets with a limit order book structure (Kuppelwieser and Wozabal,
2021).
We consider ID price trajectories spanning the period from 15.06.2017 to 29.09.20192, before

the start of the crisis periods with COVID-19 and the Russian attack on Ukraine. Like Serafin
et al. (2022), we focus on the Volume Weighted Average Prices (VWAPs) of all transactions in
the ten 15-minute subperiods, denoted as t1, t2, ..., t10, ranging from three hours to 30 minutes
before delivery, see Figure 1. The first subperiod, t1, covers only 10 minutes, as the beginning
five minutes are reserved for data collection and model execution. The last 30 minutes before
delivery, t11 and t12, during which trading is restricted to within control zones, are excluded from
the analysis. The intraday VWAP path, denoted by Xd,h = (Xd,h,tj )

10
j=1, at the ten subperiods

{tj}10j=1 for a specific hourly market at day d and hour h, is the target to predict. Our objective
is to generate probabilistic multivariate forecasts in the form of path trajectories that capture
the temporal dependencies across these subperiods.
In addition to the intraday VWAPs for 15-minute subperiods, six explanatory variables are

available to be used as predictors for making path forecasts, including

� the ID3 index ID3d∗,h∗ , which is defined as the VWAP of all transactions that took place
in the last three hours before delivery of a given hourly product, and corresponds to the
volume weighted average of the VWAPs over {tj}12j=1;

� the day-ahead price DAd∗,h∗ , provided by the EPEX SPOT exchange3;

� the real values of total load Ld∗,h∗ and its day-ahead forecasts L̂d∗,h∗ , provided by the
transmission system operator (TSO);

� the real values of wind generation Wd∗,h∗ and its day-ahead forecasts Ŵd∗,h∗ , provided by
the TSO.

The indices d∗ and h∗ represent the day and the hour, respectively. Multiple selected values
(d∗, h∗) are utilized to make path forecasts for the target hourly market at day d and hour h. All
data series except the ID3 index are freely available from the ENTSO-E platform4. We assume
that the actual values of the load and wind generation are available with a delay of less than 3
hours in real-time operation.
Like in Serafin et al. (2022), the out-of-sample test period comprises the last 200 days (from

13.03.2019 to 29.09.2019). The preceding data is used for model training and generating path
trajectories using different approaches. All predictors and target variables are normalized to
ensure more stable and efficient training, where different standardization schemes are applied
and will be introduced separately for each approach in the following.

3 Methods

This section introduces three approaches to multivariate probabilistic time-series forecasting for
generating ID electricity price trajectories across multiple subperiods. These include the pro-
posed generative machine learning method based on a conditional generative model (CGM),

2The same dataset as in Serafin et al. (2022).
3See https://www.epexspot.com/en/indices.
4See https://transparency.entsoe.eu/.
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Figure 2: Schematic overview of the three approaches to multivariate probabilistic time-series
forecasting.

as well as two state-of-the-art statistical benchmark methods originally introduced by Serafin
et al. (2022). A schematic overview of the three approaches is presented in Figure 2. Many
multivariate time-series forecasting methods in the EPF literature adopt a two-step framework,
wherein marginal predictive distributions are estimated first, followed by a separate modeling
of temporal dependencies (Ziel and Weron, 2018). This structure is also employed by the two
benchmark methods considered in this study. In contrast, the proposed CGM approach inte-
grates both steps into a unified framework, directly generating multivariate forecast trajectories
that inherently capture temporal dependencies.

3.1 The proposed conditional generative model

We propose a novel approach to directly produce multivariate time-series forecasts in the form of
path trajectories using generative machine learning. This approach builds on the framework de-
veloped by Chen et al. (2024a) in the context of multivariate post-processing of ensemble weather
forecasts. Our conditional generative model (CGM) is a nonparametric approach which does
not require parametric assumptions on the marginal distribution or the multivariate dependence
structure. This is achieved by utilizing an implicit generative neural network that parametrizes
the stochastic process of generating meaningful data from noise, and directly yields simulated ID
price path trajectories as output. Incorporating information from the available exogenous pre-
dictors as inputs enables the CGM to learn complex and nonlinear relationships within the data.
The CGM is trained by minimizing the energy score, which will be introduced in Section 4.1.1,
as a loss function that measures the discrepancy between the generated path trajectories and
the observed multivariate ID price path. For a more detailed description of the mathematical
background of generative models and the CGM, we refer to Chen et al. (2024a).
From a conceptual standpoint, the CGM offers a key advantage over traditional two-step

frameworks in multivariate probabilistic forecasting by streamlining the training process. Un-
like traditional approaches that separately estimate marginal forecasts and model multivariate
dependencies via copulas in a post hoc manner, the CGM directly generates multivariate prob-
abilistic forecasts, thereby simplifying model training and reducing potential sources of error
propagation. Moreover, the flexibility of incorporating exogenous predictors in the CGM allows
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Figure 3: Schematic illustration of the conditional generative model (CGM) used to generate M
path trajectories of the multivariate ID price forecast for a given hourly market at day
d and hour h. The dimensions of the tensors at each module are indicated in the small
boxes, with the batch size omitted.

additional information to be used in modeling multivariate dependencies, whereas copula-based
methods typically rely solely on historical target variables. Another strength of the CGM lies
in its flexibility with respect to the training loss function, where the energy score is not the
only viable choice. While Pacchiardi et al. (2024) discussed the use of other multivariate proper
scoring rules in a similar setting, we explore the use of a custom loss function tailored to the
needs of the economic evaluation, see Section 4.2.3.

3.1.1 Model architecture

Figure 3 provides a schematic illustration of our CGM. The output of the CGM is a set of
10-dimensional vectors,

X̃m
d,h = (X̃m

d,h,t1 , . . . , X̃
m
d,h,t10),

representing sample paths of ID prices over the 10 subperiods from the underlying multivariate
forecast distribution for a target hourly market at day d and hour h. The model comprises three
components to efficiently incorporate relevant exogenous predictors in different segments and
to propagate relevant uncertainty information to the generated ID paths by transforming the
input noise of the generative model. This design results in three separate input modules, with
the corresponding parts represented in different colors in the schematic illustration.
The first module of the model, denoted by hts, aims at generating intermediate predictions

as latent information for the subsequent parts. It is designed to mimic deterministic time-
series forecasting and utilizes a fully connected feed-forward neural network. The input for
this module, denoted by Input1, consists of 20 predictor variables, including the six exogenous
variables introduced in Section 2, the VWAP at 12 subperiods before delivery (from t1 to t12)
along with their standard deviations, and the VWAP of the last subperiod preceding t1. This
VWAP, which is denoted by Xd∗,h∗,t0 , corresponds to the period from three hours 15 minutes
to three hours before the delivery of a target hourly market at day d∗ and hour h∗. For all 20
input variables, we use a window of historical data ranging from one week to four hours before
the delivery time. For the ID price-related predictors, the data corresponds to historical hourly
markets. The full list of inputs for this first module thus is

Input1 =
{
ID3d,h−i, DAd,h−i, Ld,h−i, L̂d,h−i,Wd,h−i, Ŵd,h−i, {Xd,h−i,tj}

12
j=0, σ

(
{Xd,h−i,tj}

12
j=1

)}168

i=4
.
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The second module, denoted by hδ, is the core of the generative model based on which it learns
to produce meaningful noise estimates conditional on the available input data. We generate
latent noise variables by sampling from a standard multivariate Gaussian distribution, which
is a common choice in generative models. The dimensionality of the latent variables Dlatent

is a hyperparameter of the model that controls the complexity of randomness for each sample
and needs to be determined through hyperparameter tuning. We use Zm to denote a single
sample of the noise vector from which we eventually obtain the corresponding output sample
X̃m

d,h as the final output of our generative model. By repeatedly generating samples from the
noise distribution and propagating them through the generative model, we obtain a multivariate
probabilistic forecast in the form of path samples as output. The number of noise samples we
draw during training (and inference) determines the number of output path trajectories, and
thus enables the generation of arbitrarily many sample trajectories.
The scale of the generated latent noise Zm is adjusted by incorporating uncertainty informa-

tion from the second part of the available inputs, denoted by Input2, which utilizes the standard
deviation predictor in Input1. We refer to the output of this scale adjustment as conditional
noise. A fully connected feed-forward neural network is employed to learn the adjusted scales
δd,h for all latent variables, and the conditional noise is obtained via

hδ
(
Input2

)
⊙Zm, Zm ∼ NDlatent(0, I); with Input2 =

{
σ
(
{Xd,h−i,tj}

12
j=1

)}168

i=4
.

The third and final module, denoted by hall, further incorporates more recent historical infor-
mation available within the four hours before delivery, and integrates the intermediate predic-
tions and conditional noise from the previous two modules to generate sample trajectories. The
inputs for this module, denoted by Input3, contain the 20 variables from Input1, but only for the
specific values at (d∗, h∗) corresponding to four hours before delivery of the target hourly mar-
ket. Additionally, it incorporates four variables, including the day-ahead price, the last VWAP,
and the day-ahead forecasts of wind generation and load, available from three hours before up
to the delivery time. While the observed ID price path of previous hourly markets within three
hours before the target delivery is not fully available at the time of forecasting, partial paths
are accessible and can provide valuable insights into the latest real-time ID prices. Therefore,
we incorporate these available ID prices, specifically {Xd,h−2,tj}12j=9 and {Xd,h−3,tj}12j=5. We also
incorporate time dummy variables to convey the time information of the target hourly market,
including both sine and cosine transforms of ”the day of a year” d, and ”the hour of a day”
h. The weekday information, ranging from one to seven, is treated as a separate input com-
ponent. This information is integrated with the other inputs after being processed through an
embedding layer that converts categorical integer values into two-dimensional vectors, follow-
ing related work in probabilistic weather forecasting Rasp and Lerch (2018), which in turn is
based on widely used embedding techniques in natural language processing. The complete list
of Input3 is

Input3 =
{
Input1(i = 4),

{
DAd,h−i, L̂d,h−i, Ŵd,h−i, Xd,h−i,t0

}3
i=0

,

{Xd,h−2,tj}
12
j=9, {Xd,h−3,tj}

12
j=5, {time indicators}

}
.

As final output of the CGM, we thus obtain samples of path trajectories via

X̃m
d,h = hall

(
hts(Input1), h

δ
(
Input2

)
⊙ zm, Input3

)
with m = 1, 2, . . ., by repeatedly generating samples from the latent noise distribution.
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3.1.2 Implementation details

The CGM is trained by minimizing the empirical energy score, see Section 4.1.1. To reduce
the randomness inherent in neural network training, we generate an ensemble of 10 CGMs by
training separate models with identical hyperparameters on the same data, but with different
random seeds. This strategy has proven effective in improving robustness and overall forecast
quality, and is competitive with other ensemble generation mechanisms for neural network-based
forecasting models (Schulz et al., 2022). Each ensemble run generates 1 000 output samples, and
the combined output of all ensemble runs yields a total of 10 000 forecast path trajectories as
the final outcome of the model. For a detailed investigation of strategies to generate ensembles
of CGMs, see Chen et al. (2024a).
The hyperparameters determining the structure of the CGM, including the number of lay-

ers, nodes, activation functions in each layer, and the number of latent variables, need to be
determined through hyperparameter tuning. The hyperparameters were determined based on a
combination of exploratory experiments and an additional grid search. The three model com-
ponents have different hyperparameter configurations, and the overall framework consists of 100
latent variables for the noise component, 10 dense layers, with the ELU activation function
(Clevert et al., 2015) used for most layers. For a complete list of hyperparameter choices used
by the CGM, we refer to the Python code accompanying this work. The model is trained using
stochastic gradient descent optimization with the Adam optimizer (Kingma and Ba, 2014) with
a learning rate of 1× 10−4, a batch size of 1 024, and an early stopping criterion with a patience
of 10 epochs to avoid overfitting.

The CGM is trained over a fixed period of 630 days (22.06.2017–13.03.2019), with 20 percent
of the data randomly selected as the validation set. The training period begins one week after
the first date in the original dataset to ensure historical input variables are available. All
input variables are normalized by subtracting the mean and dividing by the standard deviation
of the data over the training period. Preliminary experiments indicated no improvements,
and sometimes worse performance, when training the CGM with a sliding window, likely due
to higher variability in the training data. Therefore, in contrast to the statistical benchmark
methods, we do not employ sliding window training for the CGM, even though the comparatively
low computational cost would have made this technically possible, as the training process only
takes a few minutes on multiple CPUs. That said, rolling window training may still offer
advantages for different datasets and contexts, and thus may be worth considering to enable the
model to better adapt to structural changes in the data over time.

3.2 LQC benchmark

The LQC approach (Serafin et al., 2022) comprises three components: a deterministic point
prediction model, a transformation of those point predictions to probabilistic forecasts, and
a restoration of temporal dependencies. The specific methods applied in those components
lend the LQC approach its name: The point predictions are obtained via (L)ASSO-estimated
(auto)regression (also known as the LEAR model; Lago et al., 2021), and are converted to
probabilistic predictions via (Q)uantile regression (as in the quantile regression averaging ap-
proach proposed by Nowotarski and Weron, 2015). Finally, a Gaussian (C)opula is employed
for modeling temporal dependencies (as suggested in Pinson et al., 2009).
In the first step, point predictions are made using the LEAR model, utilizing 102 inputs (or

regressors) derived from the six explanatory variables introduced in Section 2:

� {ID3d,h−i}24i=4, i.e., the most recent 21 historical ID3 index values available at the time of
prediction;

� {DAd,h−i}24i=0, i.e., 25 day-ahead prices available within one day before delivery;

8



� {Ŵd,h−i, L̂d,h−i}24i=0, i.e., 25 hourly values of day-ahead wind generation and load forecasts
available within one day before delivery;

� {Wd,h−4,Wd,h−24, Ld,h−4, Ld,h−24}, i.e., the actual wind power production and observed
load for the last observed hour (4 hours before delivery) and 24 hours ago;

� {Xd,h,t0}, i.e., the last VWAP spanning the transaction period from 3 hours 15 minutes to
3 hours before delivery;

where day d, hour h represent the delivery time of the target hourly market. Separate models
are constructed for each of the 10 subperiods j = 1, 2, . . . , 10, and the least absolute shrinkage
and selection operator (LASSO; Tibshirani, 1996) is used to remove redundant features.
Following Tschora et al. (2022) and Ziel and Weron (2018), we transform the inputs by apply-

ing the area hyperbolic sine5. As suggested by Uniejewski et al. (2018), each input series is first
independently normalized by subtracting the in-sample median and dividing by the in-sample
median absolute deviation, adjusted by the 75th percentile of the standard normal distribution.
Once the point prediction X̂d,h,tj for each subperiod j is generated, the transformation and
normalization are inverted.
Based on the point forecast processed separately for different subperiods, we use quantile

regression (QR; Koenker, 2005) in the next step to compute empirical forecasts in the form of
99 percentiles of the predictive distribution F̂d,h,tj at each margin, i.e., for each subperiod tj
before delivery at day d and hour h. The LASSO and QR steps result in probabilistic forecasts
of the marginal distribution and thus constitute the first part of the two-step framework for
multivariate forecasting. The 99 percentiles are linearly interpolated, with linear extrapolation
applied to the minimum and maximum prices for the extreme values, to allow for drawing
arbitrarily many quantiles in the subsequent step.
In the final step, multivariate path trajectories of ID prices across multiple subperiods are

generated based on the predicted quantiles, with temporal dependencies between subperiods
modeled using a Gaussian copula, as presented in Serafin et al. (2022). The probabilistic path
forecasts consisting of M trajectories{

X̃m
d,h = (X̃m

d,h,t1 , . . . , X̃
m
d,h,t10)

}M

m=1

of the target ID prices
Xd,h = (Xd,h,t1 , . . . , Xd,h,t10)

are derived from M random samples
{
Zm

d,h = (Zm
d,h,t1

, . . . , Zm
d,h,t10

)
}M
m=1

∼ N (0,Σd,h) from a
multivariate Gaussian distribution, i.e.,

X̃m
d,h,tj

= F̂−1
d,h,tj

(
Φ
(
Zm
d,h,tj

))
, for j = 1, . . . , 10,

where F̂−1
d,h,tj

denotes the inverse transformation of the marginal forecast CDF F̂d,h,tj , and Φ
represents the standard Gaussian CDF. The covariance matrix Σd,h is estimated based on the
transformed historical ID prices from a preceding calibration window C = [d− 120, d),

Σd,h = cov
({

Ẑd∗,h = (Ẑd∗,h,t1 , . . . , Ẑd∗,h,t10)
}
d∗∈C

)
, with Ẑd∗,h,tj = Φ−1

(
F̂d∗,h,tj (Xd∗,h,tj )

)
.

For all three steps of the LQC approach, a rolling window scheme is employed. Each day, the
calibration windows are moved forward by one day to produce the next day’s forecasts, with
different window sizes used for each step. We first use LASSO-estimated regression fitted to data

5The area (inverse) hyperbolic sine can be computed by arsinh(x) = ln
(
x+

√
x2 + 1

)
.
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from a 396-day calibration window (sliding window initially starting from 16.06.2017) to compute
point predictions, then apply QR with parameters estimated using a 120-day calibration window
(sliding window initially starting from 16.07.2018). Once computed, the predictive distributions
are converted into path forecasts using a Gaussian copula fitted over a 120-day calibration
window (sliding window initially starting from 13.11.2018).

3.3 LASSO bootstrap benchmark

The LASSO bootstrap approach uses the same point predictions from the LEAR model as
the LQC approach. These point predictions serve as the basis for obtaining probabilistic price
path forecasts without the need to compute predictive distributions, utilizing a bootstrapping
method. Thereby, vectors of historical point forecast errors are sampled to incorporate temporal
dependencies based on past obseervations.
To obtain a multivariate path trajectory X̃m

d,h of ID price forecast for the delivery at day d
and hour h, we first compute vectors of past point forecast errors from a preceding calibration
window, i.e.,

εd∗,h = X̂d∗,h −Xd∗,h, with d∗ ∈ [d− 240, d),

and proceed by adding bootstrapped error vectors to the point predictions for the target path,

X̃m
d,h = X̂d,h + εmd∗,h, with εmd∗,h ∈ {εd∗,h}d∗∈[d−240,d), for m = 1, . . . ,M,

where X̂d,h = (X̂d,h,t1 , . . . , X̂d,h,t10) are the point predictions for all subperiods.
The LASSO bootstrap approach also employs a rolling window scheme. The first step is the

same as the LASSO step in the LQC approach, where we fit a LASSO-estimated regression
model using data from a 396-day calibration window. In the next step, randomly sampled
historical error vectors from a 240-day calibration window (sliding window initially starting from
16.07.2018) are added to the point predictions to obtain multivariate probabilistic forecasts of
ID prices.

4 Statistical and economic evaluation methods

We here introduce various evaluation metrics that will be used in Section 5 to compare the
CGM against the two statistical benchmarks. We present widely used statistical metrics for
probabilistic forecasts that account for prediction uncertainty, and propose economic evaluation
methods based on trading strategies on top. These are motivated from a practical perspective
where a manager has to make a decision, and different evaluation metrics may point to different
suggested actions (Kolassa, 2020). At the same time, the optimal choice will be affected by the
decision maker’s preferences, e.g., regarding profit maximization or risk reduction. Statistical
evaluation alone thus does not provide the necessary information, as there is no clear and obvious
relationship between scoring metrics and the expected outcome of economic decisions. This
makes it unclear whether higher accuracy in terms of statistical evaluation metrics translates
into better economic results in practice (Maciejowska et al., 2023; Yardley and Petropoulos,
2021). To address this, we consider a range of trading strategies based on the generated ID
price path forecasts, which will be introduced in Section 4.2, and evaluate different methods in
a case study involving a fixed-volume scenario.

4.1 Statistical evaluation

Since probabilistic forecasts capture prediction uncertainty, respective statistical evaluation met-
rics should also take uncertainty information into account. The widely accepted standard tools
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for probabilistic forecast evaluation are proper scoring rules (Gneiting and Raftery, 2007), which
simultaneously assess calibration and sharpness of predictive distributions. In a nutshell, a scor-
ing rule S(F, x) assigns a numerical score to a pair of a forecast distribution F and a realizing
observation x. It is called proper, if the true distribution of the observation achieves the best
(i.e., lowest) possible score in expectation, i.e., EX∼GS(G,X) ≤ EX∼GS(F,X) for all pairs of
forecast distributions F,G from a suitably chosen class of probability distributions. For details,
we refer to Gneiting and Raftery (2007), available software implementations (e.g., Jordan et al.,
2019), and the wide variety of research in statistics and application disciplines, including, e.g.,
Lauret et al. (2019) with a focus on energy forecasting.
The continuous ranked probability score (CRPS), proposed by Matheson and Winkler (1976),

is a proper scoring rule widely used for evaluating univariate probabilistic forecasts. Given
marginal forecast CDF F̂d,h,tj and the real price Xd,h,tj at subperiod tj for hourly market day d
and hour h, the CRPS is defined as

CRPSd,h,tj (F̂d,h,tj , Xd,h,tj ) =

∫ ∞

−∞

(
F̂d,h,tj (z)− I{z ≥ Xd,h,tj}

)2
dz,

where I denotes the indicator function. Based on empirical samples {X̃m
d,h,tj

}Mm=1 from the
predictive distribution, it can be formulated as

CRPSd,h,tj =
1

M

M∑
m=1

∣∣X̃m
d,h,tj

−Xd,h,tj

∣∣− 1

2M2

M∑
m=1

M∑
n=1

∣∣X̃m
d,h,tj

− X̃n
d,h,tj

∣∣.
The CRPS is negatively oriented and equals zero for a forecast that perfectly matches the
observed distribution. In the special case where the forecast is a deterministic point prediction,
the CRPS reduces to the mean absolute error.
The direct generalization of CRPS to multivariate forecasts is the energy score, which will

be introduced below. In addition to the energy score, several proper scoring rules have been
proposed for evaluating multivariate probabilistic forecasts. However, all of them come with cer-
tain shortcomings in terms of sensitivity to certain types of misspecifications of the multivariate
forecast distribution (Scheuerer and Hamill, 2015; Alexander et al., 2024). A comprehensive un-
derstanding of contributions to various types of misspecifications to the behavior of multivariate
proper scoring rules remains an open question and subject of current research, see the discussion
in Chen et al. (2024a) and references therein. We here use three popular multivariate proper
scoring rules: the energy score (ES), the Dawid-Sebastiani score (DSS) and the variogram score
(VS).

4.1.1 Energy score

The energy score (ES; Gneiting and Raftery, 2007) is given by

ESd,h =
1

M

M∑
m=1

∥∥∥X̃m
d,h −Xd,h

∥∥∥
2
− 1

M(M − 1)

M−1∑
m=1

M∑
n=m+1

∥∥∥X̃m
d,h − X̃n

d,h

∥∥∥
2
,

where X̃m
d,h =

(
X̃m

d,h,t1
, . . . , X̃m

d,h,t10

)
is the m-th multivariate realization of ID price path forecast

for day d and hour h, Xd,h is the corresponding observed ID price path, and M is the number
of generated path trajectories. A number of studies have noted that the ES lacks sensitivity to
misspecifications of the dependence structure (e.g., Pinson and Girard, 2012; Alexander et al.,
2024).
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4.1.2 Dawid-Sebastiani score

The Dawid-Sebastiani score (DSS; Dawid and Sebastiani, 1999) is estimated based on the mean
vector and covariance matrix of the predictive distribution

DSSd,h = log (det (Sd,h)) +KTS−1
d,hK,

where in our case Kd,h = (Kd,h,t1 , . . . ,Kd,h,t10) is a vector of 10 differences,

Kd,h,tj = Xd,h,tj −
1

M

M∑
m=1

X̃m
d,h,tj

and Sd,h is the covariance matrix estimated from the simulated scenarios. The DSS corresponds
to the logarithmic score for multivariate Gaussian predictive distributions and is a proper scoring
rule for a broad class of probability distributions.
In addition to shortcomings that have been noted in cases where forecast accuracy is moderate

(Wilks, 2020), a major limitation of this score is the potential numerical issue when inverting
the covariance matrix if the sample size is small relative to the number of ensemble members
(Scheuerer and Hamill, 2015).

4.1.3 Variogram score

The variogram score (VS; Scheuerer and Hamill, 2015) is given by

VSd,h =

10∑
i,j=1

wi,j

(∣∣Xd,h,ti −Xd,h,tj

∣∣p − 1

M

M∑
m=1

∣∣∣X̃m
d,h,ti

− X̃m
d,h,tj

∣∣∣p)2

,

where p is the order of the VS, and wi,j is an optional weight parameter. We here consider
the unweighted version with wi,j = 1

100 . It has been argued that the VS tends to be more
discriminative than the ES and DSS when the correlation structure of ensemble forecasts is
misspecified (Scheuerer and Hamill, 2015). The order p needs to be chosen by the user, with
Alexander et al. (2024) noting that the VS with p = 0.5 has a superior discriminative ability
when dealing with relatively accurate forecasts, whereas p = 1 should be used in cases with
moderate prediction accuracy.

4.2 Economic evaluation

To evaluate the generated path forecasts from an economic perspective, we consider a range
of trading strategies for the fixed-volume scenario introduced by Serafin et al. (2022) in the
continuous-time ID market. The fixed-volume scenario assumes that an energy producer owning
intermittent RES sells the surplus of 1 MWh of electricity in each hour of the day. A similar
setup has been considered by Kath and Ziel (2018) and Janczura and Puć (2023), among others.
We make the standard assumption that the impact of our trades on the ID prices is negligible
and ignore the transaction costs. The decision problem can then be treated as finding the
optimal time to enter the market for selling the fixed amount of electricity for each individual
hourly delivery period.
In the following, we present two classes of strategies that rely on multivariate path forecasts

for the fixed-volume scenario, where one is based directly on the multivariate trajectories and
the other utilizes prediction bands derived from the path forecasts. In addition, we describe the
naive benchmark strategies and introduce a crystal ball (or orcale) benchmark to evaluate the
realized trading potential when using multivariate price forecasts of the benchmark models and
the proposed CGM.
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4.2.1 Trading strategies based on probabilistic forecasts

Majority vote strategy

Given a single path forecast in the form of a trajectory of ID price across multiple subperiods,
the most intuitive and simple approach to determining the optimal time for selling the fixed
amount of electricity is to simply use the subperiod when the predicted path trajectory reaches
its maximum price. Based on the collection of M generated path trajectories which are obtained
as outputs of the different forecasting methods, we use a majority-vote strategy to identify the
most frequent subperiod with the maximum price. The optimal time for entering the market

using the majority-vote strategy for M path trajectories
{
X̃m

d,h = (X̃m
d,h,t1

, . . . , X̃m
d,h,t10

)
}M
m=1

is
then given by

Jd,h = mode

{ argmax
j∈{1,...,10}

X̃m
d,h,tj

}M

m=1

 , (1)

where Jd,h is the index of the optimal subperiod for selling the fixed amount of electricity.

Prediction band-based strategy

In addition to selecting the optimal time for entering the market directly from the simulated
trajectories of future price paths, we further explore strategies based on prediction bands derived
from the collection of path forecasts, which were first proposed in Serafin et al. (2022).
Prediction bands, unlike a set of prediction intervals, account for the temporal dependence in

the evolution of predicted prices over time. Each prediction band (upper or lower) is defined by
the simultaneous coverage probability (SCP), which represents the probability that the entire
price trajectory lies below (→ upper) or above (→ lower) the band. More formally, the SCP for
the upper prediction band BU

d,h,tj
∈ R10 is given by

P
(
Xd,h,tj ≤ BU

d,h,tj
, ∀j
)
= SCP,

and for the lower BL
d,h,tj

by

P
(
BL

d,h,tj
≤ Xd,h,tj ,∀j

)
= SCP.

The algorithm used to construct prediction bands is based on Staszewska (2007). To satisfy
the simultaneous coverage property, which requires that predicted price paths remain within the
prediction band at all time points, the procedure involves filtering out simulated trajectories
that contain extreme values. Specifically, trajectories with maximum values (for the upper
band) or minimum values (for the lower band) at any time subperiod are iteratively removed
until only a fraction corresponding to the desired SCP level remains. The prediction band is
then constructed by taking the pointwise maximum (for the upper band) and minimum (for the
lower band) at each subperiod across the remaining trajectories.
In our fixed-volume scenario for the economic evaluation of path forecasts, we focus on making

decisions about when to sell the fixed amount of electricity. The upper prediction band provides
information on the highest probable price under a given SCP, while the lower prediction band
reflects the lowest probable price. For a risk-seeking decision, we may select the subperiod
that achieves the highest value in the upper prediction band as the optimal time for selling.
Conversely, for a risk-averse decision, we may select the subperiod time point with the highest
value in the lower prediction band, thereby maximizing the lowest expected price. We explore
both choices and discuss their implications in more detail later.
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4.2.2 Benchmark trading strategies

Naive benchmarks

We use three naive benchmark strategies that do not rely on any generated forecasts and in-
stead execute trades at predefined times using the fixed volume of electricity. In the Naivefirst
benchmark, the energy producer submits a market order in period t0, i.e., three hours before the
delivery starts. The Naivelast benchmark proceeds by placing market orders in the last period
t10, i.e., 30 minutes before delivery, just before trading becomes restricted to selected zones.
Finally, the Naiveavg benchmark distributes the total volume evenly across all the 10 periods
t1, . . . , t10, executing 10 equally sized trades. It is worth noting that the Naiveavg benchmark
thus deviates from the previous assumption of a fixed-volume selling scenario where the total
amount of available electricity is sold at a single subperiod, which might somewhat limit the
fairness of the comparisons.

Crystal ball benchmarks and the realized trading potential

The employed fixed-volume selling scenario has a maximum and minimum profit that can theo-
retically be achieved if the realizing observations of prices were known in advance. Although this
would obviously be impossible in any practical application, comparisons against the theoretical
optimum might be of interest to assess the capabilities of the proposed forecasting models. To
that end, we construct a hypothetical crystal ball (CB) trading strategy, where we assume the
future observations to be known and sell the available electricity during the subperiod with
the highest (for the maximum profit CB benchmark) or the lowest (for the minimum profit
CB benchmark) realized price. We denote the profits from these two benchmarks by CBmax

and CBmin, respectively. We can then define the realized trading potential (RTP) of a given
combination of a forecasting model A and a trading strategy as

RTPA =
ProfitA − CBmin

CBmax − CBmin
× 100,

where ProfitA is the sum of the trading strategy’s profits over the entire 200-day test period
when using the predictions of model A. The RTP, which can take values from 0 to 100, can be
interpreted as the fraction of the maximum profit that can be achieved (times 100).

4.2.3 Tailoring the conditional generative model to optimize trading profits

As discussed in Section 3.1, the CGM can be trained with alternative loss functions. Here,
we investigate an adaptation to potentially improve the economic aspects of the CGM model
predictions, by combining the previously introduced economic evaluation as a custom loss func-
tion with energy score. Specifically, we employ the majority-vote strategy for the fixed-volume
trading scenario and integrate an additional loss component that measures the difference be-
tween the optimum index derived from the generated path trajectories and the observed optimal
subperiod index obtained from the realizing ID prices.
Following Eq. (1), we derive the index J̃d,h of the optimal subperiod for selling based on the

path trajectories {X̃m
d,h}Mm=1 generated by the CGM by applying the majority vote strategy. Let

Jobs
d,h denote the index of the subperiod with the highest observed ID price,

Jobs
d,h = argmax

j∈{1,...,10}
Xd,h,tj .
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Figure 4: Mean absolute error (a) and CRPS (b) of different forecasting methods for each sub-
period (margin) of the ID price path.

The custom loss function for the CGM is then defined as

ℓd,h = (1− ω) · 1
2
· ESd,h + ω ·

(
1

100
·
(
J̃d,h − Jobs

d,h

)2)
,

where ω controls the weight of each component. The ES component is divided by two to ensure
a comparable magnitude of typical values encountered during the model optimization.
In the next section, we present results for ω = 0.5, as preliminary experiments suggest that an

equally weighted loss results in a better trade-off between statistical and economic performance6.
The CGM approach trained solely on the energy score is denoted as ”CGM (ES loss)”, and the
one trained with the custom loss that integrates the economic evaluation measure is denoted as
”CGM (custom loss)”. The performances of both CGM variants are investigated.

5 Results

In this section, we present the results of both the statistical and economic evaluation of the
generated path forecasts of the CGM and the statistical benchmark models.

5.1 Statistical evaluation

We first compare the univariate performance of the different methods at each margin in terms
of the mean absolute error of the median forecast and the CRPS in Figure 4. Both evaluation
metrics increase as the time subperiod approaches the target delivery time, indicating that it
is harder to make accurate forecasts closer to delivery. Figure 4(a) shows the absolute error,
averaged over all hourly markets in the 200-day test dataset for each subperiod. The LASSO
bootstrap benchmark consistently outperforms other approaches across all subperiods closely
followed by the LQC benchmark and two CGM variants. In terms of CRPS shown in Figure
4(b), the LASSO bootstrap benchmark also performs best among all methods, especially for
subperiods further from the delivery time. For subperiods closer to the target delivery, the
two CGM variants show comparable performance to the LASSO bootstrap benchmark. The
two considered CGM variants consistently show almost no difference in performance over both
metrics.

6Results are available from the authors upon request.
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Table 1: Mean values of multivariate proper scoring rules of the price path forecasts generated
by the LASSO bootstrap and the LQC benchmark, and the two CGM variants. The
results are shown separately for on- and off-peak hours. The best scores in each column
are highlighted in bold.

ES DSS VS-1 VS-0.5
on-peak off-peak on-peak off-peak on-peak off-peak on-peak off-peak

LASSO bootstrap 10.18 8.04 38.43 30.63 34.06 29.98 0.70 0.58
LQC 10.86 8.86 45.10 39.05 41.23 34.96 0.83 0.73
CGM (ES loss) 10.30 8.20 34.76 29.82 33.46 30.43 0.70 0.64
CGM (custom loss) 10.37 8.20 34.41 29.60 33.53 30.33 0.70 0.63

To further investigate the distribution of the forecast errors of these different approaches, we
present histograms of the differences between each marginal forecast sample and the observed
ID price in Figure 5. These histograms are shown for four selected time subperiods. In the
first subperiod, which begins three hours before the target delivery, we observe that the bias
distributions of the forecasts from two CGM variants are notably wider compared to the two
statistical benchmarks. Conversely, in the last subperiod, starting 45 minutes before delivery,
the two CGM variants produce slightly narrower bias distributions than the benchmarks. The
increasing variance of bias distributions from the first to the last subperiod further underscores
the increased complexity of estimating ID prices as the delivery time approaches.
Next, we compare the multivariate performance of the different methods. Table 1 shows

results for the last 200 days of the out-of-sample period in terms of the mean energy score, the
Dawid-Sebastiani score, and two variants of the variogram score (VS-1, VS-0.5). The evaluation
is divided into on-peak hours (8:00-19:00) and off-peak hours (the remaining 12 hours of the
day).
In general, different evaluation metrics suggest different best-performing methods, and no

single method consistently outperforms the others across all metrics. However, the LQC bench-
mark exhibits the weakest performance throughout, in particular for the DSS and VS7. The
other three methods are generally comparable, aligning with the univariate evaluation results.
The LASSO bootstrap benchmark performs best in terms of the ES, but is outperformed by the
two CGM variants when evaluated using VS-1, VS-0.5 during on-peak hours, and in terms the
DSS. These results suggest that the CGM variants are better in capturing the temporal depen-
dence structure of the price paths, particularly during on-peak hours, which are more critical
periods for trading markets, whereas the LASSO bootstrap benchmark exhibits a smaller bias.
That said, the score differences between the CGM models and the LASSO bootstrap benchmark
tend to be mostly minor.
Figure 6 shows the mean value of the different scoring rules for each hourly market. Across

all four panels, two primary peaks are evident, roughly corresponding to 11:00–15:00 and
20:00–23:00, which likely align with high electricity demand during midday and evening hours.
During these peak periods, the CGM variants outperform the LASSO bootstrap benchmark in
terms of DSS and both VS metrics, while the LASSO bootstrap method achieves better results
in terms of the ES. During the remaining periods with lower score values, the LASSO bootstrap
method generally performs better than all other methods. The LQC benchmark consistently
performs worst over almost all hourly markets, with few exceptions. During the peak periods,
which are typically more critical for real-world trading decisions, the CGM variants exhibit
comparatively stronger performance, particularly in capturing temporal dependencies within

7The relative performance of the LQC benchmark differs from the results in Serafin et al. (2022) due to a
mistake in their code for preprocessing the data.
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Figure 6: Mean values of the different multivariate proper scoring rules over 200 days in the test
period for each hourly market.

the forecast trajectories. In contrast, the LASSO bootstrap method shows notable outliers with
by far the worst DSS values observed across all methods during periods with the highest overall
forecast errors.

5.2 Economic evaluation based on trading profits

We follow the fixed-volume selling scenario introduced in Section 4.2, which aims at maximizing
the profit from selling 1 MWh in each hourly load period during the 200-day test period, based
on the majority vote and prediction band strategies. The trading profits based on the observed
ID price at the selected time are computed as the sum of the profits for all hourly markets over
the 200-day test period.
Figure 7(a) compares the total profit gains of the different path forecasting methods using

the majority-vote strategy. For reference, the results from three naive benchmarks presented in
Section 4.2.2 are included as baselines. Among the four forecasting methods, the CGM trained
with the ES performs best, closely followed by the CGM trained with the custom loss function.
This is somewhat unexpected as the custom loss function was explicitly designed to incorporate
economic evaluation during the model training. The LASSO bootstrap benchmark outperforms
the LQC method and all three naive benchmarks, and is only slightly worse than the two CGM
variants. Further, the relative differences in the overall trading profits remain relatively small
across all considered methods and benchmarks.
The realized trading potential indicated that the best naive strategy, Naivelast, achieves an
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Figure 7: (a): Overall trading profit gains using the majority-vote strategy described in Section
4.2.1 in terms of the nominal profit (left axis) and the realized trading potential (right
axis; see Section 4.2.2). (b): Distribution of the subperiod with the highest observed
price during the 10 considered subperiods within the test set.

RTP of 50.3. In comparison, the CGM variants yield RTP values of approximately 52.3, repre-
senting a 4% improvement over Naivelast. The LASSO bootstrap benchmark, with an RTP of
51.8, provides a 3% improvement. Relative to Naivefirst with an RTP of 47.5, corresponding to
a simple market sell order submitted 3 hours before delivery, the CGM variants achieve a 10%
improvement, while the LASSO bootstrap shows a 9% improvement.
Interestingly, the Naivelast benchmark performs well, even outperforming the LQC benchmark.

To investigate this further, we analyzed the observed prices within considered subperiods over
the test period. Figure 7(b) shows the frequency of indices with the highest observed ID price
for all hourly markets, indicating the highest price for a given hourly market most frequently
occurs during the last subperiod (i.e., from 45 to 30 minutes before delivery). This pattern
explains the strong performance of Naivelast relative to other naive benchmarks.

As discussed in Section 4.2.1, prediction bands can be derived from a collection of path
forecasts. For evaluation and comparison, we first need to specify the simultaneous coverage
probability. Here, SCP values ranging from 5% to 95% are considered as ex-post selected
thresholds for a more generalized analysis. In real-time trading, the optimal SCP value leading
to the highest profits varies over time and of course needs to be selected ex-ante, for example
based on historical data, as suggested in Serafin et al. (2022).
Figure 8 illustrates the profit gains achieved using the prediction band-based strategy, based

on both the upper and lower prediction bands with selected SCP values. As discussed in Section
4.2.1, the decision to determine the optimal selling time based on either the upper or lower pre-
diction band reflects the trader’s risk preference. Our observations indicate that no forecasting
method consistently outperforms the others across all SCP values in both cases. However, the
profit gains associated with the upper prediction band are generally higher than those from the
lower prediction band, suggesting that taking on a relatively higher level of risk may yield better
returns.
In the lower prediction band-related results shown in Figure 8(b), there is a clear trend of

increasing profits as the SCP decreases. In contrast, the upper prediction band-related results
shown in Figure 8(a) do not exhibit a clear trend. At very low SCP values, the remaining path
trajectories for deriving lower prediction bands are those with consistently high predicted ID
prices, while for the upper prediction bands, the remaining path trajectories correspond to those
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(b) Overall profit gains using the lower prediction band-based strategy
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Figure 8: Overall trading profit gains using the prediction band-based strategy based on the
upper prediction band (a) and the lower prediction band (b), in terms of the nominal
profit (left axis) and the realized trading potential (right axis).

20



with consistently low predicted ID prices. This makes the results of profit gains more diverse,
as observed for both types of bands in the illustrations, compared with other SCP values.
Focusing on the upper prediction band results that yield higher profits in Figure 8(a), we

observe that within the middle SCP range (25%–75%), which is more commonly used, the CGM
trained with the custom loss function consistently achieves the best performance. This aligns
with the intended purpose of the custom loss design. The CGM trained with the ES closely
follows, with both CGM variants outperforming all benchmark methods. Although the LASSO
bootstrap approach performs reasonably well, its performance under this strategy is not as
strong as in the majority vote strategy, and it fails to outperform the best naive baseline. The
LQC method performs worst throughout.

6 Conclusions

We propose a new approach for electricity price forecasting in continuous intraday markets,
utilizing conditional generative machine learning models to produce probabilistic path forecasts.
The proposed CGM approach generates multivariate path trajectories directly as the output of a
generative neural network, trained using the energy score, which is a mathematically principled
loss function for multivariate probabilistic forecasts. A key advantage of this approach is the
ability to bypass the separate modeling of marginal distributions and temporal dependencies,
which is the cornerstone of many alternative multivariate forecasting approaches. By condition-
ing on exogenous input variables, such as wind and load data, CGMs can flexibly incorporate
information from additional predictors in both the marginal distributions as well as the tempo-
ral dependencies. Further, the CGMs can be trained with custom loss functions, for example
aiming to integrate specific economic objectives related to trading profits in electricity markets.
An important aspect for evaluating multivariate EPF models is to not only apply commonly

used statistical evaluation metrics in the form of suitable multivariate proper scoring rules, but
also to evaluate the forecasts from a practically oriented, economic perspective. To that end,
we proposed two tailored trading strategies based on multivariate probabilistic information,
the majority vote strategy and the prediction band-based strategy, to evaluate the economic
performance of path forecasts in a fixed-volume selling scenario. The results show that while no
single model consistently outperforms all others across all statistical and economic evaluation
metrics, the CGM framework demonstrates good performance in both aspects compared to
two state-of-the-art statistical benchmark methods. Specifically, the CGM is better able to
capture temporal dependencies, particularly during peak electricity usage hours. In terms of the
economic evaluations, a naive benchmark approach of placing sell orders always at the last time
subperiod performed well due to the typical trends of observed ID price paths. Nevertheless,
CGMs improved profit gains over this benchmark by 4% in the majority-vote strategy, and
yield the highest overall trading profits across all considered approaches. In the prediction
band-based strategy, CGMs showed clear advantages, particularly when trained with a custom
loss that integrates economic objectives, further highlighting their potential benefits for trading
scenarios.
To the best of our knowledge, our work is the first to introduce generative machine learning

methods for forecasting ID electricity price paths. A promising avenue for future work lies
in advancing economic evaluation methodologies. Realistic trading scenarios provide valuable
insights into model performance from a decision-maker’s perspective, serving as a practical
complement to traditional statistical metrics. By bridging the gap between forecasting accuracy
and economic impact, this study contributes to the literature on the economic evaluation of
forecasts (Maciejowska et al., 2023; Yardley and Petropoulos, 2021). Moving beyond the fixed-
volume selling scenario explored here, it would be interesting to investigate other scenarios
in realistic trading markets. Some of the ideas for making trading decisions proposed in this
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study could be adapted and may also require substantial modifications for certain scenarios,
underscoring the need for further research in this domain. Beyond the specific trading scenario,
the optimal use of multivariate probabilistic forecasts in deriving optimal trading strategies
represents another interesting topic for future research.
Furthermore, while our attempts to integrate the economic aspects into the loss function for

training the generative models showed some promise in terms of the realized trading profits, the
overall improvements over naive benchmark strategies remain limited. From a methodological
perspective, it would be interesting to further investigate the role of the loss function in training
generative models for multivariate probabilistic forecasting, with possible choices including a
plethora not only of available multivariate proper scoring rules (Pacchiardi et al., 2024), but
also of potential ways to incorporate economic aspects.
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