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Abstract

Transition towards a carbon-neutral society by 2050 is one of the greatest challenges of this century.
This goal will necessarily lead to a progressive increase in the part of renewable energy in the global
energy mix. However, renewable energies are much more subject to uncertainty than conventional
power plants. This uncertainty raises new challenges for the integration of renewable energy in the en-
ergy mix. Probabilistic forecasting has emerged as a solution to some of those problems as it provides
a way to reduce this uncertainty.

This thesis aims to apply a new deep learning approach to the task of probabilistic forecasting. It
is based on denoising diffusion probabilistic models (DDPM), a recent type of deep generative model.
This new type of method has recently shown outstanding results with image generation. A lot of focus
has been given to those models by the computer vision community. On the other hand, really few have
been given for other types of applications such as time-series forecasting, and they have not yet been
applied in the power system community at all.

In this thesis, the first implementation of DDPM for conditional probabilistic forecasting applied to
power systems application is presented. Then, a demonstration of the competitiveness of the developed
method is realized. This is done by comparing the quality and the value of the predictions with other
state-of-the-art deep generative methods, namely, generative adversarial networks (GAN), variational
auto-encoder (VAE), and normalizing flows (NF). One big advantage of the methods implemented
through this thesis is the fact that they are able to deal with conditional data. The forecasts are
weather-based forecasts and depend on external conditions instead of just relying on historical values.
The empirical comparisons are realized across three different datasets from the Global Energy Fore-
casting Competition 2014. The assessment considered the quality of the generated forecasts as well as
the actual value of using them. This thesis shows that not only DDPMs are competitive with other
state-of-the-art deep generative models, but they are able to consistently outperform them.
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Chapter 1

Introduction

In order to mitigate climate change and reduce the amount of carbon emitted by
human activity, the share of renewable generation in the energy mix will increase
(M. Allen) 2019). However, renewable energy generation comes with uncertainty. It
leads to increasing the challenges linked to operational predictability of modern power
systems (Morales Gonzalez et all 2014)). To overcome this issue, the development and
deployment of forecasting techniques is essential. They allow to reduce this uncertainty
and take better decisions (De Gooijer and Hyndman, 2006). The forecasts serve as in-
put for decision-making tools. Namely, some optimization algorithms. Indeed, knowing
the future of load or the solar or wind power generation in advance can help to take
optimized decisions.

There exist several different forecasting families. They are mainly separated into
two types: point forecast and probabilistic forecast. The advantage of probabilistic fore-
casting over point forecasting is that it can represent the uncertainty of the predictions.
Both probabilistic and point forecast can be done with different techniques, from sta-
tistical methods to machine learning, as well as deep learning based methods.

In this thesis, we will explore deep generative models for the task of probabilistic
forecasting. Indeed, the fact that renewable energy production are stochastic produc-
tion units makes probabilistic forecast more suited than point forecast as one needs the
additional information on the uncertainty for better decision making.

Deep generative models use neural networks to approximate high-dimensional prob-
ability distributions. Particularly, for this thesis, we will focus on the applicability of
a new promising method in deep generative modeling called denoising diffusion prob-
abilistic models (DDPM) (Sohl-Dickstein et al. 2015). Those methods have shown
impressive results in the computer vision community (Dhariwal and Nichol, 2021)) as
well as in the natural language processing community (Kong et al., 2020; [Popov et al.|
2021)), but have not yet been applied to power system applications, and rarely to time
series in general (Rasul et al., [2021]).

Deep generative models directly learn a generative process of the data. They are
suited for probabilistic forecasting as one can generate a forecast in the form of a
Monte-Carlo sample. Some of those methods have already shown effectiveness for the
computation of probabilistic forecasts and received some attention from the power sys-
tem community. For this thesis, we will focus on and compare the developed DDPM



to generative adversarial networks (GANs) (Goodfellow et al., 2014)), variational auto-
encoders (VAEs) (Kingma and Welling, 2013) and Normalizing flows (NFs) (Rezende
and Mohamed, [2016). A general overview and comparison of the different deep gener-
ative models is proposed by both (Ruthotto and Haber|, 2021)) and (Bond-Taylor et al.,
2021)).

1.1 Related work on Deep generative models applied to power
systems

A GAN has been introduced in (Chen et al., 2017) to produce wind and PV scenar-
ios based on historical observations. It has been shown to outperform Gaussian-copula.
Other scenarios generation GAN have been proposed in (Chen et al., [2018) and (Yuan
et al., 2021). Following the improvements of GANs brought by other fields such as
computer vision for instance, improved versions of GANs have also been proposed by
(Jiang et al. [2021) and (Wang et al., 2020b) for wind and load scenarios generation.
However, none of them made use on conditional information.

A VAE developed by Zhanga et al (Zhanga et al., 2018) has been shown to be able
to capture the unstable behavior of wind and PV power generation. It has achieved
good results on several metrics with really low computing power consumption. It has
been compared to classical deep-learning methods such as Recurrent neural networks
(RNN) []in (Dairi et al., 2020). It has been shown that the VAE outperforms the other
methods in a consistent way. An improved version of VAEs has also been proposed by
(Qi et al., 2020).

Finally, when it comes to normalizing flows, (Ge et al.| (2020) proposed a NF for daily
load forecasting and compared it with GAN and VAE. However, most of the previous
studies suffer from not using conditional weather information to improve the quality
of the forecasts. Building on top of that, (Dumas et al., 2021) presented Normalizing
flows for conditional probabilistic forecasting in power systems. Their models condi-
tioned the output predictions to some weather forecast data. Furthermore, their study
provides an empirical comparison between NFs, GANs, and VAEs.

1.2 Research gap and contribution

From there one have identified several research gaps. First, DDPM have never been
introduced to the power system community. Then, most of the existing studies on gen-
erative models applied to power systems do not use conditional weather information to
improve the forecast quality, and did only used past observations.

The main contributions of this thesis are :

1. For the power system community, provide an implementation of a new deep gener-
ative method able to handle conditional weather information to produce weather-

IRecurrent neural networks are a type of neural network commonly used with time series data, and widely used in
power system applications. They are able to capture sequential patterns in the data.



based probabilistic forecasting for the load, PV generation, and wind power gen-
eration.

. For the deep learning community, show another application where DDPM can

compete with state-of-the-art deep generative models such as GANs, VAEs, and
NFs.

. Demonstrate the competitiveness of DDPM with respect to state-of-the-art models

such as GANs, VAEs, and NFs.

. Provide a fair comparison between those four deep generative models for both

the quality and the value of the forecast. The quality assessment is based on
complementary metrics and the value assessment is based on a simple case study
taken from the methodology of (Dumas et al. 2021). The comparisons are per-
formed thanks to the Global Energy Forecasting Competition 2014 (GEFCom
2014) datasets (Hong et al., 2016).

1.3 Organization

Chapter [2| gives some background and context about probabilistic forecasting in
power systems and deep generative modeling in general. Then, chapter [3] and [ give
the formalization and architecture of the developed model. Chapter [5| describes thor-
oughly the state-of-the-art model used for the comparison with the developed DDPM.
Afterward, chapter [6]elaborates on the methodology of evaluation of the models. Chap-
ter [7] develop on some experiment realized on DDPM. Chapter [§] shows the results for
both the quality and the value and compares the four deep generative models. Finally,
chapter [9) provides limitations, potential improvements, and concludes the work. A
graphical view of the overall methodology of the thesis is provided on figure
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Figure 1.1: High level overview of the overall framework of the thesis.




Chapter 2

Background and problem statement

This section provides a problem statement of probabilistic forecasting through the
lens of power systems. It also presents the deep generative models that will be used as
comparison for the DDPM.

2.1 Probabilistic forecasting

Forecasting techniques can be separated into two categories: point forecast and prob-
abilistic forecast. The former is widely used in the industry. But, it does not model
the uncertainty of the predictions, it simply outputs the value for the quantity to be
forecasted. However, modeling the uncertainty of the predictions is of great importance
for any decision-making process as stated by Morales Gonzalez et al.| (2014). Indeed,
having access to information about uncertainty would allow the deciders to balance
the acceptable level of risk leading to better expected-return than with point forecast.
Probabilistic forecast (Hong and Fan|, 2016|) aims at capturing and delivering informa-
tion about the uncertainty, for instance by predicting the distribution over all possible
realization of the random variable of interest (Gneiting, 2008; Hong and Fan, [2016),
instead of one single value.

Capturing this uncertainty can be done in several ways. A naive way could be to
have a deterministic model and add a residual error to its predictions in order to pre-
dict an interval. Another way could be to predict a complete description of a density
function (cumulative density function or probability density function). This thesis will
focus on scenarios generation, a subset of the probabilistic forecasting family. Its goal is
to capture the uncertainty of the random variable of interest by generating a succession
of its possible outcomes. For this thesis, we will explore load, photovoltaic (PV), and
wind power generation forecasting.

Probabilistic forecasting can be classified into two different families based on how it
is performed: statistical methods and machine learning based methods. Each presents
some advantages over the other. On one hand, machine learning models are more robust
and more user-friendly. They also are better for dealing with the possible non-linearity
present in the data. But they can sometimes be hard to interpret. On the other hand,
statistical methods are easily interpretable. They learn a relationship between several
explanatory variables and a target variable (De Gooijer and Hyndman, 2006]). However,
they require more expert knowledge in order to formulate the interaction between the



variables. In general, statistical methods rely on strong assumptions which makes it
hard for them to model underlying stochastic processes (Dumas et al.,|2021)). This thesis
will mainly focus on machine learning based probabilistic forecasting and in particular
deep learning methods.

2.2 Conditional multi output forecasting

The task we are interested in this work is multi-output forecasting. Formally, let us
have a dataset D = {x', ¢’} of N iid sample from a joint distribution p(x, ¢) where
x and ¢ comes from two random variables X and C. X is the variable of interest, for
instance, the load, the PV generation, or the wind generation, and C' is a condition
variable, such as weather forecasts for instance. Both have T periods per day,

¢ = [ci,...,cﬂT € R sand x" := [xll,,m’T]T € RT.

Our goal is to develop a model that generates multi-outputs weather based scenarios
x € RT distributed under p(x|c). In this work, we will use deep generative models py(.)
whose purpose is to generate synthetic but realistic data x ~ py(x,c). We want py(x, c)
to be as close to the real unknown distribution p(x,c). We are interested in models
that compute sets of scenarios on a day-ahead basis.

2.3 Deep generative models

A generative model is a probabilistic model whose goal is to generate synthetic but
realistic high-dimensional data. It serves as a simulator of the real data. Deep genera-
tive models use deep neural networks to learn the distribution of the data in order to
achieve this goal. Deep generative models have received a lot of interest in the last few
years. This has been made possible thanks to the development of new generative model
techniques and frameworks, the increasing availability of data, as well as the application
of promising neural network architectures to the task of generative modeling.

There exist several frameworks when it comes to deep generative modeling. The two
most famous methods are generative adversarial networks (GAN) (Goodfellow et al.|
2014) and wvariational auto-encoder (VAE) (Kingma and Welling, 2013). More recently,
new classes of deep generative models have emerged. Among them, normalizing flows
(NF) (Rezende and Mohamed, [2016]), and more recently, denoising diffusion probabilis-
tic models (DDPM) (Sohl-Dickstein et al., [2015; Ho et al., 2020)).

Deep generative models are suited for the task of probabilistic forecasting. Indeed,
our goal is to develop a conditional distribution of the data given the conditional weather
forecast in order to generate scenarios. Learning a distribution is exactly the purpose
of deep generative models as long as data are available. Finally, one can derive quan-
tiles from the scenarios, those quantiles can be used in robust optimization problems
(Dumas et al., October 2021)).

The next two chapters thoroughly describe the developed DDPM. Then, chapter
describes in depth the formalization behind GANs, VAEs, and NFs as well as their
application for conditional multi-output forecasting in power systems. Afterward, a



complete comparison between the four deep generative models is performed in terms of
quality and value (Thornes and Stephenson, 2001)) in chapter

10



Chapter 3

Denoising diffusion models

This section presents the main developed model: Denoising diffusion probabilistic
models (DDPM). DDPM is a class of latent variable models. They have first been intro-
duced by Sohl-Dickstein et al. (2015)). Since then, they have slowly raised in popularity.
Ho et al. (2020) have shown that they can achieve competitive results and scores on the
task of image generation. They also proposed a modified version of the formulation of
DDPM which has widely been adopted since then. DDPMs have gained a lot of pop-
ularity with [Dhariwal and Nichol| (2021)), where a group of researchers from OpenAl
presented a modified version of DDPM that was able to beat generative adversarial
networks for the task of image generation. It has been an important breakthrough as
GANSs have been the state-of-the-art for image generation for a long time before that
(Wang et al., |2020a).

3.1 Background and formalization

Formally, DDPM are a class latent variable model of the form:

Do (Xo) = /pe (XO:T) dxi.r

where, x1, X, ..., X7 are latent variables. They have the same dimensionality as xq ~
q(xo), which is a sample from the real data distribution. We have that x, € RY. With
L is the dimensionality of the data. For the task of multi-output forecast L corresponds
to the periods of the day. The dimension of the data was referred a 1" in the previous
chapter, but in this chapter and in the following one, it will be referred a L in order to
avoid confusion with the diffusion timesteps which is also called T. DDPM is made of
two main parts:

1. The reverse process: It is defined by the joint distribution pg(x¢.r) which is a
Markov chain with learned transitions. It is given by:

T

po (<o) = p (xr) [ [ po (xe-1 | x0) (3.1)

t=1

The transitions are given by the following equation where the mean and covariance
matrix are learned and parameterize by 6:

Po (Xe—1 | X¢) = N (%4213 pg (X4, 1), B (x4, 1)) (3.2)

11



The goal of those transitions is to slowly remove noise and add structure to the
samples.

2. The forward process: 1t is also called the diffusion process, it is defined with a
Markov chain. It represents the posterior ¢ (x1.7 | Xo). The Markov chain progres-
sively adds Gaussian noise to the data. The variance of the noise is added with
respect to some noise schedule Sy, £, ..., B7. The diffusion process is given by:

T
q (X171 | Xo) : Hq (x¢ | X¢-1) (3.3)

and the transitions of the Markov chain by:

q (Xt ’ Xt—l) =N (Xt; V1= Bixi 1, 61:1) . (3-4)

The goal of those transitions is to slowly add Gaussian noise to the data until it
becomes pure noise.

Thus, with those two processes, if one take x; and x;_1, the forward process starts
from x; _; and add some noise to it with the transition given by Eq in order to get
X;. On the other hand, the reverse process starts from x; and tries to remove the noise
that has been added in order to try to recover x; ; through the transition given by
(3.2). Performing T steps of the forward process with ¢ = 1,2,...,T convert a sample
from the dataset into pure noise. On the other hand, performing 7" steps of the reverse
process transforms noise into a sample of the input data distribution.

Thus, the idea behind diffusion models is to add progressively noise to the data
distribution with the forward process in T steps, until obtaining pure Gaussian noise.
Then, learn the reverse process in order to remove the noise from the samples. It would
allow to start from noise and perform 7" steps in reverse in order to convert it to a data
sample to achieve sampling.

One of the particularities of DDPM is that the forward process does not contain
any learnable parameters. It is a fixed Markov chain that adds Gaussian noise in T
steps according to a predefined noise schedule 31, Bs, ..., Br. Also, it has been shown by
FELLER/ (1945) and Sohl-Dickstein et al.| (2015) that if the transitions of the forward
process are Gaussian and (3; is small, then the reverse process py(x;_1|t) is also a Gaus-
sian. That is why it make sense to chose py(x;_1|%;) to be a Gaussian in Eq . For
this reason, the number of steps T must be as large as possible. Because the highest,
T, the smallest the ; will be, and the more the previous claim holds.

Training is done by maximizing the model’s log-likelihood as it leads to a model that
best explains the input data. However, it is intractable in practice because it would
require marginalizing over all possible realization of the latent variables. However, the
likelihood has a lower bound given by Jensen’s inequality, given in equation . Thus
in practice, the training procedure is done by optimizing the variational lower bound of
the log-likelihood, which is the second term of equation similarly to what is done
with VAEs (Kingma and Welling}, 2013)), which leads to the following loss:

12



—logp (x7) Zl Po (X1 1|Xt)

=1 Xt ’ Xi— 1)

(3.5)
One practical property of the forward process is that if the noise schedule ; is known,
it is possible to sample x; at any arbitrary timestep ¢ in closed form. As one knows the
amount of noise in advance thanks to the noise schedule, we have that:

4 (%0 | %0) = N (305 v/Grxo, (1 — @) T) (3.6)

with oy — 1— ﬁt and Oy 1= Hizl Q.

E[—logpy (x0)] < E, |—log M&T})} =E,

q (XI:T | X0

Intuitively, it means that as one knows the noise schedule, one can compute in closed
form the ”compound” noise from step 0 to step ¢, and thus directly sample any at any
timestep t from the forward process. One could leverage this property for the training
in order to train the reverse process at random time step ¢, this corresponds to random
terms of the sum in Eq . It is more efficient than to use the transition given by
equation T times and follow the Markov chain.

The loss can be rewritten in terms of Kullback-Leibler divergences (KL divergence)
(Perez-Cruz, 2008) as

Eq[pKL( q (xr | Xo) ||p (x) +ZDKL q (xe—1 | x¢,%0) [[po (Xi-1 | Xt)Z—Inge (%o | Xll]

t>1

LT L:1 Lo
(3.7)
Rewriting the loss with KL divergences has the advantage to reduce both variance
and computing time as it avoids using Monte-Carlo estimates. The KL divergence
directly compares two Gaussians which is computable in closed form. With the KL
divergence, one compares pg(X;_1|x;) with the forward process posteriors q(x;_1|x;)

which are tractable if it is conditioned on xq:

C](Xt—1|Xt) — C](Xt—1|Xt,Xo) =N (Xt—1; 73 (Xt7X0) ,Bt1> (3-8)
With:
Va1t I—ay - 1-
H (th(]) : t— 15t o+ \/Oé_t( _Oét 1>Xt and  f, = (o 1@
— 1-— (e 1-—

To summarize, starting from the log-likelihood, one can express its Varlatlonal lower
bound. Afterward, by conditioning the forward process on xg, it has been shown that
it is possible to compute its posterior in closed form which allows for efficient loss com-
putation in terms of KL divergence.

Further details on the derivation that led to the following results can be found in
Appendix [B] Figure [3]illustrates the forward and reverse process with load generation.

13
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Figure 3.1: Illustration of the forward and reverse process of DDPM with an example of load scenario
generation.

The forward process q(x:|x:—1) start from a data sample xq and slowly add gaussian noise to it until
we have x7 as pure noise. The reverse process pg(x;—1|x;) remove gradually the noise until recovering
a valid load scenario.

3.2 Reparametrisation

The formalization presented in section is the same as presented in the original
paper of [Sohl-Dickstein et al.| (2015). However, Ho et al| (2020). proposed a new for-
mulation motivated by the link between denoising diffusion models and denoising score
matching (Song and Ermon| 2019). It allowed them to obtain a simpler model design
as well as better empirical results.

First, if the variances f3; of the forward process are fixed constant (with no learnable
parameters) then, the first term Ly in Eq. (3.7)) is a constant and can thus be ignored
during training.

The most general form of py is given by pg (x;-1 | x¢) = N (x4—1; g (X, 1) , X (X4, 1)),
for t = 1,2,....,T — 1. The first simplification done by [Ho et al. (2020) is to fix the
variance of the reverse process ¥g(x;,t) to a constant with no trainable parameters,
but time-step dependent. Formally, Yy(x;,t) = oZI. Ho et al. (2020) explored sev-
eral values for o; but found it had not a considerable impact. Finally, they opted for

:B_latl
t T—ay t-

Consequently, now we are only interested in the mean (24, t) of the reverse process.
The terms L, 1 can be rewritten taking into account equation (J3.8]) as well as the fact
that pp (x;1 | x¢) = N (x¢_1; g (X4, 1) , 021):

Ly = Dk, (q (thl | Xtaxo) Hpe (thl | Xt))

14



1 -
Ly =E, T‘_Q”l’l’t (%0, %0) — g (%0, 1)[|°| + C. (3.9)
t

(' is a constant and can thus be dropped during training. It can be seen from equa-
tion that the most obvious parametrization of p, is to predict g1, which is the
mean of the forward process posterior. However, we can re-parameterize p, to pre-
dict something else by using the re-parametrization trick, similarly to what is done
with VAEs (Kingma and Welling, 2013)). The idea is to remove the stochasticity into
another independent variable. We re-parameterize ¢ (x; | xo) such that: ¢ (x; | xo) =
N (x4; v/ @xo, (1 — @) I) to obtain x; (Xo, €) = v/¥xo + v/1 — aye with € ~ N (0,1).

It leads to rewriting Eq as :

1 1 Bt ’
Li1=Ey e |=—|— | x¢t (X0,6) — ——€ | — X; (X, €) ,t . 3.10
t—1 0, [20_? \/@(t(o ) m) M@( t(O ) ) ] ( )
From the previous equation, it can be seen that g(x;, t) must predict \/% (xt — ¢1ﬂ——t7t€>

As x; is always available during training, it makes sense to opt for this parametrization:

i = VI ) ) = 7 (x e
(3.11)

Where €4 is the actual function approximator. It predicts € from x;. In other words,
we have moved from a parametrization where in order to compute the transition of
the reverse process to go from x; to x;_1, one would need to predict the mean and the
variance of pg(x;_1|X;) to a parametrization where one predicts € which is the noise to
remove to go from x; to x;_;. Thus, sampling x;_; ~ pg (x;_1 | X;) becomes equivalent
to computing x;_; thanks to

“9 (Xta t) = I:l’t (Xt7

1
Xp1 = —F— | X¢ — —ﬁt —e€p (x4, 1) | + 02,
\/ O V19— Qi

where z is sampled from a Normal distribution: z ~ N(0,I). Finally, thanks to this
re-parametrization, Eq (3.10) have now the following form and is the loss that will be
used for training:

Exo.e {5—t e — €0 (Vauxo + V1 — aue, t) }|2] : (3.12)

20’?0@ (1 — dt)

Also, |[Ho et al.| (2020)) compared this loss to a simplified version of it:

Ex.e [He — € (\/&_txo + 1 - &te,t) Hﬂ , (3.13)

which only takes into account the absolute error between the added noise and the pre-
dicted noise. While this loss is simpler, they have shown better empirical results on
computer vision applications using it. Removing the weights in Eq corresponds
to training on a weighted version of the variational bound on the log-likelihood instead
of the actual variational lower bound on the log-likelihood. Also, there exist two ways of
performing the diffusion process during training. Either, perform the entire T" forward
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diffusion steps for each data point, or sample randomly time steps for each data sam-
ple similar to the idea behind stochastic gradient descent but applied to the diffusion
steps. The two ways of performing the diffusion process at training time can be found
on Algorithm [I] and On the other hand, the sampling procedure can be found on
Algorithm [3] Experiments regarding the loss function and the training algorithms can
be found in chapter [7}

Algorithm 1 Iterative training algorithm

repeat
X0 ~ q(Xo)
t=0
while ¢t < T do
e ~N(0,I)
Gradient step on: ||e — €p(v/arxo + /1 — aye, t)|?
end while

until converged

Algorithm 2 Stochastic training algorithm

repeat
X0 ~ (%)
t ~Uniform(1,2,.,T)
e ~N(0,1)
Gradient step on: ||e — €y(\/@rxg + /1 — aye, t)||?

until converged

To summarize, we have two valid parameterizations of DDPMs. First, one can train
the reverse process with a function approximator p, that predicts f, which is the mean
of the distribution that removes the noise. Then, it is also possible to have a function
approximator €y that predicts € which is the noise to remove at each time step in the
reverse process. Both parameterizations make sense and are valid. Then |Ho et al.
(2020)) derived the loss function and proposed a simplified version of it and empirically
compared both. They found out that the latter is both simpler and lead to better
performances on computer vision application. Chapter [7| will explore if that claim still
holds for the task of probabilistic forecasting.

Algorithm 3 Sampling algorithm
XT ~ N(O, I)
fort=T,..,1do
z ~N(0,D)ift >0else z=0
X1 = \/%(xt - 111“5; €9(x¢4, 1)) + orz
end for
return xg

In practice, one need a function approximator €. It takes as input a noisy scenario
and the noise step t and returns the noise, which is a tensor of the same size as the
scenario. Subtracting this noise to the noisy scenario at time step ¢ lead to the less
noisy scenario x;_1. FEach of those steps progressively leads the initial Gaussian noise
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closer to a real valid scenario. The next chapter will detail further the choice of the
architecture of €g.
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Chapter 4

Architecture

This section describes the different parts of the architecture of €p: R* x N — REF. It
is a neural network based on Diff Wave (Kong et al., 2020) and WaveNet (Oord et al.
2016a)). This architecture is a 1-D adaptation of a popular architecture of generative

model for images: PixelCNN (Oord et al., 2016b). This architecture has already been

applied to diffusion models for the task of speech synthesis (Kong et al., 2020). It is
based on dilated convolutions. Figure summarizes the overall architecture. The
network is composed of N residual layers. The next subsections describe individually

the most important parts of the architecture.

Diffusion-step
Input embedding

= Fully connected
Bi-DilConv-27 = Bi-directional Dilated Conv

(dilation = 27)
P [~ -
i I\ @ = Broadcast over length
i r==---
1 . -
i e | ] @ = Element-wise addition
i
H .
i Bi-DilCony-2{ med ™ : : O = Element-wise multiplication
i
i
| * : : l = Connect to next residual layer
i
i
H 1 |
i _ .
| M Conditioner I " T = Input of each residual layer
i ! 1
i O ! 1
| |
! . I
i [ Convix1 ] [ConleIJ 3 Skip ccmnectlcms=
| 1 1
H 1]
i | I (| comvix1 }+6a)
i
i Residual layer i = 0 | | .
i ] 1 —_—
lmmmmmmmm e A -5 l Residual layer i = 1 I
] Output

Figure 4.1: Overall network architecture of €y. Its different blocks are discussed throughout the next

subsections.
Source: (Kong et al., 2020)

18



Standard Dilated

Convolution Convolution
L ss\\ 0 I SN
\\ ~~
\\
I ~ (—
\\
.
~\
\\
~,
[ | \\\‘ —_
N \\
\\\ ~~~~~
\s~ ~~~~~~
Convolutional I Convolutional
kernel without kernel with a
| any dilations. dilation rate of 2.
L Kernel size = 3 s Kernel size = 3
Input Signal Input Signal

Figure 4.2: Comparison between a normal 1-D convolution and a 1-D dilate convolution with a
dilation factor of 2. Both convolutions have a kernel size of 3.
Source: (Raja Sekaran et al., |2022)

4.1 Dilated convolution

The idea behind dilated convolution is to apply the convolution filter to a larger
area than its size by skipping some of the input values. The kernel is applied on
input elements equally spaced depending on the dilation factor. The idea is similar
to pooling but here, it leads to an output of the same size as the input. One can
note that normal convolutions can be seen as a particular case of dilated convolution
with a dilation factor equal to 1. Dilated convolutions have already been applied to
computer vision architectures for instance for image segmentation (Chen et al.| [2014;
Yu and Koltun) 2015b)). The main advantage of dilated convolutions is the ability to
significantly increase the receptive field while preserving input resolution. Figure [4.2
shows the difference between dilated and standard 1-D convolution.

4.2 Residual and skip connections

Residual (He et al., 2015) and skip connections are used throughout the network.
Their goal is to prevent issues induce when training too deep networks such as exploding
or vanishing gradient. It also speeds up the convergence of the network. The residual
connections flow through each layer, while the skip connections flow directly to the
output.

4.3 Residual layers

The network is composed of N residual layers. Each has a residual and a skip con-
nection. The chosen configuration for this architecture is to double the dilation factor
at each residual layer, i.e., [1,2,4,..,2Y7!]. The idea is that by increasing exponen-
tially the dilation factor with depth, it increases exponentially the receptive field (Yu
and Koltun|, 2015a). Furthermore, adding layers increases the overall capacity of the
network.
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4.4 Gated activation units

The chosen non-linearity comes in the form of a gated activation unit. It is a com-
bination of sigmoid activation and hyperbolic tangent activation. It is inspired from
Oord et al| (2016b)). It has been shown by Oord et al.| (2016a) that this non-linearity
leads to better results than rectified linear activation function (RELU) (Hinton| 2010
for modeling time series data. The gated activation unit is given by

tanh (Wyy *x) © 0 (W, i * x), (4.1)

where W is a learnable convolution filter, f and g denote respectively filter and gate,
o(.) is the sigmoid operator, and k is the layer index. Fach residual layer has one gated
activation unit.

4.5 Diffusion step embedding

One particularity of € (X, t) is that it takes two inputs. The first is the noisy sample
x; and the second is the time step ¢ (three if we count the conditioner). It is important to
include the time step in the model as €y(+,t) must lead to different outputs for different
t. As incorporating the time step ¢ to the model is similar to incorporating information
about the position, it has been chosen to use position embedding as introduced by
Vaswani et al. (2017) for the embedding of the time step. The time step t is converted
to a vector containing sine and cosine of different frequencies. It is chosen to use a
vector of dimension 64 for the embedding of the time step t. It is given by

0x4 31x4 0x4 31x4
tembedding = [Sin (10Tt> , o, 8in <IOTt> , COS <1O3Tt> ,t e+ ,COS (10 31 t)] .
(4.2)
Then, after the embedding is produced, it goes through a series of three fully con-
nected layers. The first two are common for all the residual layers and thus share
parameters. The third is layer-specific and is used to map the output of the first two
onto an embedding vector that can be added to the input of every residual layer of the
model.

4.6 Conditionality embedding

The model produces conditional outputs, meaning that it takes an additional input
in the form of a condition vector. This condition vector is formed from an input feature
vector. Similar to the diffusion embedding, this feature vector will go through 3 layers.
The first two are fully connected layers common for all the residual layers and use
RELU activation function, and the last one is a 1D convolution and is different for each
residual layer. The conditioner block on figure is obtained as the output of the two
common fully connected layers from an input feature vector.
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Chapter 5

Deep generative model baselines

This chapter presents the formalization behind GANs, VAEs, and NFs as well as
their application for multi-output probabilistic forecasting. Those models will be used
for the comparison with the proposed DDPM introduced in chapter [3]

5.1 Generative adversarial networks

Generative adversarial networks are a class of latent deep generative model. It
has the particularity of training simultaneously two models in an adversarial way. A
generative model G and a discriminative model D. The generative model G tries to
capture the data distribution, and the discriminative model D represents the probability
that a sample came from the dataset rather than being generated from . The two
models are trained simultaneously: D is trained to maximize the probability of assigning
correct labels to both the real samples and those generated by G. On the other hand,
G is trained by maximizing the probability of D making mistakes, i.e, maximizing
log(1 — D(G(2))). Such a framework corresponds to a min-max two-player game with
an objective value function V:

minmax V' (D, G) = By 0108 D] + Eampnllog(l — D(G(2)))]

Theoretically, in the space of arbitrary functions GG and D, a unique solution exists,
where G recovers the data distribution and D is equal to 3 everywhere (Goodfellow
et al,|2014)), meaning that the discriminator is not able to distinguish between real and
generated samples. If G and D are both neural networks, the entire system is trainable
through backpropagation. In practice, both the generator and the discriminator are
neural networks. The generator: gy with the set of parameters 6 and the discriminator

d, with another set of parameters ¢.

GANSs suffer from several issues. The main being mode collapse and the instability
of training. A solution to those problems has been proposed in the form of Wasserstein
GAN (WGAN) (Arjovsky et al 2017) and has also been applied to power systems by
Yuan et al. (2022) and [Wang et al.| (2020b). After that, an improved version of WGAN
in the form of Wasserstein GAN with gradient penalty (WGAN-GP) proposed by |Gul-
rajani et al. (2017)) has emerged. Appendix describes the history and improvements of
GANSs from their introduction as proposed by |Goodfellow et al.| (2014) to WGAN (Ar-
jovsky et al., [2017)) and until the WGAN-GP (Gulrajani et al., [2017)) used in this thesis.
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5.1.1 GAN for probabilistic forecast

GANs can be applied to the task of multi-output forecast. In this settings, the
generator go(-) : R? x RI*l — R” maps a latent vector z € R? and a condition vector
c € Rl onto a sample % € RT. The discriminator d4(.) : RT x Rl¢l — [0,1] 2is a
classifier that determines if a sample is a real sample from the dataset x or a generated
sample x. After training, one uses the generator gy to produce the scenarios. Figure[5.1
sketch an overview of the conditional generative adversarial network with load scenarios
generation.

Generator: Discriminator:
///\\\ X =
.. weather
Training: z~ NI = torecasts Generated/ Real
_ Wweather ?
~ forecasts r\‘/\
%X :=Load
scenarios
. . Generator:
Scenarios generations: A —90
q\. \jfﬁu/\

z~ N(©,I)
. Wweather

~ forecasts X :=Lload

scenarios

Figure 5.1: Overview of the conditional generative adversarial network on the case of load scenarios
generation.

The generator gy generates load scenarios X from samples from a normal distribution and conditional
data in the form of weather forecast c. The discriminator dy is a classifier that differentiate true data x
from generated scenarios X. Both the generator and the discriminator are trained through a min-max
problem. After training, one uses the generator gy to perform scenarios generation.

5.2 Variational auto-encoders

Variational auto-encoders (VAE) (Kingma and Welling, 2013) are a class of deep
latent variable models composed of two distinct parts. An encoder and a decoder. The
encoder takes as input a data sample and converts it to a latent representation z with
smaller dimension d following some known distribution, for instance, a Gaussian. The
decoder takes a latent representation z and return a reconstruction x. Both models are
trained jointly with backpropagation. The goal is to minimize a lower bound on the
likelihood. Indeed, maximum likelihood is intractable as it would require marginalizing
over all possible realization of the latent variable z. VAEs circumvent this problem by
maximizing a variational lower bound of the likelihood.

Formally, the encoder is a neural network ¢, (.) : RT x Rl — R9. Tt approximate the
intractable posterior p(z|x, ¢) and the decoder is also a neural network py(.) : R¥xRI¢l —
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RT. Tt approximates the likelihood p(x|z, c) with z € R%. As stated, the log-likelihood
is non tractable, thus its variational lower bound Ly ,(x, c) is used instead. We have

logpg(x | C) =KL [qsa(z | X, C)Hp(Z | X, C)] + £97¢(X, C),
> Lo(x,c),
(2)ps(x | 2,¢)
q,(z [ x, )
as the first term is a KL divergence (Perez-Cruz, 2008) and is therefore non-negative.
The Kullback-Leibler (KL) divergence is a measure of distance between probability

distributions. Furthermore, it is is intractable in this case, this is why we bound log py
with Ly, (x,c). Finally, £y ,(x,c) can be re-written as

p
Lo (x,¢) = Eq, (zlx,c) |10g

Lop(x,¢) = B Jlogps(x |z c)] = KL[gy(z | x,¢)|lp(z)]. (5.1)

1, (2[x,€)

The first term encourages distribution to place their mass on configurations of latent
variables that explain the observed data. The second terms encourages ¢,(z | x,c) to
stay close to the prior. When it comes to optimization, as there are two sets of param-
eters, there are two sets of gradients to compute. First, the gradients w.r.t 8, VoLy,
are simple to obtain, they can be computed with the classical Monte Carlo integration.
However, on the other hand, gradients w.r.t ¢, V Ly, are difficult to obtain because
they would require back-propagates through a stochastic node in the computation graph
of the model, which is non-differentiable. To bypass this problem, |Kingma and Welling
(2013) proposed a reparametrization trick. The idea is to re-parameterize the variable
z as a deterministic variable with a stochastic part € with independent marginal p(e)
independent of x and ¢ such that the gradients can backpropagate through x and .
The reparametrization is given by

2= g,(e,). (5.2)
It allows the gradients to backpropagate. Then the variational lower bound can be
re-written as

Lop(x,¢) = E [logpy(x | go(e, %), ¢)] = KL g5(2 | x, ¢)[p(2)], (5.3)

and can be estimated with Monte-Carlo integration as well.

As presented by |[Kingma and Welling (2013)), it is often chosen for p(z) to be an isotropic
Gaussian, pyp(x|z, ¢) and g,(z|x, c¢) to be both multivariate Gaussian with learnt param-
eters pg, 09 and p,, o,. It leads to

p(z) = N(z;0,1),
po(x | z,¢) =N (x; g, 551)
4o(z | x,¢) =N (z;u¢,ai1) :
tg, log o5 = NNy(x, c),
Lo, log 03, = NN, (z,c),

and using the reparametrization trick,

e ~N(0,1),

Z 1= by + OpE.
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The choice of Gaussians and the reparametrization trick lead to Ly, being commutable
and differentiable without the need for Monte-Carlo integration as the KL divergences
simplify by

d
1
KL[q,(z | x,c)|lp(z)] = ) > (1+logol, —p2; —o2)) (5.4)
=1
and the first term of [5.1] becomes
E [lo <x|zc)]~—lx_—“92 (5.5)
p(e) gp@ ) ~ 2 oy .

5.2.1 VAE for probabilistic forecast

From there, one can perform scenarios generation simply by doing Monte-Carlo
samples with the decoder py(.) starting from a Gaussian input. There are no particular
constraints on the architecture of NNy and NN, they can be arbitrarily complex. For
the rest of the thesis, both NNy and NN, are chosen to be simple fully connected
neural networks. Figure [5.2] pictures the conditional VAE process with load scenarios
generation as an example.

/) Encoder
X = —
= Load N Reparametrization Decoder
trick
Training: f— . H
c -z=[+er |mm)
i weather ;
weather C:= X : = Load i
ei= s | A € — % oad scenarios
~ N@O,I _/ —
€ N(O,1)
o Decoder
Scenarios generations: H ' /\/\
c\_z=pu+eo | m) [ J
. weather
€ €= forecasts
X% : = Load scenarios
z~ N(©O,T) -

Figure 5.2: Overview of the conditional variational auto-encoder illustrated in the case of load scenarios
generation.

The encoder g, takes the variable of interest x and maps it to a latent space z taking as secondary
input weather forecast data c. The decoder py takes as input sample from the latent space and the
condition variable ¢ and outputs scenarios X for the variable of interest.

5.3 Normalizing flows

Normalizing flows (Rezende and Mohamed, [2016) learns a complex probability distri-
bution in a particular way. The idea is to start from an analytically known distribution,
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such as a Gaussian for instance, and then, transform this probability density through
a series of invertible mappings. This sequence of transformations is known as flow. A
normalizing flow learns the flow. from a known density to the unknown density repre-
senting the data. Then, thanks to the invertibility of the transformation, one can model
the unknown density of the data with the inverse transformation. In opposition to most
deep generative models, NFs can be trained directly through maximum log-likelihood
estimation and have direct access to the data set probability distribution. Following the
flow from the know tractable density to the unknown density correspond to applying
the rule of change of variable in a chain, once per mapping.

Formally, a normalizing flow is defined as a sequence of transformation :f;, : RT —
R” k = 1,...,K. Those transformations must be invertible. They are composed
together to form an invertible mapping: fy := fio...0 fx : RT — R, This composed
function can be used to perform density estimation by using fy in order to map a data
point x € RT onto a latent vector z € RT following a tractable density function p.,
for instance a Gaussian. The flow fp implicitly defines a density ps(x) thanks to the
change of variable formula

po(X) = p= (fo(x)) [det Jg, (x)], (5.6)

where Jy, is the Jacobian of fj regarding x. The change of variables formula describes
how to evaluate densities of a random variable that is a deterministic transformation
from another variable. We have

Z = fo(X)
X = f1(2),

where X is the random variable of interest and Z is the latent random variable.

The model can be trained by minimizing the log-likelihood of the parameters 6 given
by Efil log pp (x',c’) over the dataset D. Generally, fs can take any form, but some
constraints must be fulfilled. First, it must define a bijection. Then it must admit input
and output with the same dimensions. Finally, computation-wise, the determinant of
the Jacobian in equation ([5.6) must be efficiently computed and differentiable in order
to scale with the data dimensionality. Indeed, the evaluation of the likelihood of a
distribution parameterized by a normalizing flow requires computing and its log
determinant:

K
[ det 75, ,(x)

k=1

K
= Z log |det Jfkya(X)‘ .
k=1

log |det Jy, (x)| = log

Still, with no further hypothesis on fy, the complexity of the log-determinant is O(K.T?)
which is intractable for large T'. Thus, finding a way of reducing the computational cost
of those operations is of crucial importance as the likelihood is repeatedly computed.
For the following, the indices k are neglected by choosing a value of K equal to 1 to
lighten the notations, it corresponds to a single-step flow.
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There are several possible ways of implementing NF's in order to meet the constraints
on the Jacobian as shown by [Papamakarios et al. (2019), Kobyzev et al.| (2021]) and
Kingma et al.| (2016). For this thesis, inspiring from |Dumas et al.| (2021), it has been
chosen to use autoregressive transformations (Kingma et al., 2016)). In this configura-
tion, fy is rewritten as a vector of scalar bijections

fo(x) := [fl (xl; hl) oo fT (a:T; hT)}T ,
h' = h' (x<i; gpi) 2<:<T,
Xoj = [a:l,...,xi_l]T 2<i<T,
with the fi(-; h?) are functions parametrized by a conditioner h'(:; 1) whose values h’

only depends on the ¢ — 1 first values of x. Formally, we have fi(;hY) : R — R and
Ri(-; ") : R~ — RIAI| and 6 is the union of all the ¢'.

The advantage of an autoregressive transformation fy is that the Jacobian of such
transformations is defined by a lower triangular matrix and the computation of the
log-determinant is now computed in O(T') instead of O(T?) because the determinant
of a lower triangular matrix is defined simply by the product of the elements of its
diagonal. Its expression becomes

af
a—xi(%’h)

T
log |det Jy, (x)| = log H
i=1

T
= Z log
i=1

From there, different type of transformers f? could be chosen: affine, non-affine, inte-
gration based, etc. Inspired again from Dumas et al. (2021), this work implements
integration-based transformers that use Unconstrained Monotonic Neural Networks
(UMNN) (Wehenkel and Louppe, 2019). UMNN is a universal density approxima-
tor of continuous random variables when combined with autoregressive functions. The
UMNN consists of a neural network architecture that enables learning arbitrary mono-
tonic functions. They parameterize the bijections f as

| (5.9)
of' ,
3_£i (xi;hl) )

J (s ) = /O U (wn h) de + () (5.10)

with 7(-; %) : RI"I#1 — R* is the integrated neural network that has a strictly pos-
itive output, h* € R"I the embedding from the conditioner, and B°(-) : Rl — R a
neural network outputting a scalar. The T autoregressive embeddings of the flow are
implemented using Masked autoregressive Network (MAF) introduced by Papamakar-
ios et al| (2017). Finally, by putting everything together and by adding the weather
conditional forecasts, the expression of the log-density is given by

log pg(x,c) = log p. (fo(x, c)) |det Jfo (x,c)|

5.11
logpz f9 X, C ZlOgT $Z, X<z) >C) ( )

It is important to note that the previous der1vat10ns imply a single-step transformation
fo. However, in practice, several transformations must be stacked in order to obtain a
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high-capacity model. Indeed, the constraints imposed on the Jacobians reduces signif-
icantly the expressiveness. As a consequence, more transformations are needed.

5.3.1 NF for probabilstic forecast

The flow fp is trained to map the distribution of the variable of interest (PV, load,
wind power) to a simple distribution such as a Normal distribution. Then, one can use
the inverse transformation f, ' in order to generate the scenarios from a sample of a
Normal distribution and the weather condition forecast. An overview of the conditional
NF process with load scenarios generation is given by figure [5.3|

X := Load
Training: /\
et z~ N0,
- weather
~ forecasts
z~ N(,I)

Scenarios generations: (f\/\
_ weather
~ forecasts

X :=Load scenarios

Figure 5.3: Overview of the conditional Normalizing flow represented in the case of load scenarios
generation with a three step flow.

The model is trained through the log-likelihood of the parameters 6 given the dataset. The flow
fo defines a bijection between a variable of interest x (here the load) and a variable sampled from
simple distribution (here a Normal distribution). Then, the scenarios are generated thanks to f; '
that performs the opposite mapping from a Normal distribution and the weather forecast ¢ to the
scenarios X.
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Chapter 6

Quality and value assessment

When it comes to assessing the predictions, one must consider two angles. First
is the forecast quality. It corresponds to the ability to mimic the process involved.
Forecasts quality represents the ability of the forecast to deliver information about the
future. Forecasts quality is based on objective criteria. On the other hand, the forecast
value represents the actual benefit of using the predictions in a decision-making process
(Dumas et al., [2021)). This chapter describes the case study, the different datasets used,
as well as the framework for assessing the quality and the value of the predictions.

6.1 Case study

The quality and value assessment of the different models will be performed with the
open access Global Energy Forecasting Competition 2014 (GEFCom 2014) datasets
(Hong et al., [2016). It is composed of several tracks. For the case study, three of
those are going to be used. The load track, the wind power track, and the solar power
track. The load track contains hourly historical loads and hourly weather forecasts for
one zone. The wind track contains the hourly wind power generation by timesteps of
24 hours in 10 different zones corresponding to 10 wind farms in Australia as well as
weather forecasts. Similarly, the solar power track contains hourly solar power 24 hours
ahead in three distinct zones corresponding to three solar power plants also located in
Australia as well as weather forecasts data for the same periods.

Each of the three tracks is going to be separated into three parts in order to train
and evaluate the models: the learning, validation, and testing sets. The learning set
(LS) is used to train the models, the validation set (VS) is used to configure the hyper-
parameters, and the testing set (TS) is used to compare the quality and value of the
different generative models. The different models (DDPM, GAN, NF, VAE) will use
some weather forecasts data as input and output day-ahead scenarios x € R? for each
of the three tracks. Each of the tracks contains different information and different
weather-based features will be extracted from them.

6.1.1 Load track

The features are composed of the weather forecasts. The track is composed of one
zone and 25 stations. The load condition vector for each day d is given by

cldoad = [Wl,Wg, ...,W25]. (61)
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and it’s dimension is D = 24 x 25.

Examples of load curves can be found in figure Load curves are usually smooth
curves with one or two peaks during the day. Those peaks correspond to moments of
high power consumption, usually at the beginning of the morning or in the evening
depending on the season.
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Figure 6.1: Examples of load curves from random days of the load track of the GEFCom 2014 dataset

6.1.2 Wind track

In this track, one has access to the zonal and meridional wind component at different
altitude.

e u'’ : The zonal component of the wind at 10 meters.
e u'® : The zonal component of the wind at 100 meters.
e v!¥: The meridional component of the wind at 10 meters.

e v : The meridional component of the wind at 100 meters.

From there, 6 features inspired from [Landry et al| (2016) are extracted. Those
features are the wind speed ws!?, ws'% the wind energy we'?, we!%? and wind direction
wd!®, wd'® at both altitudes. They are derived according to the following formulas
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WS =+yu-+v,

— 1 3
we = §WS s (6.2)
1
wd = 180 arctan(u, v).
m

Also, this track contains 10 different zones. This information is incorporated into the
wind condition vector by adding one-hot encoding variables Oy, O, ..., O19. The wind
feature vector for a given day d is given by

wind __[,,10 ..100 ,10 _,100 10 100 10 100 10 100
Cd —|:11d 7l.ld 7Vd ?Vd 7WSd ,WSd 9 Wed ,Wed ,de ,de ,Ol,...,OlO] 9
(6.3)
It’s dimension is 24 x 10 + 10.

Examples of wind power generation can be found in figure It can be seen that
wind power exhibit a high degree of variability. It is due to the more stochastic nature
of wind in comparison to load or photovoltaic generation for instance.
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Hour of the day Hour of the day

Figure 6.2: Examples of wind curves from random days of the wind track of the GEFCom 2014 dataset

6.1.3 Photovoltaic track

In this track, the wind temperature T, the solar irradiation I, and the relative
humidity rh are available and selected as features. In addition, secondary features are
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computed from them by computing I? and IT inspired by Dumas et al,| (2021). Like
for the wind track, one hot encoding is used to take the different zones into account,
leading to the PV feature vector for the day d

Cgv = |:Id7 Td) rhd? I?l? ITd? Ol? 027 03] : (64)

Also, there are hours during a full 24 hours cycle in which the PV generation is always
equal to 0 during all the days d and over all the zones. Those periods have been re-
moved. It leads to a vector of dimension 5 x 16 4+ 3, where 16 is the number of hours
per day with non-zeros PV generation in the dataset across all zones.

Examples of PV generation curves can be found in figure One can see that PV
generation shows more recognizable patterns than wind power. Indeed, The PV curve
usually takes the form of an inverted bell with non-negative values only during the day
(when there is sun).
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Figure 6.3: Examples of PV curves from random days of the PV track of the GEFCom 2014 dataset

6.2 Quality assessment

The task of evaluating deep generative models is not trivial. Indeed, no consensus
about which metrics to use has been reached Theis et al.| (2015). Rather, the best
choice of metrics is task-dependent and must be carefully considered. Emphasis must
be given towards choosing complementary metrics that capture different aspects of the
considered phenomenon. Also, most of the work and thus the metrics proposed in the
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literature to evaluate generative models are related to computer vision, meaning that
they cannot be transposed to energy forecasting easily.

In this work, 6 metrics related to probabilistic forecast have been selected to assess
the quality of the predictions.

6.2.1 Continuous ranked probability score

The continuous ranked probability score (CRPS) |Gneiting and Raftery (2007) is an
univariate metric. It is a quadratic measure of the difference between the forecast
cumulative distribution function (CDF) and the empirical CDF of the observations.
It compares the predictive marginals for each component of the random variable of
interest. Formally, let X be a random variable, and let F' be the CDF of X defined
as F(y) = P(X < y). Let y be an observation and F, the CDF of an empirical
probabilistic forecast, then the CRPS is given by

CRPS(F.y) = [ [F(a) - 1(a 2 y)Pds,
where 1 is the identity function. It basically represents a generalization of the MAE
from deterministic forecast to probabilistic forecast. As a consequence, it is negatively
oriented (i.e the lower the better). It penalizes biased forecasts. |Gneiting and Raftery
(2007)) showed that the previous integral form can be estimated by being re-written as

1
CRPS(F,{L‘k):E,\g|X—[Ek|—§EX7X/|X—X/|, (65)

where X and X" are two independent random variables distributed according to F'. This
is called the energy form of the CRPS because it corresponds to the one-dimensional
case of the energy score.

In our case, the wind power, PV generation, and load are multivariate random
variables of T' dimensions: & € R”, where T is the number of time periods per day
(usually 24). Thus, if one generate M scenarios per day of the testing set T'S, one can
considerate 27, to be the component k of the " scenario for the day d, and the CRPS
per marginals k = 1,2,..,T is given by

M M
CRPS, ! RE ! > |, —
dk = 77 Tagr — Tdk| — Lap — L
M — d.k 2M2 — d.k d,k|
1= ,]=

as presented in [Dumas et al. (2021). Then,

1
CRPSk = m deZTS CRPSd,k

is the average over the testing set. Finally, C RPS}) is averaged over all time periods:

T
SN
CRPS = » [CRPS}.

k=1
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6.2.2 Quantile score

The quantile score (QS) gives information about the forecasts at different probability
levels, i.e over-forecasting or under-forecasting. It is also negatively oriented. Let 7 be
the quantile index (7 = 0.01,..,0.99), let £% be the ¢"" quantile for the d* day. The
quantiles are computed from the set of M scenarios. Let :%37 p be the k" time period of
&2, Then, the Quantile score is

) (1 —-T) X (igk —»xdk) Td,k <:£gk
) B 7 : . :
pu (T mar) = {T X (Tap — 25 5) Tak 2 T

as given by [Dumas et al.| (2021)). One can see that p, assigns asymmetric weights to
positive and negative errors for each quantile. Then p, (@g,k, xd7k) is averaged over the
T time periods and over the entire training set

1 1< .
@S = 275 .7 ;Pq (%5 Ta)

deTs

Finally, QSy is averaged over all quantiles:
99
QS = Sy.
QS =3 ; QS

6.2.3 Reliability diagram

Reliability diagrams are a visual assessment that evaluates the quality of the quantiles
derived from a set of scenarios. Generated quantiles are reliable if their positions are
equal to those of the observed value. The distribution for a perfect reliable forecast is a
45° diagonal. The more the reliability diagram is close to that diagonal, the better the
forecasts. Figures|6.4] and [6.5 shows examples of typical shapes for reliability diagrams.
For sake of simplicity, when the quality metrics are gathered on a table, the reliability
is measured with the mean absolute error between the reliability curve and the 45°
diagonal.

Reliability diagram Reliability diagram

——- Perfectly reliable el ——- Perfectly reliable ,
Model ,,J' Model ‘/’

Proportion of the observed values
Proportion of the observed values

0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Forecast probability Forecast probability

Figure 6.4: Example of reliability diagram with ~ Figure 6.5: Example of reliability diagram with
under-forecasting (forecast probability smaller over-forecasting (forecast probability greater
than observed frequency) than observed frequency)
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6.2.4 Energy score

The energy score (ES) is a commonly used scoring rule when the density is described
by a finite number of samples (Golestaneh et al., 2016)). It is a multivariate generaliza-
tion of the CRPS. It has been introduced by |Gneiting and Raftery| (2007). Similar to
the CRPS, it is negatively oriented. It is given by

1
ES(F.x) = Ex[| X — x| = 5Exa X — X7, (6.6)

where X' and X’ are independent random variables of distribution F' and with finite
first moment and ||.|| is the Euclidean norm. Omne can notice that if we consider the
marginals of x in Eq. (6.6]), it becomes equivalent to the energy form of the CRPM
given by Eq. [6.5 In practice, it is computed using the following:

M M

1 1
ESd:MZ Xd—XdH — 2M2 Z

i=1 ij=1

o)

&

with the same notation as previously. Finally, the energy score is averaged over the
testing set

1

deTS

Golestaneh et al. (2016) investigates the ES as a scoring rule and determined that ES
has a good discriminative power. However, it is a weak scoring rule when the only
distinction between forecasts is the correlation between their components. The ES will
be used to determine the performances comparably to how the MAE would be used for
point forecasts.

6.2.5 Variogram score

Another class of proper scoring rule is the variogram score proposed by Scheuerer
and Hamill (2015). It is based on the geo-statistical concept of variograms. In|Scheuerer
and Hamill (2015)), the sensitivity of the variogram score to incorrectly predicted means,
variances, and correlations in a number of examples with simulated observations and
forecasts is studied. It is shown that this scoring rule is more discriminative to the
correlation structure, thus it makes it a nice complement to the Energy score as it is
where the ES is lacking discriminative power. The variogram score of order v is given
by

T
VSd = Z Wik (’xd,k — xd,k/W - EP ‘ii'd,k - i'd,k/‘vf ) (67)
kK’

where %; € RT and x4 and x4y are respectively the kt" and the k""" components of the

random vector X, distributed according to P, and x; is the multivariate observation.
It is important to note that the v** absolute moment of P must exist. Also, wyy are
non-negative weights. Given a set of M scenarios {x}M, for each given day d, the
expectation can be approximated by

1 M
EP |jd,k — fd7k/|'y ~ M Z

i=1

)

i
Lok — Lg

T (6.8)
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Then, the variogram score is averaged over the days of the testing set.

1

deTs

For the experiments, it has been chosen to use equal weights across the hours wy = 1
and v = 0.5 as suggested in Dumas et al.| (2021)).

6.2.6 Correlation matrix

The last considered quality metric is the correlation matrix between the scenarios
given weather forecasts. Let {x}M, be a set of M scenarios for a given day d. This
set can be seen as a (M X 24) matrix where each line is a scenario. The Pearson’s
coefficient between the scenarios can then be computed, which leads to a (24 x 24)
matrix. This metric carries information about the variety of the scenarios for a given
day. The higher the correlation, the smaller the variety, and the scenarios resemble
each other, and reversely. This metric can also be averaged over all the days of the
testing set to have more of a global insight.

6.3 Value assessment

The previously presented metrics measure the quality of the forecasts. However, a
model with better quality metrics is not necessarily the most effective model to use
(Hong et all 2020). It is interesting to estimate the value of the different techniques
to generate day-ahead scenarios. This is achieved by considering the day-ahead market
scheduling of electricity aggregators such as energy retailers as shown by 'Toubeau et al.
(2019); |[Dumas et al.| (2021). The retailer’s goal is to balance its portfolio on an hourly
basis so as to avoid financial penalties in case of imbalance by exchanging the surplus or
deficit of energy in the day-ahead electricity market. In the chosen formulation for the
optimization problem (which is heavily inspired by the case study carried by [Dumas
et al.| (2021))), the retailer is interested in day-ahead bidding. Its portfolio is composed
of load, wind power generation, and PV generation. It also has access to a battery
energy storage system (BESS) to manage its portfolio and minimize imports from the
grid when day-ahead prices are restrictive. The methodology is summarized by figure
0.0l

For each day of the testing set and for each generative models:

Determination of the model based day-ahead
scenarios

Day-ahead

Day-ahead decision process: scenarios based
stochastic optimization

Evaluation of the day-ahead Economic dispatch based on the realisation of the
decisions when the uncertainty uncertainty.
is resolved Profit computation

Figure 6.6: Methodology used to compare the value of the day ahead decisions of the different models.
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The retailer bids on the day-ahead market by computing a planning based on stochas-
tic optimization. Then the dispatch is computed thanks to the real observation of the
forecasted variables, namely, the PV generation, wind power, and the load. Finally,
the profits are computed and can be compared for each generative model. The first
step of the methodology described in figure is model-dependent, it consists of gen-
erating the scenarios with the different generative models for all the days of the testing
set. The following sub-section describes the stochastic optimization problem and the
dispatching.

6.3.1 Scenarios based stochastic optimization

A stochastic planner with a linear programming formulation and linear constraints
is used. We have,

e ¢, [MWHh] the net energy retailer position for the t-th hour of the day.
e y; [MWHh] the realized net energy retailer position for the t-th hour of the day.

e 7, [€/ MWHh] the clearing price in the day-ahead market for the t-th hour of the
day.

e ¢;, the posterior settlement price for negative imbalance y; < e;.

e )\, the posterior settlement price for positive imbalance 1y, > ¢;.

The retailer is assumed to be a price taker in the day ahead market. Indeed, usually,
the capacity of an individual retailer is negligible in comparison to the whole market,
thus m; is chosen to be fixed and known. The imbalance prices are chosen to be random
variables as they manifest volatility. Their expectation are noted as ¢ = E[g,] and
A\ = E[\]. e is a first stage variable and y; is chosen to be a second stage variable
because of the stochastic nature of the PV generation, wind generation, and load. The
planner computes the day-ahead bids e;. Those bids cannot be changed later when
the uncertainty is solved. The dispatch decisions y;,, in scenario w correspond to the
second stage. The goal of the dispatch decisions is to avoid portfolio imbalances. Those
imbalances are modeled by a cost function f¢. Thus, the stochastic planner’s objective
is to maximize:

Js=E

Z mer + £ (e, ?Jt,w)] (6.9)

teT

The expectation is taken over the PV generation, wind generation, load, and the random
variables. Thanks to a scenarios-based approach, it is approximated by

Jg ~ Z Q, Z [meee + [ (er Yrw)] (6.10)

weN teT

with w € €2, a, the probability of the scenario w and ) _, a,, = 1. More details about
the value assessment can be found in appendix [E]
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Chapter 7

Experiments

This section will go through the different experiments primarily related to the hyper-
parameters of diffusion models. The methodology will be to fit a model on a learning
set (either the load, PV, or wind track) and compare the different configurations of hy-
perparameters by testing on the validation set in order to gain insight about diffusion
models parameters, and finally display the results on the testing set. The comparisons
are performed by generating 100 scenarios per day of the testing set. The comparisons
performed in this section are solely based on quality metrics. Then, section (8| uses
both quality and value assessment in order to compare diffusion models to the different
state-of-the-art deep generative models.

7.1 Training loss

It has been shown empirically by [Ho et al. (2020)) that the simplified loss function
lead to better sample quality than the analytically derived loss function (3.12))
for computer vision applications. The purpose of the following experiment is to assess
if this result holds for time series data as well. Figures[7.1] [7.2] and [7.3]show examples
of scenarios and the quantiles derived from the scenarios generated with models trained
with the two different loss functions for respectively the load, PV, wind tracks. Table
7.1|summarizes the quality results for the three tracks with models trained with the two
loss function. It can be seen that almost independently of the tracks, the simplified loss
function lead to significantly better quality results. Thus, the simplified loss function
is chosen for the rest of this thesis.

7.2 Training loop

The second experiment is related to the number of diffusion steps per sample during
training. There are two possible ways of doing so. First, one could start from a sample
and perform all the diffusion steps from 0 to 7" with that sample before passing to
the next samples as on algorithm [IL On the other hand, one could perform only one
random step of the diffusion process per sample as with algorithm [2] in this case, more
epochs must be done in order to maintain the number of forward passes per sample
constant. This is similar to the idea behind stochastic gradient descent but applied
to the diffusion steps of the forward process. It is important to note that the only
difference between the two algorithms is the order in which the model sees the noised
samples of the diffusion process. In both cases, the model sees all the samples with all
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Full loss function Simplified loss function

ES 66.32 62.05

VS 21.31 19.39

Wind QS 5.43 5.12
CRPS 10.74 10.16

MAE-r 8.71 6.02

ES 35.72 22.36

VS 9.54 4.51

PV QS 2.0 1.18

CRPS 3.95 2.34

MAE-r 5.71 3.74

ES 16.13 11.03

VS 2.97 1.53

Load QS 1.40 0.97
CRPS 2.77 1.92

MAE-r 3.68 18.72

Table 7.1: Comparison between models trained with analytically derived loss function or a simplified
one. All the hyper-parameters remain constant between the two models except the loss function used
for training.

The simplified loss function lead to better scores on almost all the quality metrics over the three tracks.
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Figure 7.1: Examples of load scenarios with the two loss functions for two random days of the
dataset[7.Ta] and [7.1D] are scenarios for the same day, and [7.1d and [7.Id] correspond to another day. The
model trained with the simplified loss function tends to generate scenarios that exhibit less variability
and more temporal correlation. The range of values of the scenarios is closer to the ground truth.

the diffusion steps (on expectation), only the order changes. Table compares the
two algorithms. If the number of forward passes is the same, none of the algorithms has
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Example of generated wind generation Example of generated wind generation
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Figure 7.2: Examples of wind power scenarios with the two loss functions for two random days of the
dataset[7-2a] and [7.2D] are scenarios for the same day, and and [7.2d] correspond to another day.
The model trained with the simplified loss function tends to generate scenarios that exhibit much less
variability and more temporal correlation. The range of values of the scenarios is also closer to the
ground truth. Note: whatever the training loss, the wind power scenarios tends to be more difficult to
predict than the PV power and the load. It is due to its more stochastic nature.

an edge when it comes to the computational complexity, but as can be seen in table[7.2]
algorithm [2] outperforms algorithm [1] For the rest of the thesis, algorithm [2|is chosen.

7.3 Diffusion steps

Here, we are interested in exploring the relationship between the number of diffusion
steps (for training and sampling) and the quality of the scenarios generated. The results
for each track with several values for the number of diffusion steps are shown in table
Overall, as could be expected, higher diffusion steps tend to increase the quality
of the generated scenarios. For the PV and load track, the best size for the diffusion
process is equal to T' = 400, whereas, for the wind track, it is equal to 7" = 200. Thus,
those values for the diffusion process length are used for the rest of the thesis.

7.4 Sampling steps ablation

One of the main problems related to diffusion models is related to sampling. Indeed,
usually generating a scenario with a model trained with T' forward pass requires also
using T forward pass at sampling time. It is particularly expensive in comparison to
other models that only require one. The purpose of the following experiment is to
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Example of generated PV generation Example of generated PV generation
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Figure 7.3: Examples of PV scenarios with the two loss functions for two random days of the
dataset[7-3a] and [7-3b] are scenarios for the same day, and [7.3d and [7.3d] correspond to another day. The
model trained with the simplified loss function tends to generate scenarios that exhibit less variability
and more temporal correlation. The range of values of the scenarios is also closer to the ground truth.

look at ways of using fewer steps at sampling time than the number of steps used at
training time. The idea consists of generating scenarios with fewer diffusion steps than
the number of steps used at training time to look at the marginal gain of using more
steps at sampling time. The quality results can be found in table The Ty, fer steps
are uniformly spaced between 0 and 7'. It can be seen that the best quality is obtained
by using the same number of steps at training and at sampling time. However, the
marginal gain decreases such that for instance, the quality metrics obtained by using
Tinger = 0.8 x T' is not significantly better than by using T, e, = T
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iterative training stochastic training

ES 62.24 55.79
VS 19.56 17.47
Wind QS 5.17 4.56
CRPS 10.27 9.04
MAE-r 4.13 1.38
ES 36.05 29.37
VS 9.77 6.88
PV QS 2.05 1.62
CRPS 4.05 3.21
MAE-r 5.76 3.77
ES 16.9 11.66
VS 3.7 1.87
Load QS 1.45 1.02
CRPS 2.86 2.01
MAE-r 12.27 15.48

Table 7.2: Comparison between iterative training and stochastic training.
The stochastic training consistently outperforms the iterative training on the quality metrics with the
same number of forward passes.

T=50 T=100 T=200 T =400

ES 69.20 66.40 54.47 61.84

VS 22.34 21.03 17.29 19.57

Wind QS 5.74 5.50 4.41 5.14
CRPS 11.35 10.87 8.73 10.17

MAE-r 11.03 9.95 3.84 10.52

ES 24.77 22.11 23.86 21.60

VS 5.25 4.43 4.80 4.16

PV QS 1.34 1.17 1.28 1.14
CRPS 2.65 2.31 2.53 2.26

MAE-r 9.84 3.81 7.59 8.09

ES 10.81 11.07 10.30 9.78

VS 1.58 1.53 1.42 1.49

Load QS 0.94 0.97 0.89 0.85
CRPS 1.87 1.93 1.75 1.69

MAE-r 13.84 18.80 11.26 9.43

Table 7.3: Comparison of scenarios obtained with models trained with 4 total diffusion steps for both
training and sampling (T=50, T=100, T=200, T=400). As could be expected, higher diffusion steps
usually lead to better quality metrics.
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Tinfer Tinfer Tinfer Tinfer Tinfer Tinfer Tinfer
Tonger — 10 Toger — 595 Tiger — 1% Tiner — 909 Dinfer — 50%  Tinger —g0% — Tinfer — 100%

ES 103.65 99.77 94.01 85.18 65.71 56.05 55.91

VS 35.26 33.57 33.72 28.14 21.14 17.74 17.71

Wind QS 8.92 8.56 8.11 7.24 5.45 4.57 4.55
CRPS 17.64 16.94 16.05 14.32 10.80 9.03 8.99

MAE-r 4.67 4.81 4.85 4.65 3.79 1.66 1.62

ES 48.00 44.99 41.55 36.31 25.48 21.68 21.37

VS 15.57 13.83 12.51 9.48 5.44 4.21 4.11

PV QS 2.84 2.64 2.41 2.04 1.35 1.14 1.13
CRPS 5.64 5.22 4.78 4.04 2.69 2.26 2.23

MAE-r 4.03 4.02 3.91 3.90 3.70 7.91 7.75

ES 42.75 37.68 32.45 24.32 12.96 9.73 9.72

VS 13.98 11.45 8.90 5.47 1.95 1.48 1.44

Load QS 3.60 3.14 2.71 2.05 1.14 0.85 0.84
CRPS 7.11 6.24 5.38 4.07 2.24 1.68 1.67

MAE-r 7.04 7.01 7.44 8.01 8.34 9.54 9.44

Table 7.4: Quality metrics using Tiyfer diffusion steps at sampling time with T, fe, different from
T. The best results are obtained by using Tj,fer = 1. But the marginal gain of using more steps
decreases a lot after using about 80% of the steps used at training time.
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Chapter 8

Results

This section provides a comparison between the DDPM and the three other deep
generative models (GAN, VAE, NF). The comparison is three-fold. First, based on
quality metrics, they measure the ability of a model to capture the stochastic process
in order to generate good scenarios. Second, based on the forecast value, it represents
the actual financial benefit of using one model over the other in a decision-making
process. Finally, subjectively, by inspecting the generated scenarios in order to get the
intuition behind the predictions of each model.

8.1 Quality assessment

Several metrics have been considered for the quality assessment. The assessment is
performed by generating 100 scenarios per day of the testing set. The different metrics
are computed based on those 100 scenarios and the ground truth for each day of the
testing set. The metrics are presented in section Table summarizes the results
for the four models and the three tracks. It can be seen that for the wind track, the
DDPM is the best performing deep generative model on all the quality metrics. For
the PV track, the DDPM is the best performing model on all the metrics except the
MAE-r, where the NF outperforms it. Finally, when it comes to the load, the NF is the
best performing model on all the metrics except the variogram score for which DDPM
achieves the best score.

Figures B.3 and displays scenarios and the derived percentiles for the 4
models for respectively the load track, wind track and PV track. Figures [8.2] and
illustrates the Pearson correlation between the 100 scenarios displayed on figures
B.1] B-3] and 8.5} One can see that a tendency emerges. On one hand, we have GAN
and VAEs, where the scenarios are really similar and do not cross each other. On the
other end of the spectrum, there is the NF where the scenarios tend to show a high
level of variation. In the middle of those extremes, we have the DDPM for which the
scenarios also exhibit variability and cross each other, but to a smaller extent. This
tendency is confirmed by the correlation matrices. It can be seen on figures [8.7g]
and that the NF demonstrates no time correlation at all. Figures [8.7al, [8.75] [8.7¢c|
R.7dl, B.7¢] and [8.7f exhibit a high temporal correlation for GAN and VAE. Finally,
figures [8.7¢g], R.7hl and [8.71 show that DDPM sits in the middle, with a moderate time
correlation in comparison to GAN and VAE for the wind and the load forecasting, and a
low correlation for the PV but still displays more time correlation than the NF. Similar
plot with scenarios and correlation matrices for another day of the training set can be
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VAE GAN NF DIFF

ES 54.82 60.52 56.71 54.47
VS 17.87 19.87 18.54 17.29
Wind QS 4.45 4.95 458 441

CRPS 8.80 9.799 9.07 8.73
MAE-r 2.67 6.82  2.83 1.35

ES 24.65 24.15 23.08 21.60
VS 5.02 4.88 468 4.16
PV QS 1.31 1.32 119 1.14

CRPS 2.60 2.61 2.35 2.26
MAE-r 9.04 4.94 2.66 8.06

ES 15.11 1796 9.17 9.76
VS 1.66 3.81 1.63 1.49
Load QS 1.39 1.52 0.76 0.8

CRPS 2.74 3.01 1.51 1.69
MAE-r 1397 999 7.70 9.43

Table 8.1: Summary of the averaged quality metrics per model and per track (wind, PV, or load).

The CRPS is averaged over the 24 time periods, the QS is averaged over 99 percentiles. The MAE-r is
a numerical expression associated with the reliability diagram, it is the mean absolute error between the
reliability curve and the diagonal line.

found in appendix [F]

8.2 Value assessment

As explained earlier, the value assessment is done through a case study of an energy
retailer having a portfolio with wind power, PV generation, load, and a battery energy
storage system. The test set contains 50 days. In addition to that, the wind track is
composed of 10 different zones, and the PV track is composed of 3 different zones. This
lead to 1500 independent days for the simulations. The forecast value is evaluated in
a two-step approach. First, compute the day ahead decisions through an optimization
problem using the day-ahead scenarios generated by each generative model. Then, real-
time dispatch is performed based on the true observations and the day-ahead decisions.
The goal of the retailer is to balance the net power by importing or exporting from the
main grid. The net power is given by the red curve in figure 8.8) Even though it is an
arbitrary day of the testing set, it exhibits the general tendency being that the net is
positive at noon when the PV generation is maximal, and the load is minimal. It is
negative in the evening when the PV generation is minimal, and the load is maximal.
Another issue that the retailers have to face is that usually, the spot day-ahead prices
are often maximal at the end of the day when the load is maximum. To circumvent
that, retailers try to save power by charging batteries during the day in order to prevent
import in the evening. That’s why forecasting is really important, as the better the
forecasts, the better the planning.

Ultimately, the goal of the energy retailer is to maximize its net profit. It is computed
as the profit minus the penalty. Table displays the net profit for all the generative
models. The model leading to the highest profit is the diffusion model with a 112 k€
net profit. It comes close to the normalizing flow with a 107 k€ profit. The oracle
column corresponds to a forecast possessing knowledge of the future. It serves as a
benchmark to show that there is still room for improvement. To conclude, when it
comes to the forecast value, the DDPM slightly outperforms the NF, GAN, and VAE
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Figure 8.1: Example of load scenarios generation for an arbitrary day of the testing set with the 4 generative
models. 50 load scenarios with the derived percentile and the corresponding real observation.

The GAN and VAE scenarios almost look like a translation of one another, they are highly correlated. On the
other hand, NF scenarios tend to cross each other and seem noisy, and DDPM scenarios are more similar to
one another but seem to be less correlated to one another than those of GAN and VAE.

on this simple case study.

GAN VAE NF DDPM Oracle
Net profit (k€) 93 97 107 112 298

Table 8.2: Total net profit. The stochastic planner achieved the highest profit using the PV, load, and wind
scenarios generated by the DDPM with 112 k€. The oracle (O) corresponds to a forecast always equal to the
actual observation. It represents having full knowledge of the future. Its profit is the highest achievable profit
for a forecasting method.

8.3 Comparison

This section summarizes the differences, advantages, and shortcomings of the differ-
ent methods. First, figure reminds the high-level working of each of the four deep
generative models.

First, when it comes to the quality assessment, it has been seen that the DDPM and
NF outperformed the GAN and VAE models. For the value assessment, the DDPM
lead to the highest profit followed by the NF, the VAE, and the GAN. However, there
are other aspects to mention for the adoption of those models in the power system
community.
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Figure 8.2: Pearson correlation matrix associated with the load scenarios of the arbitrary day of ﬁgure
The matrices corroborate the intuition given by the scenarios shapes on figure B-I] We have a really high
correlation for both GANs and VAE for all the hours of the day, with a slight advantage for the VAE. On the
other hand, the NF comes with no time correlation at all and the scenarios seem really noisy (but they all
gravitate around the observation). Finally, the DDPM displays more correlation than the NF, but less than
both GAN and VAE. With DDPM, some hours of the day are correlated.

Training and sampling speed For both the training and the sampling speed, the VAE
is the fastest for training and for the generation of the scenarios, followed by the GAN,
the NF and finally, the DDPM is significantly slower to train and especially slow to
generate the samples due to its sequential nature. Also, DDPM and NF have the
drawback of having latent spaces of the same dimension as the input dimension, which
lead to expensive computations.

Hyper parameters When it comes to the stability of the model with respect to its
hyperparameters, the GAN is the worst in the sense of a slight change in the hyper-
parameter can lead to a model generating poor samples. On the other hand, NF and
DDPM models tend to be robust when it comes to their hyperparameters and overall
easier to train. The VAE model sits close to NF and DDPM by being much easier to
train than GAN. For DDPM, it might be explained by the fact that the latent space
is easily interpretable, each latent variable is a noised version of the input. For NF it
can be explained by the numerous constraints imposed on the transformations. Also,
both NF and DDPM possess a latent space with the same dimensionality as the input
data. On the other hand, GAN models are notoriously known for being difficult to
train Salimans et al. (2016)); |Arjovsky and Bottou (2017).
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Figure 8.3: Example of wind scenarios generation for an arbitrary day of the testing set with the 4 generative
models. 50 wind scenarios with the derived percentile and the corresponding real observation.

The GAN and VAE scenarios seem more correlated to each other. On the other hand, NF scenarios have a
tendency to cross each other and it seems to have no correlation between the scenarios at all. DDPM scenarios
are more similar to one another than NF’s, but seem to be less correlated to one another than those of GAN
and VAE.
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Figure 8.4: Pearson correlation matrix associated with the wind scenarios of the arbitrary day of figure
The matrices corroborate the intuition given by the scenarios shapes on figure We have a really high
correlation for both GANs and VAE for several hours of the day. On the other hand, the NF displays no time
correlation at all and the scenarios seem noisier than the other models. Finally, the DDPM displays correlation
for a couple of hours of the day but less than both GAN and VAE.
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Figure 8.5: Example of PV scenarios generation for an arbitrary day of the testing set with the 4 generative
models. 50 PV scenarios with the derived percentile and the corresponding real observation.
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Figure 8.6: Pearson correlation matrix associated with the PV scenarios of the arbitrary day of ﬁgure
The matrices corroborate the intuition given by the scenarios shapes on figure[8-5] We have higher correlations
for both GANs and VAE for some sparse hours of the day. Once again, there is a slight advantage for the
VAE. On the other hand, the NF exhibit no time correlation at all, and the scenarios seem really noisy (but
they all gravitate around the observation). Finally, the DDPM displays a little bit more correlation than the
NF, but the difference is not significant.

50



1.00
0.98
I 0.96
0.94
0.92
0.90

1.000

(a) Load GAN

0.998

0.996

0.994

0.992

0.990

(d) Load VAE

() Load DDPM

(b) Wind GAN

(h) Wind NF

(k) Wind DDPM

Figure 8.7: Average correlation over the entire testing set.
Overall, VAE tends to produce highly correlated scenarios or partially correlated scenarios. GAN tends to pro-
duce moderately correlated scenarios. DDPM leads to a small correlation. Finally, NF leads to no correlation

at all.
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Figure 8.8: Illustration of the observation and net power of a random arbitrary day of the testing set.

The energy retailer aims at balancing the power balance (net) of its portfolio. Its portfolio contains wind
power generation, PV generation, load, and a battery storage system. The generated PV, wind power, and
load scenarios from the testing set days are used as inputs of the stochastic day-ahead planner to compute the
optimal bids.
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Figure 8.9: High level overview of the 4 deep generative models.
Source: https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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Chapter 9

Conclusion

This work provides a deep learning approach for the task of conditional probabilistic
forecasting applied to power systems. A promising deep generative model has been
investigated: denoising diffusion probabilistic models. Then, the developed DDPM has
been thoroughly compared to state-of-the-art deep generative models, namely, genera-
tive adversarial networks, variational auto-encoders, and normalizing flows. All those
models are able to integrate conditional weather information to enhance their predic-
tions. The comparison is conducted in two ways. On one hand, based on objective
quality metrics. On the other hand, based on the actual financial value of using the
models in a decision-making process through the case study of an energy retailer. For
both, the experiments were performed on the Global Energy Forecasting Competition
2014 open datasets. It has been shown that not only, DDPM is competitive with the
other state-of-the-art deep generative models, but also that they are actually among
the best performing deep generative models for this task based on both the quality
and value of the scenarios generated. However, among the four models, DDPM was the
slowest for both training and sampling. Finally, some experiments regarding DDPM pa-
rameters have been realized, and a suited deep learning architecture has been discussed.

Overall, this work adds a new tool to the machine learning toolbox of energy fore-
casting practitioners. And provides a fair comparison between 4 deep generative models
on the task of probabilistic forecasting. However, the developed model still has some
limitations and can be improved in several ways.

Limitation and further work Although the proposed DDPM already displayed impres-
sive competitiveness with respect to other state-of-the-art deep generative models, some
improvements are still possible. First, as seen in section and proposed by Ho et al.
(2020)), the variance of the reverse process is chosen to be a fixed constant depending
on the diffusion step with no learned parameters. However, more recent work (Nichol
and Dhariwal, 2021; Dhariwal and Nichol, [2021]) has shown interesting improvement in
sample quality in computer vision applications by learning it instead.

Then, also proposed by Nichol and Dhariwal (2021)) and corroborated in chapter
all the diffusion steps do not contribute equally to the quality of the samples. It is pro-
posed by Nichol and Dhariwal (2021) to change the noise schedule in order to balance
the relative importance of each diffusion step through the entire diffusion process.

53



One of the big shortcomings of diffusion models is their sampling speed. Indeed,
generating one sample requires several successive forward passes in the network. This
is expensive in comparison to other deed generative models that generally only require
one. Some papers have proposed ways of reducing the sampling speed. Both |Nichol and
Dhariwal| (2021) and Kong et al.[(2020) proposed ways of using fewer sampling diffusion
steps than used in training. Both are based on the simple idea of evenly distributing N
diffusion steps between the T' steps used at training and aligning the training variance
schedule to the smaller one used at sampling.

Another improvement that could be brought to this work is regarding the used ar-
chitecture, and particularly the conditioner. Currently, it has been chosen as a simple
multi-layer perceptron. One way to improve the results could be to use instead a recur-
rent neural network. This would allow leverage the sequential nature of the condition
weather vector because RNN are well suited for sequential data. Similarly, an attention
network (Vaswani et al., [2017)) could also fulfill this role.
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Appendix A

Some additional considerations

A.1 Implementation details

The implementations have been conducted using Python 3.8 as well as the Pytorch
(Paszke et al., [2019)) and sklearn (Buitinck et al., 2013) python libraries. All the code
and experiments will be made available at this github repository. The codes of the
VAE, GAN and NF are based on codes available at this git gepository: https://
github.com/jonathandumas/generative-models In addition, part of the code for the
NF comes from https://github.com/AWehenkel/Normalizing-Flows

A.2 Comparative deep generative models hyper parameters

The hyper parameters for the GAN, VAE and NF have been chosen the same as in
Dumas et al.| (2021). They are reminded on the following table.

Wind 1Y% Load
Embedding Net 4x300 4x300 4x300
Embedding size 40 40 40
Integrand Net 3 x40 3 x40 3 x40
Weight decay 5.107%  5.107* 5.1074
Learning rate 1074 5.107% 1074
Latent dimension 20 40 5
E/D Net 1x200 2x200 1x500
Weight decay 10734 10735 1074
Learning rate 10734 10733 10739
Latent dimension 64 64 256
G/D Net 2x256 3x256 2x1024
Weight decay 1074 1074 1074
Learning rate 2.107%  2.107% 2,104

Table A.1: The first sub table displays the hyperparameters of the NF, The second sub table displays
the hyperparameters of the VAE, and The third sub table displays the hyperparameters of the GAN.
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Appendix B

Derivation and proof related to the
loss function

This is the demonstration that allows to express the loss defined at equation ({3.5)
into the expression given by equation (3.7]). This demonstration is taken from Ho et al.
(2020).
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Appendix C

Generative adversarial networks
formulations and improvements

GANSs have received a lot of attention and improvement since their introduction by
Goodfellow et al.| (2014)). THe orginal loss function was:

V(9,0) = Ellogdy(x | )] + Eflog (1 —dy(x | ¢))] (C.1)

X

However, it is know that the divergences used in plain GANs are really unstable to train.
A solution to this have been proposed in the form of Wasserstein GAN (Arjovsky et al.,
2017). WGAN propose to use the Wasserstein-1 distance (also called Earth-Mover
distance)

Wi (p, Q> = inf E(df,y)Nw[Hx - y”] (C.2)

~v€Il(p,q)

where II(p, ¢) is the set of all joint distributions y(z, y) whose marginals are respectively
p and ¢,y(z, y) indicates how much "mass” must be transported from x to y to tranform
the distribution p into the distribution g. We have that ||z — y|| is the cost of miving
one unit of "mass” from z to y. However, Equation is intractable because of the
infimum. Thus, the Kantorovich-Rubinstein duality (Villani, 2008) is used by |Arjovsky
et al.| (2017). It lead to the min-max problem of WGAN is expressed as

0" = argminmax E [d,(x | €)) — E[dy(% | )] (€.3)
In this configuration, the discriminator classifier is replace by a critic function d(.) :
R” x Rl°l — R, and we have W is the 1-Lipschitz space. WGAN uses a weight clipping
strategy in order to enforces 1-Lipschitzness. But this strategy can lead to poor samples
or even unability to converge. A solution to this problem have been proposed by
Gulrajani et al| (2017) in the form of WGAN with gradient penalty. The idea is that
knowing that a differentiable function is 1-Lipschtiz if and only if it has gradients with
norm at most 1 everywhere, one can enforces 1-Lipschitzness by directly constraining
the gradient norm of the critic’s output with respect to its input. The obective for
WGAN-GP is given by

V(9,0) = — (Elds(% | 0)] — E[dy(x | )] + AGP)

% ) (C.4)
GP=E [(vad(b(i (o)l — 1) }
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where X is sampled randomly along a straight line between pairs of points sampled from
the data distribution and the generator distribution. Formally: X = ax + (1 — a)x with
a ~ U(0,1). This is motivated by the fact that the optimal critic contains straight lines
with gradient norm 1 connecting coupled points from the two distributions (Gulrajani
et al., 2017). It is shown empirically by |Gulrajani et al.| (2017)) that, as enforcing the
unit gradient norm constraint everywhere is intractable, enforcing it only along these
straight lines seems sufficient. The value of A have been chosen to 10.
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Appendix D

Normalizing flows transformer
additional information

One key aspect regarding normalizing flows is the choice of fy. Indeed, without
assumptions, the computation of its Jacobian is intractable. That is why it has been
chosen to use autoregressive transformers. The expression of the log determinant of the
Jacobian in the autoregressive case is given by equation ([5.9)).

One of the simplest and most used idea of transformers are affine functions
/! (Iz; hi) = o + B

withfi(-;h') : R — R parameterized by h' = {«a;, 3;}, «; controls the scale of the
transformation and f; the location of the transformation. As long as «; is not equal to
zero, then the transformation is invertible. This can be ensured by taking «; = exp(&;),
with &; is a free parameter. This choice lead to a log-determinant expressed by

T T
log |det Jy, (x)| = Zlog ;| = Zdi (D.1)
i=1 i=1
because the derivative of the transformer with respect to x; is equal to «;.

Overall, affine autoregresive transformers are really simple and computationally ef-
ficient. However, they have a big shortcoming, they lack expressiveness. It lead to
requiring a lot of stacked flows in order to model complex distribution. Also, theoret-
ically not know if affine autoregresive flows are universal approximator (Papamakarios
et al., 2019). That is why integral based transformation with UMNN are chosen for
this work.
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Appendix E

Value assessment additional
information

The optimization problem contain both variables, parameters, and constraints. The
parameters are:

Name of the parameters Description
min

max

et e} Minimum/maximum day-ahead bid

ymin g max Minimum /maximum retailer net po-

Vs> Vinix sition [MWh].
BESS maximum (dis)charging

ndis, peha power [MW].

gmin  gmax BESS (dis)charging efficiency [-].
BES minimum/maximum capacity

sini | gend BESS initial /final state of charge
[MWHh].

¢ Day-ahead price [€/MWHh].

Jis Mt Negative/positive imbalance price
[€ /MWHh.

At Duration of a time period [hour].

Table E.1: Parameters of the value assessment optimization problem

The variables are:

Name Range of values Description

ey et e Day-ahead bid [MWHh].

Yt -yfﬁ“, ytmax]] Retailer net position in scenario w [MWHh] .

yre, 0,1] PV generation [MW].

Yo [0,1] Wind generation [MW] .

yf}if [0, yfffjx] BESS Charging power [MW].

ygfj b,yﬁfix] Discharging power [MW] .

St,w [ gmin smax] BESS state of charge [MWHh] .

di s df R, Short/long deviation [MWHh] .

yf’w {0,1} BESS binary variable to prevent concurrent charge/discharge [-] .

Table E.2: Variables of the value assessment optimization problem

And the constraints are:
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STw = Send — Sini (E 13)

The imbalance penalty is provided by constrains - assisted by the short and
long term deviations variables. Equation (E.3]) models the energy balance Vw e Q. yp,

and y}", are bounded by constraints (E.4) and (E.5), Vw € Q. ¢, and g}, are the
PV and wind generation scenarios. Constrain 1-) models the fact that the load is
non-flexible, and it is a parameter Vw € Q where g; , and load scenarios. The BESS

constraints are given by ([E.7 - - and its dynamlcs are given by ((E.11} - -

Vw € Q. The optimization variables are e;, y;, d; , d;, yf*, and v,y y&s s, and y?

Then, once the bids e; have been computed by the planner. The second stage
variables must be computed. it is the dispatching. The second stage variables are
computed given the the real observation of the PV, load and wind power generation.
The dispatching is a special case of the formulation where e; is now a parameter, and
there is only one scenario where g, Up., and i .« becomes there real values. The opti-

mization variables are y;, d; ,d;, yf", and y}", yfha, yds s, and 1.

Finally, there are two things to note. First, ¢ and ), are chosen to be strictly
positive. Then, the oracle (O) is a special case of the stochastic formulation. In that
case, there is only one scenario where yaw, Yro, and y;',, becomes the actual values of the
load, PV generation and wind power generation. It correspond to a perfect forecast,
it is used for comparison. It is correspond to the best possible profit obtainable as it
correspond to a perfect forecast that knows the future exactly.

Parameters values The values of the parameters are chosen according to|Dumas et al.
(2021). The value for the day ahead prices 7, is chosen equal to the day-ahead prices
on February 6, 2020 of the Belgian day-ahead market. The negative and positive im-
balances price are both chosen equal to 27;. The BESS minimum capacity s™" is equal
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to 0 and the maximum capacity s™* is equal to 1. The battery needs 2 hours to fully
charge or discharge, leading to ydis = yche = # Finally, the (dis)charging efficien-
cies are equal to 95%.

The optimization problems and the algorithms have been implemented using the
python Gurobi library, using python 3.7 and Gurobi 9.5.1.
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Appendix F

Additional scenarios and
correlations with the 4 models

Here are another set of scenarios and correlation matrices for another random day
of the testing set.

09 09
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08— 1lo0% 08{— 10%

—_ 50 % —_ 50 %

0.7 1 0.7 1

90 %

0.6 0.6 1

05 051
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(b) VAE load scenarios
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0.5 1 0.5 1
0.4 1 0.4 1

031 031

024 024

(c¢) NF load scenarios (d) DDPM load scenarios

Figure F.1: Example of load scenarios generation for an arbitrary day of the testing set with the 4 generative
models. 50 load scenarios with the derived percentile and the corresponding real observation.

The GAN and VAE scenarios almost look like a translation of one another, they are highly correlated. On the
other hand, NF scenarios tend to cross each other and seem noisy, and DDPM scenarios are more similar to
one another but seem to be less correlated to one another than those of GAN and VAE.
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Figure F.2: Pearson correlation matrix associated with the load scenarios of the arbitrary day of figure
The matrices corroborate the intuition given by the scenarios shapes on figure We have a really high
correlation for both GANs and VAE for all the hours of the day, with a slight advantage for the VAE. On the
other hand, the NF comes with no time correlation at all and the scenarios seem really noisy (but they all
gravitate around the observation). Finally, the DDPM displays more correlation than the NF, but less than
both GAN and VAE. With DDPM, some hours of the day are correlated.
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Figure F.3: Example of wind scenarios generation for an arbitrary day of the testing set with the 4 generative
models. 50 wind scenarios with the derived percentile and the corresponding real observation.

The GAN and VAE scenarios seem more correlated to each other. On the other hand, NF scenarios have a
tendency to cross each other and it seems to have no correlation between the scenarios at all. DDPM scenarios
are more similar to one another than NF’s, but seem to be less correlated to one another than those of GAN
and VAE.
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(a) Pearson time correlation matrix of GAN wind

model.

(c) Pearson time correlation matrix of NF wind model.
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Figure F.4: Pearson correlation matrix associated with the wind scenarios of the arbitrary day of figure
The matrices corroborate the intuition given by the scenarios shapes on figure We have a really high
correlation for both GANs and VAE for several hours of the day. On the other hand, the NF displays no time
correlation at all and the scenarios seem noisier than the other models. Finally, the DDPM displays correlation
for a couple of hours of the day but less than both GAN and VAE.

66



08 A —— Observation —— Observation
— 0% 071 — 0%
0.7 4
— 0% 06 — s0%
05 1 — 0% ' — 0%
05
0.5 9
044 0.4 4
03 031
02 027
011 o1
001 001
0 5 10 15 20 0 5 10 15 20
(a) GAN PV scenarios (b) VAE PV scenarios
= Observation 07 - = Observation
08 1 — 0% i — 0%
—_ 06 4 — 50%
— 90 %
06 1 051
041
041 03
021
0.2 9
01
001 001
o 5 10 15 20 o 5 10 15 20
(c) NF PV scenarios (d) DDPM PV scenarios

Figure F.5: Example of PV scenarios generation for an arbitrary day of the testing set with the 4 generative
models. 50 PV scenarios with the derived percentile and the corresponding real observation.
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(a) Pearson time correlation matrix of GAN PV model. (b) Pearson time correlation matrix of VAE PV model.
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Figure F.6: Pearson correlation matrix associated with the PV scenarios of the arbitrary day of ﬁgure
The matrices corroborate the intuition given by the scenarios shapes on figure [[.5] We have higher correlations
for both GANs and VAE for some sparse hours of the day. Once again, there is a slight advantage for the
VAE. On the other hand, the NF exhibit no time correlation at all, and the scenarios seem really noisy (but
they all gravitate around the observation). Finally, the DDPM displays a little bit more correlation than the
NF, but the difference is not significant.
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