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Abstract

Time series forecasting is essential to decision-making in crucial domains and
machine learning algorithms have consolidated as a predominant approach
to it. When developing machine-learning solutions, the capability to produce
fast results is crucial to progressively refine a model within adequate time
frames. Having to deal with Big Data makes this situation more challenging
as massive data demands equally massive computing power. In this context,
cloud computing has been globally used to accelerate the development of fo-
recasting solutions based on machine learning. The aim of this Thesis is to
achieve state-of-the-art results in time series forecasting (in terms of accu-
racy) with remarkably increased speed in model training by leveraging proven
machine learning algorithms and advanced cloud computing resources. The
main contributions of this Thesis are as follows. (1) A cloud-based imple-
mentation of the three machine learning architectures that account for most
of the recent international research on time series forecasting. (2) The first
TPU-based implementation of a canonical Transformer architecture for time
series forecasting reported in the literature. (3) This architecture reports the
lowest training times found in the literature on two predominant, standard-
ized datasets for global, multi-horizon time series forecasting, while achieving
good predictive performance on those datasets when compared to state-of-
the-art models.

Keywords: deep learning, Long Short-Term Memory network, Encoder-
Decoder with Attention network, Transformer network, Tensor Processing
Unit.
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Resumen

El pronóstico de series de tiempo es esencial para importantes áreas de
conocimiento y los algoritmos de aprendizaje automático se han consolidado
como un método predominante para realizarlo. Al desarrollar soluciones de
aprendizaje automático, la capacidad para producir resultados rápidos es
crucial para el refinamiento progresivo de modelos dentro de horizontes de
tiempo adecuados. El trabajo con datos masivos complica aún más esta
situación ya que exige el uso de recursos de cómputo igualmente masivos.
En este contexto, la computación en la nube ha sido utilizada globalmente
para acelerar el desarrollo de soluciones de pronóstico basadas en aprendizaje
automático. El objetivo de esta Tesis es lograr resultados al nivel del estado
del arte en pronóstico de series de tiempo (en términos de exactitud) con gran
velocidad en el entrenamiento de modelos mediante el uso de algoritmos de
aprendizaje automático comprobados y avanzados recursos de computación
en la nube. Las principales contribuciones de esta Tesis son tres. (1) La im-
plementación en la nube de las tres arquitecturas de aprendizaje automático
más utilizadas recientemente en la investigación internacional de pronóstico
de series de tiempo. (2) La primera implementación basada en Unidad
de Procesamiento Tensorial de una arquitectura Transformer canónica para
pronóstico de series de tiempo reportada en la literatura. (3) Esta arquitec-
tura reporta los tiempos de entrenamiento más bajos en la literatura para
dos conjuntos de datos que son utilizados de manera predominante para el
pronóstico global y multi-horizonte de series de tiempo. Simultáneamente,
esta arquitectura logra un buen desempeño predictivo en comparación con el
estado del arte.

Palabras clave: aprendizaje profundo, red con memoria larga de corto
plazo, red codificador-decodificador con atención, red Transformer, Unidad
de Procesamiento Tensorial.
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y alentadoras durante mis estudios de posgrado. Igualmente agradezco a mi
madre Rosa Maŕıa y a mis hermanos Juan y Maŕıa Guadalupe por haber
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Chapter 1

Introduction

1.1 Motivation

Time Series Forecasting (TSF) is essential to decision-making in crucial do-
mains such as science, engineering, business, and economics. Over the last
two decades, Machine Learning (ML) algorithms consolidated as a practi-
cal approach to TSF. Two factors contributed to this situation. First, the
increasing size, quality, and availability of time series historical datasets in
many research fields. Second, the sustained development of powerful ML-
oriented computing frameworks. Additionally, progressive advances in Deep
Learning (DL) provided neural network architectures able to produce state-
of-the-art results in TSF, including Convolutional Neural Network (CNN),
Recurrent Neural Network (RNN), Long Short-Term Memory (LSTM) net-
works, attention-based mechanisms and, among the latter category, the novel
neural network referred to as Transformer.

We lived immersed in Big Data and the advent of cloud computing is
in part responsible for the drastic increment in information we experience
every day: the immense amount of interactions on multiple social networks,
the growing number of services based on mobile applications, and the con-
tinuous data-gathering performed by millions of Internet-of-Things devices
are only part of an incessant data stream that challenges any analytics or
forecasting system. In a parallel direction, cloud computing also promotes
the development and utilization of important resources that allow us to ef-
ficiently process information at a very large scale, such as distributed com-
puting, high-performance databases, high-speed networking, and DL-specific

3
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computing frameworks. However, in order to make appropriate use of such
resources, a robust research work aimed to design, implement, and test inte-
grated software and hardware architectures as cloud-native solutions must be
conducted inside academic institutions, as it has been done for many years
in private IT companies.

When it comes to developing an ML-based forecasting solution, the capa-
bility to produce fast results is crucial to progressively refine a model within
adequate time frames. Then, serious efforts must be conducted to accelerate
the ML life-cycle, especially at the model training stage. Having to deal
with Big Data makes this situation even more challenging as massive data
demands equally massive computing power. Consequently, the benefits asso-
ciated with ML operations come to any contemporary data environment only
at the price of deploying computing resources powerful enough to allow ap-
plications to produce solutions that are not only accurate but also extremely
fast.

This Thesis proposes an implementation of ML-based algorithms for TSF
that leverages cloud-based resources like production-level computing frame-
works, distributed computing tools, and high-performance data management
to significantly increase the speed of state-of-the-art forecasting methods. It
is worth mentioning that some research lines derived from this primary in-
tention may seem unorthodox from a traditional perspective. For instance,
in diverse stages of this project, it was more important to setup a novel com-
puting infrastructure and use it to verify algorithms that are already proven
in the literature rather than propose a new algorithm and extensively test
its performance. In a similar direction, the proportion of this research work
that was directed toward the orchestration of multiple layers of data and
software components in the cloud (data engineering) is as important (maybe
even more important at certain stages) as the work that was directed toward
data processing, analysis, and interpretation of results (data science). This
unconventional order of priority was, sometimes, unavoidable as most of the
algorithms I implemented have proven, in the course of the investigation, to
be impossible to execute on computing infrastructures that lack rigorously
designed hardware acceleration. Fortunately, research work is the ideal spot
to break conventions when they hinder knowledge acquisition.

Consequently, this Thesis emphasizes the fact that machine learning can-
not be assumed anymore as a research field where successful contributions
exclusively depend on the selection of the right algorithm. Now, a multi-level
choice for the integration of an algorithm, a software stack, and a specific
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hardware is required to produce results that advance the state-of-the-art
[Hooker, 2021]. I started my research from this assumption and progres-
sively adapted to it by carefully balancing the importance given to these
three elements during the investigation.

1.2 Hypothesis

It is possible to achieve state-of-the-art results in time series forecasting
with significant processing time reductions by implementing specific ma-
chine learning algorithms on cloud computing resources, and particularly
by leveraging distributed computing tools, hardware-based accelerators, and
production-level software frameworks.

1.3 Objectives

The general and specific objectives of this Thesis are as follows.

General Objective

To achieve state-of-the-art results in time series forecasting with significant
processing time reductions by implementing a series of proven ML-based algo-
rithms on the basis of specialized cloud-computing resources like distributed
computing, hardware-based accelerators, and production-level, DL-specific
frameworks.

Specific Objectives

1. To design a cloud-based ecosystem, including the solution architecture,
infrastructure, and software stack, for the implementation of contempo-
rary ML-based algorithms for TSF. This ecosystem is required to offer
distributed computing functionalities for, at least, a proven DL-specific
computing framework.

2. To design, implement, and test a series of relevant ML-based algo-
rithms1 for TSF on the cloud-based ecosystem mentioned above.

1The algorithms originally proposed for this objective were Nearest-Neighbors with
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3. To evaluate the performance, in terms of forecasting accuracy and train-
ing speed, of the resulting implementations, as well as to compare it
with the performance achieved by conventional methods of TSF when
executed in competitive environments.

1.4 Overview of Thesis

This Thesis comprises six Chapters that can be grouped into three parts:
Chapters 2 and 3 provide background materials. Chapters 4, 5, and 6 are
mainly experimental, and present the implementation of the DL architectures
that account for most of recent TSF research in the proposed framework.
On this basis, Chapter 7 presents my main contribution to the global, multi-
horizon TSF problem. I extend this overview in the following paragraphs.

Chapter 2 presents the generic TSF problem as well as a classification
of forecasting use cases. It also presents a collection of methods that have
received important attention from researchers in the TSF domain. Among
those methods, the three approaches that account for most of recent TSF
research are discussed in detail.

Chapter 3 presents the basic elements for implementing Distributed Ma-
chine Learning (DML) projects on cloud computing. It discusses the design
and implementation of DML and presents the most extended computing
frameworks used for that goal. It also presents the concept of cloud comput-
ing as well as the cloud-specific Tensor Processing Unit (TPU) accelerator.

Chapter 4 presents the implementation of a deep, multi-sequence, LSTM-
based architecture for local, multi-horizon TSF. It discusses related work,
the experimental study on an extensive power distribution dataset, and the
corresponding results.

Chapter 5 presents the implementation of a deep, LSTM-based Sequence
to Sequence (Seq2Seq) with attention architecture for local, multi-horizon
TSF. It also presents related work, the experimental study on an extensive
power distribution dataset, and the corresponding results.

Chapter 6 presents the implementation of a deep Transformer-based archi-
tecture for local, multi-horizon TSF. It discusses related work, the experimen-
tal study on an extensive power distribution dataset, and the corresponding

Differential Evolution and the basic implementation of the Long Short-Term Memory
(LSTM) network. As a result of the research process, those algorithms were replaced by
the three architectures that account for most of the recent research in the field.
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results.
Chapter 7 presents the implementation of a deep Transformer-based ar-

chitecture for global multi-horizon TSF. It also presents the experimental
study on two predominant standard datasets and the corresponding results.

Finally, Chapter 8 presents concluding remarks and directions for future
work.
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Chapter 2

Machine Learning for Time
Series Forecasting

This Chapter presents the basic elements for using Machine Learning (ML)
methods in the Time Series Forecasting (TSF) problem. Section 2.1 pro-
vides the generic definition of the TSF problem, and departs from that basis
to discuss the characteristics that determine common forecasting use cases.
Section 2.2 presents a collection of methods that have received important
attention from researchers in the TSF domain. On this basis, Section 2.3
presents in detail the three most reported architectures, at the time of this
writing, for ML applications in TSF. It is worth highlighting that these three
architectures constitute the core of the experimental study of this Thesis.

2.1 Time Series Forecasting Fundamentals

This section presents the generic definition of the TSF problem. On that ba-
sis, common forecasting use cases are discussed as particular design choices
made on the one- to multiple-step ahead, local to global, and point to pro-
babilistic forecasting alternatives.

2.1.1 Problem definition

Let {zi,1:t0}Ni=1 be a collection of N related time series, where the i− th series
zi,1:t0 = [zi,1, zi,2, . . . , zi,t0 ] and zi,t ∈ R is the value of time series i at time t
(where time index t is relative, therefore the same t in different time series

9
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may represent different time points). Let τ ∈ N be the forecast horizon.
I will predict the next τ time steps for all time series, i.e. {zi,t0+1:t0+τ}Ni=1

Also, let {xi,1:t0+τ}Ni=1 be a set of associated time-based covariate vectors with
dimension dx that are known over the entire time period, e.g. hour-of-the-day
or day-of-the-week. Finally, let {si}Ni=1 be a set of associated static covariate
vectors of dimension ds that are known and constant over the entire time
period, e.g. a time series identifier.

A prediction function f is modeled as:

ẑi,t0+1:t0+τ = f(zi,1:t0 ,xi,1:t0+τ , si) (2.1)

which is the general expression for the global, multi-step TSF problem. In
the following subsections, I discuss particular cases that derive from (2.1) as
the intersection of three design choices: one-step ahead versus multiple-step
ahead forecasting, local versus global forecasting, and point versus probabi-
listic forecasting.

2.1.2 One- vs. Multiple-step ahead Forecasting

From (2.1), let i = 1, then it is obtained the first single time series z1:t0 to
build predictions on. In the absence of other time series, the information
provided by static covariates s becomes irrelevant, then they are neglected.
Also, let τ = 1 and the expression for one-step ahead forecasting of the time
series results in:

ẑt0+1 = f(z1:t0 ,x1:t0+1) (2.2)

Figure 2.1 illustrates one-step ahead forecasting as a generic regression
problem [Bontempi et al., 2012], which is equivalent to (2.2) when time-based
covariates x are not considered.

Similarly, multiple-step ahead forecasting of time series z1:t0 with a hori-
zon τ > 1 is given by

ẑt0+1:t0+τ = f(z1:t0 ,x1:t0+τ ) (2.3)

Different strategies have been developed to deal with the multiple-step
ahead, also referred to as multi-horizon, TSF problem. As early as 2004,
[Kline, 2004] proposed a classification of solutions based on neural networks.
On the basis of this work, [Taieb et al., 2012] proposed a more general clas-
sification that includes the following categories:
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Figure 2.1: One-step ahead forecasting as a generic regression problem. As
described in [Bontempi et al., 2012], the prediction function f is an
approximator based on the lag operator L, which is calculated as
Lkyt = yt+k.

• Iterative. Also referred to as recursive. It trains a one-step ahead model
and then uses it iteratively to build a multi-step prediction (see Figure
2.2). A commonly observed drawback of iterative forecasting is that
prediction errors are accumulated over the forecasting horizon.

• Direct. It trains τ independent models fν as ẑt0+ν = fν(z1:t0 ,x1,t0+ν) for
ν ∈ 1, . . . , τ , then returns a multi-step forecast by concatenating the τ
predictions. Unlike the iterative case, the direct strategy does not pro-
duce error accumulation. However, since the τ models fν are learned
independently, the likely useful statistical dependencies between pre-
dictions in the forecast horizon are not considered.

• Multiple-Input, Multiple-Output (MIMO). It learns a single forecas-
ting model able to produce, in a one-step execution, an output with
multiple predictions in the forecast horizon. As such, the MIMO model
f is directly derived from (2.3), with f : Rdinput → Rτ , where dinput is
the dimensionality of the vector that results from the concatenation
of the past observations z and the dynamic covariates x. As a result,
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Figure 2.2: Iterative strategy for multiple-step ahead forecasting. As
described in [Bontempi et al., 2012], the approximator f returns the
prediction at time t+ 1 by iterating the forecast values obtained in the
previous steps.
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models produced with the MIMO strategy avoid the error accumula-
tion characteristic of the iterative strategy as well as the assumption
of conditional independence between future predictions present in the
direct strategy.

• Hybrid variants. These are combinations of the direct with the recur-
sive strategies (DirRec) [Sorjamaa and Lendasse, 2006], and the direct
with the MIMO cases (DirMO) [Taieb et al., 2009].

2.1.3 Local vs. Global Forecasting

Figure 2.3: Global, multi-step time series forecasting. Figure based on [Lim
et al., 2021].

The Big Data era has driven a generalized shift in TSF practice, when
dealing with the problem of predicting over large collections of related time
series. Two different approaches can be used [Januschowski et al., 2020]:
local models that estimate parameters independently from each time series,
or global methods that estimate model parameters jointly from all available
time series. Global forecasting models are generally intended for multi-step
prediction, therefore are expressed by (2.1). Local forecasting models, as
previously stated, are expressed by (2.2), and (2.3), for the one- and multiple-
step-ahead cases, respectively.
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Figure 2.3 illustrates the general process of global, multi-step forecasting.
The horizontal line labeled as forecast time separates the time series’ history,
or conditioning range, from the prediction range. To the left of the forecast
time, for each element i in a collection of related time series {zi,1:t0}Ni=1, ob-
served values for the interest variable zi, associated time-based covariates xi,
and static covariates si are passed as inputs to a single forecast model. For
each m-sized look-back window, a (past) target value is used as a label for
training a supervised learning model. Time-dependent covariates (i.e. hour,
weekday, or month-based encodings) generate a temporal alignment, which
can be used to find patterns across time series dynamics. Static covariates
(i.e. geographical location, customer identity, or item category), in conjunc-
tion with proper embeddings, enable the model to group time series into
sub-sets with similar behavior. Once trained, the model can predict a given
number of time steps into the future of any time series in the collection. To
the right of the forecast time (during inference time), only time-based covari-
ates and static covariates are known, then the look-back window remains to
the left of the forecast time and the targets that result from the model are
predictions over the forecast horizon. [Hewamalage et al., 2021] affirm that
any local method applied on a dataset of many series can be approximated
by a global model with sufficient complexity, irrespective of the relatedness
of the underlying series. Therefore, for a global model to outperform a col-
lection of local models on a given collection of time series, it is required to
find the right amount of model complexity. The authors designed an ex-
tensive simulation study to investigate the effect that factors such as model
complexity, pattern complexity, homogeneity, and size of time series have on
the compared performance of global to local forecasting models.

Among a large collection of forecasting techniques, deep neural networks
are proven to be particularly suitable for global forecasting approaches. DL-
based architectures learn predictive relationships by using a series of non-
linear layers to construct intermediate feature representations [Lim and Zohren,
2021]. The generic process consists of encoding relevant information into a
latent variable l, then using l to build the final forecast, as

f(zi,t−m:t,xi,t−m:t, si) = gdec(lt) (2.4)

and
lt = genc(zi,t−m:t,xi,t−m:t, si) (2.5)

where m is the size in timesteps of a look-back window that is used to acquire
data examples from the time series, genc(·), gdec(·) are encoder and decoder
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functions, respectively, and the forecast horizon is set to 1, for simplicity.
I will return later to this encoder-decoder approach for global TSF when
discussing the implementation of selected techniques for the experimental
study of this Thesis.

2.1.4 Point vs. Probabilistic Forecasting

Assuming a single time series, a TSF model developed for point forecas-
ting outputs a fixed target value ẑt0+k for each timestep t0 + k, with k ∈
{1, · · · , τ}, to be predicted. This is equivalent to predicting the conditional
mean E(zt0+k|z1:t0 ,x1:t0+k) of a probability distribution p calculated at each
timestep in the forecast horizon [Wen et al., 2017]. In many TSF situations
it is important to provide information regarding the uncertainty of the fore-
cast values, therefore a probabilistic forecasting model, able to output the full
conditional distribution p(zt0+k|z1:t0 ,x1:t0+k) is more appropriate.

A common way to model forecast uncertainties is by assuming a probabil-
ity distribution for the predictions at each timestep (for instance a Gaussian
distribution for continuous targets), then training a DL-based model to gen-
erate the parameters of the distribution (in the example, mean and variance)
[Lim and Zohren, 2021]. Quantile Regression is another popular approach
to model forecast uncertainty. It is used to train models by minimizing the
Total Quantile Loss [Wen et al., 2017] and, unlike parametric approaches, it
does not have to assume a probability distribution for the prediction values.

2.2 Time Series Forecasting Methods

This section introduces a collection of TSF methods that, in recent years,
have reported important results in the research literature. I avoid the com-
monplace of classifying forecasting methods as being either statistical- or ma-
chine learning-based, as I adhere to the work of [Januschowski et al., 2020]
which affirms this distinction does not arise from fundamental differences in
the methods assigned to either class, and it limits the insights into the appro-
priateness and effectiveness of different forecasting methods. Instead, I opted
for describing the six approaches to TSF that, according to the revision of
the state-of-the-art, account for the majority of recently reported research
and use cases. This collection comprises the following methods:

• Exponential Smoothing.
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• Auto Regressive Integrated Moving Average (ARIMA).

• Tree-based Models.

• Convolutional Neural Networks.

• Recurrent Neural Networks.

• Attention-based Models.

Moreover, I emphasize the increased importance that hybrid models have
gained in TSF, and provide some relevant examples. Finally, I mention
other important forecasting approaches that have recently shown decreasing
interest in the literature.

2.2.1 Exponential Smoothing Models

Exponential smoothing [Brown and Meyer, 1961] is one of the most exten-
sively used forecasting methods. It has served a diversity of key domains
of the forecasting environment for decades. The basic principle of exponen-
tial smoothing is to produce a prediction on the basis of the aggregation of
weighted contributions of past observations. The weights assigned to obser-
vations decrease exponentially as one moves from the present to the past.
Different exponential smoothing methods can be chosen from a well-defined
catalog [Pegels, 1969] to deal with time series of different complexity, that is
time series that include different combinations of patterns like level, trend,
seasonality, or multiple cycles. The simplest form of exponential smoothing
is Simple Exponential Smoothing (SES), which accounts for the level pattern
only (no clear trend or seasonality is observed in the time series data), and
is expressed recursively as ẑt+1 = αzt + (1 − α)ẑt, where ẑt and zt are the
forecast value and the observation at time t, respectively, and α is the level
smoothing parameter. An extensive critical review of exponential smoothing
models is provided in a two-part, state-of-the-art study by [Gardner Jr, 1985]
and [Gardner Jr, 2006].

2.2.2 ARIMA Models

Like exponential smoothing methods, autoregressive models make predic-
tions of future values of a time series based on functions built as linear
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combinations of past observations. Unlike exponential smoothing, autore-
gressive models assume that successive observations in a time series show
serial dependence between the signal and noise. The most popular of au-
toregressive models, ARIMA [Box et al., 2008] has been extensively and
successfully used for local, univariate forecasting of time series with a lin-
ear behavior. The ARIMA(p, d, q) model of a time series z is expressed as
(1 − ϕ1L − · · · − ϕpL

p)(1 − L)dzt = c + (1 + θ1L + · · · + θqL
q) + ϵt where

p, d, and q are the orders of the autoregression, differencing, and moving
average components, ϕi and θi are the i-th coefficients for autoregression and
moving average, L is the lag operator, calculated as Lkzt = zt−k, and ϵt is a
zero-mean process that is not correlated with z. Relevant extensions to the
ARIMA method are Seasonal ARIMA (SARIMA) [Williams and Hoel, 2003]
and ARIMA with eXogenous variables(ARIMAX) [Williams, 2001].

2.2.3 Tree-based Models

Tree-based forecasting methods have achieved outstanding results in com-
petitions such as M4, M5, and Kaggle’s Rossmann Store Sales and Global
Energy Forecasting [Januschowski et al., 2021], to mention a few. Two tech-
niques stand out among tree-based forecasting models: Random Forests and
Gradient Boosted Decision Tree (GBDT)s. A Random Forest [Breiman,
2001] is a combination of tree predictors such that each tree depends on the
values of a random vector sampled independently and with the same distri-
bution for all trees in the forest; where the generalization error for the forest
converges to a limit as the number of trees in the forest becomes large. On
the other hand, GBDT [Friedman, 2001] is an ensemble model of decision
trees, which are trained in sequence. In each iteration, it learns the decision
trees by fitting the negative gradients, also known as residual errors [Ke et al.,
2017]. XGBoost [Chen and Guestrin, 2016] is a popular implementation of
GBDT that provides scalability up to thousands of millions of samples via
important optimizations on systems and algorithms. Tree-based models are
global models that provide cross-learning, that is sharing parameters between
related time series to enhance the resulting predictive performance.

2.2.4 Convolutional Neural Networks

The CNN architecture is widely used as a basic block to build temporal
encoder functions for TSF, as defined in 2.5. For this purpose, CNNs are
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adapted to fulfill two conditions [Lara-Beńıtez et al., 2020]: the network’s
output is set, via zero-padding, to the same length as its input; and standard
convolution is replaced with causal convolution to ensure the forecasting is
based only on past information. The causal convolution is expressed as [Lim
and Zohren, 2021]:

hj+1
t = A((W ∗ h)(j, t)), (2.6)

(W ∗ h)(j, t) =
m∑
i=0

W(j, i)hj
t−i, (2.7)

where hj
t ∈ RHinput is the intermediate (hidden) state of the CNN layer j at

time t, ∗ is the convolutional operator, W(j, i) ∈ RHoutput×Hinput is a fixed
filter weight at layer j, and A is a non-linear activation function. Then, for
a temporal encoder with a total of J convolutional layers the output of the
encoder function is given by lt = hJ

t .

Figure 2.4: CNN-based temporal encoder architecture. Figure based on
[Lim and Zohren, 2021]

.

In order to learn long-term dependencies, causal convolutions are ex-
tended to dilated convolutions by cascading causal layers to down-sampled
versions of lower-layer features. The effect of reducing the resolution on lower
layers is that more information from the distant past is included. The kernel
size parameter that defines a standard convolution is complemented with a
dilation rate parameter to characterize a dilated convolution layer. Figure
2.4 illustrates a temporal encoder based on CNN. A first CNN layer filters
the inputs using a kernel size ks = 2 and a dilation rate dr = 1 (no down-
sampling). A second CNN layer is cascaded to the first one with ks = 2 and
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dr = 2. Finally, a third CNN layer is cascaded with ks = 2 and dr = 4
to produce the output. Architectures based on causal dilated convolutional
layers also referred to as Temporal Convolutional Networks, have reported
successful results in the literature [Wan et al., 2019], [Hewage et al., 2020].

2.2.5 Recurrent Neural Networks

RNN architectures are based on blocks that implement internal connections
to develop a memory of past events. This feature makes RNNs adequate
to model temporal dependencies on many types of sequences. Besides TSF,
RNNs have been successfully applied to domains like language modeling,
audio modeling, speech recognition, and image generation [Bianchi et al.,
2017], to mention a few. In forecasting applications, a RNN performs the
same operations on every value of the input sequence. At each timestep,
the block output is calculated with the current observation and the memory
states of previous blocks, which depend on previous observations. The RNN
memory state is then updated recursively as:

lt = σ(lt−1, zt,xt, s), (2.8)

where lt ∈ RH is the hidden state of the network at time t and σ(.) is the
memory update function, which depends on the RNN type. For instance,
the Elman RNN is defined by the following expressions

zt+1 = σz(Wzlt + bz), (2.9)

lt = σl(Wl1lt−1 +Wl2zt +Wl3xt +Wl4s+ bl), (2.10)

where W,b are the linear weight and bias matrices of the network and
σz(.), σl(.) are activation functions.

Figure 2.5 illustrates a deep RNN architecture with two recurrent layers
on top of the input sequence. RNNs are commonly stacked to allow each
layer to operate at a different time scale [Sagheer and Kotb, 2019] which
results in the network learning more complex patterns from the data.

2.2.6 Attention-based Models

Attention mechanisms were introduced to enhance sequence-to-sequence mod-
eling [Graves et al., 2014] by learning separated contributions that each el-
ement of the source sequence has in calculating each element of the target
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Figure 2.5: RNN-based temporal encoder architecture. Figure based on
[Lim and Zohren, 2021]

.

sequence. The attention mechanism is expressed in its most basic form as:

ht =
m∑
i=0

α(kt,qi)vt−i, (2.11)

where the key kt, query qi, and value vt−i are intermediate features produced
at different time steps by lower levels of the network, α(kt,qi) ∈ [0, 1] is the
attention weight the upper layer at timestep t grants to the lower layer at
t − i, and ht is the context vector output of the attention layer [Lim and
Zohren, 2021].

Figure 2.6: Attention-based temporal encoder architecture. Figure based on
[Lim and Zohren, 2021]

.
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Figure 2.6 illustrates temporal encoding enhanced with an attention layer.
The network calculates the rightmost output value using weighted contribu-
tions (dotted connections) of each timestep in the encoder layer. Several
alignment models have been proposed to evaluate attention. [Bahdanau
et al., 2014] calculate the attention weight by using a single-layer MLP to
reduce computation costs. [Luong et al., 2015] propose various attention-
based models and classify them into two broad categories: global models
that attend all source sequence positions, and local models which attend to
a few selected source positions. Later in this Chapter, I will discuss the
transformer neural network architecture, an attention-based model that has
recently advanced the state-of-the-art for the TSF problem.

2.2.7 Hybrid Models

The forecasting models described so far are frequently combined into hybrid
configurations that attempt to benefit from the advantages of multiple com-
ponents. For instance, [Xiao et al., 2021] propose an architecture that uses
CNN layers to extract ”spatial” features of multi-variate time series, that is
the interrelationship of different variables at the same time. The long-term,
temporal patterns in the time series are extracted using LSTM layers in con-
junction with a dual-stage attention mechanism. [Guo et al., 2019] propose
a hybrid architecture to forecast traffic flows. It models dependencies at
three different temporal resolutions (recent, daily, and weekly) using three
tiers composed of spatial-temporal attention mechanisms, graph-CNN, and
standard CNN layers. [Smyl, 2020] proposes the Dynamic Computational
Graph Neural Network system, a hybrid architecture that enhances a stan-
dard exponential smoothing model with LSTM layers. It features three main
elements: de-seasonalization and adaptive normalization, generation of fore-
casts, and ensembling. This hybridization of statistical and ML techniques
is the winner of the M4 international forecasting competition [Makridakis
et al., 2020], and has gained extensive interest among researchers and practi-
tioners. [Wang et al., 2022] propose another hybrid approach for TSF. This
work uses CNN layers to divide the original time series data into sub-series
with different time scales, then feeds the sub-series a to a state-of-the-art
transformer-based model referred to as Informer [Zhou et al., 2021]. This
work also provides a summary of recent studies for wind power forecasting
based on hybrid models.
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2.2.8 Other Forecasting Models

Important approaches to TSF that in recent years have shown decreas-
ing interest in the literature are State-Space models [Gu and Anderson,
1995], Multi-Layer Perceptron (MLP) [Zhang et al., 2001], k-Nearest Neigh-
bors [Mart́ınez et al., 2019], Autoregressive Conditional Heteroskedasticity
(ARCH)/Generalized Autoregressive Conditional Heteroskedasticity (GARCH)
models [Lv and Yue, 2011], Support Vector Regression [Lu et al., 2009], and
Fuzzy Logic [Cheng et al., 2016], among others. For an introductory review of
these methods, I suggest the extensive taxonomy presented by [Petropoulos
et al., 2022].

2.3 Neural Networks Implemented in Thesis

This Section presents in detail the three architectures that account for most
of the ML applications to TSF reported in the literature, at the time of
this writing. These architectures are the Long Short-Term Memory (LSTM)
network, the Sequence to Sequence (Seq2Seq) with attention network, and
the Transformer network. In practice, LSTM networks allow for enhanced
long-term-dependency learning. On the other hand, Seq2Seq with attention
architectures extend and stabilize long-term-dependency learning in multi-
step forecasting situations. Moreover, Transformer-based models provide the
aforementioned advantages with an algorithm that allows for a great extent
of parallelization, which results in state-of-the-art applications for global,
multi-step, probabilistic forecasting problems. These three architectures also
constitute the core of the experimental study of this Thesis.

2.3.1 Long Short-Term Memory Network

The ability of RNNs to develop a memory of past events makes them ade-
quate to model temporal dependencies on time series data. However, early
RNN designs suffer from a well-known issue: when trained with conven-
tional gradient-based techniques like Back-Propagation Through Time or
Real-Time Recurrent Learning, error signals that flow backward in time tend
to either blow up or disappear, as the temporal evolution of the backprop-
agated error exponentially depends on the size of the weights. LSTM is a
special type of RNN that was initially proposed by [Hochreiter and Schmid-
huber, 1997] to deal with the exploding/vanishing gradients problem. To
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accomplish this objective, LSTM networks are provided with a set of special
gates that modulate its memory state as follows: an input gate i protects the
memory contents from perturbation by irrelevant inputs, an output gate o
protects subsequent LSTM units in the layer from perturbation by currently
irrelevant memory contents, and a forget gate f (introduced at a later time
by [Gers et al., 2000]) enables the LSTM to reset its own state.

Figure 2.7: Detailed schematic of the LSTM block. Source: [Greff et al.,
2016]

.

From (2.8), LSTM internal gates are expressed as:

it = σ(Wi1lt−1 +Wi2zt +Wi3xt +Wi4s+ bi), (2.12)

ot = σ(Wo1lt−1 +Wo2zt +Wo3xt +Wo4s+ bo), (2.13)

ft = σ(Wf1lt−1 +Wf2zt +Wf3xt +Wf4s+ bf ), (2.14)

where σ is the sigmoid activation function. As illustrated in Figure 2.7, these
gates modify the hidden state l and the cell state c as:

lt = ot ⊙ tanh(ct), (2.15)
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ct = ft ⊙ ct−1 + it ⊙ tanh(Wc1lt−1 +Wc2zt +Wc3xt +Wc4s+ bc), (2.16)

where ⊙ is the element-wise (Hadamard) product, and tanh(·) is the tanh
activation function. LSTM architectures in TSF allow for keeping a stable
memory from the early stages of the data dynamics, and to use this memory
along with present information to better build predictions. In Chapter 4 I
present relevant applications of the LSTM architecture to TSF models, as
well as my multi-layered implementation for distributed training on cloud
computing.

2.3.2 Sequence-to-Sequence with Attention Network

A diversity of domains demand TSF models to provide multiple-step predic-
tions based on a MIMO strategy. The Seq2Seq neural network architecture,
initially developed for automatic translation purposes, was adapted to accom-
plish this task. To perform statistical machine translation, [Cho et al., 2014]
proposed an encoder-decoder architecture where a RNN-based encoder maps
a variable-length source sequence to a fixed-length vector, then a RNN-based
decoder maps this vector representation back to a variable-length target se-
quence. They trained the two networks jointly to maximize the conditional
probability of the target sequence given a source sequence. [Sutskever et al.,
2014] also proposed a Seq2Seq model where both the encoder and decoder
are based on multi-layer LSTM networks. The authors affirm the translation
quality was improved by reversing the rank of the elements in the input se-
quence. [Wu et al., 2016] extended the use of deep architectures for neural
machine translation with a Seq2Seq model that included eight LSTM lay-
ers on both the encoder and the decoder, as well as residual connections.
This architecture was designed to improve parallelism during training and to
accelerate the final translation during inference.

[Bahdanau et al., 2014] and [Luong et al., 2015] improved the Seq2Seq
architecture by adding attention mechanisms. Original Seq2Seq models used
to encode complete input sequences into a single, fixed-length vector repre-
sentation. Attention mechanisms add flexibility as they allow the model to
encode an input sequence into a sequence of vectors, or annotations, then
to choose a subset of these vectors adaptively during the decoding stage.
Figure 2.8 illustrates the Seq2Seq model with attention as proposed in [Bah-
danau et al., 2014], with minor adaptations to comply with the nomenclature
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Figure 2.8: Sequence-to-Sequence with Attention Network. Based on
[Bahdanau et al., 2014]

.
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adopted for the TSF problem. For simplicity, in the discussion of the Seq2Seq
with attention architecture, I omit the time-dependent covariates x and the
static covariates s, and restrict the input sequence to the past observations
z only. Then, (z1, z2, . . . , zm) is the input sequence (the time series segment
in the rolling, look-back window) that is passed to the input layer. The
encoder layer is built on the basis of a bi-directional RNN with a forward

RNN and a backward RNN. The forward RNN
−→
f reads the input sequence

as it is ordered, from z1 to zm, and calculates a sequence of forward hidden

states of the encoder (
−→
le,1,
−→
le,2, . . . ,

−→
le,m). The backward RNN

←−
f reads the

input sequence in the reverse order, from zm to z1, and delivers a sequence

of backward hidden states of the encoder (
←−
le,1,
←−
le,2, . . . ,

←−
le,m).

As for the attention mechanism, for each element zi in the input sequence,
an annotation vector li is obtained by concatenating the forward and back-

ward hidden states along the example-row axis, as li = [
−→
l T
i ;
←−
l T
i ]. From

(2.11), a context vector ht is calculated as the sum of weighted contributions
of the annotation vectors as ht = αt,1l1 + αt,2l2 + · · · + αt,mlm, where αj,k

are learnable attention weights for decoding the jth time step of the output
sequence from the annotation of the kth time step of the input sequence. As
a result, the decoder layer is trained to generate ot given the hidden state of
the decoder at time t ld,t and the context vector ht. From here, the predic-
tions along the forecast horizon are generated as a time-distributed function

ẑt = σz(Wzot + bz), (2.17)

where σz is a non-linear activation function and t ∈ [1, . . . , f ] where f is the
forecast horizon.

Adding an attention mechanism to the Seq2Seq architecture makes it able
to jointly produce attention weights (a functionality referred to as align in the
original neural machine translation scope) and predict the output sequence
(translate in the original). The capability of the decoder to decide the parts
of the input sequence it attends to when predicting a specific part of the
output sequence greatly improves long-term-dependency learning by relieving
the encoder from the excessive requirement of encoding all information in the
input into a fixed-length vector representation. Chapter 5 presents relevant
applications of the Seq2Seq with attention architecture to TSF, as well as
the proposed multi-layered implementation for distributed training on cloud
computing.
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2.3.3 Transformer Network

Like LSTM and Seq2Seq with attention architectures, Transformer-based
networks were initially proposed to perform automatic translation tasks.
[Vaswani et al., 2017] presented the canonical Transformer, also referred to as
Vanilla Transformer (VT) in the literature, achieving superior performance
and reduced training times with respect to the state-of-the-art translation
models at that time. The main idea behind the Transformer is to build an
encoder-decoder architecture, like the Seq2Seq network discussed above, that
features a fundamental modification: both the encoder and the decoder mod-
ules are solely based on attention layers. In other words, the Transformer
is able to learn short- and long-term dependencies from very large sets of
sequential data using a special kind of attention mechanism that entirely
leaves out any recurrent (or convolutional) component. As the Transformer
algorithm does not rely on sequential calculations to build and maintain its
memory state, it is amenable to parallelization. In consequence, the Trans-
former can effectively model prediction problems that required prohibitive
computation times when approached with other architectures.

Next, I elaborate on the discussion of the Transformer for the global,
multi-step, point TSF problem. From (2.1), I intend to model the following
conditional distribution [Li et al., 2019b]:

p(zi,t0+1:t0+τ | zi,1:t0 ,xi,1:t0+τ , si;Φ)1 =

t0+τ∏
t=t0+1

p(zi,t | zi,1:t−1,xi,1:t, si;Φ)

(2.18)
where t0 is the last timestep of the input sequence (in the rolling, look-back
window) andΦ denotes the learnable parameters shared by all the time series
in the collection. The problem defined in (2.18) is reduced to learning a
one-step-ahead prediction model p(zi,t | zi,1:t−1,xi,1:t, si;Φ), as multiple steps
ahead can be iteratively calculated by adding previously predicted values as
new inputs. To fully use observations and covariates, they are concatenated
into an augmented matrix as follows:

1For simplicity, we omit the fact that this is the conditional distribution of the pre-
diction range of time series i given the conditioning range of time series i, as well as the
conditioning and prediction ranges of all other time series in the collection. I consider this
situation implicit since the parameters Φ are learned jointly from all the time series in the
collection.
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Figure 2.9: Transformer architecture.
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Figure 2.10: Multi-head Attention.

yi,t = [zi,t−1 ◦ xi,t ◦ si] ∈ Rdx+ds+1, Yt = [y1, · · · ,yt]
T ∈ Rt×(dx+ds+1)2

(2.19)
where [· ◦ ·] represents concatenation along the t axis.

Figure 2.11: Scaled Dot-product Attention.

A Transformer-based model f is used to predict zt given Yt as zt ∼
f(Yt) The basic constructive block of the Transformer architecture is the
generic Transformer layer, which is implemented as follows. First an internal

2Since the model applies to all the time series, the subscript i is omitted for simplicity.
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dimension dmodel is defined for the Transformer and the augmented matrixYt

is linearly projected from Rt×(dx+ds+1) to Rt×dmodel . Notice in Figure 2.9 that
the conditioning range passed as input to this model is split into an encoder
input with dimension e and a decoder input with dimension d, where the
value of t from (2.19) is given as t = e+ d+ 1 (the last value of the encoder
input overlaps the first value of the decoder input, the decoder output is the
decoder input shifted one timestep to the right, and the only predicted value
is the last time step in the decoder output). Then a Multi-Head Attention
(MHA) layer (Figure 2.10) is used to transform Y into H distinct query
matrices Qh = YWQ

h , key matrices Kh = YWK
h , and value matrices Vh =

YWV
h , with h = 1, · · · , H. The weight matrices WQ

h ,W
K
h ∈ Rdmodel×dk

and WV
h ∈ Rdmodel×dv are learnable parameters. The Scaled Dot-product

attention (Figure 2.11) computes a sequence of vector outputs:

Oh = Attention(Qh,Kh,Vh) = softmax

(
QhK

T
h√

dk

)
Vh (2.20)

The output of the MHA layer is calculated as follows

MultiHeadAttention(Q,K,V) = [O1, · · · ,Oh]W
O (2.21)

where WO ∈ Rhdv×dmodel . Finally, the MHA output is passed to a Position-
wise Feed-forward Network (FFN) with two dense layers (fully connected).
The first dense projects dmodel to a given dff using a ReLU activation, while
the second dense returns the projection to dmodel. The Transformer is a deep
architecture, then Transformer layers are usually stacked one on top of the
other. FFN layers are configured with dmodel << dff , which allows the output
of a Transformer layer to better fit the input for the subsequent Transformer
layer. To complete the Transformer architecture, additional Add and Layer-
normalization layers provide residual connections that allow the gradients to
skip the MHA and/or FFN layers if they do not improve the model.

Based on these constructive elements, the canonical VT (see Figure 2.9)
implements two Transformer objects and three Multi-head, Self-attention
types. The two objects are the Transformer-encoder and the Transformer-
decoder, and the three MHA types are the encoder-attention or global self-
attention, the decoder-attention or causal self-attention, and the encoder-
decoder-attention or cross-attention. Following is a brief discussion of these
elements. The Transformer-encoder object is a multi-layered (deep) network
that piles up a number of Transformer-encoder layers, one on top of the
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other. Each Transformer-encoder layer consists of four layered elements:
one MHA layer (the encoder-attention), one add-and-normalization layer,
one position-wise FFN layer, and a second add-and-normalization layer.
The Transformer-encoder object encodes the temporal information in the
input sequence into a hidden state and a set of attention-weight matri-
ces. The Transformer-decoder object is also multi-layered, as it piles up a
number of Transformer-decoder layers. Transformer-decoder layers are built
similarly to Transformer-encoder layers, with the exception of two compo-
nents: first, their initial MHA layer (the decoder-attention) is masked to
avoid leaking future information when predicting the value of the sequence
at an earlier time step; and second, they feature an intermediate couple
of MHA (the encoder-decoder-attention) and add-and-normalization layers.
The Transformer-decoder object predicts an output sequence by applying
an autoregressive operation to the input sequence and decoding the hidden
state of the Transformer-encoder object. In subsequent Chapters, I discuss
in further detail the operation of the Transformer objects and MHA types
for TSF.

Transformer-based models for TSF allow for a more extensive paralleliza-
tion, which results in better capturing of long-term dependencies and other
relevant patterns by using neural networks that are far deeper and wider than
the ones achievable with other architectures. In recent years, Transformers
have consistently advanced the state-of-the-art for the global, multi-step,
probabilistic TSF problem. Chapters 6 and 7 present two use cases of the
Transformer architecture, for local and global forecasting, respectively. They
also present relevant applications of this architecture to TSF, as well as a
multi-layered implementation for distributed training on cloud computing,
the main contribution presented in this Thesis.

Summary

This Chapter discusses the application of machine learning techniques to time
series forecasting. It provides a research background for the TSF problem, as
well as a description of important forecasting methods used nowadays. On
this basis, the three neural network architectures that account for most of the
recent research on TSF (Long Short-Term Memory networks, Sequence-to-
Sequence with Attention Networks, and Transformers) are discussed. These
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three architectures constitute the core of the experimental study of this The-
sis.

The next Chapter discusses the implementation of distributed machine
learning applications in cloud computing, as a pre-requisite for implementing
the selected architectures in an adequate experimentation environment.



Chapter 3

Distributed Machine Learning
on Cloud Computing

This Chapter presents the basic elements for implementing Distributed Ma-
chine Learning (DML) projects on Cloud Computing (CC). Section 3.1 pro-
vides a background for the DML concept and establishes the features that
characterize the design and implementation of DML applications. Based on
these features, it summarizes the operation of the DML frameworks most
used nowadays. It also highlights relevant research directions in the field.
Section 3.2 presents the definition of CC, alongside its essential characteris-
tics, service models, and deployment models. On this basis, the implementa-
tion of DML projects on different cloud service models is discussed. Finally,
Section 3.3 presents the Tensor Processing Unit (TPU) accelerator as well
as its basic architecture and operation characteristics. On this ground, the
cloud-based computing pattern used for the experimental study of this thesis
is described in detail.

3.1 DML Fundamentals

This section provides a background for the DML concept by presenting sev-
eral research surveys on the topic, as well as a collection of selected projects
considered as milestones for its recent development. On the ground of the
feature taxonomy from [Langer et al., 2020] the elements for characterizing
approaches to DML is discussed. The aforementioned taxonomy is then used
to summarize the operation of five of the most used software frameworks for

33
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DML. Finally, additional research lines that stand out in this context are
presented.

3.1.1 Background

Galakatos et al. [2017] define DML as multi-node ML algorithms and systems
that are designed to improve performance, increase accuracy, and scale to
larger input data sizes. This definition is presented alongside an overview of
parallelization details for techniques like gradient descent, regression, and k-
means clustering, as well as alternative parallelization techniques like ensem-
ble learning techniques and model parallelism. Peteiro-Barral and Guijarro-
Berdiñas [2013] have provided some background regarding the advantages of
distributed environments, as well as an overview of distributed learning on
very large data sets. They identified three main approaches to large-scale
learning: design a fast algorithm, use a relational representation, and parti-
tion the data. In addition, this work establishes a fundamental classification
of the context for distributed computing between datasets that are natu-
rally distributed and artificially distributed. Finally, this work points out
two types of distribution according to the nature of the data sets: horizontal
fragmentation wherein subsets of instances are stored in different sites, and
vertical fragmentation wherein subsets of attributes of instances are stored in
different sites. Another overview of distributed machine learning is presented
in Pop et al. [2016], including novel platforms, libraries, and cloud services
that can be used to extract knowledge from unstructured and semi-structured
large data sets. This work includes packages that enable distributed comput-
ing in popular ML environments, distributed platforms for ML, and cloud
services for ML. Parallelization is also considered a suitable approach to the
huge computing workloads required to apply Nearest Neighbors (NN) search-
ing algorithms in high dimensions. A survey of notable advancements in the
parallelization efforts of NN search is presented in Aydin [2014]. A section of
this survey is devoted to recent GPU implementations, which are classified
into three main types: brute force, Kd-Tree-based, and Locality Sensitive
Hashing. Mohapatra et al. [2019] present a summary of methods for forecas-
ting of financial time series and distributed learning-based approaches, which
ranges from 1996 to 2016 and includes a valuable analysis of the advantages
and disadvantages of each proposal. [Verbraeken et al., 2020] present a survey
with the ecosystem of the most widely used systems and libraries for DML,
as well as their underlying designs. [Mayer and Jacobsen, 2020] analyze and
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compare 11 open-source DL frameworks and tools that put scalability into
practice. They also present valuable categorizations of approaches on rele-
vant topics for data-parallel training, such as parameter synchronization and
efficient communication. [Langer et al., 2020] analyze various distributed DL
approaches, and offer insight into the motivations and concepts behind the
different design choices made by each approach. On this basis, they design
a valuable taxonomy for classifying the existing literature on distributed DL
systems.

It is worth noticing that the search for parallel and distributed computing
has emphasized the ML algorithms and processes that are most demanding
in terms of computing workloads, such as evolutionary algorithm-based op-
timization, nearest neighbors search, and neural network training. In this
context, the following projects can be referenced as milestones for the devel-
opment of DML.

• In 2012, [Dean et al., 2012] from Google, presented DistBelief, a soft-
ware framework intended to train large models for DL and unsupervised
feature learning, which is able to train a deep network with billions of
parameters using tens of thousands of CPU cores. DistBelief was suc-
cessfully tested for speech recognition and visual recognition models
with tens of millions of parameters.

• In 2016, as a succeeding project from DistBelief, Abadi et al. [2016] pre-
sented TensorFlow, a machine learning system that operates at large-
scale and in heterogeneous environments, which uses data flow graphs
to represent computation, shared state, and the operations that mu-
tate that state. TensorFlow maps the nodes of a data flow graph across
many machines in a cluster, and within a machine across multiple com-
putational devices, including multi-core CPUs, general-purpose GPUs,
and custom-designed ASICs known as TPUs.

• In 2017, Goyal et al. [2017] from Facebook, presented a distributed,
synchronous version of the Stochastic Gradient Descent (SGD) algo-
rithm which allowed them to train a ResNet-50 architecture on the
ImageNet dataset (over 23 million parameters) with a minibatch size
of 8192 on 256 GPUs over 32 servers in just one hour, using TensorFlow.
This work is based on the adoption of a linear scaling rule for adjusting
learning rates as a function of the minibatch size and the development
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of a new warm-up scheme that overcomes optimization challenges early
in training, and is considered the starting point of DML.

• In 2020, OpenAI beta-released GPT-3, an autoregressive language model
based on DL that scales up to 175 × 109 parameters and produces
human-like sequences of words, code, or other data, starting from a
source input, referred to as the prompt [Floridi and Chiriatti, 2020].
The language modeling capability of GPT-3 is so high that people’s
ability to identify whether ∼500-word articles are model generated (as
measured by the ratio of correct assignments to non-neutral assign-
ments) was 52% [Brown et al., 2020]. GPT-3 was trained on the Mi-
crosoft Azure cloud, using 10,000 chips of the NVIDIA V-100 GPU,
at a combined computing cost of 3.14× 1023 FLOPS and total energy
consumption of 1,287 MWh [Patterson et al., 2021].

• In 2021, Google open-sourced its Switch Transformer [Fedus et al.,
2022], a neural network architecture for NLP that scales up to 1.6×1012
parameters. The Switch Transformer is based on a mixture-of-experts
layer that replaces the feed-forward layer of the original Transformer
[Vaswani et al., 2017]. The resulting model is sparsely activated and,
simultaneously, able to efficiently use hardware accelerators optimized
for dense matrix computation. The Switch Transformer was trained
on GC, using 1,024 chips of the TPU-v3, at a combined computing
cost of 8.22× 1022 FLOPS and total energy consumption of 179 MWh
[Patterson et al., 2021].

Although this enumeration does not intend to be an exhaustive one, it is
useful to highlight the fast expansion of the DML problem we have witnessed
in less than a decade. Not only the number of trainable parameters in the
Switch Transformer is 4 orders of magnitude larger than the parameter set
of a typical execution of DistBelief, but also the computing performance of
the hardware accelerators available to train such workloads has increased at
a similar pace. In the following pages, I provide further detail on the features
associated with the design and implementation of DML applications.

3.1.2 DML Features

A number of approaches to DML design and execution are available and
several feature sets have been proposed to analyze and classify them. In
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this work, I adhere to the taxonomy proposed by [Langer et al., 2020] be-
cause it provides a catalog with the fundamental characteristics that have a
major impact on how DML systems operate. The main elements of this tax-
onomy are: data-parallel or model-parallel scaling-out strategy, centralized
or decentralized optimization, synchronous or asynchronous scheduling, and
parameter exchange and communication patterns.

Model Parallelism vs. Data Parallelism

DML workloads can be executed on the basis of model parallelism or data
parallelism strategies. Model parallelism is intended for training a model
that cannot fit its complete parameter set into the memory of a single com-
puting device. Consequently, different layers of the ML model are assigned to
different workers of the cluster. Thinking about a worker as a single machine
that is part of a cluster makes it easier to mentally represent the distributed
processing. However, it is important to keep in mind that the term worker
refers to a software entity that can also be implemented as a computing
device (CPU, GPU, TPU, FPGA) inside a machine, a specific set of cores
inside a computing device, or even a virtual instance or a container run-
ning on the cluster infrastructure. Model parallelism can be understood as a
technique that maps the model architecture (network layers) to the available
infrastructure resources (computing workers). Usually, the complete train-
ing dataset D is passed to the worker node that executes the input layer
of the model architecture, then the intermediate results are transferred to
subsequent workers that compute downstream network layers. Gradients are
computed starting from the outermost worker, the one which holds the out-
put network layer, and back-propagated towards the worker that holds the
input layer. Model parallelism tends to be far more complex to implement
than data parallelism because the definition of tasks that can be executed
in parallel is not trivial and highly dependent on the model architecture. In
general, the parameters of a ML model are not independent of each other,
therefore parallel updates to the model have to be restricted to subsets of
mutually independent (or weakly correlated) parameters [Xing et al., 2016].
Kim et al. [2016] affirm that model parallelism is motivated by two chal-
lenges that data parallelism does not usually address: (1) parameters may
be dependent, thus naive concurrent updates can introduce errors that slow
convergence or even cause algorithm failure, and (2) model parameters con-
verge at different rates, then a small subset of parameters can bottleneck



38 Chapter 3. Distributed Machine Learning on Cloud Computing

the algorithm’s completion. Consequently, they propose Scheduled Model
Parallelism (SchMP), a programming approach that improves ML algorithm
convergence speed by efficiently scheduling parameter updates, taking into
account parameter dependencies and uneven convergence.

On the other hand, data parallelism is a collaborative processing ap-
proach where the training dataset D is partitioned into P parts and each
part is assigned to one of the available P computing workers. The model
parameter set (the architecture and its state) is shared by all the workers,
and each worker applies the same algorithm to a different dataset partition
Dj, for j = 0, 1, ..., P . Data parallelism can be generically applied to any ML
algorithm with an independent and identically distributed (i.i.d.) assump-
tion over the training data samples [Xing et al., 2016]. In this direction,
ML optimizers like SGD are based on the assumption that the aggregate of
the per-parameter gradients obtained from taking samples from subsets of a
large set are approximately identical to the per-parameter gradients obtained
from the complete set [Langer et al., 2020], as follows

∂L(x ∼ D;w)
∂w

∼=
∂L(x ∼ D1;w)

∂w
+ · · ·+ ∂L(x ∼ DP ;w)

∂w
(3.1)

where L is the loss function, x represents samples taken from subsets Dj 1,
and w represents the current model parameters shared by all the workers in
the distribution scheme.

Even though all major DML frameworks support model and data parallel
strategies, efforts towards the consolidation of more straightforward data par-
allelism are the mainstream nowadays. Accordingly, the following paragraphs
will be focused on the data parallelism strategy, leaving model parallelism
outside of the scope of this thesis.

Centralized vs. Decentralized Optimization

According to [Langer et al., 2020], a ML model training process is based on
two fundamental operations that are repeated on each training step t. On
gradient computation, the current model parameters wt and the minibatch x
drawn from D are used to calculate the per-parameter gradients gt as

x ∼ D, gt ←
∂L(x;wt)

∂wt

(3.2)

1For simplicity, in this notation I omit the fact that different samples xj,s are collected

from the dataset partition Dj at the training step s.
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Then, on optimization, the per-parameter gradients and the learning rate η
are used to update the model state as

wt+1 ← wt − ηgt (3.3)

In DML training, the highly expensive gradient computation is always repli-
cated across the available workers. Conversely, the less expensive optimiza-
tion cycle can be either centralized on a master node, usually referred to as
the parameter server, or replicated into the worker nodes. Both alternatives
are detailed in the following paragraphs.

In centralized optimization the parameter server broadcasts a global model
state w̃t to the P available workers (usually, the model state is randomly ini-
tialized to obtain w̃0). The j

th worker, for j = 0, 1, . . . , P , samples the mini-
batch x from its dataset partition Dj and computes per-parameter gradients
from 3.2 as

x ∼ Dj, gjt ←
∂L(x; w̃t)

∂w̃t

(3.4)

then, the parameter server receives the P gradients from the workers and
consolidates them into a new global model state, from 3.3, as

w̃t+1 ← w̃t − η
P∑

j=1

gjt (3.5)

then the parameter server broadcasts the new global model state as w̃t ←
w̃t+1 to the workers.

In decentralized optimization both the gradient computation and opti-
mization cycles are performed by the workers independently. Unlike the
parameter server used in centralized optimization, a master program, which
can be executed simultaneously on more than one worker, broadcasts the
global model state w̃t to all workers. The workers update their local copy of
the model state to the global state wj

t ← w̃t, then compute gradients as

x ∼ Dj, gju ←
∂L(x;wj

u)

∂wj
u

(3.6)

and optimize as
wj

u+1 ← wj
u − ηgju (3.7)

where u ← t + 1, t + 2, . . . , t + τ is an interval of τ steps provided to each
worker to independently train its own local model before sharing results with
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other workers. Usually, the value of τ corresponds to the steps required for
the worker to train a minibatch. At the completion of this task, the workers
upload local model states wj

t+τ to the master program, which evaluates a new
global model state as

w̃t+τ ←
1

P

P∑
j=1

wj
t+τ (3.8)

and the clocks in the master program and all the workers are updated to
t← t+ τ .

Synchronous vs. Asynchronous Scheduling

In data-parallel training, progressive refinements on the model state made by
different parallel workers must be periodically merged into a global model.
This situation leads to an important trade-off: if the workers are required to
share their local model updates only after reaching the same state of progress
then the training algorithm risks being delayed by potentially slower workers;
conversely, if the workers are allowed to progress at their own specific pace
(not forcing them to await for a consensual global update), then the model
risks the loss of training quality or convergence speed. Three scheduling
approaches have been developed to deal with this trade-off: synchronous,
asynchronous, and bounded asynchronous. I provide further detail on them
in the following paragraphs.

In synchronous scheduling, the model parameters are globally synchro-
nized on every iteration of the training algorithm, that is every time the work-
ers -as a group- complete processing a minibatch x drawn from D. Therefore,
synchronous scheduling is particularly adequate for infrastructure based on
homogeneous workers (there are no potentially slower nodes), with low com-
munication costs (as more parameter communication is required to strictly
synchronize the local model updates). This is the case of single-machine
configurations using multiple hardware accelerators as workers. From these
considerations, it can be noticed that (3.4) and (3.5) refer to a centralized
synchronous training implementation (the parameter server awaits for all
workers to complete gradient computation on step t), while (3.6), (3.7), and
(3.8) depict the decentralized synchronous training case (the master program
aggregates local updates to the global state only after all workers train their
model version for τ steps).
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In asynchronous scheduling, no worker is enforced to wait for the oth-
ers to achieve the same progress, which results in a higher overall hardware
utilization. Consequently, a faster worker is allowed, once it has finished
an iteration, to update the global model state, and to immediately down-
load this new global state and use it for its next gradient computation. In
the centralized asynchronous case, this means the jth worker downloads the
current global state and use it to set its local state as wj ← w̃ (the step iden-
tifier t is omitted as the clocks from the parameter server and the worker are
not synchronized and most probably they differ), then the worker performs
gradient computation as

x ∼ Dj gj ← ∂L(x;wj)

∂wj
(3.9)

and uploads the per-parameter gradients to the parameter server, The para-
meter server consumes these gradients to update the model state as

w̃ ← w̃ − ηgj (3.10)

and sends w̃ back to the jth worker. As a consequence, in asynchronous
training, there is only one worker that holds the most recent state of the
global model and the rest of the workers operate on locally cached, stale
versions.

Bounded asynchronous scheduling provides an intermediate solution for
the convergence quality/speed to hardware utilization trade-off. It allows
workers to operate on stale parameters but defines clear bounds for staleness.
[Ho et al., 2013] proposed the Stale Synchronous Parallel approach, which
enables the faster workers to progress on training for a given number of
iterations δ before sharing parameter updates. Any worker that progresses
for more than δ iterations with respect to the slowest worker is forced to wait
until the remaining workers catch up. [Mayer and Jacobsen, 2020] affirm that,
unlike barrierless or full-asynchronous approaches, bounded asynchronous
scheduling allows for better mathematical analysis and proof of the model
convergence properties. The work of these authors provides a categorization
of recent publications on parameter synchronization in data-parallel training,
which is useful for a more comprehensive study of DML scheduling.

Communication Pattern

Regardless of the optimization and scheduling techniques applied to a par-
ticular data-parallel DML workload, results from gradient computation and
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optimization operations have to be communicated across the cluster. Para-
meter servers, master, and worker nodes are constantly sharing information
and the network topology they are implemented on is crucial to achieving
adequate speed. In the following paragraphs, I briefly present the communi-
cation patterns mainly used for DML executions.

A tree-based topology arranges nodes in hierarchical parent-child relation-
ships. It is a simple layout that enforces any node to only share computing
results with the nodes in the up- or downstream direction, as in Elastic Ave-
raging SGD (EASGD) [Zhang, 2016]. The tree-based topology can also be
used to implement a decentralized all-reduce communication strategy [Agar-
wal et al., 2014], where gradient computations are accumulated from the
lowermost levels all the way up to the root node, then this uppermost node
broadcasts the resulting global state downwards to all the nodes in the clus-
ter.

A ring-based topology communicates each node in the cluster with only
two other nodes, therefore the complete cluster can be thought of as a closed
ring. Compared to fully-connected or tree-based patterns, the ring topology
produces less communication overhead, which makes it adequate for situa-
tions that require minimizing networking operations. In conjunction with the
all-reduce paradigm, ring-all-reduce [Sergeev and Del Balso, 2018] provides
a robust communication pattern where each node constantly influences and
regularizes its neighbors’ operation. As this worker behavior cascades the
ring, results found by each node eventually travel in both directions around
the cluster, which provides increased stability to the training process.

Other topology patterns used in conjunction with the all-reduce paradigm
are the Round-Robin and the Butterfly variants [Zhao and Canny, 2013].
[Chahal et al., 2020] present all-reduce variants like Recursive Halfing/Dou-
bling and Binary Blocks, and propose a variant called Tolerant All-Reduce
which is capable of providing fault tolerance in an unstable networking envi-
ronment.

3.1.3 DML Frameworks

At the time of this writing, tens of different DML frameworks are extensively
used for both research and production deployments. As an introduction, I
present here only five of the most widely used, which are Apache Spark,
TensorFlow, PyTorch, Horovod, and MXNet. It is worth mentioning all of
our experiments were developed on TensorFlow.
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Apache Spark

Apache Spark [Zaharia et al., 2016] is a powerful, general-purpose, in-memory
framework for distributed processing, and a crucial component for the Hadoop
- HDFS [Shvachko et al., 2010] ecosystem. As of this writing, it is the de facto
standard for advanced data analytics on big data sets Hai and Forouraghi
[2018]. Spark is the result of a project started in the Algorithms, Machines,
and People Lab (AMPLab), at the University of California at Berkeley. The
core concept behind Spark operation is a data structure called Resilient Dis-
tributed Dataset (RDD), which provides a basis for in-memory processing,
workload distribution, and fault tolerance Zaharia et al. [2012]. Spark was
developed as a general-purpose analytics framework, and it integrates spe-
cialized libraries, such as MLlib [Meng et al., 2016], to execute ML workloads.
Spark provided a basis for early DML frameworks such as TensorFlow-On-
Spark [Lu et al., 2018], Caffe-On-Spark [Langer et al., 2020], or SparkNet
[Moritz et al., 2015].

TensorFlow

TensorFlow [Abadi et al., 2016], from Google, is a ML system that operates
at large scale and in heterogeneous environments. It uses data flow graphs
to represent computation, shared state, and the operations that mutate that
state. As of this writing, TensorFlow is, by far, the most used native DML
system. It implements data parallelism with centralized and decentralized
optimization, as well as synchronous and bounded asynchronous scheduling.
TensorFlow implements model parallelism via the Mesh TensorFlow [Shazeer
et al., 2018] language extension. Native functionalities in TensorFlow include
all-reduce and parameter server communication patterns.

PyTorch

PyTorch [Paszke et al., 2019] is a DML framework developed by Facebook
and community members. As of this writing, it has the highest growing
interest rate in specialized forums, arguably due to its easier and more in-
tuitive interface, when compared to other frameworks. PyTorch implements
data parallelism with centralized and decentralized optimization, as well as
synchronous and asynchronous scheduling.
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Horovod

Horovod [Sergeev and Del Balso, 2018] from Uber, is an open-source library
that runs on top of TensorFlow and improves on two typical obstructions
to scaling ML operations: it provides efficient inter-GPU communication via
ring-all-reduce, and enables distribution with only a few lines of modification
to the original TensorFlow code. Horovod makes use of the NVIDIA NCCL, a
library for collective communication that provides a highly optimized version
of ring-all-reduce.

MXNet

Apache MXNet [Chen et al., 2015] is, as TensorFlow, a modern descendant
of DistBelief which abstracts ML models and states as data flow graphs. It
supports model parallelism on single-machine, multiple-device configurations.
Data parallelism is implemented with centralized optimization as well as with
synchronous or bounded asynchronous scheduling.

3.1.4 Additional Research Directions

I briefly present now two research directions that stand out in the current
context for DML: parallelization efforts that are mainly based on hardware
devices and ML initiatives over datasets that are naturally distributed.

Hardware-based Parallelization

FPGA-based accelerators have attracted the attention of researchers because
of their good performance, high energy efficiency, and great flexibility Guan
et al. [2017]. [Ovtcharov et al., 2015] used FPGA to accelerate the training of
deep CNNs. Ferreira and Fonseca [2016] proposed a hardware architecture for
LSTM neural networks, aiming to speed up its operation by means of FPGA’s
inherent parallelism, as well as to achieve a reduced power consumption.
Guan et al. [2017] have presented an FPGA-based accelerator for LSTM-
RNNs that optimizes both computation performance and communication
requirements. [Zhang et al., 2017] presented a hardware accelerator for the
LSTM neural network based on the FPGA Zedboard that is power-efficient
and shows a better performance than ARM Cortex A9 and Intel Core i5
processors.
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Naturally Distributed Datasets

DML started as a strategy to deal with the problem of processing huge data
sets. In this context, centralized information was distributed to different
nodes, clusters, or sites to efficiently perform computing operations on it,
then make the results available to a central location for making a global deci-
sion. This means the information context is artificially distributed. However,
in most current scenarios, datasets used for research are not available in a
commonplace rather they are distributed across several geographical regions
[Mohapatra et al., 2019]. In the Big Data era information is naturally dis-
tributed, and this fact places an important requirement on the research and
development of ML frameworks to work across multiple, remote, and het-
erogeneous computing nodes. As a consequence, data communication and
network performance increase their value as key research topics in this field.
Wang et al. [2018a] affirm that the IoT, social networks, and crowdsource
operations generate large amounts of data at the network edge, and that the
problem of learning model parameters from data that is naturally distributed
across multiple edge nodes emphasizes the question of how to efficiently uti-
lize the limited computation and communication resources at mobile edge
computing for the optimal performance of DML applications.

3.2 Cloud Computing for DML

This section introduces the definition of CC, as stated by the National Insti-
tute of Standards and Technology (NIST). The five essential characteristics,
three service models, and five deployment models found in the definition are
briefly described. The cloud service models provide a well-established ba-
sis for implementing DML applications, then the general procedures for all
implementation cases are presented.

3.2.1 Cloud Computing Fundamentals

The NIST provides the official definition of CC in [Mell et al., 2011]: Cloud
computing is a model for enabling ubiquitous, convenient, on-demand network
access to a shared pool of configurable computing resources (e.g., networks,
servers, storage, applications, and services) that can be rapidly provisioned
and released with minimal management effort or service provider interaction.
This cloud model is composed of five essential characteristics, three service
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Figure 3.1: Cloud computing characteristics, service, and deployment
models.
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models, and four deployment models. The elements in the definition are
depicted in Figure 3.1. Following are their complete descriptions as extracted
from the aforementioned source.

Cloud Essential Characteristics

1. On-demand self-service. A consumer can unilaterally provision com-
puting capabilities, such as server time and network storage, as needed
automatically without requiring human interaction with each service
provider.

2. Broad network access. Capabilities are available over the network and
accessed through standard mechanisms that promote use by hetero-
geneous thin or thick client platforms2 (e.g., mobile phones, tablets,
laptops, and workstations).

3. Resource pooling. The provider’s computing resources are pooled to
serve multiple consumers using a multi-tenant model, with different
physical and virtual resources dynamically assigned and reassigned ac-
cording to consumer demand. There is a sense of location indepen-
dence in that the customer generally has no control or knowledge over
the exact location of the provided resources but may be able to specify
location at a higher level of abstraction (e.g., country, state, or data
center). Examples of resources include storage, processing, memory,
and network bandwidth.

4. Rapid elasticity. Capabilities can be elastically3 provisioned and re-
leased, in some cases automatically, to scale rapidly outward and in-
ward commensurate with demand. To the consumer, the capabilities
available for provisioning often appear to be unlimited and can be ap-
propriated in any quantity at any time.

5. Measured service. Cloud systems automatically control and optimize

2 A thin client platform is a lightweight computer that basically monitors and controls
processes executed in the server side, so it can work efficiently without advanced processing
or storage components. On the other hand, a thick client platform usually performs most
of the processing workload over data stored on the server side.

3 In this context elasticity means the ability to flexibly and rapidly increase or decrease
the quantity of IT resources to adjust them to the experienced workload.
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resource use by leveraging a metering capability4 at some level of ab-
straction appropriate to the type of service (e.g., storage, processing,
bandwidth, and active user accounts). Resource usage can be mon-
itored, controlled, and reported, providing transparency for both the
provider and consumer of the utilized service.

Cloud Service Models

1. Software-as-a-Service (SaaS). The capability provided to the consumer
is to use the provider’s applications running on a cloud infrastructure5.
The applications are accessible from various client devices through ei-
ther a thin client interface, such as a web browser (e.g., web-based
email), or a program interface. The consumer does not manage or
control the underlying cloud infrastructure including network, servers,
operating systems, storage, or even individual application capabilities,
with the possible exception of limited user-specific application config-
uration settings.

2. Platform-as-a-Service (PaaS). The capability provided to the consumer
is to deploy onto the cloud infrastructure consumer-created or acquired
applications created using programming languages, libraries, services,
and tools supported by the provider6. The consumer does not man-
age or control the underlying cloud infrastructure including network,
servers, operating systems, or storage, but has control over the deployed
applications and possibly configuration settings for the application-
hosting environment.

3. Infrastructure-as-a-Service (IaaS). The capability provided to the con-
sumer is to provision processing, storage, networks, and other funda-
mental computing resources where the consumer is able to deploy and

4Typically this is done on a pay-per-use or charge-per-use basis.
5 A cloud infrastructure is the collection of hardware and software that enables the

five essential characteristics of cloud computing. The cloud infrastructure can be viewed
as containing both a physical layer and an abstraction layer. The physical layer consists
of the hardware resources that are necessary to support the cloud services being provided
and typically includes server, storage, and network components. The abstraction layer
consists of the software deployed across the physical layer, which manifests the essential
cloud characteristics. Conceptually the abstraction layer sits above the physical layer.

6 This capability does not necessarily preclude the use of compatible programming
languages, libraries, services, and tools from other sources.
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run arbitrary software, which can include operating systems and appli-
cations. The consumer does not manage or control the underlying cloud
infrastructure but has control over operating systems, storage, and de-
ployed applications; and possibly limited control of select networking
components (e.g., host firewalls).

Cloud Deployment Models

1. Private cloud. The cloud infrastructure is provisioned for exclusive use
by a single organization comprising multiple consumers (e.g., business
units). It may be owned, managed, and operated by the organization,
a third party, or some combination of them, and it may exist on- or
off-premises.

2. Community cloud. The cloud infrastructure is provisioned for exclu-
sive use by a specific community of consumers from organizations that
have shared concerns (e.g., mission, security requirements, policy, and
compliance considerations). It may be owned, managed, and operated
by one or more of the organizations in the community, a third party,
or some combination of them, and it may exist on- or off-premises.

3. Public cloud. The cloud infrastructure is provisioned for open use by
the general public. It may be owned, managed, and operated by a
business, academic, government organization, or some combination of
them. It exists on the premises of the cloud provider.

4. Hybrid cloud. The cloud infrastructure is a composition of two or more
distinct cloud infrastructures (private, community, or public) that re-
main unique entities, but are bound together by standardized or pro-
prietary technology that enables data and application portability (e.g.,
cloud bursting7 for load balancing between clouds).

3.2.2 DML on the IaaS Service Model

Under the IaaS service model, the capability provided to the consumer is to
provision processing, storage, networks, and other fundamental computing

7 Cloud bursting refers to the ability to get infrastructure at runtime from a cloud
provider and enabling the applications to use that to meet the service levels during a
temporary spike in the workload [Doddavula et al., 2013].
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resources where the consumer is able to deploy and run arbitrary software,
which can include operating systems and applications. Hence, the IaaS ser-
vice model maximizes flexibility for the DML workflow design and execution
at the cost of increased effort during implementation and maintenance. Fol-
lowing is an enumeration with the primary IaaS components that must be
deployed to execute a generic DML workflow, along with their end goals:

1. Virtual Machine (VM). This component provides computing resources
for DML workflows. A suitable framework for distributed training
must be installed on one or more VMs along with software depen-
dencies such as package managers, numeric computation libraries, and
parallel-specific components like the Compute Unified Device Architec-
ture (CUDA) Application Programming Interface (API) or the commu-
nication libraries NVIDIA Collective Communication Library (NCCL)
and Message Passing Interface (MPI).

2. Binary Large Object (blob) storage. This component provides storage
units for massive amounts of unstructured data (text, images, video,
etc.) usually required for training a ML model. Semi-structured data
can be blob-stored via key-value-based file formats like JSON. Struc-
tured data can be either serialized to fit in blob storage or imported
from relational databases or PaaS components such as data warehouses.
High-bandwidth networking allows extremely fast communication be-
tween VMs and binary storage.

3. Hardware-based accelerator. This component extends the computing
capability available in VMs by off-loading specific tasks from general-
purpose CPUs to integrated circuits that are optimized for parallel
computation. Hardware accelerators are used in many domains like
computer graphics, signal processing, cryptography, and Deep Learn-
ing (DL). Due to its long presence in the parallel computation ecosys-
tem, the GPU is the dominant alternative for hardware-accelerated
DML. Field-Programmable Gate Array (FPGA)s are increasingly used
for accelerating DML training and inference stages due to the inher-
ent parallelism and the deeply-pipelined computation they offer [Kara
et al., 2017]. Recently, Application-Specific Integrated Circuit (ASIC)s
for cloud-based DL were introduced by GC (TPU) and AWS (Trainium
and Inferentia). Hardware accelerators lie in a diffuse spot in the border
between the IaaS and PaaS model services, as their utilization requires
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dedicated VMs and networking whose management is outside the ca-
pability of the consumer.

4. Virtual private cloud. This component provides a logically isolated
section of the cloud infrastructure where customers are able to deploy
resources under a highly customized network. Sub-networks and fire-
walls can be defined inside the virtual private cloud to enforce the
security of operations.

5. Publication/Subscription (Pub/Sub) channel. This component asyn-
chronously communicates all of the workflow components (applications)
by exchanging messages. It implements a message-oriented middleware
pattern [Fehling et al., 2014] where incoming messages are elastically
queued and transformed to comply with each receiver’s specifications.

6. Relational database. This component provides an adequate persistence
layer for ML artifact metadata, such as dataset location and statistical
description, hyperparameter value sets, model version and evaluation
metrics, batch inference results, etc. A relational database instance
is crucial to managing the ML model’s lineage (the specific dataset,
features, architecture, and hyperparameter set that produced it) hence
to obtain better variants by combining different artifact versions.

3.2.3 DML on the PaaS Service Model

Under the PaaS service model the capability provided to the consumer is to
deploy onto the cloud infrastructure applications created using programming
languages, libraries, services, and tools managed by the provider. Based on
this model service, all major public cloud providers offer complete, production-
ready ML platforms referred to as Machine Learning-as-a-Service (MLaaS).
MLaaS functionality is intended to cover the complete life cycle of ML work-
flows, including dataset management and registry, data validation and pre-
processing, feature engineering and registry, model training (including pre-
trained models for rapid development), interactive notebooks for workflow
prototyping, hyperparameter tuning, model evaluation, model deployment to
internet endpoints for inference, ML-oriented pipeline authoring, integrated
repositories for metadata, datasets, features, models, inference results, etc.
A number of options for distributed processing at the training and inference
stages are also available.
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Relevant examples of MLaaS are Vertex AI from GC [Katti et al., 2022],
Amazon SageMaker from AWS [Joshi, 2020], and Azure ML from Microsoft
Azure [Team, 2016]. Vertex AI enables DML execution for TensorFlow or
PyTorch models, using single- or multi-host data-parallel training with GPUs
and the NCCL all-reduce. Hardware-based parallelization is also available in
Vertex AI using TPUs with TensorFlow-based models. Amazon SageMaker
provides DML libraries for TensorFlow and PyTorch. Hardware-based par-
allelization based on GPUs is available for single- and multi-host configura-
tions. As of this writing, AWS ASICs Trainium and Inferentia are available
in SageMaker, the former only in preview mode. Both data parallelism and
model parallelism can be implemented, and extended memory-optimization
features are available for model-parallel training in PyTorch. Azure ML
enables DML workloads for TensorFlow- and PyTorch-based architectures.
Further optimization is provided for these frameworks via Horovod for GPU-
accelerated single- and multi-host configurations. In addition, distributed
inference can be executed on Azure ML using FPGAs.

3.2.4 DML on the SaaS Service Model

Under the SaaS service model the capability provided to the consumer is
to use the provider’s applications that run on a cloud infrastructure the
consumer does not have control over. This is the case of fully-managed
(serverless) applications referred to as AutoML. AutoML services enable the
consumer to process his own datasets to solve a specific use-case that fits
on generic ML tasks, such as object recognition, time series forecasting, sen-
timent analysis, or video tracking, to mention a few. Although AutoML
services are able to distribute training or inference stages, the customer does
not have direct control over parallelization design choices. Relevant examples
of AutoML can be found in GC Vertex AI and the BigQuery data warehous-
ing service, in AWS’ AutoGluon and SageMaker, and in AutoTrain from
Hugging Face [Wolf et al., 2019].

3.3 Tensor Processing Units

This sections presents the TPU hardware-based accelerator, which is the
foundation for the DML application implemented for the experimental study
of this Thesis. The TPU architecture and operation characteristics are de-
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scribed in detail. On this ground, a TPU-based CC pattern deployed using
the IaaS cloud service model of GC is proposed to train the selected forecas-
ting DL models.

3.3.1 Background

In recent years, the massive computing requirements placed by ML work-
loads led to the continuous development of specialized hardware, like high-
performance CPUs, GPUs, and TPUs. Since its public release, TPU accel-
erators have been applied to a diversity of research topics that demand very
high processing and memory capabilities. Examples of these domains are
Deep Neural Network (DNN) training subject to large batch sizes and spe-
cialized learning rate algorithms [You et al., 2019], [Wongpanich et al., 2021],
distributed evolution strategies for meta-learning [Sheng and He, 2020], ac-
celeration of explainable machine learning [Pan and Mishra, 2022], and sim-
ulation of quantum physics [Hauru et al., 2021], to mention a few. In a scope
closer to this thesis, TPUs have also been used to accelerate the training of
Transformer-based neural networks. NLP and CV projects constitute the
majority of these research cases, partially due to the high availability of pre-
trained models and TPU-ready software implementations. Examples of the
application of TPU-assisted Transformers can be found in machine transla-
tion [Xu et al., 2021a], language modeling [Alrowili and Vijay-Shanker, 2021],
image generation [Zhao et al., 2021], and visual recognition [Srinivas et al.,
2021]. Regarding TSF research, TPUs have been applied to weather forecas-
ting via convolutional networks enriched with a one-layer self-attention en-
coder block [Abdellaoui and Mehrkanoon, 2020], and short-term wind speed
forecasting via symbolic regression [Abdellaoui and Mehrkanoon, 2021].

3.3.2 TPU Basic Characteristics

A TPU is an ASIC developed by Google to accelerate large-scale ML. Google
Cloud (GC) first released TPU v1 in 2018 and, at the time of this writing,
its highest publicly available version is TPU v3. Each one of the 8 cores in a
TPU v3 board provides a Matrix Multiplier Unit (MXU) with 65,536 8-bit
multiply-and-add units, a Unified Buffer (UB) with 24MB of SRAM, and
an Activation Unit (AU) with hardwired activation functions. These com-
putational resources are designed to process basic neural network-related
operations at a very low level: the MXU performs matrix operations, while
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the UB holds intermediate results, and the AU performs the nonlinear opera-
tions over the MXU output [Jouppi et al., 2017]. A Complex Instruction Set
Computer (CISC) controls the TPU resources with an instruction set also
designed for neural network-specific operations. The core of TPU logic is a
systolic array [Kung and Leiserson, 1979]. This chip architecture accelerates
matrix multiplications on the MXU by making the input values flow through
fixed patterns of multiply-and-add units, substantially reducing read-write
operations to the UB.

Figure 3.2: Systolic data flow of the MXU. Based on [Jouppi et al., 2017].

In Figure 3.2, weights are pre-loaded from the Weight Fetcher Interface
into the computation cells inside the MXU. Data flows in at regular inter-
vals from the vertical stack of systolic data setup blocks (left). A given
256-element multiply-accumulate operation moves through the matrix as a
diagonal wavefront. Partial sums are collected on the horizontal stack of ac-
cumulators (bottom). Results flow out the MXU at the bottom-right corner
into the Activation Unit. For a detailed description of the elements and flows
in this figure, the reader is advised to consult [Jouppi et al., 2017].

TPU accelerators are only available via Cloud TPU, a high-performance
computing service of GC. Cloud TPU provides a TPU board connected via
PCI to a host VM. Inside this combination, the TPU runs the consuming
model training and evaluation stages in parallel. TPU computing perfor-
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Figure 3.3: Comparison of the float32, bfloat16, and float16 numerical
formats.

mance is extremely high (up to 420 TFLOPS) and data in-feed usually be-
comes an operation bottleneck. For this reason, the host VM is used to
execute code that feeds data to the TPU as fast as possible. TPU hardware
is language-agnostic, so an Accelerated Linear Algebra (XLA) compiler maps
the ML-code representations from a specific programming language to TPU
machine code. The XLA compiler is designed for linear algebra and vector
computations; any programming construct that relies on different operations
has to be directed to the host VM’s CPU. The MXUs of a TPU can perform
at mixed precision, combining different numerical formats in the same com-
putational workload. TPU cores can use bfloat16 format for multiplications
and float32 format for results accumulation. As most DL applications do
not need a high precision to get the target application accuracy [You et al.,
2019], floating point operations, and consequently training processes, are ac-
celerated if weights, gradients, data, and activation outputs are represented
in bfloat16 format. Figure 3.3 compares float32, bfloat16, and float16 numer-
ical formats. The bfloat16 format implements the same range as the float32
format but with lower precision. TPUs build mixed precision as a combina-
tion of bfloat16 and float32, while GPUs commonly used for ML workloads
use a combination of float16 and float32. The TPU implements data paral-
lelism, as training data batches are split into the eight cores of the board.
The model, on the other hand, is not distributed, then each core is required
to maintain a copy of it on memory [Wang et al., 2019b].
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Figure 3.4: Cloud-based TPU Computing Pattern.

3.3.3 TPU-based Cloud Computing Pattern

Figure 3.4 shows the cloud-based TPU computing pattern deployed on GC
for training the DL forecasting models. The dotted boxes represent the three
fundamental cloud computing services of this deployment: Cloud Storage is
a Binary Large-object storage service, Compute Engine is a Virtual Machine
(VM) provisioning service, and Cloud TPU is a high-performance comput-
ing service. Communication between Compute Engine, Cloud Storage, and
Cloud TPU is based on Google Remote Procedural Calls (gRPC) over high-
speed, in-data-center networking. In order to set up and execute the complete
application, the client connects to a development VM using the Secure Shell
(SSH) protocol.

I programmed the algorithms with TensorFlow [Abadi et al., 2016] as
front end, using TPUEstimator, a high-level API that simplifies TPU usage
by handling numerous low-level, hardware-specific details, and is built on the
basis of Estimator, a high-level API for TensorFlow. TPUEstimator presents
an interface similar to SciKit-learn, and some adaptations to simplify its
deployment to production stages Cheng et al. [2017a]. The Estimator class
is the base for executing the different stages of the ML model (training,
evaluation, serialization, and inference) from the same base code expressed
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in a model fn function. A user-defined function called input fn produces
the input for the Estimator, decoupled from the model fn. Based on this
decoupling, the TPU runs the model fn, which encloses anything involving
trainable variables or gradients. The host VM’s CPU runs the input fn,
which focuses on data preparation and in-feed. The TPUEstimator API im-
plements decentralized optimization via all-reduce, synchronous-scheduling
data parallelism, which means it evenly splits the training batch among the
workers (cores) of the TPU board. Conversely, the ML model is not dis-
tributed and every worker keeps a replication of the TensorFlow computa-
tion graph. Workers operate synchronously, with each worker performing the
same step simultaneously. A reduction operation is performed across all the
workers once the training step is completed.

For cloud-based implementation of the ML-based forecasting algorithms,
I built an advanced architecture that organizes the involved cloud services
as follows: A development VM retrieves TensorFlow scripts and parame-
ters from Cloud Storage, spins-up a Cloud TPU as a training co-processor,
sends the TensorFlow computation graph to the TPU’s host VM and, dur-
ing training, writes the resulting serialized model back to Cloud Storage.
TPU’s host VM pulls data directly from Cloud Storage and distributes it to
the TPU cores. In accordance with best-TPU-performance guidelines, raw
and preprocessed data is persisted in Cloud Storage as sequences of binary
strings (TFRecords). A data ingestion pipeline for training the models was
defined on the basis of the tf.data.dataset TensorFlow API. Pre-fetching
was also used for parallel preprocessing, that means the application is able to
start preparing the next batch of data while still training the current batch.
To ensure good throughput during ingestion from Cloud Storage, individual
TFRecord files were prepared for each time series fed to the model.

Summary

This Chapter discusses the implementation of DML applications on CC. It
provides a research background for the DML concept in general, as well as
specific features regarding workflow design choices and available software
frameworks. It also addresses the development of DML projects on different
cloud service models. On this ground, a TPU-based CC pattern for training
the DL forecasting models in this thesis is proposed.
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The next Chapter presents the implementation and experimental results
of the first DL model trained on the TPU computing pattern: a deep multi-
sequence, LSTM neural network for short-term, electric power load forecas-
ting.



Chapter 4

Deep Multi-Sequence LSTM
Architecture

This Chapter presents in detail the Deep Multi-Sequence Long Short-Term
Memory (DMSLSTM) architecture that I designed and implemented for lo-
cal TSF. Section 4.1 presents previous research work related to expanding
the original RNN and LSTM networks for forecasting purposes. Section 4.2
presents the electric power dataset used for local forecasting experiments. It
also presents in detail the architecture and the parametrization of the model.
Section 4.3 presents the baseline model that used to evaluate the DMSLSTM
performance. On this basis, results achieved by DMSLSTM concerning fo-
recasting accuracy, computation times, and predictive performance degrada-
tion are discussed.

4.1 Related Work

Among ML-based methods for TSF, RNNs have received special attention
from research on the electric power domain because of their ability to keep a
memory of the dynamic processes that lie beneath power-related time series.
Bianchi et al. [2017] reviewed five of the most frequently used RNN archi-
tectures for electrical load short-term forecasting: Elman Recurrent Neu-
ral Network (ERNN), Long Short-Term Memory (LSTM), Gated Recurrent
Unit (GRU), Non-linear Auto-Regressive with Exogenous Inputs (NARX),
and Echo State Network (ESN). This work affirms there is not a specific
RNN model that outperforms the others in every prediction problem, and
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the choice of the most suitable architecture depends on the specific task at
hand. LSTM, a class of RNN that incorporates special gates for internal con-
nections to deal with the problem of vanishing/exploding gradients Hochreiter
and Schmidhuber [1997], comes forth as the most reported architecture for
ML-based TSF in the electric power sector. Electrical load accounts for the
majority of reported research on LSTM and RNN-based forecasting Cheng
et al. [2017b] Kong et al. [2017b] Liu et al. [2017] Zheng et al. [2017b] Zheng
et al. [2017a], Jiao et al. [2018] Kumar et al. [2018] Wang et al. [2018b]
Zhang et al. [2018] Ke et al. [2019] Wang et al. [2019a] Zhang et al. [2020]
however, other explored variables include wind power generation Devi et al.
[2020], photovoltaic power generation Abdel-Nasser and Mahmoud [2019] Li
et al. [2019a], and power quality indexes Eisenmann et al. [2019] Zhang et al.
[2019].

This collection of projects shows the important efforts that have been
made to expand the standard RNN-based forecasting model with additions
aimed to improve accuracy, to extend prediction intervals, or to increase the
granularity a relevant variable is predicted at. The following list attempts to
categorize those contributions:

• Multi-sequence forecasting. A learning algorithm is trained over mul-
tiple sequences that result from applying different feature engineering
schemes to the source time series. An LSTM-based model for non-
residential, electrical load short-term forecasting that inputs sequences
built from varying delay values is presented in Jiao et al. [2018]. Fo-
recasting models based on LSTMs and RNNs are used in Zhang et al.
[2018] to predict short-term electrical load on the basis of multiple se-
quences built from combinations of continuous and discrete time series
(short-term, cycle, long short-term, and cross-long short-term).

• Multi-source forecasting. Time series from multiple variables, such as
power, weather, and calendar data, conform a combined input for the
forecast model. In Cheng et al. [2017b] a LSTM is trained on the basis
of the 12 most significant features obtained from the historical load,
weather, and calendar data. In Jiao et al. [2018] a LSTM-based model
for short-term non-residential load forecasting is trained on the basis
of historical load and calendar data. In Wang et al. [2018b], historical
load, as well as weather, temperature, and calendar data are used as the
input for a GRU-based model for load forecasting. Load and calendar
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data are used as input for a LSTM-based model in Kong et al. [2017b].
A GRU-based forecast model which uses load, temperature, humidity,
and date information as input is presented in Ke et al. [2019].

• Multi-step forecasting. The variable of interest is predicted for multi-
ple time steps ahead (the output of the forecast model is a time se-
ries of predictions) using diverse forecasting strategies. In Cai et al.
[2019], electrical load is predicted a day-ahead using gated-RNN and
gated-CNN networks, on the basis of recursive and direct strategies.
In Marino et al. [2016], a Seq2Seq LSTM architecture Sutskever et al.
[2014] is used to predict load values for 60-timesteps ahead.

• Consumer-level forecasting. Electrical variables are not predicted at
the system or substation level but over time series collected from smart
meters, at the consumer level. This gives a better understanding of
consumption patterns at the cost of handling a huge amount of local
forecast models, or high-complexity global models. Load is predicted at
building-level, using RNN-based models in Marino et al. [2016] and Cai
et al. [2019]. In Kong et al. [2017a] a deep LSTM forecasting framework
is enhanced by including electrical appliance consumption sequences.
In Wang et al. [2019a] a traditional LSTM-based point forecasting is
extended to probabilistic forecasting in the form of quantiles.

• Heuristic-based optimization. Parameters that define the RNN archi-
tecture or control its training stage are optimized on the basis of heuris-
tic algorithms. Bouktif et al. [2018] use a genetic algorithm to find the
optimal values for time lags and the number of layers for a LSTM-based
model. An LSTM-based forecast model is optimized using fruit-fly op-
timization algorithm (FOA) in Peng et al. [2020]. The parameters
optimized by FOA are the length of the input sequence, the number
of hidden units, the batch size, and the number of epochs. In Zhang
et al. [2020] LSTM weight parameters are optimized on the basis of a
combination of genetic algorithms, pattern search, and particle swarm
optimization.

• Deep RNN. According to Pascanu et al. [2013], deep learning models
are proven to be exponentially more efficient (they may require expo-
nentially fewer units to represent the same function) than shallow ML
models. This work presents different ways to extend a RNN to a deep
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RNN. However, most of the reported applications of deep RNNs in the
power domain correspond to stacked RNNs. That is RNN architec-
tures where a number of hidden state layers are piled up, one on top of
the other. Stacked RNNs, particularly LSTMs, have been extensively
applied to load forecasting, as in Kong et al. [2017b], Kumar et al.
[2018], Mujeeb et al. [2018], Jiao et al. [2018], Ke et al. [2019], and
Abdel-Nasser and Mahmoud [2019]. They have also been used to pre-
dict photovoltaic power Ke et al. [2019] and power system state Zhang
et al. [2019].

• Augmented RNNs. Extra components for achieving specific tasks are
added to the RNN-based architecture to enhance its predictive perfor-
mance. Olah and Carter [2016] identify four directions that stand out
in augmenting RNNs: Neural Turing Machines, Attention-based In-
terfaces, Adaptive Computation Time, and Neural Programmers. Re-
garding TSF in the power domain, attention mechanisms are the most
reported technique for RNN augmentation. Attention was introduced
in Bahdanau et al. [2014] to deal with issues detected when applying
the RNN encoder-decoder architecture to neural machine translation.
It gives a RNN the capability to focus on a subset of the input infor-
mation when predicting a subset of the output. In Cinar et al. [2017b]
an attention mechanism is used on top of a RNN for modeling period-
icity and handling missing values in electricity and weather time series.
In Fan et al. [2019], a temporal attention mechanism is designed to
capture latent patterns in historical data for electricity price forecas-
ting. Another direction for augmenting RNNs is to modify their cell
architecture. In Devi et al. [2020], the standard LSTM structure is
extended with an enhanced forget gate (EFG) to improve accuracy in
wind power forecasting. EFG is based on the addition of two peepholes
to the LSTM block, switching the activation function from tanh to
softsign, deletion of the input gate, and subtracting the previous out-
put value through the forget-gate layer from the impact of the entire
single matrix.
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4.2 Experimental Study

This section presents the basics of the experimental study with the DM-
SLSTM architecture. It discusses the electric power dataset used as the
basis of the forecasting process. Later, it expands on the specifics of the fo-
recasting model architecture. Finally, it reports on the DMSLSTM complete
parametrization for the use case.

4.2.1 Dataset

I trained DMSLSTM on the active power readings recorded by an urban sub-
station meter for 31 months. These readings account for the active power,
expressed as Kilowatts, the substation delivers to a power sub-network lo-
cated in southeast Morelia 1. Table 4.1 shows the main statistics of the
dataset. To produce the training, validation, and test datasets of the fore-
casting model, I divided the global dataset at the time series level, to avoid
readings overlapping between stages and leaking information from the past
into the future. I used a split percentage of 76/12/12 for training, validation,
and test datasets, respectively. Important considerations emerge from the
analysis of the electric power load profile at different intervals.

Figure 4.1a shows the complete dataset with more than 22K hourly read-
ings recorded over 943 days. It is clear the active power variance remains
approximately constant, although a subtle ascending trend is present. A sea-
sonal, climate-related pattern shows the delivered active power increases in
summer and decreases in winter. Figure 4.1b shows the first four weeks of
the dataset. There is clearly a weekly pattern where delivered active power
decreases during the weekends and Mondays, then increases for the rest of
the week. Figure 4.1c shows the first week of the dataset. It is clear there
is a daily pattern that consists of low active power values at the beginning
of the day that increase up to a couple of peaks: one in the afternoon and a
maximum at night time. This behavior is consistent with aggregated power
consumption patterns in urban environments.
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Table 4.1: Dataset statistics.

global statistics

start datetime 2016-01-01 00:00:00
end datetime 2018-07-31 23:00:00
# of days in time series 943
# of readings 22,629
time granularity hour
domain R+

mean 2430.08
std. dev. 455.42
min 1498.95
25% 2020.80
50% 2471.60
75% 2793.38
max 3650.23

training time series

start datetime 2016-01-01 00:00:00
end datetime 2017-12-31 23:00:00
# of readings 17,542

evaluation time series

start datetime 2018-01-01 00:00:00
end datetime 2018-04-30 23:00:00
# of readings 2,879

test time series

start datetime 2018-05-01 00:00:00
end datetime 2018-07-31 23:00:00
# of readings 2,208
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(a) Complete dataset.

(b) First four weeks.

(c) First week.

Figure 4.1: Active power for an urban substation meter in southeast
Morelia.
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Figure 4.2: Deep Multi-Sequence LSTM Network Architecture.
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4.2.2 Architecture Description

Implementing the DMSLSTM architecture comprises three stages: Supervised-
Learning DataBase (SLDB) generation, model architecture definition, and
model training. In the first stage, features, and targets (also known as la-
bels) are extracted from historical time series of electric power load and stored
in a SLDB. The SLDB constitutes what Goodfellow et al. [2016] call a design
matrix. The SLDB structure reflects a design decision concerning the length
of the sequences that act as input for the DMSLSTM network (the condi-
tioning range). Decoupling the SLDB generation from the other two stages
enable the user to build and persist many different SLDBs, then use them in
multiple combinations with diverse model architectures or training configu-
rations. In the second stage, a specific DMSLSTM architecture is defined on
the basis of the input SLDB and the stacked LSTMs composite structure.
Finally, in the third stage, the DMSLSTM is trained on the SLDB and the
resulting model is evaluated and deployed for prediction.

Figure 4.2 illustrates the DMSLSTM architecture. The SLDB that pro-
vides an input for the DMSLSTM network is generated from the historical
record, at 1-hour resolution, of the power load at the substation level, and
the embedding dimensions mh,md,mw, used to build the hourly, daily, and
weekly feature collections. Once generated, the SLDB is serialized and per-
sisted as a collection of example rows, where each example row includes the
following features:

• timestamp: a string that provides the date and time when the target
value was read,

• hourly : the adjacent-hour delay vector that precedes the target,

• daily : the adjacent-day (same-hour) delay vector that precedes the
target, and

• weekly : the adjacent-week (same-hour-and-day) delay vector that pre-
cedes the target.

• target : the power load value vector, assumed to be a function of its
preceding delay vectors,

1I am indebted to División de Distribución Centro-Occidente, of Comisión Federal de
Electricidad, for generously allowing me to use this relevant dataset in the experiments.
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At its core, DMSLSTM consists of three stacked LSTM sub-networks.
The first sub-network is trained to minimize the loss with respect to the
targets on the collection of hourly features, and comprises a total of hn
stacked LSTMs, with hh1 hidden units in the first LSTM, hh2 hidden units
in the second LSTM, and so on, up to hhn hidden units in the uppermost
LSTM. The resulting stacked LSTM is identified as LSTMH and is built from
the list of parameters [hh1, hh2, . . . , hhn]. Similarly, the stacked LSTM sub-
networks LSTMD and LSTMW are trained to minimize the loss with respect
to the targets on the collections of daily and weekly features, respectively.
LSTMD is built from the list of parameters [hd1, hd2, . . . , hdn], while LSTMW

is built from the list of parameters [hw1, hw2, . . . , hwn]. It is worth noticing
that LSTMH , LSTMD, and LSTMW are jointly trained.

The last hidden states from LSTMH , LSTMD, and LSTMW are concate-
nated, which results in a vector LSTMh+d+w ∈ Rhhn+hdn+hwn . The target
timestamp is one-hot encoded in two parts: a 7-bit vector that identifies the
day of the week (Sunday to Saturday), and a 24-bit vector that identifies
the hour of the day (00:00 to 23:00). At this point, the boolean flag use-
timestamps is used to define whether the target timestamp will be included
as a feature or not: if true then LSTMh+d+w is concatenated to the ob-
tained one-hot timestamp vectors. The result is a vector LSTMh+d+w+ts ∈
Rhhn+hdn+hwn+7+24 that is passed to the next stage in the DMSLSTM network.
Otherwise, if use-timestamps is false, LSTMh+d+w is passed instead. The re-
sult of concatenation, either LSTMh+d+w+ts or LSTMh+d+w, is transformed
into a scalar prediction through a multi-layered dense neural network which
comprises a total of on layers, with uo1 neurons in the first layer, uo2 neu-
rons in the second layer, and so on, up to uon neurons in its uppermost
layer. This network is identified as DENSE, and is built from the list of
parameters [uo1, uo2, . . . , uon].

4.2.3 Model Parametrization

The model’s parametrization is summarized in Table 4.2. DMSLSTM was
trained using the Adam optimizer, as described in [Kingma and Ba, 2015],
with β1 = 0.9, β2 = 0.999, and ϵ = 10−8. For the learning rate, a custom
schedule was used to help stabilize the learning process. This schedule was
implemented as a succession of intervals measured in training epochs. In
the first interval, the learning rate starts at 0, then increases linearly during
a number of warmup steps, up to a maximum learning rate value. A base
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learning rate, which linearly depends on the training batch size, is employed
to ensure the maximum learning rate is fixed at 0.01. Subsequently, the
learning rate is kept constant for the training epochs in the first interval,
then divided by 10 before entering each next interval. This results in the
step-like function observed in Figure 4.3.

Table 4.2: DMSLSTM parameters.

SLDB parameters

[mh,md,mw] [8, 8, 8]
# of training examples 16,168
# of evaluation examples 1,512
# of test examples 841

architecture parameters

[hh1, hh2] [64, 128]
dropout for hourly sub-network 0.2
[hd1, hd2] [64, 128]
dropout for daily sub-network 0.2
[hw1, hw2] [64, 128]
dropout for weekly sub-network 0.2
use-timestamps true
[uo1, uo2, uo3] [512, 128, 24]
DENSE activation functions [ReLU, ReLU, sigmoid]
forecast horizon 24
# of trainable parameters 689 K

training parameters

base learning rate 0.0025
batch size [128, 256, 512, 1,024]
# of training steps 1,580
warm-up steps 90
learning rate schedule (epochs) [5, 40, 80, 95]
# of epochs 100

The MSE was used as the training and evaluation loss function and is
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Figure 4.3: DMSLSTM Learning Rate Schedule. The learning rate starts at
0 and linearly increases during a given number of warmup steps up to a
maximum, or base learning rate. For a total of three different training
intervals, the learning rate is kept constant, then divided by 10 before
entering the next interval.

Figure 4.4: DMSLSTM Training Loss. The dotted line corresponds to the
loss metric on evaluation, which is calculated only once, when training is
completed.
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defined as

MSE =
1

n

n∑
i=1

(zi − ẑi)
2 (4.1)

The RMSE was used as an additional custom metric, via the metric fn

component of the TPUEstimator API, and is defined as

RMSE =

√√√√ 1

n

n∑
i=1

(zi − ẑi)2 (4.2)

Concerning hyperparameter optimization, I recovered for this DMSLSTM
multi-horizon forecasting model the collection of parameters obtained in pre-
vious experiments for the one-step-ahead version. This collection encom-
passes the selected values for [mh,md,mw], [hh1, hh2], [hd1, hd2], [hw1, hw2],
and [uo1, uo2, uo3]. Additionally, this multi-horizon version of DMSLSTM
was specifically optimized for the training batch size.

The model was trained 10 different times, or executions, for each para-
meter set. Figure 4.4 shows the behavior of the main loss metric (MSE)
over the training steps for one of the executions. The dotted line shows the
value of the error metric for the model evaluation at the end of the training
stage. In order to achieve high efficiency, training a model on TPUs is not
compatible with frequent evaluation of the model, as it regularly happens
when training on CPUs. The reason is starting the evaluation stage requires
completely stopping the training loop, including shut down the TPU. As the
time required to shut down and restart the TPU is usually higher than the
time consumed by one training loop, it is a good practice to schedule evalu-
ation, whenever possible, only at the check-pointing time, when the TPU is
required to shut down in order to save the model training progress.

4.3 Results and Discussion

This Section presents the baseline model used to evaluate the DMSLSTM
performance. On this basis, results achieved by DMSLSTM concerning fo-
recasting accuracy, computation times, and predictive performance degrada-
tion are discussed.
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4.3.1 Baseline

ARIMA (see Subsection 2.2.2) was selected as the baseline for evaluating
DMSLSTM results. To produce a fair comparison, considering the massive
computation capability that hardware accelerators provide to DMSLSTM,
a cloud-based implementation of ARIMA was prepared and executed. Big-
Query, the data warehouse service of GC, provides an optimized ARIMA
implementation in the SaaS service model. BigQuery’s modeling pipeline for
ARIMA includes robust functionalities such as handling duplicated times-
tamps by mean calculation, handling missing values by local linear interpo-
lation, detecting and cleaning spike and dip outliers, and using local calen-
dars to detect and adjust the holiday effect on forecasting. Consequently,
BigQuery’s ARIMA provides an advanced, fast, and optimized forecasting
model that is conveniently available on the SaaS mode and represents an
appropriate baseline for the experiments.

Table 4.3: ARIMA parametrization on BigQuery ML.

number of days in the training set 56
number of readings in the training set 1,344
number of parallel models trained 42
forecast horizon 24
confidence level 90%
AUTO ARIMA max order 5

Table 4.3 shows the parameter configuration used for fitting ARIMAmod-
els on BigQuery. For a given 24-hour-ahead forecast task, 7 weeks of previous
active power readings were used as the training dataset. This translates as
using 1,344 hourly readings for predicting the next 24 values. With this in-
formation, BigQuery produces up to 42 different ARIMA models by setting
different combinations of integer values for the p, q, and d parameters. Para-
meter values are tested starting at 0, 1, . . . up to the value defined by AUTO

ARIMA max order. All of the models are fit and evaluated in parallel, then
the model with the lowest value for the Akaike Information Criterion (AIC) is
selected as the winner and made available for prediction. At inference time,
the selected ARIMA model is called with a forecast horizon and a confidence
level as arguments. The forecast horizon defines the number of time steps in
the future the model predicts. The confidence level is the percentage value



4.3. Results and Discussion 73

that expresses how confident we are the real values observed in the future
will lie in the range defined by the prediction interval.

The above ARIMA parametrization was intended to keep the time re-
quired for fitting each model under 4 seconds. The reason for this constraint
is that, unlike DMSLSTMmodels which are trained once and used to produce
multiple inferences over long periods of time, ARIMA models are specifically
trained to predict only one forecast horizon. This results in many ARIMA
models competing against a single DMSLSTM model over the test time pe-
riod, which enhances ARIMA predictive performance and results in a more
balanced comparison. For instance, to produce daily predictions over a week,
I trained seven BigQuery ARIMA models, each one predicting 24 hourly time
steps ahead. Conversely, only one DMSLSTM model was trained to effec-
tively produce 24-hour ahead predictions over forecasting periods that range
from one day to three months.

4.3.2 Metrics

Three error metrics were used for DMSLSTM comparison with the base-
line: Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and
Symmetric Mean Absolute Percentage Error (SMAPE). MAE, delivers an
error value that is conveniently expressed in the same units as the predicted
variable. It is defined as follows:

MAE =
1

n

n∑
i=1

|ẑi − zi| (4.3)

RMSE is also expressed in the same units as the predicted variable, as de-
fined in 4.2. Due to its quadratic nature, it tends to grow larger than MAE
for sizable deviations with respect to the ground truth. This makes RMSE
especially useful to penalize outliers. Finally, SMAPE provides an intuitive,
percentage-based error metric that conveniently approximates Mean Abso-
lute Percentage Error (MAPE), without having the disadvantage of exploding
errors that emerge when values of the ground truth are close to zero. It is
defined as follows:

SMAPE =
100%

n

n∑
i=1

|ẑi − zi|
(|zi|+ |ẑi|)/2

(4.4)
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It is worth noticing that, due to the addition of absolute values in the de-
nominator, SMAPE tends to penalize under-forecasting slightly higher than
over-forecasting.

4.3.3 Forecasting Accuracy

Figures 4.5 to 4.11 show the predictive performance on a one-week period,
for daily predictions of active power produced by DMSLSTM and BigQuery
ARIMA. It is worth mentioning that the DMSLSTM figures and metrics in
the comparison come from the average of the ten training executions of the
model, and not from the best one. Table 4.4 summarizes the error metrics
obtained from inference on the first week of the test dataset. ARIMA metrics
come from the only execution of this baseline while DMSLSTM metrics are
average plus-minus the standard deviation of the executions set. The last
column in the table shows the change in the error metrics that results when
switching from the baseline to the implemented model, as a percentage of
the metric achieved by the baseline.

Figure 4.5: DMSLSTM vs. ARIMA vs. Real for Day 1. DMSLSTM shows
a higher capacity than ARIMA on the predictions from the first half of the
day.

DMSLSTM outperforms ARIMA on six of the seven days, with the ex-
ception of Day 4 (see Figure 4.8). For the days when DMSLSTM defeats the
baseline, important reductions in the error metrics are achieved from switch-
ing ARIMA for DMSLSTM: 18% to 60% for MAE, 18% to 57% for RMSE,
and 21% to 61% for SMAPE. Conversely, on the day that DMSLSTM does
not outperform the baseline, the error metrics growths due to switching from
ARIMA to DMSLSTM are significantly smaller: 2% for MAE, 3% for RMSE,
and 1% for SMAPE.
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Figure 4.6: DMSLSTM vs. ARIMA vs. Real for Day 2. DMSLSTM shows
a higher capacity than ARIMA from 07:00 to 09:00 hours and from 16:00 to
21:00 hours.

Figure 4.7: DMSLSTM vs. ARIMA vs. Real for Day 3. DMSLSTM shows
a higher capacity than ARIMA from 10:00 to 15:00 hours.

Figure 4.8: DMSLSTM vs. ARIMA vs. Real for Day 4. DMSLSTM shows
a lower capacity than ARIMA from 19:00 to 20:00 hours.
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Figure 4.9: DMSLSTM vs. ARIMA vs. Real for Day 5. DMSLSTM shows
a higher capacity than ARIMA from 06:00 to 13:00 hours.

Figure 4.10: DMSLSTM vs. ARIMA vs. Real for Day 6. DMSLSTM shows
a higher capacity than ARIMA from 07:00 to 18:00 hours.

Figure 4.11: DMSLSTM vs. ARIMA vs. Real for Day 7. DMSLSTM shows
a higher capacity than ARIMA for all of the predictions.
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Table 4.4: DMSLSTM Vs. ARIMA Comparison.

MAE

Interval ARIMA DMSLSTM ∆(%)

Day 1 76.3232 51.4102 ± 3.5676 -32.64
Day 2 104.6651 85.5390 ± 3.6049 -18.27
Day 3 59.6213 47.4907 ± 2.4059 -20.35
Day 4 47.9564 48.8155 ± 2.9000 1.79
Day 5 122.5390 89.2606 ± 3.9335 -27.16
Day 6 123.2520 85.3257 ± 4.4253 -30.77
Day 7 156.7935 62.1411 ± 3.6187 -60.37

RMSE

Interval ARIMA DMSLSTM ∆(%)

Day 1 96.6190 58.8745 ± 4.1009 -39.07
Day 2 130.3832 107.4322 ± 4.4043 -17.60
Day 3 78.7560 63.2627 ± 3.2333 -19.67
Day 4 59.1122 60.6888 ± 2.9308 2.67
Day 5 156.7504 117.4109 ± 4.6368 -25.10
Day 6 165.9855 104.4914 ± 6.2990 -37.05
Day 7 164.5955 70.1199 ± 2.9061 -57.40

SMAPE

Interval ARIMA DMSLSTM ∆(%)

Day 1 3.3754 2.1446 ± 0.1484 -36.46
Day 2 4.2182 3.3229 ± 0.1459 -21.22
Day 3 2.4816 1.9352 ± 0.1008 -22.02
Day 4 1.9413 1.9580 ± 0.1234 0.86
Day 5 5.0354 3.5931 ± 0.1573 -28.64
Day 6 5.3700 4.2671 ± 0.2278 -20.54
Day 7 6.9179 2.6683 ± 0.1651 -61.43
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As a common result, both DMSLSTM and ARIMA are able to capture
the daily pattern in the active power time series. However, DMSLSTM shows
a higher capacity that allows it to capture the short-term pattern better than
the baseline model. This is clearly appreciated on the first half of Day 1 (see
Figure 4.5), from 07:00 to 09:00 hours and from 16:00 to 21:00 hours of Day
2 (see Figure 4.6), from 10:00 to 15:00 hours of Day 3 (see Figure 4.7), from
06:00 to 13:00 hours of Day 5 (see Figure 4.9), from 07:00 to 18:00 hours
of Day 6 (see Figure 4.10), and all of the predictions of Day 7 (see Figure
4.11). This higher capacity is a result of the multiple-resolution sequences
DMSLSTM uses as input. It is less probable the augmented capacity comes
as a result of the consideration of time covariates (hour-of-day and day-of-
week indexes) as they are also employed by the baseline.

4.3.4 Computation Time

DMSLSTM was trained on a Cloud TPU node V3 with a peak computing
performance of 420 TFlOPS, at bfloat16 (see Figure 3.3). During training,
this massive capacity is mainly directed to the gradient computation and
weight updating operations. Therefore, the number of trainable parame-
ters in the forecasting model is crucial for assessing the time required in
cloud infrastructure to complete each training execution. and its sequential-
calculation nature due to the multiple LSTM layers in its architecture, the
cloud-based TPU implementation is able to train DMSLSTM for 100 epochs
of the reference dataset in just 24.6 seconds wall-time2. For comparison, I
trained this configuration of DMSLSTM without the TPU accelerator us-
ing a Google Cloud Compute Engine n1-standard-4 virtual instance with 4
Intel Haswell vCPUs and 16 GB RAM, in 2,424 seconds for 100 epochs of
the reference dataset, representing ×99 the time required by the proposed
infrastructure.

To properly compare the computation time of the model with the baseline,
it is important to take into consideration the different training and inference
approaches they apply. While ARIMA uses a specific training dataset to
fit a prediction function for a contiguous forecasting interval, DMSLSTM is
able to forecast time intervals that are not only next to the training dataset
but also far in the future. In other words, the computation time required to

2Elapsed real time, or wall-clock time is the time taken to complete the training process.
Training wall time is reported by TensorBoard and does not include the time spent on
evaluation or checkpoint-related operations.
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complete one training event for ARIMA is dedicated to forecasting a single
prediction interval, while the computation time spent in training DMSLSTM
once accounts for many prediction intervals. The number of forecasting in-
tervals, therefore the total computation time, required by the baseline to
match the usability of DMSLSTM depends on the forecasting scenario the
comparison is built upon. Table 4.5 shows a total of seven common use
cases for short-term forecasting in the electric power distribution field. For
each use case, the number of training events required by the baseline model
to achieve the forecasting goal is presented, along with the involved train-
ing computation time. According to the table, DMSLSTM outperforms the
baseline in computation time whenever more than a single, 24-hour forecas-
ting interval are required. For instance, training the baseline model a total
of 7 times to produce one 24-hour prediction interval for each day of one
week, requires 28 seconds, which is longer than the time required to train
DMSLSTM once. Moreover, the trained model can be used to predict much
more demanding common scenarios. The remainder of this Section is ded-
icated to discussing the predictive performance degradation of DMSLSTM
in two widely-used, short-term forecasting scenarios: daily predictions over
four weeks (28 inference executions) and hourly predictions over four weeks
(672 inference executions).

Table 4.5: DMSLSTM Vs. ARIMA Computation Time Comparison.

Number of DMSLSTM ARIMA
24-hour training training Forecasting

predictions time [s] time [s] use case

1 24.5889 ± 0.2471 4 Single prediction
7 (fixed) 28 Daily predictions over 1 week
14 (fixed) 56 Daily predictions over 2 weeks
24 (fixed) 96 Hourly predictions over 1 day
28 (fixed) 112 Daily predictions over 4 weeks
168 (fixed) 672 Hourly predictions over 1 week
672 (fixed) 2,688 Hourly predictions over 4 weeks

4.3.5 Predictive Performance Degradation

Besides forecasting accuracy and training computation time, another rele-
vant benchmark to assess the operation of an ML forecasting model is given
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by the rate at which its predictive quality degrades over time. This predic-
tive performance depends on the quality assured on all of the stages in the
ML life cycle: data selection, data preprocessing, feature engineering, model
parametrization, model training, and model evaluation. However, regardless
of the quality assurance at its different stages, any ML model will suffer from
performance degradation after being released. The reason is the model was
trained on a static time frame of data while the underlying distribution ex-
pressed in that data has a dynamic nature. This is equivalent to saying that
the model will render accurate predictions as long as the assumptions cap-
tured from past data are still relevant in the future. Therefore, continuous
evaluation of the model’s outcomes is required to ensure its reliability over
different time frames.

ML model retraining is the first step to counteract performance degrada-
tion. It basically consists of training a new model using an up-to-date input
dataset. Model retraining can be defined on a particular schedule (once a
week, for instance) or triggered by a specific event, such as a performance
metric value that falls below a given threshold or the availability of a new,
significant-sized input dataset. Nevertheless, if the dynamic of the process
that produces the data changes significantly, for instance, a reconfiguration
in the power distribution network for the active power dataset, retraining
a previous ML model on new data will not be sufficient. In such cases, a
deeper reformulation of the model, in the form of a new feature engineering,
a new architecture, or even a different algorithm set will be required to keep
the model functional.

As a result, whether the forecasting model is just retrained or entirely
redesigned, training it many times is a certain activity in the future. It
could be thought that, with a training computation time under 25 seconds,
the DMSLSTM model is apt to be retrained on a daily or even an hourly
fixed schedule. However, in day-to-day electric power distribution operations,
the real problem does not come from forecasting a single variable for a single
metering device but from the Big Data situation that emerges from predicting
dozens of variables for hundreds of meters. To estimate the massive volume
of the data that is produced along with the benchmark dataset it has to
be said that more than 30 electric variables, including three-phase-voltage,
three-phase-current, reactive power, frequency, power quality indexes, etc.,
are continuously reported by a standard substation meter. In addition, it is
usual for a power distribution operator to manage tens to hundreds of meters
at the substation level, which accounts for several thousand single-variable
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forecasting models to be constantly managed and monitored [Flores et al.,
2022]. As a result, despite its extremely reduced training time, DMSLSTM is
likely to be retrained following schedules in the range of once a week to once
every four weeks, which encompasses the typical model training frequencies
in mid- to large-sized electric power distribution operators.

In this context, to evaluate the predictive performance degradation of the
model I calculated two collections of 24-hour-ahead predictions distributed
over a four-week interval: the first collection consists of 28 predictions, each
one made at the start of a consecutive day in the four-week interval (rolling
day); and the second collection consists of 672 predictions, each one made at a
consecutive hour in the four-week interval (rolling hour). For each collection
of predictions MAE, RMSE, and SMAPE metrics were calculated. For each
error metric, the average of the corresponding baseline’s first-week values (see
Table 4.4) was calculated, then used as a threshold to classify the model’s
outcomes as better or worse with respect to the baseline.

Regarding the rolling-day collection of predictions, Figure 4.12a shows
that 27 out of 28 (96%) predictions produce MAE values lower than the
baseline’s first-week average. Figure 4.12b shows that 26 out of 28 (93%)
rolling-day predictions produce RMSE values lower than the baseline’s first-
week average. Finally, Figure 4.12c shows that 26 out of 28 (93%) rolling-day
predictions produce SMAPE values lower than the baseline’s first-week aver-
age. I conclude from this analysis that training DMSLSTM once, then using
the model for rolling-day predictions over a four-week interval predominantly
results in lower error metrics than forecasting with the baseline model. In
addition, the baseline model would require a training computation time of
close to 112 seconds to address the task, which is ×4.6 the time spent in
DMSLSTM’s training.

Regarding the rolling-hour collection of predictions, Figure 4.13a shows
that 549 out of 672 (82%) predictions produce MAE values lower than the
baseline’s first-week average. Figure 4.13b shows that 545 out of 672 (81%)
rolling-hour predictions produce RMSE values lower than the baseline’s first-
week average. Finally, Figure 4.13c shows that 565 out of 672 (84%) rolling-
hour predictions produce SMAPE values lower than the baseline’s first-week
average. I conclude from this analysis that training DMSLSTM once, then
using the model for rolling-hour predictions over a four-week interval pre-
dominantly results in lower error metrics than forecasting with the baseline
model. In addition, the baseline model would require a training computation
time of close to 2,688 seconds to address the task, which is ×109 the time
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(a) MAE.

(b) RMSE.

(c) SMAPE.

Figure 4.12: DMSLSTM metrics for 28 consecutive (rolling-day)
24-hour-ahead predictions. The dotted line shows the baseline’s first-week
average for each error metric.
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(a) MAE.

(b) RMSE.

(c) SMAPE.

Figure 4.13: DMSLSTM metrics for 672 consecutive (rolling-hour)
24-hour-ahead predictions. The dotted line shows the baseline’s first-week
average for each error metric.



84 Chapter 4. Deep Multi-Sequence LSTM Architecture

spent in training DMSLSTM.

Table 4.6: DMSLSTM Summarized Results.

Forecasting accuracy

Daily predictions over a week MAE average 67.14
Weekly MAE increment w.r.t baseline -32.0%
Daily predictions over a week RMSE average 74.51
Weekly RMSE increment w.r.t baseline -31.7%
Daily predictions over a week SMAPE average 2.84
Weekly SMAPE increment w.r.t baseline -32.2%

Computation time

# of trainable parameters 629 K
Training time with TPU acceleration (100 epochs) 24.59 s
Training time factor without TPU acceleration ×99
Training time factor for the baseline, 28 rolling-day predictions ×4.6
Training time factor for the baseline, 672 rolling-hour predictions ×109

Predictive performance degradation

Four-week rolling-day predictions with MAE below the baseline 96%
Four-week rolling-day predictions with RMSE below the baseline 93%
Four-week rolling-day predictions with SMAPE below the baseline 93%
Four-week rolling-hour predictions with MAE below the baseline 82%
Four-week rolling-hour predictions with RMSE below the baseline 81%
Four-week rolling-hour predictions with SMAPE below the baseline 84%

Summary

This Chapter presents in detail DMSLSTM, a DL architecture based on
stacked LSTM layers, parallel multi-sequence input, and date encoding that
produces multi-horizon predictions for a univariate forecasting problem. This
architecture was tested on an extensive dataset from the active power read-
ings of an urban substation metering device. The baseline model used for
evaluating DMSLSTM performance was a robust, cloud-based ARIMA im-
plementation from the GC BigQuery data warehousing service.

Table 4.6 summarizes the experimental study. Some important facts that
can be observed from that summary are:
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• DMSLSTM overperforms the baseline in forecasting accuracy and train-
ing computation time.

• DMSLSTM exceeds the baseline in two typical evaluations for predic-
tive performance degradation.

• TPU-based acceleration allows to train DMSLSTM ×99 faster than
CPUs.

• DMSLSTM’s predictive performance slightly degrades from one-week
to one-month intervals after training, although it still overperforms the
baseline’s first-week average.

The next Chapter presents the second neural network architecture se-
lected for TPU-based implementation: a Seq2Seq with attention TSF model
identified as EDSLSTM.
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Chapter 5

Sequence-to-Sequence with
Attention Architecture

This Chapter presents in detail the Encoder-Decoder with attention Stacked
Long Short-Term Memory (EDSLSTM) architecture that I designed and im-
plemented for local TSF. Section 5.1 presents related research work. Section
5.2 presents in detail the architecture and the parametrization of the model.
Section 5.3 presents the results achieved by EDSLSTM concerning forecas-
ting accuracy, computation times, and predictive performance degradation.

5.1 Related Work

The EDSLSTM forecasting model is based on the Sequence to Sequence
(Seq2Seq) architecture. It includes an encoder module, a decoder module,
and an attention mechanism (see Subsection 2.3.2). The Seq2Seq architecture
was originally developed for NLP applications [Sutskever et al., 2014], [Bah-
danau et al., 2014], [Luong et al., 2015], and has been successfully adapted
to the TSF problem.

[Cinar et al., 2017a] extend the original content attention, introduced by
Seq2Seq models for NLP problems, with an enhanced position-based attention
that incorporates the relative positions in the input and output sequences,
making the Seq2Seq architecture more suitable for TSF. [Fan et al., 2019]
propose an end-to-end DL framework for multi-horizon TSF with novel struc-
tures to better capture temporal patterns in the future. It includes a decoder
module based on bi-directional LSTM layers, and a combined temporal con-

87
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text feature that is produced by calculating the separated contribution of
different modalities (different periods of history) in the hidden state of each
prediction timestep.

For the case of multivariate TSF [Shih et al., 2019] propose a method
that allows capturing time-invariant patterns across multiple time steps. As
a result, this temporal pattern attention model learns not only the relevant
input timesteps (its contribution in predicting the output sequence) but also
the relevant input time series (or variables). To address this task, the authors
introduce 1-D CNN filters that extract temporal pattern information from
each individual variable. In the same direction, [Du et al., 2020] propose an
encoder-decoder architecture with temporal attention for multivariate TSF,
which comprises a bi-directional LSTM encoder network, a LSTM decoder
network, and a temporal attention mechanism that can select relevant en-
coder hidden states across all timesteps. The authors claim this architecture
is able to learn hidden long-term dependent features and non-linear correla-
tion features from the raw multivariate time series data.

[Kharlova et al., 2020] propose and evaluate a Seq2Seq model with atten-
tion to perform hourly, day-ahead forecasts of residential photovoltaic power
production. The authors show this model can leverage high-resolution his-
torical data by learning to forecast a time series of binned probability distri-
butions instead of expected values. [Sehovac and Grolinger, 2020] implement
a Seq2Seq with attention architecture applied to power load forecasting and
evaluate its prediction accuracy on several variants of the base RNN and the
attention mechanism. The authors found Badhanau attention [Bahdanau
et al., 2014] overperforms three variants of Luong attention [Luong et al.,
2015] for this particular problem. [Xu et al., 2021b] propose a novel archi-
tecture for TSF of water quality: they implement a factorization machine for
feature extraction of water quality time series data to obtain potential rela-
tionships between water quality features, and extend the traditional Seq2Seq,
GRU-based network with a dual attention mechanism that solves the prob-
lem of decoding distraction and long-range information loss. In a similar
direction, [Zhang et al., 2021] propose a hybrid architecture for short-term
forecasting of multi-energy loads in an integrated energy microgrid. The au-
thors use a CNN network to extract features of the input time series and
then a Seq2Seq, LSTM-based with attention network to improve forecasting
accuracy on multi-load (electricity, cooling, and heating) predictions.



5.2. Experimental Study 89

5.2 Experimental Study

This section presents the experimental study with the EDSLSTM architec-
ture. It discusses the electric power dataset used as the basis of the fore-
casting process. Later, it expands on the specifics of the forecasting model
architecture. Finally, it reports the model’s parametrization for the use case.

5.2.1 Dataset

To benchmark the EDSLSTM forecasting model, I used the same active
power, hourly resolution, urban substation meter dataset employed for DM-
SLSTM, as described in Subsection 4.2.1. As the time window specifications
for SLDB construction differ between DMSLSTM and EDSLSTM, the two
models’ resulting time intervals for training, evaluation, and test datasets are
not coincident. The main difference is in the sizes of the test datasets, with
841 example rows available for DMSLSTM and 2,121 example rows available
for EDSLSTM.

5.2.2 Architecture Description

Implementing the EDSLSTM architecture comprises, like in the DMSLSTM
case, three stages: Supervised-Learning DataBase (SLDB) generation, model
architecture definition, and model training. In the first stage, features, and
targets (or labels) are extracted from historical time series of electric power
load and stored in the corresponding SLDB. In the second stage, a specific
EDSLSTM architecture is defined on the basis of the input SLDB and the
model’s composite structure. Finally, in the third stage, the EDSLSTM is
trained on the SLDB and the resulting model is evaluated and deployed for
prediction.

Figure 5.1 illustrates the EDSLSTM architecture. The SLDB that pro-
vides an input for the EDSLSTM network is generated from the historical
record, at 1-hour resolution, of the active power measured at the substation
level and the embedding dimension m. The result is a collection of hourly-
based time windows of the form {z1, z2, . . . , zm} (see Subsection 2.1.1). Once
generated, the SLDB is serialized and persisted as a collection of example
rows, where each example row includes the following features:

• hourly : the adjacent-hour, m-sized delay vector that precedes the fore-
casting horizon label,
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Figure 5.1: Encoder-Decoder with attention Stacked LSTM Network
Architecture.
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• target : the active power value vector along the forecasting horizon,
assumed to be a function of its preceding delay vector.

The EDSLSTM network consists of three modules or sub-networks: the
encoder, the decoder, and the attention mechanism. The encoder mod-
ule is built with n stacked LSTM layers. All the encoder layers enci, i ∈
[0, 1, . . . , n − 1] are built with the same number h of hidden units. The en-
coder layer enci, i ∈ [0, 1, . . . , n−2] delivers its hidden stack hsenci , that is the
collection of hidden states for all of its timesteps, as input for the upstream
encoder layer enci+1. The uppermost encoder layer encn−1, passes its hidden
stack hsencn−1 as input for the attention module. It also passes the hidden state
of its last timestep as input for the decoder module, and both the hidden
state and the cell state of its last timestep, represented in the illustration as
lsencn−1, as the initial state for the lowermost decoder layer dec0.

Same as the encoder, the decoder module is built with n stacked LSTM
layers. All the decoder layers deci, i ∈ [0, 1, . . . , n−1] are built with the same
number h of hidden units. The decoder layer deci, i ∈ [0, 1, . . . , n−2] delivers
its hidden stack hsdeci , as input for the upstream decoder layer deci+1. The
hidden state in the last timestep of encn−1 is repeated along the time axis
a number of times equal to the number of target timesteps, then passed as
input to the lowermost decoder layer dec0. This decoder layer also passes
its hidden stack hsdec0 as input for the attention mechanism. The uppermost
decoder layer decn−1 delivers its hidden stack hsdecn−1 as output of the decoder
module.

The attention mechanism learns the separated contribution that each ele-
ment of the encoded sequence has in calculating each element of the decoded
sequence. In other words, it allows the computation of each element in the
lowermost decoder layer’s state by attending to all of the elements (the hidden
stack) in the uppermost encoder layer’s state, and not only to the last hidden
state, as it happens with traditional Seq2Seq architectures. To address this
task, alignment scores are calculated as

alignment = hsdec0 · hsencn−1 (5.1)

The softmax activation function is applied to the alignment scores to learn the
attention weights matrix as a probability distribution. Then, context vectors
for each timestep in the network state are calculated as the dot product of
the hidden stack in the uppermost encoder layer’s state with the alignment
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scores. Finally, the global context is calculated by adding up the context
vectors as:

context =
n−1∑
j=0

hsencn−1 j · alignmentj (5.2)

where j denotes the index in the timestep axis of the hidden stack.
When using a standard Seq2Seq architecture, the hidden state at the

decoder’s output is projected to the target dimension using a dense neural
network layer that is time-distributed along the timesteps in the forecast hori-
zon. In a Seq2Seq with attention architecture, like EDSLSTM, the hidden
state at the decoder’s output is concatenated with the context to generate
an attention-based decoder output, which is finally projected to the forecast
horizon. As a result, the calculation of each timestep in the prediction se-
quence is affected by the attention weights on all of the elements in the input
sequence. It is worth mentioning that, in order to stabilize and speed up the
training process, batch normalization [Ioffe and Szegedy, 2015] was applied
to standardize the last hidden state and the last cell state of the uppermost
layer in the encoder, as well as the global context.

5.2.3 Model Parametrization

The EDSLSTM model parametrization is summarized in Table 5.1. The
model was trained using the Adam optimizer, as described in [Kingma and
Ba, 2015], with β1 = 0.9, β2 = 0.999, and ϵ = 10−8. For the learning rate, a
custom schedule was used to help stabilize the learning process. This schedule
was implemented as a succession of intervals measured in training epochs. In
the first interval, the learning rate starts at 0, then increases linearly during
a number of warmup steps, up to the base learning rate value. The base
learning rate linearly depends on the training batch size, and its value is
adjusted to be equal to 0.01 at a batch size of 256, 0.005 at a batch size
of 512, and so on. Subsequently, the learning rate is kept constant for the
training epochs in the first interval, then divided by 10 before entering each
next interval. This results in the step-like behavior observed in Figure 5.2.
The MSE was used as the training and evaluation loss function. The RMSE
was used as an additional custom metric, via the metric fn component of
the TPUEstimator API.

Concerning hyperparameter optimization, grid-search processes were con-
ducted for the number of layers in the encoder and the number of layers in
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Table 5.1: EDSLSTM parameters.

SLDB parameters

context timesteps 64
target timesteps 24
# of training examples 17,448
# of evaluation examples 2,792
# of test examples 2,121

architecture parameters

number of layers [2, 3]
number of hidden units 256
activation function ELU
dropout 0.2
recurrent dropout 0.2
momentum (hidden state) 0.6
momentum (cell state) 0.6
context momentum 0.6
DENSE structure [1]
DENSE activation function [sigmoid]
forecast horizon 24
# of trainable parameters 2.3 M

training parameters

base learning rate [0.001, 0.002, 0.003, 0.004, 0.005]
learning rate schedule steps [5, 15, 18, 20]
batch size 256
# of training steps 1,340
warm-up steps 280
# of epochs 20
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Figure 5.2: EDSLSTM Learning Rate Schedule. The learning rate starts at
0 and linearly increases during a given number of warmup steps up to a
maximum, or base learning rate. For a total of three different training
intervals, the learning rate is kept constant, then divided by 10 before
entering the next interval.

Figure 5.3: EDSLSTM Training Loss. The dotted line corresponds to the
loss metric on evaluation, which is calculated only once, when training is
completed.
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the decoder (architecture parameters) and for the base learning rate (train-
ing parameter) as indicated in Table 5.1. The remaining hyperparameters
were selected according to experiments reported in the literature for simi-
lar neural network architectures applied to electric power load forecasting,
particularly from [Sehovac and Grolinger, 2020]. The model was trained 10
different times, or executions, for each parameter set. Figure 5.3 shows the
behavior of the main loss metric (MSE) over the training steps for one of the
executions of the selected configuration. The dotted line shows the value of
the error metric for the model evaluation at the end of the training stage. In
order to achieve high efficiency, training a model on TPUs is not compatible
with frequent evaluation, as it regularly happens with CPU-based training.
The reason is starting the evaluation stage requires completely stopping the
training loop, including shut down the TPU. As the time required to shut
down and restart the TPU is usually higher than the time consumed by one
training loop, it is a good practice to schedule evaluation, whenever possible,
only at the check-pointing time, when the TPU is required to shut down in
order to save the model training progress.

5.3 Results and Discussion

This Section presents the baseline used for evaluating EDSLSTM perfor-
mance. It also discusses the results of the model concerning forecasting
accuracy, computation times, and predictive performance degradation.

5.3.1 Baseline

As in the DMSLSTM case, BigQuery’s ARIMA implementation was used to
provide a baseline for evaluating EDSLSTM results. The BigQuery’s ARIMA
parametrization is detailed in Subsection 4.3.1. As previously stated, this
parametrization was intended to keep the time required for fitting each model
under 4 seconds.

5.3.2 Metrics

Three error metrics were used for EDSLSTM comparison with the baseline:
MAE (4.1), RMSE (4.2), and SMAPE (4.4).
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5.3.3 Forecasting Accuracy

Figures 5.4 to 5.10 show the predictive performance on a one-week period,
for daily predictions of active power produced by the model and BigQuery’s
ARIMA. It is worth mentioning that the EDSLSTM figures and metrics in
the comparison come from the average of the ten training executions of the
model, and not from the best one. Table 5.2 summarizes the error metrics
obtained from inference on the first week of the test dataset. ARIMA metrics
come from the only execution of this baseline while EDSLSTM metrics are
average plus-minus the standard deviation of the executions set. The last
column in the table shows the change in the error metrics that results when
switching from the baseline to EDSLSTM, as a percentage of the metric
achieved by the baseline.

Figure 5.4: EDSLSTM vs. ARIMA vs. Real for Day 1. ARIMA shows a
higher capacity than EDSLSTM from 17:00 to 19:00 hours and from 12:00
to 15:00 hours.

EDSLSTM outperforms ARIMA on five of the seven days, with the excep-
tion of Day 1 (see Figure 5.4) and Day 5 (see Figure 5.8). For the days when
EDSLSTM defeats the baseline, important reductions in the error metrics
are achieved from switching ARIMA for EDSLSTM: 19% to 66% for MAE,
24% to 60% for RMSE, and 22% to 68% for SMAPE. Conversely, on the days
that EDSLSTM does not outperform the baseline, the error metrics growths
due to switching from ARIMA to EDSLSTM are significantly smaller: 14%
to 28% for MAE, 2% to 35% for RMSE, and 10% to 17% for SMAPE.

As a common result, both EDSLSTM and ARIMA are able to capture
the daily pattern in the active power time series. However, EDSLSTM shows
a higher capacity that allows it to capture the short-term pattern better than
the baseline model. This is clearly appreciated from 16:00 to 20:00 hours and
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Figure 5.5: EDSLSTM vs. ARIMA vs. Real for Day 2. EDSLSTM
outperforms ARIMA from 16:00 to 20:00 hours and from 11:00 to 15:00
hours.

Figure 5.6: EDSLSTM vs. ARIMA vs. Real for Day 3. EDSLSTM
outperforms ARIMA from 22:00 to 15:00 hours.

Figure 5.7: EDSLSTM vs. ARIMA vs. Real for Day 1. EDSLSTM
outperforms ARIMA from 18:00 to 15:00 hours.
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Figure 5.8: EDSLSTM vs. ARIMA vs. Real for Day 5. ARIMA shows a
higher capacity than EDSLSTM in the last hours of the day, after its
outlier-removal functionality was applied at the 07:00 hours reading.

Figure 5.9: EDSLSTM vs. ARIMA vs. Real for Day 6. EDSLSTM
outperforms ARIMA from 04:00 to 15:00 hours.

Figure 5.10: EDSLSTM vs. ARIMA vs. Real for Day 7. EDSLSTM
outperforms ARIMA from 21:00 to 09:00 hours.



5.3. Results and Discussion 99

Table 5.2: EDSLSTM Vs. ARIMA Comparison.

MAE

Interval ARIMA EDSLSTM ∆(%)

Day 1 42.7504 54.5234 ± 2.3951 27.54
Day 2 94.4938 63.8401 ± 4.0132 -32.44
Day 3 146.2935 65.6171 ± 4.4611 -55.15
Day 4 160.2514 55.0586 ± 5.6558 -65.64
Day 5 104.5032 118.6643 ± 4.6559 13.55
Day 6 71.7451 55.7155 ± 16.8942 -22.34
Day 7 81.3132 66.2347 ± 4.3673 -18.54

RMSE

Interval ARIMA EDSLSTM ∆(%)

Day 1 54.8031 73.7896 ± 2.5624 34.64
Day 2 112.5502 70.4892 ± 3.7769 -37.37
Day 3 199.6776 92.3386 ± 11.6959 -53.76
Day 4 167.9489 66.9185 ± 6.9864 -60.16
Day 5 164.4347 168.3410 ± 4.4768 2.38
Day 6 94.2247 67.6061 ± 18.6421 -28.25
Day 7 102.9821 78.0422 ± 5.2829 -24.22

SMAPE

Interval ARIMA EDSLSTM ∆(%)

Day 1 1.7587 2.0528 ± 0.0971 16.72
Day 2 3.6541 2.5696 ± 0.1727 -29.68
Day 3 6.0585 2.6614 ± 0.1491 -56.07
Day 4 7.2724 2.3029 ± 0.2539 -68.33
Day 5 4.2612 4.6691 ± 0.1741 9.57
Day 6 2.9962 2.2712 ± 0.7302 -24.20
Day 7 3.6075 2.8146 ± 0.1797 -21.98
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from 11:00 to 15:00 hours of Day 2 (see Figure 5.5), from 22:00 to 15:00 hours
of Day 3 (see Figure 5.6), from 18:00 to 15:00 hours of Day 4 (see Figure
5.7), from 04:00 to 15:00 hours of Day 6 (see Figure 5.9), and from 21:00 to
09:00 hours of Day 7 (see Figure 5.10).

5.3.4 Computation Time

Computation time for a DL model is mainly defined by the number of train-
able parameters in its architecture. EDSLSTM is a particularly heavy model:
with close to 2.3 million trainable parameters and six sequential-calculation
LSTM layers, it represents a challenge for a typical training infrastructure.
Nevertheless, the cloud-based TPU implementation is able to train ED-
SLSTM for 20 epochs of the reference dataset in just 28.6 seconds of wall
time. For comparison, I trained this configuration of EDSLSTM without the
TPU accelerator using a Google Cloud Compute Engine n1-standard-4 vir-
tual instance with 4 Intel Haswell vCPUs and 16 GB RAM, in 528 seconds
for one epoch of the reference dataset, representing ×369 the time required
by the proposed infrastructure. It is worth to mention it was not possible to
train EDSLSTM for a longer period without using TPU acceleration, as the
training process crashed several times due to excessive CPU utilization.

Table 5.3: EDSLSTM Vs. ARIMA Computation Time Comparison.

Number of
24-hour

predictions EDSLSTM ARIMA Use case

1 28.6380 ± 0.0341 4 Single prediction
7 (fixed) 28 Daily predictions over a week
14 (fixed) 56 Daily predictions over two weeks
24 (fixed) 96 Hourly predictions over a day
28 (fixed) 112 Daily predictions over four weeks
168 (fixed) 672 Hourly predictions over a week
672 (fixed) 2,688 Hourly predictions over four weeks

To properly compare the computation time of EDSLSTM with the base-
line, it is important to take into consideration the different training and
inference approaches they apply. I addressed the basics of these approaches
and their repercussions on the benchmark evaluation on Subsection 4.3.4.
Table 5.3 shows a total of seven common use cases for short-term forecas-



5.3. Results and Discussion 101

ting in the electric power distribution field. For each use case, the number
of training events required by the baseline model to achieve the forecasting
goal is presented, along with the involved training computation time. Ac-
cording to the table, EDSLSTM outperforms the baseline in computation
time whenever more than seven 24-hour forecasting intervals are required.
For instance, training the baseline model a total of 14 times to produce one
24-hour prediction interval for each day of two weeks, requires 56 seconds,
which is more than the time required to train EDSLSTM once. Moreover, the
trained model can be used to predict much more demanding common scenar-
ios. The remainder of this Section is dedicated to discussing the predictive
performance of EDSLSTM in two widely-used, short-term forecasting scenar-
ios: daily predictions over four weeks (28 inference executions) and hourly
predictions over four weeks (672 inference executions).

5.3.5 Predictive Performance Degradation

As in the DMSLSTM case, I evaluated the predictive performance degra-
dation of EDSLSTM using two collections of 24-hour-ahead predictions dis-
tributed over a four-week interval: the first collection consists of 28 predic-
tions, each one made at the start of a consecutive day in the four-week interval
(rolling day); and the second collection consists of 672 predictions, each one
made at a consecutive hour in the four-week interval (rolling hour). For each
collection of predictions MAE, RMSE, and SMAPE metrics were calculated.
For each error metric, the average of the corresponding baseline’s first-week
values (see Table 5.2) was calculated, then used as a threshold to classify
EDSLSTM’s outcomes as better or worse with respect to the baseline.

Regarding the rolling-day collection of predictions, Figure 5.11a shows
that 21 out of 28 (75%) predictions produce MAE values lower than the
baseline’s first-week average. Figure 5.11b shows that 22 out of 28 (79%)
rolling-day predictions produce RMSE values lower than the baseline’s first-
week average. Finally, Figure 5.11c shows that 23 out of 28 (82%) rolling-
day predictions produce SMAPE values lower than the baseline’s first-week
average. I conclude from this analysis that training EDSLSTM once, then
using the model for rolling-day predictions over a four-week interval mostly
results in lower error metrics than forecasting with the baseline model. In
addition, the baseline model would require a training computation time of
close to 112 seconds to address the task, which is ×3.9 the time spent in
training EDSLSTM.
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(a) MAE.

(b) RMSE.

(c) SMAPE.

Figure 5.11: EDSLSTM metrics for 28 consecutive (rolling-day)
24-hour-ahead predictions. The dotted line shows the baseline’s first-week
average for each error metric.
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(a) MAE.

(b) RMSE.

(c) SMAPE.

Figure 5.12: EDSLSTM metrics for 672 consecutive (rolling-hour)
24-hour-ahead predictions. The dotted line shows the baseline’s first-week
average for each error metric.
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Regarding the rolling-hour collection of predictions, Figure 5.12a shows
that 486 out of 672 (72%) predictions produce MAE values lower than the
baseline’s first-week average. Figure 5.12b shows that 539 out of 672 (80%)
rolling-hour predictions produce RMSE values lower than the baseline’s first-
week average. Finally, Figure 5.12c shows that 538 out of 672 (80%) rolling-
hour predictions produce SMAPE values lower than the baseline’s first-week
average. I conclude from this analysis that training EDSLSTM once, then
using the model for rolling-hour predictions over a four-week interval mostly
results in lower error metrics than forecasting with the baseline model. In
addition, the baseline model would require a training computation time of
close to 2,688 seconds to address the task, which is ×94 the time spent in
training EDSLSTM.

Table 5.4: EDSLSTM Summarized Results.

Forecasting accuracy

Daily predictions over a week MAE average 68.52
Weekly MAE increment w.r.t baseline -31.6%
Daily predictions over a week RMSE average 88.22
Weekly RMSE increment w.r.t baseline -31.1%
Daily predictions over a week SMAPE average 2.76
Weekly SMAPE increment w.r.t baseline -34.7%

Computation time

Number of trainable parameters 2.3 M
Training time with TPU acceleration (20 epochs) 28.64 s
Training time factor without TPU acceleration ×369
Training time factor for the baseline, 28 rolling-day predictions ×3.9
Training time factor for the baseline, 672 rolling-hour predictions ×94

Predictive performance degradation

Four-week rolling-day predictions with MAE below the baseline 75%
Four-week rolling-day predictions with RMSE below the baseline 79%
Four-week rolling-day predictions with SMAPE below the baseline 82%
Four-week rolling-hour predictions with MAE below the baseline 72%
Four-week rolling-hour predictions with RMSE below the baseline 80%
Four-week rolling-hour predictions with SMAPE below the baseline 80%
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Summary

This Chapter presents in detail EDSLSTM, a deep, encoder-decoder, LSTM-
based architecture with attention mechanism that produces multi-horizon
predictions for a univariate forecasting problem. This architecture was tested
on an extensive dataset from the active power readings of an urban substa-
tion metering device. The baseline model used for evaluating EDSLSTM
performance was a robust, cloud-based ARIMA implementation from the
GC BigQuery data warehousing service.

Table 5.4 summarizes the experimental study. Some important facts that
can be observed from that summary are:

• EDSLSTM overperforms the baseline in forecasting accuracy and train-
ing computation time.

• EDSLSTM exceeds the baseline in two typical evaluations for predictive
performance degradation.

• TPU-based acceleration allows to train EDSLSTM ×369 faster than
CPUs.

• Conversely to DMSLSTM, EDSLSTM’s predictive performance does
not degrade from one-week to one-month intervals after training. This
can be attributed to its longer input window and recurrent hidden state,
as well as its attention mechanism.

The next Chapter presents the third neural network architecture selected
for TPU-based implementation: a self-attention-based, deep transformer for
TSF identified as BSCTRFM.
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Chapter 6

Transformer Architecture for
Local Forecasting

This Chapter presents in detail the Basic Transformer (BSCTRFM) archi-
tecture that I adapted and implemented for local TSF. Section 6.1 presents
previous research work concerning the application of Transformer-based ar-
chitectures for TSF. Section 6.2 presents in detail the architecture and the
parametrization of the model. Section 6.3 presents the results achieved by
BSCTRFM concerning forecasting accuracy, computation times, and predic-
tive performance degradation.

6.1 Related Work

BSCTRFM is a DL model that implements the functionality of the origi-
nal Transformer neural network [Vaswani et al., 2017] for multi-step, local,
univariate TSF applications. The Transformer architecture provides impor-
tant advantages for modeling Seq2Seq problems, such as capturing long-term
dependencies from the data and allowing high-extent parallelization (see Sub-
section 2.3.3). For this reason, a number of TSF models that deliver state-
of-the-art results have been developed on the basis of this neural network.

The Deep Transformer [Wu et al., 2020a] implements the basic archi-
tecture of the original NLP transformer [Vaswani et al., 2017] adapted to
the TSF domain, providing a practical context to discuss further model
improvements. This Transformer includes an encoder-decoder architecture,
multiple layers featuring multi-head, full self-attention, layer normalization,

107
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residual connections, and an iterative strategy for multi-horizon prediction.
The Temporal Fusion Transformer [Lim et al., 2021] implements an in-
terpretable MHA block on top of a Seq2Seq, LSTM-based encoder-decoder.
This two-layer architecture is able to learn both short- and long-term de-
pendencies on time series data. It uses a direct strategy for multi-horizon
forecasting and can learn regime-specific temporal dynamics from time series.

Among the TSF research projects focused on the Transformer architecture
a significant subset comprises projects that improve the Transformer perfor-
mance by replacing the canonical, dense-matrix, full self-attention mecha-
nism with different sparse-matrix attention mechanisms. The LogSparse

Transformer [Li et al., 2019b] implements a decoder-only architecture that
employs convolutional self-attention to provide queries and keys with en-
hanced locality knowledge. It also introduces LogSparse self-attention, which
reduces the transformer complexity from O(L2) to O(L(logL)2), where L is
the input sequence length. The Adversarial Sparse Transformer [Wu
et al., 2020b] implements a sparse attention mechanism by replacing the
softmax activation function in the attention heads with the α-entmax ac-
tivation. It uses an encoder-decoder architecture for primary forecasting
tasks and further utilizes it as the generator of a GAN. The discrimina-
tor of the GAN is trained with predicted and ground truth time series that
classifies them as generated or real. A composite loss function, including
the generator and the discriminator losses, is optimized during adversarial
training of the complete network. This training mitigates the error accumu-
lation on further iterative inference. The Informer [Zhou et al., 2021] pro-
poses ProbSparse self-attention which reduces the Transformer complexity to
O(L(logL)), where L is the input sequence length. It also introduces a self-
attention distilling operation across the Transformer layers, that decreases
memory usage, and a generative-style decoder produces all the prediction
outputs with only one forward step.

A recent research line of Transformer-based TSF includes projects imple-
menting series decomposition as a built-in block of the Transformer architec-
ture that radically modifies the canonical or sparse self-attention mechanism.
The Autoformer [Xu et al., 2021c] introduces time series decomposition to
seasonal and trend-cyclical sub-series as an internal operation of the forecas-
ting model. It also replaces self-attention with an Auto-Correlation mech-
anism, which focuses on period-based relationships at the sub-series level.
The ETSformer [Woo et al., 2022] replaces self-attention with exponential
smoothing attention and frequency attention and also redesigns the Trans-
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former architecture with modular decomposition blocks that allow the model
to learn to decompose the time series into interpretable components.

6.2 Experimental Study

This section presents the experimental study with the BSCTRFM architec-
ture. It discusses the electric power dataset used in the forecasting process.
Later, it expands on the specifics of the model architecture. Finally, it reports
the model’s parametrization for the use case.

6.2.1 Dataset

To benchmark the BSCTRFM forecasting model, I used the same active
power, hourly resolution, urban substation meter dataset employed for DM-
SLSTM and EDSLSTM, as described in Subsection 4.2.1. As the time win-
dow specifications for BSCTRFM SLDB construction differ between DM-
SLSTM and EDSLSTM, the three models’ resulting time intervals for train-
ing, evaluation, and test datasets are not coincident. The main difference is
in the sizes of the test datasets, with 841 example rows available for DM-
SLSTM, 2,121 example rows available for EDSLSTM, and 1,873 example
rows available for BSCTRFM.

6.2.2 Architecture Description

Implementing the BSCTRFM architecture comprises, like in the DMSLSTM
and EDSLSTM cases, three stages: Supervised-Learning DataBase (SLDB)
generation, model architecture definition, and model training. In the first
stage, features, and targets (or labels) are extracted from historical time
series of electric power load and stored in the corresponding SLDB. In the
second stage, a specific BSCTRFM architecture is defined on the basis of the
input SLDB and the model’s composite structure. Finally, in the third stage,
the BSCTRFM is trained on the SLDB and the resulting model is evaluated
and deployed for prediction.

Figure 6.1 illustrates the BSCTRFM architecture for local forecasting.
The SLDB that provides an input for the BSCTRFM network is generated
from the historical record, at 1-hour resolution, of the active power mea-
sured at the substation level and the embedding dimension m. The result
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Figure 6.1: BSCTRFM Network Architecture for Local Forecasting.
Adapted from Figure 2.9. The gray boxes labeled Encoder Layer 2 and
Decoder Layer 2 have identical internal structures as their corresponding
downstream layers.
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is a collection of hourly-based time windows of the form {z1, z2, . . . , zm} (see
Subsection 2.1.1). Once generated, the SLDB is serialized and persisted as
a collection of example rows, where each example row includes the following
features:

• encoder input : the adjacent-hour, m-sized delay vector of active power
readings that is fed to the encoder object,

• encoder input date-time encoding : a (m, 4) vector that encodes the
date-time values of the encoder input sequence.

• decoder input : the adjacent-hour, m-sized delay vector of active power
readings that is fed to the decoder object,

• decoder input date-time encoding : a (m, 4) vector that encodes the
date-time values of the decoder input sequence.

• target : the active power value vector along the forecasting horizon, as-
sumed to be a function of the encoder and decoder input delay vectors.

Each timestep date-time value is encoded in a 4D vector datetimeenc obtained
from the following equation:

datetimeenc = (sin(
2πhD

24
), cos(

2πhD

24
), sin(

2πdW
7

), cos(
2πdW
7

)) (6.1)

where hD is a consecutive integer that identifies the hour of the day when
the observation was acquired (0-23), and dW is a consecutive integer that
identifies the day of the week when the observation was acquired (0-6).

The BSCTRFM network consists of two objects or sub-networks: the
encoder object (left column in the figure) and the decoder object (right col-
umn). Also, three types of MHA components are managed into those objects:
causal self-attention, global self-attention, and cross-attention (see Subsec-
tion 2.3.3).

The decoder object mainly processes the decoder input delay vector to
fit it against the target (also referred to as label) vector. The causal self-
attention comprises the lowermost MHA component shown in the decoder
layer (Masked MHA) as well as the add-and-normalization layer on top of
it. It takes the concatenation of the decoder input {zi,e, zi,e+1, . . . , zi,e+d} and
the datetimeenc vectors along the decoder input (the dynamic covariates xi)
as the queries, keys, and values for the self-attention operation. Based on this
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information, the decoder layer, and therefore the decoder object, contribute
to fitting the model to output the target sequence {zi,e+1, zi,e+2, . . . , zi,e+d+1}.
As a result, zi,e+d+1, which is the only unseen value for each example row, is
predicted.

Two important facts deserve to be emphasized from the above operation:
First, the causal self-attention has to be masked with a look-ahead only
mask (a lower triangular matrix with zero-value coefficients over the main
diagonal) to avoid leaking future information when predicting the value of the
sequence at an earlier time step. Second, relevant autoregressive, decoder-
only Transformer models for TSF that employ causal self-attention only, in
conjunction with other specialized components, have reported state-of-the-
art results, as in [Li et al., 2019b].

The encoder object mainly processes the encoder input delay vector to
generate a more robust, augmented context for the decoder object operation.
The global self-attention encompasses the MHA component in the encoder
layer as well as the add-and-normalization layer on top of it. It takes the
concatenation of the encoder input {zi,0, zi,1, . . . , zi,e} and the datetimeenc
vectors along with the encoder input (the dynamic covariates xi) as the
queries, keys, and values for the self-attention operation. Based on this in-
formation, the encoder layer, and therefore the encoder object, contribute to
fitting the model by passing the encoder output (augmented context) as the
keys and values for the cross-attention component. In other words, instead of
using the decoder input as the only context for the decoder sub-network (as
it happens with autoregressive, decoder-only Transformers), global attention
generates a wider context based on encoder input sequences that take into
consideration the information further in the past.

Finally, the cross-attention comprises the uppermost MHA component in
the decoder layer as well as the add-and-normalization layer on top of it.
Its self-attention operation is performed by taking the output of the causal
attention as the queries, and the output of the global attention as the keys and
values. To complete the training graph, the output of the uppermost decoder
layer in the decoder sub-network is projected back to the dimensionality of
the target using a multi-layer, dense neural network.

6.2.3 Model Parametrization

The model’s parametrization is summarized in Table 6.1. I trained BSC-
TRFM using the Adam optimizer [Kingma and Ba, 2015] with β1 = 0.9,
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Table 6.1: BSCTRFM parameters.

SLDB parameters

context window 168
# of training examples 17,200
# of evaluation examples 2,544
# of test examples 1,873

architecture parameters

input dropout 0.1
encoder input length 168
decoder input length 168
model dimension dmodel 256
number of attention heads 4
number of layers 2
feed-forward dimension dff 512
layer dropout 0.2
DENSE structure [64, 8, 1]
DENSE activation functions [ReLU, ReLU, sigmoid]
forecast horizon 24
# of trainable parameters 2.7 M

training parameters

learning rate schedule exp1 -0.5
learning rate schedule exp2 -0.85
batch size [128, 256, 512, 1024]
# of training steps [4800, 2,400, 1200, 600]
# of epochs 36
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Figure 6.2: BSCTRFM Learning Rate Schedule. The learning rate starts at
0 and linearly increases during a given number of warmup steps, then it
decreases proportionally to the inverse square root of the step number.

Figure 6.3: BSCTRFM Training Loss. The dotted line corresponds to the
loss metric on evaluation, which is calculated only once, when training is
completed.
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β2 = 0.98, and ϵ = 10−8, and a custom learning rate lrate = dexp1model ·
min(step numexp2 , step num · warmup stepsexp2−1) which results in increas-
ing the learning rate linearly for the first warmup steps training steps, and
decreasing it thereafter proportionally to the inverse of the 1

exp2
root of the

step number [Vaswani et al., 2017]. This learning rate schedule is shown in
Figure 6.2. The MSE was used as the training and evaluation loss function.
The RMSE was used as an additional custom metric, via the metric fn

component of the TPUEstimator API.

I used a grid search to tune a couple of training hyperparameters: learning
rate and training batch size. As previously stated, the learning rate is given
by a custom schedule that is a function of the number of warmup steps, the
model dimension, and the current training step, then the number of warmup
steps was the variable that defined the grid search. The number of epochs
was fixed to 36 by modifying the batch size according to the total training
steps, approximately ×12 the warmup steps.

BSCTRFM was trained 10 different times, or executions, for each para-
meter set. Figure 6.3 shows the behavior of the main loss metric (MSE) over
the training steps for one of the executions of the selected configuration. The
dotted line shows the value of the error metric for the model evaluation at
the end of the training stage. In order to achieve high efficiency, training a
model on TPUs is not compatible with frequent evaluation, as it regularly
happens with CPU-based training. The reason is starting the evaluation
stage requires completely stopping the training loop, including shut down
the TPU. As the time required to shut down and restart the TPU is usually
higher than the time consumed by one training loop, it is a good practice
to schedule evaluation, whenever possible, only at the check-pointing time,
when the TPU is required to shut down in order to save the model training
progress.

6.3 Results and Discussion

This Section presents the baseline used for evaluating BSCTRFM perfor-
mance. It also discusses the results of the model concerning forecasting
accuracy, computation times, and predictive performance degradation.
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6.3.1 Baseline

As in the DMSLSTM and EDSLSTM cases, BigQuery’s ARIMA implemen-
tation was used to provide a baseline for evaluating BSCTRFM results. The
BigQuery’s ARIMA parametrization is detailed in Subsection 4.3.1. As pre-
viously stated, this parametrization was intended to keep the time required
for fitting each model under 4 seconds.

6.3.2 Metrics

Three error metrics were used for BSCTRFM comparison with the baseline:
MAE (4.1), RMSE (4.2), and SMAPE (4.4).

6.3.3 Forecasting Accuracy

Figures 6.4 to 6.10 show the predictive performance on a one-week period,
for daily predictions of active power produced by BSCTRFM and BigQuery
ARIMA. It is worth mentioning that the BSCTRFM figures and metrics in
the comparison come from the average of the ten training executions of the
model, and not from the best one.

Figure 6.4: BSCTRFM vs. ARIMA vs. Real for Day 1. BSCTRFM
outperforms ARIMA from 09:00 to 22:00 hours.

Table 6.2 summarizes the error metrics obtained from inference on the
first week of the test dataset. ARIMA metrics come from the only execution
of this baseline while EDSLSTM metrics are average plus-minus the standard
deviation of the executions set. The last column in the table shows the
change in the error metrics that results when switching from the baseline to
BSCTRFM, as a percentage of the metric achieved by the baseline.
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Figure 6.5: BSCTRFM vs. ARIMA vs. Real for Day 2. BSCTRFM
outperforms ARIMA from 23:00 to 08:00 hours. ARIMA is better from
13:00 to 17:00 hours.

Figure 6.6: BSCTRFM vs. ARIMA vs. Real for Day 3. BSCTRFM
outperforms ARIMA from 00:00 to 09:00 hours. ARIMA is better for the
rest of the day.

Figure 6.7: BSCTRFM vs. ARIMA vs. Real for Day 4. BSCTRFM
outperforms ARIMA from 03:00 to 09:00 hours.
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Figure 6.8: BSCTRFM vs. ARIMA vs. Real for Day 5. ARIMA
outperforms BSCTRFM from 11:00 to 22:00 hours.

Figure 6.9: BSCTRFM vs. ARIMA vs. Real for Day 6. BSCTRFM
outperforms ARIMA from 07:00 to 10:00 hours.

Figure 6.10: BSCTRFM vs. ARIMA vs. Real for Day 7. BSCTRFM
outperforms ARIMA from 04:00 to 10:00 hours.
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Table 6.2: BSCTRFM Vs. ARIMA Comparison.

MAE

Interval ARIMA BSCTRFM ∆(%)

Day 1 160.6660 98.0120 ± 15.1866 -39.00
Day 2 100.7960 69.7494 ± 16.6103 -30.80
Day 3 90.7451 121.9528 ± 10.0949 34.39
Day 4 71.1904 65.9552 ± 11.4839 -7.35
Day 5 58.2965 138.2748 ± 25.6004 137.19
Day 6 124.5701 119.1735 ± 33.1681 -4.33
Day 7 65.9860 50.1857 ± 9.6781 -23.94

RMSE

Interval ARIMA BSCTRFM ∆(%)

Day 1 205.4609 127.4635 ± 17.8284 -37.96
Day 2 117.6361 89.5919 ± 20.8463 -23.84
Day 3 104.4511 150.1624 ± 13.0129 43.76
Day 4 86.0171 79.5432 ± 13.1284 -7.53
Day 5 71.5076 176.9964 ± 33.3925 147.52
Day 6 144.9715 140.0774 ± 39.3061 -3.38
Day 7 75.4550 65.5064 ± 14.2024 -13.18

SMAPE

Interval ARIMA BSCTRFM ∆(%)

Day 1 5.8152 3.5497 ± 0.5502 -38.96
Day 2 4.3112 2.5155 ± 0.5738 -41.65
Day 3 3.6705 4.3103 ± 0.3610 17.43
Day 4 2.8952 2.5464 ± 0.4579 -12.05
Day 5 2.4724 4.9897 ± 0.9020 101.81
Day 6 4.8394 4.6401 ± 1.2906 -4.12
Day 7 2.7351 1.8822 ± 0.3484 -31.18
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BSCTRFM outperforms ARIMA on five of the seven days, with the ex-
ception of Day 3 (see Figure 6.6) and Day 5 (see Figure 6.8). For the days
when BSCTRFM defeats the baseline, fair to important reductions in the er-
ror metrics are achieved from switching ARIMA for BSCTRFM: 4% to 39%
for MAE, 3% to 37% for RMSE, and 4% to 42% for SMAPE. Conversely, on
the days that BSCTRFM does not outperform the baseline, the error met-
rics growths due to switching from ARIMA to BSCTRFM are significantly
higher: 34% to 137% for MAE, 44% to 148% for RMSE, and 17% to 102%
for SMAPE.

As a common result, both EDSLSTM and ARIMA are able to capture
the daily pattern in the active power time series. However, BSCTRFM shows
a higher capacity than the baseline in capturing the first part of the short-
term pattern (up to the 17:00 hours), while ARIMA has a higher capacity to
capture the sharper profile of the nighttime pattern. This reveals the need
to increase the capacity of the model which can be done by adding encoder
and decoder layers to its architecture, training for a longer number of epochs
of the dataset, or both.

6.3.4 Computation Time

Despite the huge size of the BSCTRFM model (2.7 million trainable parame-
ters), the cloud-based TPU implementation is able to train it for 36 epochs
of the reference dataset in just 28.4 seconds of wall time. For comparison, I
trained this configuration of BSCTRFM without the TPU accelerator using
a Google Cloud Compute Engine n1-standard-4 virtual instance with 4 In-
tel Haswell vCPUs and 16 GB RAM, in 284 seconds for 0.37 epochs of the
reference dataset (6,400 examples), representing ×968 the time required by
the proposed infrastructure. It is worth to mention it was not possible to
train BSCTRFM for a longer period without using TPU acceleration, as the
training process crashed several times due to excessive CPU utilization.

To properly compare the computation time of BSCTRFM with the base-
line, it is important to take into consideration the different training and
inference approaches they apply. I addressed the basics of these approaches
and their repercussions on the benchmark evaluation on Subsection 4.3.4.
Table 6.3 shows a total of seven common use cases for short-term forecas-
ting in the electric power distribution field. For each use case, the number
of training events required by the baseline model to achieve the forecasting
goal is presented, along with the involved training computation time. Ac-
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Table 6.3: BSCTRFM Vs. ARIMA Computation Time Comparison.

Number of
24-hour

predictions BSCTRFM ARIMA Use case

1 28.3504 ± 0.0064 4 Single prediction
7 (fixed) 28 Daily predictions over a week
14 (fixed) 56 Daily predictions over two weeks
24 (fixed) 96 Hourly predictions over a day
28 (fixed) 112 Daily predictions over four weeks
168 (fixed) 672 Hourly predictions over a week
672 (fixed) 2,688 Hourly predictions over four weeks

cording to the table, BSCTRFM outperforms the baseline in computation
time whenever more than fourteen 24-hour forecasting intervals are required.
For instance, training the baseline model a total of 14 times to produce one
24-hour prediction interval for each day of two weeks, requires 56 seconds,
which is ×2 time required to train BSCTRFM once. The remainder of this
Section is dedicated to discussing the predictive performance of BSCTRFM
in two widely-used, short-term forecasting scenarios: daily predictions over
four weeks (28 inference executions) and hourly predictions over four weeks
(672 inference executions).

6.3.5 Predictive Performance Degradation

As in the DMSLSTM and EDSLSTM cases, I evaluated the predictive per-
formance degradation of BSCTRFM using two collections of 24-hour-ahead
predictions distributed over a four-week interval: the first collection consists
of 28 predictions, each one made at the start of a consecutive day in the
four-week interval (rolling day); and the second collection consists of 672
predictions, each one made at a consecutive hour in the four-week interval
(rolling hour). For each collection of predictions MAE, RMSE, and SMAPE
metrics were calculated. For each error metric, the average of the correspond-
ing baseline’s first-week values (see Table 6.2) was calculated, then used as a
threshold to classify BSCTRFM’s outcomes as better or worse with respect
to the baseline.

Regarding the rolling-day collection of predictions, Figure 6.11a shows
that 13 out of 28 (46%) predictions produce MAE values lower than the
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(a) MAE.

(b) RMSE.

(c) SMAPE.

Figure 6.11: BSCTRFM metrics for 28 consecutive (rolling-day)
24-hour-ahead predictions. The dotted line shows the baseline’s first-week
average for each error metric.
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(a) MAE.

(b) RMSE.

(c) SMAPE.

Figure 6.12: BSCTRFM metrics for 672 consecutive (rolling-hour)
24-hour-ahead predictions. The dotted line shows the baseline’s first-week
average for each error metric.
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baseline’s first-week average. Figure 6.11b shows that 13 out of 28 (46%)
rolling-day predictions produce RMSE values lower than the baseline’s first-
week average. Finally, Figure 6.11c shows that 16 out of 28 (57%) rolling-
day predictions produce SMAPE values lower than the baseline’s first-week
average. I conclude from this analysis that training BSCTRFM once, then
using the model for rolling-day predictions over a four-week interval fairly
results in higher error metrics than forecasting with the baseline model. As
a consequence, this version of BSCTRFM should be used for daily predictions
over one week only. If the model is required to produce predictions up to
a one-month interval after training it has to be trained and evaluated for
a greater number of epochs. For comparison, producing rolling-day 24-hour
predictions for the first week with the baseline model would require a training
computation time of close to 28 seconds, which is fairly the same time spent
in training BSCTRFM.

Regarding the rolling-hour collection of predictions, Figure 6.12a shows
that 324 out of 672 (48%) predictions produce MAE values lower than the
baseline’s first-week average. Figure 6.12b shows that 331 out of 672 (49%)
rolling-hour predictions produce RMSE values lower than the baseline’s first-
week average. Finally, Figure 6.12c shows that 360 out of 672 (54%) rolling-
hour predictions produce SMAPE values lower than the baseline’s first-week
average. I conclude from this analysis that training BSCTRFM once, then
using the model for rolling-hour predictions over a four-week interval fairly
results in higher error metrics than forecasting with the baseline model. As a
consequence, this version of BSCTRFM should be used for hourly predictions
over one week only. If the model is required to produce predictions up to
a one-month interval after training it has to be trained and evaluated for a
greater number of epochs. For comparison, producing rolling-hour 24-hour
predictions for the first week with the baseline model would require a training
computation time of close to 672 seconds, which is ×24 the time spent in
training BSCTRFM. Nevertheless, BSCTRFM exhibits moderate instability,
especially in the rolling-hour predictions set, and its training process should
be further adjusted by attending to recommendations in the literature [Popel
and Bojar, 2018], [Liu et al., 2020].
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Table 6.4: BSCTRFM Summarized Results.

Forecasting accuracy

Daily predictions over a week MAE average 94.76
Weekly MAE increment w.r.t baseline -1.3%
Daily predictions over a week RMSE average 118.48
Weekly RMSE increment w.r.t baseline 3.0%
Daily predictions over a week SMAPE average 3.49
Weekly SMAPE increment w.r.t baseline -8.6%

Computation time

Number of trainable parameters 2.7 M
Training time with TPU acceleration (36 epochs) 28.35 s
Training time factor without TPU acceleration ×968
Training time factor for the baseline, 28 rolling-day predictions ×4.0
Training time factor for the baseline, 672 rolling-hour predictions ×95

Predictive performance degradation

Four-week rolling-day predictions with MAE below the baseline 46%
Four-week rolling-day predictions with RMSE below the baseline 46%
Four-week rolling-day predictions with SMAPE below the baseline 57%
Four-week rolling-hour predictions with MAE below the baseline 48%
Four-week rolling-hour predictions with RMSE below the baseline 49%
Four-week rolling-hour predictions with SMAPE below the baseline 54%
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Summary

This Chapter presents in detail BSCTRFM, a DL architecture based on the
canonical Transformer architecture (multi-layer encoder-decoder, full self-
attention MHA layers, and residual connections) that produces multi-horizon
predictions for a univariate forecasting problem. This architecture was tested
on an extensive dataset that comes from the active power observations of an
urban substation metering device. The baseline model used for evaluating
EDSLSTM performance was a robust, cloud-based ARIMA implementation
from the GC BigQuery data warehousing service.

Table 6.4 summarizes the experimental study. Some important facts that
can be observed from that summary are:

• BSCTRFM overperforms the baseline in forecasting accuracy for the
basic short-term forecasting task, which is producing daily predictions
over a week.

• BSCTRFM ties the baseline in training computation time for the above-
mentioned task. For any larger short-term forecasting task, BSCTRFM
overperforms the baseline.

• BSCTRFM does not exceed the baseline in the evaluations for predic-
tive performance degradation.

• TPU-based acceleration allows to train BSCTRFM ×968 faster than
CPUs, which is equivalent to saying typical CPU-based architectures
are impeded to train this architecture.

• Conversely to DMSLSTM and EDSLSTM, BSCTRFM’s predictive per-
formance greatly degrades from one-week to one-month intervals after
training. This is attributed to the instability the model shows in succes-
sive rolling-hour loss metrics. As in other Transformers, this situation
has to be addressed with a further experimental study on the learning
rate schedule design and optimization.

The next Chapter extends the experimental study on BSCTRFM by ap-
plying it to the global forecasting problem.



Chapter 7

Transformer Architecture for
Global Forecasting

This Chapter presents in detail the Basic Transformer (BSCTRFM) archi-
tecture for global TSF. Section 7.1 establishes a context by discussing the
datasets that have been predominantly used in the literature for benchmark-
ing the application of Transformer-based architectures to global TSF. Section
7.2 presents the two standard datasets used in the experiments with BSC-
TRFM. It also presents in detail the architecture and the parametrization of
the model. Section 7.3 presents the collection of models for global TSF used
as a benchmark for evaluating BSCTRFM’s performance. On this basis, re-
sults achieved by the model concerning forecasting accuracy and computation
times are discussed.

7.1 Related Work

Previously, Section 6.1 discussed a collection of research projects that have
contributed relevant applications of the Transformer architecture to global,
multi-horizon TSF. Several publicly available datasets have been predom-
inantly used to standardize the evaluation of such approaches. [Li et al.,
2019b] report experiments based on the datasets referred to in the litera-

127



128 Chapter 7. Transformer Architecture for Global Forecasting

ture as electricity1, traffic2, solar3, wind4, and M4Hourly5. [Wu et al.,
2020b] report experiments on electricity and traffic. [Lim et al., 2021]
report experiments on electricity, traffic, and retail6. [Zhou et al.,
2021] report experiments on ETT7, weather8, and electricity. Finally,
[Xu et al., 2021c] and also [Woo et al., 2022] report experiments on ETT,
electricity, traffic, weather, and ILI9.

A couple of these predominant datasets were selected to train and evalu-
ate the global forecasting implementation of BSCTRFM: electricity and
traffic. The motivation behind this selection comprises two important
facts. First, most of the projects in the collection of global TSF approaches
report forecasting accuracy results on these datasets. Second, the only re-
sults on computation training time found in the literature correspond to these
datasets.

7.2 Experimental Study

This Section discusses the datasets, data preprocessing, architecture, model
parametrization, and inference procedures used in the experimental study.

7.2.1 Datasets and Data Preprocessing

The global forecasting implementation of BSCTRFM was trained and tested
on two widely-known datasets: electricity that contains hourly time se-
ries of the electricity consumption of 370 customers, and traffic which is
composed of 963 time series with hourly observations of car lane occupancy
of San Francisco bay area freeways.

Figure 7.1 shows three time series from the electricity dataset. As
expected, these time series exhibit daily and weekly patterns. However, they
also show conditions that tend to difficult the forecasting process, such as

1http://archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014
2http://archive.ics.uci.edu/ml/datasets/PEMS-SF
3http://www.nrel.gov/grid/solar-power-data.html
4http://www.kaggle.com/sohier/30-years-of-european-wind-generation
5http://paperswithcode.com/dataset/m4
6http://www.kaggle.com/c/favorita-grocery-sales-forecasting
7http://paperswithcode.com/dataset/ett
8https://www.bgc-jena.mpg.de/wetter
9http://gis.cdc.gov/grasp/fluview/fluportaldashboard.html
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(a) MT-001.

(b) MT-066.

(c) MT-127.

Figure 7.1: Three time series from the electricity dataset.
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(a) ST-400000.

(b) ST-400828.

(c) ST-401623.

Figure 7.2: Three time series from the traffic dataset.
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consumption regime changes (MT-101), incomplete time series (MT-066),
and missing values (MT-127). As previously stated, global forecasting ap-
proaches are able to overcome the conditions mentioned above by leveraging
the relatedness inside collections of similar time series, therefore capturing
patterns across time series. Figure 7.2 shows three time series from the
traffic dataset.

Figure 7.3 illustrates BSCTRFM data setup for the training and inference
stages. The input to the model includes all of the univariate time series
zt, and, for each time series, two positional encoding functions f1(xk,t) and
f2(xk,t), k ∈ [1, j] of j time-dependent covariates, where f1 and f2 define sine-
and cosine-based cycles over the period length of the covariate, e.g. 24 for
the hour of the day. In the figure, the part of the time series to the left of
the green vertical line is the data that is presented to the model for training.
The part to the right of the green line is the data used to test the model once
it is trained. The bisected red horizontal lines represent time windows used
as data examples: the left section of the red line is the data passed as input
to the model (conditioning range), while the right section is the data used
as the target or output from the model (prediction range). During training
(top), time windows are required to completely lie to the left of the green line,
as only seen data can be used for training or evaluation purposes. During
inference (bottom), the prediction range of the data examples passed to test
the model must entirely lie to the right of the green line (unseen data).

Data setup is completed with two additional components (not shown in
the figure): a time-dependent covariate with the consecutive value of hour
on the observation timestamp measured from the time series starting point
(age-covariate), and a scalar time series identifier which is passed as a static
covariate for the model, then conformed into a learnable embedding which
provides a finite-dimensionality space where time series with similar behavior
tend to group. The electricity and traffic datasets were divided into
training, validation, and test sets following the procedure described in [Yu
et al., 2016], and later applied by [Salinas et al., 2020], [Li et al., 2019b],
and [Lim et al., 2021]. Min-max normalization to [0, 1] was applied to both
datasets, in order to compensate for the large difference in time series values
in electricity and to speed up the model convergence in traffic. Proper
normalization scalers were acquired only from training data to avoid leaking
information from the future into the model. Once preprocessed and sep-
arated, data was persisted to cloud storage as sequences of binary strings
(TFRecords) in accordance with best-TPU-performance guidelines. A data



132 Chapter 7. Transformer Architecture for Global Forecasting

(a) Training.

(b) Inference.

Figure 7.3: Data setup for BSCTRFM at training and inference time. In
the first row, a single univariate time series to forecast zt. In the second
and third rows, two exemplary sine-based positional encodings applied on
the hour of the day x1,t and the day of the week x2,t of the observation
timestamp.
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ingestion pipeline for training the model was defined on the basis of the
tf.data.dataset TensorFlow API. Prefetching was also used for parallel
preprocessing, that means allowing the pipeline to start preparing the next
batch while still training the current batch. To ensure good throughput dur-
ing ingestion from cloud storage, individual TFRecord files were prepared for
each time series identifier, resulting in 370 50-MB files for electricity and
963 33-MB files for traffic.

7.2.2 Architecture Description

BSCTRFM architecture for local forecasting, as discussed in Subsection 6.2.2
was also applied to the global forecasting case, after implementing two im-
portant modifications (see Figure 7.4). First, two dimensions were added to
the date-time encoding datetimeenc as day-of-the-year sine- and cosine-based
functions. These additional dimensions provide an age covariate that allows
aligning time series with different sizes, thus different starting points. As a
result, each timestep date-time value is encoded in a 6D vector datetimeenc
obtained from the following equation:

datetimeenc = (sin(
2πhD
24

), cos(
2πhD
24

), sin(
2πdW

7
), cos(

2πdW
7

), sin(
2πdY
365

), cos(
2πdY
365

)) (7.1)

where hD is a consecutive integer that identifies the hour of the day when the
observation was acquired (0-23), dW is a consecutive integer that identifies
the day of the week when the observation was acquired (0-6), and dY is a
consecutive integer that identifies the day of the year when the observation
was acquired (0-365). Second, a time series identifier was used as a static co-
variate si. It was formed as a consecutive integer (1 to 370 for electricity,
1 to 963 for traffic), then it was embedded in an output embedding di-
mension for concatenation, along the time axis, with the time series value
zi,t and the dynamic covariates xi,t.

7.2.3 Model Parametrization

Table 7.1 offers a global summary of the experiment setup, including the
dataset statistics and the model’s architecture, training, and testing parame-
ters. As in the local forecasting case, I trained BSCTRFM using the Adam
optimizer [Kingma and Ba, 2015] with β1 = 0.9, β2 = 0.98, and ϵ = 10−8,
and a custom learning rate lrate = dexp1model · min(step numexp2 , step num ·
warmup stepsexp2−1) which results in increasing the learning rate linearly
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Figure 7.4: BSCTRFM Network Architecture for Global Forecasting.
Adapted from Figure 2.9. The gray boxes labeled Encoder Layer 2 and
Decoder Layer 2 have identical internal structures as their corresponding
downstream layers.
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Table 7.1: Dataset statistics and BSCTRFM parameters.

electricity traffic

dataset statistics

# of time series 370 963
time granularity hour hour
domain R+ [0, 1]

architecture parameters

encoder length 168 168
decoder length 168 168
input embedding dimension 370 963
output embedding dimension 24 24
# of layers 2 2
# of heads 4 4
model dimension 256 256
feed-forward dimension 512 512
# of trainable parameters 2.7 M 2.7 M

training parameters

# of training samples 1.8 M 3.1 M
batch size [128, 256, 512, 1024] [128, 256, 512, 1024]
warmup steps [1250, 2500, 5000, 10000] [1250, 2500, 5000, 10000]
# of epochs 1 1

testing parameters

forecasting horizon [24, 168] [24, 168]
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(a) Learning rate schedule.

(b) Training loss.

Figure 7.5: BSCTRFM learning rate schedule and training loss on the
electricity dataset.
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(a) Learning rate schedule.

(b) Training loss.

Figure 7.6: BSCTRFM learning rate schedule and training loss on the
traffic dataset.
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for the first warmup steps training steps, and decreasing it thereafter pro-
portionally to the inverse of the 1

exp2
root of the step number [Vaswani et al.,

2017]. The resulting learning rate schedules are shown in the top part of
Figure 7.5 for electricity and Figure 7.6 for traffic. The MSE was used
as the training and evaluation loss function. The RMSE was used as an ad-
ditional custom metric, via the metric fn component of the TPUEstimator
API.

BSCTRFM’s main architecture parameters were fixed, to keep a known
number of trainable parameters as low as possible, then a grid search was
used to tune a couple of training hyperparameters: learning rate and training
batch size. As previously stated, the learning rate is given by a schedule that
is a function of the number of warmup steps, the model dimension, and the
current training step, then the number of warmup steps was the variable that
defined the grid search. The number of epochs was fixed to 1 by modifying
the batch size in accordance with the total training steps, approximately×1.5
the warmup steps for electricity, and ×2 the warmup steps for traffic.

BSCTRFM was trained 10 different times, or executions, for each parame-
ter set. The bottom parts of Figure 7.5 and Figure 7.6 show the behavior of
the main loss metric (MSE) for electricity and traffic, respectively, over
the training steps for one of the executions of the selected parametrization.
The dotted line shows the value of the error metric for the model evaluation
at the end of the training stage. In order to achieve high efficiency, training
a model on TPUs is not compatible with frequent evaluation, as it regularly
happens with CPU-based training. The reason is starting the evaluation
stage requires completely stopping the training loop, including shut down
the TPU. As the time required to shut down and restart the TPU is usually
higher than the time consumed by one training loop, it is a good practice
to schedule evaluation, whenever possible, only at the check-pointing time,
when the TPU is required to shut down in order to save the model training
progress.

7.2.4 Inference

After training BSCTRFM, it was tested using 24 hours (one day) and 168
hours (one week) as forecasting horizons. To exactly match the specific infer-
ence intervals reported by the reference models, 7 rolling-day predictions of
one day ahead were produced on each dataset. Following the convention in
literature, I labeled these inference results as electricity1d and traffic1d.
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In order to study the predictive performance of BSCTRFM on a longer hori-
zon, I also produced one-time predictions seven days ahead for each dataset,
and labeled them as electricity7d and traffic7d. Normalized Deviation
(ND) and Normalized Root Mean Squared Error (NRMSE) were used as
metrics for testing the forecasting accuracy of the model, and are defined as
follows:

ND =

∑
(i,t)∈Ωtest

|ẑi,t − zi,t|∑
(i,t)∈Ωtest

|zi,t|
(7.2)

NRMSE =

√
1

|Ωtest|
∑

(i,t)∈Ωtest

|ẑi,t − zi,t|2

1
|Ωtest|

∑
(i,t)∈Ωtest

|zi,t|
(7.3)

where Ωtest is the collection of readings for all t timesteps in all i time series
in the test dataset, and |Ωtest| is the number of readings in that collection.

7.3 Results and Discussion

This section presents the results of experiments with BSCTRFM on global
forecasting. First, I introduce the benchmark for assessing the model’s per-
formance. Next, forecasting accuracy and computation times obtained are
compared with the models in the benchmark.

7.3.1 Benchmark Models

To assess BSCTRFM’s performance on the global, multi-horizon TSF prob-
lem, experimental results obtained by state-of-the-art models on the selected
datasets, inference setups, and error metrics were collected from the litera-
ture. Following is the description of the benchmark models (Transformer-
based models have already been described in Section 6.1):

1. AST [Wu et al., 2020b],

2. TRMF [Yu et al., 2016] is a temporal regularized matrix factorization
framework for high-dimensional time series problems (including TSF)
with missing values,
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3. DeepAR [Salinas et al., 2020] is an autoregressive model for probabilis-
tic forecasting with an RNN-based architecture (this model represents
a useful comparison for BSCTRFM because it is the only one that
explicitly provides computation times),

4. LogSparse Transformer [Li et al., 2019b],

5. ARIMA [Box and Jenkins, 1968] (see Subsection 2.2.2) and

6. ETS [Gardner Jr, 1985] (see Subsection 2.2.1) are two of the most promi-
nent statistical methods applied to TSF,

7. DeepState [Rangapuram et al., 2018] is an approach to probabilistic
TSF that integrates a linear state space model with a jointly-learned
RNN,

8. Informer [Zhou et al., 2021],

9. TFT [Lim et al., 2021],

10. Seq2Seq is the simple Seq2Seq [Sutskever et al., 2014] TSF model with
a global context, and

11. MQRNN [Wen et al., 2017] is a framework for probabilistic TSF that com-
bines Seq2Seq neural networks, quantile regression, and multi-horizon
direct forecasting.

7.3.2 Forecasting Accuracy

Table 7.2 shows the forecasting accuracy comparison of BSCTRFM with the
benchmark models. Most of these models report ND values for electricity1d,
electricity7d, traffic1d, and traffic7d. NRMSE values are only reported
by DeepAR and TRMF for electricity1d and traffic1d. Informer is eval-
uated on electricity using a very particular procedure: it takes a two-
year, hourly-resolution dataset and splits it into train/val/test sets of 15/3/4
months, and although the model is global, only the MT-320 power consump-
tion time series is used for testing. This evaluation is atypical, so BSCTRFM
was not directly compared with Informer. However, the comparison that
Informer established with DeepAR, LogSparse and ARIMA (MAE and MSE)
is presented as a valuable reference.
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Table 7.2: Forecasting accuracy of BSCTRFM compared to state-of-the-art
models. The last row shows how it ranks among the models that provide a
metric value for a given combination of dataset and inference type.

Dataset electricity traffic

Inference 1d 1d 7d 7d 7d 1d 1d 7d

Metric ND NRMSE ND MAE MSE ND NRMSE ND

AST 0.0421 - 0.0571 - - 0.0931 - 0.1251

TRMF 0.0843 1.1502 0.0873 - - 0.1863 0.4302 0.2023

DeepAR 0.0753 1.0002 0.0823 0.3984 0.2954 0.1613 0.4202 0.1793

LogSparse 0.0593 - 0.0703 0.4814 0.4104 0.1223 - 0.1393

ARIMA 0.1543 - 0.2833 1.0144 0.7974 0.2233 - 0.4923

ETS 0.1013 - 0.1213 - - 0.2363 - 0.5093

DeepState 0.0833 - 0.0853 - - 0.1673 - 0.1683

Informer - - - 0.4664 0.4084 - - -
TFT 0.0555 - - - - 0.0955 - -
Seq2Seq 0.0675 - - - - 0.1055 - -
MQRNN 0.0775 - - - - 0.1175 - -
BSCTRFM 0.070 0.546 0.082 - - 0.167 0.422 0.203

Rank 5/11 1/3 3/8 - - 7/11 2/3 6/8

1Results from [Wu et al., 2020b].
2Results from [Salinas et al., 2020].
3Results from [Li et al., 2019b].
4Results from [Zhou et al., 2021].
5Results from [Lim et al., 2021].
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BSCTRFM consistently reaches convergence at a fast pace, after train-
ing it for roughly one epoch on the complete datasets, that is 1.8 million
example rows for electricity and 3.1 million example rows for traffic.
On electricity1d, BSCTRFM ranks fifth among eleven models for ND,
and ranks first among the three available models for NRMSE. Concerning
traffic1d, BSCTRFM ranks seventh among eleven models for ND, and sec-
ond of three for NRMSE. The fact that BSCTRFM achieves good predictive
performance on traffic even though the dataset was not entirely passed to
the model during training, supports the assumption that it can learn patterns
across time series that exhibit similar behavior. Regarding the seven-day fo-
recasting horizon, with only ND metrics available, BSCTRFM ranks third of
eight for electricity and sixth of eight for traffic. This predictive perfor-
mance degradation on traffic7d can be explained by the error accumulation
in the iterative inference process, and suggests the need for training for more
epochs if longer forecasting horizons are planned for this dataset.

7.3.3 Computation Time

The number of trainable parameters in the selected configuration of BSC-
TRFM is approximately 2.7 million, which makes it a reasonably light archi-
tecture, regardless of the quadratic complexity in its complete self-attention
components. The lightweight condition of the network architecture in con-
junction with the massive capacity of TPUs for matrix multiplication and
accumulation operations explains the remarkable speed BSCTRFM reaches
during the training stage.

Concerning computation time, BSCTRFM outperforms all the models in
the benchmark, as shown in Table 7.3. BSCTRFM takes only 89 seconds of
training wall-time10 on electricity and 119 seconds on traffic to consis-
tently reach the accuracy metrics reported above. This represents an out-
standing improvement over the 7 hours and 3 hours of total running time re-
ported by DeepAR, respectively. The extreme reduction in training computa-
tion time achieved by BSCTRFM does not exclusively apply to DeepAR, a DL
architecture that exhibits comparable predictive performance to BSCTRFM.
The Temporal Fusion Transformer (TFT) [Lim et al., 2021] reported a
training computation time on GPU-accelerated hardware, that is slightly

10Elapsed real time, or wall-clock time is the time taken to complete the training process.
Training wall time is reported by TensorBoard and does not include the time spent on
evaluation or checkpoint-related operations.
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Table 7.3: Computation time comparison.

Dataset DeepAR TFT LogSparse Informer BSCTRFM

electricity 420 min1 360 min2 120 min3 120 min3 1.5 min
traffic 180 min1 - - - 2.0 min

1Results from [Salinas et al., 2020]. Reported as total running time, it includes
training and inference stages. Trained on a single p2.xlarge AWS EC2 compute
instance containing 4 CPUs and 1 GPU (not specified).

2Results from [Lim et al., 2021]. Trained using a single NVIDIA Tesla V100
GPU.

3Results from [Zhou et al., 2021]. A total training time of 480 minutes (on a
not specified number of NVIDIA Tesla V100 SXM2 GPUs with 32GB memory)
is reported for this dataset and three similar datasets when the encoder length
is set to 168, as in my main experiment.

over 360 minutes for the electricity dataset. In the same line, training
times close to 480 minutes are reported for both LogSparse Transformer

and Informer in [Zhou et al., 2021], when these models are trained with
the encoder length set to 168 (as in my main experiment) on electricity

and three similar datasets using GPU-accelerated hardware. Inference com-
putation times for BSCTRFM are highly dependent on the infrastructure
where prediction is served and, due to the iterative nature of the model, this
inference process is not suitable for TPU-based implementation. Instead, a
parallel execution based on separated time series processing was prototyped
to obtain inference computation times comparable in magnitude to those
required by training.

Summary

This Chapter presents in detail the implementation of BSCTRFM for the
case of global, multi-horizon TSF. BSCTRFM was tested on two standard
and predominant datasets referred to in the literature as electricity and
traffic. The benchmark used for evaluating BSCTRFM performance is
a collection of state-of-the-art models that, in recent years, have reported
experiments on the datasets mentioned above with equivalent inference pro-
cedures and error metrics.

Some important results from the experimental study are:
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• When compared to state-of-the-art models using standard inference
procedures and error metrics, BSCTRFM achieves rankings that go
from 1st/3 for NRMSE on electricity1d, to 7

th/11 for ND on traffic1d.
This supports the good predictive performance of my implementation
among contemporary, state-of-the-art TSF solutions.

• BSCTRFM consistently reaches the reported forecasting accuracy af-
ter training it for just 1.1 epochs on electricity and 0.9 epochs on
traffic.

• The selected configuration of BSCTRFM was consistently trained in 89
seconds of wall-time for electricity and in 119 seconds of wall-time
for traffic.

• The models in the benchmark that reported speed metrics require com-
putation times in the range of ×80 to ×280 the training time required
by BSCTRFM on electricity, and ×90 the training time required by
BSCTRFM on traffic. This supports the fact that this implementa-
tion is the fastest TSF solution available for standard experiments on
the selected datasets.

The next Chapter presents the conclusions of this Thesis, as well as im-
portant research lines for future investigation.



Chapter 8

Conclusions and Future Work

This Chapter presents the conclusions of the Thesis, summarizes its contri-
butions, and points out directions for future work.

8.1 Conclusions

The aim of this Thesis was to improve the performance of proven ML-based
forecasting models at increased speed, to make them a suitable option for
TSF in Big Data environments. In order to comply with the best practices
for using TPU accelerators, I designed and implemented a robust cloud-
computing platform and integrated it with an advanced, production-level
software stack. This integration allowed selected TSF models to be trained
in an all-reduce, synchronous, data-parallel distributed computing strategy.

I leveraged this cloud-based, distributed ML implementation to inves-
tigate three contemporary DL-based models for point, univariate, multi-
horizon TSF. On this basis, I tested the three models for local forecasting
on an extensive electric power distribution dataset. I also tested one of the
models for global forecasting on two standardized datasets that are predom-
inantly used for benchmarking in TSF research.

I investigated three model architectures for local forecasting: the Deep
Multi-sequence Long Short-term Memory DMSLSTM, the Encoder-Decoder
Stacked LSTM with attention EDSLSTM, and the Basic Transformer BSC-
TRFM. These models were evaluated against a robust, cloud-based ARIMA
implementation that is part of BigQuery, the data warehousing service of
Google Cloud. BigQuery ARIMA was parametrized to keep its training
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times under 4 seconds, nevertheless, that configuration was enough for the
system to fit and evaluate up to 42 forecasting models in parallel, then select
the best one as the baseline. On this basis, I tested the models for short-term
forecasting accuracy (24-hour ahead, daily predictions over a week), train-
ing computation times, and predictive performance degradation (rolling-day
predictions over four weeks and rolling-hour predictions over four weeks).
Both DMSLSTM and EDSLSTM overperformed the baseline model on all of
the tests. BSCTRFM suffered from instability and overperformed the base-
line only in the short-term forecasting accuracy and training computation
time tests. I was able to train the final configuration of DMSLSTM on the
same computing infrastructure without TPU acceleration. That experiment
reported a training time ×99 the training time of the TPU-accelerated ex-
periment. Conversely, I was not able to train the final configurations for
EDSLSTM or BSCTRFM without using TPUs. I opted for training these
models for up to one epoch and then projecting those results to the original
experiment extensions. I calculated training times of these models without
TPU as ×369 and ×968 the time required by the cloud-based, DML imple-
mentation. In practical terms, this is equivalent to saying these architectures
are impossible to train, for the selected dataset and parametrization, without
hardware accelerators.

I investigated BSCTRFM also for global forecasting. The model was
evaluated against eleven models in the literature, including those that report
the state-of-the-art. BSCTRFM achieved forecasting accuracy rankings from
first to seventh on the available combinations of inference type and loss metric
for the selected datasets. At the same time, it overperformed all of the
models in the benchmark that reported speed metrics by achieving training
computation times under two minutes.

8.2 Contributions

Following I present the contributions of this Thesis.

Cloud Computing

I designed, implemented, and tested a complete cloud-computing platform
in accordance with the best practices for the operation of TPU accelera-
tors. This platform integrates standard deployments of cloud-based storage,
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networking, computing, and hardware-based acceleration services.

Production-level Software Stack

Following the best practices for the operation of TPUs, I implemented all
of the ML models using the TensorFlow 1.1X framework alongside its TPU-
specific Estimator API. This is a software stack with a very steep learning
curve that provides a basis for day-to-day, production-level ML operations
at large-size companies such as Google, its original developer, and main con-
tributor. Even though this is not a scientific contribution, it is indispensable
for producing the experiments and allows scaling further stages of the imple-
mentation to real-life, production scopes that are far beyond those achieved
by most research projects.

Contemporary ML Architectures

This research leveraged the cloud-based platform and the software stack men-
tioned above to implement three ML architectures characterized by a sizable
number of trainable parameters. Due to their state-of-the-art results, these
architectures account for most of the recent research on TSF globally.

First TPU-based TSF Transformer

To the extent of my knowledge, this research proposes the first TPU-based
implementation of a canonical (multi-layer, encoder-decoder, full self-attention,
dense-matrix computation) Transformer-based architecture for TSF.

Fastest TSF Transformer in the Literature

The Transformer-based architecture mentioned above reports the lowest train-
ing times found in the literature on two predominant, standardized datasets
for global, multi-horizon TSF. At the same time, it provides good predictive
performance on those datasets when compared to state-of-the-art models.

Open Source-based Development

Even though the low-level libraries for using TPU accelerators are Google-
proprietary, my complete implementation is based on open-source software
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and is available to other research teams upon approved request.

8.3 Future Work

Directives for future work on this research are grouped into two categories:
actions concerning the improvement of the implemented model architectures,
and actions related to integrating this research work into ML pipelines.

Model Architecture Improvement

The primary objective of this research was not to develop TSF models with
the best possible accuracy metrics, but to implement architectures already
proven in the literature on a robust DML framework so that they could rival
strong baselines with drastic reductions in computation times. Nevertheless,
I am now in possession of an ultra-fast cloud-computing framework that
can be leveraged for further improvement of the TSF models studied in this
research, as well as other architectures not revised here.

The DMSLSTM network can be improved by increasing the length of the
context and forecasting windows (up to 2- or even 3-digit figures) to better
capture data dependencies in the longer term, which can prevent predictive
performance degradation. Additionally, an age-covariate can be used along
with the one-hot timestamp encoding to better align the context and fore-
casting windows on longer training datasets.

The EDSLSTM network can be improved by integrating different types
of attention on a weighted basis, as only Luong’s multiplicative type was
used in this stage. In addition, a configurable inter-layer wiring layout can
be used to produce and evaluate context vectors at different depth levels of
the encoder and the decoder.

Needless to say, both DMSLSTM and EDSLSTM can be extended by
adding a global forecasting functionality, which was not implemented in this
Thesis to avoid the increased training times that would be generated by their
multiple, sequential-calculation LSTM layers.

The BSCTRFM architecture for local forecasting can be improved by
adding functionalities aimed to stabilize its training process, such as learning
rate schedule optimization, adaptive model initialization [Liu et al., 2020], or
modified residual connections [Parisotto et al., 2020].
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The BSCTRFM architecture for global forecasting can be improved by
adding sparsity and enhanced locality to its self-attention mechanism via
convolutional filters [Li et al., 2019b], different activation functions [Wu et al.,
2020b], or sequence-downsampling inside self-attention layers [Zhou et al.,
2021]. These modifications have already proved to increase the Transformer’s
accuracy on TSF problems, therefore they constitute an excellent way to
evaluate the impact that moving the TPU-accelerated Transformer outside
the dense-matrix-computation domain will have on its speed.

Integration into ML Pipelines

Since the beginning of this Thesis, I opted for developing the ML models on a
production-level software stack comprised by the TensorFlow 1.1X numerical
computing framework and its TPU-specific Estimator API. I selected this
coding solution over the typical, notebook-based, interactive environments
because of its unique capability to manage mid- to high-level operations that
are specific to TPU accelerators, like the fundamental decoupling of input,
model, and predict functions. This software stack is recognized to have a
very steep learning curve, which hinders its application in academic research
institutions, that mostly opt in favor of easier, nevertheless robust, tools such
as Keras or PyTorch.

Besides the more flexible TPU management it provides, another signifi-
cant advantage of this software stack is a straightforward integration of ML
artifacts, such as datasets, models, hyperparameter configurations, and met-
ric results, into dedicated production-level pipelines. The reason behind this
advantage is that TensorFlow 1.1X is still the only computing framework
fully supported for training tasks inside TensorFlow Extended (TFX) [Bay-
lor et al., 2017], the production-scale ML platform used at Google.

ML pipelines enable research institutions to efficiently manage the com-
plex set of operations an ML model is involved with, at scale. ML production
faces all of the challenges in traditional software development (testing, code
review, monitoring, etc.) as well as new problems that are specific to its
strong dependency on massive, dynamic data. Among these challenges, [Za-
haria et al., 2018] identify the following:

• multiple software tools are available at each stage of ML development
and the resulting combinations are difficult to register and compare,
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• tracking the lineage of a given experiment becomes hard as many
parametrization variants lie on top of the software stack combinations,

• reproducibility, a significant requirement of ML development, strongly
depends on effective experiment tracking, and

• production-level deployment of ML solutions is required (even in aca-
demic scopes) in order to schedule and execute a huge number of ex-
periments, even by people that did not code the application.

Moving this research work into a dedicated ML pipelining environment
would amplify its scientific impact by allowing us to extensively experiment
on a significant number of combinations, while efficiently recording and com-
paring all of the resulting variants. It also would allow us to better share
artifacts like datasets, preprocessing directives, model architectures, hyper-
parameters, and evaluation procedures with other research teams. This situ-
ation could facilitate collaborations with important universities abroad that
have already adopted these development standards in their research depart-
ments. Lastly, the expertise produced by leveraging production-level ML
environments in this research would greatly contribute to closing the gap
between academic and industrial operations in our professional context.
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