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Kurzfassung

Diese Arbeit erforscht die Anwendung von Transformer-basierten Modellen zur Vorhersage
von zwei sehr unterschiedlichen Datensatzen. Zum besseren Vergleich wurden zusatzlich
zwei weitere Modelle erstellt und die Vorhersageergebnisse mithilfe eines statistischen
Tests kontrolliert. Die geringsten RMSE-Werte wurden vom SARIMA-Modell erreicht,
knapp dahinter folgten die Transformer-basierten Modelle. Ein weiteres zentrales Thema
dieser Arbeit war die visuelle Untersuchung der Aufmerksamkeit des Transformers. Die
Ergebnisse zeigen, dass es einen Zusammenhang zwischen der Anzahl der Aufmerksam-
keitskopfe und der Verteilung der Aufmerksamkeit gibt. Zuséatzlich wurde eine Periodizitat

in der Aufmerksamkeit nachgewiesen, wenn diese bereits in den Quelldaten vorhanden
war. Am Ende der Arbeit wurden diese Modelle in einer Handelssimulation mit realen
Regeln getestet, bei der es darum ging, Aktien zu kaufen und zu verkaufen. Alle Modelle
erzielten einen negativen Gewinn, was auf die Schwierigkeit derart nicht-linearer und
komplexer Finanzdaten hinweist.
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Abstract

This thesis explores the application of Transformer models for forecasting two di erent
data sets. For a comparison, two other state-of-the-art (SARIMA and LSTM) models were
created and compared with help of statistical tests. The results show, that the SARIMA-
model achieves the lowest RMSE-scores for both data sets, while the Transformer performs
close to it. Another big topic was to analyze the attention of the Transformer model by
a visual inspection. Additionally, the results show that there is a relationship between
the number of attention-heads and the distribution of the attention. They also show
if there exists a periodicity in the source data there is also a measurable periodicity in
the attention. At the end of the study tested these models were tested in a training
simulation with real-world rules. All models produce a negative prot after one month of
trading indicating the di culty of such non-linear and complex nance data.
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CHAPTER

Introduction

Time-series forecasting (TSF) remains a focal point within the scienti ¢ eld of computer
science, and many papers have been written on this topic. Many real-world problems,
like the prediction of energy supply, forecasting weather, and forecasting nancial trends,
etc., can be de ned as prediction tasks for machine learning. The basis for TSF is that a
model learns a trend based on historical data to predict the future. Some models x those
windows to look-back for the prediction, while other models vary those windows based
on the input. Traditional models like LSTM (Long Short-Term Memory) or ARIMA
(AutoRegressive Integrated Moving Average) have been investigated enough to state that
there are limitations to them. The limitations of the ARIMA model include the inability

to handle multiple non-linear variables as input features and the non-constant standard
deviation of those input sequences in real-world problems. On the other hand, the
LSTM model su ers from its inability to quickly recognize and extract complex features,
especially for a stock prediction task where multiple features have to be considered for
an accurate prediction. A relatively new model type named the Transformer, initially
used for Natural Language Processing (NLP), has emerged in the eld of sequence data
forecasting. With its attention mechanism, a revolutionary new way was opened to apply
this to the time-series eld. This attention mechanism is able to learn and memorize
complex feature patterns and use them for prediction. The mechanism pays attention
to all sequences, and the training is easy to perform in parallel. In contrast to LSTM,
the Transformer is a model type where it is possible to analyze the mechanism of the
actual prediction, whereas the LSTM or the ARIMA model acts like a black box. By
visualizing the attention, it is possible to detect bias in the data to avoid it and make
the prediction more general and better [19] [25] [15].

The motivation for the rst chosen dataset, which consists of building energy data, is
that in 2019, existing buildings consumed over 40% of the world's energy. Therefore,
there is a big interest in minimizing this amount of energy with new, innovative ideas.
A solution could be to build more and more smart buildings or upgrade existing ones.

1
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These smart buildings are capable of learning the building's energy consumption history
and training an e cient machine learning model based on the data collected by the
sensors. Additionally, these resources will be used more e ciently, and the reliability
will rise too. The energy consumption dataset provided continuous and detailed data
with a strong periodic pattern, which allows for building an accurate model [L6]. A good
opportunity to generate the amounts of data needed to train these machine learning
models is to use the Internet of Things (IoT). The sensors provide a solid foundation
for collecting data to detect anomalies and predict the building's energy consumption
over a period of time [6]. An energy prediction task could be used as a basis for a more
accurate virtual building simulation. This would allow for testing various parameters
of the building, such as heating, air conditioning, or lighting in the rooms. With these
simulations, it is possible to nd the best combination of those parameters to achieve a
smaller total energy consumption for the building.

On the other hand, getting a passive income in addition to the normal working salary is
a goal many employees want to achieve and perhaps one day quit their jobs. Automatic
trading bots could be one option to earn a lot of passive income, since the bots work
24/7. There are many approaches to that, such as di erent trading strategies or using
complex machine learning indicators that have good precision in making those trading
decisions. Scalping is a trading strategy where the time frame is set to minutes and
hundreds of trades are made per day. For those trades, a very small pro t per trade is
produced, but in the end, a substantial amount of money could be produced with this
method over time [26]. These machine learning models also have the potential to forecast
not only the decision on when a trade will be executed but also the future trend of the
price, helping traders nd the optimal point to buy or sell a position [13].

In this thesis, an attention-based Transformer model is tested on its prediction power for
two di erent time-series datasets. For comparison, traditional models will be created as
well to compare the prediction power. To better understand the attention mechanism,
multiple attention visualizations will be presented. Additionally, for the second dataset,
which consists of Bitcoin close prices, a trading simulation will be created where the
model decides whether to invest or not over a very short time. Due to its high volatility,
the Bitcoin dataset provided a high di culty for reading patterns and predicting prices.
Additionally, the in uence of market events, other external factors, and rapid price
changes make this data the perfect choice for training a di cult time-series model.

1.1 State of the Art

Jesse Vig and his team developed a visualization tool for a multi-head attention provided
by the BERT and the OpenAl GPT-2 models. The attention-head view shows patterns
based on the layers of the attention for di erent input sequences for word embedding.
They also present two other use cases, such as the model view and the neuron view. The
model view has one important use case, such as identifying recurring patterns. This is
done by looking at the attention across all heads from a bird's-eye perspective [24].

The topic of long range forecasting with multi-variable time series data investigates
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Jake Gribsby and his team for multiple types of data, such as weather or tra c light
information. They solve those problems with a new spatiotemporal sequence method
where the Transformer gets an input token that represents a single value. [9]

One of the rst attempts at a time series forecasting with Transformers presents Neo
Wu and his team by using in uenza-like illness (ILI) for a case study. They develop a
general Transformer-based model for time series forecasting. By comparing their results
with other models like LSTM, ARIMA, and Seg2Seg+attn models, the Transformer
is a new competitor by achieving the lowest RMSE score at their tests. These papers
covered promising results from a Transformer-based models but not fully any relationship
between periodic patterns in the data and the attention mechanism itself. To Il this
gap, this thesis explores how the attention responds while varying input parameters of
the model [25). This was the rst time that a Transformer-based model could e ectively
translate text into another language. By introducing the self-attention mechanism,
which is the basis of many papers for the future 23]. To extend the idea of visualizing
attention, this thesis investigates this approach on time-series data. With this, the
attention could be analysed more to see how it reacts based on the given input sequence
from the Transformer and possible patterns in it. If there exists a periodicity in the
attention [ 14] or how the attention reacts to multiple features as input sequence or simply
how the attention distributes for a variation in the number of input channels, referring
to the number of heads for the Transformer or analyse a possible connection between
a visualization of attention and a forecasting task R4]. On the other hand, how the
actual prediction performs based on the variation of the number of heads will also be
investigated for two di erent datasets [23, 20].

1.2 Research Questions

1.2.1 Predicting Building Energy Consumption

RQal : Is a multivariable attention-based Transformer model capable of predict building
energy consumption?

This question aims to explore the predictive power of the Transformer model by changing
the following hyperparameters: input decoder length and number of heads. The di erent
input lengths are [24, 48, 72, 96, 168], which represent he time unit 24 hours and the
other, respectively, and the di erent numbers of heads are [1, 2, 4, 8]. For each pair of
the two hyperparameters, a model is going to be trained and tested over a given time
period. The predicted sequence length is always 169 hours, which represents a whole
week of energy consumption prediction. The metric used to analyzethe prediction will be
the root mean square error (RMSE).

RQ1b : Which one of the following models (LSTM, SARIMA or Transformer) can best
predict energy consumption?

This question tests the upper three named models on the same time period as described
in RQla. The metric used to measure the error between the predicted and true values is
the RMSE for all three models. The number of heads used to train the Transformer will
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be chosen based on the result iRQ1a . All three models will be tested with multiple
input lengths, such as [24, 48, 72, 96, 168], and the results will also be tested for their
statistical signi cance.

1.2.2 Predicting the Close Price of Bitcoin

RQ2a : Is a multivariable Transformer-based model capable of predicting the close price
of Bitcoin data?

The input range for this question will be set to [24, 48, 72] in comparison to the model
parameters in RQ1, but the number of heads will still be the same. The test will be
done for the three models mentioned inRQla with the same metric.

RQ2b : Which one of the following models, LSTM, SARIMA or Transformer can predict
the close price of Bitcoin the best?

The process is the same as shown iRQ1b , this time for the Bitcoin close price dataset.
RQ2b: Is a machine learning model pro table to use as a trading instrument?

Only the models with reasonably good predictive performance will be considered for
this question. The trading rules will be taken from a real-world trading platform, and a
backtest will be performed by analyzing the evolution of a virtual wallet. At the end of
the question, a detailed prot analysis will be presented, and the calculation of the value
of risk over multiple time frames will be shown.

1.2.3 Visualizing the Attention for Time Series Data

RQ3a: How does the attention react to the additional features?

The aim of this question is to nd a way to illustrate the attention from a Transformer
model with the actual input sequence. Then the attention will be measured in the area
of the appearance of the additional features and the relative percentage calculated. This
percentage value is compared with the model results with no additional features.
RQ3b : How does the attention react to a strong periodicity in the input sequence? The
calculation of the attention is the same as inRQ3a, in addition, the attention pattern
is compared to di erent input sequences with a high periodicity, in this case a weekly
pattern from building energy data. This will be done and analyzed for a large number
of heads. This time, the R2-score is calculated by comparing the attention and the
postulated weekly pattern.

RQ3c : How does the attention distribute over a variation in the number of heads?
This question aims to analyze the impact of the di erent numbers of heads on the
distribution of the attention itself. The metric is the standard deviation and measures
how evenly the attention is distributed.

1.3 Overview

In the next chapter, the Transformer will be explained in detail. Also, the way from the
rst appearance of attention to the generalized attention used in this thesis.
The results chapter will rst show the data analysis and the data preparation from the
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two datasets that were used later, and then a detailed description of the results from
the research questions de ned before. Following this is the discussion part, where the
ndings from the results are discussed in detail. Finally, in the conclusion part, the most
important things will be summarized shortly.






CHAPTER

Methods

In this chapter, the most important methods will be explained to form the Transformer
architecture. Especially the individual parts will be investigated closer such as Encoder,
Decoder, Attention-Mechanism, Positional Encoding, Multi-Head Attention and Masked
Multi-Head Attention. Additionally, the process will be explained which dimensions the
individual parts of the Transformer expects

2.1 Transformer Architecture

. The Transformer is a sequence-to-sequence model mostly used on natural language
processing NLP tasks for translation. Before the Transformer was discovered, a RNN-
based architecture was used for NLP tasks. A RNN processes a sentence sequentially
and passes word by word into the system for training. The input is named Encoder, and
the output part is named Decoder. The model creates a context vector, which contains
the meaning of the sentence. The downside of this method is that for long sentences,
the model cannot handle the context, and for more complicated sentences, it is hard to
gure out the translation [ 4]. In contrast, the Transformer processes the input and the
target sequence as a a whole sequence, which makes it easier to do it in parallel. With
this procedure, larger datasets could be used in a reasonable amount of time to train the
Transformer. The Encoder and Decoder blocks could also be stacked a couple of times,
where every layer recognizes a di erent meaning of the input. It has been shown that
these layers discover the NLP pipeline. The individual layers focus on the part of speech
text, semantic roles, or co-references [21] [10].
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(a) Transformer owchart

The architecture is separated into four di erent parts, namely Input, Encoder, Decoder
and Output. The Nx represents the number of Encoder and Decoder blocks which can
be referred to a number of layers. The output from the rst Encoder layer is the input
from the second Encoder layer sequentially and so on until the number of total layers is
reached vice versa for Decoder part. The number of layers is also a hyperparameter of
the model. All Transformer based models in this thesis were designed with four layers.

2.2 Attention

The attention mechanism was rst inspired by human visual processing system where the
brain focuses more on the words it actually reads in comparison to the other words in its
vision. This was done by de ning weights to each element of a text input to a model.
With this, the model will be guided to critical steps for a translation task.
The rst appearance of the attention mechanism was proposed by Bahdanau et al.(2014)
to solve a bottleneck problem where a Decoder had limited access to the information
provided by the input. His attention mechanism consists out of these important parts
namely: hidden Decoder statess; 1, wheret is a time step, the context vector ¢, the
annotation h; which captures the important information from the input text, the weights

ti which are assigned to each time stef, a annotation h; and the attention score
e calculated with a given alignment function a(x;y) = tanh W[x;y]. A bidirectional
RNN was used in the Encoder part to generate theh; in both directions to capture
both perspectives of the words. On the other side the Decoder produces target words
focusing on the most relevant information from the input sequence. To get the alignment
scores a alignment function is used with the hidden Decoder state and the annotation
e = a(st 1;h). By applying a soft-max operation on the previous computed alignment
scoresey; the weights are calculated ¢ = softmax(e;). Finally the context vector ¢
Wthl’bIS unique is computed by forming the weighted sum of all Encoder hidden state¥
G = i:1 ti hi. At each time step this context vector ¢ is fed into the Decoder. By
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reformulation the attention mechanism could be applied to any sequence-to-sequence
task [4].

2.2.1 Generalisation of Attention

There are three main components to generalise attention namely querie®, keysK and
valuesV.

Queries : They contain the context or information needed to compute attention. In
NLP tasks, queries are usually input tokens or embeddings, which represent words for a
translation task. For a prediction task, mainly these queries will represent energy values
or price data.

Keys : Keys have the same type of data as the queries and are used to match the content
with the queries. Based on the similarity, keys help to calculate the attention score by
determining the relevance of queries to them.

Values : The actual information or content is contained by the values and were associated
with the keys. To calculate the weighted averages the values are used. These averages
capture the relevant information from the values corresponding to the queries. In
comparison to the attention mechanism from Bahdanau et al. the queries refer to the
previous Decoder outputs; 1, while the values and the keys refer to the Encoder inputs
hi. In the paper Attention is all you need they refer to this calculation as a scaled
dot-product attention. The queries, keys and values are calculated as follow. Take the
input sequence and multiply it with the initial weights W sets by the model.

Q= XWIK = XWKV = XW" where X is the input sequence after applying the
positional encoding, Wi are the weights with j = (q;k; V) representing the individual
types quires, keys and values.W; has the dimension ofdmodel Omodel. The resulting
Q; K;V have the following dimensionssi, dmodel Where s, represents the input sequence
length and dmegdel the dimension of the model.

The following steps needs to compute the general attention:

First calculate the attention score Attention (Q;K;V ) = softmax(gé%)v. To compute

the alignment scoresegx = QK T Then the score is divided by the square root of the
dmodel for scaling and numerical stability. A softmax function is applied to form the
weights. The weights are then multiplied with the values to form the attention matrix.
The attention matrix has the following dimension Sy, dmodel [18] [23].
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(a) Attention owchart

2.3 Input

The input part of the Transformer mainly prepares the data for the training as well as
for the prediction task later. For a prediction task with pure numbers, input/output
embedding or tokenising is not needed due to the leak of using words. For a NLP task,
rst the sentences would be tokenised by separating the sentences into words or even
smaller or larger tokens. Then an embedding layer transforms these words into vectors
for the model.

2.3.1 Data Indexing

Suppose a sequencs of distinct numbers with a timestamp and the length of N is given.
The next step is to separate it into an input sequence and an output sequence. The input
sequence length sets how long the Transformer is able to look back in the past to predict
the future. The output sequence lengths sets how long the Transformer could predict the
future of the sequence. The sequence step sisg sets how many points the Transformer
predicts in each prediction step. Suppose the input data has an hourly resolution and
the three parameters were set like thig24; 168] That means that the Transformer gets
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the past 24 hours to predict the next hour in one prediction step with a prediction length

of 168 hours which represents one week. For the experiments, these parameters were
changed to test the Transformer how it predicts the output [23].

With these parameters a vector is created which helps to separate the values form the
input sequence and creates a tensor for the input of the Decoder and the Encoder. This
algorithm creates pairs of indices based on the three parameters where the distance
between the pairs is always the input sequencsj, with respect to the step sizesg;.

Algorithm 2.1:  Indexing
Input: Length of sequenceN, window sizew, step sizeSs;
Output: List of pairs of indicesy
subx 0;
sub W;
y [
while suh N 1do
Yn  (sub;sub);
suly  suby + Sgt;
sub  sub + sg;
end
return yn;

© 0 N o 0o b W NP

With this list of pairs the input sequence S is then divided into smaller sub sequences
namely source, target and predict target. The source is the Decoder input, target is the
Encoder input which is shifted by one against the source and predict target is the model
output important for the computation of the loss.

After applying the provided Dataset class from Python to the three sequences the nal
dimension of those are batch size, input sequence length and number of features which
will be changed trough the di erent experimental approaches [3].

2.3.2 Positional Encoding

Positional Encoding takes care of the order of the input sequence for the Transformer.
Without it the model could not identify similar words or values with a di erent order

in the input sequence for the training. Doe to that the training is done in parallel the
positional encoding explicitly de nes a order in the input sequence. It is then added to
the input sequence before the Encoder input. There are two important rules that the
positional encoding must ful Il: [23]

First, values have not to be too large because then the actual value looses the semantically
meaning for the model. Secondly every position have to have the same identi er in respect
of the sequence. While the sequence change the values of the positional encoding stay the
same. Linear functions will not suit to this purpose doe to their lack of boundaries. On
the other hand sin and cos functions are bounded in an interval of 1to 1 and are also
be periodic. In the original paper Attention is all you need they used this functions

11
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with di erent frequencies and this technique is also used in this work [23].

8
% PE(pos;2i) = sin —P%,
L = 100009 model
— 0S
.E P E(p0312|+1) = CcOos P il
100009model

The variable pos represents the position andi the dimension. The wavelength ranges

from 2 to 10000 2 . Where the even positions correspond to a sine function and the
odd positions to a cosine function. Thus, the rst values in the sequence have the largest
frequency of the wave function increasing with the position in the sequence. With this

unique values the positional encoding is created [23].

2.4 Encoder

The main task of the Encoder is to turn the input sequence into a machine-readable
representation. In total there are three components a Decoder has which are Add&Nome,
Feed Forward and Multi-Head Attention.

(a) Encoder owchart

The input of the Decoder is the output from the positional encoding which then is fed
into the Mulit-Head Attention block where all three inputs are the same. This indicates
as the self-attention mechanism.
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2.4.1 Self attention

Self-attention refers to the attention calculation shown in the upper part but all inputs
are the same. Attention (X; X; X ), where X is a input sequence. This process allows
that the model learns relationship between all pairs of the input sequence.

2.4.2 Multi-Head Attention

In the original paper Attention is all you need they stretch the idea further and divided
the dmodel dimensional queries, keys and with values intch attention heads. On each

(a) Multi-Head Attention owchart

head a separate attention calculation is done in parallel. Then these attention heads are
concatenated and multiplied with the overall weights Wo. MultiHead (Q; K; V; head) =
Concat(head;; :::;; head,) W where head = Attention (Q;;K;;V;) where Q; 2 R9%moder do
K; 2 ROmodel dk \f 2 Rmoder dv gnd WO 2 RNMdv dmedel [23]. For simplicity the
dimension for quires, keys and values were setx = dy = dg. For the experiments the
model was trained with di erent numbers of heads from the set of headH =[1;2; 4; 8]
to see how the output reacts to the di erent number of input channels [11].

2.4.3 Procedure

Assume the Decoder is initialized with the following parameters such as the model
dimension dnogel, the input sequence lengths;,, the target sequencesiy, the number
of featuresf and a batch sizeb. With the preparation from the input part of the
Transformer the input from the Decoder D, has the following dimension: [b; s,;f]. First
a linear layer mapsD, to the following dimension: [dmogel; Sin;f]. This input is then

13
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put in the Multi-Heads Attention where three di erent weight matrices where multiplied

to the same input to form the matrix Q% K%and V® These weights are the learning
parameters that the model changes at the training and they have the same dimension
described above 24]. The Multi-Head Attention splits the three matrices into the number

of heads. Important to mention is that the length of the dimension of the model must be
a multiple of the number of heads. An additional weight is added which holds the weights
of all matrices for the multi head attention. After that the output is added with the
skip connection and then layer normalized. Finally a feed forward block is implemented
by two linear modules with a ReLU activation function in between and the output is
normed again [23].

2.5 Decoder

The di erence to the Encoder is for the Decoder a Masked Multi-Head Attention mecha-
nism is used for the input of the target sequence input. The queries and the values were
taken from the output of the Encoder and incorporated with the Decoder.

(a) Decoder owchart



2.6. Output

2.5.1 Masked Attention

For the masked Attention a mask is added to the attention calculation. The mask is
incorporated in the original attention equation like this
!

.
QK +Mask

Attention( Q; K; V) = softmax
dmodel

The mask itself consists of a matrix with the same dimension as the query, key and value
matrix and has zeros on the diagonal and the lower parts of the matrix where the upper
partis setto 1 . After applying a softmax to the 1 entries these entries are then set
to 0, which indicates they are ignored by the model [5].

2.5.2 Procedure

The input for the Decoder is also de ned and is the input shifted to the right by the
step size. In this case, the dimension is de ned afb; sar;f ], where sy is the target
sequence length, after applying the target positional encoding. The target Decoder layer
maps this input to the following matrix dimension [Siar; dmodel] @nd the three di erent
weight matrices are also applied for the target input. The next Multi-Head Attention
block has di erent inputs where the queries and the keys are taken from the Encoder
and the values from the Decoder. This con guration does not satisfy the condition of a
self Attention mechanism because the inputs were not the same. After that two norm
layers were added with a skip connection and another Feed Forward block is applie@8].

2.6 Output

The output consist of a linear layer and a softmax which calculates the probabilities of
the next value for the prediction. During the training the applied welghtsFyvere updated
via back propagation using in this work the Mean Squared Error Loss— i WA
For the training a separate vector is stored with the true values to have a reference value
for the loss function. Based on that all weights are updated and the model learns the
train-set [8].
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CHAPTER

Results

3.1 Building Data Analysis

For the energy prediction task, an open dataset provided by Kaggle 17] is used. It
consists of 507 non-residential buildings, containing energy consumption in KWh over
one year with a measurement frequency of one hour. For each building various metadata
such as building area, weather and property use type are provided. The buildings are
distributed across various time zones, building types such as o ce, college, or dormitory.
For the future work, one o ce building is selected in the New York, USA (GMT-4) time
zone.

3.1.1 Raw Data Analysis

Figure 3.1: Raw data plot energy dataset

17
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In this plot the raw data from the chosen building, Eddy, is shown. The date range goes
from January 2012 to January 2013. In total there are 8,784 data-points which represent
the energy consumption of the building in hours. The last few points will be ltered out
for the training for the models because of the sudden drop in the energy consumption.
After Itering the data consists out of 8,593 points. A rst rough statistically analysis
shows that the mean value is 39.73 with a standard deviation of 13.94, showing a stable

trend over the year. The total data range is now from January 1, 2012 to December 24,
2012.

Figure 3.2: Autocorrelation plot energy dataset

To check if there is a weekly pattern in the data which is possible for a energy data
like tend an auto-correlation plot is made to analyze the data. Thex-axis represents
the number of data-points and the y-axis represents the auto-correlation. The cone-like
shape represents a strong temporal pattern in the data while the positive peaks indicate
a positive correlation and the negative peaks indicate negative correlation.

3.1.2 Data Preparation

The raw-data will be split into three parts. The rst part will be used as training-data
with a date range from January 1, 2012 to September 30, 2012 for the models, the second
part will be used as test-data with a date range from October 2, 2012 to October 21,
2012 and the third one will be used as validation-data with a date range from October
8, 2012 to December 24, 2012. The following holidays in the USA will appear will be
appear in the training-data such as New Year, Martin Luther King Day, Memorial Day,
Juneteenth, Independence Day, Labor Day and Veterans Day. These days have a di erent
energy consumption trend and to avoid confusing the models training they will be Itered
out from the training-data. An additional feature will be added to the dataset which
indicates the model when a weekend is or not. This is implemented by de ning a signal
with the following conditions. The signal is 1 for a regular day during the week and the
1 on the weekend. For the training the training-set will be scaled from 1to 1. With
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this chosen scaler, the change from a weekday to the beginning of the weekend and vice
versa exhibits the most signi cant di erence.

Figure 3.3: Feature plot energy test dataset

In this plot the test-data with a date range of two and a half weeks is plotted. Here the
weekly energy pattern is clearly shown with two days with a smaller and ve days with a
higher energy consumption. The last week follows the clear trend but the second week
not. On Thursday and Friday there is much smaller energy consumption value which
indicates an anomaly in the pattern. The yellow line indicates the weekend indicator and
serves as an additional feature. With this indicator two di erent models will be created
one named Basic and the second one Weekend. The indicator should help the model to
identify which weekday it is to improve the prediction performance.

3.2 BTC Data Analysis

The second dataset contains prices from the cryptocurrency Bitcoin (BTC) provided by
Kaggle [12]. This dataset is chosen to have a counterpart to the rst one. This dataset
was chosen to have a counterpart example to see how the Transformer reacts to clearly
non-periodic data. The close price column is chosen as a target for the prediction.

3.2.1 Raw Data Analysis

The price measurement frequency for that dataset is one minute and the time range from
2021 was chosen. In total there are over 610,782 data points with the following columns:
date, open, high, low, close, Volume BTC and Volume USD. The date column contains
values with date-times in a minute time frame, additionally,there are four columns which

represents all relevant prices and the last two columns are the volume data for each minute.
The values for this range is complete and there are no missing values. A short statistical
analysis gives that the mean close price is 46,482.57the median price is 46,667.29 and
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the standard deviation is 9,454.1%,. The similar median and the mean value indicates a
symmetry in the data which we could see in the next plot. For completeness the minimal
price is 28,073.03 and the maximal price is 69,00Q,.

Figure 3.4: Raw data plot BTC dataset

This plot represents the close price for the total time-range for the year 2021. There
de nitely exists a movement in the market over the chosen time-range with two peaks
and three oors. The symmetry line over the whole range is roughly located in the middle
of the range.

3.2.2 Data Preparation

The total close price range will be separated into three parts namely train, test and
validation dataset. The training dataset goes from January 1, 2021 to November 1, 2021
so the total data gathered data goes over the period of 11 months. This dataset will
be used to train the di erent models. The test-data contains prices from one month
after the train dataset without any gap. It is used to test the models at the training to
measures the training performance. Finally the range from the validation dataset goes
over two months to the end of the total dataset. This part is used to perform a back-test
to test the models with data that the model has never seen before. The prediction target
for the BTC close price of all prediction tasks in this thesis will be 10 minutes.
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Figure 3.5: Raw data plot BTC price changes

Fixing the target length of the prediction to 10 minutes the next plot will analyze the
close price change in this de ned time range. This plot represents the price change
from the whole dataset. On the right-hand side of the plot there are the positive price
changes and the negative price changes on the left side. On theaxis the count of the
di erent price changes is shown and on thex-axis the price change range is shown. The
distribution from the train-set to the validation-set is nearly equal, so the choice of the

validation-set is valid.

Figure 3.6: Autocorrelation plot BTC dataset

In this plot the auto-correlated function is shown to get further information about the
data. The fact that there is only one maximum, is a indication that there exists a strong
dominant periodicity or a cycle. There appears a time lag where the price data is highly
correlated. The auto-correlation is positive, this means that if the price is high or low at
a speci ¢ time it tends to follow by periods. The asymmetry of the auto-correlation plot
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indicates a trend or seasonal periodicity in the data. In comparison to the dataset used
before the periodicity is only limited to the total time-range and not on the input from
the model.

3.2.3 Feature Engineering

Two additional features will be added to the dataset derived from the date column, the
rst one acts the same as shown in the energy building dataset namely weekend indicator.
The second feature indicates when the market is open which is on every working day in
a week from 08:00 to 16:00. Each indicator was implemented the same wayl if the
market is closed andl if the market is open and 1 for a normal working day and 1 on
the weekend. The additional features derived from the close price column encompasses
three distinct Exponential Moving Averages (EMAS), a buy signal, and a sell signal. The
EMAs were calculated by considering the most recenb, 10, and 20 price data points,
respectively. The buy and sell signals follow the de ned criteria

(
1, if EMAS > EMA10 and EMA10 > EMA20;

Buy signal := (3.1)
0; else
1, if EMA5 < EMA10 and EMA10 < EMA20;
Sell signal:= ! | (3.2)
; else

These rules de ne a trading strategy known as the 3EMAs strategy. Due to the 1 minute
price frequency the parameters to calculate the three EMAs were also chosen to be
short. The common values for the 3EMA trading strategy for hourly prices are50, 100
and 200. These additional features were incorporated into the models to provide them
with temporal price movements and relevant information to perform an overall better
prediction for the future price.

Figure 3.7: 3EMAs trading strategy
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This plot shows a small segment of the overall close price data. In the plot, buy signals
are represented by green arrows, while sell signals are denoted by red arrows. Shortly
after the cross-section of the three EMAs the chosen strategy works more e cient and the
buy respectively the sell signals indicate the predicted price movement more accurately.

3.3 Energy Prediction

The source code for all Transformer-based models was provided by the following link2g],
all SARIMA models from this link [ 1], and all LSTM-based models from this link [2]. In
this section the di erent models are going to be tested on the energy validation dataset.
For all tests with the energy dataset a length of 168 hours is chosen which represents the
next week from the input sequence values. The basis to indicate how the model performs
the RMSE score is calculated by comparing the predicted energy for the next week with
the true values. A time shift window of 24 hours was chosen to gather multiple results
for the statistical tests. After prediction the energy the window for the input for the
models is shifted by 24h until the end of the validation dataset is reached. Additionally
the tests will show how the di erent models react to the di erent day combinations for
the input sequences.

3.3.1 Transformer Varying Number of Heads

In this section, the results will be shown while varying the number of heads for the
Transformer model and the following hypothesis is formulated. By varying the number
of heads for the Transformer model a notable periodicity in the prediction performance
is noticed. In order to check the periodicity the RMSE score is calculated for the test
range and plotted for every model con guration to nd the postulated patterns. Only
results from the Weekend model will be shown via a boxplot, the results from the basic
model will be displayed with a table with the most important scores.

Figure 3.8: Weekend model con guration with xed input of 24
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This plot represents the results with a xed input length of 24 and the variation of the
number of heads with the Weekend model. With the increasing number of heads the
median of the RMSE score decreases. For the last two head con gurations the median
stays at the same value. For this input sequence length the two and the eight head
con guration achieves almost the same scores by comparing the mean values. In total
for this input sequence length no periodicity is noticed.

Figure 3.9: Weekend model con guration with xed input of 48

For this input sequence length the worst performance is achieved with the largest number
of heads while the best performance is reached with the four head con guration. In the
next section this model will be then compared with the LSTM and the SARIMA model.

Figure 3.10: Weekend model con guration with xed input of 96

For this input sequence length there exists a periodicity with the one, two and eight head
con guration. The scores for the four head con guration is in the range of 1¢° and so
the results are not very representative and so they were Itered out.
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Figure 3.11: Weekend model con guration with xed input of 168

For the longest input sequence the results have the same tendency to the lowest input
sequence length of 24 hours. The results from the four heads con guration were also
Itered out because the Transformer does not perform well with that con guration.

Model mean  std min max Model mean  std min max
1Head 1322 238 761 1711 1Head 9606 3932 794 16266
2Heads 803 116 498 1035 2Heads 1203 242 713 1613
4Heads 994 102 703 1143 4Heads 1011 187 551 1323
8Heads 7:78 095 596 1005 8Heads 15635 7125 3663 32536
Figure 3.12: Result table from basic Figure 3.13: Result table from basic
model with 24 input model with 48 input
Model mean  std min max Model mean  std min max
1Head 3212 816 1294 4901 1Head 5211 1846 1163 9418
2Heads 2276 754 661 4038 2Heads 1107 263 628 1631
4Heads 1026 239 565 1515 4Heads 19483 7528 3041 36392
8Heads 1351 392 534 2161 8Heads 2892 691 621 4296
Figure 3.14: Result table from basic Figure 3.15: Result table from basic
model with 72 input model with 96 input

The displayed tables show the results from the basic model from the Transformer. For
the input of 48 hours a valley is formed with a lower mean RMSE score for the two
and four head con guration. For the 96 h input sequence length the same periodicity is
noticed than as with Weekend model. One di erence is that the four head con guration
score is in a reasonable range. The scores from the other two models decrease with the
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increase of the number of heads and so the tendency is the same as for the Weekend
model.

Model mean std min max

1Head 90973 36128 15399 187164
2Heads 14:09 508 521 2748
4Heads 100759 58172 623 231713
8Heads 9:79 286 467 1664

Table 3.1: Result table from basic model with 168 input

A clear periodicity is noticed for the longest input sequence length of 168 hours. This
model con guration has the clearest periodicity of all the di erent con gurations.

3.3.2 LSTM Varying Input Sequence Length

This section analyses the results from the LSTM model for the same test data which was
used before. The basic and the Weekend model were implemented the same way as the
Transformer in case of the number and type of the additional features. The LSTM model
was con gured with four layers with 96 neurons and a batch size of 32. To get a trained
model with comparable results to the Transformer, a total number of 100 epochs was
chosen for the LSTM.

Figure 3.16: RMSE results from the LSTM basic model
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Figure 3.17: RMSE results from the LSTM weekend model

Overall the LSTM model proves that the model is able to predict the energy value with
a reasonable low RMSE. In total the basic model produces a lower RMSE score than the
Weekend model. The lowest mean RMSE score is reached with the input of 72 for the
basic model. This model is chosen to compare the prediction performance with the other
two types of models which will be discussed in the last section of this chapter.

3.3.3 SARIMA Varying Input Sequence Length

This section analyses the results from the SARIMA model with a basic and a Weekend
con guration. The ARIMA model is built up by using the default values for the order

(p; d; g parameter. These three parameters where chosen to be one which is the default
setting. By adding the seasonal order= (1;1;1;7) parameter creating the SARIMA
model. The 7 indicates a weekly data for the model.

Figure 3.18: RMSE results from the SARIMA weekend model
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This plot represents the RMSE scores from the SARIMA model. The lowest mean RMSE
score is achieved with the model that has the largest input sequence of 168 hours. The
SARIMA needs a hole week to predict the next week. This model is chosen to compare
the prediction performance with the other models such as LSTM and Transformer. The
results from the basic model has the same tendency but with a higher mean RMSE score
for the input length of 168 hours.

3.3.4 Transformer vs. SARIMA vs. LSTM Model Comparison

In this section the three chosen models from the previous chapter will analyse and
compete against each other. For the LSTM the Weekend con guration with an input
length of 72 hours was chosen, for the SARIMA the Weekend model with an input length
of 168 was chosen and for the Transformer model four heads and the input length of 72
was chosen.

Figure 3.19: Transformer vs SARIMA vs LSTM RMSE results

Overall the results from the LSTM model gets the highest RMSE scores with a median
of 10. The median from the best performing Transformer model is smaller than8. The
lowest median score was achieved with the SARIMA model with a score of approximately
5:7. On the other hand the SARIMA results have the largest boxplot, indicating that the
model reacts di erent on the same input sequence than the other models. An additional
statistical test will be used to provide statistically relevant analysis for the comparison
from the three RMSE scores. The following hypothesis will be formulated:

There are no statistical di erences between the three models.
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Modell Model2 meandi p-adj reject
LSTM-24-Basic SARIMA-168-Weekend 6747 002 True
LSTM-24-Basic Transformer-72-4Heads-Weekend 56:49 005 True

SARIMA-168-Weekend Transformer-72-4Heads-Weekend 10:97 006 False

Table 3.2: Result table Tukey HSD for 3 model comparison

In this table the Tukey HSD test results are shown. The SARIMA and the Transformer
model get statistically relevant lower RMSE-scores and the hypothesis is rejected. On
the other hand the di erence of the SARIMA and the Transformer model is too low to
have any statistical relevant di erences. This means that the performance from the two
models is roughly the same.

Figure 3.20: Input and target sequence for the Transformer

This plot shows the input and target sequences from the energy dataset. The length of
the two sequences is 168, which corresponds to one week. The two sequences are very
similar, which shows the weekly periodicity of the dataset. There is also a clear indication

of the weekly and daily pattern. The energy consumption is much lower at the weekend
than on a typical working day, and there are no public holidays in this week.
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Figure 3.21: Transformer prediction for the next week

This plot represents the energy prediction from the Transformer model with the Weekend
con guration, 8 Heads and an input sequence length of 168. The green line represents
the true values for the next 7 days in the range from Monday to Sunday. This time range
was chosen to nd out how the Transformer will react to the jump from the weekend to
a normal working day with the end of the input sequence and how it could predict the
next weekend. This model con guration indicates the frequency from the whole week
reasonably good. The amplitude from Monday and Thursday prediction reaches not the
values from the true energy values and there is a small overshoot on Thursday and Friday.
Indicating that the jump from the weekend to the working week was not predicted well.
Overall the predicted line jumps more up and down and so the smoothness is not the
same as for the true values. At the weekend, the frequency was not predicted quite right
and the prediction was stretched out.

Figure 3.22: LSTM prediction for the next week
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