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Abstract

Recently, a hybrid Deep Neural Network (DNN) algorithm, TreNet was proposed for
predicting trends in time series data. While TreNet was shown to have superior perfor-
mance to a number of alternative approaches, the validation method used did not take
into account the sequential nature of time series data. It also did not deal with model up-
date and model stability, which are important for real-world applications. Furthermore,
in the TreNet paper and previous trend prediction research, the Algorithm Selection and
Hyperparameter Optimisation (ASHO) is performed manually. However, manual ASHO
is expensive and often results in a sub-optimal or mediocre model because it needs ex-
tensive experimentation as well as domain specific and Machine Learning (ML) expert
knowledge. This dissertation replicates TreNet experiments on the same datasets using
a walk-forward validation method, which includes model update. The model is tested
over multiple independent runs to evaluate model stability. TreNet, which takes in both
raw point data and trend line features, is compared to vanilla DNNs and traditional ML
algorithms that take in raw point data features. A recent Automated Machine Learning
(AutoML) namely the hybrid Bayesian optimisation and hyperband (BOHB) framework
is implemented and evaluated for ASHO. The AutoML models are then compared to
the manually tuned models. The results show that in general TreNet still performs bet-
ter than the vanilla DNN, but not on all datasets as reported in the original TreNet pa-
per. On non-stationary datasets, traditional ML models outperform DNN models. The
AutoML experiments found optimal configurations that produced models that surpass
or compare well against the average performance and stability levels of configurations
found during the experiments with manual tuning for ASHO across four datasets. This
work highlights the importance of using an appropriate validation method and evaluat-
ing model stability while developing and testing ML models for time series applications.
It also demonstrates that AutoML techniques such as BOHB are effective to automatically
finding a well-performing models for predicting trends in time series data, thus making
ML model development more systematic and less error-prone.
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1 Introduction

1.1 Background and context

With the advent of low cost sensors and digital transformation, time series data is be-
ing generated at an unprecedented speed and volume in a wide range of applications in
almost every domain. For example, stock market fluctuations, computer cluster traces,
medical and biological experimental observations, sensor networks readings are all rep-
resented in time series. Consequently, there is an enormous interest in analysing time
series data, which has resulted in a large number of studies on new methodologies for
indexing, classifying, clustering, summarising, and predicting time series data [1]-[5].

In certain time series prediction applications, predicting the next trend is preferred
over predicting just the next value in the series [3], [4]. Segmenting the time series into
a sequence of trend lines - also known as piecewise linear approximation (PLA) [1] - can
provide a better representation for the underlying semantics and dynamics of the gen-
erating process of a non-stationary and dynamic time series[3], [4]. Non-stationary and
dynamic time series are time series whose properties change over time. Moreover, trend
lines are a more natural representation for predicting change points in the data, which
may be more interesting for decision making. For example, suppose a share price in the
stock market is currently rising. A trader in the stock market would ask “How long will it
take and at what price will the share price peak and when will the price start dropping?”
Another example application is for predicting daily household electricity consumption.
Here the user may be more interested in identifying the time, scale and duration of peak
or low energy consumption.

Traditional trend prediction approaches include Hidden Markov Models (HMM)s [4],
[6] and multi-step ahead predictions [7]. Leveraging the success of deep neural networks
(DNN) in computer vision and natural language processing [8]-[10], Lin et al. [3] pro-
posed a hybrid Long-Short Term Memory (LSTM) and Convolutional Neural Networks
(CNN) approach, called TreNet. TreNet predicts the next trend of a time series as a PLA
(trend line) with a slope and a duration. The authors show that TreNet outperforms
support vector regression (SVR), CNN, LSTM, pattern-based Hidden Markov Models
(pPHMM)s [4], and cascaded CNN and LSTM. However, the study had certain limitations
as explained below:

Inadequacy of cross-validation: The study used standard cross-validation with ran-
dom shuffling. This implies that data instances, which are generated after a given vali-
dation set, are used for training [11].
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No model update: In real world applications where systems are often dynamic, mod-
els become outdated and must be updated as new data becomes available. TreNet’s test
error was estimated on a single hold-out set, which assumes that the system under con-
sideration is static. TreNet’s evaluation therefore does not provide a sufficiently robust
performance measure for datasets that are erratic and non-stationary [11].

No evaluation of model stability: DNNs, as a result of random initialisation and pos-
sibly other random parameter settings could yield substantially different results when
re-run with the same hyperparameter values on the same dataset. Thus, it is crucial that
the best DNN configurations should be stable, i.e. have minimal deviation from the mean
test loss across multiple runs. There is no evidence that this was done for TreNet.

The above three limitations of TreNet evaluation method are named validation problem.
Missing implementation details: Important implementation details in the TreNet study
are not stated explicitly. For instance, the segmentation method used to transform the
raw time series into trend lines is not apparent. This questions the reproducibility of the
TreNet study.

Manual ASHO: In the TreNet paper and previous trend prediction research [3], [4],
the algorithm selection and hyperparameter optimisation (ASHO) is performed manu-
ally. Manual ASHO is expensive and often results in a sub-optimal or mediocre model
because it needs extensive experimentation as well as domain specific and machine learn-

ing (ML) expert knowledge.

1.2 Problem statement

The experimental study of TreNet showed the potential of DNNSs for predicting trends in
time series data. However, the study used an inadequate validation method; it did not
perform model update; it did not evaluate model stability; and the paper omitted im-
portant implementation details. Besides, ensemble regression models such as Random
Forests (RF) [12], and Gradient Boosting Machines (GBM) [13], which are very widely
used traditional ML algorithms [12] [13] [14], [15], were not included in their baselines.
Similar to other ML tasks, finding the optimal trend prediction model and its optimal
hyperparameter values for a particular time series requires extensive experimentation by
an ML expert. It often requires information about the characteristics of that time series.
In some cases, the resulting predictive model may still be sub-optimal because the search
space is very large and experts have limited time and resources to conduct the necessary
experiments. The ASHO is a sub-problem of the larger field of automated machine learn-
ing (AutoML) [16], [17]. Besides evolutionary algorithms [18], some of the promising
AutoML methods are: the model-based approaches such as Bayesian Optimisation (BO)
[17], and the multi-armed bandit approaches such as HyperBand (HB) [19]. Recently
BOHB (Bayesian Optimisation and HyperBand), a hybrid BO and HB, was proposed [20]
and was shown to outperform BO and HB. BOHB has not yet been applied to time series
trend prediction. Previous trend prediction studies performed the ASHO manually [3],

[4].
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It is important to address the highlighted limitations of TreNet, and compare TreNet
to other approaches including RF and GBM to determine the optimal trend prediction
model with a more appropriate validation method. Furthermore, the evaluation of BOHB
for automating the ASHO for trend prediction has the potential to accelerate time series
research and application.

This study therefore implements and evaluates TreNet with a walk-forward valida-
tion method which is more appropriate for time series data. A walk-forward validation
with successive and overlapping partitioning (see section 2.1.5) is better suited for eval-
uating and comparing model performance on time series data [21]. TreNet is then com-
pared with vanilla DNN models as well as traditional ML algorithms. Finally, BOHB is
implemented and evaluated for automating ASHO for predicting trends in times series.

1.3 Aim and objectives

The overall aim of this work is to evaluate different machine learning techniques for
predicting trends in time series data. The specific research objectives are to:

1. Develop and evaluate the performance and the stability of a hybrid deep neural
network, i.e. TreNet for predicting trends in time series data, taking into account
model update and model stability.

2. Compare the hybrid deep neural network trend prediction approach with the vanilla

deep neural network approaches.

3. Compare the deep neural network trend prediction approaches with the traditional

machine learning approaches.

4. Evaluate the effect of the addition of trend line features to raw point data features
on the performance of non-hybrid algorithms for predicting trends in time series
data.

5. Explore the potential for AutoML tools to perform algorithm selection and hyper-
parameter optimisation for predicting trends in time series data.

1.4 Research methodology

The study is conducted on four different time series datasets including the three datasets
used in the original TreNet paper. The first dataset is a series of voltage recordings of
an individual household power consumption. The second dataset is a series of methane
concentration in air from a gas sensor. The third and the four datasets are stock market
closing prices of the composite New York Stock Exchange (NYSE) and the composite
Johannesburg Stock Exchange (JSE) respectively. TreNet was not benchmarked on the
JSE dataset.

Seven ML models namely TreNet, LSTM, CNN, MultiLayer Perceptrons (MLP), RF,
GBM, and SVR are implemented and compared for predicting trends in time series data.
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The TreNet, LSTM, CNN, MLP are DNNs, RF and GBM are tree-based ensemble meth-
ods, and SVR is a kernel-based method. Both the ensemble methods and the kernel-based
method are traditional ML algorithms. The DNNs are implemented with Pytorch [22];
RF, and SVR with sklearn [23]; and GBM with LightGBM!. The hybrid TreNet model
takes in both raw point data and trend line features, whereas the other six non-hybrid
models take in just raw point data features. The study investigates the impact of supple-
menting the raw point data with trend line features on the performance of the non-hybrid
models.

The models are evaluated using the walk-forward evaluation method [21] instead of
the standard cross-validation used in the TreNet study [3]. The walk-forward validation
maintains the order of a time series sequence and deals with changes in its properties
over time [21]. It also includes model update (see section 2.1.5 for more details). To eval-
uate the robustness of the models, each experiment is run independently 10 times with
random seeds. The variance in the performance metric determines the model stability.
Similar to Lin at al. [3], the Root Mean Square Error (RMSE) is used as the performance
metric. In general, the performance of the models are reported as the mean and the stan-
dard deviation of the RMSE values of the slope and the duration. However, the equally
weighted average slope and duration RMSE value is used as a single value metric for the
comparisons.

Two ASHO approaches are explored: a manual tuning and an AutoML approach. The
manual ASHO is performaned through hand-crafted experiments for each dataset. The
hybrid BOHB is chosen, based on a literature survey, to implement the automated ASHO.
BOHB combines the strengths of both a model-based approach and a multi-armed bandit
approach. BOHB is implemented using HpBandSter? framework.

The focus of this dissertation is on predicting trends in time series data. It does not
deal with the broader time series prediction problem, which forecasts the next data point.
The study also focuses on machine learning methods. It does not explore statistical meth-
ods such as Autoregressive Integrated Moving Average (ARIMA) models, Generalised
Autoregressive Conditional Heteroscedastic (GARCH) [11], [24].

1.5 Contribution of the study

This study highlights the importance of using an appropriate validation strategy, which
takes into account model update and model stability, when dealing with time series data.
With such an evaluation method, TreNet generally performs better than other models
such as LSTM and RF, but not always so as suggested in the original TreNet paper [3].
No previous work was found which used RF and GBM for predicting trends in time se-
ries data, and this may be the first study to do this. The study also demonstrates how
AutoML tools, specifically the HpBandSter framework, can be effectively used to au-
tomatically find the best DNN configuration. The hyperparameter configuration search

Thttps:/ /lightgbm.readthedocs.io/en/latest/index.html
2h’c’cps:/ / github.com/automl/HpBandSter
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space identifies key hyperparameter variables and ranges that most impacted model per-
formance across all datasets during the manual experiments. The configuration file is
made publicly accessible® to allow researchers and practitioners to replicate these results
and evaluate this approach on other datasets. Thus, it decreases the barrier to entry for
developing ML models. The research therefore has the potential to contribute to the ex-
pansion of the ML user community by allowing users without expert knowledge and
experience in ML to rapidly build and evaluate ML models for predicting trends in time
series data.

1.6 Dissertation outline

The remainder of the dissertation is structured as follows:

¢ Chapter 2 - Literature review: This chapter provides an overview of the machine
learning process for time series prediction, and reviews the relevant literature on

trend prediction and automated machine learning.

¢ Chapter 3 - Experimental design: This chapter describes the datasets, the design,
the methods used for the experiments, and the implementation of BOHB for ASHO.

¢ Chapter 4 - Manual trend prediction experiments: This chapter describe manual
analysis experiments, provides their results and discusses the findings. The limita-
tions of TreNet are addressed, and compared to vanilla DNN models. Then DNN
models are compared to traditional ML models.

¢ Chapter 5 - Automated trend prediction experiments: This chapter describes the
automated trend prediction experiments, provides the results and discusses the
findings.

¢ Chapter 6 - Discusion and Conclusions: This chapter starts by summarising the
findings of the research, discusses to what extent they achieve the aim and the ob-
jectives of the dissertation, and reflects on the methods. It proceeds with the impact
of the research, and highlights the limitations and the opportunities for future work.

Shttps:/ /github.com/h-kouame/ configuration-space-of-auto-cash
Shttps:/ /automl.github.io/HpBandSter/build /html/best_practices.html



2 Literature review

The literature review begins with the ML process for time series prediction. It then pro-
vides a survey of the different techniques for predicting trends in time series data. It
proceeds to introduce the ASHO problem in ML. Recent AutoML techniques for solv-
ing the ASHO problem are presented and analysed. The chapter ends by discussing the
ASHO for predicting trends in time series data.

2.1 Machine learning for time series prediction

2.1.1 Machine learning process

v

Hyperparameter
Pre-processing Opp e

NI - )

ML training
error

Iterative

Algorithm

v

Candidate
Model

Generalisation
. —
Final Model el

Validation
error

.................

FIGURE 2.1: Machine learning process

Figure 2.1 shows an outline of a typical ML process. After acquiring the dataset,
the first step consists of pre-processing and partitioning it into training, validation and
test sets [16], [25]. These sets are respectively used to train, tune the hyperparameters
and evaluate the model. The hyperparameter tuning or model selection, which is a very
expensive process, is traditionally performed manually but may be automated by a meta-
process [26].

2.1.2 Time series data characteristics

Time series present many characteristics such as trend, seasonality, periodicity, serial cor-
relation, skewness, kurtosis, chaos, nonlinearity, and self-similarity [27], [28]. The trend

of a time series refers to the long term change in the mean level [28]. The seasonality is a
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pattern that repeats itself over fixed intervals of time [28]. The length of these intervals
represents the periodicity of a seasonal time series. The skewness of a time series measures
its degree of symmetry of its distribution around its mean value [28]. The skewness for a
normal distribution is zero, and any symmetric data should have the skewness near zero.
Negative values for the skewness indicate data that are skewed left, and positive values
for the skewness indicate data that are skewed right. In other words, left skewness means
that the left tail is heavier than the right tail. Similarly, right skewness means the right
tail is heavier than the left tail. The kurtosis is a measure of whether the data are peaked
or flat, relative to a normal distribution. A data set with high kurtosis tends to have a
distinct peak near the mean, decline rather rapidly, and have heavy tails. Datasets with
low kurtosis tend to have a flat top near the mean rather than a sharp peak [28].

2.1.3 Preprocessing

Similar to most ML applications, time series prediction requires the raw data to be pro-
cessed into meaningful input features. This preprocessing takes on various forms de-
pending on the application, and the properties of the time series. Thus, the raw data may
first be subject to a log-transformation, deseasonalisation, detrending, moving average,
and scaling [29], [30]. In addition to the raw data points, other input features include
PLA [31], shapelets [5], [32] and discrete Fourier transform or discrete wavelet transform
[33]. The aim of these techniques is to reduce the dimensionality and/or discover useful
features with predictive capabilities. Regardless of the features used, the sliding window
technique is used to create the feature vectors that are fed into the ML algorithms [11],
[24], [29], [30], [34]-[36], based on the assumption that the data generating mechanism
is autoregressive. Thus, given a time series x1, x3, ..., X7, the sliding window transforms
a time series into input-output vector pairs (X;, Y;) such that: X; = (X—w, Xt—w+1, s Xt)
and Y; = (X¢41, Xt42, ..., Xt M) Where w — window size and M — the number of steps ahead
prediction. In effect, each feature vector pair consists of w lagged-values and M lead-
values. Figure 2.2 [37] is an illustration of this preprocessing technique for 1 step ahead
prediction and window size of 20. The output of the preprocessing step is fed into an ML

Input data Ou tlmt data

|
L 90 tmde days data—————— | The next day close
I | &t price moverment
1 "
2| |

3 | ||

5 years trade data

FIGURE 2.2: Sliding window of size 20 for a 1-step ahead stock market
price movement prediction. (copied from [37])
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algorithm for learning. The next sub-section outlines some of the widely used learning
algorithms for time series data.

2.1.4 Widely used algorithms

Statistical techniques such as exponential smoothing, autoregressive (AR) models, mov-
ing average (MA), ARIMA models, GARCH are widely used in time series forecasting
[11], [24]. To model the non-linearity property of real-world time series, these traditional
methods require the specification of non-linear functional relationship between variables.
This model-based approach is very limiting. Thus, ML based approaches are increasingly
becoming more prominent [3], [35], [38], [39] in the field. There is a variety of ML algo-
rithms for time series prediction. Some of the most common techniques include neural
network based algorithms such as MLP [34], [40], LSTM-RNN [10], [39], CNN [3], and
hybrid LSTM-CNN techniques such as TreNet [3]. Ensemble techniques such as RF [12]
and GBM [13] are also prominent in the time series literature [14], [15]. Finally, kernel

based methods such as SVR are often used as baseline [3].

Multilayer perceptrons

Multilayer perceptrons (MLP) are a class of universal approximators [41], which are able
to discover and learn complex patterns from data [34]. Figure 2.3 [34] shows a typical
feedforward MLP structure with a single hidden layer. MLP have been widely used for

Hidden Laver

imput Layer Output Layer

FIGURE 2.3: Multilayer perceptrons with a single hidden layer (copied
from [34])

time series prediction [29], [34], [38], [42]. Ayankoya et at. [34] used MLPs for predict-
ing futures contract prices of white maize. Given their populariy, Aras and Kocakog [42]
proposed a new model strategy for MLP model selection in time series prediction. So did
Sandy and Balkin [38] focusing on univariate time series. Moreover, Ahmed et al. [29]
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performed an empirical comparison of ML techniques including MLP and concluded
that MLP are among the best performing techniques for time series prediction. MLPs
are popular not only because of their universal approximation property - with just one
hidden layer [41], but also, because they do not in theory require extensive feature engi-
neering: they are capable of learning the features themselves. However, they are highly
parametrised [29] and therefore, require the correct hyperparameters to be set for a given
problem. For instance, gradient descent, one of the prominent optimisation algorithm
used to train neural networks, is very sensitive to the learning rate. Thus, there is a cru-
cial need to optimise the hyperparameters of the model for a given data to ensure an
optimal generalisation ability of the model.

Long-short term memory

RNN, a special type of neural networks with recurrent properties, have been proven
successful for sequence data with dependencies [3], [9], [10]. This success is partly due to
long-short term memory (LSTM) RNNs. LSTMs are a special class of sophisticated gated
RNNSs, introduced by Hochreiter and Schmidhuber [43] in 1997 to solve the problem of
long-term dependencies, the problem of vanishing, and exploding gradients present in
RNN:Ss [43]. Figure 2.4 shows how three LSTM layers can be stacked to form an ensemble

& ® ®

t T |
SRER
© ® ©

FIGURE 2.4: The repeating module in an LSTM contains four interacting
layers (copied from 1).

with the middle model showing the internal gates of a typical LSTM module. Lipton
et al. [44] used LSTMs for multi-label classification of diagnoses. Malhotra et al. [45]
evaluated their ability to detect anomalies in ECG time series. Guo et al. [10] used LSTMs
for online time series prediction and Lin et al. [3] proposed TreNet using LSTMs for time
series trend prediction. Their promising results can be explained by their ability to learn
hidden long-term dependencies in sequence data [9]. However, they are generally harder
to train because of the need to model long-term dependencies [46].

Convolutional neural networks

Introduced in 1989 by LeCun et al. [8], convolutional neural network (CNN) are spe-
cialised neural networks, which have shown great performance mainly on image data
[8], [47]-[50]. Figure 2.5 gives an example of a CNN architecture for digit recognition.
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FIGURE 2.5: Architecture of LeNet-5, a convolution neural network, here
for digits recognition. Each plane is a feature map, i.e. a set of units whose
weights are constrained to be identical. (copied from [8])

The convolutions and subsampling operations form a CNN layer. Thus, a CNN layer is
composed of a convolution layer, a pooling layer, and optionally an activation non-linear
function such as ReLU [51], tanh or sigmoid. For example, LeNet used sigmoid activa-
tion functions [8]. The convolution layer consists of one or more filters also known as
kernels. These kernels convolve the input data to extract useful low-level features such
as edges, textures for images. Each filter is characterised by a kernel size. The pooling
layer is an aggregation operation used to reduce the dimension of the features extracted
by the convolution layer. As such, given a pool of values, the max pooling type outputs
the maximum value; the average pooling, the average of the values. Based on the net-
work structure, the pooling layer can be optional, that is the identity pooling type. The
max pooling and the average pooling type require a pooling size to be specified. Recent
studies have shown that CNNs can yield comparative performance to RNN on sequen-
tial data with more efficient training [52], [53]. Thus, they have become an alternative
[54] or a complement to LSTM-RNN for time series data [3].

Support vector regression

Support vector regression (SVR) is the regression version of the prominent traditional
classification method called support vector machine (SVM) [55]. SVRs use kernels to
transform the input variables into a high-dimensional feature space and penalises the
complexity of the model by adding a penalty term to the error function [29]. Contrary
to MLPs, SVRs have a strong theoretically foundation, so they are constantly used as a
baseline technique for time series prediction [3]. Generally, their performance is closely
related to choosing the correct kernel that suits the problem at hand. However, for direct
trend prediction, the average performance of radial basis kernel was better than other
kernels tested, i.e. the sigmoid and the polynomial kernels [3].

Thttps:/ /colah.github.io /posts/2015-08-Understanding-LSTMs/
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Random forests

Bagging [56] and boosting [57] methods are two-well known ensemble methods for both
classification and regression problems [58]. Bagging methods build successive trees in-
dependently using a bootstrap sample of the dataset and take a simple majority vote for
prediction [58]. Introduced in 2001 by Breiman [12], random forests (RF), which are a
bagging ensemble method, make two changes to the standard trees. They construct each
tree using a different bootstrap sample of the data, and they split each node using the
best among a subset of predictors randomly chosen at that node, contrary to the stan-
dard trees, which use the best split among all variables [58]. RFs are robust to overfitting
and compare very well against SVR, MLP [12]. RFs are used for time series applications
such stock market movement prediction [14], [15].

Gradient boosting machines

Gradient boosting machines (GBM) are boosting methods, which are type of ensemble
methods. As opposed to bagging methods, which build trees independently, boosting
methods build successive trees give extra weight to points incorrectly predicted by earlier
predictors. Then, a final weighted vote is taken for the prediction [58]. GBMs are used for
both classification and regression tasks. The GBM regression was explicitly presented by
Friedman in 2001 [13], and have since been applied to various problems including time
series data.

2.1.5 Time series prediction model evaluation

The evaluation of ML models is crucial for measuring the generalisation performance and
the reliability of the system. It also ensures a correct and effective model selection and hy-
perparameter optimisation. To effectively compare state-of-the-art methods, a common
agreed upon evaluation technique on benchmark datasets is generally required. In time
series prediction, there is no such consensus in the literature [11]. Some of the frequently
used evaluation methods are described below.

Traditional time series evaluation

In traditional forecasting, a portion of the end of the time series is held-out for testing and
the remaining sequence is used for training the model [11], [59]. The training set may be
further divided into training subset and validation set if model hyperparameter tuning
is necessary depending on the ML algorithm. This technique, illustrated in figure 2.6,
is similar to a hold-out cross-validation without randomly splitting the data instances.
Although this evaluation procedure does not suffer from the theoretical problems such
as temporal evolutionary effects and dependencies within the data, it may result in sub-
optimal model because it does not make use of all the available data during training [11].



Chapter 2. Literature review 12

Training Set Test Get Test set error

Training Subset |Validation

] Tune hyperparameters

FIGURE 2.6: Traditional time series evaluation with validation set (copied
from 2).

The standard cross-validation

To make use of all the training data during model development, cross-validation is often
used to evaluate ML models. The most common cross-validation method named k-fold
cross-validation, randomly splits the entire dataset into k different subsets. It then trains
the model k times, using k-1 subsets as training set and the remaining subset as validation
set for each training iteration. Each of the k-subset serves as validation set once. Thus,
every data instance is effectively used for both training and test. The final model error is
an average value of all the k test errors. The random partitioning is based on the indepen-
dent assumption between data instances. Theoretically, this assumption invalidates the
standard k-cross-validation with random partitioning when applied to time series data,
where the autoregressive property of the sequence is generally assumed. This point is
even stronger for non-stationary time series data, which exhibits temporal evolutionary
dynamics [11].

Walk-forward evaluation

A more suitable data partitioning of time series data is the successive training-validation-
test sets in an overlapping fashion [60] as illustrated in figure 2.7. This partitioning

’ <«—— |Initial training

’ <«— Model update 1

<«— Model update 2

<«— Model update 3

Training Set Validation Set Test Set

FIGURE 2.7: An example of successive training validation test sets in over-
lapping partition

method ensures that for a given validation and test data, not only historical but recent
data is used to trained the model. It therefore deals with the potential temporal changes
in the properties of the data. The multiple partitions and evaluation in a walk-forward
fashion evaluates the performance of the model over time after re-training. Thus, the

test size represents the model update period. The model update is the re-training of the
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model with new data. This evaluation method with the successive training-validation-
test partitioning is referred to as the walk-forward evaluation in this work. In the literature,
some variants of this evaluation methods are named nested cross-validation [61], rolling-
origin [59], or rolling-origin-recalibration [11]. The walk-forward evaluation combines
the strengths of the traditional hold-out time series evaluation with those of the standard
cross-validation with multiple subsets of data to maximise the use of training data. In ef-
fect, the walk-forward time series evaluation can be viewed as performing multiple 1-fold
cross-validation with multiple time windows of the same dataset without randomising
the data instances. The final model performance is the average of the performances on
the test sets. In certain applications, it may be useful to concatenate all the tests sets to
compute a single performance metric such as the RMSE.

2.1.6 Performance metrics

To quantify the performance of a regression model, statistical measures are required. The

most intuitive measure is the mean absolute error (MAE) in equation 2.1,

1 & ,
MAE = =Y |yt — 4| (2.1)
T t=1

where T is the length of the sequence, v is the actual value, and y; is the predicted value.
Although this measure is easily interpretable, it does not penalise larger error terms. The
widely used root mean squared error (RMSE) in equation 2.2 for its "desirable” mathemat-
ical properties, solves this problem. However, RMSE and MAE are both scale-dependent.

1

T
RMSE = | = ) (v — y;)? (22)
t=1

=~

Another performance metric is the Mean Average Percentage Error (MAPE) in equa-
tion 2.3

1 & 100)y: — v
MAPE = ~ " —2 Yt — ¥l 23
Tt; " (2.3)

The MAPE also has its strengths and weaknesses. It is easily interpretable, scale indepen-
dent but does not penalise larger error terms, and is not defined when y; = 0. To avoid
this issue, the symmetric Mean Average Percentage Error (SMAPE) in equation 2.4 was

proposed
_ 1 - 100]y; — |
SMAPE = 7 t; — (2.4)
where )
" ; A (2.5)

Table 2.1 summarises the performance metrics, also known as loss functions in the con-
text of optimisation, and their properties.

https:/ /towardsdatascience.com/ time-series-nested-cross-validation-76adba623eb9
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TABLE 2.1: Comparison of Loss functions

MAE MAPE sMAPE RMSE

Interpretability Intuitive Intuitive Not Intuitive Not Intuitive

Scale-dependency  Scale-dependent Scale-independent Scale-independent Scale-dependent

Large error-term Not penalised Not penalised Not penalised Penalised

Definition at y; =0 Defined Undefined Defined Defined

2.2 Predicting trends in time series data

In certain time series prediction applications, predicting the next trend is preferred over
predicting just the next value in the series [3], [4]. Segmenting the time series into a se-
quence of trend lines (also known as piecewise linear approximations [1]) can provide a
better representation for the underlying semantics and dynamics of the generating pro-
cess of a non-stationary and dynamic time series [3], [4]. A trend is an intermediate up-
ward and downward behaviour of the successive observations [3]. It is characterised by
a line segment specified by a slope, and duration, i.e. the number of data points covered
by the line. Trend prediction can be performed indirectly or directly.

2.21 Indirectly learning trends in time series data

Traditionally trend prediction is achieved by performing multistep ahead prediction and
titting the predicted values to obtained the trend [7]. This approach suffers from accumu-
lative prediction errors as noted by Bao et al. [62] and Taieb and Atiya [63]. It is therefore,
not a trivial task [64]. An alternative approach is the use of HMMs to discover a pre-
defined number of states in the training set, and model the transition dynamics between
these states [4], [6]. The next trend is then predicted by first identifying the current state,
which is used to perform the inference. However, HMMs only maintain short-term state
dependences because of the memoryless Markov property. Furthermore, specifying the
number of states requires task specific knowledge [3]. The multistep-ahead prediction
and the p-HHM learn the trend in an indirect fashion.

2.2.2 Directly learning trends in time series data

In light of the limitations of the multistep prediction and the HMMs segmentation ap-
proaches, Lin et al. [3] proposed a new approach that focuses on directly learning trends
using hybrid neural networks called TreNet. The problem of directly learning trends in
time series as formulated by Lin et al. is given next.

Trend prediction formulation

Consider a univariate time series as X = {x1, ..., x7 }, where x; is a real-valued observation
at time t. The trend sequence T for X, is denoted by T = {< I1,51 >,..., < s, Iy >},

Zhttps:/ /towardsdatascience.com / time-series-nested-cross-validation-76adba623eb9
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and is obtained by performing a piecewise linear approximation of X [1]. [} represents
the duration and is given by the number of data points covered by trend k and sy is the
slope of the trend expressed as an angle between -90 and 90 degrees. Given a historical
time series X and its corresponding trend sequence T, the aim is to predict the next trend

< Sg1, 1 >

TreNet

Lin et al. [3] developed a hybrid neural networks architecture dubbed TreNet for predict-
ing trends in time series. The structure of TreNet consists of a CNN layer, a RNN-LSTM
layer, and a feature fusion layer. Intuitively, the CNN learns the local features of the time
series from local raw data [3]. The local raw data was defined as observations preced-
ing the subsequent trend to be predicted as shown in figure 2.8 [3]. The rationale for

Local Data 245 1
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FIGURE 2.8: (a) Trend prediction on time series. (b) Associated sequence
of trends (copied from [3])

the LSTM layer was to capture any potential long-range dependency in the sequence of
historical trends. Thus, TreNet exploits the different strengths of the CNN and LSTM
layers in a complementary fashion. Each layer is trained independently then combined
by the fusion layer. This is illustrated by figure 2.9 [3]. Lin et al. reported that TreNet
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FIGURE 2.9: Illustration of the hybrid architecture of TreNet (copied from

[3)

outperformed SVR, CNN, LSTM, pHHM [4], and cascaded CNN and RNN.
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2.2.3 Shortcomings of TreNet

Besides exploiting the properties of CNN and LSTM, the novelties introduced by Lin et
al. include the use of both the local data and the historical trends as features. Together,
they are meant to provide both a local and a global view of the time series. Thus, to make
inferences, the historical time series needs to be segmented into its constituant piecewise
linear trends first. This may present some practical challenges especially for applica-
tions that require online inferences from a continuous stream of data. This is because the
two basic PLA algorithms (bottom-up 2.2.4 and top-down 2.2.4) that produce the best
approximations are offline [1], [2], [31]. Although Keogh et al. [1] proposed a compet-
itive online hybrid PLA algorithm dubbed SWAB (Slidding Window And Bottom-up),
the online segmentation may require a lot of computation resources for large time series.
Thus, being able to learn trends directly using raw data as features may be advantageous
mainly for common applications that require online inferences from a continuous stream
of data because, this will remove the necessity of performing online segmentation during
inference.

Furthermore, the TreNet paper as presented in [3] by Lin et al. has some limitations.
Firstly, the pre-processing method used to segment the time series into trend lines was
not specified nor was the error tolerance. This makes it difficult to replicate their results
and therefore, indicates a need to establish benchmark datasets.

Moreover, some hyperparameter choices were not explicitly justified. For instance, they
used 600 memory cells in LSTM but did not indicate how and why they chose this hy-
perparameter value. Thus, there may be a potential to improve the reported results by
better exploring the hyperparameter space for each dataset.

Finally, the paper stated the following: "We then do random shuffling over such data in-
stances, where 10% of the data instances is held out as the test dataset and the rest is used
for cross-validation" [3]. This shows that their evaluation procedure did not consider the
possible dependencies present in the data by shuffling the data and using the standard
cross-validation instead of nested cross-validation as explained in 2.1.5. Besides, DNNS,
as a result of random initialisation and possibly other random parameter settings could
yield substantially different results when re-run with the same hyperparameter values
on the same dataset. Thus, it is crucial that the best DNN configurations should be sta-
ble, i.e. have minimal deviation from the mean test loss across multiple runs. There is
no evidence that this was done for TreNet. The limitations of the original TreNet paper
show the need to replicate the study with an appropriate validation method which deals
with model update and model stability, and re-compare TreNet’s performance to other

ML approaches.

2.24 Segmentation of time series into trends

In many time series applications, the raw data is summaried in an efficient and effective
representation such as Fourier transforms [31], [65], wavelets [66], symbolic mappings
[67] and PLA [31]. PLA is one of the most widely used representations [2], [4], [68]-[81].
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For instance, Ge and Smyth [68] used PLA for change-point detection in semiconductor
manufacturing; Hunter and McIntosh for knowledge-based event detection in complex
time series; Koski et al. [70] for the recognition of ECG signals; Park et al. [76] for sub-
sequence searches in sequence databases; Wang et al. [4] for finding semantics in time
series data using patterned-based hidden Markov models. Piecewise linear approxima-
tion techniques [1] are used to segment raw time series into trends. The PLA methods
approximate a window of data points with a line by joining the two end-points through
interpolation or regression. Kheogh et al. [1] performed an extensive review and empi-
rally compared different PLA techniques. They observed that PLA methods can be cate-
gorised into three main approaches: sliding window, bottom-up, top-down. Each approach
is described below.

Sliding window

The sliding window approach considers the first data point of the time series as the left
anchor of the first trend also known as line segment. Then, the segment grows to the next
data point until a residual error threshold is reached. The second segment starts with
the next data point not covered by the first segment. This process continues until all the
data points are covered. Although this technique may be faster than others because it
only considers a local view of the time series, Keogh et al. [1] mentioned the existence
of various techniques to make it even faster by increasing the stride size, for example. In
addition to being fast, the sliding window approach allows online segmentation. This
makes it a convenient method of choice for application with online requirements such as
medical data analysis [1]. However, it may result in poorer representation of the initial
data point because of its lack of global view of the time series.

Bottom-up

In contrast to the sliding window, this approach considers a global view of the time series
in a bottom-up fashion, thus, referred to as bottom-up PLA. The bottom-up algorithms
consider the finest possible approximation as a segment: each data point is a segment.
These segments are merged until a stopping criterion, such as a number of segments K or
a residual error threshold E, is obtained. Compared to the sliding window, this approach
may result in a better approximation [1], but, it cannot be used in an online fashion.
Keogh et al. [1] proposed a hybrid online algorithm which leverages the strengths of the
sliding window and the bottom-up approaches.

Top-down

Similar to the bottom-up approach, the top-down algorithms keep a global view of the
time series but in a top-down fashion. The entire time series is initially considered as a
single long segment. It is then partitioned until a stopping criterion is reached: a residual

error E or maximum number of segments. Because of its global view, it may result in
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reasonable approximations. However, similar to the bottom-up, it can only be used of-
fline and can be very slow, although it can be easily parallelised in a divide and conquer
fashion.

Table 2.2 provides a summary of the algorithms and their properties based on Table
5in [1], where E — Maximum error for a given segment, ME — Maximum error for a given

segment for the entire time series, K — Number of segments.

TABLE 2.2: Comparison of segmentation algorithms

Algorithm Parameters Complexity Parallelisability Online
Sliding window E O(Ln) No Yes
Bottom-up E, ME, K O(Ln) Yes No
Top-down E, ME, K O(n?K) Yes No

2.3 Algorithm selection and hyperparameter optimisation

2.3.1 Hyperparameter optimisation

An ML algorithm is a computational procedure that searches a space of hypothesis func-
tions that can best generalise on unseen data. Each hypothesis function is fully defined
by a set of parameters that can be learnt using algorithms such as gradient descent. For
instance, a neural network is fully specified by its weights matrix W [82]. Before learn-
ing the model parameters, some initial parameters need to be specified to determine the
structure of the approximation function and the learning configurations. These parame-
ters are referred to as hyperparameters and are set by the modeller or by a metaprocess.
For example, the hyperparameters of a SVR include the kernel to use (linear, polynomial,
sigmoid...), the degree of a polynomial kernel, the regularization constant C, round-off
error €, the tolerance parameter [82] and those of an MLP include the learning rate, the
number of layers, the number of neurons per layer, etc.

Some hyperparameters may change during a training epoch [17], for example the
learning rate of a neural network may dynamically vary to balance exploration and ex-
ploitation during training. Other hyperparameters are conditional on some particular
hyperparameters being chosen/active: this gives rise to an hierarchical dependencies
between hyperparameters [25]. As an illustration, in SVR the degree of polynomial is
conditional on the polynomial kernel being active.

The performance of most ML models is highly dependent on carefully setting the hy-
perparameters. This raises the hyperparameter optimisation problem, formally defined
by Shahriari et al. [17] and Thornton et al. [25].
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2.3.2 Algorithm selection

In addition to the hyperparameter optimisation, one faces the problem of algorithm selec-
tion. The algorithm selection problem is about selecting the best algorithm from a set of
candidate methods (e.g. SVR, MLP, LSTM) that will minimise a given loss function. This
problem is justified by the fact that through empirical evidence, it has been established
that no single algorithm will ensure the optimal performance on all datasets [16], [42].
This observation is further backed by The No Free Lunch Theorem, which states that any
two algorithms are equivalent when their task performance is averaged across all possi-
ble problems [83]. A solution to the algorithm selection problem should ensure that the
candidate algorithms” hyperparameters are optimised before evaluating their respective
performance. Thus, the algorithm selection problem and the hyperparameter optimisa-
tion intertwine. This led to the formulation of the joint optimisation problem termed
combined algorithm selection and hyperparameter optimisation (CASH) [16], [25].

2.3.3 CASH problem formulation

Thornton et al. [25] and Feurer et al. [16] defined the CASH problem as outlined in
definition 2.3.1:

Definition 2.3.1. CASH:
Let A = {A(, ..., AR} be a set of algorithms, and let the hyperparameters of each al-
gorithm A() have domain A. Further, let Dtmm = {(xl,yl) o (X, yn)} be a training set

which i (1? split into K cross-validation folds {lezd, th} and {Dtmm, . tmm} such
that Dtmm = Dtmzn\DW]ld fori = 1 K |
Finally, let £(AY, t(;,)zmr DY ) denote the loss that algorithm A() achieves on D

when trained on D, . with hyperparameters A. Then, the CASH problem is to find the

train
joint algorithm and hyperparameter setting that minimizes this loss:

A%, A, e = argmin ZE tmm, Z()la)lid)' (2.6)
NeAreAl)

The Definition 2.3.1 assumes the standard cross-validation. However, the standard
cross-validation can be substituted by an appropriate validation method such as walk-
forward validation for time series data.

2.3.4 Approaches to the CASH problem

In principle, the CASH problem can be solved using various approaches such as grid
search [84], random search [85], evolutionary algorithms for deep learning algorithms
[18], BO [25], and HB [19]. These methods are either sub-optimal, intractable, or they
require numerically differentiable hyperparameters, or themselves have various hyper-
parameters to be tuned. For instance, the "widely used grid search methods for tuning
hyperparameters are sample inefficient and computationally expensive" [86]. Random
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search on the other hand cannot guarantee finding a good algorithm and hyperparame-
ter configuration, especially in a low resource setting, because of its random nature. A
more promising solution is the Bayesian approach. Thus, Thornton et al. [25], devel-
oped AUTO-WEKA (Automatic Model Selection and Hyperparameter Optimization in
WEKA) to solve the CASH problem using tree-based Bayesian Optimisation (BO) meth-
ods with the machine learning framework WEKA [87]. In addition to the variants of
Bayesian approaches, a multi-armed bandit approach such as HyperBand (HB), has also
emerged in the literature [19]. BO, HB, and BOHB - a hybrid BO and HB are described
below.

Sequential model based optimisation

The most promising Bayesian optimisation framework is the sequential model-based op-
timisation (SMBO) [25]. SMBO can be summarised in three steps. Firstly, it models the
dependency between the hyperparameter configurations and their performance measure
using a probabilistic model. Secondly, using the current model and an acquisition func-
tion, SMBO predicts the most promising candidate configurations of hyperparameters,
in closed form. Finally, it evaluates the candidate configuration, then, updates the prob-
abilistic model in a Bayesian fashion. The last two steps are repeated iteratively until a
stopping criterion, such as a computational budget or time limit, is met. This procedure

is outlined in algorithm 2.1. In a nutshell, SBMO is an approximate search framework

Algorithm 2.1 SMBO
1: initialise model M;H < @
2: while time budget for optimization has not been exhausted do
3: A < candidate configuration from M|
4: Compute c = L(A,, Dt(;gn.n, Dl()la)lid)
5 H <+ HU {()\,C)}
6: Update M given H
7: end while
8: return A from H with minimal c

that maximises the acquisition function, which balances exploration and exploitation of
the hyperparameter space. In Auto-WEKA, Thornton et al. [25] successfully used the
positive expected improvement over an existing given error rate as acquisition function.
There are several SMBO algorithms based on the model class used to fit the relation-
ship between the hyperparameter configuration and the performance measure. For in-
stance, the sequential model-based algorithm configuration (SMAC) may use Gaussian
processes (GP) or random forests. In addition to SMAC, other Bayesian optimisation
algorithms include tree-structured parzen estimation (TPE) [25], multi-task Bayesian op-
timisation (MTBO) [88].

In general, the training time of these algorithms take several hours for large datasets de-
pending on the available computational resources. Klein et al. [26] therefore, proposed
a Bayesian optimisation dubbed FABOLAS which models loss and training time as a
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function of the dataset sizes. Thus, FABOLAS trades off high information gain about
the global optimum against computational cost. The authors of FABOLAS recorded that
it finds high-quality solutions 10 to 100 times faster than other state-of-the art Bayesian
optimisation methods such as Hyperband, described next.

HyperBand

Proposed by Lin et al. [19], HyperBand (HB) is a multi-armed bandit strategy that is
faster, when compared to BO. HB takes advantage of the fact that in many applications,
the true function f to be learnt can be approximated by a cheap-to-evaluate approxima-
tion £(.,b), where b € [bi, bax] is the evaluation budget such as the number of epochs
for training DNNs. HB assumes that the quality of the approximation typically increases
with the budget b. Thus, f (., bmax) = f(.). HB exploits this concept to evaluate multi-
ple hyperparameter configurations on cheaper budgets to determine the most promising
ones. This is done by repeatedly calling SuccessiveHalving [89] to find the best of n

randomly sampled configurations as shown in Algorithm 2.2 [20]. Then, the promising

Algorithm 2.2 Hyperband
input: budgets b,,;,, and byx, 17
1: Smax = Uogﬂ Z:'ﬁj
fors € do
sample n = [S"‘S’;%H -°| configurations
run SuccessiveHalving [89] on the n configurations with #° - b,y as initial budget

configurations are evaluated on higher budgets and eventually on the maximum budget
to obtain the true function, i.e. the optimal model. HB is faster compared to BO however,
it is not as stable as BO because the initial set of configuration is randomly selected. HB
is effective at finding good configurations faster and is parallelisable. However, it is very
data hungry and requires maintaining a large pool of pre-selected candidate configura-

tions.

Bayesian optimisation and hyperband

Recently, Falkner et al. [20] proposed Bayesian optimisation and hyperband (BOHB),
which combines the strengths of both HB and BO. BOHB makes use of the multi-fidelity
evaluation approach of HB but selects the initial set of configurations using a model sim-
ilar to BO. The authors of BOHB showed that it converges faster and guarantees better
results in most cases except against Fabolas which had a similar performance. Moreover,
BOHB satisfies the following properties: 1 - a strong anytime performance, 2 - a strong
final performance, 3 - an effective use of parallel resources, 4 - scalability, and 5 - robust-
ness and flexibility [20]. BOHB can therefore ensure stable and competitive results when
limited compute resources are available.
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Summary of some AutoML tools

Table 2.3 outlines some of the existing AutoML tools that can be used to implement au-
tomatic algorithm selection and hyperparameter optimisation.

TABLE 2.3: List of tools for implementing algorithms for CASH

Name Tool Description

SMAC [90] SMAC3? A hyperparameter optimiser and model selector implementing SMAC.

Fabolas [26] RoBO* A Gaussian process based implementation of Fabolas.

Hyperband [91] RoBO / HpBandSter” A multi-armed bandit hyperparameter optimiser using Successive Halving selection.

TPE & Random [92] HyperOpt® A Python framework for bayesian optimization with TPE.

MTBO [88] RoBO A Python implementation of multi-task Bayesian optimisation.

SMAC, warmstart & ensemble [16] ~auto-sklearn’ An automated machine learning toolkit and a drop-in replacement for a scikit-learn estimator.
BOHB [20] HpBandSter A hybrid Bayesian optimisation and hyperband framework for hyperparameter optimization.

2.4 CASH problem in time series prediction

As mentioned by Thornton et al. [25] the problems of algorithm selection and hyperpa-
rameter optimisation have been widely tackled but separately. This remark holds for time
series prediction as well. On one hand, to determine which machine learning algorithm
best performs on time series data, Ahmed et al. [29] performed an extensive empirical
study but did not tackle automatically the model selection problem. On the other hand,
having chosen neural networks as algorithm, the automated hyperparameter optimisa-
tion problem was investigated by Aras and Kocakog [42], and Balkin and Ord [38] for
time series prediction. Similarly most papers on time series trend prediction select the
machine learning algorithm based on expert knowledge and perform extensive or very
little experiments, using techniques such as grid search [84] or random search [85], to op-
timise the hyperparameters [3], [4], [34]. Although frameworks such as BO [25], HB [19],
and BOHB [20] have been proposed for solving the CASH problem, there is still some
gaps to be filled for time series trend prediction.

2.5 Summary

This chapter reviews ML techniques for time series prediction. It highlights the im-
portance for evaluating ML models on time series data with an appropriate validation
method with model update such as the walk-forward evaluation, instead of the standard
cross-validation. The chapter introduced the usefulness of predicting trends in time se-
ries data for certain applications and described existing approaches including a promis-
ing recent hybrid deep neural networks, i.e. TreNet. TreNet’s paper showed that it is
superior to other methods, but the study has many limitations such as the use of the

Zhttps:/ / github.com /automl/SMAC3
Shttps:/ /github.com /automl/RoBO
4https:/ / github.com/zygmuntz /hyperband
Shttps:/ / github.com /hyperopt/hyperopt
Ohttps:/ /github.com/automl/auto-sklearn
https:/ /github.com/automl/HpBandSter
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standard cross-validation to evaluate the model. Furthermore, this chapter described the
algorithm selection and hyperparemeter optimisation problem faced by ML practition-
ers. Some recent AutoML techniques for solving the ASHO problem are described. It is
observed that TreNet and previous study on predicting trends in time series performed
the algorithm selection and hyperparameter optimisation manually. This chapters there-
fore shows the necessity to replicate TreNet’s experiments with an appropriate validation
method and compare its performance to other methods. It also identifies an opportunity
to evaluate recent AutoML techniques for automating the ASHO for predicting trends in

time series data.
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3 Experimental design

This chapter describes the process for predicting trends, and the design of the exper-
iments performed. It starts with an overview of the prediction process. It proceeds
with the description of the datasets, and the data preprocessing method. The design
of the learning algorithms and the optimisation of their hyperparameters are explained.
The chapter continues to describe the data partitioning and the model evaluation. It
concludes with an overview of the experiments performed. It is worth pointing out in
advance that some design decisions are taken because of practical considerations. For
instance, the number of raw local data per dataset described in section 3.3.2 was fixed

instead fine-tuning to reduce the number of tuning experiments.

3.1 Overview of the process for predicting trends

Figure 3.1 provides an overview of the process followed for predicting trends in this
work. The process starts with acquiring the dataset. The dataset is then segmented into
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FIGURE 3.1: Overview diagram of trend prediction process

piecewise linear approximations. The output of the segmentation process is a sequence
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of trend lines and their corresponding raw local data. The sliding window technique is
applied to this sequence to form the data instances, i.e. the input-output pairs. The data
instances are partitioned in an overlapping training-validation-test fashion. The ASHO
process finds the optimal algorithm and its optimal hyperparameter configuration. More
specifically, this process selects a learning algorithm, which is trained using the training
sets. The output of the training process is a candidate model, which is evaluated using
the validation sets. The outcome of the evaluation is used to select the best model. Finally,
the generalisation ability of the final model, i.e. the best model, is estimated on the test

sets.

3.2 Datasets

The experiments are conducted on four datasets namely the voltage, the methane, the
NYSE, and the JSE datasets. The first three datasets are used in the original TreNet study
[3]. The JSE dataset is added to extend the number of datasets.

3.2.1 The voltage dataset

The voltage dataset is obtained from the University of California Irvine (UCI) ML repos-
itory!. It corresponds to the power consumption dataset used by Lin et al. [3]. It is re-
named to be more precise since the complete power consumption dataset contains many
other time series. The raw data consists of 2075259 voltage measurements of a house in
Sceaux (7km from Paris, France). These measurements were recorded over a period of 47
months - between December 2006 and November 2010 - with a one-minute sampling rate.
Figure 3.2 shows the evolution of the voltage dataset over time (top sub-figure) and the
probability distribution of its values (bottom sub-figure). The top sub-figure shows that
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FIGURE 3.2: Top - The individual household voltage dataset. Bottom -
Probalility distribution of the voltage dataset.
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FIGURE 3.3: Top - Methane concentration in air over time. Bottom - Prob-
ability distribution of the methane dataset.

the voltage dataset follows the same pattern every year, according to the weather seasons.
It also reveals that it is highly volatile, but it has an almost constant trend. A volatile time
series values change rapidly in an irregular pattern. The bottom probability distribution
int the bottom sub-figure shows that the voltage dataset is normally distributed.

3.2.2 The methane dataset

The methane dataset corresponds to the gas sensor dataset used by Lin et al. [3]. It
is renamed for clarity because the gas sensor dataset contains many other series. It is
extracted from the UCI ML repository?. The original dataset consist of 4178504 measure-
ments of methane concentration in air, which were gathered at a frequency of 100Hz. A
resampled set of size of 41786 at a frequency of 1Hz is used in this work. Figure 3.3 shows
the evolution of the methane dataset over time (top sub-figure) and the probability distri-
bution of its values (bottom sub-figure). The top sub-figure shows that the methane does
not exhibit any clear trend or seasonality. The probability distribution in the bottom sub-
figure reveals that the methane dataset is skewed to the right of its mean value. It also
shows that the methane dataset has very sharp changes with medium to low volatility.

3.2.3 NYSE dataset

The NYSE dataset is the composite New York Stock Exchange closing price from 31-
12-1965 to 15-11-2019. It is extracted from Yahoo finance® and contains 13563 raw data
points. Figure 3.5 shows the evolution of the NYSE dataset over time (top sub-figure)
and the probability distribution of its values (bottom sub-figure). The top sub-figure
shows that the NYSE dataset has an almost linear upward trend. Its volatility is very low
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FIGURE 3.4: Top - The composite NYSE closing price dataset. Bottom -
Probalility distribution of the NYSE dataset.

FIGURE 3.5: Raw NYSE dataset.

initially until before the year 2000 after which, it becomes very volatile. The probability
distribution in the bottom sub-figure shows that the NYSE dataset is skewed to the right.

3.2.4 JSE dataset

The JSE dataset is the composite Johannesburg Stock Exchange closing price from 2007-
09-18 to 2019-12-31. It is extracted from Yahoo finance. It is much smaller than the other
three datasets, with only 3094 raw data points. Figure 3.6 shows the evolution of the JSE
dataset over time (top sub-figure) and the probability distribution of its values (bottom
sub-figure). The top sub-figure shows that this stock market dataset is less volatile, com-
pared to the NYSE. The probability distribution in the bottom sub-figure shows that the
JSE dataset has a more symmetrical distribution around its mean value. It is not exactly
normally distributed like the voltage dataset: it has a flat top and heavy tails on both
sides.

The characteristics of the four datasets are summarised in table 3.1. These character-

istics are explained in section 2.1.2.

TABLE 3.1: Summary of the characteristics of the datasets.

Trend Seasonality  Periodicity Skewness Volatility
Voltage  almost constant seasonal yearly symmetric very high
Methane  no clear trend  non-seasonal N/A right skewness ~ medium then low
NYSE upward non-seasonal N/A right skewness low then high

JSE mostly constant non-seasonal N/A almost symmetric medium then low
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FIGURE 3.6: Top - Composite JSE closing price dataset. Bottom - Probalility
distribution of the JSE dataset.

3.3 Preprocessing

The data preprocessing consists of three operations: the missing data imputation, the
data segmentation, and the sliding window operation. Each missing data point is re-
placed with the closest preceding non-missing value. The data segmentation and the

sliding window operations are explained next.

3.3.1 Data segmentation

Each dataset is segmented into piecewise linear approximations (PLA)s, referred to as
trend lines or simply trends. Similar to Wang et al.[4], the segmentation is performed
using the bottom-up technique (see section 2.2.4). As a reminder, a trend line consists of a
slope and a duration. The slope of the trend, which is the gradient of the line, is converted
to an angle between -90 and 90 degrees. This transformation eases the interpretation of
the results [3]. The duration of a trend line is determined by the number of data points
it covers. Table 3.2 provides a summary of the basic statistics, i.e. the number of trend

lines, the mean, and the standard deviation of the segmented datasets.

3.3.2 Input-ouput data instances

The data instances, i.e. the input-output pairs are formed using the sliding window tech-
nique (see section 2.1.3 and figure 2.2). At the current sequence step ¢, the output is the
next trend Ty 1 =< Sgy1, lk+1 >. The prediction horizon is therefore 1. The input features
are the local data points Ly =< x4, ..., X, > for the current trend Ty =< s, [y >. The

Thttps:/ /archive.ics.uci.edu/ml/datasets /individual+household+electric+power+consumption
2h’c’cps:/ /archive.ics.uci.edu/ml/datasets/gas+sensor+array+under+dynamic+gas+mixtures
Shttps:/ /finance.yahoo.com/
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TABLE 3.2: Summary of the basic statistics of the segmented datasets.

Voltage Methane NYSE JSE
Number of raw data points 2075259 41786 13563 3094
Number of trend lines 42280 4419 10015 1001
Mean £ deviation of the trend slope —-021+1041 0.17+18.12 54448127 0.21+£18.18

Mean £ deviation of the trend duration  50.08 £60.36 10.46 £67.03 235+0.81 4.09+5.23

prediction is based on the actual end of the previous segment not the previously pre-
dicted trend since the prediction horizon is 1. The window size w is determined by the
duration of the first trend line. For TreNet the input consists of both the local data points
Ly (fed into the CNN), and the current trend Ty (fed into the LSTM). Table 3.3 gives a
summary of the the input vector size per feature type, and the number of data instances

per dataset.

TABLE 3.3: Summary of the input vector size per dataset and per feature

type. Raw local data refers to the window size in terms of number of data

points. Number of data instances refers to the number total number of data
examples available for training and testing

Voltage Methane NYSE JSE

Raw local data 19 100 4 2
Trend lines 2 2 2 2
Raw local data + Trend line 21 102 6 4

Number of data instances 42279 4418 10014 1001

3.4 Learning algorithm design

This study considered seven different algorithms namely TreNet [3], MLP, LSTM, CNN,
RE GBM, and SVR. TreNet, MLP, LSTM, and CNN are neural networks based algorithms;
RF and GBM are ensemble methods; and SVR is a kernel based algorithm. The design of
each of each algorithm is explained below.

3.4.1 The hybrid DNN (TreNet)

Figure 2.9 shows the generic architecture of TreNet. Its implimentation in this study
is similar to the initial architecture [3] proposed by Lin et al. [3]. More specifically, the
LSTM component consisted of a single LSTM layer. The CNN is composed of two stacked
[3] 1D convolution layers without pooling layer. The second CNN layer is followed by
a Rectified Linear Unit (ReLU) activation function to capture any potential non-linear
relationship between the input and the output. The flattened output of the CNN’s ReLU
layer and the LSTM layer are reduced/projected to the same dimension using a fully
connected layer for the fusion operation. The fusion layer consisted of a fully connected
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layer that takes the element-wise addition of the projected outputs of the CNN and LSTM
components as its input. It outputs the slope and duration values. A dropout layer is
added to the layer before the output layer.

3.4.2 MultiLayer perceptrons (MLP)

The MLP algorithm consists of N fully connected neural network layers, where N € [1,5].
Each layer is followed by a ReLU activation function to capture non-linear patterns in the
data. To prevent overfitting, a dropout layer is added after each odd number layer, except
the last layer. For instance, if the number of layers N = 5, the layer 1 and layer 3 will
be followed by a dropout layer. The weights of the network are initialised using the He
initialisation technique [93] with normal distribution.

3.4.3 Long short-term memory (LSTM)

The LSTM algorithm is built with N LSTM layers, where N € [1,3]. Each LSTM is fol-
lowed by a ReLU activation function to extract non-linear patterns, and a dropout layer
to prevent overfitting. After the last LSTM layer, a fully connected neural network layer
is added. This layer takes the feature representation extracted by the LSTM layers as its
input and predicts the next trend. The fully connected layer is initialised with the He
initialisation [93]. To learn long-term relationships between trends, the LSTM layers are
not re-initialised at every epoch.

3.4.4 Convolutional neural network (CNN)

The architecture of the CNN algorithm consists of N 1D-convolutional layer, where N €
[1,3]. Each convolutional layer, which consists of a specified number of filters of a given
kernel size, is followed by a ReLU activation function, a pooling layer, and a dropout
layer to prevent overfitting. The final layer of the CNN algorithm is a fully connected
neural network which takes the features extracted by the convolution, activation, pool-
ing, and dropout operations as its input and predicts the next trend. The structure of a
one layer CNN is illustrated in figure 3.7. This architecture is inspired by Lin et al’s im-
plementation [3]. Both the convolutional and fully connected layers are initialised with
the He initialisation technique [93].

3.4.5 Neural network training and regularisation

The Mean Square Error (MSE) is used as loss function when training the neural network
based algorithms, similar to Lin et al. [3]. The slope and the duration loss are weighted
equally. The Adam optimizer [94] is used for learning the optimal weights of the neural
networks. It is selected because it achieves good results faster than other methods [94].
To prevent overfitting, dropout and L2 regularisation are used [3]. The actual value per
algorithm per dataset is obtained through tuning. To make the neural networks robust

to random initialisation, their weights are initialised using the He initialisation technique
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FIGURE 3.7: The structure of a one layer 1D-convolution neural network.

[93] with normal distribution. The ReLU function is selected as the non-linear function.
The mode is set to fan-in, that is the magnitude of the variance of the weights in the
forward pass is preserved.

3.4.6 Random Rorests (RF)

The RF algorithm used is sklearn’s random forest regressor [23]. The MSE loss is used
for training. The hyperparameters that resulted in performance gain are the number of
estimators, the maximum depth, the boostrap, and warm start parameters.

3.4.7 Gradient Boosting Machines (GBM)

The LightGBM* framework for used to implement the GBM algorithm used in this work.
The hyperparameters that improved the performance are the boosting type, the number of
estimators, and the learning rate.

3.4.8 Support Vector Regression (SVR)

Sklearn’s [23] implementation of the SVR is used in this work. Only the radial basis kernel
is used because of their better results [3] and faster training time. Tuning the gamma and
C hyperparameters resulted in noticeable performance gain.

3.5 Model evaluation

3.5.1 Walk-forward evaluation and performance metrics

The walk-forward evaluation procedure, with the successive and overlapping training-
validation-test partition [21], is used to evaluate the performance of the models (see sec-
tion 2.1.5 for more details on the walk-forward evaluation). The input-output data in-
stances are partitioned into training, validation, and test sets in a successive and overlap-
ping fashion [21] as shown in figure 2.7. For the methane and JSE datasets, the combined
test sets make up 10% of their total data instances as per the original TreNet experiments
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[3]; and 80% and 50% for the voltage and NYSE datasets respectively because of their
large sizes. The partition sizes for each dataset are given in table 3.4. The number of par-

TABLE 3.4: Summary of the data instance partitioning

Voltage Methane NYSE JSE

Number of data instances 42279 4418 10014 1001
Chosen total test sets percentage ~ 80% 10% 50%  10%
Chosen test set size 4227 10 1001 1
Number of splits 8 44 5 101
Validation set size 4227 10 1001 1
Training set size 4227 3967 4008 899

titions is set to 8 for the voltage, 44 for methane, 5 for NYSE and, 101 for the JSE dataset.
This determines the number of model updates performed for each dataset. For exam-
ple, one initial training and 7 (8-1) model updates are performed for the voltage dataset.
For DNN models, the neural networks are initialised using the weights of the most re-
cent model, during model update. This makes the training of the network faster without
compromising its generalisation ability. More details about this technique which we refer
to as model update with warm-start are given in section 3.5.2 below.

The equally weighted average of the RMSE values of the slope and duration is used
as the evaluation metric. The RMSE formula is repeated in equation 3.1 as a reminder.

RMSE = \/7 Eq (v = 1) (3.1)

where, y; — actual next trend, y; — predicted next trend, and T — number of data
instances. In certain cases, calculating the RMSE on the test set of each split and averaging
over all the splits may lead to an incorrect estimation of the model error. For example,
when the test set size is 1, i.e. Ty, = 1, the RMSE of each split becomes the Absolute
Error (AE), as shown in equation 3.3. Averaging this RMSE over all the splits makes the
overall RMSE equals to the Mean Absolute Error (MAE) as demonstrated in equation 3.3,
where T = total test size = number of splits.

1< , ; /
RMSEqpii = | 7 2 —yi)* =/ (e —=y1)* = lye —:| = AE (3.2)
t=1
1 1 R ,
RMSE pera = 3 Z AE = 3 Z lye — | = T Z lye — yi| = MAE (3.3)
=1 t=1 t=1

To avoid such incorrect estimation of the RMSE, the predictions for all the test sets is con-
catenated into a single series and used to calculate the overall RMSE using equation 3.1.
Besides the RMSE, the percentage improvement over the naive last value model (LVM)
is used in experiment 1. The rationale for this is explained in experiment 1 in section 4.1,
where the percentage improvement over the naive LVM is used.
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Each experiment is run 10 times and the mean and the standard deviation across the
10 runs are reported. This provides a measure of the stability of the models.

3.5.2 Model update with warm-start

The walk-forward evaluation procedure requires as many training episodes as the num-
ber of splits: one initial training and many model updates. This can be computationally
very expensive, depending on the number of splits. This is more crucial for DNNs which
are more expensive to train. Thus, model update with warm-start initialisation is used to
reduce the training time of DNNs. The warm-start initialisation means that the new net-
work is initialised with the weights of the previous model during model update. In effect,
the patterns learnt by the previous network are transferred to the new model, therefore,
reducing the number of epochs required to learn the new best function. In practice, the
walk-forward evaluation with warm-start corresponds to performing the first training
with the maximum number of epochs required to converge, then using a fraction of this
number for every other update. This fraction - between 0.0 and 1.0 - becomes an addi-
tional hyperparameter dubbed warm start. The lowest value that out-performs the model
update without warm-start is used as the best value, because this technique is essentially
used to speed-up the model updates. This process is illustrated in figure 3.8, for the MLP
on the NYSE dataset. 0.7 is chosen as the best warm start value because it is the smallest
fraction of the maximum number of epochs that resulted in a loss lower than the loss of
the model without warm start - indicated by the red line.
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FIGURE 3.8: Warm-start fraction selection for MLP on the NYSE dataset.
The red line represents the validation loss without warm-start.

The speed-up, i.e. the expected reduction factor in the total number of epochs can be
computed in advance using equation 3.6. The equation 3.6 is derived from equation 3.4
and equation 3.5.

EE=E4+Ex(S-1)xw (3.4)
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E=Ex(1+(S5-1)xw) (3.5)

d-u _E_ 5
PP = B T I (5 1) x w

(3.6)

Where, E' — Total epochs with warm start, E — Epochs per split without warm-start, S —
Number of data partition splits, w — warm-start fraction.

3.6 Algorithm selection and hyperparameter optimisation

This study uses two approaches for ASHO: the traditional manual tuning and an AutoML
approach.

3.6.1 Manual tuning

The manual hyperparameter optimisation is done by focusing on one hyperparameter at
a time, while keeping all the other hyperparameters constant. Thus, the algorithm is eval-
uated using the different values of the hyperparameter being optimised. For categorical
hyperparameters, an exhaustive evaluation of the search space of that hyperparameter
is performed, whereas for continuous hyperperparameters, the initial value, which may
be chosen arbitrarily, is decreased or increased while observing the validation loss. The
direction that yields a decrease in the validation loss is followed until a budget limit is
reached or no more improvement is observed. For each hyperparameter, the value that
results in the lowest loss is kept as its best value. Conceptually, this manual hyperparam-
eter optimisation process can be seen as taking a slice through the loss landscape. Starting
from a random point, this slice is then searched in both direction to find the optimal value
for that hyperparameter. The set of hyperparameters evaluated for each algorithm per
dataset is given in the appendix table A.1.

3.6.2 AutoML for ASHO

The manual optimisation is labour intensive, time consuming, and is not systematic.
Thus, a recent AutoML technique namely the hybrid BOHB framework is implemented
and evaluated to automate ASHO. The implementation of BOHB for predicting trends in
time series data is described below.

3.7 AutoML framework and implementation

BOHB is chosen for two main reasons. Firstly, it fulfills five main desiderata: a strong
anytime performance; a strong final performance; scalability; and robustness & flexibility
[20]. Secondly, it is suitable for applications with low computational resources because it
leverages the speed of hyperband [20], [91]. Hyperband is fast because it eliminates sub-
optimal hyperparameter configurations by performing many low fidelity, i.e. cheaper

4https:/ /lightgbm.readthedocs.io/en/latest/index.html
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model evaluations on smaller budgets, and fewer high fidelity, i.e. costlier model evalu-
ations on near-optimal configurations.

BOHB is implemented using the HpBandSter® framework. HpBandSter requires the
specification of a loss metric, the hyperparameter configuration search space, and a stopping
criterion, or budget. The loss metric is the equally weighted average slope and duration
RMSE. The implementation details of the hyperparameter configuration space and the budget
choices are provided in the next sub-sections.

3.7.1 Hyperparameter configuration space

The key hyperparameter variables and ranges that are observed to have the most impact
on model performance are analysed and identified, based on the experiences during the
manual tuning. They are grouped into 4 types of parameters. Each type is a specification
of the structure of the DNN, the training parameters, the regularisation parameters, or the
algorithm type. Common hyperparameters such the learning rate, the batch size, and the
dropout rate are shared to reduce the search space. The choice of algorithm is represented
as a categorical hyperparameter, which splits the search spaces into sub-spaces. Each sub-
space contains the hyperparameters specific to that algorithm. For instance, the kernel
size parameter for the CNN is only activated in the search space when CNN is selected.
The entire configuration space consists of the union of sub-spaces, specific to each of
the candidate algorithms, and the shared hyperparameter spaces such as the range of
learning rate.

The resultant hyperparameter search space consisted of 24 different hyperparameters,
22 that are categorical or discretised, and 2 that are continuous. There is 1 hyperparam-
eter for the algorithm, i.e. MLP, CNN, or LSTM, 6 structural hyperparameters for the
MLP, 4 for the LSTM, 9 for the CNN, and 4 common training and regularisation hyperpa-
rameters that are shared accross all algorithms. Given the 2 continuous parameters, the
number of possible unique configurations is infinite. A summary of the hyperparameter
configuration search space is provided in Table 3.5. The full hyperparameter sets/ranges
is specified using ConfigSpace [95], and can be accessed in json format via this link®. The
implementation of BOHB is limited to vanilla DNN for simplicity.

3.7.2 BOHB budget and configuration

The number of training epochs of the DNN is used to estimate its fidelity with respect to
the true DNN function to be learnt (see literature review on HyperBand in section 2.3.4).
Thus, the lowest fidelity model is trained with on the minimum budget, i.e. with the mini-
mum number of epochs, and the highest fidelity model is obtained when it is evaluated
on the maximum budget, i.e. with the maximum number of epochs. The maximum num-
ber of epochs from the manual tuning is used to guide the number of epochs required
to identify the optimal DNN configuration. For example, if the search space contains a

5https: // github.com/automl/HpBandSter
6https: / / github.com/h-kouame/ configuration-space-of-auto-cash
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TABLE 3.5: Summary of the hyperparameters in the configuration space

MLP/CNN/LSTM hyperparameter Value type  Type
Algorithm Categorical ~ Algorithm
Number of hidden/CNN/LSTM layers Discrete Structure
Number of hidden neurons/filters/cells of layer_i Discrete Structure
Kernel size of CNN layer_i Discrete Structure
Pooling type for CNN layers Categorical ~ Structure
Pooling size for CNN layers Discrete Structure
Batch size Discrete Training
Learning rate Continuous Training
Dropout rate Discrete Regularisation
Weight decay Continuous Regularisation

single algorithm, the maximum budget will be set to the maximum number of epochs
found during the manual tuning of that algorithm (see table 3.6). For the experiments
where the search space contains all three candidate DNNs, the maximum of the maxi-
mum number of epochs found during the manual tuning of the candidate DNNs is cho-
sen (see table 3.6). An exception is made for the voltage and methane dataset, where a
third of actual maximum value is used (see table 3.6). This is to constrained BOHB to find
optimal models that are faster to evaluate. Otherwise, the evaluations on the maximum
budget would take too long, thus making a BOHB run impracticable.

After chosing the maximum budget, the minimum budget is determined using equa-
tion 3.7, where
n — a hyperparameter of the hyberband algorithm [20], [91]; and N — the number of
medium budgets between the minimum budget and the maximum budget.

. maximum budget maximum budget
minimum budget = | e 1= 7 |

(3.7)
Following Li. et al’s recommendation [19], 1 is set to 3; and N to 1. The minimum
and maximum budget per dataset are provided in table 3.6. The number of iterations of
BOHB is set to 30. All the other BOHB parameters are kept to their default values except
the top_n_percent and the num_samples, which are respectively doubled to 30, and halved
to 32, following Falkner et al.’s [20] guidelines’.

3.8 Overview of the experiments

Six experiments are performed on four different datasets for predicting trends in time
series data. The first four experiments use manual tuning for ASHO, and led to the
selection of the best manually tuned model on each dataset. The last two experiments
used AutoML for ASHO, and led to the selection of the best automatically tuned model
on each dataset.

"https:/ /automl.github.io/HpBandSter/build /html/best_practices.html
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TABLE 3.6: BOHB budget (number of epochs), mimimum budget (min),

maximum budget (max) used for each dataset. All refers to the budget

used when the hyperparameter configuration space contained all three
vanilla deep neural networks.

NYSE JSE Voltage Methane

min max min max min max min max

MLP 55 500 11 100 555 5000 1666 15000
LSTM 11 100 11 100 111 1000 1666 15000
CNN 11 100 11 100 1555 15000 111 1000

All 55 500 11 100 333 3000 333 3000

In experiment 1, a recent hybrid DNN trend prediction approach, i.e. TreNet [3] is
implemented. TreNet’s performance and robustness is evaluated using a walk-forward
validation method. TreNet uses a hybrid DNN structure, that combines both an LSTM
and a CNN, and takes in a combination of raw data points and trend lines as its input. In
experiment 2, TreNet results are compared with the performance of vanilla DNN struc-
tures, i.e. MLP, CNN and LSTM, on raw point data. In experiment 3, the performance of
three traditional ML techniques, i.e. SVR, RF, and GBM on raw point data are compared
with the performance of the best DNN to analyse the performance difference between
DNN and non-DNN approaches. In experiment 4, the raw features are supplemented
with trend line features to analyse whether there is any performance improvement to
the non-hybrid models - both the vanilla DNN and the traditional ML models - from
Experiments 2 and 3.

In experiments 5 and 6, a recent AutoML framework, i.e BOHB [20] is used to deter-
mine to what extent ASHO can be automated and how the performance of the optimal
AutoML model compares to the optimal model found in the manual experiments 1 to
4. More specifically, in experiment 5, the optimal AutoML models across multiple runs
are compared with the best manually tuned models to determine whether AutoML finds
similar optimal models. Experiment 5 also compares the number configurations evalu-
ated by BOHB with the number of configurations evaluated during the manual tuning.
In experiment 6, each candidate algorithm is tuned separately - as opposed to the joint
tuning in experiment 5 - to evaluate the effect of an increase in computational budget on
the performance of BOHB.
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4 Experiments - Manual ML for
predicting trends

This chapter describes the four experiments conducted with manual ASHO. It starts with
experiment 1, which replicates TreNet with walk-froward validation instead of cross-
validation. It proceeds with experiment 2, which compares the hybrid TreNet to vanilla
DNN structures. It continues with experiment 3, which compares DNNs to traditional
ML algorithms; and experiment 4, which analyses the effect of supplementing raw data
point features with trend line features for non-hybrid algorithms. The chapter concludes
with a summary of the best manually tuned models on each dataset based on experiments
1 to 4. The results of the experiments are provided and discussed in their corresponding

sections.

4.1 Experiment 1: Predicting trends with TreNet

The TreNet approach, recently proposed by Lin et al. [3], combines an LSTM and a CNN
into a hybrid neural network. While the authors of TreNet reported a marked perfor-
mance improvement when compared to other approaches, the validation method used
in their experiments is questionable. It suffers from the validation problem explained
in section 1.1. For instance, the data was first randomly shuffled, 10% of the data was
held out for testing and a cross validation approach for training with the remainder of
the data. Randomly shuffling the data and using a standard cross validation approach[3]
does not take into account the sequential nature of time series data and may give erro-
neous results. A walk-forward validation is better suited for evaluating and comparing
model performance on time series data [21]. Since this brings into question the veracity of
the reported results, an attempt to replicate TreNet approach is performed using a walk
forward validation instead of random shuffling and cross-validation.

4.1.1 Comparison metric

In order to compare the results with the original TreNet, a similar performance measure
to Lin et al. [3] is used. The percentage improvement over the naive last value model
(LVM) is measured. The naive LVM simply "takes the duration and slope of the last trend
as the prediction for the next one" [3]. The use of a relative metric makes comparison
easier, since the RMSE is scale-dependent, and the trend lines generated in this study
may differ from the original TreNet paper’s [3]. The authors did not provide details of
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the segmentation method they used in their paper. Furthermore, the naive LVM does
not require any hyperparameter tuning, its predictions are stable and repeatable, i.e. the
performance of the naive LVM does not differ when the experiment is re-run, and it is
only dependent on the characteristics of the dataset.

4.1.2 Results and discussions

Table 4.1 shows the performance improvement on RMSE values over the LVM achieved
by the TreNet implementation on each dataset. They are compared to the performance of
the original TreNet on the three datasets they used in their experiments, i.e. the voltage,
methane and NYSE datasets.

TABLE 4.1: Comparison of the slope (S), duration (D), and average (A)

RMSE values achieved by TreNet and Lin et al.’s (Original) results, and
their respective percentage improvements (% improv.) over the naive LVM

Voltage Methane NYSE
S D A S D A S D A
LVM 17.09 86.51 51.80 2854 152.86 90.70 127.16 0.33 63.75
TreNet 9.25 6237 3581 14.87 3125 23.06 86.89 123 44.06
Our % improv. 45.87 2790 30.87 47.90 79.56 74.58 31.67 —272.73 30.89
Original LVM 21.17 39.68 3043 1057 53.76 3217 8.58 1136 9.97

Original TreNet 12.89 25,62 1926 946 5125 3036 6.58 8.51 7.55
Original % improv. 39.11 3543 36.71 1050 4.69 563 2331 25.09 24.27

The results of this experiment differ substantially from those reported in the original
TreNet paper. TreNet models” percentage improvement over the naive LVM is 13.25
(74.58/5.63) and 1.27 (30.89/24.27) times greater than Lin et al.’s [3] on the methane and
NYSE datasets respectively; but 1.19 (36.71/27.90) times smaller on the voltage dataset.
The naive LVM performs better than the TreNet model on the NYSE for the duration pre-
diction. The 272.73% decrease in performance is due to two reasons. On the one hand,
during the model training, the loss minimisation is biased towards the slope loss at the
expense of the duration loss. This is because the slope loss is significantly greater com-
pared to the duration loss, but, TreNet’s loss function weights both equally. On the other
hand, the durations of the trends in the NYSE dataset being very similar - with a stan-
dard deviation of 0.81 - makes the last value prediction model a favourably competitive
model for the duration prediction. The first issue may be mitigated by scaling the slope
and duration input values to the same value range such as [—1,1].

The greater average improvement on the methane and NYSE is attributed to the use
of the walk-forward evaluation procedure. The methane and NYSE datasets undergo
various changes in the generating process because of the sudden changes in methane
concentrations and the economic cycles for the NYSE. Thus, the use of the walk-forward
evaluation ensures that the most recent and useful training set is used for a given valida-
tion/test set. However, given that Lin et al. [3] did not drop older data from the training



Chapter 4. Experiments - Manual ML for predicting trends 40

dataset, the network may learn long-range relationships that are not useful for the cur-
rent test set. Furthermore, they used random shuffling, which may most likely result in
future data points being included in the training data.

The smaller improvement of this TreNet’s implementation on the voltage dataset can
be attributed to the use of a smaller window size for the local raw data fed into the CNN.
This study used 19 compared to the best value of 700 on the voltage dataset in the original
TreNet study [3]. This is one of the limitations of the replication of TreNet. For each
dataset, the length of the first trend line is used as window size of the local raw data feature
fed into the CNN, instead of tuning it to select the best value. The other limitation is the
use of a sampled version of the methane dataset instead of the complete methane dataset.

4.1.3 Robustness and stability

Table 4.2 shows the RMSE achieved by TreNet along with the standard deviation across
multiple (10) runs. The standard deviation provides a measure of the robustness and the
stability of the model to random initialisation and to the stochastic nature of its training
algorithm, i.e. the Adam optimizer [94].

TABLE 4.2: The RMSE values and the standard deviation achieved by
TreNet across multiple (10) runs.

Voltage Methane
Slope Duration Average Slope Duration Average
RMSE 9.25+0.0 6237£0.01 35.81+0.01 14874040 31.25+262 23.06+1.51
NYSE JSE
Slope Duration Average Slope Duration Average

RMSE 86.89+0.14 123+0.38 44.06+0.26 19.65+0.05 12494+0.04 16.07+£0.05

The standard deviation is low for all four datasets. Regardless of the stochastic na-
ture of the training procedure, the performance of the final model of a given training
episode does not deviate far away from the average performance across multiple runs.
This provides a reasonable degree of confidence in the stability and the robustness of the
method.

4.1.4 Optimal hyperparameters

Table 4.3 shows the optimal hyperparameters found for TreNet on each dataset. They are
compared to the hyperparameters used in the original TreNet implementation by Lin et
al. [3], where applicable.

Contrary to the suggestion of the original paper, the optimal dropout and L2-regularisation
values show that in general no regularisation is needed for predicting trends with TreNet.
Similarly, the optimal structural hyperparameters such as the LSTM cells, the number of
CNN filters, and the fusion layer size differ per dataset. Using the same values for all
datasets may not result in optimal performances.
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TABLE 4.3: TreNet hyperparameters found by manual experimentation.
"?" means unknown and S = {300, 600,900, 1200}

Dropout L2 LR LSTMCells CNN Filters Fusion Layer Batch Size Epochs Warm start

Voltage 00  5ed le3 (600] [16, 16] 300 2000 100 02
Methane 00  5ed 1le3 [1500] [4, 4] 1200 2000 2000 0.1
NYSE 0.0 00 1le-3 [600] [128, 128] 300 5000 100 05
JSE 0.0 00 1le3 [5] 132, 32] 10 500 100 0.05
Linetal. [3] 05  5e-d ? [600] [32,32] from S ? ? N/A

4.1.5 Analysis of the model update with warm-start

Table 4.4 shows the speed-up gained with the model update with warm-start (the speed-
up is calculated using formula 3.6); and the RMSE achieved by TreNet with and without
warm-start.

TABLE 4.4: The reduction factor in total number of epochs (speed-up), and

the average (slope and duration) RMSE using model update with/without
warm-start

Voltage Methane NYSE JSE
Number of splits 8 44 5 101
Warm-start fraction 0.2 0.1 0.5 0.05
Speed-up 3.33 8.30 1.67 16.83

RMSE with warm-start 35.79 £0.02 40.58 +1.43 44.20 +0.41 16.40 £ 0.09
RMSE without warm-start 35.81 + 0.01 46.49 £2.18 44.82 +0.25 17.07 £0.06

The warm-start initialisation reduces the training time but does not compromise the
generalisation ability of the network. In general, this holds true for vanilla DNN models
as shown in the appendix table B.1. The higher the number of splits, the higher the speed-
up gained from the model update with warm-start. The lower the warm-start fraction,
the higher the speed-up gained from the model update with warm-start. For TreNet, the
highest warm-start fraction required to achieve a lower error with the warm-start than
without warm-start was 0.5 on the NYSE dataset.

4.2 Experiment 2: Predicting trends with vanilla DNNs

Given the use of a different validation method, which yields different performance scores
to the original TreNet results, this TreNet’s implementation is compared with the vanilla
DNN models to evaluate whether or not it still outperforms them. Three vanilla DNN
models, i.e. MLP, LSTM, and CNN are implemented, tested using only raw data point

features. Table 4.5 shows their best hyperparameters found for each dataset.
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TABLE 4.5: Hyperparameters optimised for the vanilla DNN algorithms
and their optimal values found for each dataset

Voltage Methane NYSE JSE
batch size 4000 250 5000 250
warm start 0.1 0.1 0.7 0.05
learning rate le-4 le-3 le-3 le-3
MLP  dropout 0.0 0.0 0.0 0.0
weight decay 0.0 0.0 Se-4 0.0
number of epochs 10000 15000 500 100
layer configuration  [500, 400, 300] [500, 400] [500, 400, 300] [100]
batch size 4000 2000 5000 1000
warm start 0.1 0.1 0.01 0.05
learning rate le-2 le-4 le-3 le-3
LSTM dropout 0.0 0.0 0.5 0.5
weight decay 0.0 0.0 5e-5 0.0
number of epochs 1000 15000 100 100
cell configuration [600] [600, 300] [100] [100]
batch size 2000 250 5000 1000
warm start 0.5 0.3 0.4 0.1
learning rate le-3 le-3 le-3 le-3
dropout 0.0 0.0 0.0 0.0
CNN weight decay 5e-5 Se-4 0.0 0.0
number of epochs 15000 1000 12000 100
filter configuration [16] [32, 32] [32] [32, 32]
kernel configuration [2] [2, 4] [1] [1,1]
Pooling type Max Max Identity Identity

Pooling size 2 5 N/A N/A
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4.2.1 Results and discussions

Table 4.6 shows the average RMSE values achieved by the MLP, LSTM, CNN and TreNet
on each dataset across 10 independent runs. The deviation across the 10 runs is also
shown to provide an indication of the stability of the models across the runs. The aver-
age slope and duration RMSE values are used as an overall comparison metric. The %
improvement is the improvement of the best vanilla DNN model over TreNet. The best

model is chosen based on the overall comparison metric.

TABLE 4.6: Comparison of the TreNet model with the vanilla DNN models

Voltage Methane

Slope Duration Average Slope Duration Average
MLP 9.04 £0.06 62.82+0.04 3593+£0.05 1457+£0.10 49.79+485 32.18+£248
LSTM 10.30+0.0 6287+£0.0 3659+0.0 1421£0.19 56.37+177 352940.49
CNN 924+0.10 6240+0.13 35.82+0.12 15.07+£035 54.79+455 34.93+245
TreNet 9.25+0.0 62.37+0.01 35.81+0.01 14.87+040 31.25+2.62 23.06L1.51
% Improvement -0.11 -0.05 -0.03 2.02 -59.33 -39.55

NYSE JSE

Slope Duration Average Slope Duration Average
MLP 90.76 £4.43 33.08+42.08 61.92+23.26 19.87+0.01 1251+0.09 16.19+0.05
LSTM 86.56 - 0.01  0.41 £ 0.08 43.49+£0.05 19.83+0.01 12.68=+0.01 16.25+0.01
CNN 89.31+1.38 12.21+£1217 50.76+6.78 1990+0.06 12.48+0.21 16.19+0.14
TreNet 86.89£0.14 1234038 44.06+0.26 19.65+0.05 12.49+0.04 16.07 £ 0.05
% Improvement 0.38 66.67 1.29 -1.12 -0.16 -0.75

In general TreNet still performs better than the vanilla DNN models, but does not out-
perform the vanilla models on all the datasets. The most noticeable case is on the NYSE,
where the LSTM model outperforms the TreNet model on both the slope and duration
prediction. This contradicts Lin et al. [3]’s findings, where TreNet clearly outperforms
all other models including LSTM. Lin et al. [3]’s results show that the TreNet model out-
performs the LSTM model by 22.48%; whereas here, the TreNet model underperforms
the LSTM model by 1.31%. However, Lin et al. [3]'s LSTM model appears to be trained
using trend line input features only and not raw point data. This study’s LSTM model
uses local raw data input features. It must also be noted that the validation method used
here is substantially different from the one used by Lin et al. [3].

The large performance difference between the TreNet model and the vanilla models
on the methane dataset is because for this dataset the raw local data features do not
provide the global information about the time series since it is non-stationary. This is
confirmed by the increase in the performance of the MLP (23.83%), LSTM (11.02%) and
CNN (24.05%) after supplementing the raw data features with trend line features (see
experiment 4 in section 4.4).
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4.3 Experiment 3: Predicting trends with traditional ML algo-

rithms

Given the new validation method, the performance of DNN models are compared with
the performance of traditional ML models. Three traditional ML models, i.e. radial-based
SVR, RF, and GBM are implemented and tested. Table 4.7 shows their best hyperparam-
eters found on each dataset. No previous work was found which uses RF and GBM for

TABLE 4.7: Hyperparameters optimised for each algorithm and their opti-
mal values found manually for each dataset

Voltage Methane NYSE JSE

number of estimators 50 50 200 100
RE maximum depth 2 10 1 1
bootstrap False False True False
warm start False False True True
boosting type gbdt gbdt gbdt  gbdt
GBM number of estimators 1 10000 1 4
learning rate 2000 1.5 0.2 0.1
gamma 0.1 le-4 le-1  le-4
SVR C 4 10000 100 500

predicting trends in time series data. This study may be the first to do so. However, Lin
et al. [3] compared their approach against multiple SVR kernels that took in both local
raw data and trend line features. In this experiment, the models take in local raw data
features alone.

4.3.1 Results and discussions

Table 4.8 shows the RMSE values achieved by the traditional ML algorithms and the best
DNN models on each dataset. The best DNN model is TreNet on all datasets except on
the NYSE, on which LSTM is the best model. The percentage improvement (% improv.)
is the performance improvement of the best traditional ML model over the best DNN
model, where, the best model is selected based on the equally weighted average slope
and duration RMSE (referred to as Average in table 4.8).

The best traditional ML algorithm underperformed the best DNN algorithm by 0.47%
and 1.74% respectively on the (almost) normally distributed datasets, i.e. the voltage and
the JSE datasets. However, the RF model outperformed the best DNN model, i.e. TreNet
by 33.04% on the methane dataset; while the SVR model matched the performance of the
best DNN model, i.e. LSTM on the NYSE dataset. TreNet learns long-range dependencies
from trend line features with its LSTM component. Although this is useful for stationary
and less evolving time series such as the voltage and JSE datasets, it appears that it can
be detrimental in the case of dynamic and non-stationary time series such as the methane
dataset. This may explain why the traditional ML models, which do not keep long-term
memory, performed better on this dataset.
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TABLE 4.8: Comparison of the best DNN models (Best DNN) with the
traditional ML algorithms. The % improvement (% improv.) is the perfor-
mance improvement of the best traditional ML model over the best DNN

model
Voltage Methane
Slope Duration Average Slope Duration Average
RF 953+0.0 63.11+020 36.32+0.10 10.09+0.01 20.79+0.01 15.44+0.01
GBM 100£0.0 6267+£00 3634+£00 13.05+0.0 7510+£0.0 44.08+0.0
SVR 932+£00 6258+0.0 3595+£0.0 1498+00 3439+00 24.69£0.0
Best DNN 9.25+0.0 62.37+0.01 35.81+0.01 14.87+040 31254262 23.06+1.51
% improv. —0.76 —0.34 —0.47 32.15 33.47 33.04
NYSE JSE
Slope Duration Average Slope Duration Average
RF 88.75+0.17 0.29+£0.0 44524+0.09 2021+00 1267+00 16.44+0.0
GBM 86.62+00 042+00 43524+0.0 20.08+00 1262+0.0 16.35+0.0
SVR 86.55+0.0 042+00 43494+00 20.01+0.0 12.85+0.0 1643+0.0
Best DNN 86.56 £0.01 0.41+0.08 43.49+0.05 19.65+0.05 12.49+0.04 16.07+0.05
% improv. 0.01 2.44 0.0 —2.19 —1.04 —1.74

The fact that the radial-based SVR performed better than TreNet on the NYSE dataset
contradicts Lin et al. [3]’s results. This is attributed the use of local raw data features
alone, instead of local raw data plus trend line features used by Lin et al. [3].

4.4 Experiment 4: Addition of trend line features

In this experiment, the raw data are supplemented with trend line features to analyse
whether this yields any performance improvement to the non-hybrid models: both the
DNN and the traditional ML models from Experiments 2 and 3. The hyperparameter
values found using the raw data features alone are retained for this experiment.

4.4.1 Results and discussions

Table 4.9 shows the average performance improvement (%) after supplementing the raw
data with trend line features. The negative sign indicates a drop in performance, and Av-
erage is the mean and the standard error of the improvements over the algorithm or the
dataset. The actual RMSE values are shown in table C.1 and table C.2 in the appendix.
The addition of trend line features improved the performance of both DNN and tradi-
tional ML models 10 times out of 24 cases. In general, it improves the performance of
dynamic and non-stationary time series such as the methane and NYSE datasets. This
is because local raw data features do not capture the global information about the time
series for non-stationary time series. Thus, addition of trend line features brings new
information to the models. In 12 out of 24 cases, the addition of trend line features re-
duced the performance of both the DNN and the traditional ML models except the GBM
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TABLE 4.9: Performance improvement (%) in RMSE after supplementing
the raw data with trend line features.

MLP LSTM CNN RF GBM SVR Average
Voltage 0.03 0.0 -73.14 -0.13 0.06 -0.36 —12.26 £12.18
Methane 23.83 11.02 24.05 -4.47 42.88 -6.28 15.17 £ 7.71
NYSE 6.49 0.0 -1.00 2.36 0.23 -0.02 1.34 +1.12
JSE -4.14 -1.17 -5.37 -7.60 0.37 -10.96 —4.81+1.70

Average  6.55+6.16 4.93+2.87 —13.87+20.79 —246+£222 10.89+10.67 —4.41+2.62

models. For these cases, the additional trend line features introduce noisy or duplicate
information, which the models did not deal with successfully. This may be because the
best hyperparameters for the raw data features alone may not be optimal for the raw data
and the trend line features combined. For instance, DNN models are generally able to ex-
tract the true signal from noisy or duplicate input features, however, they are sensitive to
the hyperparameter values.

The above results show that the addition of trend line features has the potential to im-
prove the performance of both DNN and traditional ML models on non-stationary time
series. This comes at the cost of additional complexities and restrictions. The first com-
plexity is related to the model complexity because the bigger the input feature size, the
more complex the model becomes. Secondly, the trend line features require the segmen-
tation of the time series into trends, which brings new challenges and restrictions during
inference. For instance, trend prediction applications that require online inference need
an online segmentation method such as SWAB [1]. It is therefore necessary to evaluate
whether the performance gain over raw data features alone justifies these complexities
and restrictions.

It must be noted that this experiment is exploratory. Retaining the same hyperparam-
eters used for raw local data during this experiment does not make the findings conclu-

sive. This is a limitation of the work.

4.5 Summary: Best manually tuned models

Table 4.10 provides a summary of the best manually tuned models, and their average
performance, based on experiments 1 to 4. TreNet models outperform the non-hybrid
models on the voltage and the JSE datasets, but the performance difference is marginal
< 1%. Interestingly, the traditional ML models outperformed TreNet and the vanilla
DNN algorithms on the methane and NYSE datasets.

The addition of trend lines to the point data (experiment 4) did not yield any substan-
tial change in the results. It must be noted though that this was an exploratory experi-
ment and that no hyperparameter optimisation was done to cater for the introduction of
a new input feature. It may well be the case that better models could be found of a new
hyperparameter optimisation process was undertaken.
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TABLE 4.10: Average RMSE values (E) achieved by the hybrid TreNet

model (Hybrid); and the best non-hybrid model (A) with raw point data

features alone (Pt) and with raw point data plus trend line features (Pt +
T). The % change is with respect to the TreNet algorithm.

% Change bt Hybrid Pt+T % Change
Voltaee A - CNN TreNet MLP -
8 E -0.03 35.82+0.12 35.81+0.01 35.92+4+0.05 -0.31
Methan A - RF TreNet RF -
eiane p o 3304  15.44+0.01 23.06+151 16134001  30.05
NYSE A - SVR TreNet GBM -
E 1.29 4349 +0.0 44.06+0.26 43.42+4+0.0 1.45
JSE A - MLP TreNet GBM -
E -0.75 16.19+0.05 16.07+0.05 16.29 +0.0 -1.37

It is clear from these results that TreNet generally performs well on most datasets.
However, it is not the clear winner, and there are some datasets where traditional models
can substantially outperform TreNet. It is also clear that models built with point data
alone can generally reach the performance levels of TreNet.

Manually finding the best model for a particular time series required extensive and
often ad-hoc experimentation to find the best hyperparameter configuration for each al-
gorithm on each dataset. In the next chapter, a recent AutoML, i.e. BOHB is implemented
and evaluated to perform automated ASHO for predicting trends in time series data.
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5 Experiments - AutoML for
predicting trends

This chapter describes the two experiments performed to explore AutoML for ASHO.
More specifically, the experiments evaluate BOHB for automating the ASHO for predict-
ing trends in time series data (See section 3.7 for the implementation details). The chapter
starts with experiment 5, which compares the best AutoML model found by BOHB with
the best model found by manual tuning on each dataset. Experiment 5 also compares
the number of configurations evaluated by BOHB and by the manual tuning process. It
proceeds with experiment 6, which evaluates the effect of increasing the AutoML com-
putational budget on its performance. The chapter concludes with a summary of the
best AutoML model and its performance on each dataset, based on experiment 5 and 6.
The performance of best AutoML models are compared with the performance of the best

manually tuned models.

5.1 Experiment5: AutoML - all algorithms

The aim of this experiment is two-fold. The experiment first compares the best model
found by BOHB with the best model found by manual tuning. Then, it compares the
number of configurations evaluated by BOHB with the number of configurations evalu-
ated by manual tuning process during the manual ML experiments. In this experiment,
the full AutoML search space is searched for different model configurations across all
three vanilla DNN algorithms. Given the stochastic nature of BOHB, 10 independent

runs of the experiment are conducted on each dataset.

5.1.1 Optimal AutoML models

Table 5.1 shows the number of times each candidate DNN is found by BOHB as the best
algorithm across these 10 runs as well as the best manually tuned DNN.

The best model - found 9 times out of 10 runs - by BOHB is the same as the best
manually tuned model for the NYSE and the JSE datasets. It is also interesting to note
that BOHB favoured the simpler/faster MLP model over the CNN for the JSE dataset.
On the voltage dataset, the best manually tuned model is found 5 times by BOHB as the
optimal model. The other 5 times, it found a different model namely MLP instead of
CNN. However, the average performance of the 5 MLP models is better than the average
performance of the 5 CNN models (RMSE of 36.21 and RMSE of 36.46). Again the MLP
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TABLE 5.1: The number of times each of DNN models is selected as opti-
mal by BOHB, and the best manually tuned DNN models (Best M-DNN)

Voltage Methane NYSE JSE
MLP 5 3 0 9
LSTM 0 0 9 0
CNN 5 7 1 1
Total runs 10 10 10 10

Best M-DNN  CNN MLP LSTM MLP/CNN

is favoured over the CNN, which shows a bias towards simpler/faster models. The in-
teresting result is the methane dataset, where the CNN is favoured over the MLP. BOHB
found the CNN to be the optimal model 7 times out of 10 instead of the optimal manually
tuned model, i.e. MLP, which BOHB found 3 times as the optimal model. It is important
to that although BOHB found a different model than the manual tuning process, the av-
erage RMSE performance of the optimal AutoML models across the 10 runs is better than
that of the optimal manual DNN model, i.e. 30.05 4 2.76 vs. 32.18 & 2.48 (see table 4.6
and table 5.3)

Regarding the optimal hyperparameters, each run of BOHB finds a different optimal con-
figuration given the same optimal algorithm. However, the variance in the performances
of these configurations is low. This is shown by the small standard deviation of the RMSE
values achieved by the different configurations (BOHB-ALll) in table 5.3. This confirms the
robustness of BOHB as suggested by Falkner et al [20].

5.1.2 Configurations evaluated

During the manual ML experiments in chapter 4, each configuration is evaluated 10
times. For the BOHB experiments, an initial pool of configurations is evaluated first on
the minimum budget (number of epochs). Then, the budget is increased to the medium
budget, i.e. 3 x (min budget) (see section 3.7.2) and the best half of these configurations
are evaluated. Finally, the best half of the medium budget configurations are evaluated
with the maximum budget (highest fidelity). In effect, promising configurations are first
identified using the minimum budget and further explored using a higher budget.

Table 5.2 shows the number of unique configurations evaluated during the manual
ML and the AutoML approach for predicting trends. BOHB evaluated more unique con-

TABLE 5.2: The number of unique configurations evaluated (No. unique)

and the total number of evaluations performed (Total) manually and auto-

matically using BOHB as well as the number of equivalent evaluations on
the maximum budget (No. max. equiv.).

Manual BOHB
Voltage Methane NYSE JSE Voltage Methane NYSE JSE
No. unique 55 48 46 46 150 150 150 150
Total 550 480 460 460 200 200 200 200

No. max. equiv. - - - - 80 80 80 80
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figurations than the manual tuning process. For each AutoML run, BOHB evaluated
150 unique hyperparameter configurations. However, the manual tuning evaluated a
maximum of 55 unique configurations on the voltage dataset for the three candidate al-
gorithms, i.e. MLP, LSTM, and CNN.

Since each configuration is evaluated 10 times during the manual tuning, the total
number of evaluations performed for each dataset by the manual ASHO process is 10
times the number unique configurations evaluated. Thus, the minimum total number of
evaluations performed by the manual ASHO is 460 on the JSE and NYSE datasets for 46
unique configurations. The automated ASHO performed 200 total evaluations for more
unique configurations (150). The difference of 50 (200 - 50) is due to the re-evaluation of
promising candiate configurations on the medium, and the maximum budget by BOHB.
The 200 total BOHB evaluations are equivalent to 80 evaluations on the maximum (full)
budget, i.e. if 80 evaluations are performed at the maximum number of epochs it would
use roughly the same computational power as the 200 BOHB evaluations. In this way,
BOHB is able to maximise the specified budget to explore more candidate configurations
in the search space. BOHB therefore performs a more explorative algorithm and hyperpa-
rameter configuration search with less total computational budget. However, the manual
tuning process as explained in section 3.6.1 performs a more focused search informed by
expert judgement.

5.2 Experiment 6: AutoML - single algorithm

The aim of this experiment is to evaluate the effect of increasing the computational bud-
get on the performance of BOHB. This is accomplished by comparing the performance
of the best model when the search space is constrained to a single algorithm with the
performance of the best model when the search space contains all three candidate algo-
rithms. The second scenario corresponds to the setting in experiment 5 in section 5.1,
where BOHB is run once with the full search space.

In the first scenario, BOHB is run three different times for each of the three candidate
algorithms. Thus, 150 unique configurations are evaluated for a single algorithm instead
of 150 configurations across 3 algorithms. This in some sense provides an increase in
budget. Practically, searching each algorithm at a time allowed setting the BOHB’s max-
imum budget for each algorithm to the best number of epochs found during the manual
experiment for that algorithm. This is a more accurate estimation of the true function to
be learnt given that algorithm. However, it resulted in an increase or a decrease of the
minimum/maximum budget for certain algorithms on certain datasets, compared to the
combined search (see the change in budgets from All to single algorithm in table 3.6). For
instance, the maximum budget for the LSTM on the NYSE decreased to 100 from 500,

chosen for the combined search based on the manually found optimal number of epochs.



Chapter 5. Experiments - AutoML for predicting trends 51

5.2.1 Results and discussions

Table 5.3 provides a comparison of the performance of the optimal model found when
all algorithms (BOHB-AIl) are used and when only a single algorithm (BOHB-Single)
is used, i.e when the budget - number of configurations evaluated per algorithm - is
increased. The mean and deviation of the optimal model from each experiment trained
and evaluated over 10 independent runs is shown.

TABLE 5.3: Comparison of BOHB on all algorithm (BOHB-ALll) and the best

BOHB on the single algorithms (BOHB-Single). Model (M), Slope RMSE
(S), Duration RMSE (D), Average slope and duration RMSEs (A)

BOHB-All  BOHB-Single % Delta

MLP CNN -
9.70+0.44  9.08 +0.04 6.39
6297 £0.14  62.35 1 0.02 0.98
36.34+£029 35.7240.03 171

M

S

D

A

M CNN MLP -
S 152941.00 14.01+£0.21 8.37
D 44804452 40.09+6.95 10.51
A 3005276 27.05+3.58 9.98
M

S

D

A

M

S

D

A

re based on the actual end of the segment

Voltage

Methane

LSTM LSTM -
86.61 £0.03 86.624+0.03 —0.01
055+015 0.72+£0.30 —3091
43.58 £0.09 43.67+0.17 —0.21

NYSE

MLP CNN -
20.00£0.13  19.96 +0.17 0.20
1246 £0.18  12.46 +0.12 0.0
16.23+0.16 16.21+0.15 0.12

JSE

By evaluating more configurations per algorithm a much better model is found for
the methane dataset, but only marginally better model for the voltage and JSE datasets.
There is a slight drop in performance for the NYSE. This could be because when the
search is constrained to a single algorithm, the best configuration found by BOHB, i.e.
LSTM is evaluated with a smaller number of epochs compared to the LSTM found by
BOHB when all the algorithms are searched together (100 vs. 500 - see table 3.6). When
BOHB focused on each algorithm, the best model found for each dataset matches the
performance of the best manual models.

5.3 Summary: Best AutoML models

The risk/reward of using AutoML for predicting trends are now evaluated with respect
to all the manually tuned models (G-) and with respect to the manually tuned candidate
AutoML models alone (C-). Table 5.4 compares the best AutoML model and its perfor-
mance with the best manually tuned model and its performance.

For the voltage dataset, the average performance of the best AutoML model, i.e. CNN
is 35.72. An increase of 0.25% on the best manually tuned model, i.e. TreNet. The reader
is reminded that the manually tuned CNN model yielded a decrease of 0.03% on the
manually tuned TreNet. This shows that AutoML is able to find a less complex model,
which the manual tuning process missed. For the three other datasets, the best AutoML
model did not match the best manually tuned models. The most noticeable is on the
methane dataset, where there is a decrease of 75.19%. This is mainly because the best
manual model is the RF model, but, RF is not part of the candidates models used during
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TABLE 5.4: Comparison of the best AutoML models and the best manual
models. Model (M), Slope RMSE (S), Duration RMSE (D), Average slope

and duration RMSEs (A)
G-Reward (%) G-Manual AutoML C-Manual C-Reward (%)
M - TreNet CNN CNN -
Voltace S 1.84 9.25+0.0 9.08 + 0.04 9.24+0.10 1.73
8 D 0.03 62.37 +0.01 62.35 1+ 0.02 62.40 +0.13 0.08
A 0.25 35.81 +0.01 35.72 + 0.03 35.82 +0.12 0.28
M - RF MLP MLP -
Methan S -38.85 10.09 + 0.01 14.01 £0.21 14.57 +£0.10 3.84
entane -92.83 20.79 + 0.01 40.09 + 6.95 49.79 + 4.85 19.48
A -75.19 15.44 + 0.01 27.05 + 3.58 32.18 +2.48 15.94
M - SVR/LSTM LSTM LSTM -
NYSE S -0.07 86.55 + 0.0/86.56 +=0.01 86.61 +0.03 86.56 + 0.01 -0.06
D -30.95 0.42 +0.0/0.41 £ 0.08 0.55+0.15 0.41 + 0.08 -34.15
A -0.21 43.49 +0.0/43.49 +0.05 43.58 +0.09 43.49 + 0.05 -0.21
M - TreNet CNN MLP/CNN -
JSE S -1.58 19.65 + 0.05 19.96 +0.17 19.87 £0.01/19.90 &+ 0.06 -0.45
D 0.24 12.49 +0.04 12.46 +=0.12 12.51 +0.09/12.48 +0.21 0.40
A -0.87 16.07 + 0.05 16.21 £0.15 16.19£0.05/16.19 +0.14 -0.12

the automated ASHO. When compared to the best manually tuned candidate model, i.e.
the manually tuned MLP model (see table 4.6), the AutoML model shows an increase of
9.98% on this dataset. This shows that the performance of AutoML heavily depends on a

correct selection of the candidate algorithms.



53

6 Discussion and Conclusions

The overall aim of this work is to evaluate different ML techniques for predicting trends
in time series data, taking into account model update and model stability. A manual
approach and an AutoML approach are explored to determine the best algorithm and its
best hyperparameter configuration, given a dataset. This chapter first summarises the
findings and reflects on both these approaches. It proceeds by highlighting the impacts
of the study, and ends with the limitations of the study and the avenues for future work.

6.1 Manual ML for predicting trends

While the hybrid DNN approach, i.e. TreNet, was no doubt an important development
in terms of the application of DNNs for predicting trends, the validation method used in
the experiments suffers from the validation problem explained in section 1.1. It did not
take into account the sequential and dynamic nature of most real world time series data
sets. It also did not deal with model update and stability. This study addressed these
limitations by predicting trends with walk-forward validation, which includes model
update. The study also measures the stability of the models across multiple independent
runs. Given the new evaluation method, six experiments are performed with manual
tuning for ASHO to compare the performance of TreNet, three vanilla DNNs, and three
traditional ML algorithms for predicting trends. The hybrid TreNet model takes in both
raw point data and trend line features, but, the non-hybrid models take in raw point data
features. The effect of supplementing raw point data features with trend line features on
the performance of the non-hybrid models is evaluated. The aim of these experiments
is to use manual tuning to determine the best model for predicting trends in each of the

four time series.

6.1.1 Summary of the findings

The results of the experiments substantially differs from those reported in the original
TreNet paper. In general, the performance improvement over the naive last value model
(LVM) achieved in this work is greater than that of the original TreNet especially for
non-stationary datasets, where model update is necessary.

Compared to the vanilla DNN models, the hybrid TreNet model, which feeds raw
point data into the CNNss and trend lines into the LSTM, performs better on the (almost)
normally distributed datasets. It must be noted that TreNet does not greatly outperform
the best vanilla DNN networks - with less than 1% performance difference.
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On the non-stationary datasets, the traditional ML models outperform the DNN mod-
els. For instance, the RF model, trained with raw point data features, comes out as a clear
winner on the methane dataset with more than 30% improvement over the best DNN
model. The GBM with raw point data and trend line features is superior on the JSE
dataset but not greatly so with 1.37% improvement over TreNet, the best DNN model.

In general, the best manually tuned models exhibit a robust and stable performance
with an average RMSE deviation between 0.0 and 0.05 across multiple (10) runs.

6.1.2 Reflection on manual ML for predicting trends

The manual ASHO is an effective method for finding the best ML model for predicting
trends in time series data. It revealed that no single algorithm and a single hyperpa-
rameter configuration, nor a single feature type is optimal for all datasets, i.e. all trend
prediction applications. ML expertise and domain knowledge are both necessary for se-
lecting the initial pool of candidate algorithms, the sensible hyperparameters, and the
feature types for a given trend prediction problem. Besides, extensive and often expen-
sive experimentation need to be performed to identify the best model. Simply put, man-
ually identifying the best model for predicting trends is a time consuming and expensive
exercise, which stakeholders such as researchers and industry practitioners cannot of-
ten afford. This hinders the fast advancement of the trend prediction research and the
democratisation of its application to real-world problems because of the time, costs, and
the expertise associated with developing state-of-the-art models. Although the manual
tuning procedure used in this study is sensible, it remains an ad-hoc and hand-crafted
engineering endeavour. It is not systematic and it may result in the best model being
sub-optimal and inefficient due to a lack of time and resources as observed by Guyon et
al. [96]. This is a reflection of the the current state of the broader ML research and prac-
tice. The second approach is an attempt to mitigate some of these issues by leveraging
AutoML for predicting trends.

6.2 AutoML for predicting trends

In the TreNet paper and previous research on predicting trends, the ASHO is performed
manually. However, manual ASHO is expensive and often results in a sub-optimal or
mediocre model because it needs extensive experimentation as well as domain specific
and ML expert knowledge. This study leveraged recent developments in AutoML for
automating the ASHO for predicting trends in time series data.

6.2.1 Summary of the findings

A survey of recent AutoML techniques led to the selection of the hybrid BOHB frame-
work for automatic ASHO for predicting trends in time series data. BOHB is selected be-
cause it is robust and flexible, it ensures a strong anytime performance, and it is suitable

for low resource settings. In general, BOHB finds the same best algorithm as the manual
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process, conducted by a human expert. When BOHB finds a different best algorithm, the
average performance of the best AutoML models is better than the performance of the
best manually tuned model. This shows that AutoML can at least be used to narrow the
list of candidate algorithms for a given problem.

BOHB generally finds different best hyperparameter configurations across multiple
runs with the same settings. However, the variance in the performance of the different
best configurations is generally low. This confirms the robustness of BOHB. It also shows
that in general the algorithm and hyperparameter configuration space of trend prediction
problems contains multiple local maxima.

In general AutoML surpasses the performance of the best manually tuned models -
from the candidate algorithms involved in the AutoML experiments. Its performance
increases when BOHB is run N different times for each of the N candidate algorithms. In
other words, the performance of BOHB generally increases as the allocated computation
budget increases.

In certain cases, AutoML models underperforms the manually tuned models but not
greatly so with less than 1% performance difference. When compared to all the manu-
ally tuned models (not just the manually tuned counterparts of the candidate AutoML
models), the best AutoML model significantly underformed on the methane dataset. The
best manually tuned RF model beat the best AutoML model, i.e. the Auto-MLP model
by 75.19%. This is a warning that AutoML can result in a performance loss compared to
a best hand-crafted model. This risk should be accounted for when considering to use
AutoML for predicting trends in time series data. Besides this risk, BOHB has shown to
be an effective AutoML framework for finding a well performing model for predicting
trends in time series data.

It is important to note that the loss signal used by BOHB to guide its search is poten-
tially noisy as opposed to the manual tuning process. This is because the validation loss
used for a given hyperparameter configuration during the AutoML experiments is for a
single training and validation episode, in order too reduce the running time of BOHB.
During the manual tuning, the validation loss used is the average of 10 different training
and validation episodes, in order to get a robust validation loss signal for a given hyper-
parameter configuration. This shows that the performance of BOHB may increase if the
loss metric used is the average across 10 different independent runs (instead of a single

run), provided that more budget in computation resource and/or time is made available.

6.2.2 Reflection on AutoML for predicting trends

This study shows that recent AutoML frameworks and tools can assist both researchers
and ML practitioners in developing models for predicting trends in time series data. This
can take the form of automating intensive and expensive hyperparameter optimisation
experiments with smarter and robust AutoML algorithms such as BOHB instead of ran-
dom search, or grid search. The use of AutoML frameworks such as HpBandSter! to find
well-performing models for predicting trends is one-step towards finding a systematic
method for ASHO.
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The performance of BOHB is closely dependent on a correct specification of the prob-
lem. For example, it requires the specification of the hyperparameter configuration search
space. The search space is of a high importance because it determines the pool of pos-
sible candidate hyperparameter configurations (therefore models) that can be found by
BOHB. A too small search space may exclude the best configuration, whereas, a too large
search space makes finding the best configuration harder and more expensive. In ad-
dition to the definition of the search space, the choice of a correct budget measure with
reasonable minimum and maximum values, as well as the selection of a sensible and a
robust loss signal/metric highly impact the performance of BOHB. For a new problem,
an effective problem specification often requires a combination of the following: a good
knowledge of the problem space, and multiple iterations. This increases the cost of an
already expensive exercise and makes its adoption more difficult.

Although AutoML frameworks such as BOHB provide a means to automate or semi-
automate model development, their performance is still dependent on correctly setting
their own hyperparameters. At best, this creates an additional overhead for its users since
it needs to be fine tuned. At worst, it results in a mediocre model for an inexperienced
user. This study used some fine tuning iterations and recommended hyperparameters in
the literature to achieve satisfactory results. However, it is important to develop AutoML
algorithms that have minimal or are less dependent on their hyperparameter settings.

In summary, recent AutoML frameworks such as BOHB is useful for well-known
and defined trend prediction problem spaces with sensible time and computational re-
sources as well as expert AutoML knowledge. However, they currently move some tasks
such as the hyperparameter optimisation problem from the ML algorithm level to the
meta/AutoML level since they also need to be tuned. They still require knowledge of the
problem domain for optimal performance.

6.3 Impact of the research

This study highlights the importance of using an appropriate validation strategy, which
takes into account model stability and model update, when dealing with time series data.
It also demonstrated how AutoML tools, specifically the HpBandSter framework, can be
effectively used to automatically find the best DNN configuration.

Even though trend prediction has broad real world applications, there are relatively
few studies that apply DNNSs to this area when compared to applications for computer
vision, natural language processing and speech recognition. Furthermore, there is lim-
ited research on the use of AutoML for finding well-performing ML models for predict-
ing trends. Despite the availability of recent AutoML frameworks such as BOHB, most
papers on trend prediction select the ML based on expert knowledge and perform exten-
sive or very little experiments to optimise the hyperparameters [3], [4]. There has been

Thttps:/ / github.com/automl/HpBandSter
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some attempt to use AutoML for other time series problems [38], [42], [97], [98]. How-
ever, these studies did not focus on predicting trends in time series data nor did they
incorporate recent AutoML frameworks such as BOHB.

The results of this study can be used to accelerate time series trend prediction research
and practical evaluation of these algorithms for real world applications. The hyperpa-
rameter configuration search space identifies key hyperparameter variables and ranges
that most impacted model performance across all datasets during the manual tuning ex-
periments. The configuration file is made publicly accessible? to allow researchers and
practitioners to replicate these results and evaluate this approach on other datasets. This
could be a first step towards formalising and sharing ML knowledge.

It is important to note the AutoML method will not necessarily find the best model.
The proposed method can be used to automatically find a near optimal model that per-
forms close to or exceeds a typical manual tuning experiment. If this suffices then it
can serve as a fully automated solution. However, if the performance of the resultant
model is not sufficient then the model can provide a configuration, which can be manu-
ally tuned to further improve its performance or as a baseline model for comparison and
exploration of other configurations. In both scenarios the approach may save time and
effort. Furthermore, since it decreases the barrier to entry for developing ML models, the
proposed method is likely to expand the ML user community. It allows people without
expert knowledge and experience in ML to rapidly build and evaluate ML models.

6.4 Limitations and Future work

There are many avenues to probe the results of this work further. Firstly, only four
datasets were used. While these included all three datasets used in the original TreNet
paper [3], testing on more data sets is required to probe the generalisation of these find-
ings. The results could be improved by investigating the effect of varying the window
size. In this study, the window size was fixed to the length of the first trend line. Besides,
instead of using a sampled version of the methane dataset, the complete dataset could be
used.

Furthermore, during experiment 4, the hyperparameter used for the raw local data
were retained for all the algorithms. Instead, the experiment could be run with a single
algorithm with tuned hyperparameters to obtained conclusive findings.

Moreover, when exploring the automated ASHO, the hyperparameter search space is
restricted to the three vanilla DNNs. It could be expanded to include other algorithms
and more hyperparameters, but this will of course affect the budget and the running
time. Finally, the raw point data is used as input features during the AutoML. Exploring
the addition of trend lines features and adding this to the configuration space would be

sensible to automate the feature selection process.

Zhttps:/ / github.com /h-kouame/ configuration-space-of-auto-cash
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Algorithm  Hyperparameter Voltage Methane NYSE JSE
Batch size {1000, 2000, 4000, 5000} {250, 500, 1000, 2000, 4000} {1000, 2000, 5000} {100, 250, 500, 1000}
Warm start {0.1,05,1.0) {0.1,1.0) {0.1,05,0.6,0.7, 1.0} {0.05,0.1, 1.0}
Learning rate {1e-5, le-4, le-3, 1e-2) {le-4, 1e-3, 1e-2) {le-4, 1e-3, 1e-2) {le-4, 1e-3, 1e-2)
MLP Dropout {0.0,0.1,0.5) {0.0,05) {0.0,05) {0.0,0.1,0.5)
Weight decay 0.0} 10.0, 5e-4) {0.0, 5¢-5, 5e-4, 5e-3} 0.0, 5e-4)
Number of epochs {500, 1000, 3000, 5000, 10000} {1000, 5000, 15000} {50, 100, 400, 500, 600, 1000} {50, 100, 200}
Layer configuration {[500], [500, 4001, [500, 400, 300], {[500], [500, 400}, [500, 400, 300]} {[500], [500, 400}, [500, 400, 300], {[101, [20], [100], [500],
500, 400, 300, 2001, [500, 400, 300, 200, 100]} [500, 400, 300, 200]} [500, 4001, [500, 400, 300]}
Batch size {1000, 2000, 4000, 5000} {1000, 2000, 4000} {1000, 2000, 5000} {250, 500, 1000}
Warm start {0.1,05,1.0} {0.1,1.0) {0.01,0.05,0.1,0.2, 1.0} {0.05,0.1, 1.0}
Learning rate {le-4, 1e-3, Te-2, le-1) {le-4, 1e-3, 1e-2) {le-4, 1e-3, 1e-2) {le-4, 1e-3, 1e-2)
LSTM Dropout {0.0,05} {0.0,05) {0.0,05) {0.0,05)
Weight decay 0.0, 5e-4) 0.0, 5e-4) (0.0, 5¢-6, 5-5, 5e-4, 5e-3, 5e-2) 0.0, 5e-4)
Number of epochs {1000, 3000, 5000} {1000, 5000, 10000, 15000} {10, 50, 100, 200, 500} (25,50, 100, 200}
Cell configuration {[600], [600, 300}, [600, 300, 100]} (6001, [600, 3001, [600, 300, 100]} {[600], [300], [100], [600, 300] {[600], [300], [100], [600, 300]
[600, 300, 1001} [600, 300, 1001}
Batch size {500, 1000, 2000, 5000} {250, 500, 1000, 2000, 4000} {1000, 2000, 5000} {250, 500, 1000}
Warm start {0.1,02,03,0.4,05, 1.0} {0.1,02,0.3, 1.0} {0.1,02,03,0.4,05,1.0} {0.05,0.1, 1.0}
Learning rate {le-4, 1e-3, Te-2) {le-4, 1e-3, 1e-2) (le-4, 1e-3, 1e-2) {le4, 1e-3, 1e-2)
Dropout {0.0,0.1,05) {0.0,0.5) {0.0,05) {0.0,05)
NN Weight decay 0.0, 5e-5, 5e-4, 5e-3} (0.0, 5¢-5, 5e-4, 5e-3) (0.0, 5¢-6, 5-5, 5e-4, 5e-3) 0.0, 5e-4)
Number of epochs {50, 100, 200, 500, 1000, {50, 100, 200, 1000} {50, 100, 200, 1000, {50, 100, 200}
2000, 5000, 10000, 15000} 10000, 12000, 15000} 50, 100, 200}
Filter configuration [16] [32,32] [321 [32,32]
Kernel configuration 11,2,4,8) (1,2,4,8) (1,2,4,8) (1,2,4,8)
Pooling type Max, Average, Identity Max, Average, Identity Max, Average, Identity Max, Average, Identity
Pooling size 12,3,4,5) 12,3,4,5) 12,3,4,5) 12,3,4,5)
Number of estimators (5, 10, 50, 100, 500} 5, 10, 50, 100, 200} {10, 50, 100, 200, 400, 500} {50, 100, 200}
RE Masximum depth {1,2,3,4,5,10, None} (5,10, 15, None} (1,2, 5,10, 15, None} {1,2, 10, None}
Bootstrap (False, True) {False, True } {False, True} {False, True}
Warm start {False, True} {False, True | {False, True} (False, True)
Boosting type (gbdt, dart, goss) (gbdt, dart, goss) (gbdt, dart, goss) (gbdt, dart, goss)
GBM Number of estimators  {1,2,5, 10,25, 50, 100, 200, 500, 1000} {50, 100, 500, 1000, 5000, 10000} 1,5, 10, 50, 100, 500} 11,2, 3,4, 10,20, 50, 100, 500}
Learning rate {le-3, 12, 5e-2, le-1, 1.5-2, 2¢-1,5e-1)  {le-2, le-1, 2e-1, 5e-1, 9e-1, 1.0, 1.5, 2.0} {1e-2, le-1, 2e-1, 5e-1, 1.0} {le-2, 9e-2, Te-1, 2e-1, 5e-1}
SUR gamma {auto, scale, 1e-5, le-4, le-3, 1e-2, le-1, 1.0} {auto, scale, 1e-5, le-4, le-3} {auto, scale, 1e-5, le-4, le-3, 1e-2, le-1, 1.0} {auto, scale, 1e-2, le-1, 1.0}

{1,2,3,4,5,6,8, 10, 100, 1000}

{1, 10, 1000, 10000, 100000}

{1, 10, 50, 100, 1000, 10000}

1, 10, 100, 200, 500, 1000, 2000, 5000, 10000}
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B Speed-up obtained from using
model update with warm-start

TABLE B.1: The reduction factor in total number of epochs (speed-up), and
the average (slope and duration) RMSE using model update with/without
warm-start

MLP LSTM CNN
Voltage Methane Voltage Methane Voltage Methane
Number of splits 8 44 8 44 8 44
Warm-start fraction 0.1 0.1 0.1 0.1 0.5 0.3
Speed-up 471 8.30 471 8.30 1.78 3.17

RMSE with warm-start 36.37 £0.04 49.79 £0.19 36.41+0.0 4598 +0.16 36.56+ 0.16 55.11 + 3.18
RMSE without warm-start 36.59 + 0.72 50.80 + 0.20 36.47 +0.02 51.19 +0.13 36.59 + 0.15 56.62 + 0.64
(A) Voltage and methane dataset

MLP LSTM CNN
NYSE JSE NYSE JSE NYSE JSE
Number of splits 5 101 5 101 5 101
Warm-start fraction 0.7 0.05 0.01 0.05 0.4 0.1
Speed-up 1.32 16.83 4.81 16.83 1.92 9.18
RMSE with warm-start 91.50 +19.17 16.20 = 0.13 43.57 £0.02 16.27 £0.01 97.77 +25.10 16.22 £ 0.05

RMSE without warm-start 101.52 + 16.82 16.21 £0.12 43.49 +0.01 16.27 +£0.01 120.51 &+ 19.07 16.33 + 0.23
(B) NYSE and JSE dataset
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C The RMSE values achieved by
non-hybrid algorithms after the
addition of trend line features

TABLE C.1: The RMSE values achieved by vanilla DNN algorithms on raw
data alone and raw data and trend line features.

Voltage Methane
Slope Duration Average Slope Duration Average
Raw data 9.04+£006 6282+0.04 3593+0.05 14574010 49.79+4.85 32184247

Raw data + Trend lines  9.03 = 0.06 62.81+0.04 35.92+0.05 14.56+0.19 34.46+2.79 24.51+1.49

NYSE JSE
Slope Duration Average Slope Duration Average
Raw data 90.76 +4.43 33.08+42.08 61.92+23.26 19.87 +£0.01 12.51+0.09 16.19 & 0.05
Raw data + Trend lines  90.454255 25.34424.09 579041332 21.134+0.30 12.59+0.14 16.86+0.22
(A) MLP
Voltage Methane
Slope Duration Average Slope Duration Average
Raw data 1030+ 0.0 62.87+00 3659+0.0 1421+0.19 56.37£1.77 35.29+0.68

Raw data + Trend lines 1030 £0.0 62.87+0.0 3659+0.0 14.77+0.51 48.03+5.74 31.40+3.13

NYSE JSE
Slope Duration Average Slope Duration Average
Raw data 86.56 £0.01 0.41+£0.08 43.49+0.05 19.83+0.01 12.68£0.01 16.26+0.01
Raw data + Trend lines  86.50 = 0.01 0.47 +0.03 43.49+0.02 20.16+0.03 12.74+0.02 16.45+0.03
(B) LSTM
Voltage Methane
Slope Duration Average Slope Duration Average
Raw data 9.244+0.10 62.40+0.13 35824012 15.07+£035 54.79+455 34934245

Raw data + Trend lines  33.26 £19.41 90.78 £53.17 62.02+36.29 1514+0.28 37.92+4.11 26.53 +2.20

NYSE JSE
Slope Duration Average Slope Duration Average
Raw data 89.31+1.38 1221+£1217 50.76+6.78 19.90£0.06 12.48+0.21 16.19 £0.14

Raw data + Trend lines 9044 +1.74 14.05+£9.52 5225+5.63 21414033 12.71+£0.15 17.06+0.24
(C) CNN
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trend line features

TABLE C.2: The RMSE values achieved by traditional ML algorithms on
raw data alone and raw data and trend line features.

Voltage Methane

Slope Duration Average Slope Duration Average
Local raw data 9.53+0.0 63.11+0.20 36.32+0.10 10.09+0.01 20.79+0.01 15.44+0.01
Local raw data + Trend lines  9.35+0.0 63.194+029 36.27+0.15 11.534+0.0 20.734+0.01 16.13+0.01

NYSE JSE

Slope Duration  Average Slope Duration ~ Average
Local raw data 88.75+0.17 0.29+0.0 4452+0.09 20.21+0.0 12.67+0.0 16.44+0.0
Local raw data + Trend lines  86.53 £0.01 0.41+0.0 43.474+0.01 22.68+0.0 12694+0.0 17.69+0.0

(A) RF
Voltage Methane

Slope Duration Average Slope Duration Average
Local raw data 10.0+0.0 62.67+£00 3634+£00 13.05£00 7510£0.0 44.08+£0.0
Local raw data + Trend lines  10.01 £0.0 62.63£0.0 36.32+0.0 12.024+0.0 38.34+0.0 25.18+0.0

NYSE JSE

Slope Duration  Average Slope Duration Average
Local raw data 86.62+0.0 042400 4352+0.0 20.08+00 12.62+0.0 16.35+0.0
Local raw data + Trend lines 86.42+0.0 0.41+0.0 43.42+0.0 19.93+0.0 12.65+0.0 16.29+0.0

(8) GBM
Voltage Methane

Slope Duration  Average Slope Duration  Average
Raw data 9.32+0.0 62.584+-0.0 3595+0.0 1498100 3439+0.0 24.69+0.0
Raw data + Trend lines 9.54+£0.0 62.62+0.0 36.08+00 1795+0.0 3452+0.0 26.24+0.0

NYSE JSE

Slope Duration  Average Slope Duration = Average

Raw data 86.55+00 042400 43.49+0.0 20.01+0.0 12.85+0.0 16.43+0.0

Raw data + Trend lines 8654 +0.0 0.45+0.0 4350+0.0 2327400 13.19+0.0 18.23+0.0
(C) SVR
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