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Abstract

The forecasting of time series data has brought numerous benefits since its inception in statistics.
Specifically, the energy sector has witnessed the deployment of Machine Learning (ML) algorithms.
As electrical grids are dynamic systems that need to be balanced, forecasting their fluctuations in
demand is important. However, the notorious difficulty with time series analysis lies in window
size selection. While training ML models, engineers must select an uninterrupted window from
which the model predicts the next value. This thesis investigated the relationship between the win-
dow size and other hyperparameters in deep learning-based forecasters. Subsequently, Bayesian
Optimisation (BO) was implemented using novel surrogate models such as the combined surro-
gate model, which balances the strengths and weaknesses of a Random Forest (RF) and a Gaussian
Process (GP). In some cases, this new combined model outperformed existing surrogate models.
Additionally, conformal methods were integrated into the SMAC library, but their performance
in optimising forecasters did not beat that of pre-existing methods. Using the optimisation data
collected, an analysis of the importance of the window size and its influence on performance in
combination with other hyperparameters was conducted.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

The demand for accurate forecasting models is apparent in many sectors, such as finance, to predict
prices and aid logistical systems [CFS04; AD21] or in meteorology, to predict the weather [Pri+25].
Specifically, models have been implemented in the energy sector to forecast energy market prices
[EM20] or the energy consumption of buildings [SMR21]. Forecasting energy consumption is a
vital tool for reacting to energy demands, as it allows for the utilities to properly sustain electricity
across a grid [SMR21]. Therefore, the ability to train reliable forecasting models is of significant
real-world value.

Given the large amount of data generated by electrical grids [Zai+21], ML-based solutions are
popular options for building such forecasters. Specifically, it has been shown that a Neural Net-
work (NN) can achieve higher accuracy than popular linear models in forecasting tasks [STN18;
SSR19]. An important decision when training forecasters is the selection of hyperparameters. This
set of values, or configuration, defines aspects of the model structure and training process [Dia+17].
Among the hyperparameters for forecasters is the window size, which defines the number of his-
torical data points the model receives to make a prediction. While the search space of configura-
tions depends on the model type, the window size must always be chosen, with the decision sig-
nificantly impacting model performance [FM20; IJR17]. Still, given the non-monotonic relationship
between window size and model accuracy [SJN22], this selection problem is not trivial. Therefore,
a thorough analysis of the effect of this hyperparameter and suggestions for a systematic selection
are of great value.

The optimisation problem of hyperparameters for NNs is known to be very difficult [Dia+17].
Modern approaches use SMAC to optimise the configuration used [Den+22]. SMAC, which stands
for Sequential Model-based Algorithm Configuration, offers an implementation of BO that can be
combined with a selection of surrogate models. Traditionally, RF is chosen, as it natively supports
categorical hyperparameters and allows for high-dimensional configuration spaces required for
Hyperparameter Optimisation (HPO).

However, an RF can often be outperformed by a GP in numerical spaces with a low number of
dimensions [Bis+23]. For this reason, the potential exists for a novel ensemble surrogate model for
SMAC that combines RF with GP using an approach similar to model stacking. This balances the
strengths and weaknesses of each surrogate model when considering different types of hyperpa-
rameters.

While ensemble learning has the potential to increase accuracy, another paradigm in ML offers
methods to improve performance as well. Conformal methods in ML allow for statistically sound
prediction ranges based on previously seen data [AB22]. Surrogate models represent a promising
application of these methods, as the accuracy of both the prediction and the uncertainty estimation
of the model are essential. Thus, conformal methods indicate a viable improvement for the optimi-
sation process. The integration into SMAC includes the implementation of a Conformal Quantile
Regressor (CQR) as a new surrogate model and independent Thompson sampling as an acquisition
function based on the ideas detailed in Salinas et al. [Sal+23].
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Chapter 2

Background and Related Work

2.1 Forecasting using Deep Learning

The application of NN to time series forecasting has long been of interest, with early work dating
back to 1987 [LF87]. The non-linear, data-driven, and self-adaptive nature of NNs is considered
advantageous over traditional forecasting methods [ZPH98]. Following developments in NN-
architectures [Liu+17; Vas+17], improvements in computer performance [Lei+20], and the broader
recognition of the relevance of big data [Zai+21], much research has been conducted to engineer
increasingly accurate forecasters based on Deep Learning (DL). An essential trend driving the in-
crease in performance of new NN-architectures is the combination and development of new neural
network structures [Zho+21; SMR21]. This has led to a diverse collection of forecasters that vary
significantly in design.

Darts [Her+22] is a Python library that contains implementations of some of the most popular fore-
casting architectures, such as N-BEATS [Ore+20], Temporal Fusion Transformers [Lim+21], RNN,
and other deep learning-based models. N-Beats and Temporal Fusion Transformers are modern
architectures that underpin the viability of DL-based techniques for forecasting. RNN is an estab-
lished architecture comprising a far simpler base architecture than many state-of-the-art forecasters
[Als+22]. Similar variations have been thoroughly tested and established in the use case of fore-
casting [SSR19; STN18].

The relevancy of forecasting models is exemplified when considering their application in energy
consumption prediction [AZY20]. The challenge of forecasting energy consumption is widely rele-
vant and encompasses the trends found in both single buildings [SMR21; QAR24] and entire grids
[Kau+22]. This is especially relevant to legislative measures that motivate a switch to renewable
energy and more efficient energy management, which requires accurate forecasting to plan future
loads properly [AZY20].

Somu, MR, and Ramamritham [SMR21] developed the deep learning architecture KCNN-LTSM.
Their model combined k-means clustering, Convolutional Neural Network (CNN) and LSTM neu-
ral networks to predict the energy consumption of a building.

Zhou et al. [Zho+21] developed the Informer model, a transformer-based model that was found
to excel at long sequence time-series forecasting and outperformed the other models tested. To
evaluate their model, various time series datasets were used to test Informer, including the ET-
Dataset [Zho+21] and ElectricityLoadDiagrams20112014 [Tri15]. In addition, they tested different
window sizes and alluded to the complexity of the problem. Both performance and training time
were affected, underpinning the importance of selecting the correct window size.

Quantifying the effect that different hyperparameters have on performance, such as the window
size, can help make conclusions on how to select the best configuration. The state-of-the-art so-
lution for such analysis is Functional Analysis of Variance (fANOVA) [HHL14], which quantifies
importance and interactions. This importance signifies the effect of a single hyperparameter on
the resulting performance of the model. Quantifying the interactions can indicate the strength of
the underlying relationships between hyperparameters. An RF is trained on performance data
of different configurations, and the model is used to quantify the importance of hyperparameters



2.2. BAYESIAN OPTIMISATION CHAPTER 2. BACKGROUND AND RELATED WORK

and to evaluate their interactions. This is not done by sampling a model; instead, fANOVA uses
the complete trained model to deduce such metrics. The metrics that can represent such effects
are, in essence, the results of analysing the variance in predicted algorithm performance between
configurations. Essentially, the variance of all predicted performance metrics V for all possible
configurations. This variance can be split into the following components:

V= Z Vi1, where N is the set of all hyperparameters
UCN

Vy is the measure for the average effect that setting the hyperparameters in U has [Hoo07]. The
importance of a single hyperparameter, |U| = 1, or the interactions between multiple hyperparam-
eters, |U| > 1, are then given by Fy = V;/V

Deng et al. [Den+22] used fANOVA to analyse the hyperparameter importance distribution of
forecasting DNNs. They found that the importance was not evenly distributed with the window
size amongst the most important, which coincided with other conclusions by Fezzi and Mosetti
[FM20] and Inoue, Jin, and Rossi [IJR17].

Ermshaus, Schifer, and Leser [ESL23] formulated a review of different window selection methods
and compared their performance on different unsupervised analysis tasks. Although forecasting
is not an unsupervised task, it is relevant to recognise that the selected windows outperformed
the window sizes selected by humans in the realm of anomaly detection and segmentation. This
indicated the potential to find automated techniques that outperform manual selection.

A more conventional approach of selection is the use of a global HPO to find values for hyper-
parameters that result in a well-performing model [Als+22]. This optimises the window size as
well and ideally results in a well-selected value. One downside of this method is that all hyper-
parameters are treated equally, which does not necessarily reflect the distribution of impact that
hyperparameters have on the error of the resulting model. However, it gains an advantage with
the ability to take the interactions of different hyperparameters into account.

2.2 Bayesian Optimisation

BO has established itself as a leading optimisation approach for hyperparameters [Den+22; HHL11].
It sequentially tests new configurations and uses the experience to suggest new configurations to
be trained with the goal of minimizing the cost metric of the trained configuration. The key ad-
vantage of BO over other search methods, such as random search, lies in the use of ML-models to
model the resulting performance of a given configuration [HHL11]. A key instrument in this is the
uncertainty quantification of the model in some regions. Given the many dimensions of the con-
figuration space and the expensive nature of algorithm execution, the amount of data available is
usually extremely limited. What follows is the risk that many regions of the space may remain un-
explored, potentially losing out on promising configurations. This implies that a balance must be
struck between exploration and exploiting the configurations of well-represented regions in which
the model can more accurately find promising configurations. The key to this balance is the ac-
quisition function, which delivers a value that represents a combined assessment of the potential
gain of the configuration given the predicted cost and the corresponding uncertainty. The potential
gain is estimated to be higher with high uncertainty as the model has not explored the region yet.
This means an evaluation will improve the prediction capabilities of the model in that region. A
configuration will also receive a high assessment if the predicted cost of the configuration is low.
This means the configuration has potential as a new incumbent, which is the configuration with
the best empirical performance.

Many tools exist that offer some variation of BO, but an established option is the Sequential Model-
based Algorithm Configuration (SMAC) library [Lin+22; HHL11]. SMAC offers much customisa-
tion for the algorithm configuration process and is specifically intended for expensive target func-
tions. These functions depend on a predefined set of hyperparameters and can entail any kind
of algorithm that returns a cost metric to be minimized. This makes it ideal for the configuration
of a Deep Neural Network (DNN) as the training process can demand many computer resources
[FH19], and the error on a final validation set can be used as a function return. Budgets can be
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introduced that allow for a variation in training "effort", using a hyperparameter such as epoch
count. SMAC sets a budget for a given configuration before training and takes this budget into
account during performance comparisons. The driving principle behind the library is the combi-
nation of intensifiers, which are racing algorithms combined with BO. Intensifiers offer support for
different instances and budgets, while BO helps determine what configuration to test next.
Finally, essential to BO is the performance of the surrogate model used, as the process relies on a
proper assessment of the benefit of a configuration. SMAC expects a mean and variance for every
prediction, but BO can work with any prediction and uncertainty quantification as long as the ac-
quisition function is correct. Good surrogate models do not only have a high prediction accuracy,
but they are also capable of accurate uncertainty estimations. A further important criterion for the
applicability of a model in BO is the type of data with which the model can work well. Hyperpa-
rameters can be numerical or categorical in nature, meaning that the specific configuration space
can influence the input space of the model. In contrast, the output is consistently continuous, as
the cost metrics usually are. Hyperparameters can often be dependent on each other. These condi-
tional hyperparameters appear if the setting of a specific hyperparameter influences the existence
or choices of another. An example of this is the learning rate scheduler hyperparameter, which
may require further hyperparameters unique to the scheduler chosen. Due to the variable shape
of the input for the model, it is important to consider the configuration space when deciding on a
surrogate model.

As of writing this, two surrogate model implementations exist in SMAC besides a random model.
GPs are an established component of BO for expensive black box functions [Lin+22]. GP works well
with continuous inputs but is ideally adjusted to function properly with discrete inputs [GH20].
Furthermore, configuration spaces with more than 10 hyperparameters or conditional hyperpa-
rameters traditionally prove to be more difficult to support [Bis+23]. Due to these constraints, GP
has not been the typical choice for the task of optimising hyperparameters but has proven to work
well in numerical spaces [Egg+13].

The second of the two models available in SMAC is RF. It is capable of natively handling cate-
gorical data and conditional hyperparameters and can accept numerical values in its input space
through dynamically finding thresholds. As configuration spaces can contain up to hundreds of
hyperparameters, it is important to note that RF seems to scale relatively well to high-dimensional
spaces with mixed hyperparameters [Egg+13]. For this reason, RFs have been the surrogate model
of choice when optimising hyperparameters. However, promising work has been done to chal-
lenge this convention using various machine learning techniques such as tree-structured Parzen
estimators [Ber+11] or Conformal Quantile Regressors (CQRs) [Sal+23].

2.2.1 Ensemble Models

Ensemble learning is a paradigm in ML that aims to combine machine learning models to increase
performance [RG20]. This goal is derived from the inherent understanding that models are im-
perfect. The intuition depends on the assumption that a collection of models will lead to a com-
pensation of such imperfections and increase overall accuracy. Since the use of surrogate models
based on ML has gained prominence in the realm of optimisation processes, the use of ensemble
techniques has also been found to enhance the performance of models [Goe+07]. Surrogate mod-
els are intended to reflect the relationship between configuration and performance. The accuracy
of this reflection impacts the overall performance of the optimisation. However, when specifying
which surrogate model to use, there may be many options to choose from, each with strengths and
weaknesses.

Combining multiple models can be executed in many different ways. One such method is called
model stacking, in which each model is allowed to make an independent prediction based on the
input data. After each model in the ensemble has produced a result, the outputs are combined by
a meta-learner to produce the final output visualised in Figure 2.1. In this case, the meta learner
only takes the outputs of the models to combine towards a general output that is accepted. It is
generally accepted that the training data set must be split for this process, such that the training
data used for the meta learner has not been seen by the base learners [Wol92].
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Figure 2.1: A Basic architecture of Model Stacking [RG20]
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Figure 2.2: Visualisation of eight quantile regressors [Sal+23]

The method implemented for surrogate models by Goel et al. [Goe+07] aggregates the predictions
of multiple models with an assigned weight. Firstly, the performance of each model is evaluated
through cross-validation. The average error of each model is then used to determine weights for
the models. The weights collectively sum to one and represent the influence of the respective model
on the resulting prediction. This resulted in an overall increase in performance in comparison to
simpler methods, such as choosing the single best-performing model according to cross-validation.

2.2.2 Conformal Prediction

A major challenge in machine learning is the inherent imperfection of the predictions. For this
reason, models can often include a measure of uncertainty given a prediction, such as the range
described by multiple quantile regressors as can be seen in Figure 2.2 or the variance of an RF.
These measures can be converted to scores of uncertainty, denoted as s(x,y) for an input x and
label y, where high scores represent a high uncertainty. However, these are merely based on an
assessment from the model itself, thus, they can not be completely trusted. Conformal prediction
offers a method to externally determine statistically sound prediction sets and ranges that include
the true value with an arbitrarily high probability [AB22]. As with any ML process, the data is
the leading resource for conformal prediction with two approaches regarding its handling. Trans-
ductive Conformal Prediction (TCP) utilises the complete data set for training but greatly increases
computational complexity, as the model has to be retrained as often as there are training instances.
On the other hand, Inductive Conformal Prediction (ICP) is much less expensive but requires the
data to be split into a training and calibration set. For this reason, it is only used when enough data
is available. ICP can be applied to a variety of prediction tasks.

For classification problems, a conformal prediction set C(x) for an input x must contain the true
class with an arbitrary probability of at least 1 — « where « € [0,1]. In a nutshell, conformal
methods use the uncertainty assessments s(X,, Y) for the calibration input X, and output Y, data
to deduce a threshold § such that, with a probability of 1 — &, the true label y. of a sample x.
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Figure 2.3: Visualisation of a pair of conformal quantile regressor [AB22]

receives an uncertainty metric s(x., y.) < 4 from the model as can be seen in Equation 2.1. As long
as the calibration is representative of the true distribution, this ensures that the final prediction sets
contain the true label with a high probability.

Clx) = {y | s(xy) <4} Ay

Prediction intervals for numeric outputs that contain the true value with the same arbitrary prob-
ability of 1 — & can be achieved with the help of quantile regressors, as can be seen in Figure 2.3.
Quantile regressors f, (x) model the true  quantile ¢, (x) where v € [0,1]. To represent our de-
sired arbitrary interval we write £, 5 (x) and #; _,/»(x). These can be trained using any model with
a quantile loss function, as can be seen in Equation 2.2.

Ly(Fyy) = (v — By My > By} + (B —y) (1 — )Wy < £y} (2.2)

However, a similar problem with conformity holds as the resulting interval only depends on the
imperfect, predicted bounds. To train Conformal Quantile Regressors (CQRs), an offset § is calcu-
lated instead of a threshold. Samples from the unseen calibration set are used to compare predicted
intervals to true values Y. given inputs X.. Then, 4 is adjusted such that, with a probability of 1 —«,
given an input x. and true output y. the following holds y. > f,/2(x.) —dand yc <4 /0(xc) +4
as can be seen in Equation 2.3.

C(x) = [fay2(x) = 4, f1—aj2(x) + 4] (23)

The regression problem of model-based HPO offers an interesting use case for Conformal Quantile
Regressors (CQRs) due to the statistically sound uncertainty estimations. HPO heavily relies upon
the proper estimation of regressor uncertainty, implying a potential improvement in performance.
Salinas et. al. [Sal+23] have found success when using Thompson sampling with Conformal Quan-
tile Regressors (CQRs).

Thompson sampling is a heuristic used to balance exploration and exploitation that has experi-
enced an increase in recent interest [CL11] despite its early inception in [Tho33]. Commonly, the
goal is defined as maximizing the total reward of a series of actions. In hyperparameter tuning,
an action may be a function evaluation, and a high reward would be a low cost. While the goal of
HPO differs slightly as only the reward of the best action is judged, Thompson sampling has still
seen application in BO [Kan+18]. In essence, a probability distribution is built for every action that
represents the probability distribution of the reward [CL11]. This distribution is then sampled for
every action, and the action with the best reward is chosen.

To employ this principle practically, multiple quantile regressors can represent a distribution of the
possible rewards per action, as can be seen in Figure 2.2. For instances with too many possible
actions, such as in HPO, a random collection of actions is taken. To recreate the effect of randomly
sampling the distribution of each action, a quantile represented by the regressors is chosen at ran-
dom for each action. Finally, the action with the highest reward is chosen to be evaluated.
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Chapter 3

Objective and Approach

The objective of this research was to gain insights into the window size hyperparameter given
deep learning-based models trained to forecast energy consumption data. Specifically, we aimed
to answer the following research questions:

1. How important is the window size regarding building deep learning-based time series fore-
casters?

2. What is the relationship between window size and other hyperparameters, and can any
trends or patterns be found with the performance of the model?

3. Does the quality of optimisation increase when the relationship between the window size
and other hyperparameters is considered?

To make the first observations, data had to be gathered regarding the performance of specific con-
figurations as a first step. This meant using optimisation runs to make conclusions about the im-
portance and interactions in the configuration space of the selected models. After implementing
the context in which forecasters could be trained on data and tested, they were optimised using
pre-existing techniques. Using preliminary testing, conclusions were made about how the win-
dow size interacted with other hyperparameters. This offered insight into the hyperparameter and
inspired methods in which some hyperparameters would be optimised semi-separately.

Given the new findings, we explored novel approaches with the potential of improving the optimi-
sation performance of the well-known SMAC library. These surrogate models required extensive
configuration after their basic implementation to determine the ideal settings. To determine which
configurations work well, tests for the accuracy of the surrogate model and its performance during
actual optimisation were conducted. This included implementing test infrastructure that ensured
fair testing conditions, such as minimizing differences due to random initial configurations by
injecting the same initial configurations for all instances. Synthetic functions were also used to
minimize the computational cost of expensive deep learning runs to the final tests after tweaking
the new model was complete. The final tests of optimising deep learning forecasters used the same
testing infrastructure but were not repeated as often due to cost. Finally, using the data gathered
from testing, a final analysis of the hyperparameter patterns and relationships was conducted. This
included updating previously calculated importance and interaction metrics. Due to the increase
in available data, the new metrics more accurately reflected reality.
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Chapter 4

Methodology

4,1 Environment and tools

The nature of studying and optimising hyperparameters implies the existence of some context.
This context involved a model whose hyperparameters were to be optimised and the data on which
the model was trained, validated, and tested. While training forecasters on energy data was at
the forefront, synthetic data was used to perform preliminary tests on the different implemented
HPO methods. Using cost-efficient functions to evaluate the performance of many different op-
timisers is much more reasonable due to the computationally expensive nature of deep learning.
Garrido-Merchan and Hernandez-Lobato [GH20] evaluated using synthetic functions to assess the
performance of their new surrogate model. The Rosenbrock function, as shown in Equation 4.1, is
a synthetic function used to test different black-box optimisation algorithms [Elh+19].

n—1
fros(X) = X [100(xi21 — )% + (1 - x;)?] (4.1)
i=1

This function has been applied in benchmarking HPO [Che+22; Tan+21] due to its flexible di-
mension count and complex topography with multiple local minima if there are more than three
dimensions [SQO06].

After testing, a forecaster was to be chosen which would be optimised by the developed meth-
ods. A wide variety of deep learning-based models exist with state-of-the-art ideas and modifi-
cations that aim to raise the ceiling of achievable performance [Zho+21; SMR21]. In addition to
this, the much more rudimentary models such as RNN and its derivatives LSTM and Gated Recur-
rent Unit (GRU) were chosen. These are much more established architectures with independent
confirmations of their superiority over simpler methods [STN18; SSR19]. Furthermore, the simple
implementation in Darts [Her+22] with support for custom PyTorch optimisers and learning rate
schedulers made this a reasonable choice. It is important to keep in mind that the importance of
the absolute final performance of the trained models comes second to the relative performances
between configurations used to compare optimisation processes.

To study the effects of different hyperparameters on the performance of a model using examples of
configuration performances, the library fANOVA was used. It natively supports SMAC, allowing
for a simple run analysis using previously generated data on various configurations. A prelim-
inary analysis was conducted using a relatively small number of examples from which general
conclusions about the importance and interactions that affect the different hyperparameters can be
obtained. This enabled the influence of the window size to be confirmed early on and provided in-
sights that led to further conclusions. Later, the analysis was expanded by utilising the many runs
conducted for testing to confirm the results and represent the ground truth more. The findings led
to the following hypothesis:

Hypothesis 1 (H1): Subdividing the configuration space of an energy consumption forecaster according
to interaction metrics can lead to a set of hyperparameters that have a relatively independent influence on
performance.
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4.2 Partitioning the Configuration Space

The goal of partitioning the hyperparameters was to find partitions that have relatively few inde-
pendent interactions. A threshold m was set to classify an interaction as significant. The conditions
for a valid partition P of the set of all hyperparameters N is formalised using the effects IF; of a
hyperparameter subset U. The definition can be found in the Equivalency 4.2.

Pis a valid partition < P C N and for all h;; € P there isno h; ¢ P with IF{h,-,h/-} >m 4.2)

As can be seen in the definition above, if P; and P; are valid partitions, so is P; U P;. These par-
titions can contain a variety of hyperparameters and have no major interaction effects with other
hyperparameters outside.

Another feature proven useful is the maximisation of the total importance of the hyperparame-
ters contained in a partition of a given size. First, the set M of the smallest possible partitions is
required, as seen in Equation 4.3.

M := {P|P is a valid partition and no subset of P is a valid partition} (4.3)

The total importance of a partition can be assigned as P as ) ;cpF(;). The final goal is to find a
set of these partitions to combine into one with a high total importance according to the individual
hyperparameters. Trivially, the set can be constructed by considering all combinations that exceed
the size limit and determining the highest total importance. Alternatively, an optimisation problem
can be constructed with the importance as an objective function to be maximised and the number
of hyperparameters as a constraint.

4.3 Ensemble Techniques

The leading motivation for employing ensemble techniques in the optimisation process comes from
the following hypothesis:

Hypothesis 2 (H2): Subdividing the configuration space and its optimisation according to interaction met-
rics can result in favourable results.

The novel optimisation method is the result of considering the limitations of the surrogate models
used in SMAC. The GP can handle small, continuous spaces with ease but struggles with handling
conditional hyperparameters, large configuration spaces, and discrete spaces. While RF excels
where the other struggles, it is less effective than GP in numerical spaces. The solution is to sub-
divide the configuration space and train the surrogate models on subdivisions that best suit their
strengths. However, BO expects the output of only a single surrogate model to be used with the
acquisition function. This indicates that an ensemble approach could be beneficial for mixing the
output of multiple models. Specifically, an ensemble approach similar to model stacking was used
as follows: Two models are designated as either a broad or supplementary model that are com-
bined to form the surrogate model. The broad model processes all or most of the configuration
space and produces a prediction and variance according to its training data. The training data
consists of the configuration and empirical performance pairs continuously gathered during opti-
misation. However, the supplementary model only works with a smaller portion of the complete
configuration space, depending on the training data. When SMAC begins a new optimisation
process, an initial collection of configurations is tested. This provides the surrogate model with
minimal data to suggest future configurations. We use these initial configurations to conclude the
important hyperparameters and their interactions using fANOVA. The configuration space is then
partitioned using the interaction metrics and important metrics, and an interaction threshold is de-
rived from the distribution of interaction values. The supplementary model then supplements the
broad model using the output of the latter and the partitioned input data to make a final predic-
tion. This supplementary prediction is the prediction used by the acquisition function. The internal
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processes between the different models inside the combined model can be seen in Figure 4.1 and

in Figure 4.2

Training the Combined Model

"____

Combined Model Broad Model Supplementary Model
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I I
| Train(X,Y) |
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Figure 4.1: Visualisation of a training process for the combined model

Predicting with the Combined Model

Combined Model

Broad Model

Supplementary Model

Predict(X) |

broad-prediction :

Predict(X + broad-prediction) |

.

Figure 4.2: Visualisation of a prediction process for the combined model

Many versions were composed, consisting of specific setting variations. These settings can be
summarised as affecting different parts of the supplementation process.

The order of model training had a small influence on the potential of the supplementary model to
overfit to the output of the broad model. If the broad model has seen the complete training data,
its predictions on this training data will not be representative of its performance on unseen data.
If the supplementary model is trained on an older version of the broad model, it may be less
susceptible to overfitting because the latter has not seen newer portions of the collected data. This
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difference in training data amount becomes more negligible as the optimisation progresses because
surrogate models are trained very frequently, meaning the amount of new data is consistently
small. However, the supplementary model might underperform in correcting for the errors of the
broad model because it does not train on the predictions of the model that will later be used for
unseen estimations.

If supplementation is not capable of outperforming the broad model by itself in all cases and both
seem to be advantageous in different scenarios, mixing the two can be promising. The method from
Goel et al. [Goe+07] mixed multiple surrogate models using cross-validation to deduce weights
that result in a combined final prediction.

Adjusting the broad model configuration space has an impact on the entire system. Although a
reduction in space would imply a negative impact on average broad model accuracy, this may
help the supplementary model. This might reduce the risk of overfitting because the ability to
generalise is impacted, whereas the supplementary model still receives a performance estimate
based on the configuration of unseen hyperparameters.

Splitting data is a very popular ensemble technique because it addresses the overfitting issue by
gathering broad model predictions on unseen data. The downside of this method is that the final
model trains only on a portion of the data. This means that when splitting, a balance must be
established between the accuracy of the broad model and the supplementary model. The perfor-
mance gain of avoiding overfitting may or may not outweigh the loss caused by a reduced instance
number that is already small due to the expensive nature of gathering training data.

Finally, encoding the training data impacts performance. Surrogate models have specific limita-
tions regarding different encodings. The SMAC class HyperparameterOptimizationFacade
uses a log scale encoding, which also uses an RF as the surrogate model. This scales the perfor-
mance metrics to the interval [0,1] and takes the logarithm, which has been shown to improve
quality [HHL10]. When a GP is used during black-box optimisation, no change to the performance
metrics is done. This is because the mean calculation is affected when multiple cost metrics for a
single configuration are recorded. For the use case of hyperparameter optimisation, multiple cost
metrics are handled differently because each has a corresponding budget. This means that multi-
ple encodings are possible for a GP. The type of encoding affects what acquisition function can be
used. The acquisition function used by SMAC in an HPO context is called Expected Improvement.
Two versions exist that depend on the transformation of the configuration performance data. If the
metrics experience a log transform when optimising, the function can be described with Equation
4.4, where 6 represents an arbitrary configuration.

Elexp(8) := E[lexp(8)] = frmin®(v) — 2%+ . ®(0 — ) (4.4)

[HHL11]
If the performance metric does not undergo a log transformation before use, the expected improve-
ment function is described by Equation 4.5.

EI(6) = ELT00] = (fmin — ) (T H0) gy (Lmin =10 @5)

[JSW9g]

Furthermore, it is important to test whether transforming the prediction from the broad model be-
fore passing it to the supplementary model is important. This is done when the RF is trained on
log-transformed metrics and the GP is not. In this case, a transformation of the prediction may be
required. As the broad model predicts a mean and variance of a normal distribution and our data
has been previously log-transformed, the distribution of the true metric is of a log-normal distribu-
tion [JKB94]. The mean ylogand variance 0120 . of this log-normal distribution can be deduced using

the mean u and variance o of the normal distribution as seen in Equation 4.6 and Equation 4.7.
o2
Hiog =€xp | i+ > (4.6)

‘7120g = [exp ((72) - 1} exp (2y + 02) 4.7)
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These adjustments describe various possible settings for the final combined HPO method. Differ-
ent combinations were compared to one another to deduce the best settings. As some settings were
only later realised, settings were at times altered sequentially. This means that to test new settings,
only the best-performing version at the time was considered to evaluate which of the new settings
worked best.

4.4 Window Size Behaviour

The window size behaviour regarding deep-learning forecasters was analysed using various meth-
ods. Most importantly, any significant conclusions were made using large amounts of config-
uration data. The configuration data was obtained from testing various optimisation methods.
Configuration performances from RNNs and LSTMs were collected using two datasets from the
ETDataset: ETThl and ETTm1. The importance and interaction metrics were generated using
fANOVA. Importance metrics were used to assess the importance of the window size hyperpa-
rameter for our use case. At the same time, the interaction matrix provided insights into which
hyperparameters were most likely to experience a higher number of interactions.

Finally, scatter plots were used to plot the influence of the window size hyperparameters. Both 2D
and 2D scatter plots with colour were chosen to display different types of influences. The 2D scatter
plot shows whether a direct relationship between performance and window size is recognisable.
This allowed for a conclusion to be made regarding dependency on other hyperparameters. To
obtain specific information about possible trends, 2D scatter plots with hues that represented the
cost were used. These were generated for hyperparameters with a high interaction metric with the
window size.

12
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Chapter 5

Implementation

5.1 Deep Learning Forecasters

The model implementations used in this research are from the Darts library [Her+22], which uses
PyTorch Lightning to implement the deep-learning forecasters contained. The RNN implementa-
tion, along with its variations LSTM and GRU, were selected to be integrated into a new forecaster
class. This class includes the configuration space for the forecasting model, the data module con-
taining all important data, and a target function used by SMAC.

The configuration space was derived by taking the parameters that the RNN implementation uses
and transferring it to a configuration space object of the ConfigSpace Python library [Lin+19]. Darts
defines one RNN model class and sets the variation with a hyperparameter called "model_type".
To include all three variations as separate forecaster classes, the same configuration space was
modified to include only the corresponding model type. Many additional PyTorch hyperparam-
eters were added, affecting the optimiser and learning rate scheduler. In addition, each possible
learning rate scheduler received hyperparameters representing its parameters, which brought the
total number of hyperparameters to 35. Finally, conditions and forbidden clauses were added to
map hyperparameter dependencies and value incompatibilities!.

Each dataset is managed by data module objects that run a setup function, splitting the data into
training, validation, and testing sets. Following the work of Zhou et al. [Zho+21], the splits were
12/4/4 months for training, validation, and testing, respectively. The data module is a property of
the forecaster class, which is used in the target function.

The target function is later used by SMAC to test a new configuration. This means the target
function converts a set of hyperparameter values to a performance metric belonging to this config-
uration. Firstly, the hyperparameter values are converted to a format that the Darts class accepts.
The initialised model is then fit to the training data, with the validation set being used for function-
alities such as early stopping. Early stopping was chosen to improve training time by stopping the
process if the increase in performance was negligible. Finally, the model is evaluated using the test
data. The model receives the training data appended by the validation set and has to predict the
entire test set. Using the prediction and true values, the SMAPE [HA18] is calculated and returned
as a performance metric.

5.2 Combined Surrogate Model

SMAC includes an inherited abstract model to allow all other integrations into SMAC to function
properly. A hierarchical class structure was chosen to implement the combined surrogate model.
Due to the many versions implemented, a hierarchical structure allowed for an efficient implemen-
tation of new ideas?.

1See Table A.2 in the Appendix for the full list of hyperparameters.
2See Figure A.1 in the Appendix for a visualisation of the class hierarchy

13
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The parent of all combined models is the Abstract Combined Model, which implements the basic
ideas behind calculating the configuration space of the supplementary model. This is done after
the initial configurations are gathered and the optimiser first trains the surrogate model. To allow
for a dynamic recalculation of the supplementary configuration space, the configuration count is
tracked by the model, enabling the user to define at what points in the optimisation to update
the configuration space. By default, one singular space calculation is executed the first time the
surrogate model is trained. The training data is then sent to a wrapper around fANOVA that
preprocesses the training data. To fulfil compatibility requirements, a new configuration space is
generated that only includes the hyperparameters that are always covered in the configurations
of the training data. This means removing any hyperparameters that are conditional on others
and thus sometimes contain a NaN value. Furthermore, since our downstream implementation
includes a GP to supplement the broad model, we reduce the configuration space to only contain
numerical hyperparameters. Thus, the calculations of importance and interaction metrics only
include unconditional, numerical hyperparameters.

Partitioning the hyperparameter space requires grouping hyperparameters by significant interac-
tions. These significant interactions are recognised using a simple approach to anomaly detection:
a z-score threshold seen in Equation 5.1 where j is an interaction.

y = ] — Minteraction (.1)

Cinteraction

Treating significance as outliers allowed us to ensure that the supplementary model works with a
practical configuration space size. An approach that relies on a data-independent threshold risks
categorising too many significant interactions, leading to large minimal partitions. If these mini-
mal partitions are too large, the configuration space size constraint can hinder the supplementary
model from accepting enough important hyperparameters. For this reason, a z-score threshold was
chosen and calibrated such that reasonable minimal partition sizes were consistently being formed.
After building the set of minimal partitions M, they are grouped to maximize the sum of impor-
tance. This grouping is done by comparing all possible combinations. This can be formulated and
solved as an optimisation problem, but a brute-force approach was chosen for its simplicity. Due to
the low amount of unconditional, numerical hyperparameters of the models tested, the expensive
runtime of this approach is negligible. The final supplementary configuration space is then gener-
ated, which allows for the entire supplementary model to be initialised. As previously discussed,
some versions initialise the broad model with a partition of the configuration space as well. For this
reason, only once the hyperparameters of the supplementary model have been chosen can some
versions set a broad model. The principle behind the ensemble idea requires all hyperparameters
unseen by the supplementary model to be covered by the broad model. This creates an issue if
hyperparameters are conditional on ones in the other space. To create a consistent configuration
space for the broad model, some hyperparameters from the other model are included to satisfy any
conditional statements. We called the broad configuration space mostly disjoint in this case. Table
5.1 shows the implemented versions for which this is the case.

Once the models have been initialised, training and predictions are possible. These implementa-
tions are included in the child models of the abstract combined model. Many implementations
train the broad model before the supplementary model. This is important because the supplemen-
tary model requires a prediction from the broad model to be trained. If the model is trained after
the supplementary model, the order must be reversed if the configuration space has not been cal-
culated yet. After all, the broad model can not predict before being initialised. Data splitting is
implemented by the model version DMS-v4. In this case, the training data examples are randomly
split in half. The broad model is trained on one half while the supplementary model is trained on
the second half. Training the broad model precedes generating predictions on the unseen half for
the supplementary model.

Different methods to produce a final prediction introduced the most variability among versions.
Different settings define if or how the output of the broad model is transformed. Furthermore, the
option of calculating a weighted aggregation of the model outputs was implemented.

14
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Version Encoding L];)ss Function Broad O.ut'put Transform
road Space Training Order
MS-vi log Encoding Complelje/éoverage Supé\llgnfe}:tzf; first
MS-v1.5 log Encoding Complelfe/éoverage 1]\311(‘)0;?({11 E}Egs;’f
MS-v2 log Encoding Complei/éoverage Ranéiz;agrs:rm
MS-v3 log Encoding Complelje/éoverage = Varéjé:g Ff[;z?Sform
DMS-vl log Encoding Mostgg?sjoint Supli\IT:n?e}Illatgl%; first
DMS-v1.5 log Encoding MostE{DAisjoint 1\BT1(‘)051221‘l E}E‘gte
DMS-v15.1 | Mixed Encoding —r— tg gAisjoint log-N Ogrr(‘f: dTEfrIS‘tSform !
DMS-v1.5.2 | Mixed Encoding Mos tg] g?sjoint log-NoEr;;z;l dT]fr;r;fform 2
DMS-v4 log Encoding MostEé)Aisjoint 1]\311(‘)0(;({11 E}Egs;f
WA-v1 log Encoding Complztl:e/[(silca)verage Sup}lo\lI:rr?;igf; first
WAL log Encoding Ci?;iIZ?eNCL;IeJrO;gSe Sup}l)\llgnfj;f}c{;f; first
DWA-v15 log Encoding Most11{}1/\4 Sib;joint 11\31;)022 aff;fs;te

Table 5.1: Table of the relevant combined model versions and the distinguishing settings of each one

The first transformations of broad model outputs tested if the format of the output was important
for the performance of the model. Three options were tested for the supplementary input given a
mean Jipyoad and variance o2, ;:

e No Transform: [}ibroadr Ugroad]

. 2 2
* Range Transform: [.ubroad + Oproads Hbroad — Ubroad]

¢ No Variance Transform: pp0aq

These rudimentary transformations tested if the format of the broad output has any major effect
on performance. Once training data encodings were explored, a second reason for transformations
became apparent. If the models use different data encodings, transforming the output from the
broad model to fit the encoding of the supplementary model may increase accuracy. To achieve
different encodings, each model is assigned a run history encoder. This encodes the target feature
of the training data before training. The values stored in the broad model encoder are then used
to reverse the log scaling. The formula for the mean and variance of a log-normal distribution,
as seen in Equation 4.6 and Equation 4.7, was used to derive a reversal calculation of the scaling,
which resulted in the following transformations:

2
* log-Normal Transform 1: [(exp <ﬂbroad + Ubrﬁ’m) - (Ymax — ]/min)) + Ymin,

o2 2
((exp (O-lzroad) - 1) : (eXP (Vbroad + brzom> > : (ymax - ymin)z)}
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2
Tbr

¢ log-Normal Transform 2: [(exp <l4broad + 2"‘"‘“‘) - (Ymax — ymin)) + Ymin,

o2 2
\l ((exp ((Tgroad) - 1) ’ (exp (‘ubroad + brzoad) ) ’ (ymax - ]/min)2>]

The Ymin and Ymax refer to the minimum and maximum performance values of the current collec-
tion of training examples. These are gathered from the encoder object and are slightly modified as
done during the log-scale encoding process.

For both training and prediction, the supplementary model only receives the transformed output of
the broad model. Finally, a version was implemented that includes a weighted aggregation of the
two predictions. This was done according to the paper by Goel et al. [Goe+07]. The weights of each
model are gathered at every configuration space calculation. After the models have been set, they
are tested using cross-validation. To keep runtime low, leave p out validation was chosen instead
of leave one out. Given parameters # < 1 and B < 0, the average errors of the supplementary
model Esypp, broad model Ey,y,q, and both models E,yg are used to calculate weights as seen in
Equation 5.2.

w*
w;odel = (Emodel ta- Ean )ﬁ, Wmodel = Ldil (5.2)
Zmodel Wiodel
The parameters were set as constants « = 0.05 and 8 = —1 as per Goel et al. [Goe+07]. Once weight

calculation was implemented, a representative error function was to be selected. The paper used
RMSE as an error function, which was included as an option for the cross-validation calculation.
However, RMSE only accounts for the predicted mean and doesn’t take the uncertainty estimation
of the surrogate model into account. For this reason, GNLLL was added for cross-validation, which
takes both mean y and variance o2 seen in Equation 5.3.

1 2y, W=n)?
L= 5 (log(27to*) + 2 ) (5.3)
It allows for a proper evaluation of the entire predicted normal distribution. However, this loss
function can result in negative values, which are not compatible with the weight calculations that
depend on the errors being larger than 0. The solution was to set a new lower threshold and
implement a safety measure if that lower threshold was crossed. Through testing, we found that
the model rarely had an average prediction below —1, so we set —1 as the new lower bound to
be subtracted from all errors. If the lowest average error of one of the models is lower than this,
that value becomes the new threshold, which is subtracted from both errors. After calculation, the
model weights are applied during every prediction. As the weight calculation is connected with the
configuration space calculation, one can set the model to recalculate these weights once a sample
count milestone has been reached. The versions that use weighted aggregation are designated with
"WA" in their name.

Finally, a control for the combined model was included that tested the performance of the supple-
mentary model alone. This was done by feeding the supplementary model with zeroes in place of
the output of the broad model. This allowed the stand-alone performance of the supplementary
model to be tested.

5.3 Conformal Quantile Regressors (CQRs)

CQR was the second surrogate model added to the SMAC library. The integration into the library
was based on the work done by Salinas et al. [Sal+23]. The model allows one to define how many
quantile regressors are to be used with a default of 10 for the conformal HPO method. Besides an
extra quantile regressor that simply predicts a mean, all quantiles are evenly distributed in (0,1).
During training the configuration data is split in half to build a training and calibration set, used
for all internal regressors. Fitting and calibration are always done when the surrogate model is
trained.
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Predictions were implemented slightly unconventionally for SMAC. When predicting, a single
quantile must be specified, which dictates from which regressor the prediction will originate. This
is in contrast to the surrogate models that take no extra arguments besides the input configurations
and output means and variances. For this reason, some slight changes to function definitions were
required, along with a new implementation of the Thompson Sampling acquisition function. When
the acquisition function calls for a prediction, it chooses a quantile regressor at random, besides the
mean predicting regressor, and returns the prediction of that regressor for a given configuration.
Outside of the acquisition function, SMAC calls upon the surrogate model when looking for the
previously tested configuration with the best predicted mean. This is done in preparation for the
maximisation process, so the conformal surrogate model must support this behaviour. The extra
regressor contained in the list of models is the solution to this problem.

The quantile regressors chosen were RFs trained using the quantile loss function. This was done
as the RF has been an established surrogate model for HPO. For this reason, the components of the
SMAC HPO facade were kept, including the log scale encoding.

5.4 Testing Infrastructure

Both direct surrogate model tests and optimisation tests were implemented. Before optimisation
tests evaluated the overall performance of the surrogate models in BO, the surrogate models were
tested directly. This was done with a surrogate tester object that allows the user to define a test
for any SMAC surrogate model. These tests exclusively evaluate predictions on a test set after
training. Initialisation includes a list of surrogate models, a target function to test the surrogate
models, the amount of training and validation data points, and a SMAC initial design generator.
For an arbitrary iteration count, all included surrogate models are trained on the training data
points and tested on the validation data points, which are both gathered from the target function
using the initial design generator. The RMSE, GNLLL, maximum RMSE error, and correlation were
collected when comparing the predicted values to the true values [Goe+07]. After collecting the
values, the next iteration begins with the next seed. Following the last iteration, all metrics of the
different iterations and surrogate models are output in result files.

For the optimisation test, facades were defined to be able to run a BO around the surrogate model.
SMAC offers a facade structure in which all the necessary components for a run are defined. In-
cluded are the surrogate model, acquisition function, encoder, and many others. To run and test
our new surrogate models and their many versions, these facades were implemented. Further-
more, for relevant tests, a consistent environment for different surrogate models was required.
For example, before any HPO run begins, a collection of initial configuration tests are conducted.
The configurations are randomly chosen, thus, this creates unnecessary random variables when
comparing surrogate model performance. Instead, we chose to have a consistent group of initial
configurations for all surrogate models during testing. A new SMAC facade that generates these
initial configurations was required. It receives the intended final trial amount and runs the correct
amount of initial configurations. The results were then stored in run history JSON files. These were
then combined using custom scripts to accumulate to large run history files. This also allowed for
the run history from any facade to be used as initial configuration data.

Once the facades containing the custom surrogate models receive these initial configurations, they
directly begin with the BO. However, importing external initial configurations was not directly
supported, so a workaround was implemented. In essence, SMAC allows for external run histories
to be used. However, this is not easily achieved with different components of a facade that must be
changed to accept them. To accomplish this, a subclass generator adds the necessary adjustments
to an arbitrary facade. This avoided the alternative in which each facade would require a sub-class
to be defined in which all components are correctly adjusted to accept the external run history.
Equipped with the subclass generator, any facade could be forced to use an arbitrary run history
for its initial configurations.

Using the customisable initial configurations, surrogate models were evaluated and compared with
one another. The actual runs were executed on the High-Performance Computing (HPC) cluster
CLAIX. To start the SMAC runs efficiently, jobs were started in batches using zsh shell scripts.
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A config.json file contains the version names, facades, and any other important information de-
scribing what jobs are to be started. A shell script then reads the file and starts the jobs according
to the settings. Our main.py accepts a variety of arguments, allowing for a nearly complete cus-
tomised definition of the intended behaviour for a given job. Included amongst the arguments are
the facade name, surrogate model version, a boolean to dictate the use of initial configurations,
the dataset and model to be used, the number of workers, and the seed. This allows for the zsh
script to easily designate arguments with which a job starts. Following execution, jobs output their
results in JSON files, which were later transferred to be analysed and assessed.
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Chapter 6

Experiments

Experimentation is the key to determining the performance and potential success of the surrogate
models developed in this work. The computational cost must always be taken into account when
conducting any experiments. To test the number of versions developed, it was not realistic to
always test using the true use case. Training a large amount of DL-based forecasters was reserved
for the end to compare the best-performing versions.

Testing began with the surrogate models alone. The aim of testing the surrogate models directly
was to use the results to compare the accuracy of different versions before further testing. This
was done using the Rosenbrock function with 20 hyperparameters so that a large amount of data
was collectable. This helped minimise the influence of randomness when comparing the results
between models. The testing also helped find any potential errors in the implementation and in-
dicated the viability of the versions. Direct testing included training and testing the surrogate
models on the Rosenbrock function. The performance of the resulting models was evaluated with
RMSE, maximum RMSE error, correlation, and GNLLL. Work by Goel et al. [Goe+07] was used as
a guide for the metric selection. The GNLLL was added as well to take predicted model variance
into account. While loss functions and maximum error are common metrics for model accuracy,
correlation can be useful when evaluating models specifically for BO. As already discussed, max-
imizers and acquisition functions are relied upon to pick the next configuration to run. If a high
correlation with the true values exists, this might transfer over to the acquisition function values.
Furthermore, it is important to recognize that, in essence, only the differences between acquisition
function values are important when deciding on the next configuration. If the model predictions
can produce acquisition function values that properly represent the relative differences between
configurations, then this is a better signifier of final performance than a simple error function. The
correlation might be an indicator for such a property, but the type of acquisition function used can
easily distort any connection between acquisition value correlation and prediction correlation. This
makes it extra difficult to compare functions, such as Expected Improvement, that do not have a
real-world value. Therefore, these metrics can not definitively classify a single surrogate model as
more performant than another during optimisation. However, they do offer a good approximate
guideline for making comparisons between versions, especially since differences between them can
be so small. Note that the conformal HPO method could not be included in the test as it does not
work with a single prediction. The surrogate model includes many quantile regressors, of which
only one predicts a mean. This mean predictor is not subject to any conformal methods, is only
included for compatibility with SMAC, and isn’t involved with the main maximisation process.
Once tests included a sequential optimisation, the conformal surrogate model and its acquisition
function could be tested.

In general, these optimisation test results were more expressive for all surrogate models as they
tested performance in actual optimisation. We began with optimising the Rosenbrock function
with 15 hyperparameters in which the value was minimised. Each instance received the same
750 initial configurations that were previously collected. Every surrogate model version tested,
including the control for the combined model, was run multiple times with different seeds, and
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each final incumbent was recorded. Comparison between surrogate models using this method
used an eCDF plot to compare the distribution of best Rosenbrock values found.

Testing the optimisation on DL forecasters required actual data for training and evaluation. This
data had to reflect the energy consumption data typically found in the real world and had to be
large enough to train complex models. The ETDataset [Zho+21] was chosen due to its fulfilment
of these conditions. It includes the oil temperature and 6 other features regarding the load on
transformers in China. This reflects the data an energy supplier may already collect, which spans
two years. The four sets included in the collection, ETTh1, ETTh2, ETTm1, and ETTm2, span the
entire two years. ETTh1 and ETTh2 are two sets of hourly measurements, and ETTm1 and ETTm?2
are sets containing measurements at 15-minute intervals.

Finally, two rounds of forecaster optimisations were done. The first included a larger set of ini-
tial configurations collected from some initial configurations and other optimisations. These sets
ranged from 533 to 1000 configurations and included the RNN and LSTM models trained on the
ETThl and ETTm1 data. These larger sets were chosen as some methods rely on splitting the train-
ing data. This splitting could have meant that the method only begins to outperform previous
methods at higher initial configuration counts. It is also important to test with a low initial config-
uration, as this might have benefitted other methods and be representative of a specific use case.
For very expensive target functions, one might not be able to afford many initial configurations,
for example. These tests were only conducted using the RNN model on the ETThl and ETTm1
data. The number of initial configurations stayed consistent at 156 configurations. As some runs
ended up optimising for more configurations due to differences in surrogate model training and
target function execution, a maximum trial number was set during analysis. This meant that for a
given context, such as training an RNN on the ETTh1 data with seed 0, only as many trials were
considered as the run with the least amount of trials.
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Figure 7.1: Boxplots of 400 experiments measuring RMSE, Maximum Error, GNLLL, and Correlation for
SMAC’s RF, MS-vl, MS-v1.5, MS-v2, MS-v3, and DMS-v1 trained and validated on 600 points randomly
sampled from the Rosenbrock Function

The results of the surrogate model accuracy tests are found in Figures 7.1 and 7.2. The results
showed that RF performed best compared to the tested combined model versions. While some
versions came close to matching the RF in some metrics, no version could consistently stay com-
petitive. The test also revealed specifics about the setting choices of the combined model. For
example, the simple broad model output transformation made little to no difference in the model
performance. Furthermore, the difference in training order showed an influence in some metrics
with a slightly higher GNLLL in the version that uses a broad model trained on fewer configu-
rations to train the supplementary model. Interestingly, if the broad configuration space avoids
the hyperparameters of the supplementary model, it has a slightly higher correlation but matches
MS-v1l and MS-v2 in all other metrics. MS-v3 did not receive the variance from the output of the
broad model and has a lower GNLLL than the others while matching them in the other metrics.
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Figure 7.2: Boxplots of 400 experiments measuring RMSE, Maximum Error, GNLLL, and Correlation for
SMAC’s RF, WA-v1l, WA-v1.1, and DWA-v1.5 trained and validated on 600 points randomly sampled from
the Rosenbrock Function

The model accuracy of the weighted aggregation was found to be closer to the RF, as expected.
However, a very slight improvement in some metrics could be observed in contrast to the single-
output combined models. While the RF performed better than the weighted aggregation models
in GNLLL, no difference was found in the maximum RMSE, and the aggregation models proved
to have a slight advantage in RMSE. The aggregation models also had the upper hand in corre-
lation as long as their broad model received all hyperparameters. The predictions of the model
with a mostly disjoint broad configuration space were less correlated to the true values compared
to the predictions of the other aggregation-based models. Only a couple of differences could be
observed among the different aggregation versions. The last difference amongst the tested models
was the impact of using GNLLL for cross-validation, where WA-v1.1 had a slight advantage in the
measured GNLLL over its peers.

Version Average Incumbent Value
DMS-v4 425.99
Conformal 4453.32

DMS control 5711.49
DMS-v1.5.1 10487.37
DMS-v1.5.2 10509.22

WA-v1 13680.47
DMS-v1.5 18977.47

MS-v1 21205.46

SMAC RF 22408.09

Table 7.1: Incumbent values for different versions.
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Figure 7.3: eCDF plot of the lowest Rosenbrock function values found during optimisation

Based on the experience of the surrogate tests, a select number of models were chosen to participate
in tests using the Rosenbrock function. In Figure 7.3, the eCDF plot can be found with the most
important model versions!. These runs included the most variety in versions as this was relatively
computationally inexpensive due to the Rosenbrock function and still indicative of how the models
perform during an optimisation. This was also the first test the conformal method participated in,
as it relies on a new acquisition function. One can see that using the default RF with SMAC led to
various optimisation results. The RF outperformed many developed models in some percentiles.
However, there were also percentiles in which it was the worst. MS-v1 showed a similarly high
variety in resulting Rosenbrock values, with very few low values found compared to the others. Its
average lowest Rosenbrock function value was very similar to that of the RF. The average Rosen-
brock values found by each version are listed in Table 7.1. Versions that performed well were the
conformal method and DMS-v4. These had much less variance between runs and an overall lower
average value, with DMS-v4 sporting the lowest average.

Parallel to this, tests were done on actual forecaster optimisations, beginning with optimising an
RNN using many initial configurations. When faced with the ETTh1 dataset, only MS-v1 and the
standard RF with SMAC found new incumbents at similar rates and error scores. The conformal
method and SMAC with DMS-v1.5 could not find any new incumbents. When viewing the model
optimisation with the ETTm]1 data, it is clear that MS-v1 performed better than any other method.
While the RF could only lead to two unseen incumbents, the conformal method and the DMS-v1.5
with SMAC led to more success. The average SMAPE of the incumbents can be found in Table
7.4a%.

To test versions on fewer initial configurations, the standard RNN model was trained on the
datasets ETTh1 and ETTm1. The results can be seen in Figure 7.5. When models were forecast-
ing ETTh1, the best results came when SMAC used the standard RF. As one can tell, DMS-v4 did
fairly well compared to other new models but did not come close to matching the consistency of
the RF. When the forecasting models were trained and tested on ETTh1, the RF did not keep its ad-
vantage. In these cases, it was the RF that could not find new incumbents. This is likely due to the
incumbent of the initial configurations, which resulted in a low SMAPE. However, this difficulty

1See Figure A.2 for the complete eCDF plot with all versions and the control
2See Figure A.3 for the results of the optimisation of LSTM models on a high amount of configurations
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Figure 7.5: eCDF plots and average SMAPE values for RNN optimisations using different surrogate models
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was overcome by DMS-v1.5, which found better configurations in most runs. DMS-v4 came in sec-
ond once more, finding incumbents 2 out of 5 times compared to the other new surrogate models.
Overall, the combined models seemed to perform well in optimising models for the ETTm1 data,
while the RF performed well when the ETTh1 was used.

Hyperparameter Importance
Optimizer Class 0.0785
Optimizer Learning Rate 0.0776
Training Output Length 0.0483
Learning Rate Scheduler Class 0.0246
Dropout 0.0108
Batch Size 0.0096
Hidden Dimension 0.0086
Input Chunk Length 0.0029
Loss Function 0.0013
Number of RNN Layers 0.0007
Validation Epoch Period 0.0003

Table 7.2: Average importance of each hyperparameter collected from 2000 configurations per model and
data pair. The models considered were RNN and LSTM, trained on ETTh1 and ETTh2.
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Figure 7.6: Heatmap of the average interactions between Hyperparameters of RNN and LSTM evaluated on
ETThl and ETTm1

Finally, the configuration performance data helped draw conclusions about the window size hy-
perparameter, given all the optimisation tests. The average top 11 most important hyperparam-
eters calculated by fANOVA can be seen in Table 7.2 The window size alone was not recognised
by fANOVA as a very important hyperparameter placed in 8th when viewing the importance met-
rics of the unconditional hyperparameters. However, when viewing the complete configuration
space of 35 hyperparameters, it had a bigger influence than the many conditionals, which were
only assigned when the correct learning rate scheduler was chosen.
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Looking at the interaction matrix of the LSTM trained on ETTm1 in Figure 7.6, one can learn about
the interactions that took place. The interaction matrix showed that the window size did not seem
to have any major interactions with many hyperparameters compared to other interactions. When
viewing the interactions that it did have, it is easy to see that the optimiser class and the output
length during training had the strongest relationship with the window size. This meant that it
was most important to examine the window size with these hyperparameters when searching for
specific influences on performance.

Using the many configurations gathered, the direct effect that the window size had on perfor-
mance can be analysed. In Figure 7.7, one can recognise that the window size did not seem to have
a monotonic effect on the performance metric. This means one could not simply pick a large or
small window to maximise results. Recognising that the results were gathered from optimisation
runs is also important. This may have caused sampling biases when a given window size range
was considered promising. This would cause that range to be sampled more, increasing the chance
of finding well-performing configurations with that window size. Viewing the density of the spe-
cific regions indicates the sampling frequency of the optimisation runs. While many data points
were spread relatively evenly across the window size scale, many configurations have been sam-
pled with a window size between 175 and 250. This indicates that surrogate models consistently
recognised the potential for new incumbents in this region. In general, the complex relationship
between window size and performance can also imply that the combination with other hyperpa-
rameters has a significant effect on the performance of a given configuration.
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Figure 7.7: Plots of the window size to cost relationships of accumulated from models trained on ETTh1 and
ETTm1

In Figure 7.8, the relationships between the window size and other hyperparameters can be exam-
ined. The cumulative data indicated that the window size had the strongest relationships with the
hidden dimension count, the optimiser learning rate, and the training output length. This coin-
cides with the findings of the interaction heatmap in Figure 7.6. One can find low-cost clustering
in the scatter plots with the window size. This indicates that a well-performing model would re-
sult only once both hyperparameters were set in accordance with one another. For example, while
only comparing performance with window size, one might conclude that a low window size is
just as viable as a larger size for training models on the ETTh1 data. However, when viewing the
interactions with other hyperparameters, it is clear that the window size works best with other
hyperparameters when it is close to its upper limit.
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Chapter 8

Conclusion

In this work, we looked at the window size as an influential hyperparameter to see how it af-
fects DL-based forecasters. The popular fANOVA library was used for hyperparameter analysis in
which we observed how the importance and interactions are distributed amongst the configuration
space of forecasters. It was deduced that the influence of the window size alone is not the strongest
compared to other hyperparameters, but it is still important enough to be carefully considered
when implementing a forecaster. Its interactions with other select hyperparameters illuminate the
complex nature of the hyperparameter and the need for non-trivial selection methods. Using our
findings, we concluded that potential exists to focus the optimisation process on the window size
and important, unconditional, numerical hyperparameters using a GP as a surrogate model. These
hyperparameters proved to have relatively few interactions, which indicated that they did not de-
pend heavily on each other’s values. It was concluded that a good selection could be made if
the window size was only separately optimised from hyperparameters with which it had minimal
interactions. To cover other, less important hyperparameters, an RF was used to supply the GP
with an assessment of the rest of the configuration. This combined surrogate model idea spawned
many variations, which helped tweak small settings to result in a well-performing optimisation
process. The integration took place in the already popular BO implementation SMAC, which also
helped make systematic comparisons between new surrogate models and the existing sole RF.
Furthermore, a new conformal surrogate model based on the ideas of Salinas et al. in [Sal+23] was
integrated into SMAC for testing. While the conformal optimisation methods explored were not
sufficient enough to display any major improvements over existing methods, it was found that the
combined surrogate model was able to match or beat RF in some cases. This showed that the con-
cept of a separated hyperparameter space for the surrogate models in optimisers has promise to
assist in finding better hyperparameters. Regarding the analysis of hyperparameters, it was found
that some weak interactions do exist between the window size and other hyperparameters. Thus,
no clear window size range containing the most promising sizes could be concluded. Addition-
ally, due to the high variance in performance amongst all window sizes observed, it is essential to
consider the other hyperparameters as well.
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Chapter 9

Limitations and Future Work

Open questions and ideas remain to extend and improve the results presented in this work. For
example, when setting the configuration space, a window size range of (0,300) was assumed to
suffice. In hindsight, a much larger range would allow conclusions to be drawn about the exis-
tence of an upper bound at which model performance falls. Furthermore, due to uneven sampling
caused by the optimisation methods used to collect data, some uncertainty exists surrounding the
conclusions gained from the scatter plots. A density-based normalisation to remove any sampling
biases would be helpful. More research into the efficacy of the Rosenbrock function to evaluate
HPO methods should be conducted, as a large discrepancy could be found between the tested
performance on the function and the actual performance on forecaster optimisation.

When viewing the developed HPO methods, an expansion of version testing is, at first glance, the
most reasonable due to differences found between performance on the Rosenbrock function and
actual forecasters. This would allow for more educated guesses as to which settings might profit
from being combined with newer versions. Regarding the combined model specifically, one could
explore more approaches to integrate the combined method into BO. As mentioned in [Sal+23],
GPs outperform other surrogate models during optimisation with very few observations. One
could postulate that using a combined method instead of a random model to generate initial con-
figurations would give the optimisation process a head start. Once enough data has been collected,
a standard RF can be used as a surrogate model as normal. Lastly, calculating the configuration
space partition for the supplementary model could be done with an optimiser instead. Finding the
best partition was solved using brute force; however, with a higher number of numerical hyperpa-
rameters considered, using a solver may be beneficial.

Regarding the conformal methods implemented in SMAC, one must recognise a few areas of im-
provement. A different acquisition function could be implemented rather than using a rudimen-
tary method like Thompson Sampling. Using the quantile regression, one could adapt Expected
Improvement to accept an approximated distribution function. One could also consider using the
existing RF implementation and combine it with conformal methods to adjust the variance of the
model using a calibration set. Finally, the conformal surrogate model could implement TCP instead
of ICP. Currently, the surrogate model uses data splitting to produce a training and calibration set.
This is computationally very efficient; however, it reduced the size of the training set. Alternatively,
TCP ensures the same functionality with the complete data being used for training. This comes at a
cost of computation, which becomes more expensive the more data samples you have. This would
offer a conformal alternative for cases in which data is very sparse due to the expensive nature of
the target function.
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Figure A.1: Visualisation of the class hierarchy of different model versions
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Loss Function

Broad Output Transform

Training Data Split

Version Encoding Broad Space Aggregate Output Training Order
MS-vi log Encoding Complelje/éoverage N 5\1 Xg(g;s;agteion SupplIe\In(ieSrﬁ{al’rcy first
MS-v1.5 log Encoding Complelfe/éoverage N ci\l Xg(grlggagteion Bllj)(;)ailﬁitst
MS-v2 log Encoding Complelje/éoverage RNa(r)1 ieggrf;fg;? Blli(;jlﬁitst
MS-v3 log Encoding Complei/éoverage = Xlirizg;iegjgziorm BI;(I)Z(?%itst
DMS-vl log Encoding Mos’i;I /[)l?sjoint N g\l Xg(gl:sgagteion Supplle\In(ieSrﬁlailtry first
DMS-v1.5 log Encoding Mostgq)}ixsjoint N(l)\T Xg(;?:gf’:ifon Bl;l)c;)afl,}ﬁ;tst
DMS-v15.1 | Mixed Encoding | oo Diormi—| > No Aggregation | Broad frs
DMS-v152 | Mixed Encoding | oo Do~ No Aggregation | Broad fs
DMS-v4 log Encoding MosthgAixsjoint N ci\l Xg(grlggagteion %?‘éi(c)l Sfﬁ‘lsl’:
WA-vI log Encoding Complgti/[(sjlcz)verage Weig}ileodcjil;g;ge(;ation Supplle\ln(iesrllbtg,;y first
WAL log Encoding C%ﬁ;iZi%;glfge Weig}{feodczggrgezation Supplle\ﬁesrﬁ{aliy first
DWA-~v15 log Encoding Mos’cll{}llvI Silzjoint Weigli\tleodczggliegation Bllj)(;csirﬁi’tst

Table A.1: Table of the different combined model versions and the distinguishing settings of each.




Hyperparameter Type Range/Choices Default
Value
General Parameters
input_chunk_length Uniform Integer | [10, 300] 20
model_type Categorical {RNN, LSTM, GRU} LSTM
hidden_dim Uniform Integer | [16, 86] 32
n_rnn_layers Uniform Integer | [2, 5] 2
dropout Uniform Float [0.0, 0.5] 0.2
batch_size Uniform Integer | [16, 128] 32
loss_fn Categorical {mse, 11loss, huber, smoothllloss} mse
training_output_length Uniform Integer | [1, 400] 80
optimizer_cls Categorical {Adagrad, Adam, AdamW, Adam
LBFGS, RMSprop, SGD}
optimizer_lr Uniform Float [1e-5, 1e-1] le-3
Ir_scheduler_cls Categorical {None, CosineAnnealingWarmRestarts | None
ExponentialLR, PolynomialLR,
ReduceLROnPlateau, StepLR,
CyclicLR, OneCycleLR, LinearLR
CosineAnnealingLR, ConstantLR}
nr_epochs_val_period Uniform Integer | [1, 10] 1
StepLR Parameters
step_size Uniform Integer | [1, 10] 5
gamma Uniform Float [0.1, 0.9] 0.5
ConstantLR Parameters
factor Uniform Float [0.1, 0.9] 0.5
total_iters Uniform Integer | [1, 10] 5
LinearLR Parameters
start_factor Uniform Float [0.1,1.0] 1.0
end_factor Uniform Float [0.01, 1.0] 0.1
total_iters_linear Uniform Integer | [1, 10] 5
ExponentialLR Parameters
gamma_exp Uniform Float [0.8,0.99] 09
PolynomialLR Parameters
power Uniform Float [0.5,2.0] 1.0
total_iters_poly Uniform Integer | [1, 10] 5
CosineAnnealingLR
Parameters
t_max Uniform Integer | [1, 10] 5
eta_min Uniform Float [0.0, 0.1] 0.0
CosineAnnealingWarmRestarts
Parameters
t 0 Uniform Integer | [1, 10] 5
t_mult Uniform Integer | [1, 2] 1
eta_min_warm Uniform Float [0.0,0.1] 0.0
ReduceLROnPlateau
Parameters
factor_rop Uniform Float [0.1,0.9] 0.5
patience_rop Uniform Integer | [1, 10] 3
mode_rop Categorical {min, max} min
CyclicLR Parameters
base_Ir_cyc Uniform Float [1e-5, 1e-3] le-4
max_lIr Uniform Float [1e-3, 1e-1] le-2
gamma_cyc Uniform Float [0.1,0.9] 0.5
OneCycleLR Parameters
total_steps_oc Uniform Integer | [100, 1000] 500
pct_start_oc Uniform Float [0.1,0.5] 0.3

Table A.2: Table of all hyperparameters and their according bounds and values
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