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Abstract

Background: The configuration process for feature-oriented product lines is well-studied
for Boolean and numerical feature configurations. However, many engineering domains
face the challenge of optimising graph structures to represent product configurations effec-

tively.

Research Objective: Optimising complex graph structures to meet multiple objectives un-
der various constraints demands a thorough understanding of the graph configuration space
and the properties linked to each configured product. This thesis investigates two machine

learning-based strategies to facilitate efficient exploration of graph configurations.

Method: Using two engineering case studies (design of HVAC systems and traffic net-
works), this thesis first evaluates the applicability of established methods from feature-
oriented software product line engineering to graph configuration problems. After initial
promising results in learning graph configuration spaces, experiments were conducted with
metaheuristics —including local search, simulated annealing, and genetic algorithms— to

explore and optimise within these spaces.

Results: The results demonstrate that graph embedding-based approaches lead to data-
efficient learning. Additionally, learning-supported metaheuristics enable efficient explo-
ration of graph configuration spaces and optimisation within those spaces, significantly re-

ducing the need for costly evaluations of every graph configuration.

Conclusion: This work demonstrates that, with appropriate adaptations, strategies from
software product line engineering can effectively support metaheuristic graph configuration
space exploration. Future work is necessary to (i) fully leverage the potential of learning
graph configuration spaces by improving sampling, learning, and evaluation strategies for
enhanced training efficiency, prediction accuracy, and interpretability, and (ii) extend these

methods to tasks such as dynamic configuration, constraint mining, and evolution.
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Chapter 1

Introduction



1.1 Motivation

In various engineering fields, we encounter the problem of configuring a system. Config-
urations define systems and indirectly determine their properties. Engineers explore large
spaces of possible configurations while simultaneously considering various constraints and
numerous optimisation objectives to find a suitable configuration. Configuring a Linux ker-
nel [4], optimising a building ventilation system [5], planning a public transport network [6];
all these problems involve the configuration of a system with an incomprehensibly large
configuration space. Choosing the wrong configurations can lead to products with unde-
sirable properties or products that break the system’s constraints. A common goal is not
to identify the best configuration as fast as possible, but rather to find a useful set of very
good configurations in a given time for further analysis and elaboration by human engi-
neers. Thus, there is a need for techniques (and corresponding tool support) that help users
handle the complexity of the configuration process and narrow it down to humanly com-

prehensible sets of solutions to explore in more detail.

A common approach in software product line engineering (SPLE) is to represent config-
uration choices and variability among products within a family of software-intensive sys-
tems. In the configuration process, we make, for instance, Boolean or numerical configuration
decisions within the options and constraints defined in the feature model to obtain a prod-
uct configuration describing a particular product. Pereira et al. conducted a systematic
literature review on learning configuration spaces and provide a taxonomy of state-of-the-
art strategies and methods applied to software configuration spaces [1]. The considered
techniques interpret configurations as a set of Boolean decisions and numerical parameters,

which can be represented as a Euclidean vector.

However, in several engineering fields, it is more amenable to the particular domain
to use configurations (in the wider sense) in structural or topological form. Examples of
such problems are arranging the components of a software architecture to improve non-
functional properties of the software system, sequencing the processing steps in a manu-
facturing plant such that costs and production time are minimised, or arranging rooms in
a house to minimise energy consumption. In these graph configuration problems, we have

to find a graph that represents (the configuration of) the product with the best resulting
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properties while simultaneously considering various constraints. This potentially requires
systematic exploration of 10,000s of graphs to narrow down the configuration space of the
product to a humanly comprehensible number of candidates. I envision a usage scenario
where such an identified small set of “best” candidates can be input to a review by human

experts, followed by further configuration or design steps.

In industrial practice and when dealing with problems of realistic scale, the optimisa-
tion of graph configurations is often done in an iterative and heuristic fashion, thus only
exploring a small part of the configuration space that is only as good as the knowledge of
the expert conducting the search. This is due to the complexity and arbitrary structure of
graphs that raise a variety of challenges when it comes to exploration, including scalabil-
ity [7], feature engineering [8], heterogeneity [9], and interpretability [10]. Hence, there is a

need for advanced exploration tools to efficiently explore large graph configuration spaces.

Furthermore, solely focusing on finding the optimal solution is often short-sighted as
(i) not all data/simulations are error-free, (ii) many models are often simplified versions of
the real problem which leave out details that are difficult to express, and (iii) some pref-
erences might not have been elucidated by the decision-maker — thus an optimal solution
might prove inferior or impractical [11]. Therefore, I do not only want to find the best so-
lution. Instead, I need to search for a selection of k best (i.e., optimal or near-optimal) solu-
tions. These k best solutions create a smaller configuration space that is humanly assessable

for further constraints, requirements, or optimisation goals.



1.2 Scope

Within this thesis, I define and explore the approach of learning graph configuration spaces
with applications in graph configuration exploration and optimisation. In these applica-

tions, graphs and the graph space are defined by:
1. nodes and edges with their attributes and weights,
2. domain-specific constraints limiting the valid graph space, and
3. the fitness of each graph that is computationally expensive to assess.

That results in two major challenges for my approach: (1) predicting graph fitnesses that
are otherwise expensive to obtain, and (2) use these assessments to explore and optimise in

graph configuration spaces while considering the domain-specific constraints.

Below, I further explain details of both challenges, and briefly introduce related problems

and approaches to the one addressed in this thesis.

Graph Fitness Prediction

For clarification, the fitness of a graph in context of this thesis does not refer to purely topo-
logical properties such as connectivity, the number of cycles, or shortest paths. For these
problems, the literature already provides concrete algorithms (e.g., depth-first search [12]
and Dijkstra [13]) that determine those properties in specific complexities. The fitness also
does not refer to local properties within the graph that are used for node classification or link
prediction. Instead, the graph fitness in this thesis addresses complex, global, and domain-
specific properties that require expensive evaluations of graph structures, for instance the
runtime of an air conditioning in a house ventilation system in Case Study I and the average
travelling time of a car in a road network in Case Study II (both case studies are presented

in Section 3.5).

These are just two examples of a graph fitness that indicates how well a graph configu-
ration performs solving a domain-specific problem (such as connecting rooms in an energy-
efficient ventilation system or towns in an efficient road network). Both examples are in-
teresting for the research presented in this work because assessing these fitnesses requires

computationally expensive simulations that the approach of learning graph configuration
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spaces aims to replace with predictions.

Graph Exploration and Optimisation

The problem of finding good graph structures itself is combinatorial. However, in this ap-
proach, we can also have a continuous component: the node and edge attributes. This
means that the approach presented in this thesis addresses both combinatorial and mixed

problems.

Related Problems and Approaches

In the travelling salesman problem (TSP), we need to find the best path between a set of
cities so that our salesman travels the shortest distance while visiting each city exactly once
before returning to their origin city. At the first glance this problem seems relevant for this
thesis: we aim to (1) identify one graph (the salesman’s path) out of (2) a space of possible
graphs (every path in the complete graph between these cities where we visit each city
once before returning to the origin city), while we (3) optimise a global graph property (the
overall distance travelled). However, obtaining the graph fitness in this problem is so trivial
that heuristic algorithms focused on combinatorial problems are more suitable for this class

of problems [14].

Similarly, deterministic optimisation approaches such as integer linear programming
(ILP) do not apply for problems included in this work due to the fitness assessments. Al-
though we can solve some graph tasks using ILP [15], and we could model graph constraints
in context of this work as linear, I explore problem domains where we cannot calculate the

graph properties using linear functions, thus these optimisation strategies do not apply.



1.3 Structure

This section gives an overview of how I structured the body of this thesis. I start with Fig-
ure 1.1 visualising the chapters in this thesis. The black boxes in this figure show the chapter
numbers, chapters in red are focused on learning, exploration in blue, and optimisation in
green. Clouds represent concepts and techniques on which I base my work. Below, I ex-
plain this structure based on research questions (RQ) addressed in this thesis, and I close
this section with the list of submitted or published work that I conducted during the period

of registration as a PhD candidate at Trinity College in Table 1.1.

Introduction,

Motivation, &

Background Learning Software
Configuration

Spaces

Graph Neural

Learning Networks

Learning Graph

Configuration Spaces

(with GNNs)

Learning Graph
Configuration Spaces
Graph (with Embedding)

Embeddings Multi-Obijective
Optimisation

Regression
Analysis

A 4

Graph Space /
Exploration
Local with LEGCS n Graph
Searches Optimisation
/" with LEGCS
Genetic
Algorithms
7&
Discussion,
Future Work, &
Conclusion

Figure 1.1: Structure of the chapters in this thesis.

Chapter 2: Background and Related Work

After this introductory chapter, I start with the background and related work where I intro-

duce the concepts and techniques shown in the clouds in Figure 1.1.

These concepts include topics of software product line engineering and learning con-
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figuration spaces, regression analysis on graphs, metaheuristics and multi-objective opti-
misation, and related work on search-based graph optimisation, metaheuristics on graphs,

machine learning for metaheuristics, and road network optimisation.

Chapter 3: Learning Graph Configuration Spaces

In Chapter 3, I define and explore the problem of learning graph configuration spaces (LEGCS),
transforming this learning problem from Euclidean structures to graphs. This leads to the

feasibility question:

(RQ 3.1) How can we apply configuration space learning methods established for Euclidean con-

figuration spaces to graph configuration spaces?

In other words, I aim to adapt the framework proposed in [1] and “translate” it to graph
configurations to identify a combination of approaches that demonstrates feasibility of this
adaption. After proposing a pipeline, I examine the efficiency by applying this pipeline in

two case studies to answer the question:

(RQ 3.2) How does tool-supported learning of graph configuration spaces compare to a random

search approach with respect to time consumption and quality of determined graph configurations?

Chapter 4: Embedding-Based LEGCS

In Chapter 4, I propose a variation of LEGCS that replaces the prediction model based on
graph neural networks (GNN) with a two-step model based on graph embeddings and re-
gression analysis. Replacing deep learning could help us make training data-efficient pre-
dictions. First, I investigate the efficiency and limitations of this approach by observing the
influence of various embedding and learning strategies on the quality of the predictions in

the context of LEGCS to answer:

(RQ 4.1) What is the impact of graph embedding and regression algorithms on learning-based

graph space exploration in terms of prediction accuracy?

Subsequently, I compare how an embedding-based approach compares to the GNN ap-

proach I introduced in the previous chapter to answer:

(RQ 4.2) How does learning based on GNNs compare to regression techniques based on graph

embeddings with respect to accuracy of the predictions and the size of the required training set in the

7



context of learning graph configuration spaces?

Chapter 5: Graph Space Exploration with LEGCS

Chapter 5 is concerned with graph space exploration in HVAC systems (Case Study I) to
find the k graphs with the best properties while staying within a simulation budget. First, I

apply metaheuristics on graph embeddings to answer:

(RQ 5.1) How can we apply metaheuristics to find as many of the k best graphs as possible in a

configuration space using only a limited number of measurements?
Then, I apply LEGCS to the same problem with the insights gained in the previous chapter:

(RQ 5.2) How efficiently can we identify k best graphs with LEGCS using a limited number of

measurements?

Eventually, I tie metaheuristics and LEGCS together to determine whether this method
is more efficient in terms of identifying the k best graphs while staying within the simulation

budget:

(RQ 5.3) How does (1) a learning-supported metaheuristic search for the k best graphs in a graph
configuration space compare with (2) a metaheuristic search on embeddings and (3) a LEGCS search

on a limited number of measurements in terms of identified graphs?

Chapter 6: Graph Optimisation with LEGCS

In Chapter 6, I optimise traffic networks (Case Study II) with a genetic algorithm. In a con-
trolled experiment, I answer whether I can improve the optimisation outcome by applying

LEGCS to support a genetic algorithm:

(RQ 6) How does a LEGCS-supported genetic algorithm compare to a plain genetic algorithm
(without LEGCS support) when applied to a multi-objective traffic network optimisation problem

with respect to the obtained Pareto fronts?

Chapters 7 and 8: Discussion, Future Work, and Conclusions

The thesis closes with threats to validity and future work in Chapter 7 and a conclusion in

Chapter 8.
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1.4 Contributions

In this section, I summarise the contributions of my thesis, organised by chapter:
Chapter 3: Learning Graph Configuration Spaces

1. I propose a pipeline of adapted techniques from learning software configuration spaces
to demonstrate the feasibility / applicability of these techniques for learning graph con-

figuration spaces (answering RQ 3.1).

2. I report on controlled experiments that explore (1) a dataset of graph configurations
describing house ventilation systems by AC consumption with as few MATLAB Simulink
simulations as possible and (2) a dataset of graph configurations describing traffic net-
works by average travel time with as few SUMO simulations as possible. In these
experiments, I compare the pipeline proposed to answer RQ 3.1 against a random
search approach. Thus, providing further evidence of the feasibility of the approach

(answering RQ 3.2).
Chapter 4: Embedding-Based LEGCS

3. I propose a variation of LEGCS based on graph embeddings that applies regression
analysis on vectors representing graph configurations to facilitate a training-efficient

prediction model.

4. I provide an in-depth study on the impact of graph embeddings and regression tech-
niques on the prediction accuracy within learning graph configuration spaces (answer-

ing RQ 4.1).

5. I report on a controlled experiment that explores the efficiency of regression analysis
with (a) the GNN-based approach and (b) the embedding-based approach with respect

to accuracy and training data size (answering RQ 4.2).
Chapter 5: Graph Space Exploration with LEGCS

6. I propose leveraging graph embeddings to enable the use of local search for efficient

graph space exploration (answering RQ 5.1).

7. linvestigate the application of LEGCS from prediction in the previous chapter now to

exploration within a simulation budget (answering RQ 5.2).
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8. I devise a graph space exploration approach that combines the search power of meta-
heuristics with the predictive efficiency of machine learning in a case study (answering

RQ 5.3).
Chapter 6: Graph Optimisation with LEGCS

9. I propose a pipeline of supporting genetic algorithms with LEGCS to apply in a traffic

network design problem.

10. Ireport on a controlled experiment that optimises a traffic network to minimise travel-
ling time as well as the overall length of roads. In this experiment, I compare a genetic

algorithm with and without LEGCS support (answering RQ 6).
As a general practice,

11. I make all generated and measured data publicly available in an online repository to

encourage follow-up work and replicability (see Section 3.5).
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Chapter 2

Background and Related Work
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21 Software Product Line Engineering

In this section, I first outline a conceptual framework for feature-oriented software product
line engineering (SPLE). After that, I describe the challenge of learning a model represent-
ing the whole configuration space (capturing which product properties result from feature

configurations).

Corresponding to this, I introduce a graph-oriented framework for product line engi-
neering, which has a similar logical structure to its feature-oriented counterpart but uses
graphs to represent configurations. Then, analogously, in the following chapter, I describe
the challenge of learning a model of the graph-based configuration space (capturing which

product properties result from given graphs).

2.1.1 Feature-Oriented Product Line Engineering

I am mainly interested in the general principle of representing configuration choices in SPLE
and then configuring and deriving products [19, 20]. For the sake of the discussion here, I
focus on feature-oriented approaches, but I acknowledge that there are other related ap-

proaches, e.g. decision modelling [21] or other forms of variability modelling.

To structure the discussion, I summarise main concepts of feature-oriented (software)
product line engineering in the framework shown in Figure 2.1a. It covers two levels (do-
main engineering and application engineering) and three aspects (configuration, implemen-
tation, and properties). This is based on common SPLE approaches [19, 20], which often
focus on the configuration and implementation aspects, plus extensions that consider re-

sulting product properties [1, 22, 23].

Configuration. In a product line, we retrieve a feature model from product descriptions
to represent all configuration choices [24]. We use this model in the @ configuration process

to retrieve a feature configuration (or similar artefact) representing one product [25].

Implementation. Since the feature model is mapped to implementation assets, we can use
this mapping to @ derive the implementation of a particular product from a feature con-
figuration. There are many different ways that we can represent the effect of configuration
decisions in the implementation. Ideally, this product derivation is automated or at least

tool-supported.
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Product Properties. Every implementation of a product has measurable properties. Once
we have a meaningful number of implemented products and associated properties, we can
aim to @ learn a model that captures knowledge about product properties for all products.
This model can support the configuration process by estimating product properties prior to

often costly implementations and measurements [22, 23].

2.1.2 Graph-Oriented Product Line Engineering

In my adaptation to graph-oriented product lines, I keep the framework structure with a do-
main engineering level describing the whole product line, and the application engineering
level describing individual products, as well as the three aspects of configuration, imple-

mentation, and properties (see Figure 2.1b).

Configuration. Instead of a feature model representing the configuration choices, we now
have a set of graph constraints directly mapped to the domain-specific graph components
limiting the number of valid graph configurations in the graph space. We use these con-

straints to @ retrieve a graph configuration describing one product.

Implementation. Similarly to the feature-oriented approach, we can now @ derive a prod-
uct implementation from the graph configuration and the graph components and measure

the product properties.

Product Properties. We can then use these product properties to @ train a graph-based
learning model to predict product properties for all valid graph configurations in order to

support the configuration process.
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2.2 Learning Software Configuration Spaces

Configuring large systems requires understanding the space of possible configurations, such
that we can optimise the system towards several goals while simultaneously fulfilling mul-
tiple constraints. For instance, configuring the Linux kernel with more than 15,000 configu-
ration options leads to at least 21°° possible variants of the kernel [4], more candidates than
there are atoms in the known universe. Although this example is extreme and the number of
valid configurations would be reduced by constraints, it shows how the configuration space
can become incomprehensibly large. Hence, for systems of realistic size and complexity,
there is a need to systematically learn the configuration space, e.g., to make predictions on
properties of a previously-unseen configuration. Below, I give an introduction to common
practices for learning product properties from product configurations (@ in Figure 2.1a) to

aid the configuration process.

There are established practices in the process of learning software configuration spaces
[1]. These practices consist of four phases to explore the software configuration space: sam-
pling, measuring, learning, and evaluating (sometimes also referred to as the validation
phase) as shown in Figure 2.2. Below is a short description and Table 2.1 presents strategies

for each phase.

Sampling Measuring Learning Evaluating
— a - -
a H a E et

Figure 2.2: Phases of learning software configuration spaces.

1. Sampling — The sampling phase includes multiple challenges: (1) selecting a number of
valid configurations (satisfiability problem/constraint satisfaction problem [26]), and
(2) labelling a representative sample for the configuration space, so that a learning

system in the third phase can generalise.

2. Measuring — In the measuring phase, we determine non-functional properties (NFP)
of the labelled samples. There are different definitions of what a NFP actually is [27,
28]. In this work, I refer to attributes that describe the performance of a configuration

(some of them are not directly derivable from the configuration). These attributes are
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domain-dependent; for example, in the case study introduced in Section 3.5.1, I assess
the time of air condition (AC) usage per month in a house ventilation system, and in

Case Study II, I measure the average travel time for cars in the network.

. Learning — Measuring all software configurations sampled in the first phase is techni-
cally possible but cost-intensive. Hence, a machine learning system is trained in this
phase with the results of the measuring phase to predict measurements for the not-

assessed configurations in the set.

. Evaluating/Validation — Validating the results of the learning phase means evaluating
the quality of the predictions. Ideally, the prediction error and measurement effort are
low. The results of this final phase depend on the application of the exploration pro-
cess. These applications may be pure prediction, interpretability, optimisation, mining

constraints, or evolution.
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Strategy

Description

Random
sampling

Heuristics

Transfer learning

Sampling
Using a random sample to train the machine learning model. There
are various strategies and rules of thumb to determine the number
of configurations depending on the number of features.
The general motivation to use heuristics is to cover features and
their interactions, thus capturing the essence of the configuration
space with a smaller sampling size.
This strategy progressively learns interesting regions in the config-
uration space by exploiting common similarities.

Arbitrarily In some instances, domain experts choose a sample from currently
chosen sampling  available resources.
No sampling For smaller configuration spaces, it is a valid strategy to explore the
whole space and not select a sample in the space.
Measuring
Execution Configure the system accordingly, execute the system, and measure
the NFPs.
Simulation Configure the system accordingly, and measure the NFPs during a

Static analysis

simulation.
Determine the NFPs by examining code, models, or documentation.

User feedback Gather NFPs by collecting user feedback.
Synthetic analysis Combine multiple metrics and measuring methods to assess various
features.
Learning
CART regression  The classification and regression technique partitions a sample into
smaller clusters and uses regression techniques on these clusters.
Performance- This combination of sampling heuristics and step-wise linear regres-

influence models

Other learning
algorithms for
regression
Learning to rank

Transfer learning

sion selects relevant features and determines their influence on the
configuration performance.
These strategies use a set of samples to train a regression model until
the accuracy is satisfactory.

In some instances, it is useful to rank configurations instead of pre-
dicting exact numerical values.

Instead of training a machine learning model from scratch, this tech-
nique reuses already available knowledge from relevant sources.

Accuracy metrics

Interpretability
metrics
Sampling cost

Evaluating
There are plenty of accuracy metrics (e.g., the mean absolute error)
which compare the predicted values to exact measurements.
When we use transfer learning techniques, interpretability metrics
are a tool to better understand the configuration space.
One optimisation goal is to keep the sample size low because reduc-
ing measuring efforts saves resources.

Table 2.1: Strategies used in the four phases of learning software configuration spaces, ac-
cording to Pereira et al. [1].
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2.3 Regression Analysis on Graphs

In this research, I understand a whole graph as the configuration of a system and a graph
set as design options for this system. The main challenge for adapting strategies of learning
software configurations to graphs is finding a suitable learning model making efficient and

accurate predictions of NFPs.

There are plenty of graph-oriented ML approaches that focus on subgraphs and elements
of a graph. Makarov et al. calls node classification, link prediction, clustering, and graph
visualisation the “four classic machine learning problems on graphs” [29]. Zhang et al. list
more domain-specific applications of ML on graphs including modelling influence in large
social networks, traffic network forecasting, and natural language processing [30]. In all
of these applications, we use approaches that model graphs to make predictions for nodes,

links, or subgraphs. Such approaches are not relevant for my research questions.

Instead, I require approaches that consider a whole graph, can learn and use models of
sets of graphs, and can deal with properties resulting from a graph’s structure. The regres-
sion methods that are relevant to my particular kind of problem follow one of these two

paths [31, 32]:

1. Graph neural networks: Interpret the graph itself as a neural network, let the nodes
learn their neighbourhoods for a number of layers, and use global pooling to deter-

mine the result [33].

2. Network embedding: Map graphs into low-dimensional vectors (graph embedding)

and use regression analysis techniques.

In this section, I give a brief introduction to these two paths, that I further explore in case

studies in Chapters 3 and 4.

2.3.1 Graph Neural Networks

GNNSs are used for various tasks in several fields of science and engineering. Those tasks
include classifying nodes [34], subgraphs [35], or graphs [36], link predictions [37], colour
graphs [38], or in case of this work predicting non-functional properties of graphs. Zhou et

al. [33] present an overview over current practices and applications of GNNs. While I focus
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on predicting properties of graphs in an engineering context, other applications for predict-
ing non-functional properties include: predict chemical reaction products (with molecules
as graphs) in organic chemistry [39], predict protein interfaces (with proteins as graphs) in
biology [40], predict software defects in software engineering [41], or predict traffic states
(with street networks as graphs) in applied mathematics [42]. Even predicting connections,
e.g., in social networks [43] can also be interpreted as GNNs predicting non-functional prop-

erties.

The fundamental concept of GNNs is treating a graph itself as a neural network which
allows direct processing and manipulation of graph-structured data. This way, GNNs can
capture intricate relationships and dependencies among graph elements, and enable expres-

sive and context-aware learning models.

Depending on the graphs we are operating on and the task that the GNN should per-
form, we need to make various decisions during the design process. You et al. describe

important design decisions for building GNNSs in [44]:

1. Message passing, where we determine which characteristics of each node we pass on to

its neighbours.

2. Aggregation, where we calculate the feature vector of a node in the next GNN layer out

of its current feature vector and the neighbour’s messages.

3. Layer connectivity, where we define how GNN layers are interconnected. Usually, we
sequentially calculate the new feature vector of each node in every GNN layer. That
could lead to over-smoothing where the feature vectors of all nodes become too simi-
lar. Solutions here include (1) a low number of layers and expressive aggregation, for
instance, by aggregating with a deep neural network, or (2) add layers without mes-

sage passing (pre- and post-processing layers).

4. Graph manipulation, where we improve learning results by modifying the input graph
to a computational graph. Reasons for modifications include: a lack of features in
the input graph, a sparse input graph (inefficient message passing), a dense input
graph (costly message passing), and a large input graph (high computational com-
plexity). Solutions include feature augmentation, adding virtual nodes and edges,

sample neighbours while passing messages, and sampling subgraphs to compute em-
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beddings.

5. Learning objective, where we decide whether the objective is on the node, edge, or

whole-graph level.

In terms of regression, the standard method to go from here, especially for small graphs,
is global pooling [45]. Here, we pool the feature vectors of all nodes that were calculated
during the learning process of the GNN together, and calculate the regression result by,
for instance, picking the maximum/minimum/mean vector or summing these vectors to-

gether [46].

2.3.2 Embedding-Based Regression

This method involves two phases. In the first phase, we embed topological information of
graphs into vectors and, in the second, we can apply traditional regression models on those

vectors representing graphs. Below, I describe both phases individually.

Graph Embedding

In graph embedding, we map graph (or subgraph-) structures to Euclidean data structures
(vectors or matrices) that preserve structural information as well as possible [47]. Graph
embedding is applied in various graph analysis tasks including node classification, link
prediction, or clustering, and requires different kinds of embeddings for these tasks. Em-
bedding single nodes or edges is especially helpful for operations on large graphs, e.g., we
can classify nodes in a large graph by mapping nodes with similar neighbours to vectors

with close Euclidean distances, and use these node embeddings for further analysis.

In the context of this thesis, however, I mainly use graph embeddings as similarity mea-
surements between whole graphs (and not their parts), either as input for regression models
in the context of ML (in Chapter 4), or as a basis for metaheuristic local searches to have a
distance metric between graphs (in Chapter 5). Hence, I focus on whole-graph embedding

rather than node, edge, or substructure embedding.

Cai et al. [2] point out the key challenge of whole-graph embedding: choosing between
the expressiveness of the embedding (preserve information) and the efficiency (embedding
time/low dimensionality). In the same work, they also provide a taxonomy of graph em-

bedding techniques that I briefly describe in Table 2.2.
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Family Description

Matrix factorisation
A structure-preserving dimensionality reduction that factorises a high-
dimension matrix representing graph properties such as pairwise node
similarity into node embeddings that places nodes in Euclidean space at
a distance according to their pairwise similarity. Examples include graph
Laplacian eigenmaps and node proximity matrix factorisation.

Deep learning
There are two types of deep learning based embedding techniques. In
the first one, the deep learning model is fed with random walks over the
graph, and in the second type, the deep learning model is trained by the
whole graph, with various strategies of breaking down the graph struc-
ture (autoencoders, mixture model networks, graph neural networks,
etc.).

Edge reconstruction
This embedding technique aims to optimise one of the following three
objective functions: (1) maximise the edge reconstruction probability, (2)
minimise the edge reconstruction distance-based loss, or (3) minimise the
edge reconstruction margin-based ranking loss.

Graph kernels
These calculate the inner product of two graphs to measure their simi-
larity. First applied in chemistry, graph kernels now find applications in
biology, neuroscience, and natural language processing. Kriege et al. [48]
classified graph kernel techniques into approaches based on: neighbour-
hood aggregation, assignment and matching, subgraph pattern, walks
and paths, or others.

Generative model
This approach embeds nodes as vectors of latent variables, thus viewing
the observed graph as model-generated. Generally, this method is used
for node and/or edge embedding for heterogeneous graphs.

Hybrid Techniques and Others
In this category are either techniques that use ideas from multiple other
categories or use other graph characteristics, e.g., assessing the distance
to a prototype graph, set landmark nodes and measure distances to these
nodes, or approximating higher-order proximity matrices.

Table 2.2: Families of graph embedding techniques for whole-graph embedding [2].

Regression Analysis

Regression analysis refers to a family of statistical practices that allows us to evaluate and
quantify the relationship between a dependent variable and one or more independent vari-
ables [49]. In supervised machine learing, we use regression analysis to model and predict
continuous numerical values. Linear regression, for instance, is one of the most common
and perhaps most comprehensive techniques in supervised machine learning. In Table 2.3,

I give an overview of families of regression techniques according to the taxonomy from [3].
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Family  Description

Linear regression techniques
For linear regression, we assume that there is a linear connection between the input vector
X, and the prediction value y [49]. The goal is to find parameters for § so that the pre-
diction error for y = Bo + }_ Bix; is minimal (similarly polynomial regression [50] exists
for a polynomial connection between input vector and prediction value y = Bo + ) /Bixf).
Including more input values into the calculation can lead to problems with an overfitting
function or correlated input values. Popular approaches to simplify the prediction func-
tion (and thus reduce errors) are ridge regression [51], which penalises high parameters S,
or the lasso regression [52] that takes unnecessary variables out of the equation by setting
some parameters 3 to zero. Generalised linear regression techniques use a mixture of tech-
niques like ridge or lasso that use penalisation on top of a linear regression approach.

Graph-based regression
Regression trees such as decision trees [53] are an approach to approximate values based
on graphs. This technique breaks the input data up into smaller data sets. A decision
node within the decision tree links to at least two more nodes, each link representing one
value in the data set. Each leaf node represents one prediction result. To avoid overfitting,
the technique of random forests [54] uses the same input for multiple decision trees and
calculates the prediction result out of the results of the individual decision trees. Another
way to improve predictions from trees, is translating the tree into a regression rules set, and
tuning hyperparameters, or include other regression approaches into some rules.

Deep learning-based regression
Neural networks [55] prediction uses graphs of “neurons”. These neurons are organised in
layers, one input layer, one output layer, and a number of hidden layers between them.
Each neuron is linked to each neuron in the next layer. Each node has its linear regression
model making predictions on input data with its weights, bias, and output. This output
influences the input of the neurons in the next layer. This mimicking of the human brain
leads to precise results that are hard to interpret. Next to classical neural networks, there
are other deep learning strategies used for regression, such as recurrent neural networks or
deep belief networks.

Ensemble learning
Ensemble learning techniques are popular ways to improve the performance of regression
models. Bagging reduces variance by applying multiple regression models on different
subsets of the training data, and boosting reduces bias by sequentially training regression
models while emphasising training data that were misclassified in the previous iteration.
Additive models use the sum of smooth functions estimated from the data using penalised
regression, generalised additive models, or smoothing splines.

Other regression techniques
There is a large variety for regression models. Here, I list more popular methods that are
not part of the families mentioned above. In least squares, we minimise the sum of squares
of the offsets of the points from the learning function curve. Projection methods project data
points on a subspace to find the best-fitting regression model. Bayesian models use Bayes
rule to update probabilities. With more observations (training data), the probabilities for
predictions are updated to be more precise. Quantile regression is more robust to outliers
than linear approaches because it trains models in different quantiles (areas within the
dataset) instead of the whole dataset. The nearest neighbours technique [56] assumes that
input data within short distances have similar outputs. This algorithm takes the k nearest
neighbours of input data in the training data and makes the prediction based on averages
of these neighbour outputs. If there is not much training data available, the Gaussian
process [57] offers a method based on the Gaussian distribution between the points in the
training data. A support vector machine introduces a support vector to find a hyperplane
that separates classes in another dimension. This separator can be mapped back to the
original space, but unlike linear regression, it does not have to be linear. This idea can
also be used for support vector regression [58] by finding a hyperplane that includes the
maximum number of points in the training data.

Table 2.3: Families of regression analysis techniques [3].
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2.4 Metaheuristics

Exact exploration and optimization algorithms become impractical in scenarios with high-
dimensional search spaces. When the search space grows exponentially with the problem
size, there is a need for metaheuristic algorithms [59]. Metaheuristic algorithms solve a vast
number of optimisation problems without the need to adapt to each problem. Instead, these

algorithms operate on a “higher level” as opposed to problem-specific heuristics.

We differentiate between single-solution-based algorithms such as simulated annealing,
Tabu search, and variable neighbourhood search and population-based algorithms that are
based on evolutionary concepts or swarm intelligence [60]. In this section, I present the sin-
gle solution-based techniques that I use for exploration tasks on solution sets (in Chapter 5),
and one population-based technique that I use for multi-objective optimisation (in Chap-

ter 6).

2.4.1 Single Solution-Based Metaheuristics

This class of metaheuristics are also called trajectory methods. The main idea here is evaluat-
ing single solutions and moving away towards better solutions in the optimisation process.
Boussaid et al. [60] identify the main algorithms for this class of metaheuristics, I introduce

a selection of those below:

Hill Climbing (HC)

This straightforward algorithm starts with an arbitrary solution for our problem. We modify
this solution until we find a better-performing solution, and then we start operating on this
new, better solution. We repeat this until we cannot find a better-performing solution with
these modifications anymore. Since, in the context of the use case in Chapter 5, I work within
the bounds of a simulation budget, but the hill climbing algorithm could finish before the
budget is used up, I apply iterative hill climbing (IHC), where I restart the hill climbing again

with a new arbitrary solution.

Simulated Annealing (SA)

Similarly to hill climbing, we start with an arbitrary solution for our problem and “climb”

by searching for better solutions within the current solution’s neighbourhood. We intro-
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duce, however, a temperature parameter T that decreases during the search process. While
exploring the neighbourhood of the current solution, we can also accept a neighbour with
a worse performance with a probability depending on T. Early in the exploration process
(when T is higher), we are more likely to accept worse solutions for the coming iteration,

the probability decreases with every step.

Tabu Search (TS)

This algorithm is a local search algorithm (similar to hill climbing) that keeps, however, a
memory structure (Tabu list) of already visited solutions. During the search process, we do
not explore solutions in this list, and accept worse solutions if there is no better solution

available. These rules prevent us from getting stuck in a plateau or local optima.

2.4.2 Population-Based Metaheuristics

Among metaheuristic algorithms, population-based algorithms are useful for exploring the
search space globally. Beheshti and Shamsuddin discuss in their survey popular population-
based metaheuristic algorithms such as ant colony optimisation, particle swarm optimisa-
tion, and artificial bee colony optimisation [59], in scope of this research, however, are only

genetic algorithms (GA) due to their efficiency in multi-objective settings [61].

A genetic algorithm is an evolutionary algorithm in the field of population-based meta-
heuristics. The fundamental idea here is applying concepts of natural selection to find solu-
tions (shaped like a vector that we call “genomes”) with desirable properties. Below, I first
describe a setup of a classical GA, but since I focus in this work on applying a GA to graphs,

we also present adaptations to interpret graphs as genomes.

Classical Genetic Algorithms

The classic genetic algorithm consists of multiple phases with several iterations of evalua-

tion, selection, crossover, and mutation:

1. Initialisation. First of all, we generate a number of genomes to have an initial popula-

tion to operate on in the first generation.

2. Evaluation. We define a fitness function that determines the quality of each genome in

the current population.
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3. Selection. According to the fitness of each genome, we select the best genomes of the

generation for crossover.

4. Crossover. We use selected genomes to build a new population by mixing parts of these

genomes.

5. Mutation. Since after a number of iterations, the genomes within a generation become
very similar, we randomly introduce small changes according to a mutation rate to

find genomes that we cannot create using crossover.

6. Termination. After creating a new population, we can start another iteration in the eval-
uation phase. We repeat this process until we reach a point to terminate the GA when
we assessed a sufficient number of generations or when the best identified genome

has not changed over a number of iterations.

Katoch et al. provide a review in [62] on strategies and parameters for each phase, and

applications for those strategies.

Genetic Algorithms on Graphs

While the phases of GAs provide a generic framework for a metaheuristic search in a solu-
tion space, this space needs to be encoded in vectors that we can interpret as genomes. The
solution space in this work, however, is a graph configuration space. Many popular graph
embedding techniques that we apply for using ML on graphs do not apply here since they
only offer transforming graphs into vectors, but not decoding them back to graphs. In con-
text of GAs, that would mean we could not perform meaningful crossover and mutation
operations to create a new population of graph solutions. Instead, we need to encode the

graphs. Popular methods of representing graphs to use as genomes in GAs are listed below:

1. Node-based encoding. For some applications, such as the travelling salesman problem,
it makes sense to encode the nodes directly by their identifiers and perform node per-
mutations in the GA to optimise the salesman route [63]. For graph partitioning prob-
lems, however, it makes sense to assign each gene (i.e., node) a number according to

one partition [64].

2. Edge-based encoding. Instead of encoding nodes, we can also directly encode edges,

either as edge sets as used for spanning trees [65], or based on adjacency matrices to
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apply GAs for community detection in social networks [66].

. Subgraph-based encoding. For applications such as subgraph extraction in malware de-

tection, we can encode edges of subgraphs according to an edge mapping [67].

. Other encodings. For some domains, we can use domain-specific encodings, such as
the Priifer number for encoding trees [68], or binary encodings to map classes of paths

onto single chromosomes [69].
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2.5 Multi-Objective Optimisation

As the name indicates, a single-objective optimisation problem involves a single optimisa-
tion function. Whether a solution performs better than another is clearly defined by the

result of the objective function being higher or lower.

It becomes more complex once multiple goals are involved in a multi-objective optimi-
sation (MOOQ) problem. For these problems, there is usually not one single solution outper-
forming all other solutions in every objective function; instead, there are trade-offs involved
to find the optimal solution [70]. In these cases, we often speak about Pareto-optimality.
A solution is Pareto-optimal if it cannot be improved without sacrificing performance in at

least one other objective.

For a MOO problem with m objectives and the solution space S containing all valid
solutions, we define an objective function f that determines the quality of a solution s € S
by each objective: f(s) = [fi(s), f2(s), ..., fu(s)]. A solution x, € S is Pareto-optimal if there

does not exist another x € S so that
fi(x) < fi(xp) foralli € {1,2,..,m} and fj(x) < fj(xp) for atleast one j € {1,2,...,m}

We call a number of Pareto-optimal solutions a Pareto front. A common metric in evo-
lutionary multi-objective optimisation to compare the quality of two Pareto fronts is the hy-
pervolume indicator [71]. We calculate this parameter by measuring the area between the

Pareto front and a reference point. A higher hypervolume indicates a better Pareto front.

Figure 2.3 presents not only visual explanations of the Pareto front and the hypervolume
indicator, but also visualises how the Pareto front moves and thus the hypervolume indica-

tor changes over the course of a MOO run.
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(b) The hypervolume indicator describes the
grey area between Pareto-optimal solutions and
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(d) The hypervolume indicator changing over
the same time from early stages of the optimisa-
tion algorithm (in green) to later stages (in red).

Figure 2.3: Visual explanations of the Pareto front and the hypervolume indicator during

the multi-objective optimisation process.
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2.6 Related Work

In this section, I give an overview of related work. First of all, on a general level, I provide
a brief overview of search-based graph optimisation. Then, in connection to Case Study II
(that I present in Section 3.5.2), I give an introduction to road network optimisation. I close

with an overview of metaheuristics that are relevant to Chapters 5 and 6.

2.6.1 Search-Based Graph Optimisation

Finding k best solutions. Finding the k best solutions is a problem that arises in many
applications in engineering and several approaches have been proposed. For instance,
Dechter et al. [72] adapted well-known search heuristics such as A*, best-first, and depth-
first to identify the k best solutions over graphical models (e.g., weighted constraint satis-
faction problem and most probable explanation) in Bayesian networks. Comparing their
approaches to a branch and bound, the authors prove that their adapted A* is complete,

optimal, and efficient.

However, their graphical models are designed to represent finite domains of discrete
variables with a set of real-valued cost functions which limits the search space and stream-
lines/ quickens the assessment of potential solutions. In contrast, our search space is not
discrete, and in the absence of a mathematical function that is precise enough to assess the
fitness of potential solutions without employing a time-consuming simulation the use of

exhaustive search-based approaches becomes impractical.

Metaheuristics that require simulations (simheuristics). When the underlying optimisa-
tion problem is NP-hard, metaheuristics are required to solve large-scale instances in rea-
sonable computing times. Devising metaheuristics (i.e., population and trajectory-based
approaches) for problems that require the simulation of potential solutions to accurately as-
sess their fitness is known as simheuristics [73] and has particularly been used in domains
that deal with uncertainty such as logistics, transportation, and other supply chain areas
(stochastic combinatorial optimisation problems) [74, 75]. In simheuristics, the challenge
resides in finding the best solution to the problem. However, in our first case study, finding
a best solution is relatively easy, but finding all (or a large portion) of the best solutions is

the challenge.
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2.6.2 Metaheuristics on Graphs

Metaheuristics have been used in the literature for a variety of tasks on graphs, including

graph colouring [76], finding the maximum clique [77], or the minimum spanning tree [78].

With evolutionary approaches to tackle the travelling salesman problem [14, 79] and
various approaches on the vehicle routing problem [80], there are two applications that are
very similar to my graph configuration space exploration problem (i.e., finding one graph

out of a large number of alternatives with the best non-functional properties).

The difference here is that the graph space in my work, in particular for the HVAC sys-
tems in Case Study I (see Section 3.5.1), is limited by strict constraints, and operating directly
on those graphs would require constant healing to ensure that these constraints are met.
While it has been shown on the network design problem that we can apply metaheuristics
on graphs confirming in each step that constraints are met [81], the use case in Chapter 5
avoids this issue by generating a large set and applying the metaheuristics on graph em-
beddings. In Chapter 6, however, I do explore the option of applying a metaheuristic that
modifies graphs in the set, and heal the graph according to the constraints during the pro-

Cess.

I can also find examples in the literature for applying metaheuristics on graph embed-
dings in applications like node clustering [82] or for combinatorial optimisation problems

using graph neural networks as embedding technique [83].

2.6.3 Machine Learning for Metaheuristics

The literature presents various surveys and literature reviews on applying evolutionary ap-
proaches to improve machine learning systems [84, 85, 86]. Relevant for my research, how-

ever, is the opposite way: applying machine learning in metaheuristic algorithms.

This application of machine learning has recently gained more attention in the litera-
ture [87]. Talbi classifies the use of machine learning in metaheuristics between problem-
level, low-level, and high-level in [88]. On problem-level, we use machine learning to model
the optimisation problem to solve, on low-level (as I use it in this work), machine learning
supports search components such as the initialisation of solutions or building neighbour-

hoods in local searches, and on high-level, we use machine learning to select and generate

32



metaheuristics to design cooperative metaheuristics.

Zhang et al. present a survey where they discuss applications of machine learning in
evolutionary algorithms [89]. Among ML for population initialisation, reproduction and
variation, and algorithm adaption, they also talk about the use case similar to Chapter 6:

learning a fitness function.

Next to practical problems where the objective function is either not possible to express
in analytical form of decision variables or it is too costly to evaluate this analytical form,
they explicitly mention cases where we want to reduce the number of function evaluations.
One example of this application is an approach on the minmax optimisation problem where
we use a “surrogate” function (machine learning) to assess the fitness functions of solutions
instead of costly calculations, and in each generation, only the best solutions get evaluated

by the actual objective function [90].

In the future directions of the survey, Zhang et al. mention that there is more work to
do to understand the tradeoff between computational complexity and optimisation perfor-
mance, and assess the application of ML for GA on complex problems outside of numerical

benchmark functions.

2.64 Road Network Optimisation

Farahani et al. reviewed problems and current practices of urban transportation network
design problems in [91]. In this article, they differentiate between the decisions we make
in network design into strategic (e.g., building new and expanding existing streets), tactical
(determining the orientation of one-way streets, allocate exclusive bus lanes), and opera-
tional (e.g., scheduling traffic lights or repairs on streets). In this thesis, I focus on strategic

decisions in network design.

In the same review, they list works on mixed network design problems (discrete and
continuous network optimisation) by the objective (e.g., minimise total travel time), discrete
decisions (e.g., constructing new streets) and continuous decisions (e.g. street capacity ex-
pansion), and solution methods (e.g., genetic algorithm, simulated annealing, scatter search,
etc.). Examples include Cantarella et al., who applied various metaheuristics to minimise
the total travel time through orienting sequences of streets and traffic light settings [92] and

Zhang and Gao, who applied a gradient-based method with penalty function to minimise
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the total travel cost and construction cost by constructing new streets and street capacity

expansion [93].

An elemental step to optimising road networks is traffic simulations. Aleksander and
Pawel provide a review on advances in traffic optimisation where they analysed new computer-
assisted technologies, techniques, and solutions [94]. In this review, they not only talk about
cellular automata and multi-agent systems to optimise traffic flow, but also evolutionary
approaches such as ant colony optimisation or genetic algorithms, e.g., to optimise traffic

lights.

The idea of applying GNNs on traffic networks has precedent. Jiang et al. published a
survey on traffic forecasting with graph neural networks [95], where they discuss predicting
traffic flow, speed, and demand as well as modelling requirements for representing spatial
dependency. More related problems that were not in scope of this work concern urban
network traffic signal controls and traffic classification. Noaeen et al. provide a systematic
literature review on applying reinforcement learning on traffic signal controls [96] while
Pacheco et al. surveyed the use of machine learning for traffic classification [97]. Slowik and
Kwasnicka published an article on applications of evolutionary algorithms that include but

are not limited to traffic network design [98].

34



Chapter 3

Learning Graph Configuration Spaces

Introduction,

Motivation, &

Background Learning Software
Configuration

Spaces

Graph Neural
Networks

Learning

Learning Graph

Configuration Spaces
(with GNNs)

[

Learning Graph
Configuration Spaces
(with Embedding)

Regression
Analysis

Graph

Embeddings Multi-Objective
Optimisation

Y

Graph Space /
Exploration
Local > with LEGCS n Graph
Searches Optimisation
/ with LEGCS
Genetic
Algorithms
Discussion,
Future Work, &
Conclusion

35



3.1 Introduction

Learning-supported product configuration has been established for configurations we can
express in the Euclidean space (vectors and matrices). Some applications, however, require

us to configure products in graph structures.

In this chapter, I discuss the feasibility of applying and adapting strategies of learning
Euclidean configuration spaces [1] to narrow down a graph configuration space by answer-

ing the following research question:

RQ 3.1 How can we apply configuration space learning methods established for Euclidean con-

figuration spaces to graph configuration spaces?

Here, I aim to “translate” concepts and methods proposed by [1] to learn software con-
figuration spaces to build a pipeline that learns graph configuration spaces. Furthermore,
not only do I build a solution to learn graph configuration spaces, I also investigate how

efficiently this initial approach can explore graph configuration spaces by answering:

RQ 3.2 How does tool-supported learning of graph configuration spaces compare to a random

search approach with respect to time consumption and quality of determined graph configurations?
Contributions. This chapter makes the following contributions:

1. I propose a pipeline of adapted techniques from learning software configuration spaces
to demonstrate the feasibility and applicability of these techniques for learning graph

configuration spaces.

2. I report on controlled experiments that explore (1) a dataset of graph configurations
describing house ventilation systems by AC consumption with as few MATLAB Simulink
simulations as possible and (2) a dataset of graph configurations describing traffic net-
works by average travel time with as few SUMO simulations as possible. In these
experiments, I compare the pipeline proposed to answer RQ 3.1 against a random

search approach. Thus, providing further evidence of the feasibility of the approach.

The results show that the overall approach of learning software configuration spaces
is adaptable for graph configurations and offers an alternative to iterative approaches by

considering a larger space of graph configuration candidates. In terms of efficiency, first
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the results show that in two case studies the learning graph configuration spaces (LEGCS)
approach reliably identifies graph configurations with good performances (by AC usage
in HVAC systems, and travel time in traffic networks) prior to simulations, thus, we can

explore the graph configuration space much faster.

The remainder of this chapter is structured as follows: after this introduction, I pro-
vide a mathematical formalisation of the four phases of learning graph configuration spaces
(Section 3.2), continued by the research design (Section 3.3) and the GNN techniques I eval-
uate in this chapter (Section 3.4). Afterwards, I present the case studies that I operate on
(Section 3.5) and the results on feasibility (Section 3.6.1), and efficiency (Section 3.6.2). This

chapter closes with a conclusion (Section 3.7).
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3.2 Problem Statement

Before I discuss how I tackle the learning configuration space problem on graphs, I first
formalise the problem in this section. Table 3.1 presents an overview of the variables used
in this section, and below is a formal description of the four phases presented in Section 2.2

adapted to graph spaces. Parts of the formalisation are adapted from [1].

Symbol | Description

Domain constraints

Graph space

Graph sample

Number of sampled graphs

Performance measurements of the sampled graphs

Number of performance metrics

Fitness function assessing the performance of a graph

Learned fitness function predicting the performance of a graph
Embedding function

Dimensions of the embedding

Learned fitness function predicting the performance of a graph
based on graph embeddings

v Validation function assessing the quality of a learning function

meMmMSE 20N

st

Table 3.1: Variables in the learning graph configuration space problem.

In the graph space exploration problem, we consider a graph space G that is limited by

domain-specific constraints C.

C={cy, ¢ -,Cn}

G={g|c(g) Aca(g) A ... Acn(g)}

Sampling

In the sampling phase, we sample a subset S by selecting ¢ graphs in G.

S={s1,82, ...,5} CG
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Measuring

In the measuring phase, we measure the performance of each graph in the sample S in each

of the i goals with a fitness function f.

f:G—RFwherefj:G—Rfor1<j<pu

f(g)
f2(g)

_fu(g)_

M={f(g)|geS}

Learning

In the learning phase, we use the graph sample S and measurements M to learn a function

f' that predicts the results of the fitness function f for the whole space of graphs.

f': G — R that optimises a validation function v : (G, f, f') = R

Note that this formulation of the learned fitness function assumes that f’ can operate on
graphs as input directly. Such an approach can, for instance, be implemented with graph
neural networks. I investigate this kind of approach here in Chapter 3. However, other
learning approaches operate on embeddings of the graphs into a vector space. For these
approaches, I define an embedding function ¢, and another learned fitness function f” pre-
dicting the results of f based on the embeddings. This kind of approach is investigated in
Chapter 4.

e:G— Rand f’ : R — R sothat f'(g) = (" oe)(g) = f"(e(g))
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Evaluation

Eventually, in the evaluating phase, we evaluate the predictions of f with our validation

function v. Below is a brief overview of commonly used loss functions [99].

1. Mean Absolute Error (MAE): This metric describes the average prediction error.

MAE =~} | [f(8) — F(8)]

1
i geG
2. Mean Squared Error (MSE): Here, we penalise larger prediction errors more heavily
than smaller ones.
1
MSE = — ) (f(8) — f'(8))?

geG

3. Rooted Mean Squared Error (RMSE): We take the root of the MSE which makes inter-

preting easier.

RMSE =, [~} (f(g) — f'(8))?

1

T ¢eG

4. Coefficient of Determination (r2): For this metric, we take the prediction error of the
predicted value in relation to the prediction error if we predict the average true value
every time. If the coefficient is 1, the predicted values are a perfect fit on the true val-
ues, 0 means the predictions are as good as always predicting the average true value,
and negative values mean that the predictions perform worse than always predicting

the average true value.

o TUE) -~ ()
L(f(g) — )2

forall g € G wherea =

Y f(9)

1
v 8€G
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3.3 Research Design

To answer the research questions raised in the introduction, I propose a pipeline of tech-
niques for learning configuration spaces adapted to graph configurations (RQ 3.1) and con-
duct controlled experiments using this pipeline (RQ 3.2). I first give details on the research
methodology. In the following Section 3.4, I talk about the implementation of the applied

GNN techniques and in Section 3.5 report on the case studies I apply LEGCS on.

Answering RQ 3.1: Proposal of a Pipeline of Adapted Techniques

A research question like RQ 3.1 asks for a “method or means of development” (see the tax-
onomy suggested by Shaw [100]). I identify a pipeline of exploration techniques and suggest
how they can be adapted to graph configurations. Note that the results of the experiments

presented in 3.6.2 provide further evidence that the approach is feasible.

Answering RQ 3.2: Using a Controlled Experiment

A research question like RQ 3.2 asks for a “design, evaluation, or analysis of a particular
instance” [100]. I conduct a controlled experiment [101] and compare my approach (i.e.,
the pipeline suggested in RQ 3.1) to a naive simulation approach — in terms of the quality of
identified k best graph configurations and the time needed to identify them. While reporting

the controlled experiment, I follow the guidelines of Jedlitschka et al. [102].

Case Studies

As the starting point of this work and to provide subjects for the controlled experiments, I

chose two case studies:

1. Anexample problem from MATLAB Simulink [103], a simulation tool commonly used
in various engineering disciplines. This civil engineering problem deals with building
ventilation and HVAC (heating, ventilation, and air conditioning) systems [5]. The
goal is to explore and filter the space of possible floor plans and air ventilation systems
with regard to their monthly air conditioning (AC) usage. I interpret and represent
these floor plans as graphs configuring a building, making this an exploration problem

on graph configurations.
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2. A traffic network design problem based on towns and cities in Ireland using the traffic
simulation tool SUMO [104]. The goal here is to explore and filter the space of possible
street networks with regard to the average travel time of cars in the network. I inter-

pret the set of streets in one network as a graph configuration of the traffic network.

I selected these case studies, because both present engineering problems where configura-
tions are expressed by relationships between entities that can be best expressed in graphs.
Furthermore, they include non-trivial assessments of NFPs conducted by simulation tools
that are commonly used in the industry. Simulations in both cases, however, use high com-
putational resources, thus, motivating the use of surrogate assessment functions (i.e., regres-
sion analysis). Thus making these problem cases good examples for the need of learning-
supported LEGCS tools. Section 3.5 gives more details on these case studies including the

technical aspects.
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3.4 Graph Neural Network Techniques

In Section 2.3.1, I presented GNNs as a method to apply regression on graphs, including
guidelines on planning a GNN architecture. Following these guidelines about designing
a GNN architecture, I made the following decisions for the learning system in context of

LEGCS:

In Case Study I, I chose a five-dimensional feature vector in each node for message pass-
ing. The first dimension represents the room’s size, the remaining ones are flags to indicate
whether the room is connected to an AC (and on which end of an AC edge the room is), an

outside door, or neither.

In Case Study II, I chose a two-dimensional feature vector in each node representing
its geographic location (i.e., latitude and longitude). Additionally, the message passing is
affected by the edge weight between nodes representing the distance covered by that road,
as well as the number of edges between two nodes representing the number of lanes in the

respective direction.

In terms of aggregation, layer connectivity, and graph manipulation, I have chosen to test
three popular architectures that cover different families of GNN approaches [33]: GCN,
GAT, and GraphSAGE.

* GCN: For the first GNN approach, I use a graph convolutional neural network (GCN) [105]
implemented by the Pytorch Geometric framework [106]. It is a common GNN archi-
tecture [33] where we first assign a feature vector to each node. In every iteration step,
we modify the feature vector of each node by aggregating it with the feature vector
of the node’s neighbours. Finally, we have a new set of vectors for the nodes that are

learned from the neighbourhood of the nodes.

* GAT: Graph attention networks (GAT) [107] add an attention mechanism to the GNN.
By assigning coefficients to neighbourhoods of each node, the network allows the cap-

turing of complex relationships and dependencies within the graph.

* GraphSAGE: GraphSAGE [108] is another GNN architecture that samples and aggre-
gates features from a node’s local neighbourhood instead of training individual em-

beddings for each node to scale GNNSs for large graphs.
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For Case Study I, I run the GNNs with two hidden layers between input and output
layers, while the GNNs in Case Study Il have an additional third hidden layer. The number
of channels in those layers are determined according to a parameter grid with up to 128
channels. I picked the batch size dynamically to the amount of training data, for more than
500 graphs the batch size was 128, for less training data smaller. I applied rectified linear
unit activation functions, and ran the GNN5s for 1000 epochs in Case Study I, and 100 epochs

in Case Study IL

Since the learning objective is a prediction on whole-graph level (i.e., the AC consumption
of the house configuration per month, and the average travel time of the cars in the traffic
network), I acquire this prediction by mean pooling the feature vectors of all nodes in the

GNNs [90].
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3.5 Case Studies

This section provides an overview of the two case studies in this thesis. In particular, I
describe the goals within the case studies and their implementations, i.e., the suggested
combination of adapted techniques. I describe (1) how I generated graph configurations
that span up the explored configuration space, (2) the domains-specific constraints and ob-
jectives affecting the configurations, (3) how I measured the properties resulting from the
configurations, i.e., the fitness of a solution, and (4) what frameworks I used for the imple-

mentation.

3.5.1 Case Study I: House Ventilation
Goals within the Case Study

My graph space exploration example is from civil engineering dealing with HVAC sys-
tems [5]. I have a large dataset of graph configuration candidates, each configuring the
setup of an HVAC system in the same house (description of this dataset below). Within my

experiments I compare multiple strategies to fulfil the following goals:

e Filter the incomprehensibly large dataset of 40,000 graph configurations down to a
humanly comprehensible space of desirable configuration candidates. By that, I refer
to identifying the 1,344 candidates (3.36% of the whole dataset) with the lowest AC

usage.

¢ Keep the number of costly simulations to assess the AC usage of the candidates low.

Floor Plan Generation

First, I implemented a simple floor plan generator based on the work of Lopes et al. [109]
that creates JSON files, each containing one configuration. This generator divides the entire
floor into a grid, places initial room positions, and then grows rooms to their maximal fea-
sible rectangular size. Finally, some rooms grow into an L-shape to fill the remaining space.
Note that in this work, I do not focus on the coverage of graph generation and sampling
to the entire valid graph configuration space. Instead, my primary objective is to enhance
the efficiency of the subsequent processes (i.e., learning and selection) based on a very large

number of given or generated graphs. Hence, I do not attempt to consider or even enumer-
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ate all possible graph configurations.

Graph Representation of Floor Plans

In the dataset!, I explore a graph space consisting of 40,000 floor plans that I represent as
graphs; each graph represents a different configuration of rooms within the same building.
Rooms are represented as nodes in our graph model, and the airflow between neighbouring
rooms as edges. One room A can be connected to another room B by (1) air exchange, (2)
sucking hot air out of room B into room A’s AC, or (3) both. These graphs contain between
three and ten nodes. This case is based on a standard Simulink system demonstrating the

modelling of buildings and their thermal properties [5] as follows:

¢ Each node (room) has a room size and Boolean flags indicating whether this room is

connected to AC or an outside door.
¢ Every connected subgraph has at least one room with AC.
¢ Each graph has one room with an outside door.

¢ There are two edge types. One edge type connects two rooms for regular airflow; each
node can have up to three of these edges. The other edge type connects rooms that
have neither AC nor an outside door with AC. This edge pulls hot air into the AC to

cool down; every AC needs one edge of this type.

Floor Plans Graph Representations MATLAB Models Simulation Results
-
0 [ AMATLAB| e 1
/' n Room

Room [~ — 5

2 A _ | A1926h
: AINE

; Room | Room _m > § 369.1h
@ 1 ~, 4 3

2 \4 Door %

2 I / ® | NZ12.7h
B Room

Figure 3.1: Overview of the implementation of Case Study L

lavailable at https:/ / github.com/mittermm /LEGCS
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Graph Configuration Measurement

This exploration problem is based on a MATLAB Simulink example project [5]. Simulink
is a simulation tool that is commonly used in various engineering disciplines. In order
to assess the performance of each configuration candidate, I built a tool transforming our
graph representations of floor plans into MATLAB models that the MATLAB engine can
execute as simulations to determine the AC costs (the number of hours the AC runs within

a month). Figure 3.1 gives an overview of this process.

This experiment (i.e., the simulations) was executed on a Linux Mint 21 Cinnamon ma-
chine with 16GB of RAM, and an Intel Core i7-6700 CPU. With this set-up, each simulation
takes about a minute, which means a brute force simulation approach to explore a graph

configuration space of 40,000 graphs takes about 28 days to complete.

3.5.2 Case Study II-A: Traffic Network Exploration

Goals within the case study

In this street network optimisation problem, I deal with networks of 32 towns and cities in
Ireland; each representing one county. Within these municipalities, I aim to find connecting

streets so that:

¢ The travel times are low (ideally, that means low travelling distances and high traffic
flow). By that, I refer to the top 5.31% of the dataset (531 graphs) in terms of travelling

times.

¢ The number of costly simulations to assess these travel times in the exploration process

are low.

I optimise towards these goals by modifying the number of roads in the network as
well as the orientation and number of lanes of individual streets in the network. By the

definitions in [91], I make strategic decisions in a mixed network design problem.
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Traffic Network Generation

I generated 10,000 valid graph configurations (meaning that the graphs representing the
street network are strongly connected) with randomly selected edges and varying numbers
of edges between 62 and 400. I selected this minimum and maximum based on experience
from early experiments that indicated that the ideal number of edges for low travelling
times while also keeping the overall road distance low is unlikely outside this scope. One

possible configuration is visualised in Figure 3.2.

Graph Representation of Traffic Networks

In this second dataset?, I explore a graph space consisting of 10,000 street networks that I
represent as graphs; each graph represents a different configuration of streets connecting
the same 32 cities. One configuration in context of this case study is a graph G = (V, E)
representing one street network, where V is the set of 32 towns and cities, and E is a set
of directed edges describing individual lanes of streets connecting them. While V' stays the
same for all networks, our goal consists of optimising the edges E. The only constraint for

graphs in this use case is:

¢ The whole graph is strongly connected. (That means that every node is reachable from

any node in the network.)

Graph Configuration Measurement

I analysed the configurations by running the simulation of urban mobility (SUMO) [104]
created by the German Aerospace Center (DLR) (see Figure 3.2), one of the most popular
simulation tools in traffic network research [94]. In these simulations, I send out traffic of
1,000 cars, each with a start and an endpoint. While those points are randomly picked, towns
with higher populations are more likely to be picked as start or endpoint (proportional to the
population). For each car in the set C, I asses the distance d and the average speed s during
the simulations to determine the travelling time. The goal of this study is to identify street
networks with minimal overall travelling time for the cars in the network, or mathematically

speaking;:

2available at https:/ /github.com/mittermm /MOGA_LEGCS
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min f(G) = Z?

ceC °¢

This experiment was executed on a Ubuntu 24.10 machine with 32GB of RAM, and an
Intel Core i7-14700 CPU. With this set-up, one simulation takes about 20s on average, which
means a brute-force approach to explore a graph configuration space of 10,000 graphs takes

about 55.6h to complete.

[ network2.netxmi - SUMO 1.190 - o x
||B Fle Edt settings Locste Simulstion Window Language Help RS
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[ - S — PR e ][
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[ loaded. e -| x967.42, 357934 | (No projection defined)

Figure 3.2: Example of a traffic network of Ireland and its equivalent SUMO network.
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3.6 Results and Discussion

In this section, I present my suggested pipeline (RQ 3.1) and discuss the results of the con-
trolled experiment (RQ 3.2).

3.6.1 Feasibility

I chose one path of strategies from learning software configuration spaces to apply to graph
configuration spaces. Figure 3.3 gives an overview of the strategies I chose in each phase
(highlighted in boldface) and the respective goals of these strategies. I give a rationale for

each selection below.

Sampling Measuring Learning Evaluation

random sampling execution CART regression accuracy metrics
static analysis performance-influence

heuristics models interpretability metrics

imulati other regression

transfer learning simulation techniques sampling cost

arbitrary chosen user feedback learning to rank

sampling

no sampling synthetic transfer learning
measurements

Goals Goals Goals Goals

- minimise invalid

. 4 - maximise accuracy - minimise prediction - assess quality of
configurations error predictions
- minimise the sample - minimise measuring - minimise prediction - gain insights for the
cost (e.q., size) costs time next iteration of the
-maximise configuration process

generalisation of the
sample to the whole
configuration space

Figure 3.3: Strategies I chose in each phase of learning graph configuration spaces with their
respective goals.

I used random sampling as it is a widely used baseline for sampling that needed no
further adaptations for graphs. Future work will be able to answer if heuristics or transfer
learning in software configurations are adaptable for graph spaces. I did not have the re-
sources (domain experts) for arbitrarily chosen sampling, and “no sampling” is not useful

due to the large size of the configuration spaces.

I relied on simulations (MATLAB Simulink for Case Study I and SUMO for Case Study II)
for measuring and considered the simulation results as a “truth” regarding the properties/
fitness of the solution defined by the configuration. If even more fidelity of the performance

evaluation is desired, one could actually start building houses or street networks corre-
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sponding to the simulated models; however, due to the associated costs and complexity of
the analysis, that is beyond the scope of my work. An additional extension could be soft
qualities, like “user satisfaction” (e.g., aiming to measure satisfaction with a provided floor
layout), but that is beyond the scope of my work. In practice, one would probably aim to
represent such objectives with an approximation taking into account, for example, that of-
fices with high occupancy are not desirable or that walking distances between related offices

should be minimised.

In the learning phase, I use graph neural networks as an intuitive way to apply regres-
sion analysis on graph structures. However, in the following Chapter 4, I propose a variation
replacing the GNN with an embedder and a regression technique in an attempt to train a

sampling-efficient learning model.

I evaluated the predictions by accuracy and sampling size. Interpreting the results is
challenging since it is naturally difficult for deep learning techniques [110]. Future work
will discuss how interpreting could improve the learning process for graph configuration
spaces. In the remainder of this thesis, I refer to the approach described in this section as the

learning graph configuration space approach: LEGCS.

3.6.2 Efficiency

I now evaluate how efficiently we can learn the graph configuration space with respect to
the accuracy and sampling costs to explore the configuration space. I implemented LEGCS
according to the discussion in Section 3.6.1 and set up the experiment according to the case
studies introduced in Section 3.5. In terms of reporting the controlled experiment, I follow
the guidelines of Jedlitschka et al. [102] , which provide a structure for reporting controlled
experiments and questions to cover, e.g., in terms of planning, analysing, and discussing the

experiment.

Goal of the Experiment

The overall goal of the controlled experiment is to analyse the quality of the simulated graph
configurations suggested by the ranking of LEGCS predictions compared to a random se-
lection. Instead of finding the one optimal configuration as fast as possible, I aim to narrow

down the graph configuration space to provide the k best solutions (that human experts
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will further explore) within a limited time. As experimental units, I operate on 40,000 graph
configurations (i.e., floor plans) for Case Study I, and 10,000 graph configurations (i.e., street
networks) for Case Study II. Figure 3.4 shows histograms of the graph configurations in both

case studies according to the NFP that my LEGCS approach predicts.
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(b) Histogram of graph configurations in the second dataset organised by average travel time in
hours. The bin size is 828 seconds.

Figure 3.4: Histogram of graph configurations in both case studies.

For Case Study I, the diagram shows the distribution of the 40,000 graph configurations
in the dataset by AC usage per month. The peak on the right end of the spectrum shows
configurations where the AC never turns off. The research presented here aims to quickly
(with respect to the number of needed simulations) identify the 1,344 configurations (3.36%

of the dataset) in the bin with minimal AC usage (at the left end of the spectrum).

For Case Study II, we see the distribution of the 10,000 graph configurations in the
dataset by the average travel time of the cars in the traffic network. The peak on the right

of the spectrum shows all networks where cars are travelling on average for 5.7h or more. I
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am interested in quickly (with respect to the number of needed simulations) identifying the
531 configurations (5.31% of the dataset) in the bin with minimal travel time (at the left end

of the spectrum).

The goal for the learning model from here is to accurately predict the outcomes of the
simulations for these graphs within seconds (while the simulation of one configuration al-
ready takes about a minute in Case Study I and 20s in Case Study II). This way, I can explore
the graph configuration space more efficiently by predicting the simulation results of most

configurations and only simulating promising configurations.

Iimplemented three GNNs according to Section 3.4 using the PyTorch Geometric Frame-
work [106]. In terms of training, I have a trade-off between investing time to run more sim-
ulations for training the model (model available later, but gives better predictions) or fewer
simulations (model available faster, but predictions are less precise). Below, I discuss this

problem and give a rationale as to when I viewed the model as sufficiently trained.

Prediction Accuracy

First, I assess how efficiently the GNNs can predict the NFPs with respect to the predic-
tion accuracy and the necessary amount of training data. Figure 3.5 shows the relationship
between training data and prediction accuracy in both case studies. The figures show pre-
diction errors of learning models trained with dataset sizes between 25 and 5,000, and tested
on the remaining unseen graphs (35,000 graphs for Case Study I, and 5,000 graphs for Case
Study II).

We can see that the prediction error shrinks when I provide more training data to the
learning models. We can see for Case Study I, the GNN architectures behave similarly,
with GCN having slightly lower prediction errors for large amounts of training data. In the
second case study, the prediction errors are much lower (see y-axis), and the point where
adding more training data does not significantly improve the learning outcome is found
much earlier. Here, GCN produces slightly higher prediction errors than the other archi-
tectures. In practice, it is unpractical (time-wise) to feed a learning model large training
graph samples with their respective simulation results given the time it takes to simulate
each graph (one minute per graph in Case Study I, and 20s per graph in Case Study II).

Therefore, a trade-off must be made between low training samples and high accuracy of the
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predictions.
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(b) Learning Efficiency of LEGCS in Case Study II (Traffic Networks).

Figure 3.5: Learning efficiency of LEGCS in both case studies.

Implications for Graph Space Exploration

As described earlier in this section, I now assess how fast I can identify the best graph
configurations in each dataset if I train a GNN model to guide us through the exploration
process. That means that after an initial phase of random sampling and measuring to train
the model, we let the model pick the next graph for simulation. Figure 3.6 shows the rela-
tionship of identified graphs with desirable properties according to the time (i.e., number of

simulations) it takes to find them.

In Case Study I (HVAC systems), I chose the GCN architecture since it has the lowest
prediction errors (see Fig. 3.5a). First of all, we can see a trade-off between spending time on
simulations to train the model. For example, if I train the model with 1,000 graph configura-

tions, we can earlier in the exploration process move on to the model guiding us through the
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exploration process. This way, we can already identify 50% of the k best graph configura-
tions in the whole dataset after simulating only 13.75% (i.e., 5,500 simulations including the
training) of graphs in the dataset. On the other hand, if I spend 5,000 simulations to train
the model, we can see that the model finds more reliably the k best graph configurations
after the training phase (see the steeper curve in Figure 3.6a). This way, we can identify
75% of the k best graph configurations after simulating 23.75% (i.e. 9,500 simulations) of the
dataset and over 95% after simulating half of the dataset. In the chapters 5 and 6, I explore
metaheuristics that add re-training to LEGCS during the exploration and later optimisation

process.

In Case Study II (traffic networks), I chose a GraphSAGE architecture because of the
low prediction errors (see Fig. 3.5b). Since those prediction errors are lower for smaller
sets of training data than in the previous case study, we can earlier switch from training
the model to guided exploration as we can see in Figure 3.6b. After spending the first 500
simulations for model training, we can identify half of the k best graph configurations using
13.8% of the simulations (1,380 simulations from 10,000 traffic networks), 75% of the most
desirable graphs after 22.2% of the simulations, and all of the best graph configurations after

simulating 50.7% of the graph dataset.
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Figure 3.6: Graph space exploration process with LEGCS.
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3.7 Conclusion

In this chapter, I investigated how we can adapt current practices of learning software con-
figuration spaces originally devised for Euclidean configurations (consisting of Boolean and
numerical variables) to graph configurations (containing structural information). I pro-
posed and implemented a pipeline of strategies (that were already established for software
configurations) for graphs as a proof of concept. Subsequently, I evaluated its efficiency for
the exploration process. The presented approach can support engineers in exploring config-
urations of complex graph structures — while considering a large and diverse set of possible
candidates in an efficient manner. The proposed LEGCS approach finds in two case studies
on HVAC systems and traffic networks 75% of the k best graph configurations while simu-

lating only 23.75% of the space.
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41 Introduction

In the previous chapter, I have shown that regression analysis based on graph neural net-
works can support learning graph configuration spaces. The initial benefit here is that
GNNs offer predictions while directly operating on graph structures without much pre-
processing. However, deep learning techniques such as GNNs require large amounts of
training data to generalise [111]. In a problem setting where training data is costly, this calls
for an alternative learning method that learns the NFPs of the graph configurations more

efficiently.

I hypothesise that it would be beneficial in terms of training efficiency to apply a pre-
processing of the graph configurations that captures relevant structural information and ap-
ply traditional regression techniques on that information to predict NFPs. Capturing struc-
tural graph information in Euclidean data structures (i.e., vectors and matrices) is called
graph embedding [47]. In this chapter, I investigate whether a traditional regression analy-

sis approach on vectors in combination with a graph embedding can be used for LEGCS.

Since this approach to predicting graph properties involves two separate steps, I investi-
gate what influence the graph embedding and the regression model have next to the training
set size on the performance of the learning models. Ultimately, the learning model is lim-
ited by both: (i) the ability of the embedder to sufficiently capture graph information in a
Euclidean vector, and (ii) the ability of the regression function to sufficiently depict the data
points in our set. I want to observe through running various combinations of embedding
and regression strategies how these two limitations influence the learning results to answer

the research question:

RQ 4.1 What is the impact of graph embedding and regression algorithms on learning-based

graph space exploration in terms of prediction accuracy?

Consequently, I compare how an embedding-based approach compares to the GNN ap-

proach I introduced in the previous chapter to answer:

RQ 4.2 How does learning based on GNNs compare to regression techniques based on graph
embeddings with respect to accuracy of the predictions and the size of the required training set in

context of learning graph configuration spaces?
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Contributions. This chapter makes the following contributions:

1. I propose a variation of LEGCS based on graph embeddings that applies regression
analysis on vectors representing graph configurations to facilitate a training-efficient

prediction model.

2. I provide an in-depth study on the impact of graph embeddings and regression tech-

niques on the prediction accuracy within learning graph configuration spaces.

3. I report on a controlled experiment that explores the efficiency of regression analysis
with (a) the GNN-based approach and (b) the embedding-based approach with respect

to accuracy and training data size.

The results show that LEGCS based on embeddings and regression analysis lead to efficient
learning in terms of training data and prediction errors. The embedding technique here has

to be selected carefully since it has a large influence on the learning model performance.

The remainder of the chapter is structured as follows: First, I compare both learning
strategies for LEGCS (Section 4.2). Following that, I describe the concrete embedding and
regression techniques I use for the experiments in this chapter (Section 4.3) and the experi-
mental set-up (Section 4.4). Eventually, I present the results on the influence of embedding
and regression on the embedding-based approach (Section 4.5.1) and the comparison to the
GNN-based approach (Section 4.5.2). This chapter closes with a conclusion section (Sec-

tion 4.6).
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4.2 Learning Approaches in LEGCS

While I introduced LEGCS in the previous chapter, I take a deeper look into the learning
phase now. In particular, I compare the current approach for predicting graph properties
(i.e., GNNs) with a proposed approach based on graph embeddings. Both approaches are

visualised in Figure 4.1.

421 Current Approach for Learning Phase: GNN

In the previous chapter, I addressed the current approach on LEGCS using graph neural
networks, that I call from this point on LEGCSsny. This approach can use graph structures
in the form of a neural network to learn feature vectors for each node that keep information
about the node itself and its neighbourhood. Subsequently, we can use this trained GNN
to predict graph properties (by pooling properties from the individual nodes). Figure 4.1a

presents a visual explanation.

While this approach is able to assist us in the graph configuration space exploration, it
takes a large amount of costly training data to get to this point. I hypothesise that a learning
approach relying on graph embeddings instead of deep learning, can produce reliable pre-

dictions with less training data.

4.2.2 Proposed Approach for Learning: Emb+Reg

This approach proposes a two-step model for making predictions on graph structures based

on the ideas in Section 2.3.2:

1. In the first step, whole-graph embedding maps every graph into a fixed-dimensional
vector space. There are various methods to achieve an expressive (i.e., graph-information

preserving) and efficient (low embedding time and dimensionality) embedding [2].

2. In the second step, an ML model is trained to produce predictions based on the vector

representations of those graphs.

In the following section, I present various concrete embedding and regression techniques
for the implementation of LEGCSgyp4 reg- 1 compare various combinations of those tech-

niques in this chapter with respect to prediction accuracy and training set size.
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Figure 4.1: Learning strategies to predict graph properties.
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4.3 Embedding and Regression Techniques

In this section, I introduce the embedding and regression techniques that I use in context of
LEGCS to observe their influence on the predictions and determine a suitable combination

for my case studies.

Embedding Techniques

Below, I list the concrete embedding strategies that I use in the experiments in this chapter.
In the results, I evaluate how well these strategies keep relevant information on arbitrary
and complex graph structures while storing them in low-dimensional vectors in the context
of our case study. For my experiment, I compare six concrete embedding techniques (imple-

mented by the Karateclub framework [112]) that I describe below.

* Graph to Vector (Graph2Vec) [113] — This method first extracts rooted subgraphs from
every node in the graph, and then use a skipgram model to learn an embedding from

these subgraphs.

» Graph and Line Graph to Vector (GL2Vec) [114] — This method expands Graph2Vec utilis-
ing a line graph to (1) handle edge labels, and (2) better preserve structural information
in the embedding as opposed to bundling structural and node label information in ex-

tracted subgraphs.

* Spectral Features (SF) [115] — This method embeds the k lowest eigenvalues of the

graph’s normalised Laplacian matrix.

* Family of Graph Spectral Distances (FGSD) [116] — This technique operates again on the
normalised Laplacian matrix of the graph. This method, however, uses the histogram

of the Moore-Penrose spectrum of the Laplacian matrix as embedding.

® Network Laplacian Spectral Descriptor (NetLSD) [117] — Similar to SF and FGSD, this
embedding captures spectral information. It is, however, optimised to embed large

graphs efficiently in terms of embedding space and computation time.

® Local Degree Profile (LDP) [118] — This method obtains an embedding capturing the

degrees of all nodes and their neighbourhoods.

The Karateclub framework offers even more embedding techniques, that I do not con-
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sider due to application constraints in the experiment. Embeddings based on diffusion
wavelets [119] and random walk weights [120] led to high embedding dimensions with too
high computational complexity for the experiments. Invariant graph embedding (IGE) [121]
was not applicable due to sparse graphs in my application. Geometric scattering [122] was

not applicable as well due to not-connected graphs in the dataset of Case Study I.

Regression Techniques

In this chapter, I compare the accuracy of six commonly used learning models (implemented
by the Scikit-Learn library [123]) that I describe below, each model representing a different

class of learning models:

* Ridge — This linear regression model-based model avoids over-fitting by penalising

single large regression coefficients.

* k-Nearest Neighbour (kNN) — This proximity-based model obtains predictions by aver-

aging the output variables of the k closest data points in the training data.

e Random Forest (RF) — This tree-based model trains a number of decision trees and av-

erages the predictions over these trees to avoid over-fitting.

e Support Vector (SVR) — This model introduces a support vector to find a hyperplane

that separates classes in another dimension.

* Multi-Layer Perceptron (MLP) — This model makes predictions based on a neural net-
work with at least three layers (input, hidden, and output layer) with a non-linear

activation function.

* Histogram-based Gradient Boosting (HGB) — This ensemble learning model sequentially
fits a regression tree on the negative gradient of the given loss function to reduce the
prediction error from the previous iteration. The histogram is used for the computa-

tionally efficient construction of the regression trees.
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4.4 Experimental Set-Up

After describing the existing learning approach for LEGCS using GNNs, and my proposed
alternative approach based on graph embeddings (Section 4.2), I report in this section on the

experiments to answer the research questions in the introduction of this chapter.

Methodology

Both research questions raised in this chapter ask for a “design, evaluation, or analysis of a

particular instance” [100]. I conduct controlled experiments [101] to

1. investigate the influence both steps in LEGCSE 44 reg have on the prediction accuracy

(to answer RQ 4.1) in Case Study I, and

2. compare both learning approaches for LEGCS (to answer RQ 4.2) with respect to the
accuracy of the predictions and the size of the training set (to answer RQ 4.2) in both

case studies.

Again, I follow the reporting guidelines of Jedlitschka et al. [102], which provide a struc-
ture for reporting controlled experiments and questions to cover, e.g., in terms of planning,

analysing, and discussing the experiment.

Comparative Study on Embedding Techniques and Regression Models

I aim to answer RQ 4.1 by conducting a controlled experiment where I apply different com-
binations of the embedding techniques and regression models introduced in the previous
Section 4.3 on the graph configurations from Case Study I (HVAC systems). The goal of
these experiments is an efficient prediction of the simulation results in the case study. This
efficiency is described with the sampling costs (i.e., in this experiment, the number of nec-
essary training data), and the prediction accuracy. I apply various metrics to assess the

prediction quality of regressors that I introduced at the end of Section 3.2.

The overall goal here is to accurately predict the outcome of the simulation for each
graph within seconds (while the simulation of a single configuration takes about a minute
in Case Study I and 20sec in Case Study II). This way, I can explore the graph configuration
space more efficiently by predicting the simulation results of most configurations and only

simulating promising configurations.
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Comparative Study on Learning Approaches for LEGCS

To answer RQ 4.2, I use the insights I gained by answering the previous research question
to implement LEGCS based on graph embeddings. In controlled experiments on both case
studies I compare this LEGCSgyp4 reg approach to LEGCSgny from the previous chapter.
After comparing the prediction accuracies of both approaches, I also determine the learning
efficiency by comparing the number of identified k best graph configurations in a LEGCS-

guided graph space exploration.
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4.5 Results and Discussion

In this section, I discuss the results to answer RQ 4.1 by analysing the influence of embed-
ders and regressors, and RQ 4.2 by comparing the GNN-based and the embedding-based

learning approaches in context of LEGCS.

4.5.1 Influence of Embedders and Regressors

First, I analyse the influence that embedders and learning models have on the prediction
accuracy with respect to the training set size in context of Case Study I. I observe how the
learning models introduced in Section 4.3 perform using different embedding strategies and

various numbers of training set sizes.

Influence of Embeddings

Figure 4.2 shows the prediction errors of the learning models in multiple runs using differ-

ent graph embedding techniques. In each run, all models were trained with the same 500

training graphs.
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Figure 4.2: Prediction error of learning models trained with the same training graphs em-
bedded through various techniques.
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While I can identify Ridge and MLP models as outliers with higher prediction errors
(especially using a FGSD graph embedding), the results indicate that (1) the same learning
models perform much better using LDP embeddings than with Graph2Vec or NetLSD, and
(2) different learning models lead to similar prediction errors when they operate on the same
embeddings. Also, my results show that embedding methods that only consider topologi-
cal data without node or edge labels (such as Graph2Vec) lead to higher prediction errors as
learning models operating on embeddings where the algorithm preserves this crucial infor-
mation. This confirms suggestions from [124] that optimising the data used by a machine
learning model can improve the performance more than choosing algorithms or tweaking

the model parameters.

Influence of Training Set Size and Learning Model

Table 4.1 and its visualisation in Figure 4.3 show how the learning models perform in mul-
tiple runs with a rising number of training graphs. These models operated on LDP embed-
dings, and the evaluation metric is the mean absolute error. I chose this embedding because,
across all embedding strategies in this study, the prediction errors were the lowest for LDP.

The results for all evaluation metrics and embedding strategies can be found in the online

appendix.
Training Set 50 100 200 500 1000 2000 5000
Ridge 0.209 0.190 0.181 0.172 0.169 0.168 0.167
Multi-Layer Perceptron 0213 0.191 0179 0.160 0.160 0.153 0.143
Support Vector 0.193 0.171 0.164 0.152 0.147 0.144 0.140
k-Nearest Neighbours 0209 0.182 0.167 0.155 0.151 0.141 0.137
Random Forest 0199 0.169 0.162 0.149 0.143 0.137 0.132

Histogram-Based Grad. Boost. 0258 0.188 0.171 0.148 0.142 0.135 0.128

Table 4.1: Mean absolute error of multiple learning models operating on LDP embedding
over multiple runs of increasing training set sizes.

We can see how the prediction error decreases in the beginning, relatively quickly. How-
ever, it appears that after 500 training graphs we reach a point where the prediction error
only decreases minimally over a larger number of training data. While the ridge regression
model is outperformed by the other models, overall we can see that all models behave rather
similarly in terms of the prediction error, but also the point where more training data does

not lead to significantly lower prediction errors.
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Figure 4.3: Visualisation of Table 4.1.

4.5.2 Comparison of LEGCSgnn and LEGCSEpp 4 Reg

After the insights gained from answering RQ 4.1, I choose the following implementation of

LEGCSEmp+reg g0ing into this controlled experiment:

LDP [118] as embedding technique implemented by the Karateclub framework [112]
transforms graph configurations into a 160-dimensional vector space as input for a random
forest regressor [125] corresponding to the default implementation by Scikit-learn [123], i.e.,
100 trees in the forest, no limit on the depth of the random forest, using the mean absolute er-
ror as learning criterion. Additionally, according to the techniques introduced in Section 2.2,
I apply a classification and regression technique (CART) with a random forest classifier for

the exploration process.

Goal of the Experiment

Similarly to the experiment in Section 3.6.2, which focused on GNNs, I aim to identify as
many of the k best graph configurations in the datasets with the least amount of simulations
as possible. I repeat this experiment for both case studies, first assessing the prediction ac-
curacy of both learning approaches, followed by comparing the guided graph configuration

space exploration.

Prediction Accuracy

First, I assess the capability of the algorithms to learn and predict the HVAC performance

or average travel time, respectively, based on a sample of graph configurations with mea-
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surements. Figure 4.4 shows the prediction accuracy (assessed by the mean absolute error)
for both learning strategies over various sizes of training sets. All models were trained with
training sets of varying sizes (between 25 and 5000) and tested on the remaining unseen

graphs (35,000 graphs for Case Study I, and 5,000 graphs for Case Study II).

= LEGCS-GNN = LEGCS-Embedding
03

02

0.1

Mean Absolute Error

00

1000 2000 3000 4000 5000

Training Data

(a) Learning Efficiency of LEGCS in Case Study I (HVAC systems).
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(b) Learning Efficiency of LEGCS in Case Study II (Traffic Networks).

Figure 4.4: Comparison of LEGCSgnn and LEGCSg b4 reg by learning efficiency.

In Case Study I, the embedding-based approach using a random forest regressor oper-
ating on LDP graph embeddings delivers accurate results for low amounts of training data.
I did find, however, that adding more and more training data did not significantly close the
gap between simulation and prediction results. This is in contrast to the GNN approach,
where we can see that we need more training data to get equally accurate predictions, and,

eventually, it outperforms LEGCSgp 1 reg in terms of accuracy.

Similarly, in Case Study II, the embedding-based approach exploits the information from
the training data more efficiently. Here, however, we cannot find the GNN-based approach

outperforming the proposed approach in terms of accuracy with enough training data.
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Implications for Graph Space Exploration

After assessing the prediction quality of LEGCSEgypreg, I now apply it to guide us through
a graph configuration space exploration. The results compared to the first approach are

shown in Fig 4.5.

In Case Study I, we can see how the embedding-based approach outperforms the GNN-
based approach in the early stages of the graph space exploration, because we can move ear-
lier (after only 200 simulations) from simulating configurations to train the learning model
to simulating configurations with promising ML predictions. We can now identify 50% of
the k best graph configurations by simulating only 11.4% of the dataset (4,560 simulations,
including training data), and 75% of the k best graphs with 18.8% of the simulations (7,520
simulations). At later stages of the exploration process, the GNN approach outperforms the

embedding-based approach.

Figure 4.5c is a further visualisation of the LEGCSgp1reg’s efficiency. Blue shows 200
randomly selected graphs in the dataset as we use them to train the learning model, while

red shows the next 200 simulations suggested by the learning model.

In Case Study II, we can also see an improvement by applying LEGCSgp 1 req (se€
Fig. 4.5b). We can now identify 50% of the k best graph configurations after simulating
7.4% of the dataset, 75% after 12.1% of simulations, and all of the graph configurations with
the most desirable properties after simulating 38.3% of the dataset. Thus, it is also outper-

forming the GNN-based approach in this case study.

Table 4.2 puts these numbers into context by presenting the average simulation times to

identify the k best graph configurations in both case studies using either selection strategy.
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Figure 4.5: Graph space exploration process with LEGCSgnn and LEGCSEgyp + Reg-
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sim time to sim time to
identify 50% of identify 75% of
the k best graph  the k best graph
configurations configurations
Case StudyI = Random Selection 13d 21h 20d 20h
LEGCSgnn Selection 3d 20h 6d 14h
LEGCSEup+ reg Selection 3d 3h 5d 5h
Case Study I Random Selection 27h 47min 41h 40min
LEGCSgnn Selection 7h 40min 12h 20min
LEGCSEup+ reg Selection 4h 7min 6h 43min

Table 4.2: Simulation time needed in the exploration process to identify 50% and 75% of the

k best graph configurations in both case studies using multiple selection strategies.
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4.6 Conclusion

Exploring a space of complex graph structures requires regression analysis on graphs to nar-
row down the number of possible candidates through learning graph configuration spaces.
Chapter 3 proposed LEGCS based on graph neural networks, a deep learning technique that

requires large amounts of training data.

In this chapter, I have proposed a new approach to learning graph configuration spaces
that embeds crucial structural information of graphs into vectors and applies regression

analysis on those vectors.

First, I analysed the influence that embedding and regression have on the performance
of the learning model. Since the regressors operate on the graph space embedded into the
Euclidean space, the choice of embedding algorithm fundamentally affects the performance
of the exploration approach. I observed how the same learning models perform significantly
differently for different embedders while different methods may perform similarly for the
same embedders. One explanation that seems to be plausible is that the algorithms can only
exploit the information the embeddings can preserve. Since Euclidean data structures can-
not fully capture complex graph structures, every method we build after graph embedding

in a pipeline is limited by the information the embedding is able to capture.

Complex tree-based regression models performed best in terms of accurately predicting
the AC usage of graph configurations in our HVAC application. However, the differences
in accuracy and training efficiency seem only marginal for different parameters within one
tree-based regression algorithm or even for different regression techniques compared to the

impact of the underlying embedding method.

In my proposed LEGCSgp reg, I have replaced GNNs with this two-step model of em-
bedding and regression. I have shown in two case studies on HVAC systems and traffic
networks that this new approach provides more accurate predictions for low amounts of
training data and similar prediction errors for large amounts. For a LEGCS-guided graph
space exploration in two case studies, LEGCSgp reg improves our search from identifying
75% of the k best graph configurations in the first 24% of simulations to only 18.8% of simu-

lations in the first and 12.1% of simulations in the second case study:.
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Now that we have the basic techniques to efficiently learn graph configuration spaces, I
apply them in a bigger context. In the following chapters, I explore the option of support-
ing metaheuristics with LEGCS as (1) a more sophisticated exploration technique for low
simulation budgets and (2) an optimisation technique to identify graph configurations with

desirable NFPs outside of the initial datasets.
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5.1 Introduction

The previous chapters focused on efficient learning (i.e., using only low amounts of training
data and achieving low prediction errors) of graph configurations. Now, I apply the insights
gained in these chapters to sophisticated exploration strategies for low simulation budgets
to Case Study I in this chapter, and optimisation strategies to Case Study II in the following

chapter.

First of all, I investigate applying single solution-based metaheuristics, i.e., local search
techniques, with the help of graph embedding to make efficient use of costly simulations to
identify well-performing candidates (which I call the k best graphs) in a graph configuration

space to answer:

RQ 5.1 How can we apply metaheuristics to find as many of the k best graphs as possible in a

configuration space using only a limited number of measurements?

In Chapter 3,  have shown (using the same problem case) that regression analysis based
on GNNs can support learning graph configuration spaces. Following that, in Chapter 4, I
proposed a variation based on embeddings to find this approach leading to more efficient
training of the learning model. For simplicity, I shorten LEGCSEp4 geg to LEGCS in this
chapter. Now, I study how efficiently I can apply this learning to filter the space to the k best

graphs within a simulation budget. This leads to the research question:

RQ 5.2 How efficiently can we identify k best graphs with LEGCS using a limited number of

measurements?

Eventually, I consider combining metaheuristic search strategies with learning-based ex-
ploration. I investigate whether an ML-supported metaheuristic search of k best graphs in
a graph configuration space with a limited number of measurements can outperform ap-

proaches based solely on metaheuristics or solely on LEGCS.

RQ 5.3 How does (1) a learning-supported metaheuristic search for the k best graphs in a graph
configuration space compare with (2) a metaheuristic search on embeddings and (3) a LEGCS search

on a limited number of measurements, in terms of identified graphs?
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Contributions. This chapter makes the following contributions:

1. I propose leveraging graph embeddings to enable the use of local search for efficient

graph space exploration.

2. Iinvestigate the application of LEGCS from prediction in the previous chapter now to

exploration within a simulation budget.

3. I devise a graph space exploration approach that combines the search power of meta-

heuristics with the predictive efficiency of machine learning in a case study.

The results of this chapter show that a LEGCS-supported metaheuristic search can effi-
ciently use the simulation budget to spend over-proportionally many simulations of a lim-

ited budget on the k best graph configurations.

The remainder of the chapter is structured as follows: I explain the exploration ap-
proaches I compare in this chapter (Section 5.2). I then present the research design, in par-
ticular the experimental setup to answer the research questions (Section 5.3). I answer one
research question in each of the following three sections (Sections 5.4, 5.5, and 5.6), discuss

the results (Section 5.7), and close with a conclusion (Section 5.8).
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5.2 Proposed Approach

In this section, I give a brief overview of the different approaches I investigate and evaluate
in this chapter to answer the three research questions raised in Section 5.1. This overview
also includes a quick summary in Table 5.1, and a visual explanation in Figure 5.1. In partic-
ular, I describe the new proposed approach combining (i) a metaheuristic local search with

(ii) ML on graphs to answer RQ 5.3.

Meta- Search Approach Machine Training
heuristic Learning  Strategy
RQ5.1 v Locality in the embedded graph space - -
RQ 5.2 - - v Once
RQ 5.3 v Locality in the solution space by ML v Itera-
predictions tively

Table 5.1: Search strategies for graph configuration space exploration.

In Section 5.4, I apply a number of local search algorithms on graph embeddings to
answer RQ 5.1 (see Figure 5.1a). That means that I embed the graphs into vectors so that
I have an intuitive locality metric (Euclidean distance between the embeddings), and I can

apply algorithms such as hill climbing to search for the k best graph candidates.

In Section 5.5, I investigate the LEGCS approach introduced in Chapter 4 that uses re-
gression analysis on graph embeddings (see Figure 5.1b). After training the ML model, I

can use predictions to search for the k best graph candidates.

Training these models to accurately predict graph properties, however, requires high
computational costs. I propose reducing this computational effort by re-training the predic-
tion model during the exploration process in the context of a metaheuristic search to answer

RQ 5.3 in Section 5.6.

Figure 5.1c presents an overview of my proposed approach. First, I map all graphs in our
@ graph configuration space to vectors in an @ embedded space. From here, I run simula-
tions to create a (small) initial training set for the learning model (indicated in grey colour
and dotted lines). Now, I conduct a @ local search on the graphs. For this local search, I need
to determine the locality in the graph space. While in Section 5.4, I explore the possibility of
using the Euclidean distance between the graph embeddings as a measurement of locality, I

analyse in Section 5.6, whether ML predictions are a suitable criterion. That means that the
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(a) RQ1: Metaheuristic search on graph embeddings.
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(b) RQ2: Machine Learning-based search.
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(c) Machine Learning-supported metaheuristic search.

Figure 5.1: Search strategies to find the k best graph configurations with a limited simulation
budget.

performance of the current solution candidate (i.e., graph) is assessed using measurements
from a @ simulator, and then I use predictions of graph properties from a @ machine learn-
ing model to select a new graph to become our new pivot solution. I iteratively ran this
process until I reached the simulation budget. At this point, I have identified @ a subset of
k graphs with the best properties according to the optimisation goal. Using this approach, I
aim to spend less computational resources preparing the exploration and instead improve

the ML model (and thus the efficiency of the search) during the exploration process.
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5.3 Research Design

In this section, I talk about the methodology in this chapter. This includes the methodology

and the experimental setup including the technical aspects.

Methodology

The research questions formulated in Section 5.1 ask for a “design, evaluation, or analysis
of a particular instance” [100]. Within a case study, I conduct controlled experiments [101]

on a graph space exploration application that:
(i) compare multiple embedding strategies and metaheuristic algorithms (Section 5.4),
(ii) use results from Chapter 4 to use LEGCS (Section 5.5), and
(iif) combine metaheuristic algorithms with regression analysis on graphs (Section 5.6).

The goal of my experiments is to efficiently identify the k best configurations in the graph
space while using a limited (i.e., low) number of expensive evaluations (i.e., through time-

intensive simulations).

And, as in the previous chapters, I the reporting guidelines of Jedlitschka et al. [102] for

the controlled experiment.

Experimental Setup

In this chapter, I again use the same dataset, measurements, and overall goal as in Case
Study I introduced in Section 3.5.1. For the embedding-supported metaheuristic, I use the
techniques that I already introduced in Section 4.3. Within the case study, I compare the
number of simulations within the budget where the assessed AC usage is minimal. I run
each strategy 30 times to determine the average performance of each method —each run with
a unique random seed, and using the same random seeds over different strategies. Since
averaging the results can be distorted by outliers, I additionally perform a Mann-Whitney

U test [126] to assess the quality of the exploration methods over the various runs.

This test first ranks the data points in two samples and counts for each point in the
samples the number of lower data points in the other sample to calculate the U statistic of

both samples (by summing up these counts). Now, the p-value represents the probability of
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observing a U statistic as extreme as (or even more extreme than) the one calculated from
our samples. We compare this p-value against a significance level a (usually around 0.05).
If the p-value is below &, we can say that the difference of the medians in both samples is
statistically significant. This test allows us to determine if the number of identified k best
graph configurations of one exploration method performs not only better on average, but

also statistically significantly better than another exploration method.
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5.4 Metaheuristic Graph Space Exploration on Graph Embeddings

In this section, my aim is to answer the first research question raised in the introduction
by applying multiple local search strategies on graph embeddings to efficiently identify the

k best graph configurations in the dataset.

Locality Metric

In order to apply the local search techniques that I introduced in Section 2.4.1 to our set of
40,000 graph configurations, I first need a metric of locality within our complex graph space.
One straightforward approach to creating locality in a graph space is transforming it into an
Euclidean space by embedding the graphs, i.e., mapping each graph to a vector. This way;, I
can use the Euclidean distance between two vectors as similarity measurement between two
graphs. For the experiments in this section, I apply the embedding strategies introduced in
Section 4.3. Starting from a random solution, I iteratively define a neighbourhood of the
current solution as the closest n solutions (in terms of Euclidean distance between embed-

dings). I determined the best value for 7 in a pre-study using a parameter grid.

I could have instead performed modifications on graphs during the local search, but that
would have required constant healing to ensure the domain constraints were still met. The
use case in this chapter avoids this issue by only operating on a graph set where each graph
fulfils the constraints, and we achieve locality through embeddings in the Euclidean space.

In the following chapter, however, I do make modifications on the dataset.

Results

In my first experiment, I apply iterative hill climbing, simulated annealing, and Tabu search
on my graph configuration space (embedded by various embedding strategies), optimising
the number of identified k best graphs with simulation budgets of 100, 500, and 1,000 simu-
lations. To put it in perspective, I compare the results with an approach picking simulations
from the space at random to identify the top 3.36% graphs in the dataset in terms of the

lowest AC usage per month. I summarise the results of this experiment in Table 5.2.

We can see how the performance for the same algorithms varies a lot depending on

the underlying graph embedding the metaheuristic is operating on. Interestingly, I observe
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that iterative hill climbing outperforms the more sophisticated search heuristics (i.e., SA
and TS). For SA and TS, I apply mechanisms to get out of local optima, which can be cost-
intensive in terms of using up the simulation budget (i.e., they “burn through” simulations
on the budget), while IHC takes the approach of “just” starting again from a new arbitrary
graph configuration in the solution space. Note, that even though the number of simulations
might appear to be a somewhat artificial metric, it directly corresponds to considerable time

“wasted” if the simulations are not chosen carefully.

Meta-Heuristic Embedding 100 500 1,000
Sims Sims Sims

Random Selection None 2.90 17.60 35.73
Iterative Hill Climbing Graph2Vec 4.57 26.47 52.27
GL2Vec 5.57 43.20 102.77

SF 6.37 41.97 71.03

FGSD 5.37 33.40 56.07

NetLSD 4.20 18.37 38.50

LDP 7.20 46.23 87.33

Simulated Annealing Graph2Vec 5.33 24.60 46.27
GL2Vec 4.67 29.87 72.30

SF 3.37 34.97 70.23

FGSD 5.77 20.23 29.27

NetLSD 3.30 17.47 40.47

LDP 3.20 21.27 41.87

Tabu Search Graph2Vec 6.47 26.7 57.43
GL2Vec 6.73 41.10 95.23

SF 4.23 41.20 85.17

FGSD 5.90 25.93 56.27

NetLSD 4.57 23.63 45.60

LDP 5.47 33.77 59.40

Table 5.2: Identified k best graphs by multiple metaheuristic searches on various graph em-
beddings within different simulation budgets.
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5.5 Machine Learning-Based Graph Space Exploration

This section focuses on answering the second research question on graph space exploration
using regression analysis by comparing the approach introduced in Chapter 3 to the bench-

mark set in the previous Section 5.4.

Learning-Based Graph Space Exploration

I compare LEGCS with the metaheuristics in the previous section in terms of identifying
the k best graphs in a graph space exploration problem on a limited simulation budget. I
had multiple runs of learning-based graph space exploration aiming to identify as many
k best graph configurations as possible over the same simulation budgets as in the previous
section. This process includes a trade-off to use as much training data as necessary to train
the learning model satisfactorily while at the same time leaving enough of the simulation
budget to identify the k best graph configurations. I identify them by simulating graphs

with promising predictions from the learning model.

Following the results of Section 4.5.1, I apply the regression analysis on the LDP embed-
ding. In terms of regression, I experiment with a random forest regressor and a histogram-
based gradient boosting regressor. I have shown in Table 4.1 that random forest performed
best for small training set sizes while histogram-based gradient boosting has the lowest pre-
diction error for larger training sets. I have summarised the performance of these variants

in terms of graph space exploration in Table 5.3.

Results

We can see in Table 5.3 that learning-based graph space exploration is more efficient than
exploration based on metaheuristics on embeddings, approximately by a factor of 2. For
small simulation budgets, the random forest regressor proves to perform best, while for
larger simulation budgets, the histogram-based gradient boosting regressor outperforms all
other approaches since I can use more of the budget to train the learning model and achieve

better predictions to use for the search of the k best graph configurations.
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Method Training Set 100 500 1,000

Sims Sims Sims
Random Selection - 2.90 17.60 35.73
Iterative Hill Climbing (LDP) - 7.20 46.23 87.33
Iterative Hill Climbing - 5.57 43.20 102.77
(GL2Vec)
Learning-Supported 50 14.00 89.37 151.93
Graph Space Exploration 100 - 100.87 178.77
(LDP-RF) 200 - 99.20 220.03
350 - 61.47 198.40
500 - - 179.90
Learning-Supported 50 3.5 28.53 51.57
Graph Space Exploration 100 - 53.37 122.07
(LDP-HGB) 200 - 98.97 226.67
350 - 63.03 205.93
500 - - 184.40

Table 5.3: Identified k best graphs by learning models using various numbers of training set
sizes within different simulation budgets.
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5.6 ML-Supported Metaheuristic Graph Space Exploration

I answer the third and last research question in this chapter by implementing the proposed

approach introduced in Section 5.2.

Comparative Study on Learning-Supported Metaheuristics

For the third and last experiment, I build a hybrid approach using ideas from local searches
and techniques of learning graph configuration spaces. This hybrid uses a learning model
that I only train with a small amount of training data. Then, I evaluate “neighbours” as we
do in local searches, but I define these neighbours as the graphs in the space with the closest
ML prediction to the best current solution in the search. I then use the measurements from
these neighbours to re-train the learning model. I iteratively predict, pick promising neigh-
bours, measure, and re-train the model until I reached the simulation budget. Eventually, I
count how many k best graph configurations I have identified during this search and com-
pare this result to the methods in the previous sections using either metaheuristics or graph

learning.

Results

I applied the hybrid approach, and following the results from the previous experiment,
I use LDP for embedding and the random forest regressor. I analysed multiple variants
using different numbers of initial training sets that I gathered through random sampling,
and different “neighbour” sizes (i.e., the number of most promising graph configurations, I

explore in each iteration). I have summarised the results of these experiments in Table 5.4.

In these results, we can see how the learning-supported hill climbing algorithm outper-
forms the other approaches in terms of identified k best graphs in the configuration space
over multiple simulation budgets. I can see how starting with a small training set to leave
most of the simulation budget for exploration and then go for many iterations of simulating

small sets, and re-training the learning model often, leads to the best results.

To put that into perspective, in a dataset of 40,000 graph configurations where I consider
only 1,344 of them as k best graphs in terms of AC usage (that makes 3.36% of the whole

dataset), I developed and implemented a technique based on the metaheuristic idea of hill
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climbing and regression analysis to identify 316.40 of those k best within the first 1,000 costly

simulations (that makes 31.64% of the simulations).

g @
= Y] 95} 95} o
‘" 5] o o =
Method = Z = i -
Random Selection - - 2.90 17.60  35.73
Iterative Hill Climbing (LDP) - - 7.20 46.23  87.33
Iterative Hill Climbing (GL2Vec) - - 5.57 4320 102.77
Learning-Based Exploration (LDP-RF) - - 14.00 100.87 220.03
Learning-Based Exploration (LDP-HGB) - - 350 9897 226.67
Learning-Supported Hill Climbing 50 10  16.20 157.47 316.40
20 19.13 152.10 307.47
50 13.83 134.87 301.17
100 - 138.43 296.83
100 10 - 139.90 313.33
20 - 137.07 309.13
50 - 134.67 287.43
100 - 108.27 27297
200 10 - 112.87 287.63
20 - 107.63 282.57
50 - 102.00 278.40
100 - 96.70  256.77
350 10 - 63.93 232.50
20 - 66.07 231.33
50 - 61.83 21143
100 - 7690 215.47
500 10 - - 190.50
20 - - 184.57
50 - - 173.47
100 - - 165.83

Table 5.4: Identified k best graphs by learning-supported hill climbing searches with various
training set and neighbour set sizes within different simulation budgets.
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Statistical Significance

After comparing the averages of thirty runs in the previous sections, I now have a look at
the statistical significance of these results. I do that by comparing the p-value of the Mann-
Whitney U test of the performances of all approaches presented in this chapter. I have sum-
marised the results in Table 5.5. For each entry in the table, I took the configuration with the
best average results, i.e., for learning-based exploration, I took random forest regression for
the columns 100 simulations and 500 simulations, but histogram-based gradient boosting

regression for the column 1,000 simulations.

Random IHC Learning  Learning-HC
100 Simulations
Random Selection 1.0 0.63 2.60 -107° 5.46 -10~°
Iterative Hill Climbing 1.0 456 -1073 210-107°
Learning-Based Explo- 1.0 0.06
ration
Learning-Supported HC 1.0
500 Simulations
Random Selection 1.0 0.31 7.90 1077 2921071
Iterative Hill Climbing 1.0 1.88 1074 7.02-107°
Learning-Based Explo- 1.0 1.83-107*
ration
Learning-Supported HC 1.0
1000 Simulations
Random Selection 1.0 2.07-107° 65710710 2931071
Iterative Hill Climbing 1.0 411-107° 1.20 -1071°
Learning-Based Explo- 1.0 9.88 107
ration
Learning-Supported HC 1.0

Table 5.5: P-values of Mann-Whitney U tests performed on the graph space exploration
methods in the previous sections.

As common, I interpret the p-values by comparing them to a significance level of 0.05.
For the Mann-Whitney U test conducted on the performances of random selection and it-
erative hill climbing in case of a small simulation budget (i.e., 700 and 500 Simulations), I
can see high p-values, meaning that here a small number of IHC runs performed so well
that the average seems much better than the performance for random selection while ac-
tually, most runs performed similarly. I can make the same observation on a smaller scale
for a simulation budget of 100 between learning-supported graph space exploration and

learning-supported hill climbing. In all other cases, I have p-values below the significance
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level, meaning that here there are no exceptional runs in the experiments distorting the av-

erage performances.

91



5.7 Discussion

In this chapter, I analysed product design exploration problems where the solution space
consists of complex graph structures representing the product configurations, and measure-
ments of individual product properties are computationally expensive (thus limiting the
exploration time). I explored multiple ways of identifying products with desirable proper-
ties by analysing graph configurations in the context of an HVAC application with limited

numbers of measurements:
1. embed the graph space, and apply metaheuristics,

2. embed the graph space, train a learning model, and measure graphs according to the

learning model’s ranking, and

3. embed the graph space, train a learning model, and apply local search techniques to

progressively select graphs for measurements, and re-train the learning model.

I observed how sophisticated metaheuristics (i.e., simulated annealing and Tabu search)
were not able to outperform an iterative hill-climbing approach. Since the simulation budget
(i.e., the number of measurements available) is limited, I observed it to be more successful
to hill climb from multiple starting points than spending simulations on getting out of local
optima. I even found this iterative approach so successful that when I applied a hill climb
with regression analysis (as the criterion of closeness in terms of performance of the graph
configuration), it outperformed a sequential approach of training, predicting, and exploring

in that exact order.
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5.8 Conclusion

The work presented in this chapter tackles the problem of exploring graph configuration
spaces. I aim to find (a set of) graph candidates representing configurations of a system
that exhibit desirable properties. I assess these properties with computationally expen-
sive simulations. I presented three approaches to finding these graph configurations in a
large space (40,000 candidates) with different simulation budgets (100, 500, and 1,000 sim-
ulations): (RQ 5.1) a metaheuristic search, (RQ 5.2) a machine-learning-based search, and

(RQ 5.3) a learning-supported metaheuristic search.

I found that an important component to efficiently explore the graph space is an expres-
sive embedding, and I can claim that for my use case, iterative approaches performed better
than sequential approaches, i.e., when a hill-climbing finds a local optimum, it is more effi-
cient to start at a new random solution than using up the simulation budget to get out of the
optimum. Even for the learning-based approaches, I found an iterative approach of starting
with a small training set, and re-training the system during the exploration is more efficient

than a sequential approach of sampling, measuring, training, and exploring.

Future work is needed to investigate whether these approaches generalise to larger

graphs, as well as graph configuration problems in other domains.
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6.1 Introduction

So far, I have established the problem of learning graph configuration spaces, implemented
and analysed two learning approaches, and used it in context of one application, i.e. graph
space exploration for single objectives in large generated sets of configurations. I have not
yet, however, applied LEGCS in an optimisation setting, where I use the LEGCS predictions
to generate and evaluate new graph configurations. In this section, I modify Case Study II
based on traffic networks that I introduced in Section 3.5.2 to a multi-objective optimisation

problem that I aim to solve with a LEGCS-supported genetic algorithm.

Genetic algorithms are a widely used population-based metaheuristic for optimisations
in a variety of application domains [62]. These include facility layout, scheduling, inventory
control, network design, etc. As soon as we can describe single solutions as “genomes”, and
formulate a fitness function to assess the quality of these genomes, we can apply genetic

algorithms.

It becomes more difficult, however, when (1) single solutions are described as graphs
instead of straightforward Euclidean structures (i.e., vectors), (2) assessing the fitness in-
cludes multiple objectives instead of one clear goal to optimise towards, and (3) some of
these objectives require computationally expensive simulations to estimate the fitness. In
this chapter, I present a use case that tackles all three of these complications: a traffic net-
work exploration problem, where we connect 32 towns with a road network while minimis-
ing the overall road length and simultaneously minimising the average travel time that we

assess with resource-intensive computer simulations.

Since frequent genome assessments are necessary for genetic algorithms, I use predic-
tions of a learning model to replace the majority of the simulations in the optimisation pro-
cess, and investigate whether this loss of accuracy in terms of fitness assessment is tolerable
when it allows a more successful optimisation process on the same computation budget for

simulations.
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In this chapter, I apply LEGCS to evaluate large numbers of similar graphs during a

genetic algorithm to answer the research question:

RQ 6 How does a LEGCS-supported genetic algorithm compare to a plain genetic algorithm
(without LEGCS support) when applied to a multi-objective traffic network optimisation problem

with respect to the obtained Pareto fronts?
Contributions. This chapter makes the following contributions:

1. I propose a pipeline of supporting genetic algorithms with LEGCS to apply to a traffic

network design problem.

2. Ireport on a controlled experiment that optimises a traffic network to minimise travel-
ling time as well as the overall length of roads. In this experiment, I compare a genetic

algorithm with and without LEGCS support.

The results show that replacing a majority of fitness assessments in a genetic algorithm
and spend costly simulations only on genomes with promising ML predictions, leads to a
loss of accuracy in the fitness assessments that is outweighed by the higher number of gener-
ations we can run on the same simulation budget. Giving the LEGCS-supported algorithm
more time to evolve as opposed to the GA without LEGCS the genomes led to an increase

of the hypervolume indicator in the Pareto front of identified solutions.

The remainder of this chapter is structured as follows: In Section 6.2, I present my proposed
approach. After that, I present a refined case study in Section 6.3 that I use for this chapter.
In Section 6.4, I present the research design to answer RQ 6, and discuss the results of my

experiment in Section 6.5. This chapter closes with a conclusion in Section 6.6.
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6.2 Proposed Approach: LEGCS-Supported GA

In this section, I show how I aim to accelerate the evaluation process within the GA by
replacing the majority of the computationally expensive simulations to assess the fitness of

the genomes in each population with predictions from a learning model.

Figure 6.1a shows a first approach to implementing a GA that uses computationally
expensive simulations to assess the fitness of individual genomes. The termination of this
GA is directly dependent on a simulation budget, i.e., the maximum number of resources I

am able to spend on the optimisation process. This motivates my proposed approach.

In Figure 6.1b, I present the proposed approach using LEGCS to limit the number of
simulations to 10% of genomes in each population. With this modification, I can manage to
increase the iterations of the genetic algorithm by factor ten on the same simulation budget

at the cost of less accurate property assessment during the optimisation process.

In an experiment, I observe whether this loss of accuracy in the assessment is tolerable
because the increased number of generations would lead the algorithm to find solutions
with better properties. I conduct this experiment in which I compare the performance of the

GA with and without LEGCS in a MOO setting.

98



Initial Population

i

f GA - Evolution \ Simulator
! ]
Current Population ]7 @
< Y

A

@ T Assessed Fitness
-
New Population ‘(—K @ /

(a) Genetic algorithm using computationally expensive simulations to assess the fitness of genomes.
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Figure 6.1: Genetic algorithms we compare within this study.
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6.3 Case Study II-B: Multi-Objective Traffic Network Optimisa-
tion

In this section, I describe how I expand from the problem of exploring a set number of
traffic networks on a simulation budget that I presented in Section 3.5.2 to a traffic network
optimisation problem in which I apply a genetic algorithm. I start by phrasing the goals
within the case study, the assessment of configuration properties, and how I apply a GA
to this graph optimisation problem. I close this section with how I evaluate my proposed

algorithm of LEGCS-supported GA.

Goals within the case study

Similarly to the case study in Section 3.5.2, I work on traffic networks connecting 32 towns

and cities in Ireland, and I aim to find connecting streets so that:

¢ the travel times are low (ideally, that means low travelling distances and high traffic

flow), and
¢ the number of costly simulations to assess these travel times are low.

While these goals work well for an exploration problem on a given set of traffic net-
works, an optimisation algorithm modifying the dataset, I work on, would search towards
a complete graph. In order to make this problem more challenging, I introduce another goal
that conflicts with minimising the travel times of cars in the network. I want to find traffic

networks where:

¢ the overall distance of all streets is low (ideally leading to low costs to build and main-

tain streets).

I apply multi-objective optimisation to find a Pareto front of solutions with desirable

properties that satisfy both conflicting goals.

Traffic Network Generation

For the initial populations, I use subsets of the graph configuration, I generated for the case
study in Section 3.5.2. In the process of evolutionary computation, the algorithm generates

new traffic networks based on crossover and mutation. To ensure that the constraint of this
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use case (i.e., strongly connected graphs) is met by those new networks, I apply healing to
all graph configurations before evaluation by adding the minimum number of edges to the

graph configuration that makes it strongly connected.

Configuration Assessment

Similarly to the case study on traffic network exploration, I assess the distance d and the av-
erage speed s of each car c in the network to determine the overall travel time. Additionally,
I now assess the overall road length in the street network by adding up the edge weights w.

Mathematically speaking, the two minimisation functions of this optimisation problem are:

min f1(G) = ) de

ceC Sc

min f»(G) = Z W,

ecE

I apply multi-objective optimisation by keeping the objectives separate and optimising

towards both objective functions:
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6.4 Research Design

The research question raised in the introduction asks for a “Design, evaluation, or analysis
of a particular instance” [100]. After I presented my proposed approach to improve the
performance of a genetic algorithm that is limited by the number of fitness assessments in
Section 6.2 and refined the case study I operate on in Section 6.3, I discuss in this section
the technical details of the controlled experiment I conduct to answer RQ 6 following the
guidelines of reporting on a controlled experiment [102]. I start with how I apply a genetic
algorithm to the multi-objective traffic network optimisation problem, and how I evaluate

the performance of the genetic algorithm both with and without LEGCS support.

Application of a genetic algorithm to traffic network optimisation

For the refined case study, I apply a GA to a graph configuration problem, in this case: a
traffic network optimisation. Since the configurations (i.e., street networks) only differ in
their edges, and the nodes of 32 towns stay the same, I decided to apply an edge encoding.
Since my configuration goal is connecting the same 32 nodes, we can look at this configu-
ration as a combinatorial problem. In my encoding, I give every possible edge in the graph
configuration a unique index. The graph of one street network is now encoded as a list of
all possible edges sorted by their individual indices, where 0 represents edges that are not
included in this particular graph, and any natural number represents the number of lanes

on this specific street.

For the multi-objective genetic algorithm, I use the NSGA-II algorithm [127] — imple-
mented by JMetalPy [128] with normalised objective functions. NSGA-II is one of the most
popular multi-objective optimisation algorithms as it is commonly used as a base algorithm
for comparing new algorithms [129]. My simulation budget is set to 5,000 simulations (i.e.,
the number of simulation I can run within 24h), so in a GA without LEGCS, I work with 10
iterations on populations of 500 genomes, while in the LEGCS-supported GA, I work with
100 iterations and the same population size, where only 50 genomes are simulated in each
iteration. I use a non-dominated ranking in the LEGCS-supported GA to determine these 50
genomes, and only consider simulated genomes in the Pareto fronts in the results section. I
use simulated binary crossover and polynomial mutation. If a solution is not strongly con-

nected (i.e., one cannot reach every node from any node in the network), a healing algorithm

102



adds the minimum number of edges to fulfil this requirement.

Algorithm evaluation

I'include LEGCS in this optimisation process to assess more graph candidates without us-
ing more computationally expensive simulations. As benchmark, I compare this approach
against a genetic algorithm relying on the same amount of simulations without LEGCS. In
terms of multi-objective optimisation, I take the hypervolume indicator of the identified
Pareto fronts as a performance measurement of the genetic algorithm. I include nine runs
of both approaches on the same datasets to rule out an imbalance of the performance due to

random decisions made in crossover and mutation operations.
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6.5 Results and Discussion

In this section, I present and discuss the results of my controlled experiment to answer RQ 6

in context of Case Study II-B.

Learning Accuracy

The idea of replacing simulations with ML predictions stands and falls with the reliability
of these predictions. We need to make decisions with a trade-off here: keep the number of
simulations low so that we can run the GA over more generations on the same simulation
budget while also sufficiently re-training the learning model to keep the prediction error low
and, thus, have the GA optimise efficiently on accurate predictions, even when the graphs in
each generation shift away from the initial population that we trained the learning models

on.

In Section 4.5.2, I compared the initial prediction errors of LEGCSgnn and LEGCSgp+ reg,
and with my setup of training the models on the initial population (500 graphs), and re-
training them with 50 graphs per generation every 10 generations, the learning models kept

the MAE consistently under 0.05 and the coefficient of determination above 0.9.

Improvement in Traffic Network Optimisation

In this section, I compare the performance of the GA in a MOO with and without the support
of LEGCS. This performance is assessed by the average hypervolume indicator over nine

runs of the algorithm.

As we can see in Table 6.1, the GA with LEGCSgnn outperforms the original GA after
50% of the simulations according to the hypervolume indicator, GA with LEGCSE b reg

already after 30% of the simulations.

In Figure 6.2, we can see the Pareto fronts of the identified solutions of the algorithm
during the optimisation process. The shown run is the one with the median hypervolume
indicator improvement to ensure that I have not picked a run whose behaviour is an outlier.
We can see that while the overall number of non-dominated solutions in each iteration is
lower in the LEGCS-supported approach (this might be due to only including solutions

with simulated fitness assessments), the distance between the Pareto fronts, and thus, the
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performance according to the hypervolume indicator, is much higher. This distance between

the Pareto fronts describes the progress of the optimisation during the same number of

simulations.
Hypervolume indicator Genetic GA with GA with
Algorithm LEGCSGNN LEGCSEmb+Reg
initial training 0.607 0.607 0.607
after 500 simulations 0.606 0.621 0.642
after 1,000 simulations 0.618 0.634 0.652
after 1,500 simulations 0.625 0.640 0.661
after 2,000 simulations 0.633 0.650 0.661
after 2,500 simulations 0.638 0.663 0.666
after 3,000 simulations 0.643 0.666 0.671
after 3,500 simulations 0.646 0.670 0.678
after 4,000 simulations 0.650 0.676 0.676
after 4,500 simulations 0.654 0.676 0.682
after 5,000 simulations 0.656 0.683 0.686

Table 6.1: Improvements on the hypervolume indicator over the course of the GA. The val-
ues are averages over nine runs.

Statistical Significance

After comparing the average runs above and having a closer look at the run with the me-
dian improvement on the hypervolume indicator, I now take a look at the statistical sig-
nificance of these results. Similarly to the previous chapter, I compare the p-value of the
Mann-Whitney U test on the results to make sure exceptional runs did not distort the re-

sults. As input, I take the hypervolume indicator of all runs after 5,000 simulations.

Genetic GA with GA with
Algorithm LEGCSgNN LEGCSEmb+Reg
Genetic Algorithm 1.0 8.23-107° 4.12-107*
Genetic Algorithm with LEGCSgnN 1.0 0.54
Genetic Algorithm with 1.0

LEGCSEmb+Reg

Table 6.2: P-values of Mann-Whitney U tests performed on the results of the optimisation
strategies in this chapter.

By comparing the p-values in Table 6.2 against a significance value 0.05, we can see that
a LEGCS-supported GA has a significantly better performance than GAs without LEGCS.
The choice of learning model (GNN or embedding with regression) makes no significant

difference in terms of the optimisation outcome.
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6.6 Conclusion

In this chapter, I demonstrated the use of LEGCS in a multi-objective optimisation setting
by applying it as a cost-efficient fitness function in a genetic algorithm that optimises traffic
networks. I have shown that there is a trade-off between the accuracy and the cost of fitness
assessments. In an experiment where accurate fitness assessments are costly, I relied on a
prediction model for the majority of assessments to achieve more iterations for the GA to

explore traffic network candidates. This led to a more efficient use of the simulation budget.

I found that in our experiment, the learning-supported GA outperformed the GA with-
out LEGCS and a simulation budget of 5,000 already after 1,500 simulations. A further study
on the statistical significance shows that a genetic algorithm with LEGCS support leads to
Pareto fronts of graph configurations with significantly better performances (lower average
travel time and overall street length). It does not make a significant difference in the im-
provement here whether we choose a GNN-based learning model or an embedding-based

learning model.
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Chapter 7

Limitations and Future Directions
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7.1 Threats to Validity

At this point, I reflect on the experiments and results in this thesis and acknowledge factors
that may make my findings susceptible to biases or limitations, potentially impacting the

validity and generalisability of my conclusions.

Construct validity. The first case study in this work is based on a MATLAB house ven-
tilation example [5]. I modified the configuration of the HVAC system within the domain
constraints to generate a valid configuration set to operate on. The second case study in-
cludes SUMO street networks of towns in Ireland. I can claim validity in terms of searching
in a set of valid MATLAB house models and respectively optimising valid street networks
according to the SUMO engine, but I cannot make claims on the implications these models

would have in real-world settings.

Internal validity. The LEGCS approaches in the case studies of this thesis are based on
MATLAB Simulink and SUMO simulations. So every attempt to explore and optimise a
real-world system can only be as good as the simulation, which represents the correspond-
ing reality. All simulations performed to assess the properties of each graph configuration
candidate were performed by a MATLAB engine on the same machine or a SUMO engine
on the same machine. These simulations are (although complex) deterministic, so I can con-
fidently say that there are no factors influencing the performances of the graph candidates

other than the graphs themselves.

External validity. Since I have only conducted experiments in the context of an HVAC sys-
tem with comparatively small graphs (up to 10 nodes) and in context of street networks on
graphs up to 32 nodes, I cannot claim generalisability for larger graphs or domains outside

of engineering.

Conclusion validity. Iaimed for a general understanding of the performance of all tested
approaches by running every experiment numerous times and compare average or median
values. In addition, in Chapters 5 and 6, I also conducted a Mann-Whitney U test to identify

cases where outliers distorted the average performances.
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7.2 Directions for Optimising LEGCS

In this section, I capture future work arising from the undertaken research and approaches
to explore based on the findings of this thesis. First, I explore directions based on each phase

of LEGCS, and in the following section, I discuss more applications for LEGCS.

Sampling

In the explorative parts of this thesis, I operated on datasets where I generated a large num-
ber of valid configurations. Not in scope were sophisticated graph generation techniques
that verifiably cover the whole graph configuration space. Thus, one future direction is to
integrate more sophisticated graph generators; this would preempt that well-performing
and valid graph configurations are not found because they were not generated in the space

we operate on.

But even if the whole valid graph configuration space is generated, so far, I have only
looked into one sampling technique (random sampling) to gather training data for the learn-
ing model. In Chapter 4, I demonstrated that applying graph neural networks in Case
Study I leads to a slightly higher prediction accuracy since the model can fully exploit the
graph data instead of operating on vector representation. In context of this work, how-
ever, using GNNs has been proven to be impractical for explorative tasks due to the signif-
icantly higher sampling costs. One direction here is applying more sophisticated sampling
strategies to see if we can achieve these low prediction errors with a comparable number
of training data. These strategies could include: stratified sampling — divide the graphs into
classes, and select them so that all classes are represented in the training set, cluster sampling
— divide the graphs into clusters, and select one whole cluster as training set, importance
sampling — Analyse the graphs to detect important-to-learn graphs to include into the train-
ing set, or active learning with uncertainty sampling — Start training the learning model with
a small random set, and then select more graphs to include in the training set according to

the uncertainty of the model.

Measuring

Due to the low costs of simulations, I have only considered them to gather measurements

for the learning models. Ultimately, I have considered the outcome of these simulations as
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“truth”. However, following this logic, the predictions from the learning models can only
get as close to reality as the simulator is able to depict reality. One direction here would
be applying LEGCS using measurements from the real world by executing and measuring
systems, using static analysis, or user feedback to assess how well LEGCS can predict non-

functional properties in even more complex scenarios.

Learning

In Chapters 3 and 4, I presented and analysed two strategies of applying regression analy-
sis on a set of graphs. While I gathered a good understanding of why they work and the
dimensions of how well they work, there is more work to do to fully optimise the learning
results using techniques such as hyperparameter tuning. These techniques would surely be
able to improve the prediction accuracy by a few percentages. Those improvements might

further facilitate the exploration and optimisation process in the graph configuration spaces.

Evaluating

In this work, I focused on “only” identifying as many k best graph configurations as possible
with a limited number of simulations in the first case study and optimising towards multiple
goals on a simulation budget in the second case study. So far, I have not attempted to under-
stand which substructures in those graphs have the largest influence on desirable properties
—and which ones are less relevant. Mechanisms and behaviours in the prediction process of
deep learning approaches such as GNNs are already difficult to comprehend [110], but even
in the embedding-based approach, we need two interpretations: (1) how graph structures
are captured in the embedding, and (2) what parts of the embedding lead to good predic-

tions.

Additionally, I have not analysed how diverse the identified set is, i.e., whether LEGCS
finds a large number of similar graphs and there is a whole different cluster of k best graph
configurations still in the dataset or if the set we identify is a fair representation of all k best
graphs in the configuration space. In the envisioned use case (providing a set of “best”
designs for review by human experts or further processing), I can expect that some diversity

of the found solutions would be beneficial, e.g., to identify design alternatives.
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7.3 Directions for Applying LEGCS

After presenting directions to optimise LEGCS in the previous section, I now discuss future

work for applying LEGCS.

Objectives

In their systematic literature review [1], Pereira et al. propose six application objectives for
learning software configuration spaces: pure prediction, interpretability, optimisation, dy-
namic configuration, mining constraints, and evolution. While one application can have
multiple of these objectives (such as my graph space exploration aims for accurate predic-
tions and optimisation), there is future work to do to evaluate the application of LEGCS for
interpretability — explain why graph configurations perform well or not, dynamic configuration
— monitor environment changes during runtime to adapt, constraint mining — identify com-
binations of features that make graph configurations invalid, and evolution — how LEGCS

can adapt to real-world changes in external conditions.

Generalisation and Scalability

In this work, I have demonstrated the applicability of LEGCS for exploration and optimi-
sation in context of two engineering domains. In those domains, I evaluated graphs with
a complexity of up to 32 nodes. More work is needed, however, to (1) determine the per-
formance of LEGCS for settings with large graphs and (2) assess the applicability of LEGCS
for domains outside of engineering, e.g., in chemistry to replace expensive measurements

of chemical reactions with graph-based ML predictions.
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Chapter 8

Conclusion
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In this thesis, I have adapted solutions from learning Euclidean configuration spaces to
complex graph configuration spaces. In Chapter 3, I proposed a pipeline to learn graph
configuration spaces (LEGCS) based on graph neural networks that I applied to two case
studies (HVAC systems and traffic networks). With LEGCS, I was able to identify half of the

HVAC systems with the minimal AC usage while only simulating 13.75% of the dataset.

Afterwards, I explored a variation of this pipeline in Chapter 4 , where I replaced the
GNN with a graph embedding and a regression model operating on the vectors represent-
ing graph configurations. Furthermore, I conducted an in-depth study on the various com-
binations of embedding and learning techniques for the learning phase of LEGCS where 1
have shown that embedding strategies have a greater influence on the prediction errors than
the choice of (sophisticated) learning model. Learning models are not capable of exploiting
information in the graph dataset that is not preserved by the embedding. This variation al-
lows us a more data-efficient training to achieve accurate predictions. In the first case study,
we can now already identify half of the k best graphs with 11.4% of simulations, in the sec-

ond case study already after 7.4% of the simulations.

After mostly focusing on learning in the context of LEGCS in these two chapters, I pre-
sented two applications of LEGCS in the following two chapters: graph space exploration

in HVAC systems and graph optimisation on traffic networks.

In Chapter 5, I applied LEGCS, metaheuristic local searches, and LEGCS-supported
metaheuristic local searches to explore the HVAC dataset in the first case study on three dif-
ferent simulation budgets. The results show that a LEGCS-supported iterative hill-climbing

approach spends 31.6% of its simulation budget identifying the top 3.4% of the dataset.

Eventually, in Chapter 6, I used a population-based metaheuristic, a genetic algorithm, to
investigate whether a LEGCS-supported genetic algorithm can improve the optimisation of
traffic networks. In a multi-objective optimisation, I found LEGCS to improve the optimisa-
tion results significantly. The hypervolume indicator of the identified graph configurations
of the GA without ML was already outperformed by the LEGCS-supported GA after using

up only 30% of the simulation budget.
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The work presented in this thesis lays the groundwork for learning graph configura-
tion spaces to support metaheuristic exploration and optimisation in engineering domains.
Future directions include fully leveraging the potential of LEGCS by optimising sampling,
learning, and evaluating strategies as well as investigating the potential of LEGCS for more

tasks such as dynamic configuration, constraint mining, and evolution.
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