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Abstract

The goal of modern manufacturing is to use machines to produce a product according to eco-
nomic target criteria, e.g. quality characteristics or production speed. To achieve these target
criteria, parametrisation processes, in which skilled operators iteratively adjust parameters of the
machinery, are conducted. During parametrisation processes, raw material and energy is used.
Furthermore, both personnel and production capacity are required. In contrast to this, external
factors such as demographic change with resulting skilled labour shortage and climate change
highlight the finite nature of these resources while increasing customisation of products leads to
a decrease in production batches. Therefore, reducing the amount of iterations and thereby the
duration of parametrisation process needed is in economic as well as ecological interest. If it is
not possible to decrease the complexity of these production processes to allow the operators to
cope with the challenges of skilled labour shortage and to increase the efficiency of raw material
usage significantly, the producing industry in Germany, as it exists today, is unlikely to prevail.
This would lead to significant societal challenges due to the high amount of employment by this
sector.

Given sensing equipment that is able to measure quality characteristics, the goal of reducing the
time and resources spent during parametrisation processes can be achieved by providing operators
with suggestions for, or—if the quality of predictions are good enough and the corresponding
parameters can be digitally affected—automatic selection of, a suitable parametrisation. Applying
learning systems to this setting seems a reasonable choice given the widespread success they
enjoyed in recent years. However, even given the move towards interconnecting and digitalising
manufacturing through initiatives such as Industry 4.0, an application of learning system is met
with several challenges in practice. Firstly, manufacturing in general, but German manufacturing
in particular, is characterised by medium-sized businesses that heavily rely on the manufacture
or use of special purpose machinery. This leads to limited amounts of data, since machines and
the products they produce are often quasi unique, being produced at a very limited volume. Fur-
thermore, these medium-sized businesses often struggle in holistically digitalising their processes
and machines due to short-term economic planning which leads to an incomplete data landscape.
Secondly, the data available is strongly skewed. This is due to several years of manual optimisation
of the production processes in question which leads to relatively few unsatisfactory products
when compared to the overall number of produced products.

This thesis contributes to mitigating these practical challenges to manufacturing by proposing
a neuro-symbolic fusion of learning systems and the operators’ expert knowledge. Its main
contributions are twofold: Firstly, the concept of data-based knowledge extraction is introduced
to elicit tacit expert knowledge with minimal obstruction. Secondly, two regularisation-based
architectures for a neuro-symbolic fusion of the expert knowledge and learning systems are
presented. These contributions are developed on requirements gathered from two real-world case
studies, of which one is from an industrial manufacturing setting, and evaluated on a synthetic as
well as real-world dataset.

Data-Based Knowledge Extraction Extracting tacit knowledge gained by experienced op-
erators through multiple years’ worth of conducting parametrisation processes is not trivial.
Traditional interview and observation based knowledge extraction methods are encompassed
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with several drawbacks, e.g. time & specific knowledge engineering personnel required as well as
difficulties to extract quantified knowledge. Based on the analysis and formalisation of paramet-
risation processes, this thesis develops a data-based knowledge extraction approach. To mitigate
the challenges regarding data quantity and quality outlined above, the approach augments process
data with additional information interactively given by operators in times when their cognitive
load is relatively low. The procedural knowledge resulting from the data-based knowledge ex-
traction approach is represented in knowledge graphs which are usually mostly used for factual
knowledge.

Neuro-Symbolic Learning The procedural knowledge contained in knowledge graphs consti-
tutes symbols for neuro-symbolic learning. To directly fuse the procedural knowledge with neural
learning systems, a low dimensional vector representation is assumed to be beneficial. To this end,
custom embedding aggregation methods, which use established established knowledge graph
embedding methods, are developed and evaluated for procedural knowledge. Two regularisation-
based neuro-symbolic learning architectures are presented and thoroughly evaluated. These
approaches promise the benefits of improved quality of predictions, better generalisability and
smaller requirements regarding data quantity. This enables the application of learning systems
in challenging settings such as manufacturing, enabling it to cope with the challenges outlined
above.
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Part I.

Motivation, Formalisation & Scenarios

Manufacturing is confronted by various challenges from demographic change to human operators
interacting with more complex technology. This part outlines these challenges and why this thesis
is suited to address them. To this end, parametrisation processes are formalised (see Chapter 2)
and case studies presented (see Chapter 3).






Introduction

The goal of this work is to contribute to optimising parametrisation processes in manufacturing
by providing a methodology for data-based knowledge extraction and neuro-symbolic learning.
This helps to address challenges experienced in introducing machine-learning systems in real-
world manufacturing scenarios. In the first chapter, the motivation and problem statements are
discussed. This is followed by an overview of the research goal and the corresponding research
questions as well as contributions of this thesis. Finally, the structure of this thesis is presented.

1.1. Motivation and Goals

Manufacturing is a significant industry which was responsible for 25.79% of Germany’s gross
domestic product in 2017 [Sta22] and includes both, users and producers of machinery. In fact,
6000 companies are employing one million employees in machinery and plant engineering alone
[VDM17]. Manufacturing consists of production processes that aim to utilise ‘goods and services
[...] to extract raw materials or to produce or manufacture goods and to generate services’
[Blo+14]. These processes are facilitated by humans or machines and produce products according
to target criteria, e.g. quality characteristics or productions speed. Consider injection moulding
as an example in which plastic is heated and injected to a mould to produce a product, e.g. plastic
bricks. Often, production processes are sophisticated and require a high degree of specialisa-
tion on the operators’ part to fulfil the target criteria and mitigate occurring quality defects as
evidenced by the fact that humans are one of the main drivers of quality defects [SC17]. To
mitigate occurring quality defects, operators adapt parameters of the production process which
we refer to as parametrisation or reparametrisation. Another example showcasing the complex-
ity is extrusion, where a production process incorporates an assembly of multiple machines
stretching often to up to 100 meters leading to a delay between parametrisation and observable
change in the overall quality characteristics [HSB22]. Combined with complex parameter-quality
dependencies, this leads to long onboarding times, i.e. employees are only able to solve occurring
quality defects independently after multiple years of work experience [TBH19]. Small-batch and
lot-size-one production were introduced to answer the market’s demand of shorter product life
cycles [PRF08], more individualised products [KSH12] and special purpose machinery [Fral6].
They further exacerbate the complexity for machine operators due to the high amount of repara-
metrisations necessary. Due to a shrinking workforce caused by demographic changes [AB18;
Bic+18; Loh+18; TBH19] and higher fluctuations of the workforce, it is exceedingly hard for
manufacturing companies to find, train and retain qualified operators. Consequently, the com-
plexity of parametrisation processes needs to be lowered to achieve lower onboarding times of
operators. Assistance systems, which propose parametrisations to the operator promise to be
an answer to this challenge [Han+20; HSB22; Apt+18; TBH19]. In the context of Industry 5.0
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they strengthen the socio-technical combination of operator and machinery [Xu+21] bridging
the gap between fully automated processes that often utilise learning systems and those where
human cognition and reasoning remains necessary [FO17]. Compared to assistance systems based
on static extracted knowledge the learning component allows the system to be able to react to
changes in the environment, e.g. to the production process or to the desired product.

Applying learning systems to live production settings, however, is not straight forward as
evidenced by the fact that only 14% of related works in manufacturing use data from running
productions [TM22]. We propose that the same characteristics that increase the complexity for
human operators, e.g. small-batch production, also increase the complexity for the application
of learning systems. Therefore, either a high degree of generalisability of trained models or
successful transfer learning strategies become necessary since it is unfeasible to learn from the
resulting small amounts of process iterations. Also, even though the degree of connectivity
between machines is growing [Mor+16], which necessitates digital sensor measurements, data
concerning production processes is still coarse, i.e. missing or imprecise [Bou+19]. The coarsity
stems from hardware sensors that are often imprecise, prone to anomalies and only applicable to
a subset of a product’s quality characteristics. Consequently, proper cleaning and validation is
necessary for the sensor data which is not always present in practice. Furthermore, production
processes have been manually optimised to a high degree resulting in a strong imbalance of
satisfactory products to those showing quality defects. Lastly, the learning systems are required
to deal with a high dimensionality (the amount of affectable parameters often ranges into the
hundreds).

To ensure the competitiveness of German manufacturers in times of demographic change and
increasing requirements regarding workplace flexibility, this thesis sets out to mitigate these
practical issues. The overall goal is to optimise parametrisation processes in manufacturing by
addressing the parameter prediction problem (see Section 13.1) which is closely related to the
predictive quality problem [TM22]. The resulting parametrisations, which mitigate quality defects
observed in the previous process iteration, can then be used in intelligent assistance systems
[TBH19; Han+20] as recommendations to the operator or automatically applied if their quality is
satisfactory. To address the challenges outlined above, specifically generalisability and coarsity,
we follow the current trend towards neuro-symbolic learning systems [Hit+22] that combine
formalised knowledge with learning systems to increase generalisability and performance on
low amounts of data [Hit+22; Sar+21; SPG19]. The expert knowledge which constitutes the basis
for our symbolic system is not readily available since in manufacturing knowledge is usually
tacit, i.e. experts cannot verbalise it directly, and therefore difficult to extract. Furthermore it has
mostly procedural characteristics, i.e. it is knowledge about how to accomplish a goal and which
techniques to apply [Kra02]. Since established knowledge extraction methods for procedural
knowledge require a large amount of manual effort and often result in unquantified knowledge
[HSB22], which does not result in conclusions of actual parametrisations but rather high-level
dependencies, the research of data-based knowledge extraction techniques is a further goal.
Through our holistic approach towards data-based knowledge extraction and neuro-symbolic
learning systems, we provide the foundation for assistance systems for the parametrisation
problem in manufacturing. Furthermore, to the best of our knowledge, it constitutes the first
successful application of neuro-symbolic learning systems that utilise symbolic knowledge to
increase the predictive performance in manufacturing.




1.2. Contribution

This thesis addresses challenges faced by machine learning approaches in industrial settings. To
this end, it develops approaches of data-based knowledge extraction and neuro-symbolic methods
for the fusion of expert knowledge and learning systems. A majority of the approaches have
previously been published or are in the process (see Appendix A). The contributions of this thesis
are:

- aformalisation of the parametrisation process, which aids the understanding of the
process operators undertake and builds the theoretical foundation of our approach to
data-based knowledge extraction

« a flexible and extensible framework for generating synthetic datasets (PDPK) contain-
ing process data along with corresponding procedural knowledge which provides a
foundation for research with procedural knowledge in parametrisation settings

« a data-based knowledge extraction method that allows the extraction of procedural
knowledge of operators in a quantified manner without extensively disrupting their day to
day business. To this end:

— identifying a period where the operators’ cognitive load is reduced and querying them
for insights into their parametrisation choices. These insights constitute example
based extracted knowledge segments

— development of a method for the aggregation of knowledge segments into form-
alised rules with quantified conclusions that can be used to mitigate quality defects
and can serve as a knowledge base out of which recommendations can be generated

« different representations of procedural knowledge in Knowledge Graphs (KGs) and an
evaluation of established embedding methods on these

« developing a method to identify and embed the parts of the KG pertaining to a given
quality defect, i.e. all rules that could be applied to this input, into vectors that can be
processed by downstream learning systems. To evaluate the quality of these embeddings,
we introduce a metric, matches@Xk, which is suited to evaluate the quality of these

embeddings.

« the development, adaption and evaluation of neuro-symbolic learning systems that
utilise formalised expert knowledge to guide learning systems through regularisation.

1.3. Thesis Structure

This thesis is structured in four parts, with Figure 1.1 showing the general outline. Here, arrows
indicate dependencies between the respective chapters or parts, giving the reader an orientation
about which chapters to read in which order. In Part I the first chapter, Introduction, deals with
foundations necessary for the motivation for this thesis and the goals it hopes to achieve. Also, it
summarises the contributions of this thesis to the state of the art and gives an overview of the
thesis structure. The second chapter introduces a Formalisation of Parametrisation Processes on
which the elicitation methodology (see Chapter 5) is based. The third chapter, Case Studies, details
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Figure 1.1.: Outline of the thesis with arrows showing dependencies between parts or chapters.

the case studies on which this thesis is built. Namely, we analyse an additive manufacturing
process (fused deposition modelling (FDM)) and polymer extrusion as representatives for discrete
and continuous production processes, respectively. Furthermore, we present a framework for the
generation of synthetic process data with consistent procedural knowledge (PDPK) and the main
dataset we generated using PDPK.

The second part constitutes a part of the main body of this thesis and details the concept of
Data-Based Knowledge Extraction, which we developed to be used in conjunction or independently
of more traditional knowledge extraction methods to arrive at quantified procedural knowledge
with less aggressive intrusions into the day to day business of operators. We present the state of the
art in Chapter 4, Related Work, and detail our reasoning behind the process and infrastructure for
the Elicitation (see Chapter 5) of example based knowledge segments. These are then aggregated
into coherent rule bases in Chapter 6. Advantages and limitations of this methodology are
presented in Chapter 7, Evaluation.

The third part deals with representations and embeddings of procedural operator knowledge,
regardless whether it is provided through data-based or traditional knowledge extraction tech-
niques. Again, we first present Related Work in Chapter 8 before detailing knowledge graphs
Representations of procedural knowledge in Chapter 9. Approaches towards embedding parts of
the knowledge graphs, that constitute rules pertaining to an input or query, using established
embedding methods and sum-based aggregations are presented in Chapter 10. The Evaluation
presented in Chapter 11 evaluates node embeddings and subgraph aggregations for the presented
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representations via a surrogate metric for downstream performance, matches@k, which compares
distances between graph and embedding space.

The fourth part concludes the main part of the thesis, outlining our understanding of Neur-
o-Symbolic Learning Systems and their uses and limitations in manufacturing scenarios. Based
on Related Work presented in Chapter 12, we identify regularisation-based neuro-symbolic as
a promising research direction to fuse expert knowledge and learning systems. In Chapter 13,
we detail its application to manufacturing, developing two architectures: one relying on know-
ledge graph embeddings, the other directly using the extracted knowledge. Their characteristics
are compared to a multi-layer perceptron which does not make use of additional knowledge in
Chapter 14. Also, we are able to re-evaluate the effect of different embedding methods and the
dataset similarities with this downstream scenario.

The fifth part concludes the thesis by summarising our findings in Chapter 15 and giving an
outlook in Chapter 16.







A Formalisation of Parametrisation Processes
in Manufacturing

The inspection of various manufacturing processes during this thesis has shown that parametrisa-
tion processes follow a similar pattern, i.e. the quality of the produced product is influenced by a
multitude of factors and the operator tries to mitigate occurring quality defects. This chapter is
based on the publications [Nor+21; Nor+22a]—citations of these works are not separately denoted.

On a high level of abstraction, the general parametrisation process encountered in manu-
facturing and observed in both real-world case studies is shown in Figure 2.1. It consists of a
parametrisation, i.e. a concrete instance of process parameters (see Definition 2.1.1), which con-
trols the behaviours of a production process. This production process then produces the desired
product. The quality of the produced product is regularly controlled manually or automatically,
either at the place of manufacturing or in downstream laboratories. If the product has not reached
a sufficient quality or a quality anomaly is detected the operator has to adjust the parametrisation
accordingly.

In the following, this chapter formalises the parametrisation process. At first, discrete produc-
tion processes, which are characterised by the production of a discrete and identifiable product, e.g.
a plastic brick, are considered. Their formalisation is then shown to be applicable to continuous
production processes, in which a continuous quantity of product—for example edge banding—is
produced, by discretising them.

2.1. Discrete Processes

Discrete manufacturing processes are processes that produce a specific quantity of discrete,
identifiable products, e.g. plastic bricks, in each process iteration [MO19]. Representatives of
discrete manufacturing are, e.g. injection moulding, additive manufacturing techniques or casting
processes.

The remainder of this section provides a formalised view of the parametrisation process prac-
tised in such discrete processes. Factors that affect the process, and thereby the quality of the
produced product, can be divided into factors the machine operator can adjust during production
and those that are considered non-adjustable (e.g. environmental conditions). Adjustable para-
meters are referred to as process parameters p € P, with quantified Parameters p € P defined as
P = {(v,p) € (quantifies) |[p € P and v € R or v € [R,R]}, i.e. p is quantified by a real valued
number v € R or a parameter range. (quantifies) describes a relation between a real valued quanti-
fication, and another entity, e.g. v and process parameter p. A parametrisation ¢; € ® of a product
which is produced through iterations of the production process ¢ € J, is represented as a vector
consisting of concrete instances of n € N adjustable parameters: ¢; = (po, . . ., pn). Analogously,
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Figure 2.1.: Parametrisation process as encountered in manufacturing.

quality characteristics ¢ € ), which are exhibited by the produced product, are quantified by
m € N different 0 € O with {(p,q) € (quantifies) |¢ € @ and i € [R,R]} and described by
0; € © with §; = (og, . .., 0, ), which results from the corresponding parametrisation.

Parametrisation choices are made on the basis of non-adjustable factors A = Z U € U T, where
the multi-dimensional expressions of product or object characteristics z € Z, target criteria c € C
and environmental factors 7 € T are dependent on the manufacturing process. A production task
w € ) is defined as a combination of characteristics Z and target criteria €, w = Z LI C.

Definition 2.1.1 (Parametrisation Process). Based on our observations of parametrisation pro-
cesses in different manufacturing domains, we propose that operators iteratively choose a para-
metrisation for each iteration of the production process according to a complex internal mental
model [MO19] that is based on prior knowledge, education and experience:

¢itv1 = f({z,¢,7H{do, ..., &} {0o, ..., 0:}, M) (2.1)
with:
« object characteristics z € Z which characterise the product that should be produced,
« target criteria c € C (e.g. optimal quality or minimal cycle times),

« current environmental parameters 7 € 7 that are dependent on the process e.g. environment

10
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temperature, material used or machine health,

« parametrisations ¢q,...,¢; € @ for previous iterations, each consisting of quantified
process parameters p € P,

« qualities 0, . .., 0; € © achieved at previous iterations for the respective parametrisation,

« tacit declarative, procedural and conceptual knowledge M available to the machine operator
that has been gained through e.g. instruction, training or education.

M is assumed to be relatively constant during the parametrisation process, since the paramet-
risation process is of short duration compared to the time the operator has spent learning and
building M.

Initially, a production process is parametrised by a standard parametrisation ¢ of default
values, which is, for example, determined during initial setup of the production process and can be
dependant on the produced object. To evaluate ¢g := ¢, the operator executes the manufacturing
process resulting in a product with the quality 8y. The operator then tries to iteratively—the current
process iteration is denoted as i—find a (pseudo-) optimal parametrisation fulfilling the constraints
given by {z,c, 7}. Just as with the initial parametrisation, the current parametrisation ¢; is
evaluated by executing the manufacturing process and subsequently evaluating the quality of the
produced product by quality assurance, leading to a new 6;. Based on 6; and additional constraints
on the parametrisation process, such as a set budget for parametrisation, the operator decides
whether to conclude the iterative process or to continue in hopes of finding a parametrisation
that returns a quality better fulfilling the target criteria. In the latter case, f(-) is evaluated anew.
Usually, however, the iterative search concludes when a good parametrisation is satisfactory in
regard to the target criteria and can not be improved upon within a few iterations. After the
iterative search has concluded, selecting the optimal parametrisation ¢* = arg max, {0y} for
production completes the parametrisation process and allows production to commence.

Underlying the operator’s decision process regarding the chosen parameters is the concept of
influences ;1.

Definition 2.1.2 (Influence). Influences a1 for the choice of the parametrisation ¢;; is given
by:

ait1 ={zxjz e AU P LU Qand

x influences the choice of values for ¢; 11},

where P and Q are the power set of all parameters, P, and qualities, (), respectively.

To illustrate the parametrisation process and its formalisation we refer to Figure 2.1 and consider
the following simplified examples of two parametrisation processes as described later in detail in
Chapter 3:

Example 2.1.1. An operator is tasked to manufacture an object a that has not been produced pre-
viously with optimal achievable quality. The operator starts by using the default parametrisation
¢s € ©with ¢ = ((p1,4), (p2,5), (p3,6)) with p1, p2, p3 € P for the first iteration: ¢¢ := ¢ for
i = 0. Assume, this results in quality 6§ € © with 6§ = ((q1,1), (¢2,0), (¢3,2)) and q1, g2, g3 €
Q. Since we measure quality defects in this example, a quality of 0 in each dimension would
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be considered optimal. To improve the third quality aspect ;'3 = 0§ = (g3, 2) with of € O,
which then constitutes an influence «; for the next iteration, ¢ = 1, the operator adjusts the
parametrisation to ¢ = ((p1, 10), (p2,5), (ps3, 5)), which results in 6 = ((¢1, 1), (g2, 0), (g3,0)).
Note, that the tuples constituting ¢ and 6 are interchanged for readability, e.g. instead of (p;,4)

in ¢, (4, p1) is conforming to its definition.

Underlying our definition of the parametrisation process is the following simplification: we rely
on the set values as opposed to measurements taken during the parametrisation process. This is
founded on two observation: firstly, in a well calibrated manufacturing process the fluctuation of
measured values centre around the set value with their mean approaching the set value. Secondly,
in practice, multiple parameters can affect one measured value. In this case, intended changes
of a measured value can usually be traced to a specific parameter, e.g. in FDM printing the bed
temperature could be changed after the first layer.

2.2. Continuous Processes

Continuous production processes, e.g. extrusion, are characterised by the production of undiffer-
entiated products. Also, in contrast to discrete processes, the production process cannot be easily
stopped during production which leads to more complex solution strategies [MO19]. To apply
our formalisation of discrete production processes, we show how continuous processes can be
discretised. This allows the produced products to be used in the context of digital product twins
(DPTs) [EFG22], which combine physical products with data gathered during their production
or use. A requirement for the successful discretisation, however, is that knowledge about which
parameters or qualities correspond to which piece of the produced product is present, i.e. the time
at which the parameters affected the product or the product exhibited the qualities, respectively.
This knowledge can be gained by analysing the physical location in the production line where
the parameter affects the produced product, or the quality is measured. Furthermore, knowledge
about the individual time required until a setpoint p*** of a parameter p is reached, A, (p*, p**'),
is necessary. Since parameters are often controlled by closed control loops, reaching the setpoint is
defined by a parameter specific equality function, =, that takes the variance around the setpoint
introduced by the controller into account. If no actual value for a parameter, p**', is measurable,
the duration can be approximated by relying on domain knowledge. Finally, a quantity that consti-
tutes the sampling rate, and thereby the size of the discretised product, has to be defined depending
on the specific domain, e.g. a certain length, such as twenty centimetres, in the extrusion of edge
banding or a certain volume, e.g. a barrel, in the production of liquids. Based on this knowledge
about the production process along with the speed at which the production line operates, the
DPT can be calculated by aggregating the values of the respective parameters and qualities that
occurred within the bounds set by the size of the discretised product. The resulting product twins
can be viewed as corresponding to process iterations of discrete production processes.

To illustrate the compatibility with the parametrisation process for discrete production processes
presented in Section 2.1, Figure 2.2 shows the interplay of actions undertaken to mitigate a quality
defect and DPTs. Here, in process iteration 3 quality characteristic g is recognised as defective.
After a delay, A,, in which the operator constructs a parametrisation ¢;,; that mitigates the
defective ¢ by adjusting the setpoint of parameter p** of parameter p. The production process
strives to control the actual value p*** to equal this setpoint but usually this is associated with a
further delay A, until p** =, p** in process iteration 5. While the respective sub process that is

12



set

b

adjusted parametrisation
paCt =p pset production process
q defective
g ok quality
U Ba L, B
13 [ 4 T 5 | I [ 7 1 -- discretised product
\ 4 \ 4 L4 \ 4 > t

Figure 2.2.: Discretised continuous production process with a parametrisation process adjusting
p because of a quality defect q. Arrows denote events that occurred during the
continuous production.

affected by p has now adapted to the new parametrisation, the resulting quality ¢ can only be
measured after a further delay A, after which the product passed the respective sensor or quality
assurance station.

For discrete and continuous production processes, a parametrisation process starts either with
an initial parametrisation or a reparametrisation to deal with an occurring quality defect. For
discrete production processes, however, an iteration of the parametrisation process corresponds to
exactly one iteration of the production process. In continuous production processes, however, this
is not necessarily the case. Here, an iteration of a parametrisation process can encompass multiple
iterations of the discretised continuous production process, i.e. multiple DPTs. Theoretically,
the opposite could be true if the amount of product described by a DPT is excessively large.
In practice, however, this should be avoided since otherwise no clear statement regarding the
achieved quality for this DPT can be made if strong fluctuations occur during its production.
Therefore, we will only address the case of one parametrisation process encompassing one or
more DPTs. Since DPTs contain aggregates of the parameters and quality characteristics that
were set or observed during their manufacture, we disregard any DPTs for which the DPT is not
sufficiently stable according to =, or its analogously defined counterpart =, i.e. the variance
for parameters or quality characteristics exceeds their respective limits. In the case of an initial
parametrisation process, the first DPT created for this task constitutes the beginning of the
iteration of the parametrisation process. The iteration can be concluded by two options: (1),
with the DPT for which the quality characteristics are within their target range; (2) with the
beginning of the next iteration of the parametrisation process as described below. In the case of a
parametrisation process conducted to mitigate a quality defect, the beginning of the process is
more flexible, e.g. in the example shown in Figure 2.2 DPT 4 constitutes the first iteration of the
production process for which the aggregate of ¢ is defective. Its conclusion is governed by the
same conditions as the initial parametrisation process, i.e. corresponding to DPT 7, in which ¢ is
again stable within the target range which constitutes a conclusion according to the first case.






Case Studies

This section describes the case studies which are used throughout this thesis. The first two case
studies, a fused deposition modelling (FDM) (see Section 3.1) and a polymer extrusion process
(see Section 3.2), are used to validate transferability of the formalisation of the parametrisation
process across varying parametrisation processes. To be able to evaluate the methods building
on the real-world case studies in edge cases, we developed a framework for the generation of
synthetic process data with consistent synthetic procedural knowledge (see Section 3.3).

3.1. Fused Deposition Modelling

A description of this case study has previously been published in [Nor+19] and [Nor+21] - citations
of these works are not separately denoted.

Additive manufacturing has become increasingly popular since its commercial introduction
in the late 1980s and early 1990s and is mostly used for rapid prototyping and manufacturing
of small quantities of items, where moulding, casting or other conventional techniques would
be too expensive [WG14]. Another benefit of additive manufacturing is the ability to produce
complex forms, which are hard to manufacture using machining or moulding, but which can be
found in medical applications or if weight is of concern. We decided to study fused deposition
modelling (FDM) as an affordable and easily controllable representative for discrete production
processes which contains a multitude of influencing factors and configurable parameters. FDM
is an additive manufacturing technique in which a given object, usually represented through a
computer aided design (CAD) model, is constructed layer-wise on a print bed [GRS15]. To this
end, the model is pre-processed in a so-called slicer which breaks down the CAD model into a
path that governs which areas materials should be extruded on and controls the parameters of
the FDM printer (e.g. print speed or extrusion temperature). Based on these settings, material is
heated until the extrusion temperature is reached and it is of sufficient viscosity to be extruded
through a nozzle, which then follows the pre-planned path to construct the object.

The quality of a FDM printed object is dependent on multiple factors with differing degrees of
influence [MMB15] as shown in Figure 3.1. As we focus on developing an approach for optimising
parameters that are adjustable by software (e.g. printer temperature or print speed), some machine
parameters (e.g. nozzle diameter or filament width) are treated as fixed. Also, since we focus on
parametrisation processes rather than predicting maintenance intervals, the printers are regularly
inspected and maintained to compensate for wear and tear of mechanical parts. There are several
environmental factors that affect the quality of a produced product. In the following, we will
provide an overview of the environmental factors most relevant to FDM printing as well as
exemplary parameters used to mitigate their effects:

+ Humidity has a significant impact on material quality. However, due to the time it requires
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Figure 3.1.: Cause and effect (Ishikawa) diagram of the most important influence factors on product

quality in an FDM production process. Previously published in [Nor+19].

to infuse the filament it is more relevant during storage of filaments than during the printing
process.

Temperature is another factor, which, in contrast to humidity, directly affects print quality.
When molten polymers cool down they solidify and contract, at individual rates. In the case
of FDM printers, this can lead to warping (i.e. parts of the printed object deform leading to
geometric deviations and in the worst case loss of cohesion to the build plate). It typically
occurs due to temperature differences between lower and upper layers. Therefore, many
FDM printers have heated print beds and cooling fans to heat the lower and cool the upper
layers, allowing the mitigation of this issue through parametrisation.

Another relevant factor that often varies under real-word conditions are raw-material
quality and composition, which influence print quality due to different characteristics (e.g.
regarding viscosity or melting point).

The main FDM parameters modifiable through software are either related to temperature,
movement or pre-processing (i.e. the generation of support structures and slicing). They are
presented along with affected quality characteristics in the following:

Printing bed and extrusion temperature, for example, can offset low environmental temper-
atures.

Layer thickness not only influences the optical appearance of a produced product but also
the material properties during and after printing.

Bridging occurs when the printer tries to extrude material in an area, where no (immediate)
lower layer is present, thus forming a bridge between at least two supporting pillars.

Bridging becomes harder to accomplish if the extruded filament cools down too fast or too
slow. Low print speed can also result in bridging failing. While in some cases quality issues
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Figure 3.2.: Creality Ender-3 with a KUKA YouBot to automatically extract finished products.
Next to the printer the blue Raspberry Pi that controls the printer and measures
environmental factors, i.e. temperature and humidity, is visible. Previously published
in [Wie+21].

could be prevented by simple print orientation changes, e.g. bottom up [KK17], we focus
on quality defect mitigation through parametrisation since we aim for a process agnostic
solution and rotating the object is not also feasible.

« Print speed is another process parameter that affects quality. Slower printing allows the
extruded material to better set in place, rather than getting dragged along. Therefore,
adjusting print speed and acceleration quickly becomes a trade-off between quantity and
quality of produced products.

Four consumer grade FDM printers—two Creality Ender-3 (pictured in Figure 3.2), one Anycubic
Kossel and one Prusa i3 MK3—were used in this case study. Three of which were cartesian and
one (Anycubic Kossel) was a delta printer. These were chosen due to enduring popularity of
Ender-3 and Prusa as well as the different operating principle of the delta printer which, in
theory, allows to study domain transfer. Also, they do not have an enclosure which allows a
more direct study of environmental effects on the printing process. In practice, however, results
obtainable by the Anycubic Kossel were unsatisfactory and highly dependent on mechanical
adjustments which is why it was retired ahead of schedule. The resulting low amount of data that
was gathered on it does not form a part for this thesis. Materials used were PLA, ABS and PETG
of different suppliers, each of which has individual characteristics (e.g. a unique melting point)
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(a) Detail view of the last produced product to allow (b) Overview of the rating interface.
the operator to ensure the rating is given for the
correct product.

Figure 3.3.: Screenshots of the web-frontend used in the FDM case study for rating the quality
of produced products. The operator is able to view the produced object in detail and
show tooltips containing exemplary images for the respective quality characteristic
to arrive at consolidated ratings.

and consequently necessitates different parametrisations. Furthermore, they can be differentiated
by their difficulty to achieve flawless prints, with PLA being the easiest material and ABS the
hardest. The slicing software’s parameters define the process parameters of the FDM printers
within the physical limits of the respective printer. Due to general similarity of the cartesian FDM
printers and the low amount of data gathered for the only delta printer, we do not differentiate
between the printers and their slightly different process parameters.

As a slicing software that acts as our HMI, we use Cura! which offers approx. 540 para-
meters for the printers we use, of which approx. 50 are regularly adjusted by operators, e.g.
print_bed_temperature and material_print_temperature. We treat the respective printers’ default
configuration in Cura as the default parametrisation ¢;, as these are usually derived from at
least some experience and constitute a good starting point for operators. Objects and their char-
acteristics Z consist of all 3D model files, with dimensions fitting the printers’ capacity. The
product quality 6 is defined by thirteen visually detectable quality metrics, e.g. warping, bridging
or stringing. The operator performs quality assurance duties once after each part is produced
and rates eleven quality characteristics per product on a discrete scale of 0 (flawless) to 5 (worst)
using a web-frontend (see Figure 3.3). To arrive at consistent ratings the operators are onboarded
accordingly and have sample images of the respective error in the software. While a number
of target criteria can be formulated, for this case study, we limit them to the optimal quality in
regards to metrics contained in Q. Since ¢ is constant, we can simplify f(-) accordingly. While
environmental factors T can be plentiful, for this case study, we narrow them down to: humidity,
temperature, printer and the raw material, separated by producer, type and colour. We do not

'https://ultimaker.com/software/ultimaker-cura

18


https://ultimaker.com/software/ultimaker-cura

3.1. Fusep DEPOSITION MODELLING

treat P as an influential factor since dependencies between process parameters are automatically
calculated by Cura.
Our experimental evaluation is therefore based on

piv1 = Mz, 7} {0, .-, ¢i}, {00, .., 0:}, M). (3.1)
and

iV = {z|z € A"PM U Q and

x influences the choice of values for ¢; 1},

with non-adjustable factors A™™ = 2 11 7. We equipped the printers with humidity and
temperature sensors and extended Cura’s user interface via a plugin that directly uploads the
object to be produced to the dataset. To produce the respective products, we rely on OctoPi?
hosted on a Raspberry Pi 2 Model B? to control the respective FDM printer via the firmwares
Klipper* and Marlin® depending on the printer.

Dataset Over the course of about two years, the operators in this case study performed a total
of about 1100 iterations, of which 436 provide additional information (see Chapter 5) about the
operator reasoning on which the data-based knowledge extraction method is based. The iterations
containing additional information were performed by nine operators of differing training and
process experience levels. The amount of process iterations concur with other experimental
manufacturing settings [TM22].

While the FDM process offers over 500 adjustable software parameters, according to our
experience as well as the data we gathered, operators tend to only vary a smaller number of these.
In our case study, the operators adjusted a total of 58 parameters while 34 of these were adjusted
in more than 5% of iterations and 8 were adjusted in more than 25% of instances. Individual
printers, as well as differing materials and, most importantly, object geometries impact the chosen
parameters, which leads to frequent reconfiguration for optimal quality.

The 436 examples are distributed onto 205 parametrisation processes with the longest requiring
20 iterations, while 144 processes saw no reconfiguration after the initial parametrisation. When
considering the 61 parametrisation processes with more than one iteration, the mean length was
4.79 with a standard deviation of 3.89 iterations. While we did provide a default configuration—
individually for each printer—operators rarely relied on it for the initial parametrisation. In
fact, only 31 parametrisation processes started with the default, of which 19 were immediately
successful, while the others needed additional operator readjustments. This illustrates the need
for experienced operators and, until operators have gained this experience, the need to assist
them in decision making. Operators usually varied 4.32 parameters on average per iteration.
Interestingly, operators seemed not to be able to discern whether producer, chemical mixture (and
thus the colour) or the raw material, was important and tended to ascribe changes to all three.
Typically, one to three influences from a previous rating, describing the critical shortcomings of
the product, were deemed influential. Operator confidence for parameter choices varied during

*https://octoprint.org/
*https://www.raspberrypi.com/products/raspberry-pi-2-model-b/
*https://www.klipper3d.org/

*https://marlinfw.org/
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3.2. POLYMER EXTRUSION

the process. Both 0% and 100% were named. Interestingly, in one instance a 100% confidence
in the identified influential factors was still followed by four additional parametrisation tests
with decreasing confidences (75%, 50%, 25% and 25%, respectively). We assume that there could
be two possible explanations for such a pattern: (1) initial overconfidence which was lowered
after the parametrisation did not have the desired effect or (2) after achieving a certain quality,
the operator tries out different parametrisations to see if the quality can be boosted further in a
trial-and-error manner. In one instance, where the initial parametrisation had a confidence of 0%,
the operator showed 100% confidence in his attribution of influences for the last iteration and was
able to conclude the process. For properties of the resulting rule base represented as knowledge
graphs, we refer to Section 9.3.

3.2. Polymer Extrusion

The second case study is a representative of a continuous extrusion process, with Figure 3.4
and Figure 3.5 showcasing a schematic and a section of a real extrusion line, respectively. In
industrial edge banding production, polymer granulate is melted and extruded through a tool by
the extruder (shown on the right hand side of Figure 3.4). It then travels up to 100m through up to
20 machines each effecting one or more refining process steps (e.g. cooling, adhesive application,
primer & colour application) on the product [HSB22]. The finished edge banding can later be
applied to exposed sides of materials, e.g. particle board, by downstream manufacturers to give
the illusion of a solid material. Contrary to the discrete case study, the continuous is characterised
by the operators’ ‘supervision of a large, distributed system by monitoring data from different
sources’ [MO19] which, combined with the element of time, necessitates higher requirements
on the operators and introduces higher cognitive load. Product anomalies, i.e. deviations from
a process standard, which can occur either abruptly or gradually affect quality characteristics,
can lead to negative economic consequences, e.g. due to recalls [Ven+03]. If such an anomaly is
detected the goal of the operator is to ‘bring the process back to a normal [...] operating state’
[Ven+03]. In continuous manufacturing processes anomalies tend to be more individual and
require more individual mitigations than in discrete processes [MO19].

One of the most frequent sources for quality defects is the printing of decor on the edge banding
via several gravure printing process steps which are analogously controlled. In this case, detection
of quality defects also requires detailed inspections, since small colour and print pattern deviations
are hard to detect. Furthermore, it is hard to automatically detect, which is otherwise often the
case for quality defects which can be directly measured [MO19]. This is due to the high amount
of variance and indeterministic nature of decor between different products and parts of a product,
respectively, which limit the applicability of machine learning solutions. Also continuous manual
quality assurance is unlikely to be present due to the operators’ cognitive load. Another example
is the control of mass pressure of the extruder which leads to geometric defects [Gar+19] if
incorrect. Depending on the parameters used to control the mass pressure mechanical defects,
e.g. the extruder screw braking, can occur which highlights the importance of the interplay of
different parameters. In contrast to the decor example outlined above, its parameters are available
digitally and its result can be directly digitally measured via the width of the edge banding, which
is why it was chosen as a use-case in the extrusion case study. Similarly to the FDM case study, we
can express this case study in the formalism presented in Chapter 2 by discretising it as described
in Section 2.2. As in the FDM case study, the number of target criteria is also limited to metrics
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Figure 3.4.: Schematic of a continuous production line, consisting of several individual machines,
of an extrusion process, starting with an extruder on the right. It is closely related
to the polymer extrusion process constituting this case study. Adapted from Horner,
Schamberger and Bodendorf [HSB22].

contained in Q. In contrast to the FDM case study, however, we do not possess measurements of
environmental conditions, which limits the influential factors to Q. Therefore,

dit1 = [Tz} {00, di}, {00, - .., 0; 1, M). (3.2)
and

Xl ={z|z € A”T U Qand

x influences the choice of values for ¢; 1 }.

with non-adjustable factors APXT = Z 11 P.

However, since we do not have access to a consolidated dataset, this case study is only used from
a theoretical perspective to provide the practical foundations and validation for the formalisation
(see Chapter 2) and considerations regarding the interface for data-based knowledge extraction
(see Chapter 5).

3.3. Synthetic Dataset for Parametrisation Processes

Material in this section has previously been published in [Nor+23b] - citations of this work are
not separately denoted.

To the best of our knowledge, apart from the FDM case study there are no datasets available,
which contain process data and corresponding procedural knowledge that could be used to
evaluate the methods developed in this thesis. To address this issue, we present a framework,
PDPKS, for generating synthetic datasets of process data and accompanying procedural knowledge
in manufacturing contexts which is

1. highly configurable to suit a multitude of manufacturing scenarios,
2. modular to ensure adaptability to unforeseen scenarios, and

3. synthesises process data according to underlying rules for which representations in proced-
ural knowledge graphs are generated.

The framework is designed to reflect the case studies presented in Sections 3.1 and 3.2. With
this framework, datasets can be created that can be used to evaluate predictive quality systems,
approaches of process knowledge-guided or neuro-symbolic learning and data-based knowledge
extraction as well as embeddings of procedural knowledge.

*http://purl.org/pdpk
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Figure 3.5.: Illustration of an inline quality assurance station situated before the final component, a
haul-off that ensures that the edge banding is consistently pulled through the extrusion
line. Here, the machine operator ascertains the overall quality of the produced product.
Extracted from [REH23].

While synthetic industrial datasets are prevalent for image data [NHF22], they are relatively
rare for process data or knowledge graphs. Industrial process data is simulated by [HT07]
and [Jes+05]. Hoag and Thompson [HT07] present a framework for generating industrial size
datasets using a XML specification and additional constraints. Jeske et al. [Jes+05] describe a
system that ‘generates data using statistical and rule-based algorithms and [. ..] semantic graphs
that [contains] interdependencies between attributes’. Regarding knowledge graphs, Linjordet
and Balog [LB20] discuss the use of templates for knowledge graph generation and associated
problems due to leakage across data splits. Libes, Lechevalier and Jain [LL]17] explore challenges
and suggest desirable features for the generation of synthetic data for manufacturing scenarios,
which we address in the next section.

3.3.1. PDPK: A Framework to Synthesise Datasets for Manufacturing

The FAIR [Wil+16] framework (see [Nor+23b] for details) for the generation of the dataset, PDPK,
consists of a simulated production process, a parametrisation process as well as components to
facilitate the extraction of the underlying procedural knowledge and splitting the data into train
and test sets. The parametrisation process according to Chapter 2 consists of observing the quality
characteristics of the previous iteration and iteratively adjusting process parameters until the
target criterium is met. In our case, the target criteria consists of a subset of quality characteristics
to optimise, Qopr € @ and a threshold ¢ € [0, 1], for a score function

i q; —min(dg)
D o

U(ia Qopt) = |Qopt| )
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with process iteration i, range of the respective quality d € [R,R]| and quality quantification x
for the respective quality.

Of the features suggested by Libes, Lechevalier and Jain [LLJ17], we implement the features
relevant to our specific scenario. In particular, we address:

+ data hiding since our data is predominantly intended to be used for training and validating
machine learning algorithms, we adhere to walk-forward-testing and generate a test set that
is separate and can be considered hidden from the training set. The generated process data
is filtered during the creation of contiguous process iterations. Also PDPK can be viewed as
a black box generator from the perspective of the algorithms that initiate it and consume
its results.

« data quality by modelling unreliable physical systems with the option to introduce noise
into the synthesised production process.

« data types by focusing on generating data relating to product quality.

« repeatability by allowing the seeding of the complete generation pipeline. Furthermore,
by conforming to the FAIR principles a replicable versioning of the framework code is
achieved.

« reproducibility by providing the exact versions of libraries required, the framework
ensures that the generated data is reproducible, regardless of the specific setup

« model type since PDPK can be viewed as a special-purpose model for the synthetisation of
artificial production processes and their parametrisation processes.

« integration, interoperability & standards by using widely used formats and standard, e.g.
*.csv for process data and *.ttl for Resource Description Framework (RDF) representations
of the rule base we allow their integration and interoperability with consumers.

3.3.1.1. Production Process

To simulate the production process on which the parametrisation process is conducted, we
rely on separating the P x @) space in disjunct parts. The parameter (P x Q). defines which
percentage of (p, ¢)-pairs represent causal dependencies, i.e. have functions that generate coherent
values according to the selected configuration, e.g. linear, quadratic or logarithmic. Causal
dependencies are further divided by the parameter (P X @)y, which governs the percentage
of causal combinations that are treated as known to the experts, i.e. the underlying causal
dependencies are available for exploitative behaviour during parametrisation processes and form
the bulk of the procedural knowledge. In practice, however, expert knowledge does not perfectly
reflect reality since it can contain concepts of which the expert is convinced that they are true
but are actually false. To compensate for this, the parameter (P X @), describes the percentage
of noise, i.e. erroneous (P x Q) tuples, in the set which results from applying (P x Q). In the
following, we will use the syntax previously used for the percentages to denote the resulting
sets to arrive at a more concise notation. Furthermore, the causal dependencies between ps and
gs are constrained by the parameters (p — ¢)min and (p — ¢)max, Which denote the range from
which the number of quality characteristics a given parameter affects is chosen. Unknown causal
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dependencies govern the behaviour of the production process but have to be discovered by the
simulated operator by exploration of the P x () space. In any case, values for ps and ¢s are
bound to ranges, d € [R, R], representing their respective limits, just as real-world parameters
are typically bound to a range.

As previously noted, each causal dependency is underpinned by a function fy, ; : dp,, — dg;-
For a process iteration i, the quantification y; 4, of the resulting quality

S pery S i)

[P

is calculated by averaging the influences of all quantifications v for all p,,, € P, that affect g;.

3.3.1.2. Parametrisation Process

A dataset is comprised of a set of multiple parametrisation processes. Each of these consists of a
series of parametrisations and their resulting quality characteristics. A randomly selected subset of
quality characteristics is initially erroneous and consequently optimised over a non-deterministic
number of iterations. To mimic different degrees of operator knowledge, a certain percentage of
the dataset’s parametrisation processes consists of exploitative behaviour while the rest consists
of explorative behaviour. If the mitigation is attempted exploitatively, the process parameters are
adjusted by subtracting the A calculated according to the following function from the previous
value of p:

J
qu eQa(ij,pm Ayiapm

|Qadjpu |

Avip,, =

)

with Qudjp,, = 14jl95 € Qopt N (P, q5) € (P X Q)x} and

. Hi,q-_min(dq')
A =Y ) =t

(ffy;,lj),(ui—l,qj), otherwise

For parametrisation processes that should be conducted according to the explorative behaviour,
process parameters are adjusted independently by Av; ,, = —0.1-|d,, .| - A, with A chosen from
{—1, 1} representing the direction, i.e. increase or decrease, in which the process parameter is
adjusted. If the score improves, the previously adjusted parameter is further decreased until the
threshold ¢ is reached. If the score decreases, the parameter is adjusted in the opposite direction
and if the score does not change, another process parameter is adjusted in the next iteration.
Mapped to the formalism presented in Chapter 2, a parametrisation of the synthetic case study is
defined as,

¢i+1 = fSYN({Z}7 {¢sa ceey d)l}a {957 ey 0%}7 M) (33)
and
oS ={z |z € Qand

x influences the choice of values for ¢; 1 }.
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3.3.1.3. Knowledge Generation

Based on the underlying causal dependencies of (p, q) pairs, (P X @), rules (see Chapter 5) are
generated, which can be represented as knowledge graphs depending on different representation
patterns, presented in Section 9.2. The subject, g, and object, p, of the rule are given by the
respective (p, q) pair. For quantified conclusions and conditions, i.e. parameters and quality
characteristics, the underlying functions have to be sampled to arrive at quantified parameters
or quality characteristics, respectively. Aggregated parameter quantifications, 7, for a relation
between p,, and ¢; are determined by

T S (8) = fr(s + 1) s
VQj:pm - d _ 1 ’ ( . )
|dq, |

with [ = min (d,; ) and v = max (d,;, ), the lower and upper bounds of the range of the parameter,
respectively. Conditions, i.e. quality characteristics, are quantified by determining ranges of ¢
for which different parameters should be applied, e.g. by utilising estimators, such as L2 [FD81],
or providing a domain specific amount of ranges. For each range, quantified parameters are
calculated as described in Equation (3.4) with [ and u the lower and upper limit of the respective
range. An exemplary rule would be: If q within [1,3] adjust p by 2.4 .

3.3.2. Dataset

In this section, we describe a dataset that we propose to serve as a benchmark to increase the
comparability of the performance of evaluated methods even if different datasets or domain
specific adaptions to PDPK have been made. Consequently, it is intended to be used for all
possible application scenarios of PDPK, i.e. data-based knowledge extraction methods, embedding
methods on procedural knowledge and for downstream tasks utilizing the procedural knowledge.
We provide insights into the PDPK parameters that form the basis for the synthetisation and,
consequently, characteristics of the resulting dataset. They are chosen based on the real-world
case studies presented in Sections 3.1 and 3.2.

3.3.2.1. Parameters

Using the parameters shown in Sections 3.3.1.1 and 3.3.1.2 as well as those discussed in the
following, we can replicate characteristics of datasets from different manufacturing domains. To
arrive at benchmark data with which comparability between different approaches can be ensured
even if a different PDPK parametrisation is used, we propose a parametrisation that is inspired by
observations of manufacturing processes in both fused-deposition-modelling as well as polymer
extrusion. While the complexity in regards to amount of parameters and quality characteristics
is strongly influenced by the FDM case study, the goal is not to perfectly replicate one of these
processes. In both cases, a significant fraction of possible (p, ¢) combinations are not causally
related since usually a p or ¢ is only influenced by a small number of gs or ps, respectively. E.g.
while there might be 20 different adjustable parameters, the surface finish quality characteristic
is only dependent on material and air temperature but independent from the speed at which
material is fed into the extruder. Therefore, we set the number of (p, q) combinations with
causal dependencies, (P X @), to 10%. Also, unknown influences, e.g. of an environmental
nature, are present in both scenarios. To address this observation, we set (P x Q) = 75% to
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leave ample room for exploitative behaviour. Since we want to mimic operators with different
levels of experience, we introduce 25% of erroneous information to the expert knowledge via
(P X Q)k, = 25%. The number of parameters, | P|, is set to 46, while the number of qualities,
|Q|, is set to 16. (p — ¢)min and (p — q)mas are set to 1 and 14, respectively. Also the maximum
length, i.e. the number of process iterations, of a exploitative parametrisation process is set to 15
as in all but the most extreme cases the synthesised parametrisation processes conclude within 15
process iterations. All modules’ pseudo-random generators are seeded with 42.

3.3.2.2. Properties

The resulting dataset, which in size and structural complexity is comparable to the FDM dataset,
contains 500 process iterations, and 56 parametrisation processes, with the average parametrisation
process requiring an average of 8.93 process iterations. In each process iteration an average of
2.64 parameters were adjusted. While the number of process iterations might appear small, it
is realistic in domains that produce a large variety of products at limited batch sizes as well as
experimental settings often found in related work [TM22]. For properties of the resulting rule
base represented as knowledge graphs, we refer to Section 9.3.
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Part Il.

Data-Based Knowledge Extraction

To counteract the effects of demographic change, i.e. loss of workforce and process knowledge,
on manufacturing companies, this part proposes a data-based method to extract procedural
operator knowledge pertaining to the parametrisation process encountered in manufacturing.
Furthermore, the extracted knowledge can be utilised in downstream applications, e.g. assistance
systems through approaches shown in Parts IIl and IV. Chapter 4 provides an overview over
different kinds of knowledge and the state of the art of knowledge extraction using data-based as
well as interview-based approaches. In Chapter 5 we detail the elicitation process which yields
example-based knowledge segments which are aggregated into a coherent knowledge base from
which rules are extracted in Chapter 6. Lastly, Chapter 7 evaluates the proposed method on
real-world as well as synthetic data. This part draws on work previously published in [Nor+21;
Nor+22a; Nor+23b; Nor+23a] and as such uses parts of these publications. The corresponding
passages are not explicitly cited again for the sake of readability.






Related Work

This chapter presents related work of knowledge acquisition and extraction as well as foundations
of the concepts introduced in the following chapters. It starts with an overview of different
kinds of knowledge before detailing different approaches to knowledge elicitation, extraction and
acquisition. Lastly, foundations of knowledge graphs which we use as a data structure for the
knowledge extraction are introduced.

4.1. Definition of Knowledge

In the field of epistemology, the theory of knowledge, countless definitions of knowledge have
been proposed. While a detailed overview of these is out of the scope of this thesis, this section
will introduce the concept of knowledge to be able to differentiate between different kinds of
knowledge relevant for this thesis and encountered in the relevant literature.

One such definition can be found in the field of education, where Krathwohl [Kra02] presents
a revised version of Bloom’s [BK56] taxonomy of educational objectives including the types
of knowledge included in these. He differentiates between factual, conceptual, procedural and
meta-cognitive knowledge. Firstly, factual knowledge describes the basic elements that have to
be known to be acquainted with a domain and are therefore a prerequisite to solve problems. It
consists of a knowledge of terminology and knowledge of specific details and elements. Secondly,
conceptual knowledge describes the interrelationships among the elements classified under factual
knowledge that allows them to ‘function together’ [Kra02]. It is further divided into knowledge of
classifications and categories, knowledge of principles and generalisations as well as knowledge of
theories, models and structures. Thirdly, procedural knowledge describes knowledge about how to
do something, i.e. skills, when to apply which skill and how to inquire to gain knowledge of new
skills. It is further divided into knowledge of subject-specific skills and algorithms, knowledge
of subject-specific techniques and methods and knowledge of criteria for determining when to
use appropriate procedures. Lastly, metacognitive knowledge which describes knowledge related
self-awareness and knowledge of (self-)cognition. It is further divided into strategic knowledge,
knowledge about cognitive tasks, which includes contextual and conditional knowledge as well
as self-knowledge.

In the context of knowledge acquisition (see Section 4.2) Shadbolt and Smart [SS15] differentiate
the experts’ knowledge into domain, inference, task and strategic knowledge. Firstly, domain
knowledge is ‘knowledge that describes the concepts and elements in the domain and relations
between them’ [SS15]. As such, it can also be referred to as declarative knowledge, and is strongly
related to Krathwohl!’s definition of factual and conceptual knowledge. Secondly, inference
knowledge refers to a high level description of expert behaviour by describing the ‘type of
inferences that will be made [by the expert] and what role knowledge’ plays in them [SS15]. As
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such, it describes how the components of expertise are used in the overall system. Thirdly, task
knowledge describes the goal and which tasks need to be accomplished in which order to reach
that goal. This conforms to Krathwohl!’s definition of procedural knowledge but places a stronger
emphasis on the sequential order of the execution of tasks to reach a goal, which is only implicitly
mentioned in Krathwohl [Kra02]. Lastly, strategic knowledge ‘that monitors and controls the
overall problem solving process’ [SS15], which also forms a subcategory in Krathwohl’s definition.
They highlight that knowledge within any of these categories might be implicit—also referred to
as tacit—or explicit.

An orthogonal taxonomy with partly overlapping terms is proposed by Gruber [Gru89], who
differentiates between substantive knowledge, i.e. analytical knowledge about what is perceived
in the given domain and whether it is valid, and strategic or control knowledge, i.e. knowledge
about what action to perform next. While substantive knowledge can be seen as related to factual
knowledge in Krathwohl’s taxonomy, Gruber’s strategic knowledge is best covered by procedural
knowledge.

In contrast, Paiva, Roth and Fensterseifer [PRF08] consider ‘know-what’, i.e. knowledge about
where to find required information, and ‘know-how’, i.e. knowledge required to deal with chal-
lenges. The first could be classified as factual while the second is closer related to procedural
knowledge in Kratwohl’s taxonomy.

The knowledge most relevant for our scenario is procedural knowledge as outlined by Krath-
wohl. In particular, the order in which tasks are executed, as explicitly modelled in Shadbolt and
Smart [SS15], is not of significance in parametrisation processes of the case studies we consider.
Therefore, we will limit our use of the term procedural knowledge to knowledge that describes
how to solve tasks.

4.2. Knowledge Acquisition

Knowledge Acquisition describes the process of ‘gaining understanding about the processes
underlying the observable behaviour of an entity’ [LA16]. These entities can be categorised in
natural, man-made and human activity [LA16]. Since we focus on extracting expert knowledge
about a man-made system through analysing human interaction with this system, we limit the
overview of knowledge acquisition approaches to the last category. The knowledge acquisition
process can be divided into three main stages [Boo89; Co094; CKHO06]. While the literature has
minor inconsistencies in terminology and understanding of what constitutes the respective steps,
they can be summarised by elicitation, analysis and representation [LA16]. Firstly, knowledge is
elicited by a knowledge engineer or elicitor from either experts or other sources, e.g. procedure
manuals or task documentations [Co094]. Secondly, the elicited knowledge is then analysed
or explicated to discover structures, findings and meaning [CKHO06]. Lastly, representation or
formalisation describes the modelling into a computational model [C0094; Boo89] and extern-
alisation and presentation [CKHO06] of the gained knowledge. In the following, we will use the
term knowledge extraction as a synonym to knowledge acquisition.

Knowledge acquisition methods are widely categorised into the following four categories:
informal techniques, i.e. observation and interviews, process tracing techniques, conceptual
techniques and formal methods [Co094; WS04; CKHO06; YF11; Sha+15]. To achieve a better overall
result, knowledge acquisition methods of different categories are frequently combined [Bai79;
C0094; YF11; HSB22]. In the following, we present those categories, however, a more detailed
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understanding of the categories, e.g. subcategories or examples of interview or observation
methods, is beyond the scope of this thesis and already well covered in literature [Co094; LA16;
BP19]. Informal techniques rely on observing or interviewing the expert in order to elicit, often
tacit, knowledge about how to perform the task in question. As such, they are highly verbal and
descriptive, necessitating a knowledge engineer who is well versed in the application domain.
Also, they can lead to copious amounts of unstructured data and are prone to subjectivity of the
knowledge engineers. On the other hand, they are well suited for the elicitation stage, provide
the opportunity to explore a topic to the desired depth and require less advance preparation
with the task than the following methods. Gavrilova and Andreeva [GA12] provide an analysis
of common informal methods for their suitability for the extraction of tacit knowledge and a
classification according to the role of the knowledge engineer. Process tracing techniques consist of
think-aloud protocols that are conducted during or after the execution of a task. They are therefore
example-based, which could provide more specific knowledge and exhibit a higher degree of
structure compared to informal methods. Depending on the specific method, they are well
suited for the elicitation as well as analysis stage. Process tracing techniques can be split into five
subcategories: verbal reports, non-verbal reports, protocol analysis, decision analysis and cognitive
walk-through [LA16; Co094]. Through their example-based nature and the ‘quantitative analysis
of decision points within a task’ constituting decision analysis [Co094], they are strongly related
to our proposed data-based knowledge extraction approach. Conceptual techniques, however,
can use multiple sources of expertise, e.g. multiple experts or procedure manuals to ‘produce
structured, interrelated representations of relevant concepts within a problem domain’ [LA16].
Therefore, they are well suited for the representation stage. Formal methods use assumptions of
the application domain and the human mind and cognition to computationally simulate human
task-solving behaviours. As these assumptions are unlikely to yield satisfactory simulations in
complex manufacturing processes, where physical processes and tacit domain knowledge have to
be simulated at a high level of detail, we will not further detail these approaches.

Leu and Abbass [LA16] introduce an orthogonal classification, consisting of human, human-
inspired and machine knowledge acquisition agents. Human agents, i.e. humans as elicitors,
conduct the methods categorised according to the three techniques, i.e. informal, process tracing
or conceptual, as described above. Human-inspired agents contain automated variants of the
methods used by human agents. Additionally, they include the category of formal methods.
Machine agents utilise methods from the field of knowledge discovery and data mining (KDDM).
This field encompasses ‘the entire knowledge extraction process, including how the data is stored
and accessed, how to develop efficient and scalable algorithms that can be used to analyse massive
datasets, how to interpret and visualise the results, and how to model and support the interaction
between human and machine’ [KM06]. Also KDDM extracts ‘both the structure and the causal
relations existing in artefactual data’ [LA16]. As such it can be considered as part of knowledge
acquisition. While there are some discrepancies regarding the stages of the KDDM process
[KMO06] they can be divided into three stages, i.e. data pre-processing, data mining and knowledge
interpretation [LA16].

Differences between the categories described above arise in the amount of data that they are
able to process which is limited by the amount of elicitors and experts, known as the ‘knowledge-
engineering bottleneck’ [KN11], in the case of human agents and limited by the experts and to a
lesser degree the elicitators in human-inspired agents. For machine agents the amount of data is
only limited by processing power and data storage, however, they require a high amount of data
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to function properly. The richness of the analysis achievable is comparable for these categories,
however, the amount of insights that can be provided is limited by the amount of data that they
can process, leading to a preference of machine agents if they are applicable. The elicitation phase
of our approach can bee seen as a human-inspired agent while the aggregation and interpretation
is done via a machine agent.

Leu and Abbass [LA16] note, that a significant part of machine agents for knowledge acquisition
are based on multi agent systems. For these, the multifaceted concept of trust as defined in the field
of Organic Computing deals with complex heterogeneous systems similar to our socio-technical
system use case [Ste+10]. One important aspect of which is credibility, which assesses good
faith participation and competence of partners. While we currently handle this issue implicitly
during aggregation, dedicated methods to establish trust might improve future results. Our
scenario can be classified as a socio-technical self-adaptive system, with the operator adapting to
observations of the manufacturing process. According to Ramirez, Jensen and Cheng [R]C12] the
most relevant sources of run-time uncertainties are related to interactions of the system and its
context. To address these, the application of subjective logic to aggregate run-time observations
into actionable knowledge has been proposed by Petrovska et al. [Pet+20]. However, since their
methodology is centred on cyber-physical systems and ours on human operators it is not directly
transferable.

4.2.1. Knowledge Extraction Methods

In the following, we will present knowledge extraction methods for human, human-inspired and
machine agents with a focus on industry.

Human and Human-inspired Agents In the context of manufacturing scenarios, Deslanders et
al. explored structured interviews to extract production rules for parameters that directly influence
part quality [DP97]. Combinations of the techniques mentioned above—selected according to their
time and personal efforts—have been successfully applied to the extraction of tacit procedural
knowledge as mixed method approaches in extrusion and additive manufacturing [HSB20; HSB22;
Gra+17]. Furthermore, eliciting tacit knowledge in visual inspection use cases is addressed using
informal methods by [Joh+19]. Guerra-Zubiaga [Guel7] focusses on the elicitation of tacit motion
sequences in manufacturing. However, as mentioned above, these approaches are time intensive
for operators and knowledge engineers especially if quantified knowledge should be extracted.

Seymoens et al. describe a different approach that aims to extract tacit knowledge by integrating
domain experts during algorithm creation [Sey+19]. However, the experts’ knowledge is only
implicitly contained in the resulting algorithms. Therefore, it is not available explicitly for
onboarding or other downstream purposes. The same is true for the approach of Wilson et al.
[Wil+22], that employ Quality Function Deployment, i.e. ranking the ‘influence of process attributes
on desired process outcomes [...] in order of influence [for] the purpose of defining features for
a machine learning model’ [Wil+22], and graphical highlighting to increase the weight of the
respective features for further processing by a support vector machine.

Gebus et al. propose a factory-wide knowledge-based decision support system for remedying
faults. They argue for an approach limiting the knowledge engineer’s interactions with domain
experts, instead enabling experts through systems that interview them on a case-by-case basis
[GL07]. However, they noted difficulties with heterogeneous levels of expertise of and acceptance
by the experts. Kharlamov et al. proposed ontologies to represent industrial information models in
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manufacturing scenarios. In addition, they presented a tool which allows engineers to build these
ontologies, without deep knowledge on semantic technologies or ontology creation [Kha+16]. We
follow their approach to move ontology or knowledge formalisation towards people that are closer
to the process as opposed to external ontology engineers. However, our approach requires no
previous knowledge of semantic technologies and is more suited for operators, which usually have
alower level of education compared to engineers. Also, while Kharlamov et al. analyse information
models at a level of abstraction suited to integrate well with a manufacturing execution system,
we focus on parametrisation processes which require a lesser degree of abstraction.

Aerts, Deryck and Vennekens [ADV22] report of difficulties in applying informal methods for
design problems even at a high degree of abstraction in the elicited knowledge and consequently
transitioned to a more structured Decision Model and Notation (DMN) approach. To narrow down
the solution space for engineers in a decision support system, they employed first order logic to
encode design selections with a low degree of abstraction. Since this proved ‘significantly more
challenging’ [ADV22] than extracting the more abstract knowledge they chose to validate it with
the extracted abstract knowledge. Even if during the narrowing of the solution space quantified
conditions were used for some rules, it still leaves significant freedom for the engineers to make
decisions on a case-by-case basis. While we also strive towards quantified conclusions to cater to
the needs of our application domain, we have stronger constraints regarding the time required by
the approach which renders this approach unfeasible in our case.

Nicholson et al. [Nic+20] use a social process based on Delphi [LT+75] for the creation of
Bayesian networks that represent domain knowledge. Through the use of a Delphi based process,
cognitive biases that affect individual experts are mitigated [OHa19]. Another crowdsourcing
approach to knowledge extraction and decentralised knowledge graph construction is pursued by
Wang et al. [Wan+19]. By voting on proposed triples, co-workers create a knowledge graph of
techniques and rate a worker’s perceived technical skill for a certain technique. While we also
pursue a crowdsourcing approach, we are focused on tacit procedural and conceptual knowledge
rather than factual knowledge.

Machine Agents Logical analysis of data can be used to extract if-then rules as shown for
parameters and influences in a fault diagnosis scenario by Bai et al. [BTW18]. However, they are
very compute intensive and have not been validated in the context of procedural knowledge.

In addition, several natural language processing [Ban+18; Sch+12] based approaches exist for
various domains, such as oil and gas or health care [Asi+18]. A different approach is described
by Katti, which allows ontologies to be generated from annotated source code of manufacturing
execution systems [Kat20]. However, both kinds of approaches are not directly applicable to our
scenario since they are limited to factual knowledge. An approach that is specific to procedural
knowledge is presented by Pareti et al. [Par+14]. However, it still requires textual descriptions of
the operators’ thought processes during parametrisation which rarely exists for manufacturing
processes [Rin19], possibly due to the knowledge engineering paradox, which states that the
more competent the experts, the less they are able to describe their solutions [GL07].

Yet another approach is presented by Sun et al. [Sun+14] that follow an example-based approach
based on a recommender system that operates on point cloud data and expert decisions. If the
recommended manufacturing plan differs from the experts’ choice, informal techniques are
conducted to elicit the underlying rules. These are represented in Nested Ripple Down Rules,
i.e. cascading if-then rules, which can be used by workers to improve their understanding of the
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process and to improve the recommender system.

In an additive manufacturing scenario a purely data-based approach that uses the Classification
And Regression Tree (CART) algorithm, a type of Decision Tree (DT), to be able to predict surface
roughness based on part location and orientation and return the resulting rules in a knowledge
graph has been developed [Ko+19; Ko+21]. However, these works only treat a very limited subset
of the possible parameter space and lack a quantitative evaluation.

Approaches that automatically analyse task documentations compiled by human experts
have also gained traction [Ber21; Sch+22]. They allow knowledge extraction without further
consultation of the expert. However, their application is limited to domains in which the expert is
obliged to document the executed task in a structured manner.

In human-in-the-loop or interactive learning systems, an expert gives feedback to the suitability
of a learning system’s prediction, see for example [Sun+18]. This, like our approach, constitutes
a data-based knowledge extraction. However, this knowledge is usually fed directly into the
learning system and therefore remains implicit as opposed to our approach which makes it explicit.
Additionally, in our case, the externalised knowledge originates from the same operator that
defined the specific parametrisation, leading us to assume that it is of higher quality. Furthermore,
interactive systems are at risk of influencing the expert by the data that is shown to them
[Dae+18], which is not the case in our approach. While automated prompt generation was shown
to outperform the human prompts regarding the quality of knowledge extracted from language
models [Shi+20], it is questionable whether it is suited to compete with more traditional elicitation
methods since language models can only contain knowledge that was previously elicited and
part of their training data. We included this work since even though it has so far not been
validated in industry, it is a step towards active knowledge acquisition systems that ‘actively and
autonomously seek for and fill the agreed ontological construct’ [LA16].

Another related field of research are rule mining and explainable knowledge graph clustering
approaches, e.g. AIME+ [Gal+15], AnyBurl [Mei+19] or ExCut [Gad+20]. However, they often
require ontological constructs, e.g. knowledge graphs, to operate on and are therefore not suited
for the initial elicitation. Also, ‘rule learning with searching over the graph always suffers from
efficiency due to huge search space’ [Zha+19b]. Still, they could be viewed as alternatives to
our aggregation methods—differing, however, in required amount of data and purpose. Rule
mining is also conducted on raw data, e.g. by Khan and Parkinson [KP18b] that mine server
logs to arrive at association rules that help in identifying mitigation approaches for security
relevant misconfigurations. However, the amount of data present is orders of magnitude larger
than in our case studies. Thus it was not deemed plausible to directly transfer to our scenario and
consequently not investigated more closely.

4.3. Knowledge Graphs and Ontologies

Knowledge graphs have been ‘considered the coming of age of the integration of knowledge and
data at large scale with heterogeneous formats’ [GS21], which is why we decided to use them
as a basis to represent the extracted rules. They are a graph-based representation of knowledge
with nodes or vertices representing ‘entities of interest and whose edges represent potentially
different relations between these entities’ [Hog+21]. While there exist some exceptions, the
data model underlying knowledge graphs can be classified in three different types: directed edge
labelled, heterogeneous or property graphs [Hog+21]. Firstly, directed edge labelled (del) graphs or

34



4.3. KNOWLEDGE GRAPHS AND ONTOLOGIES

multi-relational graphs use directed labelled edges, e.g. president of, to connect different entities,
e.g. Joe Biden and USA. The corresponding piece of information (Joe Biden, president of, USA)
is treated as a triple of head entity, relation and tail entity and can be stored accordingly. They
are standardised by the resource description framework (RDF) [Cyg+14]. Secondly, heterogeneous
graphs or heterogeneous information networks are akin to directed edge labelled graphs with the
difference that type annotations of the vertices form a structural part of the graph. To express
that USA is a country, one would have a vertex USA:Country in a heterogeneous graph whereas
it would have to be expressed as an extra triple in del graphs, i.e. (USA, is a, Country). Lastly,
property graphs allow the storage of property-value pairs for entities or relations, which provides
a greater flexibility when modelling data [Hog+21]. However, they are not yet standardised which
leads to less literature and libraries building on them. For this reason, we use property graphs only
as a data structure for the data-based knowledge extraction, and represent them as del graphs in
Part III to be able to use the wealth of embedding models available in literature. Since knowledge
graphs are a topic that relates to multiple parts of this thesis some related works are placed in parts
where the respective aspects have a higher relevance: related work for industrial applications
of knowledge graphs are discussed in Section 8.1; knowledge graph embedding methods that
transform the graph into numerical features are reviewed in Section 8.3 as their understanding is
not necessary for this part.

To increase the interoperability of knowledge graphs, ontologies, that ‘are a concrete, formal
representation—a convention—on what terms mean within the scope in which they are used’, are
adopted [Hog+21]. In the following, we give an overview of ontologies in use in manufacturing
and the FDM domain in particular. We do not conform to them since they provide certain
limitations in regards to the information we want to represent and if necessary they can be easily
integrated to our representations for interoperability purposes. While for FDM, ontologies are
focused more on capabilities of the printer and less on actual parameters [DR17; HS19; Ko+19],
process ontologies, e.g. CDM-Core [Maz+16] and ADACOR [BL07] contain concepts for machine
setup or launching operations. However, since parameter adjustments are also executed during
production we do not utilise these vocabularies. Concerning products, MCCO [Usm+11] contains
the concept of rejected parts. Related to that, CDM-Core introduces geometric flaws of different,
fixed severities. Quality characteristics as described in this thesis, however, are not limited to
geometric flaws and need to be expressed in a finer granularity. Also, due to the abstraction
level of the generated data, the concept of a product, the produced quantity or the quality of
raw materials as present in ONTO-PDM [PDT12] are not modelled in our case and are therefore
not used. Furthermore, Braun et al. [Bra+07] make the argument that knowledge elicitation and
formalisation is a ‘learning process in which the involved individuals deepen their understanding
of the real world and of an (appropriate) vocabulary to describe it’. Consequently, integrating the
discovered knowledge segments in an ontology seems only suitable after gathering significant
knowledge in a domain. Additionally, depending on the specific application scenario different
ontologies could be prevalent which lowers the value of integrating our concepts with one of
these ontologies in advance. Therefore, the ontology integration is considered to be out of the
scope of this thesis.

Knowledge Graph Completion Our aggregation approach relates to the problem of know-
ledge graph completion for predicting relations between pairs of known nodes in a graph, as
candidate triples have to be checked whether to be included in the knowledge graph or not.
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Consequently, work done on filtering candidate triples by Borrego et al. [Bor+19] is conceptually
related. Weller et al. [Wel+20] is a further related work, who predict missing relations for a given
head entity without having knowledge about the tail entity based on a combination of association
rule learning and community detection. However, the main difference between these approaches
and ours is that in knowledge graph completion candidate triples are usually generated based on
information contained in the knowledge graph, while in our case they are provided by process
data and operator information gained in a manufacturing process. Also, in KG completion an
existing graph is further refined, whereas in our case the initial graph has to be created, which
leads to inherent differences in filtering methodology.
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Elicitation

The task of (re-) parametrisation, i.e. finding a parametrisation for which the manufacturing
process produces satisfactory results, is currently mostly done by experienced operators following
an iterative time and resource intensive process, which is similar among different manufactur-
ing processes (see Chapter 2 and the grey part of Figure 5.1). To recapitulate, we give a brief
overview of a parametrisation process: at first, the manufacturing process, which is influenced
by environmental influences, is executed with a standard parametrisation. Then, the quality of
the produced product is evaluated in regard to specific target criteria by the operator or specific
quality assurance personnel. Based on the quality, the operator decides whether to accept the
current parametrisation or continue the parametrisation cycle. If the operator decides to continue
the parametrisation process, a new parametrisation is chosen, which is believed to be suitable to
address quality defects of the result of the previous process iteration. This process is repeated
until a successful parametrisation is found or other underlying hindrances, such as identified
hardware problems, have to be addressed. In the latter case, the parametrisation process needs to
be restarted after the underlying hindrances have been mitigated.

To extract tacit and procedural operator knowledge required for successful parametrisation
processes, knowledge extraction processes (see Section 4.2), which are usually conducted by know-
ledge engineers and experts, need to be performed. Here, knowledge extraction of tacit knowledge
constitutes the knowledge acquisition bottleneck [SG87], since, even with modern methods, it
remains a time intensive process [HSB22]. Also, difficulties appearing during knowledge extrac-
tion have to be addressed, such as the knowledge engineering paradox [GL07]. Furthermore,
automatically extracting knowledge from documents is not feasible for the procedural knowledge
in parametrisation processes since, often, it is not available in documents in industrial domains
[Rin19].

In this chapter, we present an approach to gather semantic segments of procedural knowledge
by extending human-machine-interfaces (HMIs) of the machine or production line controls,
giving the experts the possibility to provide insights into their reasoning as to why a certain
parametrisation is chosen (visualised in Figure 5.1 by the arrow from relevant influences an
operator thinks of, to the knowledge extraction module). This has the benefit that vertices and
edges in the knowledge graph automatically have a consistent syntax and terminology as the
production data, facilitating its application and integration. Our approach can be considered
to be a human-inspired knowledge extraction agent according to the classification shown in
Leu and Abbass [LA16] automating interview processes that would otherwise be conducted by
an elicitor in process tracing techniques. The approach has two benefits over existing work in
knowledge extraction: (1) we assume that it is less intrusive than separate interviews, which are
often a necessary part of expert knowledge extraction [HSB22], leading to fewer requirements of
specially trained personnel and (2) it is more time efficient since fewer personnel is needed and
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Figure 5.1.: Currently practiced parametrisation process (grey) consisting of a process that is
controlled by a parametrisation, which is chosen iteratively by an operator to min-
imise quality defects of the produced part in regards to target criteria. The proposed
integration of the data-based knowledge extraction into the process is shown in red.

experts often have a lower workload between launching or adjusting the process execution and
evaluating the product. This period can be used by the experts to share their reasoning with our
approach. Furthermore, our approach addresses the knowledge acquisition bottleneck through
automation and, since it is example-based, does not suffer from group dynamics that can occur if
several experts are interviewed together [Nic+20]. Additionally, it is in principle able to function
without a knowledge engineer, whose input is only needed if the extracted knowledge should be
integrated with other available domain knowledge.

To extract tacit procedural as well as conceptual knowledge of the operators’ mental model
M, we propose a system based on recording individual parametrisations, ¢, returned by f(-)
(see Chapter 2) and the relevant influences for the parametrisation. For each evaluation of their
respective function fy(+), i.e. for each iteration of the parametrisation, operators are asked to
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provide a domain specific subset (see Chapter 3) of

a ={z|z e AU PU Qand

x influences the choice of values for ¢, }

of the most influential values from fy’s inputs for the parametrisation ¢;. These influences
are selectable in an extension of their familiar human machine interface (HMI). Furthermore,
they optionally have they have the possibility to provide their confidence ¢; € [0, 1], that the
chosen influences are correctly identified. Based on these influences, knowledge segments are
generated and represented in knowledge graphs with quantifications of the entities represented as
properties. Note, that «; refers to factors observable in the current process iteration <. If qualities
are a part of a;, the corresponding quantified qualities are selected from the quality achieved in
the previous iteration, 6;_1, since these are the values the operator is presented with. Since we
assume that unadjusted parameters respective to the initial parametrisation ¢ or the previous
iteration ¢;_1 are irrelevant, we only generate vertices and edges for those parameters that were
adjusted. This leads to a considerably more compact representation of the relevant segments of
the operators’ knowledge. We chose knowledge graphs as a data structure for the information in
question since it facilitates the prospective combination of multiple knowledge graphs describing
different aspects of the manufacturing process [WBD17].

Depending on the domain and the respective situation of the operator, «; can be provided either
for all influences at once, i.e. in a combined, or in a sequential manner for each influence separately.
In the following, we present two methods to generate the respective knowledge graphs.

5.1. Combined Influence Elicitation

In the combined case, a knowledge graph, k;, representing the knowledge segment provided by
the operator in a process iteration ¢, is constructed. It is defined by vertices v; = J; U c; and edges
e; = 0; X a, where §; = {p € ¢; | p is adjusted during the parametrisation process} denotes all
adjusted parameters. Note, that since the experts are not asked to establish direct links between
individual influences and parameters, we are not able to differentiate which influences « resulted
in which parameters p if multiple quality defects are addressed at the same time. Therefore, we
have to treat all edges as candidates for influenced-by relations which can lead to a more complex
graph. However, this decreases the task complexity for operators considerably, since they do not
have to decide which parameter relations actually exist and save time and effort to denote them
accordingly.

An example of an HMI in which the operator is able to highlight all influences at once in a a
combined manner can be seen in Figure 5.2. Here, we show the extended Cura user interface as used
in the FDM case study (see Section 3.1). On the right, we can see the parametrisation pane where
the process parameters can be adjusted. As soon as the operator confirms the parametrisation he is
presented with a pop-up on the left in which he can denote environmental parameters and quality
characteristics of previously produced parts that influenced his parametrisation. Additionally,
they are able to share insights via a text field and give an indication of their confidence for the
chosen parametrisation. The information in the text field, however, was not used for knowledge
elicitation purposes since it was not frequently used by the operators. In theory, this would provide
operators the option to provide more detailed insights into their reasoning, however using it
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Figure 5.2.: Extended Cura HMI for the FDM case study. First, a parametrisation is defined in
the Print settings dialog on the right. Then, influential quality characteristics and
environmental factors can be highlighted (centre left).

increases their cognitive load and would probably necessitate specifically tailored incentivisation.

5.2. Sequential Influence Elicitation

In contrast to the combined case, individual influences a which constitute c; have to be independ-
ently considered for the sequential influence elicitation. Here, a knowledge segment in form of a
knowledge graph £ is created for each a € «; for a process iteration 7. To this end, vertices and
edges are defined by v{’ = tUa and e = ¢ X a, respectively, for all process parameters p influenced
by a, which are referred to as « = {p|p € ¢; and influenced by a}. The sequential case does not
exhibit the limitation regarding unclear cause-effect relations of the provided information, as is
the case in the combined case if multiple influences are present, since a separate knowledge graph
is generated for each influence. However, the cognitive and operational load for the operator is
higher due to the increased interaction and meta-cognitive reflection required.

To showecase the flow the operator has to navigate in the sequential case, we refer to Figure 5.3
which is based on the HMI extension of the polymer extrusion case study (see Section 3.2). To
capture contiguous parameter changes we need to collect parameter changes over a timespan due
to the continuous nature of the use case. In particular, we collect parameter changes starting with
an initial parameter change until a domain specific timeout has been reached. After the timeout
is exceeded, the operator is presented with a dialog, as shown in Figure 5.5a, with influences on
the left and a summary of the parameter changes on the right. In contrast to the combined case
(see Figure 5.2), the user experience is increased by preselecting all parameters which decreases
the amount of elements the operator has to select. If the operator only mitigated one quality
characteristic, he selects the corresponding influence and shares the data by clicking Confirm &
Close (see Figure 5.5b). In this case, the resulting knowledge segment of the sequential elicitation
equals that of the combined elicitation. If, however, multiple quality defects were mitigated, he
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Figure 5.3.: Extension of the extrusion line’s HMI embedded in a control flow to facilitate 1-to-n
relations between influences and affected parameters. Close-ups of the individual
screens are shown in Figure 5.5.

selects one mitigated quality characteristic followed by the deselection of those parameters that
were not adjusted for this quality characteristic (see Figure 5.5¢). The resulting information is
shared through clicking Confirm & add more. The next screen, shown in Figure 5.5d, highlights the
already shared parameters and quality characteristics and preselects the remaining parameters.
Note, that selecting a previously selected parameter remains possible, allowing multiple influences
to reference the same parameter. This loop is continued until all parameters have been shared or
the dialog is closed manually. An alternative to the proposed workflow would be to rely on the
operator to actively open the dialog after finishing a parametrisation. Since in our continuous
case study complex parametrisations involving multiple parameter changes for one or multiple
adjustments of quality defects are encountered seldomly, we chose the first approach since we
believe the benefits of actively prompting the operator outweigh the drawbacks of a slightly
higher cognitive load if the timeout is inadequately chosen.

Figure 5.4 allows a graphical comparison between the knowledge segments elicited with
sequential or combined knowledge elicitation. In both cases, the operator adjusted process
parameters 1 and 2 to mitigate quality defect 3 and process parameters 1 and 3 to mitigate quality
defect 2. In contrast to the sequential elicitation, it is no longer discernible which parameter was
adjusted to mitigate which quality defect for the knowledge segment extracted via combined
elicitation.
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Figure 5.4.: Examples of knowledge segments elicited by applying the combined and sequential
approach for the same operator reasoning.
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Aggregation & Extraction

To create a knowledge graph from which a succinct rule base—containing reliable information on
how machine parametrisation influences a product’s quality—can be extracted, the knowledge
segments elicited by the methods presented in Chapter 5 need to be aggregated. In this chapter,
we introduce the formalisation which forms the basis for the description of the aggregation and
extraction methods. Additionally, naive as well as weighting and filtering-based aggregation
methods and the extraction of rules from the knowledge graph are presented. Naive aggregation
methods treat every knowledge segment equally. This leads to problems with heterogeneous
knowledge sources, i.e. operators with varying level of experience and cooperativeness, and
consequently to erroneous relations in the knowledge graph, since the information the relations
are based on could be erroneous or highlight non-causal influence—parameter change relationships.
Reasons for erroneous information could be influences with atomicity greater than one, i.e. unclear
cause-effect relations that can occur because multiple influences were highlighted for multiple
parameters adapted in the case of combined elicitation (see Section 5.1), inexperienced operators,
untrustworthy operators or operators that tend to have a higher trust in their experience than
warranted [KD99] and consequently provide knowledge segments which they think are truthful,
but in reality are not. These shortcomings are addressed by introducing a data-based weighting
of the operators’ information, which allows us to control for varying degrees of worker reliability
and other individual biases, increasing the quality of the aggregated knowledge. Finally, we
show how to automatically extract rules from the aggregated knowledge graph which are (1)
quantified and (2) human-readable in natural language so that they can be directly used in a
passive assistance system in case of quality defects.

6.1. Formalisation

This section builds on the formalisation presented in Chapter 2 and introduces the foundations
for knowledge aggregation and rule extraction methods. This is illustrated by extending Ex-
ample 2.1.1, showing how information contained therein can be used to aggregate knowledge
graphs containing relations, which in turn can be used to extract rules. While influences can be
quality characteristics, environmental conditions or parameters, see Definition 2.1.2, we limit
them to quality characteristics in the following to increase clarity.

Definition 6.1.1 (Relation). A relation 1), ), is defined as the tuple (g, p) between a quality ¢ € Q
and a parameter p € P.

Definition 6.1.2 (Rule with Quantified Conclusion). A rule with quantified conclusion rg ; is
defined as a tuple 74 5 = (14,5, V) = (¢, p, v) with a quality characteristic that will be improved
upon g € @, i.e. the condition, and the quantified conclusion, i.e. the quantified parameter. Note,
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that while p denotes aggregated quantified conclusions, we refer to ¢ instead of o since it is
not quantified. The aggregated quantified parameter is quantified by v. We differentiate three
different kinds of quantification:

1. va € Rwithva = A(¢ip, Piti1,p) = Git1,p—¢i,p describing the relative amount by which
the parameter should be adjusted, where ¢; ;, selects the value of the p € P corresponding
to p at the process iteration i.

2. vq € Rwith v, = ¢;41,p, i.e. the absolute value that the process parameter should be set to
in the next iteration.

3. v) = [z,y], with 7, y € R the interval of absolute values for p out of which the operator
can freely choose for the next parametrisation.

Based on the sign of the parameter change a A quantified conclusion of the rule can be defined
as increasing if the quantification is positive and decreasing if the quantification is negative.
Depending on the information available—relative values are of a finer granularity than intervals,
absolute values are suited for categorical parameters—a corresponding quantification is chosen.

Example 6.1.1. This example builds on Example 2.1.1, i.e. ¢f = ((p1,4), (p2,5), (p3,6)) leads
to 65 = ((q1,1),(¢2,0), (¢g3,2)) which is improved to 8¢ = ((q1,1), (¢2,0), (¢3,0)) by ¢ =
((p1,10), (p2,5), (p3,5)). Assuming combined influence elicitation and a A conclusion quan-
tification, we conclude a set containing two rules with quantified conclusions, R, = {rg, , =
(g3,P1,6),75, », = (q3,p3, —1)}, since it is not clear which specific parameter change affected
the quality characteristic g3 at process iteration 1, also expressed as 01 3. Note, that the parameter-
quality relations have an atomicity of two since an operator cannot highlight relationships between
parameters and quality characteristics on an atomic level.

For a second task, i.e. manufacturing object b, the operator also starts with the default paramet-
risation, i.e. 9§ = ((p1,4), (p2, 5), (p3, 6)). However, due to different object characteristics this
leads to quality 6 = ((q1,3), (g2, 1), (g3, 1)). Now, the operator choses ¢? = ((p1, 11), (p2, 5),
(p3,6)), ie. increasing ¢Ii,1 = p1 by 7, which leads to quality 6% = ((q1,0), (¢2,0), (¢3,0)). The

resulting rule set is Ry, = {T217p1 = (q1,p1,7), TZMI = (q2,p1, 7),7“237101 = (g3,p1,7)}

Definition 6.1.3 (Rule with Quantified Condition). A rule with quantified condition 75 ; is
defined as a tuple 75 5 = (4,5, ) = (¢, p, v, p), with p, ¢ and v defined as in Definition 6.1.2 and
a quantification of the condition, ;1 = [z, y] with z,y € R, which is defined as the interval for
which the rule is valid. A rule with quantified condition always has a quantified parameter as
well.

To be able to compare rules, e.g. for comparing them to a ground truth, we define three equality
operators:

Definition 6.1.4 (High-level equality =). Influence, i.e. quality characteristic, and parameter
have to concur for both rules:

r=mAp=v=p™  ifzx,meQandy,n <P

T7 =p T , < 1
vy =h Pmn {q e ApTew = pfmn, ifz,m € Oandy,n € P

for quantified conclusion and quantified condition rules with ¢", and p" selecting the quality or
parameter of the respective rules.
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Definition 6.1.5 (Mid-level equality =,,,). Is only defined for rules with relative or absolute
parameter quantifications, va and v,, respectively. In addition to fulfilling =, both rules need
to be of the same rule type, e.g. quantified conclusions as in Definition 6.1.2 or conditions as in
Definition 6.1.3. Additionally:

Tzy =m T'mn < Tzyy =h Tmmn

A sgn(v'®v) = sgn(v ™),

for quality characteristics z, m € Q) or x, m € O and quantified parameters y,n € P for rules
with quantified conclusions and quantified conditions, respectively. While mid level equality in
the case of relative parameter quantifications, v, signifies that the parameter has to be adjusted
in the same direction, in the case of absolute parameter quantification v, it only ascertains that
both quantifications are either positive or negative. While the latter has no practical validity, it’s
used in definitions building on this definition.

Definition 6.1.6 (Quantification equality =", =*). To compare quantified rules, different equality
measures are applied depending on the type of their quantification v € {va, V4, v} or i, which
is treated the same as v}, since they are both intervals. Additionally to fulfilling =,,, the following
definitions hold depending on the respective quantifications:

« for quantification equality of two rules quantified by intervals, i.e. either v or p, the
intersection of the intervals over the base interval has to be greater than a threshold. For
rules with quantified conditions x and threshold Z,,:

Txy =H Tmn < Tzyy =h "'m,n
e 0 e

/\ T
|7 |

>t

It is analogously defined for ="0.

« for rules quantified by v, or va, the suggested parameter change needs to be similarly
quantified, i.e. within a threshold ¢,, or t,,, respectively. For rules with conclusions
quantified by vg:

v
Tey = A Tmn < Tzy =m Tmn
7 r
N d(I/Am’n, I/Ax’y) <tus,

where d(a, b) is the relative distance between two values a,b € R

vy 1 mina 1)
d(a,b) =1 max(|al, |b])’

=" is analogously defined. Note, that due to the check for mid-level equality a and b are
either both positive or negative in both cases.

+ to compare rules with different conclusion quantification types, e.g. rs,, quantified by v
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and 7y, , quantified by v, it is defined by

T,y

)

Vg,V
=" Tmn < Tzy =h Tm,n

T T
AN v evy™™

I

v min(d(ygz’y,min(yﬁm’")),

d(l/g“”‘y,max(yﬁm’"))) <0.5-t,)

If v, is not part of 1), we reuse the constant ¢,, to check whether the lowest or highest
value of v is close to v,. However, in this case we multiply ¢,, by 0.5 to account for the
fact that the margin could extend to both sides of the interval.

Definition 6.1.7 (Low-level equality =;). Low-level equality is defined depending on the quan-
tification and rule type. For rules with quantified conclusions =} is the low-level equality for
the respective quantification type using =" as defined in Definition 6.1.6. For rules with quanti-

fied conditions and conclusions, a composite of =" and =*, the analogous low-level equality of

condition quantifications, describes the low-level equality, =,"":

_u £ > M
/r‘1l7y _l rm7n /)nx7y - T‘m7n

_v
ANTpy =" Tmn-

Applied to the rules of Example 6.1.1 this leads to 7§ ; =/ 7’%71 fort,, = 0.3.

The main problem this chapter addresses is finding an aggregation function that yields a minimal
set of correct rules, R—, regarding a given level of abstraction = € {=;,=,,,=;}, of which
parameters to apply to mitigate all quality defects that can occur in a given (re-)parametrisation
process that conforms to the process described in Chapter 2. For rules with quantified conclusions
quantified by absolute or relative values

R:V :{T|T€QXPXR}:1/,
while for rules with quantified conditions and conclusions
R_y={r|re@xPxRxRxR}_,.

In the case of conclusions quantified by a range, another R is added.

Example 6.1.2. Continuing Example 6.1.1 with rule sets R, and Ry, a possible candidate for
one such rule set could be R:lm = RN RP, where N is defined for equality under = and

each va in R:;A is calculated as the mean of the corresponding quantifications from R® and R.
Consequently, R:;’A = {rapm = (41,01, 7),Tg2p = (42,91, 7),7g3p. = (43,P1,6.5),7g5 5 =
(Q37p37 _1)}

To arrive at the optimal rule set, we utilise a knowledge graph as a data structure which is
aggregated by the methods presented in Section 6.2. The quality of the knowledge graph is
measured by comparing extracted rules to an expert validated ground truth.
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6.2. Aggregation

For influences elicited in a combined manner, the knowledge graph containing all knowledge
segments can be naively aggregated by k = | J,; ki, with k; a knowledge segment for a process
iteration 7 (see Section 5.1 for the definition). Since for sequentially elicited influences, each
process iteration can contain multiple knowledge segments, these need to be aggregated as well.
Consequently, k = J;cg Uyeq, ki for sequentially elicited knowledge. To keep the definitions of
the following aggregation methods succinct, we will only define them for knowledge elicited in a
combined manner. The definitions for sequentially elicited knowledge are analogously to that
seen for the naive aggregation.

In practice, and illustrated by Examples 2.1.1, 6.1.1 and 6.1.2, operators can adjust more than one
process parameter at once, for example if they want to limit the amount of iterations needed during
the parametrisation process. This leads to influences with atomicity greater than one, i.e. multiple
influences that are in relation with multiple process parameters. Also, process parameters and
influences are multi-dimensional with over 500 process parameters and 13 quality characteristics
in the case of the FDM case study, see Section 3.1. This high dimensional space can be reduced
to 58 and 13, respectively, by relying only on parameters that were actively adjusted during the
parametrisation process. Factors such as high dimensionality, few examples, the unsupervised
nature of the problem, as well as operator and environmental biases, illustrate that identifying the
process parameter(s) influenced by a singular influence and vice versa is a non-trivial task that is
best addressed with heuristics. Consequently, we design methods to ascertain the reliability of
information provided by the operators with the goal of filtering out erroneous information. The
underlying idea is to first weight the relations and then filter them with an adaptive threshold.

We investigate methods that are applied on quantified parameters or qualities highlighted by
influences o before or after graph aggregation. For those that are applied before graph aggregation,
we focus on operator confidence, frequency of the relation, as well as quality improvements. The
operators’ confidence ( is directly contained in the knowledge segment of an iteration and does
not need computation. Relation frequency is established by summing the occurrences of a relation
in the knowledge segments over all process iterations and dividing this by the number of unique
relations. This is then assigned to the weight of the respective relations:

> icaNgp € ki
Hngp € k| p e PqcQ}

Quality improvement is given by calculating A(g;, ¢;+1) or short Ag. These three techniques can
be combined at will. Weights for relation frequency and quality improvement are multiplied if
they are combined. Operator confidence, if combined, is factored in by multiplying it with the
weight obtained by relation frequency F’ or quality improvement Ag, respectively.

wFQvP =

Clustering-based weighting methods, denoted by C, are utilised to detect outliers and are
applied to subsets of the iterations’ attributes. Based on different combinations of subsets s;, with
h € {p,q,a, Ap, Aq, Aa}, OPTICS [Ank+99] is used for density-based clustering. In this context
we use « to denote quantified parameters or qualities highlighted by «.. We utilise the Minkowski
distance and set the minimum amount of neighbours constituting a cluster to two. The resulting
clusters are then used to weight the relations of the knowledge graph by counting the number
of iterations contributing to the respective relation that were successfully assigned to a cluster,
thereby discounting the outlying iterations that were not successfully assigned a cluster. This is
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then normalised by the amount of iterations and used as the relation weight:

w. ()] €7, andi€ OPTICS(sp)}|
Conn = [{n(@) i € T} ’

where OPTICS generates sets of clustered iterations and unclustered iterations are not included in
any sets and 7)(i) determines if a specific relation 7, ,, can be extracted from the given iteration .

Another clustering-based approach, denoted by C'C is based on the assumption that sim-
ilar parametrisations should lead to similar qualities. Therefore, iterations that are successfully
clustered in parameter space should also be clustered in quality space. We calculate weights simil-
arly to the clustering methodology described above for absolute and relative (defined analogously)
qualities and parameters:

w ~ |{n(4) | i € Tand i € OPTICS(p) N OPTICS(q)}|
CCpam = [{n(@) i €Ty

In contrast to the previous methods, the influence validity method, denoted by IV, directly
tries to quantify the correctness of the operator’s notion that the changed process parameters
are improving the highlighted quality characteristics. To achieve this, the sum of the highlighted
quality characteristics is divided by the overall quality for each iteration contributing to the
relation. The resulting fractions are then summed and normed by the amount of iterations that
contributed to this relation and used as its weight:

>, 0,
I UGS sh e,
W = G |4 € 3

The adaptive threshold is computed by taking the mean z, median Z or elements smaller than
the first quartile ()1 over all relations. Based on this, relations whose weight is smaller than the
threshold are removed from the knowledge graph.

6.3. Rule Extraction

Based on the central artefact of Section 6.2, a knowledge graph that contains all relevant data, this
section details how actionable rules with quantified conclusions and conditions can be extracted
from the aggregated knowledge. The resulting rule base has two purposes:

1. it can be utilised as part of a decision support system which allows the operator to solve
occurring quality defects. For example, if confronted with a specific problem regarding a
defective quality characteristic of the current process iteration ¢; € (), the operator is able
to choose fitting rules pertaining to the same quality characteristic from the rule base. By
applying them to the next parametrisation, he is able to remedy this specific quality defect.

2. it can serve as the initial rule base which is further refined by operators through a down-
stream process.
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6.3.1. Quantified Conclusions

To extract rules with quantified conclusions, we rely on the aggregated knowledge graph to
identify high-level relations between influences, i.e. quality characteristics in our case, and
adapted parameters. Since the quantified rules rely on the aggregated knowledge, they represent
aggregations of iterations and are therefore independent of decisions at a specific point in time. In
the following, we rely on these aggregated rules. Quantification of aggregations can be quantified
by analysing p and Ap over all iterations contributing to the relation that exhibited the respective
high-level relation. Based on this, we are able to discern both the conclusion (i.e. increase, decrease,
set) as well as the parameter quantification of the conclusion of the rules. A parameter describing
the conclusion can be quantified in three ways: relative and absolute amount as well as interval
of absolutes as introduced in Definition 6.1.2. Intervals v is determined by E(A¢; ) = 0 (Ad; p),
of all process iterations ¢ € J, where E is the expected value. Relative parameter adjustments,
v is determined by E(A¢; ), of all process iterations i € J. Absolute values in the case of
categorical parameters are quantified by value with the highest occurrence. While learning specific
parameter-quality functions would be preferable, initial experiments were unsuccessful due to
the low amount of samples. However, since functions in manufacturing are usually monotonic
[Kur+21], using the expected value seems like a reasonable approximation, that could be refined
if sufficient data is available.

6.3.2. Quantified Conditions

Rules with quantified conclusion have the drawback that one quantification covers the whole
range of the condition, i.e. the defective quality characteristic. In practice, however, a more
fine granular condition would allow, e.g. a stronger adjustment of the parameter if the quality
characteristic is more defective. To achieve this, this section describes an approach to extract
rules conditions quantified by ranges.

The approach consists of four stages:

1. Clustering similar quality characteristics by determining the number of clusters or providing
a domain specific number, e.g. ratings of quality characteristics between 0 and 5 which
constitute six clusters, as is the case in our FDM case study (see Section 3.1). Examples for
estimators are L2 [FD81], which is relatively robust against outliers or Doane’s formula
[Doa76], which is frequently used for non-normal distributed data. In the following, we
will use Doane’s formula since it achieved the most consistent results which we validated
with our domain knowledge on the FDM dataset. Based on the number of clusters, the size
of the clusters can be directly calculated if they are assumed to be distributed evenly.

2. Extracting a rule for each cluster, using its lower and upper limits as condition quantifica-
tion. The conclusion quantification is computed for each rule as outlined in Section 6.3.1
based on the knowledge segments that have quality characteristics lying in the respective
cluster. Contiguous clusters could lead to rules with similar conclusion quantification which
increases the size of the rule base without adding additional information.

3. Consequently, the rule base can be compacted. To identify rule candidates for merging, Stage
1 is repeated on the resulting conclusion quantifications. All rules which have adjacent
condition quantifications and a conclusion quantification in the same cluster are considered
to be mergeable without loss of information.
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4. Finally, the compacted rule base is created by merging the quantified conditions by u =
U,er, 1" with R the set of candidate rules for each cluster. As in Step 2, the conclusion
quantification is computed for each rule as outlined in Section 6.3.1 based on the knowledge
segments that contributed to the candidate rules.
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Evaluation

To evaluate the effect of influences elicited and aggregated with the methodology presented in
Chapters 5 and 6, we conduct a series of experiments to evaluate its performance on the FDM
(see Section 3.1) and synthetic case study (see Section 3.3). While both can be evaluated against a
ground truth, the latter allows the analysis of the effect of different complexities in underlying
data. We evaluate the combination of elicitation, aggregation and extraction and address the
following research questions via the quantitative evaluation conducted in Section 7.1:

« RQ1: Is there a benefit of weighting and filtering-based aggregation methods compared to
naive aggregation?

« RQ2: Does operator feedback provide a benefit compared to purely data-based knowledge
elicitation?

» RQ3: How does complexity affect the performance of knowledge extraction?

RQ1 is mainly addressed in Section 7.1.2 but also referenced in Sections 7.1.3 and 7.1.4. While
RQ2 is addressed in Section 7.1.3, Section 7.1.4 deals with RQ3. Section 7.2 provides a small-scale
evaluation of the quality of the resulting rules in the FDM case study.

7.1. Evaluation Against Ground Truth

This section evaluates the aggregation and extraction methods against a ground truth for the
FDM and synthetic case study. It introduces the methodology used to arrive at the ground truth
for FDM data and studies the effect of influences, and of the complexity in underlying data on the
performance and suitability of the aggregation methods.

7.1.1. Experimental Setup

This section provides an overview of the experimental setup, detailing ground truth and evaluation
set creation as well as the selection of the shown aggregation methods.

7.1.1.1. Ground Truth Creation

While the extraction of a ground truth for the synthetic case study—the knowledge generation is
described in more detail in Section 3.3.1.3—is trivial, i.e. the generated knowledge is extracted as
ground truth before noise is added, it is not as straightforward for the FDM use case since well
defined ground truths are not available for the FDM domain at the required granularity. Also,
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unstructured knowledge bases e.g. Simplify3D’s troubleshooting guide!, from which they could
be created are unsuited since the methodology underlying their creation is unknown. Therefore,
we describe a methodology to obtain a ground truth against which the proposed approach can be
compared against on the FDM case study.

To arrive at a list of rule candidates that can be judged by a group of experts, the naive
aggregation (see Section 6.2) followed by the extraction of quantified conclusion rules (see
Section 6.3.1 was applied to the FDM dataset when it comprised 411 produced products for which
influences were elicited. Three FDM experts were independently tasked with classifying whether
the candidate rule are correct on a high level of abstraction as defined by the high level equality
=}, (see Section 6.1), i.e. whether there exists a relation between parameter and condition. If that
was the case they proceed to evaluate the rule at a medium and, lastly, a low level of equality.
As described in Section 6.1, medium equality, =,, is achieved if the rules’ action, e.g. increase
or decrease, is suitable, whereas low equality, =7, is achieved if the quantification—the amount
the parameter should be adjusted—is within 30% of the experts’ opinion, ¢,, = t,, := 0.3. The
concrete threshold was established through conversations with operators in the FDM scenario
about applicable intervals and investigating the data to align operator/dataset generator behaviour.
If a rule is unequal at low or medium level the experts adjust it according to their knowledge.
However, the resulting ground truth can only be used for quantified conclusion rules, since these
form the basis of the candidate rule set. In principle, the same method can be conducted on a
candidate rule set created by quantified condition rule extraction. However, this was not done
due to the large amount of quantified condition rules created by the naive aggregation method
and the corresponding required effort to rate them accordingly.

The resulting individual rule sets are merged by averaging—mean for numerical, most frequent
value for categorical—quantifications and assigning an action accordingly if at least two experts
validated a rule for a given relation. The now aggregated rule set is suitable for use as ground
truth since multiple experts evaluated the given rules in a detailed manner, providing corrections
where necessary. Especially, due to the experts’ corrections the ground truth is not a subset of the
baseline which would aggravate the comparison between naive and weighting and filtering-based
aggregation methods. Still, it is likely to focus on a certain subset of the experts’ knowledge.
However, since this subset is informed by parameter choices encountered in practice, it can be
argued that it focusses on the most practically relevant area of expertise. The experts provided a
mean of 41 rules each with a standard deviation of 2.16 rules. All experts agreed on 20 rules, 21
different rules were confirmed by two experts, whereas another 21 rules were only approved by a
single expert. This highlights the individuality of experts that gained their experience on different
printers, materials and objects and highlights the importance of our approach to accept only rules
that are agreed upon by at least two experts. As the number of involved experts and the fractural
nature of their knowledge is similar to industrial settings, we assume that the process of ground
truth creation is applicable to other industrial domains. In practice, the ground truth creation
process could also be used as an editorial step to increase the quality of knowledge extracted with
weighting and filtering-based aggregation methods before it is used in an assistance system.

'Thttps://www.simplify3d.com/support/print-quality-troubleshooting/
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7.1.1.2. Evaluation Set Creation

To evaluate overlap between rules contained in the aggregated knowledge graph and the ground
truth, we utilise the three equality operators defined in Section 6.1, which are suited to evaluate
rules on differing degrees of abstraction. To be able to evaluate metrics on rule sets, e.g. ground
truth and prediction, of differing size and ordering an evaluation set is needed. An evaluation set
of two rule sets is created by comparing each given rule with the given equality operator. If the
rules are equal according to the equality operator, a substitution is carried out, if it is unequal
it is treated as a unique rule. Substituted rules, as well as unique rules of both rule sets are
concatenated to form the evaluation set.

Example 7.1.1. Referring back to Example 6.1.1, i.e. rule sets R, = {rg, ,, = (g3,p1,6),

— — b — b — b —
rg3,p3 - (q:?))pi% _1)} and Rb — {qu,pl - (Ql7pla 7)7rq2,p1 - (q27p1)7)77nq?”p1 — (q37p17 7)}:
a,b _ a, a b b v : a b __VA
R = {14013 T4 pss Taapr Tat.pr }:z a would be the evaluation set for R* and R’ for =% with
— ; a VA b
tyy = 0.3 sincerg, , == rg, .

Both rule sets are compared against the evaluation set resulting in binary sets that can be directly
compared. We evaluate the similarity between a prediction and ground truth with precision,
recall and F1 score (values in [0,1], higher is better). Also, the number of rules resulting from
using a given aggregation method is reported.

7.1.1.3. Method Selection

We apply the aggregation methods described in Section 6.2 and evaluate them for the three
levels of abstraction. Here, the low abstraction level is the one with the greatest relevance for
industrial use cases, since it provides data-based quantifications, which are often not available
using traditional knowledge extraction methods. Consequently, we focus the evaluation on it. To
select a subset of methods that are shown in the experiments in Sections 7.1.3, 7.1.4.1 and 7.1.4.2,
the best two methods for each experiment, dataset, i.e. FDM or synthetic, abstraction level, i.e.
high, medium and low, and rule type, i.e. quantified conclusions and quantified conditions, were
selected. For the synthetic dataset ten runs were executed with different random seeds to account
for variations in the randomly chosen functions. In the resulting graphics, the mean is reported
along with standard deviation.

7.1.2. Performance on Default Datasets

This experiment compares the selected aggregation methods against the naive aggregation,
highlighting improvements to be gained on the default dataset for the FDM and synthetic dataset
as described in Sections 3.1 and 3.3, respectively. In Section 7.1.4, the synthetic dataset generation
will be used to synthesise datasets with characteristics differing from the default. Table 7.1 shows
the best performing aggregation methods for each abstraction level (see Section 6.1) for the
FDM and synthetic dataset for combined influence elicitation. As explained in Section 7.1.1.1,
a ground truth for the FDM dataset is only available for quantified conclusion rules. For the
synthetic dataset, results for quantified conclusion PDPK,, and quantified condition PDPK,, rules
are reported separately. For datasets FDM and PDPK,,, we can observe that precision, recall and
F1 increase for all methods with increasing level of abstraction. This is intuitively explainable
by considering that it is much harder to forecast the exact parameter quantifications compared
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to conclusion or even the pure existence of relations. The number of rules stays constant over
equality levels for all datasets and rule types since the level of abstraction used during evaluation
is independent of the aggregation method. However, for rules with quantified conditions, the
amount of rules is higher for all aggregation methods than for rules with quantified parameters
due to the division of one unquantified into multiple quantified conditions.

For the FDM dataset, the best performing methods vary between the different abstraction
levels. Here, the aggregation method ¢ F' Aq # % performs best on the high abstraction level
with an absolute increase over the naive baseline of 0.21 which corresponds to 48.74% for F1.
However, this aggregation method is not able to compete on lower abstraction levels, where
F # ()1 achieves a relative increase in F1 of 46.49% (0.15 absolute) over the naive baseline on the
medium abstraction level and C p g # @)1, which achieves an increase of 24.54% (0.05 absolute)
on the low abstraction level. Both F' # Q1 and ( F' Aq # Z are not able to compete on the low
abstraction level since they reduce the rule set too aggressively by 75.51% and 74.15% to 36 and 38
rules, respectively, leading us to believe that due to the aggressive filtering data points necessary
for correctly calculating the quantifications are discarded. In contrast to this, C'p ¢ # ()1 reduces
the rule set only by 30.61% to 102 rules. In general, the naive baseline has a comparatively high
recall with 0.97 for high, 0.73 for medium and 0.46 for low abstraction levels. However, since all
knowledge segments are included regardless of their validity the precision is relatively low with
0.27, 0.20 and 0.12, respectively. By removing a part of the erroneous knowledge segments, the
weighting and filtering-based aggregation methods increase precision—usually, however, at a
small cost in regards to recall—which leads to an overall improvement in F1.

For the synthetic dataset generated via PDPK, F' # () achieves consistently achieves the
best results over abstraction methods and rule types, i.e. quantified conditions, PDPK,, and
quantified conclusions, PDPK,. For PDPK,, it achieves an increase over the naive baseline in F1
of 21.75% (0.16 absolute) by increasing precision to 1.0 and a decrease in of the rule set by 50.81%
which translates to 40.6 rules. Note, that these results do not change for different abstraction
levels because of the linear nature of the underlying functions in the default synthetic dataset.
For PDPK,, it achieves an increase for high, medium and low abstraction levels of 12.92% (0.09
absolute), 7.20% (0.06 absolute) and 12.83% (0.05 absolute) while decreasing the rule set by 42.17%
(61.4 rules). While the performance of PDPK, and PDPK,, for high and medium abstraction levels
is relatively close—within 3.91% and 8.78%, respectively—we see a significant performance drop
of for the low abstraction level with 44.70%. Due to the linear nature of the default synthetic
dataset and the corresponding static optimal conclusion quantification, quantified conditions can
not provide a benefit in this case. To investigate this more closely, they are compared on more
complex functions in Section 7.1.4.3.

Overall, we conclude that the weighting and filtering-based aggregation methods provide a
significant benefit since they consistently outperform the naive aggregation method while also
reducing the rule set. The reduced rule set facilitates their use in a passive assistance system, since
the rule application is, intuitively, easier if there are fewer rules to choose from. However, since
there is no single best aggregation method discernible for all datasets and abstraction levels, we
propose that they are evaluated on the respective scenario via a suitable scenario specific ground
truth that can be extracted as described in Section 7.1.1.1. Due to the low overall results achieved
for the low abstraction level, the resulting rule base should be evaluated before it is directly
applied in an assistance system via an explicit validation step including the domain experts.

In the following, we modify the default datasets to evaluate different characteristics and answer
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RQ2 and RQ3. We focus the evaluation on the lowest abstraction level, since quantified rules are
harder to extract and of greater interest in industry.
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7.1.3. Performance on Elicited vs. Purely Data-Based Knowledge Segments

Building on Section 7.1.2, this experiment contrasts the performance on default datasets, i.e.
where knowledge segments are elicited according to the methodology presented in Section 5.1,
to knowledge segments extracted via a purely data-based approach, i.e. knowledge segments
constructed by the cross product of all quality defects and adapted parameters. We assume that
the dimensionality reduction achieved by knowledge segments elicited via influences provided
by operator feedback results in a rule base that outperforms rules extracted based on all process
iterations. Therefore, we expect an increased F1 score for a lower amount of rules for elicited
influences compared to that of all influences present in the data. Note, that the performance on
the default datasets has already been analysed in Section 7.1.2.

Figure 7.1 shows the results in F1 of the selected aggregation methods for FDM and synthetic
datasets for the low abstraction level. In the latter case, results for rules with quantified parameters
and conditions, PDPK, and PDPK, are reported separately. For FDM (see Figure 7.1a) the selected
aggregation methods perform an average of 34.22% (0.05 absolute) worse on all influences com-
pared to those elicited. For the best performing method for elicited knowledge, C'p ¢ # @)1, this
decrease is especially stark with 62.50%. The exception to this trend is F' Aq # T which improves
by 62.65% to become the best performing method on the purely data-based setting. Interesting
in that regard, is that F' Aq # 7 relies on the improvement of quality observed between process
iterations. The fact that its importance grows significantly for purely data-based knowledge
segments could be an indication towards the quality of the operator feedback. The amount of
rules extracted increases by an average of 69.28%. However, it depends heavily on the extraction
method, since frequency-based methods, e.g. F' # ()1, lead to a small decrease in numbers which
still translates to 25.00-38.89% due to the extremely small initial rule bases. Especially noteworthy
is that the improvement achieved by weighting and filtering-based aggregation methods over the
naive baseline increases by 49.94 percentage points from 24.55% to 74.49%, which is an indication
of their capability to effectively filter erroneous data points.

For the synthetic dataset with quantified parameters PDPK,,, the results are shown in Figure 7.1b.
We can see the same basic trends observed for the FDM dataset, i.e. decreasing F1 score and
increasing amount of rules, between elicited influences and those extracted in a purely data-based
manner. However, these are much more pronounced with 82.09% (0.54 absolute) on F1 and
841.55% (311.63 rules) on the amount of rules. We assume, that these stark differences are due to a
non-uniform distribution in occurring quality defects in the FDM scenario. The best performing
method, F' # (Q1, remains the same with an improvement over the naive aggregation method
of 15.02 percentage points from 21.75% to 36.77%. Interestingly, F' Aq # T, Aq # T and Aq # &
underperform consistently when contrasted with their performance on the FDM dataset. Also,
F Aq # 7 performs relatively well, highlighting the importance of different thresholds.

Rules with quantified conditions on the synthetic dataset, PDPK,, shown in Figure 7.1b, follow
the trends outlined for the those with quantified parameters in great detail, albeit in a different
value range since the achievable scores in F1 are lower and amount of rules extracted higher.
While the average F1 score decreases by 68.00%, the amount of rules extracted increases 8.47 fold.

Based on the results observed for the different datasets and rule types, we conclude that our
hypotheses were accurate and that operator feedback does provide a significant benefit when
compared to purely data-based knowledge elicitation.

59



7.1. EVALUATION AGAINST GROUND TRUTH

Mddad

J9sEBIEP JTJAYIUAS d1[} UO SUOTIPU0d payrjuenb yim sayny (9)

yoeoidde paseq-ejep A[2ind e £q paured 950y} "SA SOOUSNJUT PAIIOI[D SUTIEFIISOAUT ¢'T°/, UOIIOAS JO S)NsSy :'T°/ dINTI]

suoIsn[ouod payruenb yiim sany (e)

saduanjyu|
14 pa3d113

pa11113
0 # boal L 10
0 # bddd
WO #0
O #bdo
X#bvyd * .
WO#42 A o
x#by X hi
x#bv V
x#bvs + Feo
x#bvs @
WO#4 N
X#4
X#4 Lo
dAleu
“I3dAd 128
-BJEp JTJDYJUAS Y} UO suolIsn[ouod payruenb yim sapny (q) "19se1ep W 9yl uo
sasuaNnpu|
I pa12113
O # boal 10 # boal
0 # bdod rco 0 # bddD
WO # 0 O #0
O #bdo O #bdo
xX#bvid * X#bvid *
W#dd A rvo W#4I A
X#bv x - X#by ®
i
x#bv V x#bv V
x#bvy + 90 x#bvys +
x#bvy @ [ x#bvy @
WO#4 WO#4
X#4d X#4
X#4 ) X#4
anleu reo anleu
A

r 000

FS0°0

roT'o

T4

A 2 . FST0

rozo

rSTo

60



7.1. EVALUATION AGAINST GROUND TRUTH

7.1.4. Degree of Complexity in Underlying Data

To be able to answer RQ3, how complexity affects knowledge extraction, we analyse two uncer-
tainties in underlying data that can be simulated on the synthetic dataset. While Section 7.1.4.1
details the effect of noise in the expert knowledge and consequently the knowledge segments,
Section 7.1.4.2 deals with different degrees of atomicity, i.e. multiple quality characteristics present
in a knowledge segments which increases the difficulty to aggregate it adequately. Another source
of complexity is introduced by the complexity of functions underlying the quality-parameter
relationships and analysed in Section 7.1.4.3. All experiments are conducted on synthetic datasets
that allow us to change the underlying characteristics. Our hypotheses is that with growing com-
plexity of the dataset the overall performance in F1 decreases and the amount of rules increases
which leads to an increase in benefit of weighting and filtering-based aggregation methods.

7.1.4.1. Degree of Noise in Expert Knowledge

Possible reasons for noise in expert knowledge in real-world settings could be inexperienced
operators or experts who are convinced their knowledge is true while, in fact, it is not. To
investigate the performance of the proposed aggregation methods in this regard, this experiment
varies the degree of noise present in the expert knowledge. In specific, the degree of noise is
evaluated at (P x @), € [0,0.25,0.5,0.75, 1], where 0, corresponding to 0%, denotes no noise,
i.e. 100% accurate expert knowledge, while 1, corresponding to 100% denotes random expert
“knowledge”. Note, that the x-axis is treated as categorical and values are placed within the
respective bins to avoid overlap. (P x Q)g, = 0.25 equals the standard configuration used in
Section 7.1.3 for the results achieved on knowledge segments elicited from operators. We assume
that with growing degree of noise the complexity of the dataset increases and consequently that
the hypotheses formulated in Section 7.1.4 hold.

In Figure 7.2, we can see that the hypothesis that F1 decreases with increasing noise is accurate
for synthetic datasets with quantified parameters, PDPK,,, and quantified conditions, PDPK,,. For
PDPK,, (see Figure 7.2a), F1 decreases by an average over all aggregation methods of 19.01% (0.13
absolute), 17.37% (0.12 absolute), 51.27% (0.24 absolute) and 0.28 absolute, respectively, for all
degrees of noise. For the respective best performing aggregation method for the different degrees
of noise, F1 decreases by 10.25% (0.10 absolute), 11.19% (0.10 absolute), 35.12% (0.28 absolute) and
0.52 absolute, respectively. However, different aggregation methods perform best for different
amounts of knowledge. For 0% noise, the naive method along with FFAq # % and Aq # 2
performs best, while for 25% and 50% F' # () performs best with an improvement over the naive
aggregation method of 21.75% (0.16 absolute) and 50.38% (0.27 absolute), respectively. The good
performance of the naive aggregation method on 0% noise is not surprising, since if there is no
noise present in the dataset at all, there are no erroneous knowledge segments that can be filtered
out to achieve a benefit. For 75% noise F' # Z, outperforms F' # ()1 by 12.49%, which corresponds
to an improvement over the naive aggregation method of 78.78% (0.23 absolute). The achieved
decrease of the respective best method over naive aggregation in terms of rules (see Figure 7.2b)
is 50.81% (40.6 rules), 52.09% (58.6 rules) and 70.66% (109.8 rules) for 25%, 50% and 75% of noise,
respectively. For 100% noise no method is able to extract rules as illustrated by the F1 score of 0.

In general, PDPK, (see Figures 7.2c and 7.2d) behaves analogously to PDPK,,. Differences being
worse overall results, and the naive method being the sole aggregation method to achieve the best
performance for 0% noise. In both PDPK,, and PDPK,, F' Aq # ¥, Aq # Z and Aq # % perform
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consistently worse than the other aggregation methods.

We conclude, that for varying degrees of noise in expert knowledge the hypotheses hold and
increasing complexity of this kind increases the importance of weighting and filtering-based
aggregation methods up to the degree where satisfactory rules cannot be extracted any more.
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7.1. EVALUATION AGAINST GROUND TRUTH

7.1.4.2. Degree of Atomicity

If operators mitigate multiple quality characteristics at once by modifying multiple parameters,
the resulting knowledge segments exhibit an atomicity greater than 1, if they are elicited with the
methodology presented in Section 5.1. The notion behind the concept of atomicity is related to
that common in chemistry, i.e. the amount of atoms, i.e. in our case quality characteristics, which
constitute a molecule. To allow us to quantify the effects of atomicity on the complexity of the
resulting data, this experiment varies the degree of atomicity present in the expert knowledge.
This enables us to contrast the characteristics of data with atomicity of 1, as achieved by the
sequential influence elicitation method (see Section 5.2) to data with possibly higher atomicity
resulting from the combined influence elicitation method. This experiment is structured like the
experiment on the degree of noise in expert knowledge (see Section 7.1.4.1). As such, atomicity is
evaluated for a € [1,2,3,4, 5], with 1 and 5 resulting from one and five quality characteristics
remedied simultaneously, respectively, with a = 1 corresponding to the degree used in the
default dataset analysed in Sections 7.1.3 and 7.1.4.1. As in Section 7.1.4.1, the x-axis is treated
as categorical. Again, we assume, that with growing atomicity the complexity of the dataset
increases and consequently that the hypotheses formulated in Section 7.1.4 hold.

For rules with quantified conclusions on the synthetic dataset, PDPK, (see Figure 7.3a), we
observe that F1 decreases by an average over all aggregation methods of 27.13% (0.26 absolute),
27.65% (0.10 absolute), 25.36% (0.07 absolute), 18.44% (0.04 absolute), respectively, for each atomicity
increment. For the best performing methods, F' # Q1 for a = 1 and F # z for a € {2, 3,4, 5},
this change occurs more evenly with 17.57% (0.15 absolute), 26.28% (0.19 absolute), 25.17% (0.14
absolute), 25.54% (0.10 absolute), respectively. The similarities in regard to the best methods
for the noise experiment could indicate that the kinds of complexity introduced by changes
in atomicity are related to those introduced by noise. However, the deviation of F' # Z over
different iterations of the synthetic dataset generation is relatively high when compared to other
aggregation methods. The naive baseline is consistently outperformed for each degree of atomicity
by the best aggregation method by 21.75% (0.16 absolute), 192.35% (0.49 absolute), 241.20% (0.39
absolute), 242.33% (0.29 absolute), 206.25% (0.20 absolute), respectively. The best aggregation
methods leads to a decrease in the number of rules (see Figure 7.3b) when contrasted to the naive
aggregation method of 50.81% (40.6 rules), 82.13% (222 rules), 83.76% (327.4 rules), 82.37% (386.9
rules) and 80.33% (417.4 rules) for all degrees of atomicity. In fact, the rule base of F' # T only
increased by 329.41% (78.4 rules) between a = 1 and a = 5 compared to the naive aggregation
method which increased by 550.31% (439.7 rules).

Like in the previous experiments, the behaviour of rules with quantified conditions, present in
PDPK,, (see Figure 7.3c) is closely related to that of rules with quantified parameters present in
PDPK,,. The differences are a lower F1 score overall as well as a stronger decrease in performance
between the first and second atomicity increment of 42.71% (0.18 absolute) compared with 17.57%
on PDPK,,. Also, I # Q1 is the best aggregation method on a = 1, being outperformed by F' #
on a € {2,5} which again is outperformed by F' Aq # % on a € {3,4}. The naive aggregation
method is outperformed by the respective best aggregation method by 12.83% (0.05 absolute),
17.66% (0.04 absolute), 18.37% (0.02 absolute), 27.09% (0.03 absolute), 25.66% (0.02 absolute) for
each atomicity level.

As in Section 7.1.4.1, we conclude that for varying degrees of atomicity the hypotheses hold
and increasing complexity of this kind increases the importance of weighting and filtering-based
aggregation methods. The decision whether combined or sequential influence elicitation is used
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can be made dependent on the intended application domain to best fit the respective production
and parametrisation process, e.g. how many quality defects are usually addressed simultaneously,
and expected cognitive load of the operators.
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7.1.4.3. Degree of Complexity in Parameter-Quality Functions

Depending on the specific characteristics of parameter-quality-relationships, the underlying
functions can be of different complexities. This experiment evaluates the effect of different
function complexities, i.e. linear, quadratic and logarithmic for rules with quantified conclusions
and conditions, PDPK,, and PDPK,, respectively, on the synthetic dataset. As such, it provides a
quantitative evaluation into a possible benefit of quantified conditions on function types other
than linear functions as seen in the previous datasets. Since the default dataset is based on linear
functions, we do not analyse the corresponding results in detail since this has already been done
in Sections 7.1.3, 7.1.4.1 and 7.1.4.2. We assume, that quadratic and logarithmic functions are
more complex than linear and consequently expect worse results but a greater effect of quantified
conditions and weighting and filtering-based aggregation methods for them. Also, we expect
that—in contrast to the previous experiments—quantified conclusions prove beneficial for more
complex function types.

For rules with quantified conclusions as present in PDPK,, (see Figure 7.4a), we observe that F1
sharply decreases for quadratic functions by an average margin of 0.59, which corresponds to
92.31%. Between the respective best aggregation methods F' # @1 and CC p g # Q1 there is a
decrease of 0.80, which corresponds to 89.45%. For quadratic functions, I’ # ()1 provides only
a slight benefit over the naive aggregation method of 1.33%. In contrast to this, the amount of
rules (see Figure 7.4b) remains relatively constant overall, with a slight decrease for a majority
of aggregation methods when compared to linear functions. The exception to this trend are
F Aq # z, Aq # T and ( F' Aq # Z, which increase for quadratic and logarithmic functions
as well as F' # Q1 and ( F' # ()1 which increase for quadratic functions. In contrast to the
naive aggregation method, the amount of rules was reduced by 24.47% (18.5 rules) for the best
aggregation method for quadratic functions.

For rules with quantified conditions as present in PDPK,, (see Figure 7.4c), we observe that linear
functions perform worse than on PDPK,,. However, within PDPK,, an increase in F1 between linear
and quadratic functions is visible. Over all aggregation methods quadratic functions outperform
linear ones by 31.38% (0.09 absolute). F' # () is the best performing aggregation method on
linear and quadratic functions with an increase in F1 by 0.09, which translates to 21.67%. For
logarithmic functions, we observe an average decrease of 0.17 which translates to 52.26% when
compared to linear functions. Between the best methods, F' # Q)1 and C' - - - # Q1 , this decrease
is quantified by 0.23 which translates to 53.70%. While for quadratic functions an improvement
for ' # (1 over the naive aggregation method of 12.83% (0.05) can be reported, for logarithmic
functions practically no benefit of weighting and filtering-based aggregation methods is visible
with a difference of only 0.5%. The amount of extracted rules varies depending on the method.
For F' # ()1 an increase by 89.4 rules corresponding to 106.18% can be observed between linear
and quadratic functions. For logarithmic functions the amount of rules decreases by 77.32% when
compared to linear functions for the respective best aggregation methods in regards to F1.

We conclude that the hypothesis that the increased complexity of quadratic and logarithmic
functions compared to linear functions leads to worse F1 results holds. However, our second
hypothesis that for these more complex functions the benefit of using weighting and filtering-
based aggregation methods is more pronounced turned out to be false. A possible explanation
for this behaviour could be that the aggregation and extraction methods were optimised on
the FDM dataset which does not exhibit quadratic functions and consequently better suited to
aggregate quantifications by averaging individual values. Fitting local functions would be an
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alternative approach that does not suffer from this effect but achieved only unsatisfactory results
in initial experiments due to the low sample size. Contrasting the results of rules with quantified
conclusions to those with quantified conditions, we conclude that while for linear functions
the extraction of quantified conditions is detrimental, it provides a benefit for quadratic and
logarithmic rules as evidenced by an absolute increase of 0.43, which translates to 451.15%, and
0.20, respectively.
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Figure 7.5.: Mean quality level (lower is better) per iterations as achieved by the baseline as well
as rule assisted group. For comparability the figure is truncated at iteration 4.

7.2. Applicability in Practice

To study the applicability of the filtered aggregated rule set in practice, e.g. as a passive assistance
system, we utilised the FDM case study (see Section 3.1). We selected six participants of varying
experience, that did not previously participate in data collection or ground truth creation. They
were presented with a printing task designed to challenge several quality characteristics. The
target criteria was to optimise both quality and iterations required. To ensure a comparable
environment, each participant utilised the same printer with the same material and the same
initial parametrisation.

The participants were divided in two groups of three. The baseline was created by the control
group that completed the task solely relying on their previous experience and process knowledge.
The second group was given the rule set aggregated by C' p g # Z—the best aggregation method
for the 411 experiments with corresponding knowledge segments that were available when this
experiment was conducted.

To resemble the operator decision capability prevalent in manufacturing scenarios, the operators
in the second group could apply as many rules pertaining to observed quality defects as they
saw fit. However, their degree of FDM relevant expertise was significantly lower than that of
the baseline group. The uneven split regarding operator experience was chosen to evaluate to
which degree novices (with rules) are able to compete with experienced operators (without rules).
The control group took a mean of 5.33 iterations with a standard deviation of 0.47, whereas the
rule assisted group took an average of 5.0 iterations with a standard deviation of 1.4. The high
standard deviation in the rule assisted group is explained by one operator that required seven
iterations compared to the four iterations required by the other operators.

A comparison of the achieved quality can be seen in Figure 7.5, in which the achieved mean
quality (consisting of four defective quality characteristics) of both groups is compared for each
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process iteration. The figure is truncated at four iterations since otherwise the comparability is
not ensured because of the different numbers of iterations required by the participants. While
the environmental temperature was higher for the rule assisted group than the control group,
experienced operators should be able to compensate environmental temperature based on their
experience. Therefore, this does not explain the general offset in performance. After iteration
four, the achieved quality of the baseline improved while one operator of the group utilising rules
decreased in achieved quality until finding a suitable parametrisation at iteration seven.

For eight of the observed 13 occurring quality defects in the FDM dataset, rules could be extrac-
ted. However, for some quality characteristics they were erroneous which lead all participants in
the rule assisted group to be unable to significantly improve upon these quality characteristics.
All the more interesting is the fact that for the first four iterations the application of the rules
achieves a better quality faster than the control group, which consisted of more experienced
operators. Apart from the general offset, this is underpinned by the fact that the difference
between achieved mean quality at iteration four is larger than that at iteration one. Also, in the
rule assisted case different rules were applied. Due to the inexperienced operators, we assume that
this hints at a high uncertainty while selecting rules. Aiding the operators through programmatic
rule selection could further increase the applicability of the extracted rules in practice. Overall,
the applicability of the extracted rules in practice can be assessed as positive since they lead to
quicker parametrisations which attain a better quality faster than the control group. However,
because of the small study size and environmental factors, which are hard to control, the results
of this experiments only serve as an indication of the quality of the extracted rules.
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Part I1I.

Representing and Embedding
Procedural Operator Knowledge

To facilitate the use of procedural operator knowledge, extracted e.g. by the method proposed in
Part II, in neural network based predictive systems, it is beneficial to transform it into a vector
representation. Chapter 8 details the state of the art for both representations as well as embeddings.
To facilitate interchangeability with other data and knowledge sources, we investigate the use of
knowledge graph representations of procedural knowledge as a machine readable, standardised
information model (IM) (see Chapter 9). We then investigate ways to embed these knowledge
graphs into low dimensional vector representations (see Chapter 10). Chapter 11 evaluates both
representations and embedding approaches using a surrogate metric for downstream tasks devised
in this thesis, matches@k. This part draws on work previously published in [Nor+22c; Nor+22b;
Nor+23b] and as such uses parts of these publications. The corresponding passages are not
explicitly cited again for the sake of readability.






Related Work

This chapter introduces concepts and related work pertaining to the representation and embedding
of procedural knowledge.

8.1. Knowledge Graphs as Industrial Information Models

Knowledge graphs (KGs) are a popular data structure to integrate knowledge of multiple hetero-
geneous sources in industry [Buc+21; Noy+19]. Combined with approaches that allow reasoning
over knowledge graphs, e.g. for link prediction to facilitate knowledge graph completion, they are
a logical choice for semantic industrial information models [GLu20; Kal+20; Rin+17]. However,
the knowledge typically represented in these industrial information models is of mostly factual
and conceptual nature, reaching the level of ‘knowledge of principles and generalizations’ of
Krathwohl [Kra02]’s taxonomy. It concerns equipment [GLu20; Rin+17], material [GLu20], pro-
cess segments [GLu20], parts [Noy+19], products [Noy+19; GLu20], events [Rin+17], underlying
measurements [RLL16] and geospatial information [Pet+17] as well as relations interconnecting
these entities. Based on this information, use cases addressed range from anomaly detection
[Kal+20] over process monitoring [Hub+18; Kal+20] to locating parts and equipment in plants
[Pet+17] and risk management [Hub+18]. To quantify the complexity of knowledge bases, [DV22]
presents objective metrics. To summarise, industrial knowledge graphs are gaining traction in
practice but are frequently dealing only with factual knowledge and binary relations [Buc+21]. In
Section 9.2 we address this limitation by providing modelling patterns for procedural knowledge.

8.2. Representing Relations of Higher Arities

Knowledge Graphs are by definition limited to triples [Fat+20]. To represent relations of a higher
arity in knowledge graphs, the concept of reification known for statements in RDF is applied to
n-ary relations [Noy+06]. It transforms them to triples by introducing auxiliary entities [Fat+20;
Noy+06]. The W3C differentiates between reification and representing n-ary relations as binary
relations since here ‘the intent is to talk about instances of a relation, not about statements about
such instances’ as is done in RDF [Noy+06]. However, since in practice this semantic distinction is
not made in literature [Fat+20] we refer to it as reification. Even though reification is established
as a technique to convert non-binary relations to binary ones, standard embedding methods do
not work well on the resulting knowledge graphs as shown by [Fat+20]. Therefore, we introduce
the related but separate concept of chained-binary relations in Section 9.2 and analyse their
performance in Chapter 11.

75



8.3. GrRaPH EMBEDDING METHODS

8.3. Graph Embedding Methods

Low dimensional vector representations of data are referred to as embeddings [Mik+13; Wan+17;
Ham20]. Consequently, in the field of graph representation learning [Ham20] these embeddings
are computed by embedding methods which operate on graphs. In the following, we will differen-
tiate between embedding methods that were developed for refinements of the knowledge graph
and those that strive to embed the graph for a data-mining task often focussing on a downstream
usage. While examples for knowledge graph refinement are knowledge graph completion and
knowledge graph alignment [Wan+17; Ros+21; Dai+20], examples for the data-mining perspective
are information retrieval, recommender systems or predicting variables outside of the knowledge
graph’s scope by utilizing the knowledge graph as its data [Coc+17; PHP22]. This distinction is
in accordance with the literature, that independently developed embedding methods from these
different perspectives [PHP22].

8.3.1. Embedding Methods for Knowledge Graph Refinement

Knowledge graph embedding methods for refinements operating directly on the knowledge graph,
e.g. knowledge graph completion entity classification, triple classification and entity resolution,
have been extensively researched [Wan+17; Ros+21; Dai+20; Ji+21]. While a complete overview
of all embedding methods is beyond the scope of this thesis (see e.g. Wang et al. [Wan+17] and
Jietal. [Ji+21]), we limit this section to those relevant for this thesis and refer to the respective
publication for more details. Embedding methods rely on different principles, e.g. translation
(e.g. TransE [Bor+13], TransH [Wan+14], RotatE [Sun+19]), bilinearity (e.g. RESCAL [NTK11],
DistMult [Yan+14], ComplEx [Tro+16], TuckER [BAH19], CP [Hit27] and SimplE [KP18a]), and
region-based (e.g. BoxE [Abb+20]) and exhibit different strengths and weaknesses [Wan+17;
Abb+20]. Schlichtkrull et al. [Sch+18] extend GCNs to knowledge graphs and present a relational
GCN (R-GCN) for entity classification in knowledge graphs. Furthermore, they show how it
can be combined with a DistMult decoder to function in a link prediction setting. Another
approach of adapting convolutional networks for link prediction can be found in ConvE [Det+18].
Also, most of these embedding methods cannot capture literals that further refine the entities
in a knowledge graph. However literals could be used to represent quantifications included in
procedural knowledge. As such, methods explicitly catering for literals as analysed in [Ges+21]
are of special interest for this thesis. However, whether direct transfer of the results achieved
using these methods to graphs containing procedural knowledge is possible needs to be validated.

Higher Arity While knowledge graphs represent binary knowledge triples, the underlying
knowledge bases that are represented in knowledge graphs can also contain non-binary relations
of higher arity [Abb+20]. To directly model non-binary relations the concept of hypergraphs is
introduced by [Fat+20]. Therefore, several extensions to binary embedding methods such as m-
TransH [Wen+16], HSimplE, m-DistMult and m-CP [Fat+20] for TransH, SimplE [KP18a], DistMult
and CP, respectively, have been proposed. According to Abboud et al. [Abb+20], conceptual and
practical challenges limit the generalisability of binary embedding methods. Liu, Yao and Li
[LYL20] proposed m-Tucker and GETD as generalisations of TuckER, however, they are only
applicable if the knowledge base or hypergraph contains only relations of one specific arity. For
varying arities, HypE [Fat+20], a convolutional embedding method; ReAlIE [Fat+21], a method
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that is able to represent relational algebra operations and BoxE [Abb+20] a region-based method
have been proposed.

Evaluating Knowledge Graph Refinement Embeddings Link prediction is the standard
scenario to evaluate embedding methods for refinement of knowledge graphs as evidenced by
most major publications relying on them, e.g. [Bor+13; Cha+20; Tro+16; Sun+19; Zha+19b;
Yan+21; Sch+18; Lin+15; Wan+14]. Link prediction is the task of predicting either head h or tail
t of a triple (h,r,t) [Wan+17]. However, doubt has been cast both on biases [Ros+21; MPT20;
TC19] in the widely used benchmark datasets, e.g. FB15k and FB15k-237 [Tou+15] derived from
Freebase [Bol+08] or WN18 and WN18RR [Det+18] derived from WordNet [Mil+90], as well
as on the more general capability of KG embeddings to capture semantics [Jai+21]. Therefore,
behavioural testing of embedding methodologies is gaining attention [Ben+21] and standardised
benchmarks are being proposed [PP22a]. Also, more complex datasets e.g. YAGO3-10 [Det+18]
and DBpedia50k/DBpedia500k [SW18] have been proposed.

Contrary to the procedural knowledge forming the focus of this thesis, the datasets and know-
ledge graphs used to evaluate embedding methods usually contain mostly factual or conceptual
knowledge. Since we are aiming at using embeddings not only for link prediction but to improve
the performance of learning systems, an evaluation of the embeddings’ encoding of the required
semantic information is necessary in our case. To this end, we outline a surrogate metric for a
downstream scenario matches@k in Section 11.1.1.

8.3.2. Embedding Methods for Data-Mining

Cochez et al. [Coc+17] provide an overview of embedding methods of knowledge graphs stemming
from a data-mining background and consequently tailored primarily for out-of knowledge graph
applications and downstream tasks, e.g. question answering, recommender systems and predicting
variables [PHP22]. At the intersection of embedding methods for downstream tasks and those for
knowledge refinement, Portisch and Paulheim [PP22b] extend RDF2Vec [RP16], an embedding
method that conducts random walks in the knowledge graph and uses word2vec [Mik+13] to
embed the resulting walks, for the link prediction problem. Furthermore, they provide a more
thorough comparison of link prediction embedding methods to those encountered in data mining
than done by Cochez et al. [Coc+17].

They compare the performance of both strands of research on the respectively other problem
highlighting different capabilities of the respective methods.

Apart from the world of knowledge graph specific methods, there exist a several methods for
homogeneous graphs such as node2vec [GL16] and DeepWalk [PAS14]. Graph Neural Networks
(GNNs) are a further widespread embedding method for homogeneous graphs. Examples include
spectral Graph Convolutional Networks (GCNs) [KW16; DBV16], spatial GNNs [HYL17a] and
attention enabled GNNs [Vel+18; BAY21]. For further detail we refer to Hamilton [Ham20].
However, since homogeneous graphs allow only one relation type and could be undirected,
transforming knowledge graphs to homogeneous graphs to be able to apply these methods comes
with a definite loss of semantics.

Embedding methods for heterogeneous graphs, also referred to as heterogeneous information
networks (HIN), which include directed and heterogeneous relations have also been proposed,
e.g. [Fu+20] that extend GNNs for heterogeneous graphs. Heterogeneous information networks,
traditionally conform to underlying schemas, which can be exploited by embedding methods
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[Shi+16]. However, these schemas are what differentiates them from knowledge graphs, that
are usually schema less [Shi+16]. Another difference is that the type of a node is ‘part of the
graph model itself rather than being expressed by a special relation’ [Hog+21] as in the case
of knowledge graphs. Interestingly, HIN embedding methods—even though their roots lie in
data-mining and therefore downstream evaluation heavy scenarios—are frequently evaluated
on settings similar to knowledge graph refinement, e.g. link prediction. Still, since they stem
from different areas of research they are evaluated on different datasets and to the best of our
knowledge not directly benchmarked against each other.

In general, however, embedding methods for data mining and downstream tasks are usually
indirectly evaluated by the performance of the downstream task. In contrast to embedding
methods for knowledge graph refinement, they are usually trained (semi-) supervised.

8.3.3. Rules & Embeddings

While rules have, to the best of our knowledge, not been directly represented in knowledge graphs
used as industrial information models, they have been frequently used in different semantic
contexts.

Rule representation in graphs Representations of rules in graphs have been addressed by
[CMO09]. They explored how bi-coloured graphs can be used to encode condition and conclusion
of rules on both a general level as well as, optionally, for specific entities encoded via attributes.
However, their approach does not offer a way to provide quantifications to either conditions
or conclusions. Also, established embedding methods are not directly applicable to bi-coloured
graphs, which limits the usability of their approach for e.g. knowledge-infused learning.

Assisted Embeddings More often than being directly represented in graphs, logical rules
are used as auxiliary information for knowledge graph embeddings [Guo+16; Guo+18]. Here,
rules are either provided by algorithm designers or domain experts to capture common sense
knowledge or automatically mined from knowledge graphs [Guo+18]. Zhang et al. [Zha+19b]
create relations based on rules that lead to an increase in embedding performance. Ringsquandl
et al. [Rin+18] conclude that the performance of KG completion can be increased by utilizing
embeddings of events, i.e. time-series data [Rin+17] during KG embedding. However, in contrast
to the events or logical rules employed in these approaches, rules based on extracted operator
knowledge frequently contain quantifications of conditions or conclusions which makes them
more complex and unsuited to the described approaches.

Rule Representations in Embeddings Gutiérrez-Basulto and Schockaert [GS18] mention
that previous approaches are not suited to embed rules, which are an integral part of representing
procedural knowledge. They provide theoretical considerations how this could be alleviated
and how ‘existential rules can be exactly represented using convex regions of knowledge graph
embeddings’ [GS18]. While a methodology that provides exact representation of general rules in
embeddings would prove greatly helpful in evaluating the suitability of different methodological
choices of rule representation in knowledge graphs, we cannot rely on Gutierrez’s methodology
since the rules containing the experts’ extracted knowledge are more complex than the existential
rules considered. Furthermore, representing rules in knowledge graphs as opposed to embeddings,
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provides a significant benefit for information models as the representation is more direct and
can be directly accessed and interpreted. In contrast to this, Abboud et al. [Abb+20] present an
implemented approach, BoxE, with experimental evaluation, that is able to represent existential
rules and deal with higher arities. Similarly suited to graph containing higher arities, Fatemi
et al. [Fat+21] presented ReAIE that ‘can represent a large subset of primitive relational algebra
operations’.
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Representations of Procedural Knowledge in
Industrial Information Models

This chapter discusses the importance of standardised, semantic industrial information models,
e.g. knowledge graphs, and presents contributions of this thesis regarding alternatives to represent
procedural knowledge in knowledge graphs. As such, it draws on work previously published in
[Nor+22c; Nor+22b; Nor+23b].

9.1. Importance of Procedural Knowledge in Industrial
Information Models

On the one hand, standardised semantic information models (IMs) and standards for their hosting,
such as the Industry 4.0 asset administration shell, are gaining traction in the industrial internet of
things where they can be used to facilitate interoperability and data interchange between different
companies, production plants, lines or machines [Pla+19; BCB21; Pil+20]. On the other hand,
industrial knowledge graphs are becoming prevalent for the integration of heterogeneous data as
shown in Section 8.1. We are not aware of the use of industrial IMs containing extracted expert
knowledge, which belongs to the more advanced conceptual, i.e. ‘knowledge of models, theories,
structure’ [Kra02], and procedural categories of knowledge. This knowledge is of heuristics-like
nature and usually obtained through multiple years of experience. A more detailed explanation
of expert knowledge and procedural knowledge for the manufacturing scenario investigated here
is given in Section 4.1.

Since expert knowledge is playing a crucial role in many industrial day to day processes—
from the design of components to reparametrisation processes necessary to deal with quality
defects during production—and only available to a limited number of people, representing it in
a standardised way is of great interest for the industry. Therefore, we propose that including
procedural knowledge would enhance the applicability of IMs in several ways:

1. a semantic integration between the what of given machinery and the how to operate it

2. suitability for predictive quality use cases, e.g. by utilizing the resulting knowledge graphs,
which would contain quantified knowledge, to increase the performance of learning systems.
This could lead to an increase in the ability to generalise and cope with low amounts of
data—both frequent challenges in industrial contexts

3. a standardised representation of procedural knowledge which would (1) enable the creation
of digital process twins that could be supplied alongside machinery for operating and
training purposes, thereby reducing the impact of changes in a production line, (2) provide
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a standardised way to combine it with varying kinds of knowledge from different sources,
e.g. physical limits of machinery provided by process engineering and (3) enable the fusion
of knowledge extracted by traditional [HSB20] as well as data-based (see Part II) methods.

9.2. Representations of Procedural Knowledge

In manufacturing use cases, a high proportion of expert knowledge is tacit operator knowledge
which pertains to parametrisation of machinery. As such, it contains knowledge about both con-
ceptual relationships between process parameters and quality characteristics as well as procedural
behaviours that lead to the achievement of goals, i.e. how and in what order to adapt process
parameters to mitigate occurring quality defects and achieve a perfect parametrisation. In this
thesis, we focus on the aspect of how parameters are adjusted. This tacit operator knowledge
can be extracted by various methods as shown in Part II leading to rules at different levels of
abstraction. Also, information concerning the same problem might be available from altern-
ative sources such as process engineering documents or handbooks which could be combined
or contrasted with knowledge operators gained in practice. As such, adapting and building on
definitions for operator knowledge presented in [Nor+22a] (see Section 6.1), we inspect several
modelling patterns for representing the underlying knowledge in knowledge graphs, where dif-
ferent abstraction levels can be combined at will. Compared to formal logic based representations,
we chose the representation in knowledge graphs since it provides the benefit that end-users, e.g.
process engineers, do not have to ‘familiarise themselves with the rigour and details of formal
logic semantics to communicate with the system’ [SRG23]. From the above mentioned modelling
patterns, an appropriate degree of abstraction can be chosen to either reflect the kind of know-
ledge that is available, e.g. unquantified relations yielded by traditional knowledge extraction
methods, or of the information models’ specific domain. This is relevant since we expect that
the higher complexity, i.e. through hierarchies, provides challenges for embedding approaches.
Avoiding unneeded complexity in the representation is therefore likely to achieve better results.
As such, we recommend choosing the highest abstraction level, that is able to encode all present
information. Note, that the representations of higher abstraction levels can be easily integrated
with representations of lower abstraction levels. Therefore, including operator knowledge of a
different source which utilises a different abstraction level is possible.

In the following, we will extend the definitions presented in Section 6.1 and align our termino-
logy with manufacturing scenarios to increase the readability of examples.

9.2.1. Unquantified Rules

A rule at the highest level of abstraction, i.e. an unquantified rule, could be verbalised as If
quality characteristic q is unsatisfactory then adjust process parameter p. It can be viewed as an
implies relation between the condition quality characteristic q and the conclusion parameter p.
This corresponds to the triple notation of (head, relation, tail) common in knowledge graphs.
According to the definitions of Sections 2.1 and 6.1, p € P, ¢ € Q, and 7, denote parameters,
quality characteristics and a relation between a parameter and a quality characteristic, respectively.
Ungquantified rules are defined with the triple r,,, , = (g, (implies), p) that specifies 1) as an implies
relation between p and g (alternatively written as (¢, p) € (implies)). In the following, we will
omit the indices p, g for readability. A modelling alternative would be a is a relation between ¢q and
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the semantic meaning of quality characteristics. However, this semantic information is already
encoded by the directed relation. Making it explicit would only increase syntactic complexity and
hierarchy.

9.2.2. Quantified Conclusions

Rules with quantified conclusions, i.e. parameters, r; can be verbalised as If quality characteristic q
is unsatisfactory then adjust process parameter p by v with v € R if they refer to relative parameter
adjustments or if the parameter is set to an absolute value (see Definition 6.1.2). Since these
adjustments are the most prevalent, we limit the following descriptions to them. If quantifications
in the form of ranges are required, we refer to Section 9.2.3 that outlines how these are handled for
quantified conditions. This yields the quadruple, 7, = (g, (implies), p, ) which can be simplified
as a tuple building on unquantified rules, r,, as used in Section 9.2.1, yielding r; = (ry, V).
While on an implementation level the relations used are differentiated by quantification type, i.e.
absolute and relative, we will refer to them in the undifferentiated version to increase readability.
The fact that the the relation 7, is ternary, limits the applicability of established embedding
methods, since usually they expect knowledge graphs with binary relations. Consequently, 7,
has to be transformed to binary relations if we want to make use of existing embedding methods.
To be able to investigate alternatives to the established reification concept, used to reduce arity
and introduced in Chapter 8, we present two representation alternatives i.e. relation-based and
chained-binary. For comparison, we also transform the relations according to the reification
concept. As each of these modelling patterns has unique advantages and drawbacks, it is unclear
which representation leads to the best results. Therefore, we refer to Chapter 11 for experimental
results. Rules of this degree of abstraction are applicable if the quality cannot be quantified but
the actions to mitigate it are usually the same. In the following, we denote the rules of quantified
conclusions as 7 since several observations are aggregated into the quantification.

Relation-Based Representation of Quantified Conclusions Generally, we want to keep
the representation as succinct as possible. Therefore, the representation of unquantified rules
(ry) is extended to conceptually use the numeric literal v as a weight of the implies relation (see
Figure 9.1a). However, since common knowledge graph embedding methods do not support
literals of relations, the quantifications were modelled as separate relations. This incurs a loss of
semantics which is especially disadvantageous if knowledge from multiple sources or of multiple
levels of detail is represented in the graph, as is usually the case in practice. The quantified
parameter p € P, where P = {(v, (quantifies), p) | p € P and v € R} is not modelled explicitly
but able to be reconstructed through the relation connecting p and ¢ and its weight v. In the
following, we will refer to this representation as 7 rel.

Chained-Binary Representation of Quantified Conclusions To address the issue exhibited
by 75 re1, We rely on the fact that the ternary relation can be written as a chain of two binary
relations, i.e. 75 n = (g, (implies), (v, (quantifies), p)), which can then be directly represented
in the graph as can be seen in Figure 9.1b. However, this indirection could be challenging for
embedding methods to pick up since it severs the direct semantic link between p and gq.

At the quantification level, we’re confronted with two modelling alternatives: treating quan-
tifications as entities, 5 ¢ e, Which diminishes the semantic value of the respective nodes or
explicitly modelling them as literals, 5 o, 1, which keeps their semantics largely intact but provides
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Figure 9.1.: Graphical representation of rules with quantified conclusions 7; (see Section 9.2.2).

further challenges for established knowledge graph embedding methods, that lack explicit sup-
port for literals [Ges+21]. The second alternative brings with it the need to keep the high-level
implies between p and ¢ entities as in the unquantified case since otherwise there is no direct
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Figure 9.2.: Resulting knowledge graph of representing the expert knowledge of the synthetic
dataset PDPK, with 7 o, ¢ - Parameters are shown in yellow, qualities in blue and
quantified conclusions in teal.

connection between them in the graph. Also, the parameter needs to be connected to its quan-
tification by a quantified by relation. We denote this literal-based representation as 5 ch 15
This modelling decision leads to this representation exhibiting a compositional property since
(p,v) € (implies) A (v, q) € (quantifies) = (p,q) € (implies). For consistency, we introduce
a modelling alternative with the same characteristic to the entity-based modelling alternative,
resulting in 7 ch e, While Figures 9.1b to 9.1d allows a graphical comparison of representatives
of the previously described modelling alternatives, Figure 9.2, shows the resulting knowledge
graph of representing the expert knowledge of the synthetic dataset PDPK, with 7 ch e -

Reification-based Representation of Quantified Conclusions Another approach to rep-
resent n-ary relations is presented in a Noy et al. [Noy+06]. It consists of first introducing an
auxiliary anonymous entity describing the relation instance. Then the subject, i.e. the head, of
the relation is linked to this auxiliary entity. Also, relations between the auxiliary entity and all
additional attributes of this instance of the relation are added. Figures 9.1e and 9.1f provide a
graphical visualisation of these representations.

9.2.3. Quantified Conditions

In addition to quantified parameters that serve as actionable recommendations for operators,
the conditions, i.e. quality characteristics, can also be quantified to arrive at more descriptive
rules. With quantified conditions, it is possible to represent more advanced concepts, e.g. for more
pronounced defects of a quality characteristic, parameters need to be adjusted more substantially.
While in theory quantified quality characteristics could be used without quantified parameters, it
is not beneficial in practice since the conclusion of the rule would remain the same. As such, we
consider quantified parameters as a prerequisite of quantified quality characteristics. Rules with
aggregated quantified quality characteristics and parameters r; ; can therefore be verbalised as
If quality characteristic q is within pu, then adjust process parameter p by v, where 1 defines the
interval [I, u]. This results in the 5-tuple 75 5 = (¢, i, (implies), p, v). Note, that, analogous to p
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q: quality
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parameter
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a) Graphical representation of 75 5. ch.e.n- b) Graphical representation of 75 5 rei.c.
p P Jpschye,n p P Jprei,

Figure 9.3.: Exemplary graphical representations of modelling patterns for rules with quantified
conditions 75 ; (see Section 9.2.3) with reification and chained-binary representation
patterns.

for quantified conclusions, i.e. parameters, we utilise o € O, with O = {(y, ¢) € (quantifies) | q €
@ and i € R} to denote specific quantified conditions, i.e. quality characteristics.

If the 5-ary relation—5-ary since p consists of an upper and lower bound—is modelled as
chained-binary relations, it has to be modelled explicitly. Strictly speaking this leads to a further
indirection, since the implies relation now connects the actual value of quantified parameter and
quality characteristic, which are decoupled from their semantic interpretation by a quantifies
relation. Transformed into hierarchical triples this yields:

76,5 = (4, (quantifies), ¢), (implies), (v, (quantifies), p))

The representations for rules with quantified conditions are structured similarly as those of
quantified parameters (see Section 9.2.2). As quantification of conditions only provide a benefit if
conclusions are also quantified the presented representations (see Figure 9.3) show the combination
of both. They are provided with variations of entities, 15 j ch e, literals, 75 5 ch 1, and the inclusion
of high-level relations 7, (1 j ch,e,y and 5 ;5 ch 1, for entity and literal-based quantification of the
quality, respectively). For the sake of brevity, only the representation with high-level relations is
shown in Figure 9.3a. Also, since embedding methods are unable to deal with complex semantic
entities or literals such as ranges [Ges21], the range of u is modelled with separate entities
or literals, in the case of 7 5 ch 1. Furthermore representations with the reification pattern are
presented for entities and literals, 75 5 rei e (see Figure 9.3b) and 74 j rei 1, respectively. They contain
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) q: quality
characteristic

combined by

p: process

parameter implies [: AND-Relator |-

combined by

[ s:quality
characteristic

Figure 9.4.: Graphical representation of modelling pattern 74, i.e. an implies relation indirectly
spanning multiple conditions, that are connected by a relator vertex.

a second auxiliary relation to allow the definition of multiple quantifications per quality.

9.2.4. Multiple Conditions

Sometimes a specific parametrisation is only relevant if multiple conditions align. These rules,
r4n, could be verbalised as If quality characteristic x and quality characteristic z are unsatisfactory,
then adjust process parameter p. For this modelling pattern, we omitted quantifications for the
sake of brevity. r4» could be trivially encoded by having multiple separate rules for each quality
characteristic influencing the same process parameter in the IM, e.g. r,,, , and r,, , with ¢, s € Q
and p € P. However, in this case it would not be clear whether the rules are related according to
a logical AND, OR, or a different operator altogether. As such, we propose the introduction of
a relator vertex representing the logical operator required by the r,» in question. For example
an AND-relator as shown in Figure 9.4 this yields r4y» = {(g, (implies), p), (s, (implies), p) } anp,
where {}anp denotes the set of all relations combined by the respective AND-relator [. This can
be expanded to the following hierarchical triple:

an = {((q7 <C0mbined bY>7 l)v <implies>,p), ((57 <C0mbined bY>7 l): <implies),p) }AND

In theory, there is no limit to the number of relations being combined by a relator, the definitions
here are based on the example in Figure 9.4.

The case of one condition influencing several conclusions can be represented by adding a
separate rule for each of the conclusions, which proved sufficiently detailed for the case studies
considered in this thesis. Therefore, this case does not require a special relator vertex.

9.2.5. Inclusion of Process Data

Noy et al. [Noy+19] make the point that ‘it is critical not to lose the linkage between the rela-
tionships stored in the graph and where those relationships come from’ [Noy+19]. While they
refer to the discovery process, we assume that capturing semantics of operator knowledge in
IMs could be aided by including process knowledge, especially since Ringsquandl et al. [Rin+18]
have achieved promising results in knowledge graph completion by considering event embed-
dings. In manufacturing, orders €2, which can be viewed as compositions of process iterations /,
are produced for certain amounts of time. We propose to explicitly model this process data as
(7, (belongs to),w), where i € I and w € 2. The process iterations can be connected with the res-
ulting quantified parameters, (p;, (chosen in), i), where p € P, quantified quality characteristics
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Figure 9.5.: Information Model for process data, i.e. parametrisation processes and their iterations,
as well as a rule. The rule’s condition and conclusion is quantified relying on aggrega-
tions of quantified process parameters and quality characteristics that result from the
iteration processes.

(ai, (is exhibited after), i), and quantified influences (b;_1, (influences), i), where a,b € O and
(bi—1, (is exhibited after),7 — 1). P and O are defined in the modelling patterns for quantified
parameters and quantified conditions, respectively. We note, that process iteration ¢ is preceded
by ¢ — 1 in order w, i.e. the quality characteristic b;_; is exhibited after the conclusion of the
preceding process iteration.

Connecting the process data with the modelling patterns described above is beneficial, especially
in the case of data-based knowledge extraction, since it allows explanation by example. The
definition is analogous for parameters p. Using this, we can denote a relationship between process
data and aggregate as (a;, (contributes to), @), where a is an aggregation of quantified quality
characteristic expressed in a specific rule. Both, a; and a, are quantified quality characteristics and
as such are equivalent in regards to the level of indirection. The only difference is that the value
of a; is sampled from the real world process whereas a is calculated based on a set of observations,
e.g. through averaging them.

If all process data is included in the IM, a supports relation could also be defined following the
quality metric used in rule mining [Ma+19; Ho+18] to denote which observed quantifications
support which rule. However, since data-based rules rely on aggregates, a direct comparison
between ¢; and ¢;, as well as p; and p; would fail and need to be relaxed by an interval in
which they are considered equal. Also, since the rules are split between parameters and quality
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characteristics there would have to be two separate relations. These support relations would
increase the information content of the knowledge graph but would be aimed at a different
use-case, i.e. validation of the quality of the rules (see Part II). However, since the following parts
of this thesis are limited to knowledge graphs containing procedural knowledge, we omit these
relations.

9.3. Properties of Representations

Here, we will give an overview of the properties shown by different representations. Firstly, with
increasing expressiveness of and information contained in the representation its complexity is
increasing. This increase of abstraction can be seen in the increase in hierarchy for each additional
quantification or multiple conditions. Secondly, if process data is included in the IM it is likely
to lead to a strong imbalance, since process data is much more readily available than extracted
operator knowledge. Both aspects highlight the challenges embedding methodologies for IMs
with operator knowledge have to address. As most of the relations described in Section 9.2 are
not symmetric it would be easy to generate inverse relations, e.g. implied by for implies, which
could be beneficial in knowledge graph completion settings.

In the following, we limit the analysis of the representations to 7, 5 and 7 3, since multiple
conditions and inclusions of process data do not introduce significant new complexities and 75 5
is sufficiently close to data encountered in practice in the scope of our case studies. An overview
of properties exhibited by at least one of the representations can be seen in Table 9.1. While
the properties composition, indirection and literals have been previously described, asymmetry
directly results from the modelling decisions made, i.e. if (p,q) € (implies) — (q,p) ¢
(implies). Since process parameters, quality characteristics and quantifications belong to different
classes, all representations exhibit heterogeneous entities. Heterogeneous relations are exhibited
by all representations apart from 7, that only includes the implies relation.

The properties of the knowledge graphs resulting from applying the representations used in
the following sections to the FDM and synthetic dataset PDPK,, are shown in Table 9.2. Compared
to other industrial knowledge graphs the number of edges, vertices and relations is relatively
small [Buc+21; Noy+19]. While this could be addressed by adjusting the dimensions of the P x @
space accordingly, it is a characteristic of procedural knowledge that it is only available in limited
quantities, especially compared to knowledge graphs containing information about products
or production lines. Also, the amount of edges and vertices decrease for representations that
explicitly represent values as literals since these (and the relations to them) are counted separately.
In general, however, the more detailed a representation, the greater the amount of edges and
vertices. The average closeness centrality of each vertex is given by

Vi-1

) =S dyay

with the number of vertices denoted by |V'| and the distance d between = and y, is very small
and further decreasing for the reification-based representations and the representation including
conditions without high-level relations, 7 rei. and rj e, respectively. The average degree
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Table 9.1.: Overview of properties exhibited by representations which need to be addressed
by embedding methods. For the pattern underlying representation names refer to
Section 9.2.

Asymmetry Composition Literals Indirection Arity Heterogen.

r v x X X 2 X
rﬁ,rel \/ X X X 2 \/
T ch,e v X X v 3 v
Pachen v v X v 3 v
g Tp,chln v v v v 3 v
'-ac-'; T'p,rei,e v X X v 3 v
E T'p,rei,l v X v v 3 v
2 T5,5,ch,e v X X v 5 v
E“ T's,p,ch,e,n v v X v 5 v
T6,p,chln v v v v 5 v
rf)’ﬁ’rei’e v X X v 5 v
T8, p,rei,l v X v v 5 v

centrality for each vertex,

V-1
~ deg(x)’

Cp(x)

with deg(z) the degree, i.e. the amount of in- and outgoing relations of z, is relatively low for
all representations but further decreasing for representations rj re;. and 75 ch . The average
neighbour degree of each vertex, given by

1 .
N > deg(h),

JEN()

where N (i) are the neighbours of vertex i, is at its highest for 7, ¢ ., Which includes the
superfluous 7 relation, which leads to a more interconnected graph with the degree of quality
characteristics being higher which leads to the higher deviation. 7 ;. show a relatively low
average neighbour degree, especially on the FDM dataset. The average degree shows a similar
behaviour although less pronounced.
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Table 9.2.: Properties of the knowledge graphs resulting from applying the representations used
in the following sections to the FDM and synthetic dataset PDPK,,. #E, #V, and #R are
abbreviations for number of edges, vertices and relations.

DS. Rep. #E. #V. #R.. Close. Cent. Deg. Cent. Avg. Neigh. Deg. Avg. Deg.
Ty 48 42 1 0.03+0.03 0.06+0.04 3.16+2.73 2.29+1.55
T'p,rel 48 42 48 0.03+0.03 0.06+0.04 3.16+2.73 2.29+1.55
S Tp,ch,e 9% 90 2 0.01£0.01 0.02+0.01 1.67+0.97 2.13+1.06
5 Tpeheny 144 90 2 0.02£0.02  0.04%0.03 4.11£2.41 3.242.47
A~ Tpechlny 48 42 1 0.03%0.03 0.06+0.04 3.16+2.73 2.29+1.55
Poreie 144 138 3 001001  0.020.01 1.83+0.47 2.09+1.2
Tpril 96 90 2 0.01x0.01  0.02+0.01 1.67+0.97 2.13+1.06
Ty 34 27 1 0.05+0.06 0.1+0.1 5.92+4.34 2.52+2.64
T'j rel 34 27 30 0.05%0.06 0.1£0.1 5.92+4.34 2.52+2.64
Tp,ch,e 68 57 2 0.02+0.03 0.04+0.03 2.46+1.72 2.28+1.78
E Tjchen 102 57 2 0.03+0.04 0.06+0.07 6.82+3.82 3.47+3.79
S roenin 3427 1 0.05:0.06  0.1x0.1 5.92+4.34 2.52+2.64
Poreie 102 91 3 0.02£001  0.02:0.02 2.18+0.73 2.24+1.66
Tpril 68 61 2 0.02£0.02  0.04+0.03 2.51+1.86 2.23+1.75
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Embedding of Knowledge Graphs Containing
Procedural Knowledge

In this chapter, we present a methodology of how to embed knowledge graphs containing extracted
operator knowledge that is available as rules into low dimensional vectors. Situated in the context
of an envisioned predictive system (see Part IV), our approach aims to embed subgraphs relevant
to a given problem. Our approach is threefold and consists of the following stages: Firstly,
individual node embeddings are calculated by established embedding methods (see Section 10.1).
Secondly, subgraphs relevant to the specific input are selected (see Section 10.2). Thirdly, the
node embeddings pertaining to the subgraphs are aggregated as presented in Section 10.3. The
overall approach is shown in Figure 10.1.

10.1. An Overview of Node Embedding Methods and Their
Properties

Individual node embeddings are calculated by established knowledge graph embedding methods.
Since Portisch, Heist and Paulheim [PHP22] concluded that embeddings for link prediction

Node Embeddings
—00000000000F——
—{00000000000] ‘
—00000000000I—
—»mz—

n

KG
Knowledge Graph

6 SSISSISISISISISISSIS)
Quality Graph Subgraph Embedding zg
Characteristics Propagation

Subgraph

Figure 10.1.: lllustration of the embedding methodology. Node embeddings are calculated for the
knowledge graph. The achieved qualities § determine the head node (red) to propag-
ate from. Node embeddings of nodes present in the resulting subgraph (highlighted
in blue) are aggregated to one subgraph embedding zs. In this illustration, zg corres-
ponds to zg since the head node is not included.



10.1. AN OVERVIEW OF NODE EMBEDDING METHODS AND THEIR PROPERTIES

Table 10.1.: Overview of properties which embedding methods address on a theoretical level.
For the pattern underlying representation names refer to Section 9.2. All examined
embedding methods are capable of representing heterogeneous relations which is
why it was omitted from this table.

Asymmetry Composition Literals Indirection

TransE

ComplEx
ComplEx-LiteralE
DistMult
DistMult-LiteralE,
RotatE

BoxE

RDF2Vec

Embedding
RN I I NN
N X N X X X X N
X X X N XN XX
N X X X X X X X

are, to a certain extent, also suited for downstream tasks, we chose both, methods initially
intended for embeddings for link prediction as well as downstream tasks in our investigation
to determine which is suited best for embedding procedural knowledge. We decided on a set
of knowledge graph embedding methods to investigate, namely TransE, ComplEx, ComplEx-
LiteralE, DistMult-LiteralEg, DistMult, RotatE, BoxE and RDF2Vec (see Section 8.3), which includes
embedding methods of different complexity that satisfy one or more of the properties (see Table 9.1)
exhibited by the representations described in Section 9.2. Table 10.1 shows an overview of which
properties are addressed by the respective embedding method.

RDF2Vec seems to be the best suited method from a theoretical perspective. Due to its execution
of random walks on the graph, it is likely able to capture relational properties [PP21]. Also, the
indirections introduced by modelling the quantification as a chained-binary relations, a property
with which other embedding methods struggle, can be embedded if the walks are executed to a
sufficient depth. In addition, link prediction methods outperform RDF2Vec only on well curated
datasets [PHP22]. Since industrial datasets are notoriously skewed, biased and incomplete this
could be a further benefit on real world data.

Several works mention that the embedding methods’ ability to capture composition in the graph
could have a detrimental effect on the embedding quality [Zha+19a; Abb+20]. To investigate this
in our scenario, we selected a number of embedding methods that encode composition and a
number which do not.

Also, while there exists a broad spectrum of embedding methods that are able to embed entities,
there are only relatively few which explicitly take literals into consideration [Ges+21]. As such,
we added LiteralE [Kri+19] to our evaluation that builds on ComplEx and gated DistMult for
which Gesese et al. [Ges+21] report good results on numeric literals. The other properties are
shared with the respective underlying embedding method.

As we can see, there is not a single embedding method that is a perfect fit for the properties
exhibited by the representations. Therefore, we rely on the experimental evaluation in Chapter 11
for indications of the importance of different properties.
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10.2. SELECTING RELEVANT SUBGRAPHS

Table 10.2.: Overview of propagation depth for each representation. For the pattern underlying
representation names refer to Section 9.2.

Propagation Depth (d)

Tn
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T'p,ch,e,n
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Representation

r67ﬁ7Ch71777

T'6,p,rei e

DD W = W WNDDN = DNDN ==

T8, p,rei,l

10.2. Selecting Relevant Subgraphs

To select the most relevant nodes that can be aggregated for a given input, a subgraph 3, is
generated by propagating from the node corresponding to the input. In our case, the input
consists of quantifications of quality characteristics achieved in the previous process iteration.
Selecting the quality characteristic exhibiting the most pronounced error yields the node most
strongly corresponding to the input. The depth until which the propagation is executed is
limited by d, which is chosen depending on the respective representation. The propagation
ignores edges direction and stops in parameter vertices. Combined with the precondition that the
knowledge graph contains only procedural knowledge in the selected representations, this leads
to an algorithm that dependably captures all relevant nodes and vertices of n-ary relations.

Table 10.2 shows an overview of the propagation depth for the respective representations.
For unquantified conclusions, 7, and quantified conclusions modelled through relations, 74 rcl,
d = 1 as in both cases all relevant nodes are connected be either the high-level implies relation, 7,
or the respective relation for the quantification. For entity-based representations of quantified
conclusions 7 ch . and conditions 74 5 ch e that model the ternary relation through chained-binary
relations, i.e. a combination of two relations, d = 2. The same is true for the respective represent-
ations containing the additional high-level relation 7. For the literal-based representation with
chained-binary relations, 75 ¢ 1, and 74 s ch 1, d = 1, since no node embedding for the literal
is computed as it only influences the embedding of the nodes connected to it. Since this means
that propagating from ¢ to p is unfeasible for literal-based representations not containing the
high-level relation n these representations are not suited for a downstream predictive setting and
will not be further investigated.

For representations building on reification d = 2 for quantified conclusions, regardless of entity
or literal-based quantifications. For entity-based quantified conclusions 74 ; reie d = 3, while for
literal-based quantified conclusions 7 4 rei d = 2.
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10.3. Sum-Based Embedding Aggregation

Individual node embeddings z of nodes v, with v € §,, where 8, is the subgraph corresponding to
the input 6, form the basis of the subgraph’s embedding and are aggregated following a sum-based
[HYL17b] approach. Our embedding aggregation approach (cf. Figure 10.1) is loosely based on the
methodology outlined in Kursuncu, Gaur and Sheth [KGS20] that presented an approach towards
embeddings for learning systems addressing classification in an natural language processing
(NLP) setting, rather than KG completion or predictive quality scenarios. Main differences stem
from a different subgraph structure that necessitates an adapted aggregation method. Since it is
not certain in which case inclusion of the head node does provide additional semantic information
and consequently whether it should be considered, we provide two alternatives. If the head node
is not included, the subgraph embedding is aggregated as follows:

Zél: Z Zj@D(ZZ‘,Zj),
(Uivvj)es

where v;, v; are the pairs of head and tail nodes resulting from the graph propagation and D(z;, z;)
is a distance measure between the node embeddings of v; and v;. However, the head node zy can
also be included in the subgraph embedding via:

2B =20+ Z 2 ® D(z;, zj).
(’Ui,’l)j)es

Due to the pattern-based nature of knowledge graphs in our scenario, we expect the relations to
be the same independent of the starting node for most representations. Also, they have previously
been considered by the knowledge graph embedding methods. Therefore, we do not consider the
relations’ embedding in the aggregation.

Since it is not clear whether the head node contains semantic information and should con-
sequently be included in the computation of the subgraph embedding zg, we treat it as a parameter
along with the distance measure and conduct an experiment in Chapter 11 to evaluate its effect.
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Evaluation

While node embedding methods are mostly evaluated on link prediction tasks [PHP22], this
is not necessarily indicative of their performance on downstream scenarios, since the task can
be completely unrelated as in our case (see Section 13.1). Therefore, we introduce a surrogate
metric for downstream scenarios, matches@k, and use it to evaluate embedding methods and
aggregations that correspond to rules or specific parts of knowledge graphs. This allows us to get
an understanding of the capability of our proposed approach to deal with the challenges posed by
the selected representations of procedural knowledge (see Section 9.3).

11.1. Experimental Setup

We investigate a set of well established knowledge graph embedding methods, namely TransE
[Bor+13], ComplEx [Tro+16], ComplEx-LiteralE, DistMult-LiteralE, [Kri+19], DistMult [Yan+14],
RotatE [Sun+19], BoxE [Abb+20], as well as RDF2Vec [RP16], an embedding method optimised
for downstream tasks. These methods are evaluated on selected knowledge graph representations
(see Chapter 9) of rules forming the groundtruth of the FDM and synthetic PDPK,, dataset (see
Sections 3.1 and 3.3). In particular, we limit ourselves to analysing representations with quantified
conclusions.

We chose to train 46-dimensional embeddings, since this dimension allows its direct use in our
knowledge-guided architectures (see Part IV). The training was conducted using PyKEEN [Ali+21]
with an Adam optimiser with learning rate 4 x 10~% and weight decay 1 x 107 for the link
prediction methods and pyRDF2Vec [Van+22] for RDF2Vec as well as the default parametrisations
of the embedding methods. The number of epochs—TransE: 400, ComplEx: 1000, ComplEx-
LiteralE: 650, RotatE: 700, DistMult: 800, DistMult-LiteralE,: 200, BoxE: 1500 and RDF2Vec:
1000—was chosen individually for each embedding method by inspecting its convergence on the
train set.

Null hypothesis significance tests (NHST) frequently used to assure significance of results
are flawed for method comparison due to multiple reasons, e.g. the fact that with ‘enough data
arbitrarily small effects’ can be classified as significant [Ben+17]. Therefore, we employ Bayesian
performance analysis by using Calvo models [Cal+19; CCL18] implemented in the cmpbayes
library' to arrive at statistically grounded conclusions that are of more practical relevance. Calvo
models estimate the ‘probability of each algorithm being the best along with a notion [...] of the
uncertainty about this estimation’ [Cal+19].

'https://github.com/dpaetzel/cmpbayes
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11.2. SUBGRAPH EMBEDDING AGGREGATIONS—SIMILARITY BETWEEN GRAPH AND EMBEDDING SPACE

11.1.1. Matches@k

Metrics commonly used to evaluate embeddings in knowledge graph completion settings, e.g.
AMRI and hits@k, are unsuited to establish the quality of embeddings of operator knowledge in
respect to their performance on downstream tasks. Instead, we propose that the fundamental
behaviour of rule embeddings in predictive quality scenarios should be that the parameters
adjusted for similar quality characteristics in the (sub-) graph, should be as equal as possible to
those in the embedding space. Therefore, we define a metric in analogy to hits@k, matches@k,
based on the amount of overlap between the £ closest quality characteristics in embedding
and graph space. To be able to establish the amount of overlap, a set of the k closest quality
characteristics is prepared by ordering them descendingly according to their similarity—amount
of overlapping parameters adjusted (higher is better) and Euclidean distance (lower is better) for
graph and embedding space, respectively. Then, the number of matches between the respective
sets is calculated for each quality characteristic. Divided by £ it results in a value in [0, 1], where
higher values indicate a better result. By conducting the comparison on a set, we ensure that
small differences in similarity are not unduly exaggerated in the overall metric since the order is
not important to determine a match.

For matches@k, k has to be chosen according to the respective dataset. It decreases in express-
iveness with increasing k since the unordered nature of the comparison leads to the number of
matches equalling the number of quality characteristics |Q| if k = |@|, which would correspond to
an overlap of 100 %. Therefore, inspecting the actual similarities between quality characteristics
in the graph space is necessary to determine the & which is representative for real world similarity.
This can either be done by relying on domain knowledge or by determining the point at which
the similarities are abruptly decreasing. In the following experiment, we use £ = 3 since we
established experimentally that for greater k the similarities between the quality characteristics
are rapidly increasing on the FDM dataset due to the underlying distribution in occurring quality
defects. k = 3 is also suitable for the synthetic dataset.

In the following, we use matches@k to answer the research questions outlined above on the
FDM as well as synthetic (see Section 3.3.2) datasets.

11.2. Subgraph Embedding Aggregations—Similarity Between
Graph and Embedding Space

Using matches@k as a surrogate of the performance on downstream scenarios, we answer the fol-
lowing research questions aimed at arriving at a conclusion which combination of representation
(see Section 9.2), node embedding (see Section 10.1) and embedding aggregation (see Section 10.3)
to use in Part IV:

« RQ 1: What is the impact of representing quantified values as literals or entities?

« RQ 2: How do different representation treating ternary relations compare against each
other?

« RQ 3: Which embedding methods are able to deal with the indirections introduced through
more detailed representations?
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+ RQ 4: Which combination of embedding method and embedding aggregations, i.e. head
node inclusion or distance measure, performs best?

Of the experimental setup described in Section 11.1, 30 iterations were conducted on the FDM
and synthetic dataset to mitigate effects that could occur due to the random initialisation. Since
in the proposed neuro-symbolic system generalisation of the learnt embeddings to previously
unseen knowledge is not required as domain knowledge is unlikely to change, matches@k is
evaluated in-sample.

Table 11.1.: Subgraph Embedding Aggregation—Results for the FDM dataset as measured with
matches@3. CE-LitE and DM-LitE, are abbreviations for ComplEx-LiteralE and
DistMult-LiteralE,, respectively. Best results per representation and aggregation

method are highlighted in bold.
R. H. Dist TransE ComplEx CE-LitE RotatE DistMult DM-LitE, BoxE RDF2Vec

h  euc 0.48£0.04 0.61+0.06 0.69+0.06 0.78+0.05 0.79+0.07 0.51+0.05 0.81+0.07 0.4+0.1
jac  0.55£0.09 0.53£0.07 0.67+£0.08  0.75+0.07 0.78+0.08 0.54+0.08 0.7£0.07 0.41+0.07
S~ h  euc 0.52+0.03 05+0.04 0.55+0.06 0.61£0.05 0.73£0.09  0.52+0.05  0.72+0.06  0.83%0.06
jac  0.53%£0.05 0.51+0.04 0.56+0.07 0.63£0.06  0.69+0.07 0.53+0.07 0.73+0.06 0.5+0.03

h  euc 0.48£0.06 0.62+0.07 0.56%0.06 0.56+0.06  0.53+0.08  0.5+0.08  0.69+0.06 0.52+0.1
jac  0.55%0.07 0.51+0.07 0.51%£0.06 0.56+0.06 0.56+0.08  0.54+0.06 0.5+0.08 0.51+0.1
euc 0.51+£0.05 0.5+0.03  0.51+0.04 0.52+0.05 0.54+0.06  0.5%0.04 0.59+£0.05 0.69+0.08
jac  0.52+0.05 0.51£0.04 0.49+£0.04 0.53+0.05 0.53%#0.06  0.52+0.05 0.63+0.04  0.49+0.03

T j,rel
=

h euc 0.36+0.05 0.38+0.05 0.44+0.07 0.41+0.03  0.47+£0.08 0.36+0.05  0.51+£0.05 0.66+0.04

;» jac 038007 0.36%0.07 0.43£0.08 0.39£0.07 0.49+0.08 0.36+0.06 0.45+0.06  0.47%0.05
< B euc 038£0.04 034004 043005  0440.04  047:0.07 0.36£0.05 0.49+0.06 0.73+0.08
jac  0.4%0.05 034004 0.42+0.06 038:0.07  0.5:0.06  0.35:0.07 0.49+0.07 0.560.07
_ h euc 0442005 047:0.05 051:0.06 0.55:0.05 0.6:0.07 045:0.06 0.67£0.06 0.61:0.08
3 jac 049007 043%0.06 049009 053008 0.62£0.09 0.45:0.07 0.62£0.06  0.52+0.07
& h euc 0458004 0432004 055:0.06 052£0.06 0.61:0.06 046:005 0.63£0.06 0.58+0.08
jac 047005 0.42+0.06 0.53+0.08 0.53:0.06 0.61:0.06 0.46+0.06 0.61+0.06  0.55+0.08
h  euc 0.72+0.08 0.49+0.05
= jac 0.71+0.09 0.56+0.07
< h  euc 0.58+0.07 0.51+0.04
- jac 0.57+0.08 0.51£0.05
h  euc 03006 0.28+0.05 04+0.1  027+0.05 037+0.07 0.3+0.06  0.43+0.07 0.67+0.07
2 jac  0.32#0.07 0.2940.05 0.4+0.09  03%0.07  0.4+0.08  0.32+0.06 0.41%0.06 0.37%0.05
S b euc  03:006 0.29:0.04 0390.09 0.27:0.05 037£0.06  0.3%0.05  0.41%0.07  0.7:0.05

jac  0.33£0.07 0.3+0.05  0.38+0.09 0.3+0.06 0.39£0.08 0.31+0.06  0.45%0.05 0.43%0.07

h  euc 0.45+0.08 0.35+0.06

7 jac 0.45+0.09 0.37+0.06
& h o euc 0.44+0.08 0.36%0.06
jac 0.43£0.08 0.37+0.05

The performance of the embedding aggregations for rules with quantified conclusions extracted
from the ground truth of the the FDM dataset are shown in Table 11.1 while those for the synthetic
dataset are shown in Table 11.2. Here, embedding aggregations are evaluated with or without
included head nodes, h and h, respectively, and for Euclidean (euc) and Jaccard (jac) distances for
each representation. In the following, we address the research questions based on these results.
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Table 11.2.: Subgraph Embedding Aggregation—Results, for the synthetic dataset, PDPK,, as
measured with matches@3. CE-LitE and DM-LitE, are abbreviations for ComplEx-
LiteralE and DistMult-LiteralE,, respectively. Best results per representation and

aggregation method are highlighted in bold.
R. H. Dist TransE ComplEx  CE-LitE RotatE DistMult =~ DM-LitE, BoxE RDF2Vec

h  euc 0.36£0.05 0.4+0.05 0.48+0.06 0.46+0.03  0.5+0.04  0.36+0.06 0.51+0.04 0.37+0.07

jac  0.37x0.06 0.37+£0.05 0.46+£0.06 0.46+0.05 0.49+0.06 0.37£0.07 0.49£0.06  0.36+0.07

= h euc 0.34%0.04 0.31+0.04 0.42+0.05 0.38£0.04 0.47+0.04 0.31+0.05 0.47+0.05  0.38+0.05
jac  0.31+0.05 0.32+0.05  0.4+£0.05  0.39+0.05 0.45+0.05 0.31+0.06 0.48+0.04  0.3+0.04

h  euc 0.33+0.04 0.4+0.04 0.45+0.06 0.33+0.05 0.34+0.05 0.33£0.05 0.49+0.05 0.29+0.05
jac  0.36x0.06 0.36+0.05 0.38+0.05 0.33+0.06 0.36+x0.06 0.34%0.07 0.42+0.07 0.29+0.05
euc  0.3+0.04 0.31+£0.03 0.38+0.06  0.28+0.04  0.3+0.04  0.32£0.05 0.43%+0.05 0.36+0.08
jac  0.31+0.05 0.31+0.04 0.34+0.05 0.29+0.04 0.31+0.05  0.3+0.05 0.46+0.05  0.3£0.04

T'p,rel
>

h  euc 0.1940.05 0.2+0.05  0.28+0.08 0.26+0.06 0.32+0.05 0.19+0.04 0.33%0.06  0.4+0.05
jac  0.24+0.06  0.2+0.05  0.28+0.07 0.27£0.06 0.32+0.07 0.23+£0.06  0.29+0.05  0.28+0.06
euc  0.2£0.04 0.17+£0.04 0.26+0.07 0.21+0.06 0.29+0.06  0.19+0.04 0.29+0.06  0.4+0.05
jac  0.22+0.05 0.17+#0.03 0.25+0.06 0.24+0.06 0.29+0.06  0.2+0.05 0.29+£0.06  0.29+0.05

T'p,che
=

h  euc 0.31+0.06 0.31£0.04 0.38+0.07 0.36+0.05 0.45+0.05 0.3£0.05 0.43+0.04 0.51+0.06

£ jac 0325006 0.29%0.06 036£0.07 039006 043%0.06 033006 0.4420.06 0.36+0.06
& h euc 028+0.05 026:005 034£007 031:0.04 041:004 028:0.05 0.41:004 0.51£0.06
jac  0.27£0.05 0.25%0.06 0.32+0.07 0.33:0.06  0.4£0.07  0.28+0.05 0.42+0.05 0.37£0.06
h  euc 0.45+0.05 0.3%0.06
= jac 0.44+0.06 0.3520.07
& ho euc 0.4£0.05 0.320.05
jac 0.38+0.05 0.3%0.07

h  euc 0.16+0.04 0.13+0.04 0.21+0.07 0.16£0.05 0.23+¥0.06  0.15+0.05 0.25%0.05 0.32+0.05

% jac  0.1740.05 0.14+0.04 0.2+0.06 0.18£0.06 0.24+0.06 0.1740.07 0.22+0.04  0.23+0.04
& h euc 017004 0124003 02005 0.15:0.04 0.23:0.06 0.15:0.04 0.23:0.05 0.31£0.05
jac  0.174#0.05 0.13£0.04 0.19£0.05 0.17£0.04 023%0.06 0.16£0.07 0.23:0.05 0.25:0.05
h o euc 0.28+0.08 0.18+0.04
Z jac 0.27+0.08 0.23+0.05
< h o euc 0.25+0.09 0.210.05
jac 0.25+0.08 0.21£0.04

11.2.1. Impact of Literals

While the explicit representation of quantified values as literals allows a richer semantic express-
iveness it severely limits the choice of embedding methods that can be used to calculate the node
embeddings. Also, since it is a relatively new area of research and not yet widely adopted [Ges+21],
it is questionable if the literal enabled outperform traditional embedding methods. Since the
literal enabled methods proposed in Gesese et al. [Ges+21] are based on older embedding methods,
which could be outperformed by newer ones we hypothesise that representing quantified values
as literals does not outperform entity-based representations.

To validate this hypothesis, we analyse the difference between the best overall result achieved for
entity-based representations, i.e. 7 ch e, and 75 rei e, that are, apart from the quantified conclusion
representation, equivalent to the corresponding literal containing representation, i.e. 75 ch 1, and
7,reil- For the synthetic dataset, ComplEx-LiteralE (h, euc) outperforms DistMult-LiteralE, for
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Tp.chl,n and 75 rei 1. The best results for 7 ¢ e, and 75 i e are achieved by RDF2Vec by including
the head node and using Euclidean distance. For both, the chained-binary and the reification-based
representations, RDF2Vec (h, euc) outperforms ComplEx-LiteralE (h, euc) by 13.33% and 14.29%,
respectively. For the FDM dataset, DistMult-LiteralE, is again outperformed by ComplEx-LiteralE
(h, euc) in both cases. The best results for 15 ch ¢, and 7 rei e, however, are achieved by BoxE (h,
euc) and RDF2Vec (h, euc), respectively. For the chained-binary-based representations, the results
achieved by BoxE are 6.94% beneath those of Complex-LiteralE (0.67 vs. 0.72). In contrast, for
the reification-based representations, RDF2Vec outperforms ComplEx-LiteralE by 55.56% (0.7 vs.
0.45).

To answer RQ1, we observe that overall the results seem to indicate that representing parameter
quantifications as entities is beneficial in 75% of the analysed cases. However, apart from RDF2Vec
ON 7' rei e the benefits are marginal if standard deviations are taken into account. For 75 . on
FDM, where the literal representation performed best, the benefits if standard deviations are
taken into account are also marginal. This leads us to conclude that we do not have a clear result
but rather a tendency towards using entity-based representations. Consequently, we will use
entity-based representations since the respective embedding methods are more established.

11.2.2. Representing Ternary Relations

We expect that ternary relations introduce complexity which leads to worse results when compared
to high-level binary relations. With rj rel, 75 ch,. and 75 i We investigate three alternative
methodologies that represent ternary relations. While reifications based representations, 7 rei..,
are frequently used in literature, they introduce additional auxiliary entities that do not include
semantic information and consequently increase the complexity of the resulting knowledge graph.
A possible drawback of 7 . is the weighted relation that is unlikely to positively influence
weight agnostic embedding methods. This leads us to the hypothesis, that rj ;.| performs worst
followed by 7 rei,.. We expect the lower amount of vertices to allow representations based on
chained-binary relations, 75 ..., to perform best.

To answer RQ2, we compare the respective best embedding method on the best variant of
relation, chained-binary and reification-based representations. For the synthetic dataset BoxE (h,
euc) achieves the best results for rj r.;, RDF2Vec (h/ h, euc) for T5,ch,e,y and RDF2Vec (h, euc) for
T reie- Of these, the best results are achieved on 7 ¢, ¢, Which outperforms those achieved on
Tprel a0d 75 rei e Dy 4.08% (0.02 absolute) and 59.38% (0.19 absolute) respectively. Moreover, the
results achieved on 7 e . are 34.70% (0.17 absolute) worse than those on 74 rel.

For the FDM dataset, BoxE (h, euc) achieves the best results for 7 ., RDF2Vec (h, euc) for
75,ch,e and RDF2Vec (h, euc) for rj rej .. Compared to the results on the synthetic datasets, the
differences are smaller with 7 ch e and 75 rej . oOutperforming 75 ro1 by 0.04 (5.80%) and 0.01 (1.45%),
respectively. Consequently, the best results are achieved on 7 ¢, . which outperforms 7 1 c by
4.29% (0.03 absolute).

In contrast to our hypothesis, r; ;. is not the clear second best representation with 7 1|
performing significantly better on the synthetic dataset. Considering that for the FDM dataset
the best results on 7 ;. were achieved by RDF2Vec by a relatively large margin over the other
embedding methods, we assume that its overall performance is worse than is visible by taking only
the respective best method into consideration, which reinforces this observation. In contrast to
this, surprisingly good results were achieved on 7 rc1, which indicates that the numerous relations
introduced do not necessarily reflect negative in matches@k. While the overall differences between
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the respective representations are rather small when standard deviations are considered, we can
view both rj .;, . and 75 ;o1 as good candidates. Taking additional characteristics, e.g. semantic
expressiveness and conciseness, into account we conclude that the methods perform best on a
chained-binary representation, 7 c4.., on both datasets, confirming the respective part of our
hypothesis.

11.2.3. Dealing With Indirections

Reification-based representations, 75 rei e, as well as the representation containing only chained-
binary relations, 75 ch ¢, introduce an indirection between head node and the respective quantified
values of rules. We assume, that this is an hindrance to achieving embeddings of good quality
for the majority of embedding methods. The exception being RDF2Vec which flattens the nodes
and edges via random walks before embedding them. Also, we assume that representations with
indirections perform worse than representations representing the quantification as a separate
relation, 7 e, or representations adding the relation 7, 75 ch ¢,

To validate the hypothesis regarding the effect of RDF2Vec, we compare the best result achieved
for RDF2Vec to the best result achieved using other embedding methods, on 7 ch . and 75 rei -
On the synthetic dataset and 7 ch ¢, the performance of the second best embedding method, BoxE
(h, euc), is 17.5% (0.07 absolute) beneath that of RDF2Vec (h, euc). On 7 rej e, the performance
of BoxE (h, euc) is 21.88% (0.07 absolute) beneath that of RDF2Vec (h, euc). On the FDM dataset
and 7 ch e, the performance of the second best embedding method, BoxE (h, euc) is 30.14% (0.22
absolute) beneath that of RDF2Vec (h, euc). On 14 i ¢, the performance of BoxE (A, jac) is 35.71%
(0.25 absolute) beneath that of RDF2Vec (h, euc). This confirms our hypothesis, that RDF2Vec is
better suited to deal with indirections.

To quantify the effect of indirections on embedding methods apart from RDF2Vec, we compare
results for the respective representations, i.e. 75 ch e and 7 rej e 0 75 rel and 7 ch e - For the FDM
dataset, BoxE (h, euc) on 7, ch e is outperformed by BoxE (h, euc) on 74 1 and BoxE (h, euc)
Tp.ch,e,;n DY 35.30% (0.18 absolute) and 31.37% (0.16 absolute), respectively. BoxE (h, jac) on T reie
is outperformed by 7 re; and 75 ch e, by 53.33% (0.24 absolute) and 48.89% (0.22 absolute). For the
synthetic dataset, BoxE (h, euc) on 7 ch c is outperformed by BoxE (h, euc) on 74 o] and DistMult
(h, euc) on 74 ch ey by 48.48% (0.16 absolute) and 36.36% (0.11 absolute), respectively. BoxE (h,
€uC) 0N 75 rei e is outperformed by 75 v and 75 ch e,y by 96.00% (0.24 absolute) and 80.00% (0.20
absolute).

To summarise our findings and answer RQ3, we conclude that RDF2Vec is the best embedding
method if representations with indirections are chosen. For the other investigated embedding
methods, the performance deficit is significant when compared to other representations with
the same information content but mitigated or non-existent indirections. This deficit can be
quantified by an average of 65.21% + 23.86% and 42.22% =+ 3.13% on the synthetic and FDM
datasets, respectively.

11.2.4. Best Overall Combination of Embedding Method and Aggregation

Based on the theoretical comparison of embedding methods’ capabilities to the needs of procedural
knowledge, we expect RDF2Vec to be the best embedding method for representations containing
quantified values. Also, we expect that including head nodes in the aggregation provides a
stronger sense of context which is beneficial for the overall results.
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To arrive at the overall best combination of embedding method and aggregation, we compare
the best results per representation. For the synthetic dataset, RDF2Vec performs best in ~43%,
i.e.on1jcnes T'pche,n aNd T rei e, Whereas BoxE and ComplEx-LiteralE perform best in ~28.5%
each, i.e. on 7, and 1 re1 as well as 7 ¢ 1,5, and 75 ri 1. For each representation, the best results are
achieved using Euclidean distance. Including the head node achieves better results in ~71% of the
cases, with the remaining ~29% a draw. Both aggregation options, however, are dependent on the
embedding method. E.g. while not including the head node is beneficial in only 40% of the cases
for RDF2Vec, it achieves better or equal results in all cases for the other embedding methods. The
Euclidean distance performs better or equal than Jaccard in 100% of cases for RDF2Vec, 60% for
BoxE but only 20% for RotatE.

For the FDM dataset, RDF2Vec performs best in ~43%, i.e. on 7y, 7 ch e and 1 rej e, While BoxE
achieves the best performance in ~14% on 7 cp ¢, With a draw, albeit with smaller variance for
BoxE, with RDF2Vec on 7 .. As on the synthetic dataset, ComplEx-LiteralE performs best on
the representations containing literals. Again, the best distance measure per representation is
Euclidean in most of the cases, with a draw on 7 .; |. However, regarding head node inclusion
the results are more indecisive with included head node, h, outperforming the alternative, h, in
~43% of the cases, i.e. 7 ch 15> T'p,ch,e,n> A0d 5 rei 1, and a draw on 74 re1. Again, the results differ
between embeddings, with head node inclusion performing best for RDF2Vec in only 20% of the
cases as opposed to 80% and ~86% for BoxE and ComplEx-LiteralE, respectively.

We answer RQ4 by concluding that the theoretical analysis of the embedding methods’ prop-
erties is reflected in the results with RDF2Vec being one of the two best performing methods
on both datasets. While for the best performing embedding methods Euclidean seems to be a
good overall distance measure, the assumption that head node inclusion is beneficial in all cases,
does not to hold. Nevertheless, a tendency towards the benefits of including head nodes can be
observed. On both datasets, however, the results differ by relatively small margins if standard
error is taken into consideration. This implies, that results can only serve as an indication.

In the following, we use 7' ch e,5» Since it is a representation that includes quantified parameters,
i.e. the minimal abstraction level of knowledge present in both datasets. We actively decide against
using 7, which achieves very competitive results, since it does not contain quantified parameters
and is therefore easier to embed. Also, it contains less information that can be used by the
neuro-symbolic learning system proposed in Part IV. The selected representation, 75 ch e, does
not exhibit indirections, which should be beneficial from theoretical and empirical considerations.
To inform our decision, which combination of embedding and aggregation method to use, we
investigate the model for method comparison proposed by Calvo et al. [CCL18; Cal+19]—that
yields the probability of the combination performing best—for 7 o, ¢, of the FDM and PDPK,,
dataset. On FDM, BoxE (h, euc) performs best in 17.98% of cases (see Figure 11.2). While this is not
a probability that lets us conclude that it is the clear best, it increases to 44.69% if all aggregation
methods for BoxE are combined. This indicates that BoxE is the embedding method that achieves
the best. On PDPK,, RDF2Vec (h, euc) performs best in 22.66% of cases (see Figure 11.1). If the
probabilities of all aggregation methods for RDF2Vec are combined, it performs best in 44.75% of
cases. While RDF2Vec with RDF2Vec (h, euc) achieved slightly better results than RDF2Vec (h,
euc), we will use the latter in the following experiments to use a common aggregation method.
This decision is guided by the overall slightly better performance of including the head node h.
Also, it increases the amount of information available in the subgraphs.
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Figure 11.1.: Boxplot of probabilities for the best embedding method and aggregation combination
for 75 ch.e,n on the synthetic dataset PDPK,,.
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Figure 11.2.: Boxplot of probabilities for the best embedding method and aggregation combination
for 75 ch,e,, on the FDM dataset.
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Part IV.

Neuro-Symbolic Learning for
Parameter Prediction

A prerequisite to assistance systems in manufacturing are predictions of sufficient quality. Due
to several challenges, e.g. low-amount of data, skewed data and high generalisability, these
predictions are not easily achieved. Neuro-symbolic approaches that infuse expert knowledge
into neural learning systems, promise to improve the predictions. After providing an overview
of the state of the art of combining symbolic knowledge with learning systems in Chapter 12,
we present two neuro-symbolic architectures (see Chapter 13) and investigate whether these
can utilise the procedural expert knowledge and the corresponding embeddings as presented in
Parts I and III to achieve an improvement over a neural baseline (see Chapter 14).






Related Work

In this section, we present the state of the art of neuro-symbolic and knowledge-guided learning
systems. Also, we highlight work of these fields that is related to manufacturing.

12.1. Neuro-Symbolic Learning: Knowledge, Reasoning &
Learning Systems

While, historically, the first wave of Al systems relied heavily on expert systems [ST21], the second
wave viewed the ‘mind as an emergent property of the brain’ [Bes+17] and consequently favoured
connectionist methods, i.e. statistical machine learning and deep learning, specifically. So far,
however, obstacles such as adaptability, generalisability, common sense and causal reasoning
have not been solved relying solely on connectionist Al. Therefore, the community searches for
inspiration in cognitive theories that explain human decision making processes [Boo+21], as
evidenced by an increased number of publication in top tier conferences since 2017 [Sar+21].
Kahneman formulates one such theory, that divides human decision making into two systems,
System 1—fast thinking—that arrives at decisions intuitively and unconsciously, and System
2—slow thinking—that comprises logical and rational thinking to handle more complex situations
[Kah11]. Neuro-symbolic learning systems, i.e. the integration of ‘well-founded knowledge
representation and reasoning [...] with deep learning’ [dL23], exhibit the same characteristics,
with neural networks focussing on perception being equated with System 1, while reasoning, that
‘supports human-like cognition using knowledge structures (e.g., knowledge graphs)’ [SRG23]
represents System 2 [dL23]. As such, they are viewed as the third wave of Al that is supposed to
address the ‘increasingly prominent role of trust, safety, interpretability and accountability’ [dL23],
e.g. via ‘enabling traceability and auditing’ [SRG23] by mapping perception to knowledge. Further
goals are increased out of distribution handling and thereby better generalisability [Sar+21],
which has been identified as a shortcoming of current neural networks [Del+22], the capability
to solve more complex problems and ‘explainability through background knowledge’ [Hit+22].
Additionally, neuro-symbolic learning promises increased test performance and the capability to
operate on smaller training sets [Bre+23; Sar+21]. While, traditionally, the symbolic part has been
defined as ‘sound symbolic reasoning’ [dAv+15], it is now interpreted more loosely to include, for
example, background knowledge in the form of knowledge graph embeddings [Sar+21; Bre+23;
Hit+22; SRG23].

Several approaches towards categorising neuro-symbolic systems have been proposed. One
of the first by Bader and Hitzler [BHO05], which was recently reused in Sarker et al. [Sar+21],
consists of eight dimensions grouped into the aspects of interrelation, language and usage. In
the following, we reproduce Sarker et al. [Sar+21]’s summary. Firstly, the dimensions describing
interrelation are:
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« integrated vs. hybrid, i.e. whether the neuro- and symbolic parts of the system are tightly
integrated

« neuronal vs. connectionist, i.e. whether the approach mimics biological neuronal networks
or the connectionist networks common during the second wave of Al

« local vs. distributed, whether relatively few dedicated neurons process the symbolic inform-
ation or whether it is combined in a highly distributed way

« standard vs. non-standard, i.e. whether widely used architectures are used.

Secondly, language is described by the dimensions symbolic vs. logical, that describe whether the
symbolic part of the system is based on structured datatypes, e.g. knowledge graphs or formal
logic, and propositional vs. first-order, that further defines the logic dimension. Lastly, usage is
described by extraction vs. representation, i.e. whether symbolic information is extracted from
a neural network or whether the information flow relies on neural representation of symbolic
knowledge, and learning vs. reasoning, i.e. whether the overall system focusses on the learning or
reasoning part. Our approaches presented in Chapter 13, can be classified as loosely integrated,
since learnt information is not fed back to the symbolic part, connectionist, distributed, standard,
symbolic, since we rely on knowledge graphs, representation and learning. This follows the trend
of current interest in the field as described by Sarker et al. [Sar+21] with the deviation that most
reviewed works focus on reasoning.

An orthogonal classification that is frequently used [Sar+21; dL23; Lam+20] was presented by
Henry Kautz in the AAAI 2020 Robert S. Engelmore Memorial Award Lecture! and refines the
interrelation part of the previous classification. It consists of five categories:

1. [symbolic Neuro symbolic], i.e. connectionist deep learning where in- and output are
considered symbols

2. [Symbolic[Neuro]], i.e. neural networks for pattern recognition within a symbolic reasoner
(e.g. [Sil+16])

3. [Neuro U compile(Symbolic)], i.e. ‘symbolic knowledge is compiled into the training set of
a neural network’ [dL23] (e.g. [LC19; ASA18])

4. [Neuro — Symbolic], i.e. the outputs of a neural network are cascaded into a symbolic
reasoner (e.g. [Mao+19; Man+18])

5. [Neuro[Symbolic]], which corresponds to Kahneman’s two systems. In particular, symbolic
reasoning within a neural network communicating via decoding concepts to symbolic
entities in an attention schema, i.e. a model of the system’s attention [Gra19]. As soon as a
goal has been identified in the attention schema the reasoner is initiated.

d’Avila Garcez and Lamb [dL23] extend [Neuro U compile(Symbolic)] of this classification by
including symbolic information ‘translated into the initial architecture [(e.g. [Tow93])] and [...]
weights of a neural network’ [dL23] as well as Logical Neural Networks that create 1-to-1 relations
between neurons and logical formulas (e.g. [Rie+20]). Furthermore, they introduce an additional
category, Type 5, in which a ‘symbolic logic rule is mapped onto an embedding which acts as

'https://youtu.be/_cQITYOSPiw?t=1723
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a soft-constraint (a regularisation term) on the network’s loss function’ [dL23] (e.g. via Logic
Tensor Networks [SG16]). The architecture, based on compositional combination of black boxes
of symbolic and neural modules presented in Tsamoura, Hospedales and Michael [THM21], could
be categorised as [Neuro[Symbolic]] due to the high amount of flexibility with which reasoning
can be combined with learning. However, their approach does not rely on attention mechanisms.
While our approach falls into Type 5 of this taxonomy, the notion of using attention schemas
as present in [Neuro[Symbolic]] is related to our task specific knowledge selection mechanism
presented in Section 10.2. However, in our case the attention is not learnt but rather encoded
knowledge about the schemas underlying the knowledge graph that is used to select fitting
domain knowledge.

Sheth, Roy and Gaur [SRG23] provide another categorisation, the main categories consisting of
(1) the compression of symbolic knowledge and its integration with neural networks where the
reasoning happens implicitly in the neural network and (2) approaches that extract information
from neural patterns to allow for subsequent symbolic reasoning. Consequently, it contains
[Symbolic[Neuro]], [Neuro — Symbolic] and [Neuro[Symbolic]] of Kautz’s categorisation. The
first category is further divided based on the information compressed into knowledge graph
representations, (1a), and formal logic-based representations, (1b). The second category is further
divided based on the degree of integration between the neuro- and symbolic parts into decoupled,
(2a), and intertwined, (2b), systems. Comparing compressed knowledge graphs and compressed
formal logics, they note that the first are at an advantage in regards to scalability and continuous
learning after the model is running in production. Conversely, they observe that explainability
of the second category is higher than of the first. Depending on the specific architecture our
approach can be categorised into 1a or 1b.

The combination of symbolic approaches with machine learning has also been reviewed with a
specific focus on semantic web technologies [Bre+23]. They extend the boxology presented in
van Harmelen and Teije [vT19] that describes the information flow, i.e. the integration, between
symbolic and machine learning components based on patterns, e.g. atomic patterns, i.e. one
algorithmic module consuming one input, or fusion patterns, i.e. one algorithmic module con-
suming multiple inputs. While, similarly to our approach, a majority of reviewed works use
knowledge graphs as semantic resources, they reported that, in contrast to our approach, two
thirds of the reviewed papers have a symbolic output indicating an unrelated use case. Similarly
to our approach, however, a majority of approaches consists of only one fusion of symbolic and
machine learning approaches. They conclude that the combination of machine learning and
semantic web technologies is still an emerging field based on the observation that ‘only a small
amount of systems that qualified for medium (4.8%) and high (1.7%) maturity’ [Bre+23] with the
rest ‘describing proof of concepts and initial prototypes’ [Bre+23]. Interestingly, in this context,
improving performance for low amounts of data is not part of the goals [dAm20]. To summarise:
while our approach follows some established processes and methodologies, e.g. the amount of
fusion steps and selection of knowledge, and is therefore classifiable in the reviewed taxonomies
it is unique in its representation of knowledge and focus on the neural part.

12.2. Knowledge-Guided Learning

Several approaches into combining knowledge with learning system, not limited to neural net-
works, have been proposed under terms such as knowledge-infused [SPG19], knowledge-injected,
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knowledge-induced and knowledge-informed [Rue+21] learning. In the following, we will use
the term knowledge-guided learning to summarise those closely related concepts. The goals
identified, i.e. less train data, knowledge conformity, better test performance, interpretability
[Rue+21], are a subset of those of neuro-symbolic learning,.

Rueden et al. [Rue+21] provide a taxonomy for such systems. They differentiate between
sources of knowledge—in particular scientific, world and expert knowledge—representations of
knowledge, e.g. algebraic equations, logic rules, knowledge graphs and human feedback, as well
as different integrations into the machine learning system, i.e. as training data, hypothesis set
which is comprised of e.g. network architecture and model structure and learning algorithm, e.g.
via regularisation terms. Our approach (see Chapter 13), uses expert knowledge represented
as knowledge graphs or informal logic rules and is integrated in the learning algorithm. This
deviates from the trend of reviewed work in Rueden et al. [Rue+21]. They reported, that while
most, i.e. nine, approaches using knowledge graphs integrate them in the hypothesis set, only
three approaches integrate them via the learning algorithm. Also, our choice of knowledge graphs
and logic rules seems unique as none of the reviewed works explore these representations for
expert knowledge. We assume that this is due to a lack of established approaches for representing
procedural knowledge in knowledge graphs which we address in Section 9.2. One benefit of
this is the ability to seamlessly integrate it with heterogeneous factual data. Instead, expert
knowledge is represented as probabilistic relations or human feedback and to a lesser degree
algebraic equations such as monotonicity constraints [Mur+18; Kur+21]. Probabilistic relations,
which are closest related to the knowledge we use (see Chapter 9), are then integrated mostly via
learning algorithms or hypothesis sets via Bayesian networks (see [HGC95; Yet+14; RD03]).

An alternative taxonomy that distinguishes the integration into shallow, semi-deep and deep
infusion is provided in Sheth, Padhee and Gyrard [SPG19]. In the following, we present that
taxonomy and use it to categorise remaining related work.

Shallow Infusion In shallow infusion, additional knowledge is introduced as pretrained models
or weight vectors that are directly used as input. Therefore, the learning system does not have to
be significantly adapted to ingest the additional knowledge. Examples of shallow infusion are
word embeddings, that provide additional knowledge of the context in which words are frequently
used [PSM14; Mik+13]; enriched word embeddings [Boj+17; Far+14; Mrk+16; Cas+18], in which
additional semantic information is used to refine the embeddings; and deep neural language
models that capture the context in which words are used [Pet+18; Dev+18].

Semi-Deep Infusion Semi-deep infusion models evaluate the performance of a learning system
and add structural or symbolic knowledge if necessary [SPG19]. Examples range from teacher
forcing [WZ89; KGS19], neural attention [Sun+17; Vo+17; Gau+19], to knowledge based models
[YM17; Yi+18; She+18]. Closely related to our work is Garcia, Renoust and Nakashima [GRN20]
that uses embeddings of nodes of artistic knowledge graphs and a regularisation term inferred by
an encoder based on the difference of the latent representation of the CNN and the KG embedding
in a multi task classification scenario. They show that this approach improves clustering in the
latent space of the CNN and improves predictive performance. To justify the classification as
semi-deep infusion, we highlight, that the use of regularisation can be viewed as an implicit
evaluation of the performance and consequently addition of symbolic knowledge. Chiatti and
Daga [CD22] extend this approach by additionally taking word embeddings into consideration to
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identify features according to which the training space can be organised to mitigate data sparsity.
Our architecture EBR is strongly inspired by Garcia, Renoust and Nakashima [GRN20] with
the difference that we work on a regression scenario in a different domain and aggregate node
embeddings relevant for the given input. Furthermore, Monka et al. [Mon+21] present a similar
architecture which uses a contrastive knowledge graph embedding loss that ‘contrasts images
[...] against the class label representation’ [Mon+21] of the knowledge graph embedding.

Deep Knowledge Infusion In contrast, deep knowledge infusion is defined as ‘a paradigm that
couples the latent representation learned by deep neural networks with the KGs, exploiting the
semantic relationships between entities’ [SPG19]. Sheth, Padhee and Gyrard [SPG19] outline
several open research questions detailing what properties deep knowledge-infusion models could
have, i.e. deciding what knowledge is relevant, being able to decide what kind of knowledge to
infuse at what latent layer of the learning system and how to merge the knowledge representation
with the latent representation of the learning system. [KGS20] present a concept for fusing
knowledge contained in knowledge graphs with information contained in latent layers through a
differential knowledge engine designed to select relevant knowledge and a knowledge-infusion
layer with a separate optimization loop. In the domain of image description, Mogadala et al.
[Mog+18] presented a deep infusion approach which increases the generalisability to samples
unseen in the training. They employ a separate layer to align and merge the separate feature
spaces of textual, semantic and visual representations before feeding the result to an output layer.
Gaur, Faldu and Sheth [GFS21] propose a concept of using deep knowledge-infusion of academic
knowledge graphs and student’s previous learning history at every layer of the pipeline to discover
weak concepts that explain the prediction. While this setting is transferable to the manufacturing
scenarios considered in this thesis, an experimental evaluation is missing. Furthermore, process
knowledge infused AL has been proposed [She+22; Roy+22b; Roy+22a] as a system for natural
language question generation. It combines NLP techniques to identify concepts, decision trees
representing process knowledge that are used to analyse the found concepts, a set of constraints
applied to the output and finally, a model that generates responses in natural language. Generated
questions have been shown to be safer, follow clinical process guidelines and exhibit an increased
explainability [Roy+22a]. Again, this approach would be transferable to manufacturing. However,
a model that generates parametrisations, i.e. the topic of this thesis, is missing. As such it can be
viewed as orthogonal to our approach and a combination could constitute as a possible future
research direction.

To summarise: as for the closely related neuro-symbolic taxonomies, our approach is well clas-
sifiable in the reviewed knowledge-guided learning taxonomies. While we incorporate established
components we combine them in a unique way.

12.3. Related Work in Manufacturing

The application of neuro-symbolic learning in manufacturing, at least in concert with semantic
web technologies, is still in its infancy as evidenced by the fact that only 1.5% of the papers analysed
by Breit et al. [Bre+23] in their exhaustive literature review belong to the domain production
of goods, which apart from manufacturing also includes transport and logistics among others.
One approach, falling into the [Neuro— Symbolic] category, combines NLP techniques with a
reasoner to allow the performance of maintenance procedures and requesting of information
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from manuals on a digital twin [SV]23]. Ringsquandl et al. [Rin+15], propose to reduce the feature
space of a car assembly line through the incorporation of expert knowledge, formulated via the
feature ontology in Graph Lasso methods. In the context of bearing fault analysis, Radtke and
Bock [RB22] use logic tensor networks (LTNs) to enable ‘reasoning in the loss function [to] mimic
the decision process of an expert analysing the input data’. To this end, they derive a similarity
function for vibration signals which is incorporated into the LTNs. Also in quality control, but
based on image data, [Miil+22], present a neuro-symbolic system, that falls into the [Neuro —
Symbolic] category and uses a CNN based pre-processing of the images. The results are then
translated to logical facts and used to train horn clauses that represent defect rules via inductive
logic programming (ILP). These defect rules are then used to classify the input image and can be
used to generate explanations understandable for domain experts.

For the use-case of parametrisation prediction, Kurnatowski et al. use monotonicity constraints
to represent procedural expert knowledge and an adaptive algorithm for monotonic regression
for ‘laser glass bending and press hardening of sheet metal’ [Kur+21]. However, their use-cases
are significantly less complex with two and four process parameters, respectively. Additionally,
they do not predict parameters but aim to learn the functions describing the parameter-quality
relationships. Wirth, Schmid and Voget [WSV22] present an abstract vision paper that intends
to use human feedback, e.g. collected via active learning, to increase a parametrisation systems
explainability in the automotive sector. Wilson et al. [Wil+22] use extracted expert knowledge to
weight features of an SVM that solves regression problems for predicting positions of welds in
linear friction welding of bladed disks. Interestingly, they only included the expert knowledge if
there was no data available for the concerned entities. They reported an increase in R? of 4% for
60 data points when using the expert knowledge compared to a standard SVM. However, for 20
data points the performance was worse and for 40 and 80 data points comparable. Also, due to
the manual adjustment of the features’” weights it is limited to low level features which negates
the feature computation capability of deeper machine learning approaches. In contrast to their
approach, ours tries to mitigate low data quantity by guiding the learning system through expert
knowledge pertaining to digitally available entities. Furthermore, we rely on the learning system’s
feature computation capabilities, comparing transformed higher order features and predictions to
the available expert knowledge which leads to more consistent improvements.

For a comprehensive review of works concerning the related use-case of predictive quality, i.e.
the prediction of a product’s quality based on process data, e.g. process parameters, we refer to
Tercan and Meisen [TM22]. While the review does not investigate knowledge-guided or neuro-
symbolic approaches it still presents insights into a closely related setting. They observed that
neural network models seem to be to most prominent with MLP, CNN and RNN being used in 38%,
30% and 5%, respectively, of the cases. Additionally, they provide insights into the quantity of data
samples usually encountered in manufacturing settings. If real data is generated experimentally,
which is the case for a majority of the reviewed publications, a majority of the publications
validate their approaches with less than 1000 samples with a peak around 100 samples. In running
production, dataset sizes are larger with a majority of publications using between 5000 and 50000
samples. This corresponds to the dataset sizes used in this thesis for the experimental FDM case
study. Using the synthetic dataset generation framework we also generate datasets which lie in
the sample range described for industrial publications.
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Regularisation-Based Neuro-Symbolic
Learning for Parameter Prediction

In this chapter, we present the definition of the prediction problem and two approaches to neuro-
symbolic learning in manufacturing scenarios based on the regularisation of neural networks. The
high-level information flow of data, knowledge and predictions and its possible integration into
the parametrisation process via an intelligent assistance system is visualised in Figure 13.1. Both
approaches rely on rules representing procedural expert knowledge as described in Section 6.1.
While the first approach uses knowledge graph representations (see Chapter 9) of these rules which
are embedded (see Chapter 10), the second approach directly uses predictions gained by applying
corresponding rules to the input. To ensure comparability between the different approaches, we
decided to use the same underlying multilayer perceptron (MLP), i.e. fully connected feed-forward
neural network [Ama67]. Since the amount of data in our real world scenario is limited, we chose
a relatively shallow MLP architecture with two fully connected hidden layers. An MLP, with
the same characteristics, i.e. number and depth of layers, activation function and optimisation
algorithm is used as a baseline network (MLP) to evaluate the performance impacts of guiding
the learning process via expert knowledge.

13.1. Problem Definition: Parameter Prediction

An assistance system that aids the operator with parametrisation suggestions for the next process
iteration, ¢ + 1 (see Chapter 2) requires a learning system that provides predictions based on
observed quality characteristics, 6;, and the parametrisation, ¢;, of the current iteration, ¢, of
the production process. More formally, we try to find an optimal function, f, for the following
regression problem:

f(#i,0i) = pit1.

Here, models are used that predict all process parameters of ¢;;; at once, since training an
individual model for each individual parameter would exceed the computational resources given
the amount of parameters present in complex industrial scenarios (see Chapter 3). As an alternative
to predicting the following parametrisation, ¢; 1 one could try to directly predict the optimal
parametrisation ¢* that leads to the best achievable quality. However, in our case studies the
data quantity is insufficient to directly predict ¢* with sufficient quality. Also, we assume that
iterative adjustments allow operators to better grasp the effect of the suggested parametrisation,
which is beneficial for validating the suggested parametrisation as well as teaching inexperienced
operators how to iteratively parametrise the process. The problem addressed in this chapter is
closely related to predictive quality [TM22] scenarios, i.e. the prediction of the expected quality
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Figure 13.1.: Currently practised parametrisation process (grey) consisting of a process that is
controlled by a parametrisation, which is chosen iteratively by an operator to min-
imise quality defects of the produced part in regards to target criteria. The future
integration of neuro-symbolic learning to provide the operator with parametrisation
suggestions via an assistance system is shown in red.

of a product given the current process parameters. While the wording in this section focuses on
discrete production processes, where an iteration directly corresponds to a produced product, it is
also applicable to discretised continuous production processes (see Section 2.2).

13.2. Embedding-Based Regularisation

The embedding based regularisation (EBR) architecture is inspired by ContextNet [GRN20], which
uses the output of an encoder that transforms the latent representation h of the network to the
embedding space as an regularisation term. In contrast to their architecture, we target a regression
problem instead of multitask classification and use an MLP to compute the latent representation
of the input compared to their use of ResNet50 [He+16]. Additionally, our contextual embeddings
consist of node embeddings aggregated for input dependant subgraphs (see Section 10.3) that
represent procedural rules instead of static node embeddings of the knowledge graph used in
Garcia, Renoust and Nakashima [GRN20].

Figure 13.2 illustrates the EBR architecture. As described in Section 13.1, the input z is a
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Figure 13.2.: The input or process iteration specific subgraph embedding zg calculated in the
upper part of the figure (see Sections 10.1 and 10.3) is combined with the MLP in
the lower through the regularisation term /. To compute this term, an encoder, L,
is necessary to transform the latent representation of the MLP into a compatible
semantic space (visualised by the rotation of the vector’s values) as the subgraph
embedding.

concatenation of the current parametrisation ¢; and the quality achieved by it 6;. In the upper part,
the quality 6;, is used to generate a fitting subgraph and subgraph embedding zg by propagating
from the worst quality defect and aggregating the node embeddings as described in Section 10.3.
In the lower part, we can see the same architecture as used in the baseline, i.e. the MLP with
two hidden layers. It takes quality and parametrisation and produces the prediction ¢ of the
parametrisation of the next iteration, ¢;11. Note, that in contrast to prevalent visualisations we
focus on the outputs of layers (L). In contrast to the baseline, however, an additional encoder,
L, tries to transform the latent representation of the network, i.e. the output of the last hidden
layer, towards the semantic space of the subgraph embedding zs. This is intended to achieve a
semantically compatible representation of subgraph embedding and latent representation, which
is necessary to compute the regularisation term, [; using smooth L1 loss. Based on the overall loss
L, the gradient updates are calculated for both the encoder as well as the MLP’s layers. The node
embeddings, in contrast, are treated as fixed since the knowledge graph is not updated during
training. The overall loss £ is defined as:

N N

L= Ly 95) + M Y l(hy, zs,),

J=1 J=1

with j the j-th training sample, /N the number of training samples, and )\; and A\ the weights for
the mean squared error (MSE), /;, and smooth L1 loss, [, for the prediction and embedding target,
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respectively. While I; is defined as

NN R .
lt(yj,yj) = EZ(?JO _90)27

o=1

with n the number of predicted process parameters in ¢, the smooth L1 loss of [}, is defined as:

1 n
lk(h]7 ZS].) = ﬁ Z 5j7m7
with

Y

‘hjm — zsjm‘ — 1 otherwise

f P {%(hjm — zsjm)Q’ if ‘hjm —28;,,| <1
jm =
2

where hj, and g, are the m-th elements for the latent representation 4 and subgraph embedding
zg of the j-th training sample [GRN20]. A\; and A\ govern the influence of the respective loss in
the overall loss. We follow Garcia, Renoust and Nakashima [GRN20] in having them sum up to
one, i.e. Ay = 1 — . The intention behind adding the regularisation term is to achieve a better
separation of the latent representation space of the neural network as has been shown for image
classification [GRN20]. Since in our scenario knowledge is not guaranteed to be present for every
quality characteristic, we implemented a fallback which returns a 0-vector. For the validation
and test phase we disregard the subgraph loss [, and directly use the target MSE [; since it is a
direct measure of the predictive performance and the information that could be gained from the
subgraph embedding has been incorporated into the MLP during training.

13.3. Rule-Based Regularisation (RBR)

The rule based regularisation (RBR) approach, shown in Figure 13.3, is closely related to EBR with
the difference that the rules represented in the knowledge graph are directly applied, yielding a
separate prediction yyg. To this end, the parameter quantifications of the rules relevant for the
most defective quality of the input are reconstructed by computing the corresponding subgraph
S (see Section 10.3). Note, however, that the lossless reconstruction is only taken for implement-
ational reasons. Conceptually, RBR is closer related to directly applying a rule set to an input
problem and therefore the formal logic-based representation. The input specific subgraph, 8,
is then further filtered to only contain quantified parameter adjustments P C P each of which
contains a specific quantification v relevant for this input (see Section 6.1). These are then added
to the parametrisation of the previous process iteration if they are relative, va, or replace the
previous quantification if they are absolute, v, which results in the rule based prediction xg. As
Uxg is directly compatible with the prediction g, i.e. in the same semantic space, no additional
encoder module is necessary and the output of the network ¢ can be directly used for the loss
computation. However, in contrast to EBR, this leads to the loss, [ being computed with the
prediction of the network compared to the latent representation, i.e. the information is more
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Figure 13.3.: In the upper section, quantifications of parameters pertaining to the most prominent
quality characteristic of the input are selected from the knowledge graph and added to
the process parameters of the input. It is combined with the MLP shown in the lower
section by a regularisation term, [, that is calculated for the rule-based prediction
and prediction of the network.

processed. This is reflected in £, which is computed by:
N N
L=X > Ly 55) + M D (il xg),
j=1 J=1

with {; and [; as defined in Section 13.2.
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Evaluation

In this section, we evaluate the two regularisation-based neuro-symbolic learning approaches
presented in Chapter 13 by comparing them against a multi-layer perceptron (MLP) with the
same properties as the MLPs used in the neuro-symbolic approaches.

14.1. Experimental Setup

We compare embedding (EBR) and rule based (RBR) regularisation approaches against an MLP
on a parametrisation prediction problem (see Section 13.1) for the FDM and synthetic, PDPK,,
scenarios (see Sections 3.1 and 3.3). As in Chapter 7, we will modify the datasets to be able to
investigate the characteristics of the approaches. In contrast to Section 7.1, we do not generate
the synthetic dataset multiple times with different initialisations of the random generator due to
computational constraints. However, in Section 14.2.2, we evaluate the models on varying datasets
showing a relatively modest impact on performance when generalising to unseen data. We use
rules forming the groundtruth of the expert knowledge data since it represents the maximum
quality of knowledge that is achievable if the extracted expert knowledge is validated as described
in Section 7.1.1.1. To represent it in a knowledge graph, we apply the representation 75 1, ¢ ,, (see
Chapter 9) with the selected embedding and aggregation methods, i.e. BoxE and RDF2Vec for FDM
and synthetic as well as included head nodes and Euclidean distance for both (see Section 11.2.4).

For the (underlying in the case of EBR and RBR) MLP, rectified linear units [NH10] are chosen
as activation functions and optimisation is done by stochastic gradient descent (SGD) [Rud16]. To
combat overfitting, dropout [Sri+14] is added to each layer. The models are evaluated by the mean
squared error (MSE), lower is better, averaged over all predicted parameters. Since we average over
46 normalised parameters, a MSE of 0.022 corresponds to the maximum error for one parameter
if the remaining 45 parameters are predicted perfectly. To arrive at optimal hyperparameters,
we conduct five-fold hyperparameter tuning using Bayesian Optimization Hyper Band (BOHB)
[FKH18] for the architectures MLP, EBR, and RBR on both default datasets with a fixed budget
of 200 samples each. Epochs were not specifically tuned due to computation constraints and
convergence being achieved at 100 epochs. The resulting hyperparameters are listed in Table 14.1.
All experiments were conducted for 30 iterations to mitigate effects that could occur due to the
random initialisation. To interpret our results we analyse their performance and calculate the
probabilities of each method to perform best following the Calvo model [Cal+19], described in
more detail in Section 11.1.
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Table 14.1.: Results of the hyperparameter tuning for MLP, EBR and RBR for FDM and synthetic,
PDPK,, datasets. Unabbreviated column names are data set, architecture, momentum,
weight decay, learning rate and dropout for layers one to four.

DS Arch. Moment. W.Decay L.Rate D.L1 D.L2z2 D.L3 D.L4 At
MLP 0.6598 0.0280 0.0335 0.6574 0.0885 0.4593 0.0081

E EBR 0.8515 0.0007 0.0074 0.4774 0.2283 0.3938 0.1016 0.9625
" RBR 0.5708 0.0019 0.0622 0.0207 0.1286 0.2151 0.0160 0.6568
S MLP 0.7326 0.0026 0.0059 04777 0.8184 0.7699 0.0531

E EBR 0.4463 0.0012 0.0550 0.1623 0.6072 0.5617 0.0642 0.3677
A~  RBR 0.4823 0.0057 0.0304 0.7777 0.7452 0.5126 0.0152 0.9437

14.2. Performance of Regularisation-Based Neuro-Symbolic
Learning

We investigate the following research questions (RQs) to evaluate properties of the different
regularisation-based neuro-symbolic architectures (described in Chapter 13) against those of a
purely neural baseline:

« RQ1: Does neuro-symbolic learning provide a benefit on low amounts of data?
+ RQ2: Does neuro-symbolic learning improve the generalisation ability?

« RQ3: Does representing rules in knowledge graphs and embedding those provide a benefit
compared to directly applying them?

While RQ1 and RQ2 are answered by individual experiments, RQ3 is analysed in each of those.

14.2.1. Data Quantity

To answer RQ1 and establish whether the presented neuro-symbolic approaches provide a benefit
on scenarios with low amounts of data, we conduct two experiments that manipulate the size of
the dataset, thereby limiting the amount of samples being used. For both experiments, we assume
that the performance of all approaches decreases with decreasing dataset size. Also, in accordance
with [SRG23; Rue+21; GRN20], we expect the benefit of neuro-symbolic approaches to increase
with decreasing amounts of data.

14.2.1.1. Reduction of the Default Dataset

The first experiment uses the FDM and synthetic PDPK,, datasets described in detail in Sections 3.1
and 3.2 and discards a varying percentage of the train data, i.e. it uses 25%, 50%, 75% and 100%
of the originally available train data. However, the knowledge that is used to guide the network
remains the same. Due to the five-fold cross validation, we end up with five unique draws for each
percentage. We assume that this is sufficient to ensure that no significant variance is introduced
by selecting the percentages. Results, are shown in Figure 14.1. In both cases, the models have
reached a convergence between the averaged train and test splits of the five folds, indicating that
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Figure 14.1.: Results of Section 14.2.1.1 evaluating MLP, EBR and RBR on varying percentages of
train data of the original FDM and synthetic datasets. The mean is indicated by a
filled circle.

the 100 epochs are sufficient and the generalisability to the test set is as good as possible for the
available data.

For the FDM dataset, we can see that the first hypothesis clearly holds for the neuro-symbolic
methods, with the performance decreasing with decreasing dataset size. While the mean MSE
performance of EBR decreases by an average of 19.64% (0.0084 absolute), this behaviour is slightly
more pronounced for RBR, which decreases by an average of 22.09% (0.0073 absolute). For RBR the
decrease is especially stark between 50% and 25% of the dataset with 45.73% (0.016 absolute). In
contrast to this, the performance of the MLP remains relatively constant, decreasing only slightly
between 50% and 25% by 2.07% (0.00097). The second hypothesis holds only partly, i.e. there is a
benefit, with the benefit of neuro-symbolic approaches over the MLP decreasing with decreasing
sample size until 50% and 25%, respectively. While EBR provides an average benefit of 18.41%
(0.0086 absolute) over MLP on 75% and 100% of the train dataset, the situation is reversed for 25%
and 50% with EBR performing an average of 17.09% (0.0081) worse than MLP. EBR’s best result
is achieved at 100% EBR with a performance increase of 23.97% (0.011 absolute) over MLP. RBR
on the other hand provides an average benefit of 33.03% (0.015 absolute) over MLP on 50%, 75%
and 100% of the train dataset. While the greatest benefit is achieved by RBR at 100% of the train
data with 38.73% (0.018 absolute), the MLP performs better at 25% by 6.04% (0.0029 absolute). We
observe that, while providing a significant benefit for larger amounts of data, the higher variance
of the neuro-symbolic methods needs to be considered when applying these models in real-world
environments. Over all train data proportions, RBR outperforms EBR by an average of 22.91%
(0.01 absolute).

For the synthetic dataset PDPK,, the validation results are not as far apart as for the FDM
scenario as observable by the scale on the y-axes of Figures 14.1a and 14.1b. The first hypotheses
holds, with the mean MSE of all methods decreasing with decreasing train data. While the average
decrease is the most pronounced for MLP with 2.10% (0.0016 absolute) and EBR with 1.28% (0.00096
absolute), RBR decreases the least with 0.74% (0.00054). The second hypotheses holds for RBR that
continually increases its benefit from 1.88% (0.0014 absolute) at 100% train data to 5.70% (0.0045
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absolute) at 25%. Due to several negative outliers, the mean MSE of EBR only provides a benefit
of 2.11% (0.0016 absolute) for 25% of the train data. If the median MSE is considered, however, its
behaviour is consistent with the hypothesis, increasing from 0.39% (0.00028 absolute) to 3.83%
(0.003 absolute). Over all train data proportions, RBR outperforms EBR by an average of 2.79%
(0.0021 absolute) and 1.58% (0.0011 absolute) for mean and median MSE, respectively.

Overall, the results are not entirely conclusive. While both hypotheses hold on the synthetic
dataset, the high stability of MLP on FDM in regards to data quantity leads to hypotheses one and
two holding only partly. However, the neuro-symbolic approaches provide significant benefits on
both datasets with 38.73% and 5.7% on FDM at 100% and PDPK, at 25% train data, respectively. If
aggregated over the datasets using the Calvo model (see Figure 14.2), we can see that even for
25% of the train data, where the performance of RBR was worst on FDM, RBR still performs best
with a probability of 68.68%. For each of the other percentages its probability is above 80%. In
regards to RQ3, RBR outperforms EBR by a large margin for each percentage—even for the best
probability achieved for EBR, i.e. 12.26% at 100%.

14.2.1.2. Synthetic Datasets with Varying Sizes

We use PDPK to generate datasets that rely on the same configuration, parameter-quality relations
and underlying functions but different sample sizes i.e. 100, 500, 1000, 5000 and 10000. The results,
are shown in Figure 14.3. First of, analysing the individual performance shown in Figure 14.3a,
we observe that the performance between the different sizes converges around 5000 samples.
Consequently, 10000 samples were excessive, since the methods changed only by 0.3%, 0.5% and
0.4% for MLP, EBR and RBR, respectively. As for the synthetic dataset in Section 14.2.1.1, the
first hypothesis, i.e. decreasing performance with decreasing data quantity holds for all methods.
While the average decrease is the most pronounced for MLP with 10.89% (0.0079 absolute) and
EBR with 9.61% (0.0069 absolute), RBR decreases the least with 8.75% (0.0062). While the decrease
in performance is not strictly monotonous (the exception lying between 1000 and 500 samples for
all models), it is especially stark between 500 and 100 samples with 31.79%, 25.92% and 22.92%, for
MLP, EBR and RBR, respectively.

While such a clear trend is not visible for the second hypothesis, i.e. increasing improvement
of neuro-symbolic methods over MLP for decreasing amount of data, the lowest amount of data
profits significantly more from the neuro-symbolic approaches than the highest. For EBR the
improvement changes from 0.87% (0.00057 absolute) at 10000 samples to 4.57% (0.0044 absolute)
at 100 samples. The improvement for RBR changes from 2.19% (0.0014 absolute) to 8.49% (0.0083
absolute).

The address RQ3 for this experiment, we observe that over all dataset sizes, RBR outperforms
EBR by an average of 2.05% (0.0016 absolute) indicating that it is the superior method. This is
reinforced by the corresponding plot of the Calvo method (see Figure 14.3b) ascertaining that it is
the best method with a probability of 96.55%.

14.2.2. Generalisability

To answer RQ2, whether regularisation-based neuro-symbolic learning approaches increase
generalisability, we use the synthetic dataset generator to create variations of a dataset and
evaluate them on models pretrained as per the experimental setup. In contrast to PDPK,, the
dataset of this experiment does not contain noise in the expert knowledge, since this removes
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Figure 14.2.: Results of Section 14.2.1.1 aggregated over FDM and PDPK, showing the probabilities
for EBR, MLP and RBR being the best method for each train data percentage.

a source of variance at the point of knowledge generation. The rest of the parametrisation is
equivalent to that of PDPK,,. The variations on which generalisability is evaluated are created by
randomly replacing 0%, 25%, 50%, 75% and 100% of the 25% parameter-quality, (p-q) , tuples of
the dataset that are not part of the the expert knowledge which constitutes the remaining 75%
(P x Q) = 75%, see Section 3.3.2). Therefore, the expert knowledge available to EBR and RBR
remains constant over the variations. To mitigate the variances introduced by the sampling, we
execute two experimental setups: (1) we repeat the random selection of (p-¢) tuples 30 times
(results in Figure 14.4a) or (2) select the (p-q) tuples once from five previously unseen datasets that
consist of similar underlying functions, i.e. the sign of the function coefficients remains the same
(results in Figure 14.4b). In contrast to the experimental setup of the previous experiments, where
the evaluation was done on the averaged results of the k-fold validation splits, this experiment
is evaluated on the overall dataset. While this uses samples as test data that have already been
seen in training, we assume that its effect is limited since the models are trained to convergence
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Figure 14.3.: Results of Section 14.2.1.1 evaluating MLP, EBR and RBR on synthetic datasets with
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Figure 14.4.: Results of Section 14.2.2 evaluating MLP, EBR and RBR on synthetic datasets with
varying amounts of (p-q) tuples replaced.

between train and test performance. Also, it ensures that the replaced samples are evaluated in
combination with unreplaced ones.

We hypothesise, that with increasing (p-q) tuples replaced, the performance of the approaches
decreases. Furthermore, we expect the generalisability to increase, i.e. the benefit of neuro-
symbolic models over the MLP to increase, with increasing (p-q) tuples replacement. The second
hypothesis is grounded in the observation of Garcia, Renoust and Nakashima [GRN20] that
neuro-symbolic regularisation leads to better segmented latent representations, which we assume
could have a positive effect on unseen data.
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The results for multiple draws on the default dataset are shown in Figure 14.4a. We observe
a similar behaviour as in Section 14.2.1.1 at 100% data, with RBR performing best, followed by
MLP and EBR, with EBR suffering from outliers which affect its mean. Also, the introduction of
unrelated (p-q) tuples increases the number of outliers. The first hypothesis mostly holds, with
an average decrease of 2.15% (0.0016 absolute), 2.22 (0.0017 absolute) and 2.29 (0.0017) for EBR,
MLP and RBR, respectively. However, the decrease between 75% and 100% of replaced (p-q) tuples
is marginal with an average of 0.02% over all methods. The second hypothesis, however, does not
hold. Comparing EBR and MLP, we cannot detect a reliable trend if the median is considered. In
case of observing the mean, EBR performs consistently worse. RBR performs exactly opposite to
our assumption with the benefit over MLP continuously decreasing with increasing (p-q) tuple
replacement from 1.97% to 1.70%.

Comparing these results with the ones seen in Figure 14.4b, that show the (p-q) selection
for different datasets, we observe that while the overall performance is slightly lower for each
percentage apart from 50%, the general trends remain the same. The worse performance is
intuitively explained by considering that the amount of generalising the models have to accomplish
is significantly higher in this case since not only a certain percentage of (p-q) tuples is replaced
but also coefficients of the remaining (p-q) tuples can change. While the average relative decrease
in performance between different datasets and multiple draws on the same is quantified by 0.99%
(0.0008 absolute), the average relative benefit of RBR over MLP is 3.78% (0.0014 absolute) higher.
This difference could indicate a slight increase in generalisability to unseen datasets using RBR.
However, since the decrease in performance is very small, no significant conclusions can be drawn
from it.

Overall, our assumption that a better separation in the latent space would lead to increased
generalisability is evidently not true. One possible explanation is that our experimental setup
does not contain expert knowledge for unrelated (p-q) tuples, instead relying on the better
separation of the latent space for improvements. However, even if the experimental setup would
contain expert knowledge for unrelated (p-q) tuples, they would not play an excessive role during
training due to the selection of relevant knowledge taking place in the subgraph embeddings (see
Section 13.2) or rule-based predictions (see Section 13.3). As such, the only influence of it would
be of indirect nature, i.e. during the node embedding, which we assume would not have a major
effect due to the unimpressive performance of EBR. We assume that the generalisability of the
approaches presented in this thesis is additionally hampered by the fact that during prediction
expert knowledge is not considered, which makes it impossible to consider knowledge pertaining
to the unrelated data. Consequently, we interpret our results as an indication that the promise of
increased generalisability of neuro-symbolic methods can only be realised if knowledge pertaining
to the unrelated data is present and if it is actively being used either during the formation of
the embeddings or in the prediction phase. Since a selection of relevant expert knowledge is
prevalent in neuro-symbolic approaches [KGS20; SRG23], we assume that benefits could be had
if the knowledge selection is learnt as opposed to being selected based on domain knowledge.
However, this increases demands on the data quantity. Additionally, an explicit transfer learning
step seems to be necessary to transfer between the knowledge used during training and that used
during prediction.

To answer RQ3, we observe that RBR outperforms EBR by an average of 2.42% and 1.82% for
mean and median, respectively, over all percentages of unrelated data for multiple draws on the
default dataset. Taking the other experiments into consideration, we can conclude that either the
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embedding quality is not sufficient to allow for its effective use or the encoder does not learn to
sufficiently transform between the semantics of latent and embedding space. Interesting in that
regard are the results of the hyperparameter tuning (see Table 14.1), which weight the knowledge
loss to a surprising degree, 0.63, for EBR. This could indicate that this architecture struggles
specifically on the synthetic dataset. This impression is reinforced when comparing EBR on
PDPK,, to its performance and configuration on FDM, where the target loss is weighted stronger
leading to EBR exhibiting a lower amount of outliers and variance which positively impact its
overall performance.
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Part V.

Conclusion & Outlook

This thesis has highlighted challenges confronting manufacturing. To meet these, we have
proposed a neuro-symbolic approach that utilises expert knowledge that can be extracted in a
data-based manner. This part will provide a summary and discussion of the findings and evaluation
results of this thesis in Chapter 15 and an outlook future research directions in Chapter 16.






Conclusion

This thesis set out to provide the foundation for an intelligent assistance system that is able
to recommend parametrisations to operators to mitigate occurring quality defects in discrete
and continuous manufacturing scenarios. To this end, we investigated whether neuro-symbolic
approaches can overcome manufacturing specific challenges, e.g. low amounts of data of erroneous
parts or products and generalisability. To aid in the extraction of formalised expert knowledge
that can be used in the symbolic component, we presented a data-based knowledge extraction
approach. To benchmark our approaches on an additional datasets and to be able to evaluate edge
cases, we developed a framework for synthesising process data and accompanying procedural
knowledge. In the following, we summarise these approaches and the respective evaluation
results.

Findings Through analysing the parametrisation processes prevalent in manufacturing, we
identified periods in which the cognitive load of the operator is lower and which are consequently
more suited for eliciting their procedural knowledge. These periods are used to prompt operators
to highlight quality parameters that influenced their parametrisation in an example-based manner.
We have shown that this additional information decreases the dimensionality and complexity
of the resulting knowledge segments that can then be more easily aggregated to a common rule
base. We proposed weighting and filtering-based approaches to detect and remove outliers in
the information provided by operators. These provide a benefit to the aggregation of knowledge
segments compared to a naive aggregation method for monotonic functions, which are prevalent
in manufacturing [Kur+21]. Since there is no single best aggregation method for knowledge
segments, we recommend that the methods should be individually evaluated on each application
scenario.

Since knowledge graphs and their embeddings are frequently used in neuro-symbolic systems
and to integrate knowledge into a company wide knowledge repository, we developed represent-
ations for procedural knowledge in knowledge graphs. Also, we developed an embedding method
for procedural knowledge that aggregates node embeddings for entities present in subgraphs,
which correspond to rules. Additionally, we presented a metric to evaluate our embedding ap-
proach for downstream scenarios. We found that our proposed chained-binary representations of
ternary relations outperform reification-based representations, which are frequently encountered
in literature, in a majority of the cases. Furthermore we provided an indication that representing
quantifications as literals does not provide a significant benefit to their representation as entities.
Also, we empirically confirmed our theoretical considerations that RDF2Vec is the best embedding
method for dealing with indirections which resulted from modelling ternary relations. Lastly,
we discovered that options governing the subgraph aggregation are highly dependent on the
representation and embedding method used.
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We proposed two regularisation-based neuro-symbolic architectures of which one uses the
embeddings described above (EBR), while the other directly uses the formalised expert knowledge
(RBR). We found that EBR performed worse than directly using the formalised knowledge indicat-
ing that knowledge graph representations of procedural knowledge are better used for integrating
into company wide knowledge graphs than predictive systems. However, both approaches provide
benefits over an architecturally similar multilayer perceptron (MLP) baseline. We discovered,
that depending on the dataset used, neuro-symbolic methods can indeed provide a significant
benefit on low amounts of data. On the synthetic datasets, RBR provides a benefit of 5.7% to
8.49%, while on the FDM it performs best until a certain dataset size, with the maximum benefit
(38.73%) achieved at the largest dataset. In contrast to that and promises of the literature [SRG23],
we found that at least our regularisation-based approaches do not improve the generalisation to
unrelated data compared to the MLP baseline. A possible reason is that they only use the expert
knowledge during training and not during prediction.

Research Methodology & Limitations To identify and evaluate the respective approaches
we used a mixed-method research methodology. Qualitative methods, e.g. unstructured inter-
views, were used to analyse the parametrisation process and confirm our assumptions regarding
cognitive load of operators therein. The respective approaches are evaluated via quantitative and
experimental research methods on case studies, culminating in Bayesian performance analysis
via Calvo models [Cal+19] to arrive statistically grounded conclusions that can be aggregated
over multiple experiments and datasets. The low amount of case studies signify that our results
can only serve as an indication and need to be validated for other application scenarios.
Limitations arise from the breadth of research and the low amount of case studies and therefore
datasets covered. The possible combinations of parametrisations of the respective approaches
are beyond what is reasonable to compute. Therefore, we evaluated each approach individually
and continued with the best results. Also, as in the case of data-based knowledge extraction,
it is sometimes unfeasible to evaluate the different components, e.g. elicitation, aggregation
and extraction, individually, leading to aggregated metrics and uncertainty where effects are
introduced. Furthermore, biases due to random sampling and probabilistic methods exist. However,
these biases are controlled by repeatedly executing the sampling and methods for different seeds.

Research Objectives & Implications While we were not able to validate the combination
of our approaches in an industrial setting in production, we believe that our work represents
an important step towards the applicability of intelligent assistance systems for parametrisation
processes of complex production processes, since we proposed a methodology that improves
significantly on the state of the art. Furthermore, while it does not improve generalisability, it
has the potential to address data quantity issues that aversely affect the applicability of learning
systems in manufacturing.

Through the introduction of data-based knowledge extraction, we address a second object-
ive, i.e. externalising implicit operator knowledge in a quantified manner. While the proposed
methodology does not automatically lead to production ready results, a validation stage can be
easily appended. Apart from providing a foundation on which to increase the quality and speed of
onboarding processes, this externalised knowledge allows the comparison of operator and process
engineering knowledge, leading to the potential to increase the respective understanding of the
process. Also, the resulting knowledge graphs can be easily integrated with other formalised
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knowledge forming a company wide knowledge base.

Combined, these two objectives serve the overarching goal of facing labour shortage, currently
one of the main challenges to manufacturing. While we conducted a thorough investigation into
both data-based knowledge extraction as well as neuro-symbolic learning systems for the para-
metrisation process multiple areas of research remain beyond the scope of this thesis. Therefore,
the following chapter gives an outlook into future research questions and directions.
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Outlook

While this thesis developed and analysed data-based knowledge extraction as well as two main
hindrances to the applicability of intelligent assistance systems in manufacturing, i.e. generalisab-
ility and performance on low-data, it cannot cover all relevant aspects of such systems. In the
following, we explore open research challenges in the topics addressed in this thesis as well as
the industrial use of intelligent assistance systems.

Data-Based Knowledge Extraction

Depending on the complexity underlying the parameter-quality relations in an application scen-
ario, our aggregation-based quantification approaches might not perform as intended as shown
in Section 7.1.4.3. While monotonic functions that are better suited to our methodology are
prevalent in manufacturing [Kur+21], learning functions as quantifications could nonetheless
prove beneficial for more complex functions. As a prerequisite, however, constraints regarding
data quantity have to be addressed. This could be done by using the predictive performance
of the initially extracted rules in the context of an assistance system, to refine their underlying
quantifications.

Another possible improvement to the weighting algorithm that ascertains the reliability of
knowledge segments provided is the unsupervised classification of the operators’ behaviour,
e.g. whether they are exploring new parametrisations or exploiting previous knowledge. The
underlying assumption being that knowledge segments gathered during exploitative behaviour
are more trustworthy than others. At a more fine-grained level, common defect mitigation stages
of the operators and their temporal relation to each other could be discovered.

Through the evaluation in the extrusion case study at an industrial scale (see Section 3.2), we
hope to gather insights into how data-based compare to interview-based knowledge extraction
approaches, e.g. in the type or detail of knowledge extracted, and how they perform on additional
datasets. Also, we plan to embed the data-based knowledge extraction in a more holistic know-
ledge extraction process with a manual validation phase to ensure the quality of the extracted
knowledge. Additionally, the trade off of sequential and combined elicitation (see Chapter 5) and
their interrelationship with the operators’ cognitive load at different stages of the parametrisation
process can be studied in this environment. Lastly, we hope to quantify the operators’ cognitive
load levels to arrive at conclusions regarding whether additional process steps are feasible, i.e.
sequential vs. combined knowledge elicitation or gathering their feedback of the generated rules
via active learning. The latter could help in weighting the relations of knowledge segments,
thereby increasing the quality of the knowledge aggregation.
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Representation and Embedding of Procedural Knowledge

Directly modelling the confidence of rules in the procedural knowledge graphs and embedding
them via probabilistic embedding methods [Vil+18] could be used to better represent trust in
operators or knowledge segments. One strength of representing procedural knowledge in know-
ledge graphs is the ability to seamlessly integrate it into a company wide knowledge graph that
integrates different data sources, e.g. documentation of the production process, manufacturing
execution systems and temporal process data. For the last, temporal knowledge graphs embed-
ding methods, e.g. Messner, Abboud and Ceylan [MAC22] could be employed. However, how
knowledge graphs containing procedural knowledge of possibly mixed representations as well
as temporal process data can be embedded in a joint vector representation is an open research
question.

Neuro-Symbolic Learning in Manufacturing

One challenge limiting the direct industrial application of the proposed neuro-symbolic approaches
lies in their relatively high variances (see e.g. Figure 14.1) that could be explained by the fact that
their predictions are better suited for some parameters than others. Automatically dividing the
monolithic model we proposed into ensembles consisting of parameters behaving similarly could
offer a trade-off between training time and predictive performance. Another improvement would
be the adaptive computation of \; and A, that govern the influence of the symbolic component,
depending on the loss of the currently predicted sample. Also, a stronger integration between
neural and symbolic components would enable the refinement of extracted rules and provide an
additional feedback loop for the data-based knowledge extraction that can continuously update
the weights of knowledge segments based on their applicability, i.e. the quality of predictions that
were achieved containing rules based on the knowledge segment in question. This represents a
co-evolution of learning system and knowledge acquisition that could become necessary because
the knowledge segments given by operators are likely influenced by the increasing automation
[LA16]. Furthermore, this would represent an approach of learnt knowledge selection, which
we assume could benefit the generalisability. However, further research into how task specific
domain knowledge can be infused into pretrained systems is required.

Additionally, it could be investigated whether infusing the knowledge rather than using it as a
regularisation term could provide a benefit. If the knowledge graph contains not only procedural
knowledge but a more complete representation of the domain knowledge present in a company;, i.e.
including factual knowledge, an interesting research question would be whether the knowledge
should be infused at one or multiple different positions in the neuro-symbolic architecture. For
deeper artificial neural networks (ANNs), factual knowledge could be infused in earlier layers
ensuring semantic alignment while conceptual and procedural knowledge could provide more
complex concepts at higher levels of abstractions in the later layers. An alternative to this approach
would be to infuse the complete knowledge graph to a deeper ANN and rely on the ANNSs’ ability
to decide which information to take into consideration, e.g. through transformer or attention
layers. Moreover, the parametrisation process could be modelled in greater detail, e.g. through
recurrent neural networks with one output per process iteration. This would allow for a more
detailed temporal representation of coherent parametrisation steps an operator undertakes to
arrive at the optimal quality or to mitigate a quality defect. However, since these approaches
are more complex they probably need a higher amount of training data which is unlikely to be
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present in manufacturing scenarios.

Lastly, using neuro-symbolic systems to increase the explainability of neural predictions
could be investigated. As detailed in [Hei+23], different personas have different requirements
regarding the overall explainability of the system or individual predictions. For a data scientist, it
could be beneficial to know whether qualities or parameters fall into clearly separable clusters
that lead to unique predictions. Garcia, Renoust and Nakashima [GRN20] have indicated that
regularisation by symbolic systems leads to a better separation of the latent space of neural
systems for classification tasks. Evaluating whether the characteristics of these clusters can
lead to an increased understanding of the regression performance and the production process
seems a worthwhile undertaking. On the operator level, explanations of the predictions, e.g. by
highlighting similar situations that can be reconstructed via the underlying knowledge segments
of the activated rules could aid in gathering process knowledge.

Industrial Assistance Systems

To be able to realise the promises of industrial assistance systems, e.g. reduced onboarding times
and better problem-solving skills via new learning paradigms, higher job satisfaction of operators,
simplified human-machine interaction, and higher productivity [Apt+18; Han+20; TFP20], the
approaches presented in this thesis have to be integrated into such a system. The resulting system
can be evaluated by its predictive accuracy, the operators’ learning progress and reduction in time
required for (re-)parametrisations. Another approach towards industrial assistance systems could
lie in the incorporation of large language models (LLMs), that can be constrained and refined
by domain specific models that provide the LLM with context via instruction training [Wan+23;
Roy+22a]. These domain specific models could consist of small scale language models trained
for example on process instructions, procedural knowledge or company wide knowledge graphs.
The resulting domain-specific LLMs could be used as foundational models [Ala+22] to allow zero
or few shot predictions.
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