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Abstract

With the growing adoption of Artificial Intelligence (AI) and the successful application of deep learning
methods in various domains, Al, particularly deep learning, is increasingly influencing people’s lives. Despite
the continuous performance advancements and success of Al models, many manufacturers still hesitate to
deploy Al on a larger scale, as failures due to a black-box Al model in production can cause significant
financial damage and potentially harm workers. The emerging topic of Explainable Artificial Intelligence
(XA offers approaches and algorithms that introduce transparency into black-box models by producing
explanations for an Al System’s inner workings and decisions. Specifically, in industrial settings, where
complex problems and decision-making processes are widespread, enabling transparent automation and
decision support is crucial. However, while research in XAl is trending, applying XAl in industrial settings is
challenging. For many data types (e.g., images or tabular data), XAl methods are well-studied. Nevertheless,
support for time series, ubiquitous in industrial settings, is missing. Furthermore, to use any XAl method in
deployment, understanding the explainers’ quality, strengths, and weaknesses is vital to prevent ambiguous
and incorrect explanations. Well-performing XAl methods can help users understand the reasons behind a
deep learner’s prediction and enable the recognition of spurious correlations learned by a deep learner or
missing information in the collected data. However, reverting incorrect predictions and learned patterns is not
in the scope of XAI. Nevertheless, reverting such is especially important in industrial settings, where only a
limited amount of (often) noisy data is available. Explanations and explanation correction can potentially
provide the opportunity to include domain knowledge of users and enable a deep learner to infer the missing
context and close this gap.

The main contributions of this thesis are to facilitate and enable a more widespread use of XAl in industrial
settings by providing methods, frameworks, and in-depth evaluations addressing the application obstacles.

Individual contributions of this thesis are summarized as follows:

1. Anextensible framework enabling unified access to time series explainers, including a new counterfactual
explainer considering various time series transformation mechanisms and thereby enabling plausible
explanations on uni- and multivariate time series.

2. A framework and in-depth evaluation of time series explainers, a metric measuring causal coherence of
counterfactual approaches and corresponding benchmark datasets.

3. A methodology combining continuous, interactive, and explanatory interactive machine learning to
enable human supervised transfer learning in industrial contexts.

The contributions are evaluated in accordance with predefined requirements and to state-of-the-art setups.
The outcome (i) allows facilitated access to time series explainers and the generation of more plausible
counterfactual explanations, helping to bridge the gap between complex models and contrastive explanations;
(ii) indicates the need for additional research specifically for multivariate time series explainers and the
generation of causal coherent counterfactual explanation; and (iii) shows that explanation based Al-expert
alignment enables continuous learning under human supervision.
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Part |

Foundations

This part establishes the foundations of the thesis. We begin by introducing the topic
of Explainable Artificial Intelligence in Industrial Settings (Chapter 1) including its
motivation, a problem statement, and the research questions and contributions that arise
from it. After the introduction, we define the preliminaries needed for the subsequent
content (Chapter 2). Finally, we discuss related works concerning the contributions of
this thesis (Chapter 3).






Introduction

Given the topic “Methods for Enhancing Industrial Applications with Explainable Artificial Intelligence”, we
start this thesis by motivating the need for EXplainable Artificial Intelligence (XAI) in industrial settings in
Section 1.1. In Section 1.2, we present challenges to the applicability of XAI in industrial settings. We then
introduce our hypotheses and research questions in Section 1.3. In Section 1.4 and Section 1.5, we frame this
work’s scope and contributions by pointing out which aspects we focus on and which we neglect. In the last
section of this introduction, Section 1.6, we give an overview of all parts and chapters of this thesis.

1.1 Motivation

Artificial Intelligence (Al), particularly its subcategories Machine Learning (ML) and Deep Learning (DL),
offers unprecedented opportunities for advancement, automation, and innovation due to its ability to tackle
problems traditionally requiring human intelligence. The successful implementation of DL techniques across
various fields, from voice recognition and recommendation systems to self-driving cars, already significantly
impacts our daily lives. However, depending on the use case, wrong decisions can be costly, dangerous, or
have a significant social impact (e.g., pre-trial bail [62], credit risk assessment [110], health care [144, 109]).
With the increasing reliance on Al in such critical domains, understanding how these systems make decisions
becomes crucial. However, while AI methods, especially DL, are high-performing, they lack transparency to
provide such understanding due to their complexity. They are so-called black-boxes.

> Definition 1 (Black-Box Model). A Black-Box Model is a system that does not reveal its
internal mechanisms, i.e., a model that cannot be understood by looking at its parameters.

The emerging topic of EXplainable Artificial Intelligence (XAI) offers tools, methods, and algorithms for
producing explanations of Al-based systems decisions and inner workings. Research in XA/ is at an all-time
high (see Figure 1.1), especially since the 2021 proposed and in July 2024 adopted and announced Al Act',
an EU regulation for developing and using Al In particular, high-risk Al systems are now subject to a set of
requirements that include, among others, transparency and human oversight [171].

Al models are increasingly popular in industrial applications driven by the rise of Industry 4.0 and the
accompanying advancements in digitalization, automation, and data availability [76]. However, the need for
transparency and human oversight often hinders the widespread adoption of Al models (e.g., [254, 6, 8]).
Failures due to black-box DL models in production can cause significant financial damage and potentially
harm to workers [76]. Therefore, using XAI to explain DL decisions is crucial to enable a more widespread

1" https://wwu.europarl.europa.eu/doceo/document/TA-9-2024-0138_DE.pdf, accessed 15.June.2024
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Figure 1.1: The search trend for Explainable Artificial Intelligence between 2017 and 2024. The spike in June 2023 coincides with the
adoption of the draft of the Artificial Intelligence Act by the EU Parliament.

adoption of DL models in safety-critical aspects of manufacturing, such as part inspection and qualification

[8].

Due to the heterogeneous nature of industrial systems ranging from quality control or production line
monitoring to predictive maintenance, XA/l systems need to address a variety of data types (e.g., tabular data
from Product Information Management Systems, image data showing the good to be manufactured or wear,
sensor data as time series giving implications on a machine state) and depending on the data type and task
various architectures (e.g., LSTM for time series, CNN for images). While methods and tools are available
for many data types (e.g., tabular and image data) and architectures (e.g., CNNs), methods for time series,
which are ubiquitous in production scenarios, are still neglected.

Further, many methods include XAI in the model design or learning process (ante-hoc explainability),
allowing for transparent and explainable models by design (e.g., Decision Trees). While those methods are
transparent by definition, that transparency is frequently traded for task performance. In industrial settings,
the relationships between variables and processes are often complex, requiring more powerful and accurate
models to capture these complexities. As a result, models tend to be intransparent and more difficult to
understand. In such cases, post-hoc XAI applied only after training a DL model becomes advantageous as
no “Accuracy-Interpretability Trade-off*? has to be taken into account, and decision support systems can
be designed with the goal of high task performance without paying attention to transparency. This allows
industrial applications to benefit from the full potential of advanced AI models while still ensuring insights
into the decision-making processes when needed. However, post-hoc XAI-methods are often criticized
as another black-box heuristic above a black-box model (e.g., [171, 128]), creating a need for a thorough
evaluation [171]. Specifically, evaluating the coverage of an explanation concerning the black-box [32] is
essential to ensure that the behavior of the XAl method is consistent with the DL model.

2 For details on the “Accuracy-Interpretability Trade-off” refer to [128].



1.2 Problem Statement and Challenges

Well-performing Al models with XAl enable domain experts to understand the reasons behind a model’s
prediction and enable the detection of model errors as well as missing information in the collected data.
However, XAl alone does not allow for corrections. Especially in industrial settings where data is often
noisy, reverting incorrect model decisions and explanations provides the opportunity to include the domain
knowledge of workers.

1.2 Problem Statement and Challenges

Many industrial problems, from predictive maintenance to manufacturing decision support, can be formulated
as a supervised classification problem f : X — ), where X is the domain of the data and ) the target
domain.?> Using a dataset D = (X,Y’) we want to approximate the parameters 6 of a deep learning based
decision support system f. Thereby, + € X denotes a single input instance from X and y € Y a single
categorical output. The inference of model f for a new instance x can be described as § = f(x). The deep
learning model f is assumed to be a black-box due to its large number of parameters. To shed light into the
workings of f, we assume the availability of an Explainer F/; approximating and visualizing (parts of) the
behavior of f to unveil parts of the decision-making process of f. Thereby, E; provides an explanation
e = F¢(x) based on the classifier f, the input instance «, and the predicted classification 3. This problem
setting is depicted in the conceptual framework visualized in Figure 1.2. The model f can be any classifier,
and explainer E any post-hoc explainer compatible with the model f. To enable the usage of XAI in industrial
settings and, therefore, the deployment of thr conceptual framework, the following observations and challenges
are crucial:

Challenge 1 Industrial applications cover a wide range of data types: images representing a product to
be manufactured or a tool used during the manufacturing process, text representing error messages
from production machines, tabular data presenting technical parameters, and finally, time series from
sensors. However, because of the properties of time series, existing and easy-to-access XAl methods
are not usable (see Section 3.2). For one, time series usually do not fulfill the independent feature
assumption. Hence, many tabular methods can not be directly applied to time series data. Further,
the XAI for vision tasks assumes a dependency between the time and feature domain, which is not
necessarily a given. Thus, to increase the usability of XA/ in industrial settings, the missing support
and accessibility for time series data needs to be addressed.

Challenge 2 In industrial settings, specifically, the use of post-hoc XAI is of interest due to the need for
high-performing decision support systems, complex data relationships, and various data types. Post-hoc
explainers approximate the behavior of a classifier f with a heuristic built around f that should highlight
the significant behaviors of f. Therefore, f and Ey should show similar behavior. To ensure a correct
approximation of f, the quality of an explainer needs to be quantified to ensure robust (and ideally
realistic) explanations coherent with the underlying classifier behavior.

Challenge 3 Challenge 1 and Challenge 2 address the need for (post-hoc) explainers on the most common
data types in industrial use cases and quantify their suitability. However, shown explanations might
be still incorrect, due to incorrect patterns learned from the data or missing domain knowledge. The
often available domain experts are able to detect such patterns with the help of XAl and usually has the
expertise to correct them. While XAI allows the detection of incorrect patterns and decisions, it does
not include their corrections. Therefore, creating a need for model revision by interacting with the
model f based on the prediction 3 and the explanation e.

3 For detailed use cases, we refer the reader to surveys for deep learning application in industrial setting and XAl [8, 32, 113]
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Figure 1.2: A conceptual framework for enabling (post-hoc) XA[ in industrial settings, highlighting the problem setting, research
problems, and research question location. The first hypothesis deals with the explainer component. While post-hoc
explainers are readily available for various data types and use cases, this work focuses on the lack of (post-hoc) explainers in
the time series domain and increasing their availability to ensure facilitated applicability like in the other data domains. The
second hypothesis aims to quantify the quality of the explainer component to ensuring that its behavior aligns with the
dynamics of the black-box model while also adhering to predefined explainer properties. Finally, the third research question
explores how (well-performing) explainers can be leveraged to interact with black-box models in a continuous learning
environment.

1.3 Hypotheses and Research Questions

Our research aims to provide novel methods that allow the application of XA in industrial settings. This
leads us to the following principal research question:

How can we facilitate and improve XATI to enable XAI usage in industrial settings?

Based on the conceptual framework shown in Figure 1.2 and the challenges described in the previous chapter
(Section 1.2), we formulate our hypotheses and respective research questions for improving the applicability
and potential of XAl. The research questions’ locations are highlighted in the conceptual framework in
Figure 1.2. We begin by dealing with Challenge 1, the missing support of XAI for time series, in Hypothesis
L

Hypothesis I (Methods)

The adoption of XAl in industrial settings can be facilitated by providing time series
explainers based on time series transformation mechanisms and an easier access to such
explainers.

Addressing Hypotheses I, we define the following research questions:
RQ I. How can we facilitate and enhance XAI on time series?

RQ I.1. How can the cross-domain application of explanation methods for deep learning based time series
classification be facilitated ?



1.3 Hypotheses and Research Questions

RQ I.2. How can we enhance counterfactual time series explainers by including time series based
transformers?

We approach Hypothesis I with RQ I. from two perspectives. First, we focus on the missing democratization
of XAI on time series in RQ I.(1), implying a need for a unified framework. The second research question,
RQ L.(2), focuses on enhancing counterfactual explainers on time series by including more time series related
transformation mechanisms.

After dealing with the missing support for XAl on time series data, we take a closer look at Challenge 2,
the quantification of XAI to enable performance comparisons across different methods and properties in
Hypothesis II.

Hypothesis II (Evaluation)
To ensure the correctness of explanations for further use, the quality of explanation algorithms
needs to be quantifiable.

Hypothesis II tackles the following research questions:

RQ II. How can we quantify XA/l performance on time series and industrial use cases?
RQ II.1. How can we quantify the quality of time series explainers for an easier benchmarking?

RQ II.2. How can we evaluate counterfactual explainers for real-world coherence?

Similar to RQ L.(1), RQ II.(1) explores the need for standardizing XAl benchmarking for time series data and
the challenges of applying benchmarking metrics in this domain. Secondly, RQ II.(2) addresses the need for a
new metric measuring whether the proposed explanation methods adhere to real-world relations.

Despite quantitatively well-performing XAl methods visualizing DL decisions and detecting errors, XAl
alone cannot revise model errors ad hoc. Hypothesis III aims to enable such model corrections under the
assumption of evaluated and well-performing XAl methods.

Hypothesis IIT (Revision)
By combining Explanatory Interactive Machine Learning with Continuous Learning, we can
enable continuous human supervision and boost model performance.

Finally, Hypothesis III tackles the following research questions:
RQ III. How can we enable continuous, explanatory, and interactive model improvement?
RQ III.1. Which combinations of continuous, explanatory, and interactive are the most suitable?
RQ III.2. How does continuous, explanatory, and interactive model improvement perform on realistic data?

RQ IIL.(1) investigates which interactive and continuous learners, and combinations thereof, are suitable to
be included in such a framework to tackle continuous learning with human feedback for learning new data
distributions, new tasks, or simply fine-tuning Al models with additional domain knowledge. RQ IIL.(2) how
the results can be transferred to a real data use case.
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1.4 Contributions

Figure 1.2 shows the superordinating framework for enabling (post-hoc) explainability in industrial settings. In
correspondence to the challenges (Section 1.2) currently faced in deploying such a framework, we contribute
by filling the research gap along the research questions identified and detailed in Section 1.3 in three parts:
Methods, Evaluation, and Revision.

Contributions to Hypothesis 1: Methods We present a novel framework that facilitates the access to
state-of-the-art XAl methods on time series data. It consists of 6 explainers providing a variety of explanation
types (see Chapter 4). Additionally, we introduce a new method for instance-based explanations that takes
additional time series properties into account for more plausible explanations (see Chapter 5).

Contributions to Hypothesis 2: Evaluation Based on the developed framework for XAI on time series
data, we developed a benchmarking framework including unified datasets and pretrained models to enable
comparable evaluation of time series explainers. Further, as many specifically instance-based methods claim
causal adherence, we introduce the first metric quantifying causal coherence of instance-based methods and
evaluating state-of-the-art explainers, with the result that only explainers based on causal inference are able to
capture relationships reliably.

Contributions to Hypothesis 3: Revision To achieve ad hoc model revisions based on XAI, we propose a
framework combining continuous learning with explanatory interactive learning. By analyzing the algorithm
combinations for their fine-tuning, class incremental, and domain incremental learning capabilities, we found
that the replay strategy works best for all feedback algorithm, but the optimal feedback algorithm depends on
the dataset.

Software Artifacts The conceptual contributions have been implemented as software artifacts. To demonstrate
the feasibility, applicability, and reusability of our methods and frameworks and increase the democatization
of XAI, we provide PyPi-ready software toolings and detailed documentations.

1.5 Scope of the Thesis

The most considerable restrictions apply to the prediction task, the type of explainer used, and the exclusion
of human factors, both in the evaluation and the interaction component. The thesis focuses on classification
tasks solved in a supervised machine-learning setting. We exclude unsupervised machine learning methods
from our scope. While industrial use cases for unsupervised learning include outlier detection, the majority of
unsupervised learning methods are used in industrial settings to preprocess data for the following downstream
task®. Further, we do not take into account regression or forecasting tasks. Specifically, in the case of time
series forecasting, statistical models often perform on par or better than deep learning models, eliminating the
need for XAI. In the past decade, empirical studies have demonstrated that simple methods are as accurate
as complex or statistically sophisticated methods. However, deep learning based forecasting models are
improving. In the most recent M5 competition [142], a competition aiming to identify ways to improve
the forecasting accuracy on real-life data, usually dominated by tree-based forecasting methods, deep
forecasting methods were the second and third-placed solutions [141]. Regression problems are often more
complex compared to classification due to the continuous and thereby much larger target space. While
similar deep learning architectures are used for classification and regression (except for the last layer), we

4 A survey from Bertolini et al. [27] investigates the application of machine learning in industrial settings. Only 25 out of the 144

application domain papers used unsupervised machine learning, but 112 supervised machine learning. Of the 25 unsupervised
applications, 15 used unsupervised learning to preprocess a downstream task.



1.6 Outline

evade the complexity of regression tasks by focusing on classification. However, due to the similarity of
base-architectures, many methods translate to regression.

In the first part of this thesis, we deal with XAl methods in industrial settings. In industrial settings, the focus
is usually on deploying high-performing models instead of interpretable “white-box” models. During the
model development phase, focus is on model prediction performance, and explainability is only a subsidiary
goal. To make high-performing models explainable without prediction power interference, we focus on
post-hoc XAl, i.e., providing explainability after model development.

The second main problem addressed in this thesis is the evaluation of XAl methods. Our goal is to quantify
the performance of XAl methods without the need for human feedback. Although qualitative evaluation of
XAI methods is an important and complementary type of evaluation analysis, specifically to evaluate how
helpful explanations are perceived, human perception is highly subjective. Depending on the background and
use case, XAl methods might yield inconsistent results, hindering reproducible and standardized method
benchmarking. Additionally, many properties of explainers can hardly be evaluated with a human actor,
e.g., the alignment between XAl methods and ML model. Further, human feedback is expensive and tiring
to create, and studies evaluating XAl with human feedback have to be carefully curated to prevent bias.
Even then, objective quantification of the feedback is hard. If methods should be evaluated objectively, all
benchmarking baselines must utilize the same study setting. A decision on which explainer is helpful can
take quite some time, and comparisons are often not objective.

Finally, the last problem focuses on XAl based model revision. The aim is to combine continuous learning
with explanatory interactive machine learning to enable lifelong learning under human supervision. Again,
we exclude the human factors from the experiment, as the aim is to get a proof of concept if such a setting
would allow continuous learning and, thereby, the learning of changing data distributions and tasks under
human supervision. In a first setting, we exclude human bias to evaluate which algorithm combination
works best in a perfect setting - i.e., known ground truth, known labels, and perfect simulated annotations.
While the second setting, the real-world dataset, utilizes real (noisy) human annotations, we simulate the
feedback-giving process to eliminate pitfalls of human cognition, e.g., Influences of the graphical interface on
the annotation/feedback process.

1.6 Outline

We now outline the contents of the thesis, consisting of four parts: Foundations, Explainable Machine
Learning Methods for Time Series, Evaluating Explainable Machine Learning, Model Revision, and
Conclusion.

Starting with Part I — Foundations, we introduce the following chapters to establish the knowledge necessary
for the remaining thesis.

Chapter 2 — Preliminaries
This chapter defines and introduces the terminology, baseline methods, and techniques necessary for
the contribution of this thesis.

Chapter 3 — Related Work
This chapter deals with works and publications related to the contributions of this thesis focusing on
XA, the quantification of XAI, and XAl based model revision.



1 Introduction

In Part Il — Explainable Machine Learning Methods for Time Series, we address the first research problem:
the missing support and accessibility of XAl on time series data.

Chapter 4 — A Framework for post-hoc XAl on Time Series
This chapter creates an extensible general-purpose framework following the scikit-learn principles for
XAI on time series.

Chapter 5 — Counterfactual Explanations for Uni- and Multivariate Time Series

This chapter extends the framework with a new method to time series counterfactuals for uni- and
multivariate data by formulating counterfactual search as multi-objective problem and approximating a
solution with a custom genetic-based algorithm that utilizes time series transformation mechanisms.

In Part Il — Evaluating Explainable Machine Learning, we develop an evaluation framework for XAI on time
series and a new metric for causal coherence.

Chapter 6 — Benchmarking (post-hoc) XAl on Time Series

This chapter builds on Chapter 4 and 5 by proposing and evaluating the time series algorithm with
synthetic data from different time series processes and a variety of known ground truths on XAI-metrics
adopted to the time series context.

Chapter 7 — Measuring real-world coherence of counterfactual explanations

This chapter proposes a new metric for the evaluation of real-world coherence of counterfactual
methods utilizing causal inference. Further, the chapter introduces (semi-) synthetic data sets of various
complexities to use in combination with the metrics as structural causal models are hard to obtain in
the real-world.

Part IV — Model Revision introduces and evaluates a framework for continuously including human feedback
on basis of the explanation obtained from an XAI-method.

Chapter 8 — Continuous Explanatory Interactive Machine Learning
This chapter builds on all the previous chapters by combining explanatory, interactive, and continuous
machine learning to allow human supervision and model corrections.

Finally, Part IV — Conclusion provides a retrospective overview of the content of the thesis and an outlook on
future works.

Chapter 9 — Summary
This chapter summarizes and discusses the thesis with respect to the challenges, research questions,
hypotheses, and contributions. Further, the chapter gives an outlook on future research directions.

Throughout the thesis, we will mention the published research papers which correspond to the contributions
of the respective chapters.
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The following chapters define the foundations of this thesis. It is divided into three parts: Supervised Machine
Learning (Section 2.1), Explainable Machine Learning (Section 2.2), and Explainable Machine Learning for
time series (Section 2.3). Thereby, Explainable Machine Learning builds on the foundations of Supervised
Machine Learning and Explainable Machine Learning for time series on the foundations discussed in the
section Explainable Machine Learning.

2.1  Supervised Machine Learning and Deep Learning

Machine Learning (ML), a subdiscipline of Al, focuses on giving “computers the ability to learn without
explicitly being programmed” [205] by enabling computers to learn complex relationships from data. More
formally, ML can be defined as: “A computer program is set to learn from experience E with respect to
some task 7" and some performance measure P, if its performance at task 7', as measured by P, improves
with Experience E.” [154] Thereby, task 7' is the problem to be solved quantified by some performance
P, often in the form of a loss function £, based on the experience F represented by the available data D.
Supervised Machine Learning assumes the availability of a labeled dataset D = {(x1,y1),. .., (Tn,yn)} tO
learn a function f to predict the outcome y.

> Definition 2 (Supervised Machine Learning). Givenadataset D = {(z1,y1),-.., (Zn,¥n)}
consisting of n samples, supervised machine learning learns a function f : X — Y, that
enables the mapping of a feature vector z; € X onatargety; € Y. To enable such a mapping,
the model has to learn parameters € by minimizing a loss £ specifying the error over all
training instances (see Equation (2.1)).

0" = min L(f(X),Y) 2.1)

The model approximating the function f can be anything from linear regression to neural networks. The loss
L optimized by the model to learn f depends on the target task. Often, for classification tasks cross-entropy
is used, while for regression the Mean Absolute Error is preferred. Supervised ML-models aim to minimize a
loss £ based on the available data D.

Depending on the data availability, ML differentiates between online and offline learning. If all data
instances are available simultaneously, learning is called Offline or Batch learning. Online Learning refers to
continuously arriving data.
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> Definition 3 (Offline Learning). Let D be asetof datapoints D = {(z1,41), ..., (Tn,yn)}
given at training time. A machine learning model f tasked with learning a function f : X — Y
minimizes the loss £, using all labeled data points at once.

In online learning scenarios, data becomes available continuously and the model f has to update model
parameters gradually for individual data points.

> Definition 4 (Online Learning). Let D; be a data point (z;,y:) available at time ¢, a
machine learning model f tasked with learning a function f : X — Y only relies on D, to
learn or update the model.

In the following, we focus on Deep Learning in a supervised learning setting and its core component, Artificial
Neural Networks (see Section 2.1.1). Deep Learning, a subclass of ML, exploit many layers of non-linear
information processing for supervised or unsupervised feature extraction with unprecedented performance in
many tasks [79].

2.1.1 Artificial Neural Networks
Artificial Neural Networks, from now on only referred to as neural networks, are modeled after the human
brain and consist of many interconnected neurons [193]. The smallest entity in a neural network is a neuron.

A neuron (see Figure 2.1), first introduced by [149], consists of [V input channels, an input and an activation

X1

y
Output

Xn Input Activation
Function Function

Figure 2.1: Abstract artificial neuron. Inspired by [154, p. 87]

function. Thereby, the input of the neuron consists of the weighted sum z = > ; 0jx; of input value
x = {x1,22,...,2n5} € R. The neuron’s output 3 is calculated by applying a function ®, called activation
function, to z (Equation (2.2)). The activation function ¢ enables modelling complex functions. The choice
of activation function depends on the usage of a neuron. It usually contains non-linearities. Figure 2.2
shows the most common choices: Rectified Linear Units (ReLU), Leaky ReLLU, TanH, and Sigmoid. The
also popular softmax, an extension of the sigmoid function, calculates the probability distribution over
a vector, instead of a single input. A softmax function in a vector of size two, yields the same result as
applying sigmoid. More information on activation function and their specific properties can be found in many
textbooks, e.g., [79, 86].

N
j=d(z) = @(Z 0;x;) (2.2)

12
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(a) ReLU ®(z) = max(0, z) (b)Leaky ReLU: ®(z) = () TanH: ®(z) = (e*—e~*)  (d) Sigmoid: ®(z) =

1
max(0.1z, z). = (Fte—2) (14e—%)

Figure 2.2: Visualization of activation functions.

A neural network consists of many neurons arranged into different layers and connections between those
layers and neurons. One of the most simple neural architectures is a Multilayer Percepton consisting of
neurons organized in at least three layers (an input layer, a hidden layer and an output layer). Let [ be the
number of layers of a neural network, n the number of input neurons x1, xo, . . ., £,,, m the number of output
neurons y1, Yo, . - - , Ym and H; the neurons of layer [ b, hb, ..., thl. If the k" neuron is in layer (I — 1)!"

and the j*" neuron is in the [*" layer, then the connection between these two neurons has the weight 9; -

(M), In a feedforward net-

Let the function of each layer in an N-layered network be f(1), f(2) f
work, these functions are connected in a chain. By that the overall function of a network is f(z) =
FMC (O FP(FD(2))))). By training the neural network, the goal is to drive f(z) to match the target
function f*(x). The training data consists of multiple examples. For each example x, a label y is assigned.
The output layer should produce a value 3 that is close to . The behavior of the other layers (hidden layers)
are not specified by the training data. A learning algorithm must decide how to use those hidden layers to get

an appropriate approximation of the f*.

More details on learning the approximation f* with artificial neural networks can be found in Section 2.1.3.

2.1.2 Architectures

Based on the feedforward architecture, many other architectures that are more tailored to specific use cases
have been proposed. In the following, we take a closer look at Convolutional Neural Network (CNN)
(section 2.1.2.1) and Recurrent Neural Network (RNN) (section 2.1.2.2).

2.1.2.1 Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a special kind of feedforward neural network specialized
in processing data with a grid-like topology. The name Convolutional Neural Network arises from the
mathematical operation called convolution used instead of general matrix multiplication in at least one layer.'
Usually, convolution is used in combination with pooling layers. The ideas behind convolutional neural
networks are: local receptive fields, shared weights, and pooling.

Local receptive fields Neurons in a convolutional layer are only connected to the input feature in the receptive
field. Figure 2.3a visualizes the receptive field. A neuron located in row ¢, column j of a given layer is
connected to the outputs of the neurons located in the previous layer in rows ¢ to i + fj, — 1 and columns j to
j+ fw—1. fy and f, denote the width and height of the receptive field. The receptive field is slid through

1" Convolution: mathematical operation that slides one function over another and measures their integral of pointwise multiplication.

[86, p. 357] As this function is implemented differently in most of the deep learning frameworks no mathematical definition is
provided.

13
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Residual Unit
uol3oauuo) dps

(a) Receptive Field of a Convolutional Neuron. (b) Residual Unit.

Figure 2.3: Visualization of the local receptive field of an CNN and a Residual Unit.

the whole input. Each local receptive field connects to a different hidden neuron in the next layer. The stride
size, both vertical s,, and horizontal s;,, of the receptive field can vary depending on the application.

Shared weights and biases Every neuron in a convolutional layer uses the same weights and biases also
often referred to as feature maps.

fo=1 fu—1f,—1 g
. 1 =1XSp,+u
Zigk = by Z Z Z l'i’,j’,k’au,u,k’,leth{ } 2.3)

g
u=0 v=0 k’'=0 J =] XSw+U

%;,5,% denoted the output of the neuron located in row 4, column j in feature map k. sj and s,, denote the
vertical and horizontal strides and f,, the number of feature maps. The output of a convolutional layer is
calculated as the product of the neuron output x; ;s ;- of the previous layer and the connection weights

eu,v,k’,k:'

Pooling layers Pooling layers are most of the time used directly after a convolutional layer. The pooling layer
takes the output of each feature map and prepares a condensed feature map. Different procedures for pooling
have been proposed. One of the probably most used ones is known as max-pooling. The max-pooling layer
simply outputs the maximum activation of a predefined input region. Another possibility is L2 pooling which
returns the square root of the sum of squared activations for a defined region.

Typical architecture Typical convolutional architectures stack a few convolutional layers (usually each
followed by a ReLU layer), followed by a pooling layer and another few convolutional layers and pooling
layers. On top of that, regular feedforward neural networks are stacked and a final output layer is added to
make the prediction. Many other architectures have been proposed like AlexNet [120], ResNet [88], and
GoogLeNet [231].

ResNet The Residual Network (ResNet) proposed by [88], introduce residual units that skip layer connections.
Figure 2.3b shows a residual unit feeding the input signal both into the layer and to the output. In ResNet
each residual unit is composed of two convolutional layers with Batch Normalization and ReLu activation. In
the following we rely on ResNet34.

2.1.2.2 Recurrent Neural Network (RNN)

A Recurrent Neural Network (RNN), usually used for data with a time dimension, has additionally at least
one feedback loop. A feedback loop connects the output back to the neuron’s input (see Figure 2.4). At each
time step ¢, a recurrent neuron receives an input ;) as well as its own output from a previous time step
Y(¢—1)- Figure 2.4 shows such a recurrent neuron and its forward pass through time. An RNN consits of
many recurrent neurons. Equation (2.4) shows the output calculation of a recurrent layer for a single instance

14
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Time

Figure 2.4: Visualization of a Recurrent Neuron (left), and a recurrent network unrolled through time (right). Adopted from [86].

x¢. Each layer has two set of weights 6, for the inputs at time step ¢ and ,, for the outputs of the previous

time step.

Yy = POy + O0yye—1) +0) (2.4)

Y(¢) is now a function of x; and y; 1, therefore it preserves some state across time steps and is also referred
to as memory cell. This state is often referred to as hidden state h, and is a function of the current input and

the previous output: hy = f(ht—1, 2¢)

LSTM 1n 1997, Hochreiter & Schmidhuber [90] introduced the Long Short Term Memory (LSTM) consisting
of three different functions called gates:

e The forget gate f; controls which part of the long-term state should be erased.
* The input gate ¢; decides which parts should be added to the long-term state.

* The output gate o; controls which parts of the long-term state to output at time step t.

An LSTM cell looks similar to an RNN cell, except for the state split into a short-term state h; and a long-term
state c¢;. Figure 2.5 shows the calculation of an LSTM cell at each time step for a single instance. The
long-term state ¢;_; traverses through the cell, going through the forget gate f;, dropping some memories,
and through the addition operation to add new memories (selected by the input gate). After adding the new
memories, the short-term state h; = y, is calculated by passing the long-term state through tanh and the
output gate.

Yt

érget Gate \
Ce—1 ® () Ct
Input Gate |
® —® h,
Output

-
1 ® Element-wise
| multiplication

|
!
I
:@ Addition !
J- Tanh :
i- Logistic :

LSTM Cellj

I

Xt

Figure 2.5: Visualization of a Long Short Term Memory (LSTM) cell. Adopted from [86].

15



2 Preliminaries

2.1.3 Gradient-Based Training

Most machine learning algorithms involve optimization of some sort. Optimization refers to the task of either
minimizing or maximizing some function f(x) based on given samples (x, y) by altering x. The optimization
objective in machine learning is usually to minimize a loss function L. For supervised learning the aim is to
learn 6* = L(f(x),y).

Suppose we have a function y = f(z), where both x and y are real numbers. The derivative of this function

is denoted as %. The derivative gives the slope of f(z) at the point 2. In other words, it specifies how to

9f(z)
ox *

The derivative is therefore useful for minimizing a function because it tells us how to change x in order to

scale a small change in the input to obtain the corresponding change in the output: f(x +¢) ~ f(z) + €

make a small improvement in y. [79]

In the following, we introduce Gradient Descent (Section 2.1.3.1), Backpropagation (Section 2.1.3.2), and
Adam (Section 2.1.3.3) for learning the parameters # of deep neural networks.

2.1.3.1 Gradient Descent

Gradient Descent requires the computation of the gradient of the loss function £ with regard to each model
parameter 0; (see Equation (2.5)). Based on those derivatives, the model performs parameter updates with a
learning rate of 7 (see Equation (2.6)).

B
T%ﬁ(f(X)vY)
VeL(f(X),Y)=|: 2.5)
B
0"t = 0" —n <79 L(f(2),y) (2.6)

The smaller the learning rate, the longer gradient descent needs to converge. In some cases, a low learning
rate may lead to maximum iterations before reaching the optimum point. If the learning rate is too high the
algorithm may not converge to the optimal point (jump around) or even diverge completely.

In ML, the most common types of gradient descent are batch gradient descent, minibatch gradient descent,
and Stochastic Gradient Descent (SGD).

Batch Gradient Descent utilizes the entire dataset (batch) at each iteration. While it allows for stable learning
as parameter updates are based on the whole dataset, the convergence is quite slow and the requirement to
hold large dataset in memory make it only feasible on small datasets.

In contrast to Batch Gradient Descent, Stochastic Gradient Descent picks a random instance in the training
set for every iteration and computes the gradients based on this instance. Updates on a single instance fasten
the convergence, however instead of gently decreasing, the loss often bounces up and down, only decreasing
on average.

Minibatch gradient descent is a mixture of SGD and Batch Gradient Descent. Instead of only selecting one
instance as in SGD, a batch of instances is picked from the dataset. Gradient updates are performed based on
this minibatch. Unless otherwise denoted, we refer to minibatch gradient descent as batch gradient descent.
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2.1.3.2 Backpropagation

Backpropagation [199], developed in 1986, is a strategy for training and thereby learning the parametrization
0 of deep neural networks. In backpropagation, the algorithm makes a prediction §j = f(z) for each training
instance x and measures the error L(f(z, 6),y) (forward pass). Thereafter, each layer is gone through in
reverse to measure the error contribution for each error (reverse pass). The goal is to understand how changes
in weights or biases influence the cost function. In the last step, the gradient descent step, the weights are
modified to reduce the error.

Forward pass The activation a of a neuron j in layer [ is calculated as the weighted sum of all activations of
neurons in the layer (I — 1). The number of neurons in layer [ — 1 is denoted with 7. On the weighted sum,
the activation function & is applied. The weighted sum of activations  _, 6 J ka b 1y bé. is often referred to zé
Hereby, the weights can be summarized in a weight matrix 6’, which entries are just the weight connecting to
the I*" layer of neurons. b’ represents the bias vector and a(! 1) the activations of the neurons of layer I — 1.
This would result in an activation vector a’.

Z Leag 4 b)) 2.7)

Note, that the calculation of the forward pass is consistent with the output calculation of a single artificial
neuron described in Equation (2.2).

Backpropagation In order to evaluate a classification done by a neural network, some kind of metric needs
to be defined. Often chosen is the quadratic cost function, which measures the difference between the desired
output y(x) and the actual activation a” () for each individual training example. n denotes the number of
training examples, L the number of layers in the network.

1 1
= 5lly—a™l* = 5> (v - af) (2.8)

To understand how networks change if the Welghts and biases change the partial derivatives 869 I and gbﬁ,

are calculated. The error §; L is the error of the 5" neuron in the [*" layer. In function 2.9, Wthh descrlbes

8[1

the error of the output layer measures how fast the equation is changing as a function of the j*" output

activation. How fast the actlvatlon function ® is changing at zj is described in @ (zj)
— (zé ) (2.9)

When the error of the output function is calculated, the next step is to calculate the errors of the other layers.
The error of layer [ is calculated in the terms of the next layer 5'*', as can be seen in equation 2.10. The first
term ((91+t)T6l+t) moves the error calculated in the next layer 6'T* backwards through the network. The
second term @' (z ) moves the error backwards through the activation function. In this case, (-) denotes the
Hadamard product.2

5t = ((9l+t)T6l+1) @ (I)/(Zl) (2.10)

By combining equation 2.9 and 2.10 the error for any layer can be calculated. To move the error back through
all the hidden layer, 2.10 is calculated repeatedly for all hidden layers.

2 The Hadamard product is the element-wise product of two vector s((Dt); = s;t;.
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In Equation 2.11 the rate of change regarding the bias can be found. The rate of change is exactly equal to the
error dt.
J

oL .
M d; (2.11)
J
In the last step, the rate of change with respect to any weights in the network is calculated. a%lﬁ is the partial
Jjk

derivative of the weights. Hereby aic_l is the activation of the neuron input to the weight 6 and @é— is the error

of the neuron output from the weight 6.
oL

I—1 51
—— — gl lo! 2.12)
0", J

2.1.3.3 Adam

Training deep neural networks can be really slow resulting in the development of many different optimizers
(e.g., AdaGrad [63], RMSProp? or Adam [114]). In the following, we focus on Adam. Adam combines the
ideas of momentum optimization and RMSProp. For a more comprehensive overview of gradient descent
optimization algorithms, see [79] and [197].

In 2015 Kigma et al. [114] proposed Adam (adaptive momentum estimation) optimizer for deep learning
networks. Adam calculates for each parameter different adaptive learning rates from estimates of the first and
second momentum of the gradients.

Algorithm 1 Adam. Reproduced from [114].
Require: «: Step size
Require: 31,82 € [0,1): Exponential decay rates for the momentum estimates
Require: f(f): Stochastic objective function with parameter 0
Require: 6: Initial parameter vector
1: mg < 0 (Initialize 1% momentum vector)

2: vy + 0 (Initialize 2% momentum vector)
3: t < 0 (Initialize time step)

4: while 6; not converged do

5: t—t+1

6: gt < Vo ft(0r-1)

7: my <= Prxme_y + (1 — f1) * g¢

8: v Brxver + (1= ) x g2

9: ’I’th — 1117'75{

10: Up 137’5;

1: 9t<—9t,1—a\/z%
12: end while

13: return 0,

Let the objective function L(6) be a stochastic objective function that is differentiable in its parameters 6.
Hereby L:(6) denotes the stochastic function at a time step ¢ € [0, T]. The evaluation of random subsamples
of data points leads to the stochasticity of Adam. Let g; be the vector of partial derivatives of f; with respect
to # at time step ¢ (Algorithm 1 line 6). In line 7 and 8 the algorithm updates the exponential moving average
m; which is an estimation of the 1*! momentum and the squared gradient (v;) which is an estimation of

3 Unpublished method proposed by Geoffrey Hinton in lecture: https://www.cs.toronto.edu/ tijmen/csc321/slides/1

ecture_slides_lec6.pdf
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2.2 Explainable Artificial Intelligence (XAl)

the 2" raw momentum. The hyperparameters /31, 3> which control the decay rate of the moving averages
influence the exponential moving average and the squared gradient are. Since m; and v; are initialized to O at
the beginning of training, they are biased towards 0. Therefore, in line 9 and 10 the estimates are corrected
for the bias. After the calculations are done 6 is updated in line 10.

2.2 Explainable Artificial Intelligence (XAl)

The research field of EXplainable Artificial Intelligence (XAI), a term first coined in 2004 [129], studies
approaches unveiling the rationale behind automatic decision-making systems to make them more comprehen-
sible and transparent to humans without sacrificing model performance [2]. ML-Models exhibiting some of
their inner workings (e.g., linear or logistic regression) are often referred to as explainable and interpretable.
However, there is no general agreement within the ML-community on the definitions of explainability and
interpretability. Many authors use both terms interchangeably (e.g., [39]), while others differentiate [144, 9].

Similar to [24], we define explainability and interpretability as:

> Definition 5 (Explainability). Explainability is an active characteristic of a model, denoting
any action or procedure taken with the intent of clarifying or detailing internal functions.

> Definition 6 (Interpretability). Interpretability is a passive characteristic of a model,
referring to the level at which a given model makes sense for a human observer (transparency).

Therefore, in our case, interpretability comprises explainability. Explainability is provided with the help of
an Explainer E representing any XAl method.

> Definition 7 (Explainer ). For amodel f : X — Y with in input x and output prediction
7. An explainer E provides a heuristic generating an explanation e, that provides insights
into the functioning of the model f and therefore explainability.

The exact definition of XAl and many of its related terminology is not yet fully established. Therefore, in
the following sections we introduce the notions, terms and technologies used in this work. We start of by
intoducing the taxonomy of XAI used in this work (Section 2.2.1), followed by more details on Feature
Attribution-methods (Section 2.2.2) and Instance-Based Methods (Section 2.2.3).

2.2.1 Taxonomy

XAI methods can be classified based on various criteria. We follow the taxonomy of [2], [39], and [81].
Methods are classified according to the point of introduction (Section 2.2.1.1), the type of model they can
explain (Section 2.2.1.2), the explanation scope they cover (Section 2.2.1.4), and the output they produce
(Section 2.2.1.3).
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Figure 2.6: Post-Hoc vs. Ante-Hoc XAI.
2.2.1.1 Point of Introduction

Depending on the used XAl methods, integration steps become necessary at different stages of the ML models
development process. Some methods allow the out-of-box usage on trained ML models. Others need to be
introduced during the model development stage. For example, some XAl methods rely on adding additional
regularizers to the ML model’s loss function. Post-Hoc and Ante-Hoc describe the point of time at which an
XAI method is applied.

Ante-Hoc XAI (Figure 2.6a), sometimes called instrinct explainability, refers to models interpretable by
design. This can be achieved by constraining model complexity (e.g., using decision trees instead of a neural
network) or including explanation components in the model or training process design (e.g., [206]).

Post-Hoc XAI (Figure 2.6b) refers to explanation methods applied after model training and are usually
decoupled from the model. In contrast to ante-hoc methods, post-hoc XAl does not influence the ML model
performance.

2.2.1.2 Predictor Constraints

Some XAI methods place constraints on the ML model due to their working mechanism. Model-specific and
model-agnostic refer to constraints placed on the type of predictor f by the XAl approach F.

A model-agnostic explainer £ can be used to explain any type of model f and rely on analyzing the connection
between input = and output §. Those methods cannot access the model’s internal parametrization 6.

Model-specific explainers are limited to specific model classes (e.g., CNN) or rely on a specific model internas
(e.g., the internal parametrization 6).

2.2.1.3 Explanation Output

Depending on the XAl method deployed, the resulting explanation can take on various forms needing different
types of visualization. Generally, the output is differentiated into Instance-Based, Feature Attribution, and
Rule-Based explanations.

Feature Attribution (FA) returns a per-feature attribution score ¢; based on the feature’s contribution to
the model’s output. FA methods are often further divided according to the mechanism used to obtain the
attributions. Perturbation-based methods are model-agnostic and obtain feature attributions by analyzing
different perturbations = and the predicted outcome ¢ of the model f. Gradient-based methods approximate
feature attribution by relying on the model’s internal parametrization 6.
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Instance-Based Methods (IB) calculate a subset of relevant features that must be present to retain the prediction
or removed to change the prediction of a given model. The explanation e comprises a new sample =’ consisting
of z; original, perturbed or removed features.

Rule-Based Methods (RB) extract a set of rules approximating the decision boundaries of the model f by
fitting a rule-based surrogate or using instrinct interpretable models. In this work, this type of explanation is
not considered further.

2.2.1.4 Scope of Explanation

The scope of methods refers to the context covered by an explanation. XAl methods can cover the whole
model, or only provide explanations for a single instance x and prediction ¢ of a model f.

Global explainers require no predictions and rely on the learned model f, often the training data D and/or
some set of feature vectors. The explainer is static for all instances x.

Local explainers are instance-based — i.e., for a single test input « and the corresponding prediction g, a new
explanation is generated explaining only the decision of f for the specific data point x.

2.2.2 Feature Attribution Methods

Feature attribution methods measure the feature contributions to the models’ output prediction.

> Definition 8 (Feature-Attribution Explainer). An explainer returning a feature attribution
assigns an attribution ¢, to explain the importance of feature j, resulting in E¢(z) = ¢ =
(o, ..., dn), where n is the number of interpretable features.

Depending on the methodology used, FA methods are further divided into gradient-based and perturbation-
based methods. Perturbation-based methods rely on modifying the input and concluding from the output
change the attribution of features. Such a separation of black-box model and its explanation by only working
with the inputs and outputs, provides better accuracy, flexibility, and usability [191]. The common idea
behind gradient-only methods is that if a pixel in the input image is altered, the predicted probability of
the class will either increase (positive gradient) or decrease (negative gradient). The greater the impact of
an alteration to a pixel, the higher the absolute value of that gradient. In the following, we introduce only
attribution methods related to the remaining sections of the thesis.

2.2.2.1 LIME

Locally Interpretable Model-Agnostic Explainer (LIME) [191] learns a local (white-box) surrogate model F
to explain an individual prediction ¢ of a black-box classifier f. The two-step approach includes extracting
interpretable components and building the white-box proxy JF, around the instance z. To learn the local
surrogate model F, LIME assumes that for each x a set of interpretable components x; can be obtained. The
function h : X — X' denotes the mapping function from the original instance x to the interpretable feature
domain x’. The exact nature of h depends on the context. Tabular data features are often perturbed individually,
while images use “superpixels” - i.e., interconnected pixels with similar colors are used. Algorithm 2 describes
the steps for fitting the surrogate model. LIME generates a perturbed dataset Z consisting of sampled data
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points and the prediction on those data points by iteratively masking the interpretable components z’ with
uninformative features and observing the output f(X') = Y. The sampling function varies depending on
the data type. This dataset Z and the loss function £ Equation (2.13) are used to train the surrogate model
Fz. The loss function £ measures the unfaithfulness of the fitted surrogate model F,. to the model f in the
locality defined by 7 where m(x, ') is the proximity between the original and perturbed samples.

L(f, Farma) = Y mal2)(f(2) = Fu(2))? 2.13)

z,2'€Z

Algorithm 2 LIME. Reproduced from [191].

Require: Classifier f, Number of Samples N

Require: Instance x, Mapping h

Require: Similarity Kernel 7, Length of Explanations K
1 2+ {}

2: for i inn do

3 z} < sample_around(z’)

& Ze ZU(E () m(x)

5: end for

6

7

. 0 < LinearModel.fit(Z, f(Z))
: return ¢

The obtained explanation E's(z) interprets the target sample x with the weight 6 of the white-box model F.

2.2.2.2 SHAP

SHapley Additive exPlanations (SHAP)[139] explains individual predictions by using shapely values aiming
to explain the prediction for any instance x as a sum of contributions from its individual feature values.
Thereby, SHAP computes individual feature contributions towards the output prediction by formulating the
data features as players in a coalition game and learning to distribute the payout fairly. A player can be
an individual feature value z; (e.g., for tabular data) or a set of interpretable feature components x}. To
extract such interpretable components from the original features a mapping function 7 : X — X' is used, for
example grouping image pixels into superpixels. Equation (2.14) specifies the explanation of SHAP.

M
E(Z)=do+ Y ;2] (2.14)
j=1

E is the explanation model, 2’ € {0, 1} the coalition vector indicating the presence (1) or absence (0) of a
feature, M the maximal coalition size, and ¢; the feature attribution for feature j. In the coalition vector, an
entry of 1 means that the corresponding feature value is “present” and O that it is “absent”.

To reduce the number of evaluations for large inputs, Lundberg et al. [139] introduce Kernel SHAP. Algorithm 3
shows the five steps of KernelSHAP. First, SHAP samples coalition vectors. In the next step, the feature
transformation h,, transforms z back into the original feature space to obtain the prediction by model f. The
SHAP Kernal calculates the weights for each z, before fitting a linear model. The feature attribution ¢
corresponds to the coefficients of the Linear Model 6.
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Algorithm 3 KernelSHAP Algorithm. Reproduced from [49].

2z < SampleCoalitionsByRemovingFeatures(x)
2k < he(21)

Yk < f(zk)

W, SHAP(f, 2k, yk)

L + LinearModel(W,,). fit(p, m, simscore)
return 6

2.2.2.3 Feature Occlusion

Feature Occlusion (FO) [268], mainly used for explaining image classifiers, computes attributions by replacing
each contiguous rectangular region with a given baseline/reference, and calculating the difference in output.
For features located in multiple regions (hyperrectangles), the corresponding output differences are averaged
to compute the attribution for that feature. For each input x, let  be the occluded input. For each input ¢ we
compute ¢; = a(z;)! — a(i;)!, where a(z;)! and a(&;)! are the activation vectors at layer [ for the original
and occluded input. In this thesis, we assume using the last layer with a softmax output. FO then measures
the consistency of this difference vector € with the Hemming distance H between all related input pairs (4, j):

Efo(@ = Z@j:l,i;sj H(sign(e;), sign(e;)).

2.2.2.4 Saliency

Vanilla Gradients [219], in this work referred to as Saliency, calculates the loss function’s gradient with
regard to the networks inputs. After performing a forward pass on model f with input instance z, Saliency
calculates the gradient of class score f.(x) of interest with respect to the input pixels (Equation (2.15)).

E}.‘faliency(x) _ afgix) (215)

2.2.2.5 Grad-CAM

Grad-CAM [212] uses the gradient information flowing into the last convolutional layer of the CNN to assign
importance values to each neuron for a particular decision. Grad-CAM aims at finding class discriminative
localization maps L¢ € R“*" of width u and height v for any class ¢ from the k feature maps in the last
convolutional layer { A1, ., A }. Grad-CAM approximates the importance «v, of each of the & feature map to
class c (see Equation (2.16)).

Lgmd,CAM = ReLU(Z ¢ AY) (2.16)

k

To calculate the importance ¢, Grad-CAM computes the gradient of the score for class ¢, Y. (before the
softmax), with respect to feature map activations A* of a convolutional layer, i.e. W These gradients
flowing back are global-average-pooled over the width and height dimensions (indexed by 7 and 7) to obtain

Ofe
o = ZZZ 8{4,@ 2.17)

GradCAM
Ey

the neuron importance weights ¢7.

Given the class of interest ¢, the explanation
GradCAM __
Ef ra — ¢C.

, consist of the neuron importance weights a:
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2.2.2.6 Integrated Gradients (IG)
Integrated Gradients (IG) [229] observes the average gradient while input changes from a non-informative

reference point = to . The explanation e = E;G(x) will depend upon the choice of the reference point
(which is often set to zero). The explanation along the i** dimension of z; is defined as E]{G(gc)Z

do (2.18)

E;G(x)z — (l’l,i’l) ~ / af(j + a(x B j”))

a=0 5:61

2.2.2.7 Smooth Gradient
Smooth Gradients (SG) [221] computes the gradient n-times adding Gaussian noise € ~ N(0, 02) with
standard deviation o to the input at each time to make gradient-based methods less noisy.
Smooth Gradient follows three steps:
1. Generate n versions of the input of interest by adding noise: = = x + e.
2. Create attribution maps for all inputs z.

3. Average the pixel attribution maps. (see Equation (2.19))

1 <=9 N(0,02
EfGZgZ f(x‘f‘&ci( ) (2.19)

1

2.2.3 Instance-Based Methods

Instance-Based Methods (IB) select or modify data instances of the dataset to explain the behavior or
distribution of a predictor [156]. Methods include Counterfactual Explanation (e.g., [252]), Prototypes (e.g.,
[112]), and Influential Instances (e.g., [1]). Thereby, instance-based explanations help humans to construct
mental models of the machine learning model and the associated data [156].

> Definition 9 (Instance-Based Explainer). An instance-based explainer E; provides an
(perturbed) example with the same or a counter prediction within the data distribution trained
resulting in Ef(X) = (Z1,...,Zn), where Z; denotes the original or perturbed feature value
for instance x in feature i.

In the following, we focus on counterfactual explanations, referred to as Counterfactuals (CF). The notion
of counterfactual stems from causal reasoning. In causal inference, CF's make causal assumptions about
interdependencies among variables and use these assumptions to incorporate consequential adjustments
when particular variables are set to new values [175]. Counterfactual explanations in XAI explore how
input variables must be modified to change a model’s output without making explicit causal assumptions
[252].
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> Definition 10 (Counterfactuals (CF)). A counterfactual explanation e = z¢f of a
prediction ¢ describes the smallest change to the feature values that changes the prediction to
a predefined output y'.

Most methods follow Definition 10 loosely by adding additional constraints and only differ in the approach
taken to solve the optimization problem [246]. Closely related to the notion of CF's is actionable recourse.
Actionable Recourse focuses on finding a counterfactual by performing a feasible and minimal action a¢* on
the original instance z°/ = 2 + a*. A feasible action is an action that can be performed in the real-world to
obtain the counterfactual outcome. In case of a counterfactual ¢/ and original instance x, the action can be
calculated as a* = x°f — x. Therefore, we use actionable recourse and counterfactual interchangeably in this
work. In the following sections, we introduce the counterfactual methods used in this work as a basis or
benchmark. For a list of more methods refer to [246].

2.2.3.1 Wachter Counterfactual (W-CF)

Wachter et al. [252] find counterfactual explanations by formulating Definition 10 as an optimization problem
and solving it with gradient descent (see Section 2.1.3.1). Equation (2.20) shows the proposed loss consisting
of two terms. The first term measures how far the counterfactual’s predicted outcome f(2°f) is from the
desirable outcome y’. The second term minimizes the change (distance) relative to the original data point
d(x,z°'). X is a weighting factor balancing both objectives.

L(z, 2 ', N) = Mf(zT) — ) + d(z, z¢T) (2.20)

2.2.3.2 Growing Spheres (GS)

Growing Spheres (GS) [123] is a two-step greedy method minimizing Equation (2.21) that generates samples
around the original data point by growing hyperspheres until a data point with desired predicted class is found.

L(x,xcf) = Hx—mcf||2+’y||m—xcf|\o 2.21)

In the first step, GS explores the input space by generating instances in all possible directions until the decision
boundary of the classifier f is crossed, thus minimizing the 12-component of the metric (see Equation (2.21)).
In a second step, GS minimizes the Ly-component of Equation (2.21) by substituting original feature values
x back into 2¢/ iteratively in the most proximate areas min ||z — 2/ ||, while f(z) # f(z°/) still holds.

2.2.3.3 Actionable Recourse (AR)

Actionable Recourse (AR) [243] is based on integer programming and only applicable to linear models (e.g.,
logistic regression models, linear support vector machines). Instead of directly finding a counterfactual 2/,
this method aims at finding an action a reverting the prediction outcome y from an undesirable outcome
—1 to a desirable outcome +1. In such a case, the counterfactual can be formulated as: z¢f = z + a.
The optimization problem aiming to find an action a such that f(z + a) = f(2¢7) = +1 concludes in the
desirable outcome. Compared to the other introduced methods so far, Ustun et al. [243] employ a strict
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constraint in their optimization framework (Equation (2.22)). They require each proposed action a to be in
the set of feasible actions A(z).

min cost(a, x)
sit. f(x+a)=+1 (2.22)
a € Ax)

For details on the discretizing the problem, we refer the reader to [243].

2.2.3.4 Multi-Objective Counterfactuals (MOC)

Multi-Objective Counterfactuals (MOC) [48] builds upon the loss formulation of W-CF [252]. The method
considers additional constraints and trade-offs between the proposed objective by formulating the search for
counterfactuals as a multi-objective problem tailored to tabular data. Equation (2.23) shows the formulation
and objectives of the counterfactual search. O; quantifies the difference between the counterfactual’s predicted
outcome f(x¢/) and the predefined outcome 3. The second criterion, tailored to mixed features, quantifies
the difference between 2°/ and x using the gower distance. Objective Os, often called sparsity, calculates the
number of features changed in  to obtain ¢/ utilizing the Lo-norm. The fourth objective O, sometimes
referred as plausibility, is an approximation for the likelihood of ¢/ emerging from the input distribution X'.

The multi-objective problem is solved with Non-dominated Sorting Genetic Algorithm (NSGA-II) [52].
L(xa xcf7 y/a XObS) = (Ol(f(fo)7 y/)v 02<xa fo)a 03(‘% sz)a 04(1'Cf7 XObS))
0 iff(z°7) ey
infye else

P
Zég(x‘;f,xj)
j=1

P
19) cfy — — 2], = .
s 2 = llz = x|l =Y Loer
Jj=1
k R
O4($cf,XObs) — Zw[z]

i=1

Or(f(a*),y') = {

Os(z, xcf) =

SRR

(2.23)

SR

p
> (i alily)
j=1

2.2.3.5 Counterfactual Conditional Heterogeneous Autoencoder (C-CHVAE)

Counterfactual Conditional Heterogeneous Autoencoder (C-CHVAE) [173] generates faithful counterfactuals
by ensuring that the produced counterfactuals are proximate (i.e., not local outliers) and connected to regions
with substantial data density (i.e., close to correctly classified observation). The counterfactual search
is thereby included in a data density approximator, in this case, a Variational Autoencoder (VAE), and
counterfactuals are sampled from the latent space of the VAE. The learned encoder m, maps « to its latent
representation z, and the decoder g maps z back into the original data space. C-CHVAE generates the
counterfactuals for z in the latent space of the encoder by perturbing 2¢f = z 4 §. The decoder projects the
latent representation z¢f back into the original feature space. The objective is to find the closest minimal
perturbation of z, that fulfills f(g(m(x) +0)) # f(x).
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2.2.3.6 Counterfactual Recourse Using Disentangled Subspaces (CRUDS)

Counterfactual Recourse Using Disentangled Subspaces (CRUDS) [61] creates counterfactuals by using a
conditional subspace VAE. In a conditional subspace VAE, the latent space is partitioned into two parts: one
for learning label representations w, and one for learning the remaining latent representations necessary for
generating the data z. The restricted subspace w allows the generation of counterfactuals by only changing
relevant latent features. From a data point x, the approximated latent representation w® ~ m(w|x,y = 0)
and z° ~ m(z|z), CRUDS draws N samples from the data distribution posteriori m(z|x) and the posteriori
encoding for a positive outcome m(w|z,y = 1).

2.2.3.7 Causal Recourse (CR)

Causal Recourse (CR) [107] assumes an available Structural Causal Model (SCM) M = (U,V, F) to
the problem solved by model f, where U is a set of latent background variables, V is a set of observed
variables, and F' is a set of functions showing the relations between V' capturing the inter-variable causal
dependencies in the real-world. CR aims to find minimal structural interventions that change the output of a
model f. A structural intervention denotes an intervention A = do(V; := a;) on the SCM, instead directly
on the model input x. Equation (2.24) describes the problem of finding the cost minimal (causal) action set.
5¢F = F4(F~'(z)) denotes the values obtained from the SCM after abducting z, performing the action
a on the SCM and recursively determines the values of all endogenous variables. Thereby, the occuring
structural counterfactual z°¢F does not necessarily correspond to the cost-minimal counterfactuals as it is
obtained from the SCM.

A* € argmin 4 cost(A4, x)

st (@) # f(x)
2% = Fy(F~!(x))
AecF

(2.24)

2.2.3.8 Counterfactual Latent Uncertainty Explanations (CLUE)

Counterfactual Latent Uncertainty Explanations (CLUE) [16] uses a generative model (variational autoencoder
with arbitrary conditioning) that considers the classifier’s uncertainty and generates counterfactual explanations
likely to occur under a data distribution. CLUE aims to find points in latent space z that generate inputs similar
to an original observation x but are assigned low uncertainty. The encoding of x to the latent space z is denoted
by pe(z|x), the decoding by g (x|z). Equation (2.1) shows the loss. H denotes a differentiable estimate of
uncertainty. The pairwise distance metric takes the form d(z, ") = A\, d,(z, 27) + A\, dy, (f(z), f(xT))
such that we can enforce similarity between uncertain points and CLUESs in both input and prediction space.
Algorithm 4 illustrates the counterfactual generation process.

L(2) = #H(ylpo(z]2)) + d(pe(z|2), ) (2.25)
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Algorithm 4 CLUE. Reproduced from [16]

Set initial value of z = p4(z|x0)
while loss £ is not converged do
Decode x = g (x|2)
Use Predictor to obtain H(y|x)
L =H(ylz) + d(z,z0)
Update z with A, L
end while
return Decode explanation: zcrur = fe(z|2)

2.2.3.9 Flexible Optimizable Counterfactuals for Tree Ensembles (FOCUS)

Flexible Optimizable Counterfactual Explanations for Tree Ensembles (FOCUS) [138] finds counterfactuals
for non-differentiable models, e.g., tree ensembles. The method uses a differentiable and probabilistic
approximation f of the original tree ensemble f. With the probabilistic approximation f and a data point
the loss is formulated in Equation (2.26). The distance loss £4;5; denotes a user defined metric specifying
the distance between the original and the counterfactual instance. The prediction loss £,,..q modifies the
prediction loss of W-CF with a regularizer punishing diverging behavior of the approximation f from f. The
loss only stays active if the prediction of f has not changed but the gradient based on the differentiable f :

‘Cim”ed(x7 fo‘fﬂ f) = Ooargmaxy f(z)=argmax,, fzel)yx f(xzel)

L= (z,2f, f,d) = Lprea(w, x| f, f) + BLaist (, 27 |d) (2.26)

For building the differential approximation f , we refer the reader to [138].

2.2.3.10 Feature Tweaking (FT)

Feature Tweaking (FT) [241] exploits the internals of a tree-based ensemble classifier f. FT identifies the
leaf nodes where the prediction do not match the original prediction y. Based on those leafes, F'T identifies
the leafes to be activated to obtain the counterfactual prediction (see Equation (2.27)).

Tchange = {]Z € ,-Tleaf A ZQ 7& arg m3XT(y|l)} (2.27)

For every Tipange in a tree ensemble f, F'T generates a perturbed example per node with an activation
difference of least e difference. For every feature threshold ¢; involved, the corresponding feature is changed

!

accordingly: a:; = ¢; = €. Then, FT selects the best performing example (i.e., the one closest to the original

instance). The result is a perturbed example that was changed minimally to activate a leaf node in T¢pange-

2.3 XAl for Time Series

Most XAI methods introduced in the previous section (Section 2.2) are not directly applicable to time series.
Some approaches build on the independent feature assumption (e.g., W-CF Section 2.2.3.1), while others
couple the feature and time domain (e.g., FO Section 2.2.2.6), or find limited applicability on time series data
as the model architectures utilized on time series differ from imaged or tabular data (e.g., Grad-CAM utilizing
2-D Convolutions). Further, some methods utilize perturbation or replacement functions (e.g., IG replacing
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with a baseline of 0), leading to incorrect assumptions on time series data. Therefore, this section introduces
the XAl methods and adaptions tailored to the time series domain. We introduce the two feature attribution
methods (Section 2.3.1, Section 2.3.4) and the two counterfactual methods (Section 2.3.3, Section 2.3.2) used
in the following work as basis or baselines. For more detailes on XA/ on time series, we refer the reader to
the surveys [194, 238].

2.3.1 Temporal Saliency Rescaling

Temporal Saliency Rescaling (TSR) [101] is a wrapper around established feature attribution methods (e.g.,
SG, FO, SHAP) that decouples time and feature importance using a two-step rescaling. TSR relies on
calculating the change in feature attribution by iteratively masking time steps x. ; with an uninformative value
r (see Algorithm 5 line 1-4) and calculating the feature-relevance score for each feature by computing the
total change in saliency values if that feature x; . is masked (see Algorithm 5 line 5-13). The final attribution
is obtained by calculating the product of both scores.

Algorithm 5 Temporal Saliency Rescaling. Adapted from [101].

Require: input x, a baseline feature attribution method E(.), a replacement value r
1: fort < 0toT do
2: Mask all features at time ¢:Z. ; = r, otherwise T = x
3 Compute Time-Relevance Score Alme = Yit | Bit(w) — Eit(2)]
4. end for
5. fort < 0tol'do
6: for s < 0to N do
7 if Al"™me > o then
8 Mask feature ¢ at time ¢:7; . = r, otherwise T = x
9 Compute Feature-Relevance Score A/ “*" = $° it | Bit() — Eiy(2)]

10: else '

11: Feature-Relevance Score A{ cat —

12: end if

13: end for

14:  Compute (time,feature) importance score: E]7F = ATeat s Atime
15: end for

16: return ET5E

2.3.2 Native Guide

Native Guide (NG), developed by Delaney et al. [55] proposes using the k-nearest neighbors from the dataset
belonging to a different class as native guide ng to generate counterfactuals. Algorithm 6 shows the heuristic
used to generate x°/. To perturb the original instance =, NG proposes utilizing the semantic meaningful
positions of . The semantic meaningful positions ¢dx are approximated by the feature weight vector of a
deep learner f (given by 1D-GradCam). Thereby, z is iteratively perturbed at the positions idx by replacing
x[idx] with ng[idz]. The maximal window size of the semantic meaningful positions idx are iteratively
increased till the prediction switched to the desired counterfactual class 3’
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Algorithm 6 Native Guide Counterfactual.

Require: input z, black-box classifier f, dataset D, desired CF class 7/’
xf =2

ng « getNativeGuide(x, D)

w <+ getWeights(f, x)

subarray_length = 1

while f(2°f) # 1/ do
idx + findMostInfluentialSubarray (w, subarray_length)
x¢! [idx] = nglidz]
subarray_length+ =1

end while

return 2°/

R A S

_.
4

Delany et al. [55] report three types of explanations: the plain native guide ng representing the k-nearest-
neighbor from the dataset belonging to a different class (see line 2 in Algorithm 6), the native guide with bary
centering mixing the original instance x with the native guide ng, and transformation based on the native
guide and class activation mapping z¢/ (see Algorithm 6).

2.3.3 COMTE

Counterfactual Explanations for Machine Learning on Multivariate Time Series Data (COMTE), developed
by Ates et al. [19], builds counterfactuals in a multivariate setting by perturbing the features of a time series
with the help of a heuristic. They adapted the original formulation of Wachter et al. [252] (see Section 2.2.3.1)
by replacing the point-wise distance function d with || A||;, where A is a binary matrix indicating if a time
series feature is swapped. The distractor time series x4;s+ used to replace a feature in x is, similar to NG
(Section 2.3.2), chosen via k-nearest neighbors. To solve the problem, Algorithm 7 introduces the random
restart hill climbing used to generate COMTE counterfactuals throughout this work.

Algorithm 7 Random Restart Hill Climbing. Reproduced from [19]

Require: input x, black-box classifier f, distractor zy;, desired CF class 3/
1: for i € [0, nuMyestarts] do
2: Randomly initialize A
3 attempts < 0
4 iters <— 0
5: 2 (I, — A)x + Az gy
6: I+ L(f, y/,A,xcf)
7: while attempts < max attempts & iters < max ters do
8
9

iters ++

: Aiemp < RandomNeighbor(A)
10: gjcf — (Im — Atemp)x + Atempa:dist
11: if L(f, v, Aremyp, 7¢7) < [ then
12: attempts <— 0
13: A — Atemp
14: I« L(f, y’,Atemp,xcf)
15: else
16: attempts + +
17: end if
18: end while
19: end for

20: return z¢f
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2.3.4 LEFTIST

Local Explainer For Tlme Series classificaTion (LEFTIST) by Guilleme et al. (2019) [84] extends LIME (see
Section 2.2.2.1 and [191]) for time series classification by proposing a mapping function h segmenting time
series into interpretable features and customized perturbation functions (see Algorithm 2 sample_around).
The mapping function h assumes prefixed (both the length and the position) shapelets, dividing a time series
x into segments S(x) = {S1.w, .., St—w:t} as the interpretable components. Based on these segments,
LEFTIST proposes three types of perturbation functions replacing the original function sample_around (see
Algorithm 2):

* Linear Interpolation: replace segment S;(x) with a line d; ;(x) = a, ;& + b ; going through the last
point before S;(z) and the first point after S;(z).

* Constant: replaces the removed segment S; () with a constant c. The constant should be a parameter
or computed from the time series (average).

* Random Background: assumes the availability of a reference dataset . An example r € R is randomly
chosen and the removed segment .S; () is replaced by S;(r) (the ith segment of 7).

Note, that LEFTIST returns the feature importance of each shapelet, instead of each time step.
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Related Work

In this chapter, we provide research work related to the topic of this work. Section 3.1 addresses XA[ in
Industrial Applications. The following sections address related work to the research problem identified in
Section 1.2: (i) Post Hoc Explainable Al (Section 3.2), (ii) the evaluation of XAI methods (Section 3.3), and
(iii) the model improvement via human interaction, i.e., Human-in-the-Loop Machine Learning (Section 3.4).

The following chapters are based on:

“TSEvo: Evolutionary Counterfactual Explanations for Time Series Classification” (2022 21st IEEE
International Conference on Machine Learning and Applications (ICMLA) - 2022)

“TSlInterpret: A unified framework for time series interpretability” (arXiv - 2022)

“XTSC-Bench: Quantitative Benchmarking for Explainers on Time Series Classification” (2023 22st
IEEE International Conference on Machine Learning and Applications (ICMLA) - 2023)

“TSInterpret: A Python Package for the Interpretability of Time Series Classification” (Journal of
Open Source Software - 2023)

“Semantic Meaningfulness: Evaluating Counterfactual Approaches for Real-World Plausibility and
Feasibility” (Explainable Artificial Intelligence - 2023)

3.1 Industrial Applications of Al

The increasing interest in smart manufacturing [137], combined with the increasing power and accuracy
of AI-models, resulted in a growing number of non-interpretable ML models to address various industrial
problems (e.g., in manufacturing [69], logistics [161] or predictive maintenance [39, 238]). Although
application-driven research is popular, many manufacturers still hesitate to deploy Al on a larger scale into
the manufacturing cycle. Recently, many researchers began surveying the obstacles to the use of Al by
analyzing existing research with literature reviews from different angles (e.g., predictive maintenance [31,
251], customized manufacturing [254], Industry 4.0 [6, 8], sensor-based sorting [15], manufacturing [43,
113]).

For one, AI methods are black-boxes. This lack of transparency is one of the biggest reasons to question the
adoption of Al models in manufacturing applications, as a failure due to a black-box ML model in production
can cause significant financial damage and potential harm to workers [6, 32, 43, 76, 102, 113, 223, 164, 254].
While the paradigm of XAI allows the opening of such black boxes, the application of XA in industrial use
cases (e.g., [32]) has been reluctant. Many XAI-algorithms, especially on time series [15, 251], are still an
active part of research. For an overview, we refer the reader to the next section, Section 3.2.



3 Related Work

While XAI is still an active part of research, a wide variety of XAl methods is already available; however,
finding a good fit for the Al model and the domain use case is crucial. To enable such an evaluation,
standardized metrics, and benchmarking datasets are necessary [251, 47]. For an overview on XA evaluation,
we refer the reader to Section 3.3.

Further, despite opportunities for automation systems, many companies still rely on human workers due
to their cognitive and motor skills as well as their domain knowledge [214, 247]. In today’s fast-paced
environment, production must keep up with environmental changes, leading to higher complexity and more
difficult quality control [254]. Obtaining enough data to train models is often difficult due to the complexity of
industrial processes, machine varieties, and technical incompatibilities [148]. Performance degradation under
data shortage [113] hinders a broader application of AI. As workers often obtain domain knowledge with
which such tasks are easily solved, integrating such domain knowledge into Al models is still an important
active research problem [8, 32, 47, 164, 251]. For a full overview, we refer the reader to Section 3.4.

3.2 Post-Hoc XAl for Time Series

Advancements in the performance of neural networks on various tasks are significant drivers of the development
of XAI methods. Specifically, the development of post-hoc methods received increasing attention as they do
not interfere with the predictor’s design choices and predictive capabilities. While research on XAl from both
a theoretical [2, 60, 81, 91] and application perspective [144, 239, 251] has been reviewed in many surveys
and their usage facilitated in unified implementations (see Table 3.1), most research on XAI focuses on image,
tabular, and textual data. While for XA on tabular, image, and textual data, unified implementation facilitates
the applicability and comparability of methods (see Table 3.1), time series remain neglected. Apart from the
libraries wildboar [204], OmniXAI [265], and H20 [87], no libraries provide explainability methods for
time series. The support of OmniXAI [265] is restricted to anomaly detection, univariate time series and
includes only non-time-series-specific explainability methods. Wildboar [204] focuses on temporal machine
learning (classification, regression, and anomaly detection) and provides a limited number of (counterfactual)
explainability methods as additional features.

For one, this limited accessibility of XAl for time series is due to the lack of need for research on the topic
until recently. A first detailed survey for XAl on time series only dates back to 2021 [194], as time series
classification has been considered one of the most challenging problems in data mining for the last two
decades [264, 68]. Only with the rising data availability and accessibility (e.g., provided by the UCR / UEA
archive [21, 51]), hundreds of (deep) time series classification algorithms were proposed, sparking interest in
XAI for time series. However, the time component impedes the usage of existing XAl methods as they fail to
produce reliable and accurate feature importance and do not consider time-ordered input [101]. Often, XAl
methods assume independent features [252], the definition of “interpretable features” [139, 84, 268, 229]
or a spatial-feature relationship [212] that is not necessarily given on time series. Therefore, a significant
fraction of research focuses on the adaptability of post-hoc saliency and instance-based methods to the
time series domain (e.g., LEFTIST based on SHAP / Lime [84], Temporal Saliency Rescaling for Saliency
Methods[101]). Often, methods are adapted by introducing time series transformers (e.g., slidings windows
or fourier transformation on the frequency domain) to define “interpretable” features and manipulate the
original time series with a distractor time series [84, 158]. Table 3.2 summarizes post-hoc XAl methods for
times series, their code availability, and evaluation settings.
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Table 3.1: Overview of available XAI libraries with respect to the data types, covered tasks, explanations scopes and explanation outputs.
Only libraries with a commit in the last year were taken into account. Inspired and updated from [95].
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3.3 Quantifying XAl

As seen in the previous section, an increasing number of methods providing a variety of explanation types
(e.g., example-based methods like counterfactuals [252], or feature attribution methods like SHAP [139]) on
different data types (e.g., images [221], tabular data [191]) are available. However, measuring the performance
of such explanation methods quantitatively is still challenging. Metrics for the evaluation of XAl depend on
the scope of the method, the desired properties to be evaluated, and the underlying data type. Only some
metrics are applicable independent of the scope. Amongst others, this is the case for faithfulness [11, 29, 47,
89], robustness[11, 29, 47, 89], complexity [29, 89, 163, 174] and reliability [17]. Faithfulness quantifies the
consistency between the behavior of the classifier and the explainer. Robustness measures how sensitive
an explainer is to minor (irrelevant) input changes. Complexity measures the number of features used in
an explanation under the assumption that a smaller number of used features is better understood by human
cognition, and reliability quantifies the explanation coverage with respect to a given ground truth. While
most authors propose and utilize some or similar evaluation properties (see Table 3.2), there are no generally
agreed upon metric definitions measuring the quality of explanations, and comparisons between different
implementations and metrics are difficult (e.g., [39, 134, 209]). Furthermore, depending on the explanation
type, different additional properties are essential.

For IB methods often the distance to the original instances is added as a measure for proximity and sometimes
also the complexity of the explanation. Following the literature on counterfactuals, the proposed explanations
should also be sparse (i.e., entails limited features [105, 246]), realistic (i.e., is near the training data [246]
- also called data manifold adherence), actionable (i.e., contains mutable features [246]), feasible (i.c.,
adhering to real-world relations [140]) and plausible (i.e., perceived as sensible by human users [222]) to
be useful in practice. Counterfactuals are mostly evaluated by quantifying the desirable properties of a
counterfactual explanation (e.g.,[174]): validity measuring whether a counterfactual explanation was able to
flip the classifier’s decision [61, 106, 140, 138, 174], proximity as the user-specified distance (e.g., mean
absolute error) between the original instance and the counterfactual [106, 138, 140, 174], sparsity quantifying
the number of changes made to the input [106, 174] and diversity, a measure for the similarity of the different
counterfactual explanations when multiple explanations are generate [246]. Sometimes constraint feasibility
is also measured by checking user-given constraints [140, 174]. Laugel et al. [122] suggest two measures
that are applicable to most counterfactuals to quantify feasibility proximity (i.e., whether a counterfactual
is a local outlier) and concreteness (i.e., whether a counterfactual is connected to other correctly classified
observations from the same class). However, their measures are data-driven and therefore not able to test
coherence with real-world relations. Other feasibility metrics are only applicable to specific counterfactual
generation methods (e.g., confidence lower bound for probabilistic recourse [106], interpretability score
[140, 245], causal-edge score in case the true SCM is known [140]). There exists no agnostic metric that is
applicable to all counterfactual generation methods to evaluate the fulfillment of real-world relations.

While benchmarking frameworks for standardizing the quantification of XAl methods [89] and especially
counterfactual methods [174] have been proposed, the evaluation of the causality of explanations and time
series explainer is still an open issue. Using metrics from traditional frameworks (e.g., [89]) can lead to
erroneous assumptions in the time series domain. Similar to the explanation methods implemented in the
different explainability frameworks, transferring metrics to the time series domain is complex. Often, metrics
are directly transferred from image classification [217]. However, many metrics rely on replacing input parts
with uninformative information (e.g., to measure if the explanation method shows the same behavior as the
classifier) or on comparisons to segmentation masks (e.g., to measure if the explanation method was able to
localize relevant features). While providing uninformative features is trivial for images by replacing parts of
an image with black or white pixels [29], replacing features with standard techniques (class means or zeros)
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might be relevant information in time series. Table 3.2 shows the various evaluation settings used in the time
series domain. Most methods are evaluated with specific metrics and benchmarked against non-time series
specific explainers.

3.4 Interactive Machine Learning and Continuous Learning in
Applied Research

The need to involve human experts in the model training process for industrial use cases has been around for
over a decade (e.g., [65, 67, 196, 258] and Section 3.1). It has sparked research on interactive and active
learning [111]. While in traditional machine learning, users have no control over the systems behavior,
interactive and active learning focus on incorporating human feedback into the training process by letting
humans interact with the model’s output. While such a paradigm allows the machine learning model to learn
from human inputs, the understandability of such models is still an open problem [67]. Patterns used to
classify a problem are not accessible or understandable and cannot be used to evaluate or improve the model.
The emerging paradigm of XAI tackles opening such black-boxes by including mechanisms to visualize
the behaviors of machine learning models (see Section 2.2). While XAI offers the end user explanations
on why a model came to a specific conclusion, the interaction or improvement of such conclusion is not
in the scope of previous work. To enable such interactions, Teso and Kersting [237] propose EXplanatory
Interactive Learning (XIL), which enables richer interactions with humans by allowing user feedback on
visual explanations. XIL combines user supervision (active learning) with model explanation to interactively
revise the model’s learning process. The first methods dating back to 2017 [195] can generally be divided into
loss function-based [195, 213] and data augmentation-based [237] methods. Loss function-based methods
allow users to penalize incorrect feature attributions by adding a regularization term. Augmentation-based
methods use the obtained explanation feedback to resample the input, aiming to make A/ models invariant
at specific features. The ability to revise confounded models with XIL has already been shown in multiple
works [73, 192, 195, 210, 237] and successful applications (e.g., scientific datasets [210] or quality inspection
[196]). However, in all applications, the model is expected to learn interactively from scratch; pre-training
and improving models, continuous learning, or enhancement of models are not considered. For full surveys
on explanations in interactive machine learning, we refer the reader to [236] and [73].

Continuous learning with human interaction has not been addressed so far, as training with new information
(possibly from a different data distribution) often leads to forgetting the previously learned knowledge and
a significant performance decrease on the previously learned tasks. Continuous Learning (CL) proposes
adapting prediction models to possible distribution changes by constantly incorporating new knowledge
after deployment by a) regularizing network parameters or activations (e.g., [132]), b) increasing the model
capacity for each new task (e.g., [201]), or ¢) keeping in training data examples from previous tasks (e.g.,
[136]). CL has been evaluated in applied research areas like medicine for image segmentation or classification
and pattern recognition in time series data [116, 179]. Work on application to manufacturing and production
is rare and has just begun recently (e.g., [147, 148, 234, 235]). However, CL is highly relevant, especially in
manufacturing, due to fast-changing environments (e.g., manufacturing a new product [234]). Limitations
include the insufficient performance of continuous learners in the task-free learning context [270] and
debugging models in real-time without accessing production data and logs [25].
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This part deals with challenge 1, the missing support and accessibility of
XAI for time series data, where we deal with research questions about the facilitation
and improvement of XA in the time series domain. The first section (Chapter 4)
develops a unified framework for standardizing and facilitating access to existing
time series explainers. The second section (Chapter 5) builds on the first section and
develops a new and improved counterfactual explainer for uni- and multivariate time
series classification based on time series transformation.
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A Framework for post-hoc XAl on Time
Series

While a wide selection of explainability methods with easy-to-adopt implementation are available on image
and tabular data (see Table 3.1), XAl on time series is still a relatively new research field and, therefore, lacks
standardization (see Table 3.2). Various XAl methods for time series classification have been developed only
recently ([194]). However, the proposed methods often lack (a) open code (e.g., [217]), (b) an easy-to-use
interface (e.g., [101]), or (c) visualization (e.g., [84]), making the application of those methods inconvenient
and thereby hindering the usage of deep learning methods in safety-critical scenarios ranging from health
care [144] to industrial scenarios like predictive maintenance [251], where time series data are ubiquitous.

This chapter addresses these obstacles by answering RQ 1.(1):

RQ I.(1) How can the cross-domain application of explanation methods for deep learning based
time series classification be facilitated?

This chapter proposes TSInterpret, a framework allowing the implementation of various time series
algorithms by providing a unified framework for time series interpretability, including unified visualizations
for the implemented algorithms with the ultimate goal of “interpretability” — i.e., the ability to support
users’ understanding and comprehension of the model decision-making process and predictions — for time
series classification. Explainability algorithms, implemented in TSInterpret, provide users with a (fractal)
understanding of model decisions. For users to understand the whole decision process, often multiple
explainability algorithms providing different views on the model and its prediction are necessary. TSInterpret
facilitates access to various types of explanation methods to provide model interpretability.

All following sections are based on “TSInterpret: A Python Package for the Interpretability of Time Series
Classification” (Journal of Open Source Software — 2023) and “TSInterpret: A unified framework for time
series interpretability” (arXiv — 2022). To answer RQ L.(1), we first specify the problem in more detail
(Section 4.1), then we describe the framework (Section 4.2). Section 4.3 describes the implemented algorithms
and Section 4.4 provides an outlook.

4.1 Problem Formalization

Imagine a decision support system for engine damage diagnostics where motor behavior is supposed to be
classified as “normal” or “abnormal” based on engine noise. Such a classification task can be a sensitive field
due to incurring costs, and, in the worst case, health risks to human operators arise in cases of misclassification.
For example, if abnormal motor behavior is classified incorrectly as normal, motor operators might be exposed
to health risks, e.g., due to excessive heat from a nearly broken machine. Therefore, decisions need to be taken
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carefully. Explaining the utilized models is crucial to allow operators to make such data-driven decisions
with the help of machine learning. It is relevant not only if the data show some significant behavior, but also
why or which indications exist for such behavior.

Such a problem can be formulated in line with the proposed conceptual framework (Figure 1.2) as a supervised
classification problem f : X — ) with parametrization 6, where )V € {normal, abnormal}. To shed light
on the inner workings of a model f, we utilize an explainer F/¢. Depending on the target audience of the
explanation obtained from the explainer E, different explainer types are necessary. For example, an explainer
producing simplified visualizations of the model’s functionality, such as marking relevant time steps for
classification, might be particularly relevant for an Al expert for error evaluation of a model. However, during
operations, an explainer generating simple and intuitive explanations without technical understanding might
be more helpful for the Al systems’ end users. While explainers E are already available for most use cases,
e.g., counterfactuals [55] to provide contrastive explanations for the domain expert or feature attribution
methods [101] for model debugging, they are not easily used because of missing standardization and lack of
applicability (see Table 3.2).

To improve adaptability, enable the usage of XAl on a broader range, and encourage the use of post-hoc
XAI throughout the data science lifecycle from model design to deployment and production, we derive the
following requirements:

* R, 1: The access to the explainers £ need to be unified by a common API, ideally orientated at known
Design Principles for easy usage.

* R4 2: The output, the explanation e, should always take on the same structure to enable unified
post-processing.

* R43: The explanation e should be presented with appropriate default visualizations. Similar
explanation types should be visualized similarly for better comparability and consistency.

4.2 Framework Design

@ interpretabilityBase)

«abstract» explain()
«abstract» plot()
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(© FeatureAttribution © InstanceBase
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«abstract» explain()
plot()

© saliency Base © Counterfactual
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plot() plot_multi()

«abstract» explain()
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© Surrogate © Perturbation @© Anchor
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Figure 4.1: Structure of TSInterpret.
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4.2 Framework Design

Figure 4.1 shows the structure of TSInterpret. Based on the taxonomy of XAI, the tool is divided into layers.
The first layer, the “Output Layer”, focuses on the different explanation output types (see Section 2.2.1.3).
Depending on the explanation type, different visualizations and outputs are necessary (e.g., a feature attribution
method might be visualized as a heatmap; a counterfactual is a second time series to plot). The “Mechanism
Layer” refines the “Output Layer” by considering the working mechanisms of an XA[ algorithm. Many XAl
algorithms are built around similar approaches, therefore, this layer implements multi-use mechanisms to
prevent code duplication and diverging implementation (e.g., most counterfactual methods have a similar
basis; see Section 2.2.3). In the “Algorithm Layer”, the final XAI algorithm is implemented.

Addressing R4 1, the whole architecture and API design are orientated on the scikit design paradigms
consistency, sensible defaults, composition, nonprofilarity of classes, and inspection ([33]).

Consistency All implemented objects share a consistent interface. Every explanation method inherits from
the interface InterpretabilityBase to ensure that all methods contain a method explain, a plot
function, and the corresponding minimal method signature (R4.2). The plot function is implemented
on the level below based on the output structure provided by the explanation algorithm to provide a
unified visualization experience (e.g., in the case of FA, the plot function visualizes a heatmap on the
original sample). If necessary, those plots are refined by the “Mechanism Layer”. This is necessary to
ensure suitable representation (see R4 3) as the default visualization can sometimes be misinterpreted
(e.g., the heatmap used in the plot function of InterpretabilityBase allows positive and negative
values, while TSR is scaled to [0, 1]. Using the same color pattern for both scales would lead to a
high risk of misinterpreting results while comparing T'SR with LEFTIST). The explain function is
implemented on the method level.

Sensible Defaults TSInterpret provides reasonable defaults for most parameters by providing the default
parameterization for each method from the designated papers. Those parameters can easily be changed
if needed by providing alternative values during model instantiation.

Composition Many explanation methods for time series classification are based on already existing methods
for tabular, image, or text data (e.g., amongst others 7SR [101] is based on SHAP [139]). Whenever
feasible, existing implementations of such algorithms are used (e.g., SHAP [139], captum [118], or
tf-explain [151]).

Nonprofilarity of classes TSInterpret implements the explanation algorithms as custom classes. Datasets,
instances, and results are represented as NumPy arrays, Lists, or Tuples, instead of classes. For instance,
the counterfactual method returns a Tuple of the counterfactual time series and the label (list, int).
Hyperparameters are regular strings or numbers.

Inspection TSInterpret stores and exposes the parameters of the explanation algorithms as public attributes.
In some methods, parameters have a significant impact on the obtained results. Making those parameters
publicly available through attributes facilitates experimenting with hyperparameters.

Listing 4.1 shows the workflow of the library in a coding sample. Given a trained machine learning model
and an instance to be classified: First, the desired interpretability method is imported (line 1) and instantiated
(line 2), followed by explaining the instance (line 3), and finally, the generation of the plot (line 4).

Code Listing 4.1: API Usage Example.

from TSInterpret.InterpretabilityModels.Saliency.TSR import TSR

xai_model = TSR(ml_model, item.shape[-1], item.shape[-2])
exp = xai_model.explain(item, labels = pred_label, TSR = True)
xai_model.plot (item,exp)
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4.3 Algorithm Overview

TSInterpret supports various time series explainability types, resulting in explanations and visualizations
for various use cases. The current version of the library includes various types of explainability algorithm
covering the variety of output types and working principles introduced in Section 2.2.1. TSInterpret includes
the citation-wise most popular, foundational (post-hoc) explainability algorithms for time series listed in
Table 4.1!. Their implementation in TSInterpret is based on code provided by the algorithms’ authors, which
is adapted to the framework and extended to ensure the availability of multiple model backends (e.g., PyTorch
or TensorFlow).

Method Explanations Uni Multi Dataset
_ | NG (1551) IB X v/
gﬁ COMTE ([19]) IB S v
& | LEFTIST ([84]) FA X v
TSR ([101]) FA iV X
B | TSEvo (193]) IB Y v/
Z | SETS (122]) IB X v
Table 4.1: Explainability Methods implemented in TSInterpret. For more details on the working principles of those methods, refer to

Section 2.3.

Returning to the use case described in Section 4.1, we train a 1D-conv ResNet on FordA [51] to differentiate
between two motor settings. Further, to showcase the multivariate algorithms, we use the CNC-Machines
[240] dataset to detect anomalies based on vibration sensors. Figure 4.2 and Figure 4.3 show explanations
obtained with TSInterpret for the 1D-conv ResNet on the first item of the test set for the univariate Ford A
dataset (Figure 4.2) and the multivariate CNC-dataset (Figure 4.3). With the help of the explanations shown
in Figure 4.2, domain experts can gather evidence on the functionality of the ResNet classification on FordA.
The feature attribution method TSR (Figure 4.2b) identifies sections with positive / negative influence on
the current prediction. In this case, the last third of the time series has the most considerable impact on the
current prediction being a normal motor behavior. If a domain expert wants to know why the motor shows a
normal instance and not an abnormal one, conclusions can be drawn from the counterfactuals produced by
NG. Compared to the original time series (in blue in Figure 4.2a) classified as normal, the classification is
changed if the fluctuations in the last part change (pink line in Figure 4.2a). Figure 4.3 shows explanations
for the CNC-machine vibrations dataset. Suppose a worker wants to know how the original instance is
predicted as normal (blue) instead of abnormal. In such a case, the practitioner applies COMTE to generate a
counterfactual in the class direction of abnormal, resulting in a different vibration behavior on the y- and
z-axis (see Figure 4.3a). If the domain expert is only interested in seeing the most important features, 7SR
(Figure 4.3b) can be applied. With the help of explanations, domain experts can gather evidence for the
predicted classification and gain trust in the system ([12]). In general, the visualization of the counterfactuals
generated with COMTE and NUN-CF have a similar style, although NUN-CF visualizes univariate and
COMTE multivariate data. Note that COMTE only visualizes the changed features. For the feature attribution
methods LEFTIST and TSR, the visualizations have similar styles but different color maps. This is necessary
as LEFTIST returns a positive and negative influence (range [—1, 1]), while TSR returns normalized time
slices and feature importances (range [0, 1]).

' Details on the methods are given in Section 2.3.
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The easy-to-use interface of TSInterpret allows the out-of-box usage of explainability models on time series
data for different use cases, time series types, and classification models. Further, the framework can be easily
extended by inheriting from either InterpretabilityBase or one of the more customized classes (e.g.,
Feature Attribution or InstanceBased). All classes below the Output layer also come with a default
plot function to match the visualizations obtained by the already implemented algorithms.

4.4 Summary and Discussion

This section focused on answering RQ I.(1) facilitating the cross-domain access to explainers for (deep) time
series classification. We proposed TSInterpret, a framework standardizing the access of time series explainers.
TSInterpret provides a cross-backend unified API for the explainability of time series classifiers, enabling
explanation generation with just three lines of code. The design of TSInterpret, according to the scikit-learn
principles in Section 4.2, allows the framework to be easily extensible by inheritance and provides a simple
API design. Through the open source availability of T'SInterpret, TSInterpret advances the democratization
of XAI methods in the time series domain by providing accessibility, offering a publicly available code basis
and allowing changes, improvements, and advances in the framework from the community.

In the first release of TSInterpret, the research gap in counterfactual generation for both uni- and multivariate
time series data became apparent. No existing method was able to cater to both time series types. Additionally,
the developed methods relied heavily on perturbing original instances with a reference dataset, missing out
on frequency changes and concept changes between classes. This problem will be revisited in RQ 1.(2) and
addressed in Chapter 5.

While TSInterpret provides standardized access to various explainers, quantifying the explainer’s capabilities
and making them comparable to create an easily usable and standardized benchmarking standard for the
research community is still an open issue. Utilizing the XA/-method standardization provided by TSInterpret
to enable a thorough benchmarking of existing methods will be revisited in Chapter 6.

Further, TSInterpret omits ante-hoc explainability. However, explainability on recurrent neural networks
primarily relies on ante-hoc mechanisms like attention mechanisms, which include explainability in the
model design ([194]). Therefore, for now, no explainability mechanisms tailored to recurrent neural networks
are implemented. Also, the current framework version focuses on the explainability of the time series
classifier. Research on explainability for time series forecasting and regression is still limited due to their
higher complexity. Depending on the context, training well-performing (deep) forecasting models is still an
open problem, as argued in Section 1.5 statistic based models not in need for XA/ still dominate in forecasting.
Explainability for regressional problems is still an open issue independent of the data type that is often
addressed by reformulating regression tasks as a multiclass classification problem or by utilizing thresholds
(e.g., [130]). Specific XAI methods for regressional tasks are still an open issue. However, the framework can
be easily extended if reliable explainability algorithms become available.
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Counterfactual Explanations for Uni- and
Multivariate Time Series

While a wide selection of explainability methods on image and tabular data is available (see Section 3.2),
most advances in time series classification explainability are restricted to attention-based and model-specific
methods [194]. Only highlighting the time step or feature importance can be hard to grasp, especially on
time series, since it is often unclear what behavior at a specific time step led to the prediction. Providing a
contrastive explanation showing the minimal time series change to achieve a different prediction is, according
to Miller [153], besides selectivity (i.e., only some causes of the prediction are shown), sociability (i.e.,
interactiveness), and exclusion of probability, an essential factor for human-understandable explanations. A
specific class of algorithms that can provide contrastive explanations are counterfactuals (see Section 2.2.3).
Inspired by counterfactuals for tabular data (Section 2.2.3.1-Section 2.2.3.9), previous work on time series
focuses on adapting the W-CF optimization problem and approach to the time series domain by providing
custom perturbation functions. On univariate time series, Delany et al. [55] propose greedy or gradient-based
time slice perturbations (see Section 2.3.2). In a multivariate setting, Ates et al. [19] use full feature
perturbations (see Section 2.3.3). Both proposed perturbation functions only consider perturbations with
an unmodified distractor from a reference dataset, missing out on potential frequency changes. Further, the
proposed perturbation functions are specific to uni- or multivariate data. None of these approaches combines
various perturbation and manipulation techniques for time series.

Based on these observations, we aim to answer RQ 1.(2):

RQ I.(2) How can we enhance counterfactual time series explainers by including time series based
transformers?

To answer this question, this chapter presents 7SEvo, an approach to counterfactual generation on uni- and
multivariate time series. TSEvo combines the time series transformation approaches proposed in [84] and
[158] with a genetic algorithm for perturbation, enabling the generation of model-agnostic counterfactual
explanations in both uni- and multivariate classification. Thereby, in contrast to [55], [84], and [158], no
advanced decision regarding the transformer has to be made.

This section mainly builds on “TSEvo: Evolutionary Counterfactual Explanations for Time Series Clas-
sification” (2022 21st IEEE International Conference on Machine Learning and Applications (ICMLA)
- 2022). First, Section 5.1 formalizes the problem, then Section 5.2 introduces our approach TSEvo by
reformulating the problem as Multi-objective Problem and approximating a solution with an NSGA-II-based
search. Section 5.3 evaluates and compares TSEvo to other counterfactual approaches for time series. Finally,
Section 5.4 provides a summary and discussion.



5 Counterfactual Explanations for Uni- and Multivariate Time Series

5.1 Problem Formalization

We study a supervised time series classification problem in line with the overarching problem setting described
in Section 1.2. Let x be a uni- or multivariate time series, 7" is the number of time steps, and NV is the number
of features. Then, x; ; denotes the input feature 7 at time ¢. Similarly, let X. ; € RN and X i € RT be the
feature vector at time ¢ and the time vector for feature 4, respectively. y denotes the output, and f : X — Y
a classification model returning a probability distribution vector over classes y = [y1, . .., yc], where C'is
the total number of classes (i.e., outputs) and y; the probability of x belonging to class j. The classification
model f is seen as a black-box — i.e., no access to the inner workings of a model is available. Only the result
1) is observable.

The goal of counterfactual methods is, given a time series = and a classifier f, to provide an explanation via
counter examples, allowing humans to understand why classifier f chose class y for data point = and not a
counterfactual class ycf [252]. To allow such understanding, we assume that for each x, a counterfactual
sample z¢7 can be computed, that is close to x, but classified differently y # y°/. The resulting z¢f is
supposed to be a proximate (R) [157], sparse (R) [157], and plausible (R) [124] adaption of =. Proximity
refers to the distance between the query instance x and the counterfactual instance x.y, calculated as a
distance measure d between - and 2°/. Sparsity refers to the number of feature changes between x and x,. -
A plausible adaption indicates that the resulting 2°/ is in distribution with the available data D.

Rs.1: min(d(z, z¢7)), s.t.f(x) # f(z°])
Rs o0 min(Cil, 3oy Uy, et o) 5:2:f(2) # f(2*0)
Rss: 2 ~ D,s.t.f(x) # f(zF)

5.2 Approach

Around the requirements specified in Section 5.1, we formulate a multi-objective counterfactual search
problem (see Section 5.2.1). We solve the problem by using a to counterfactual search adapting Non-dominated
Sorting Genetic Algorithm (NSGA-II) (see Section 5.2.2).

5.2.1 Multi-objective Optimization Problem

Combining the desired properties R5 1 and R 2 with a function for guiding the output distance away from
the original classification leads to multi-objective problem O. Equation 5.1 shows the minimization problem.
O, is derived from R 1 by applying mean absolute error as distance function d [252, 157]. O is consistent
with R o and O3 denotes the output distance, maximizing the output distance on a target class /. If no target
class is chosen, the second-highest class probability is designated as the target.
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5.2.2 Counterfactual Search

TSEvo is based on the Non-Dominated Sorting Genetic Algorithm (NSGA-II) [52], a well-established
algorithm for multi-objective optimization. Most other multi-objective algorithms either rely on the additional
computation of an indicator called indicator-based methods (e.g., SMS-EMA [66], IBEA [274]) or are
highly dependent on the shape of the pareto front like decomposition-based methods (e.g., MOEA/D [184],
NSGA-III [54]) [100].!

Algorithm 8 shows our optimization algorithm for the Multi-Objective Counterfactual Search Problem. The
inputs of our approach are a query time series z, a classification model f, and a data basis D. Based on the
input instance x, a population p consisting of P individuals p = {I3, ..., Ip} is initialized. Each individual
I is a candidate solution for the optimization problem O and, therefore, a possible counterfactual ¢/ to z
based on the model f. This population p is evaluated according to the multi-objective problem stated in
Section 5.2.1 and ranked with Non-Dominated Sorting according to NSGA-II [52]. The assigned ranks are
used as the primary criterion in the tournament selection. Thereby, two individuals are compared according
to their rank. If they have the same rank, the crowding distance is used as a secondary criterion to retain the
individual lying in the less crowded region to maintain the population’s diversity. The selected individuals
A are recombined with a crossover probability cx to exploit well-performing individuals and mutated with
a probability of mutpb to explore the search space. The resulting offsprings A differ from the original
population p. The offsprings A are combined with the population p and evaluated, selected, recombined, and
mutated again. The algorithm stops if the desired number of generations is met.

5.2.3 Initialization

Each individual I; € p denotes a possible counterfactual time series. In the first population, these possible
counterfactual solutions are set to the original input x. Further, every individual I; has a time slice window
size w; assigned. In the initial population p, an individual’s window size w; is a randomly drawn integer
from the interval [1, 0.5 * ||| and is optimized throughout. |x| denotes the length of the time series . The
window size w; is necessary to divide a candidate solution I; into its segments .S;. By keeping a different
window size for each individual, we explore various dimensions of possibly discriminative information.

' For details on the algorithm selection, we refer the reader to Appendix A.1.1.
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Algorithm 8 Basic Optimization Algorithm.

Input Population Size P, Generation GG, Original z, Dataset D
Output Best Counterfactual 2¢f

1: p < initializePopulation(x)

2: R ¢ calculateReferenceSet(D)

3: G < maximal number of generations
4: evaluate(p)

5. p < selectNSGA(p)

6: for g € {0,1,...,G} do

7: A < selTournament(p)

8: for jinl,...,(JA\| —1))do

9: if random() < cx then

10: Aj—1,A; = crossover(\;_1,A;)
11: end if

12: end for

13: for jinO,...,(|]A\| — 1) do

14: if random() < mutpb then
15: Aj < mutate(];)

16: end if

17: end for

18: evaluate(\ + p)

19: p < selectNSGA(A + p)

20: end for

21: return z¢/ < min(evaluate(p))

5.2.4 Segmented individual

Time series interpretation of single data points is complex. Therefore, it has been proposed that discriminative
information is contained in contiguous subsequences of the series [267, 127]. Our operators define contiguous
subsequences of an individual ; by segmenting according to window size I;.w. We denote this segmentation
by S(1;), with S(I;) = {S1.w, - - -, St—w:t }» and S1., = I. 1., Where w is the window size and ¢ the time
series length.

5.2.5 Crossover

The intuition of crossover is to exploit the search space by combining high-performing individuals [53]. The
crossover operator is inspired by uniform crossover and operates on the segmented individuals S(\). Two
previously selected individuals, A\; and \; are segmented according to Section 5.2.4 with window size w of
the better-performing individual. The segmented individuals S();) and S(};) are recombined by uniformly
swapping segments in place, resulting in two offsprings. Figure 5.1 shows a crossover between two individuals
and the possible offsprings. Figure 5.1a and Figure 5.1b show the selected individuals A; and A; before
crossover performance, Figure 5.1c¢ and Figure 5.1d the outcoming individuals after the crossover —i.e., the
swapping of segments in place. Note, for example, in Figure 5.1c changed course between 20-28, showing
introduced segments of Figure 5.1a in Figure 5.1b.
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(c) Offspring A. (d) Offspring B.

Figure 5.1: Visualization of Recombination on one Sample of UCR Electric Devices.
5.2.6 Mutation

Traditionally, individuals are mutated to produce new offsprings that differ from their parents. Using the
crossover operator alone leads to decreasing diversity and often results in local optima, as only the good parts
of the parents survive in each generation (premature convergence) [53].

We present four different mutation types, focusing on different significant time series behaviors to introduce
new relevant information: Authentic Opposing Information includes semantically relevant time slices,
Frequency Mutation copes with frequency changes that might influence the classification, Gaussian mutation
accounts for distribution shifts and a combination of all to balance the different behaviors. Figure 5.2
visualizes the effects of the different mutation types on a data sample. Figure 5.2a shows the original candidate
A, Figure 5.2b the candidate after applying Opposing Information, Figure 5.2¢ the candidate after mutating
the frequency bands, and Figure 5.2d the candidate after Gaussian Mutation. Additionally, a hyperparameter
mutation is included that changes the individual’s window size.

For generating plausible counterfactuals (R5 3), we introduce a reference set R. This reference set R is
necessary for the mutation types Opposing Information, Frequency Mutation, and Gaussian Mutation. The
reference set R = {z € D : D, # f(x)} is a subset of all known data D with a prediction other than the
original class f(x).

5.2.6.1 Opposing Information

Opposing Information, first introduced by Guilleme et al. [84], is based on the assumption that interpretable
values of time series can exhibit shapes (e.g., peaks) that are easily understandable by humans. To use those
shapes included in a reference set R, we draw a random sample » € R. Both r and the selected individual \;
are segmented according to Section 5.2.4 with window size w;, resulting in S(r) and S();). The mutation
then draws a random segment index s € [0, |S(r)| — 1] and replaces the drawn slice S(\;)[s] with the slice
Sy [s] from the replacement time series.
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5.2.6.2 Frequency Mutation

Some time series classifiers may not only pay attention to the temporal structure of a time series but also
its frequency. To be able to build counterfactuals for such types of time series, we introduce Frequency
Mutation. Frequency Mutation converses a candidate time series \; and the reference set r from the time
domain to the frequency domain via discrete Fourier transformation (see Equation (5.2), [228]). The resulting
coefficients a = (ao, ..., an—1) are the amplitudes of the decomposition components. x denotes the time
series to transform, N the length of z, and k the current frequency.

ag(z) = Z e_%j%x[n] (5.2)

o[k (ax) = > e 2 gy, (5.3)
k=0
The resulting frequency bands a(\;) = (ap(\;),...,an—1(N;)) and a(r) = (ap(N;), ..., an—1(r)) are split
into segments with quadratically increasing bandwidths. Analog to Opposing Information, one segment
a.()\;) is selected randomly and replaced with the same segment of a randomly chosen item in the reference
set a.(r). On the manipulated time series, inverse fourier transformation (Equation (5.3)) is applied to return
the mutated individual ;.

5.2.6.3 Gaussian Mutation

The idea behind Gaussian Mutation is that some classifications are based on shifts in time series distribution.
To account for such changes, the reference set R is used to calculate the mean 117 ; and standard deviation o
of each time step ¢ and feature f. Let x;; be a random time series point from x 7, € A;, Gaussian mutation
replaces ;s with apoint p ~ N (s, 07,4).
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(¢) Frequency Mutation. (d) Gaussian Mutation.

Figure 5.2: Visualization of Mutation Types on one Sample of UCR Electric Devices. Colored are the changes made to the original
time series. The brighter the color, the larger the change.
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5.2.6.4 Combination Mutation

The combined mutation mixes Opposing Information, Frequency Mutation, and Gaussian Mutation. Each
individual I; specifies their own mutation type in the variable mut; € {opposing, freq, gaussian}. This
has the advantage that no decision regarding the mutation type has to be made in advance. The selection of
the mutation type is optimized during the run of 7SEvo by the selection step. The selection step chooses
high-performing individuals. As each individual 7;, has its own mutation type mut; the selection step thereby
also selects the mutation type leading to these high performances.

5.2.6.5 Hyperparameter Mutation

The individuals’ hyperparameters are mutated randomly after the use of any mutation by redrawing the
window size w from the initialized range [1, 0.5 * |x]].

5.3 Empirical Evaluation

This section evaluates the performance of our counterfactual method on a variety of uni- and multivariate
datasets. We show that TSEvo generates well-performing counterfactuals by answering the following
questions:

* How do the proposed mutation operators influence the performance of TSEvo? — Section 5.3.2

* How does TSEvo perform compared to other time series counterfactual methods regarding established
metrics?— Section 5.3.3

The code for our implementation, experiments, and results can be found on GitHub?.

5.3.1 Experimental Setting

We select 10 diverse datasets from the UCR [20] and the UEA Archive [21]. Both are well-known databases
for time series classification tasks for uni- and multivariate data. The selected datasets contain different fields,
lengths, and features to get a variety of time series shapes and their significant behavior. Table 5.1 shows an
overview of the selected datasets.

For each dataset, we use the original train and test split and trained a 1D-convolutional ResNet as our
black-box classifier. We chose ResNet because Fawaz et al. [70] found that ResNet significantly outperforms
the other methods on univariate data and dominates in multivariate time series classification. However, any
other architecture that return a probability distribution for the classification task is a suitable classifier for
TSEvo. The test set accuracy for each dataset can be found in Table 5.1.

We run TSEvo on the first 20 time series of each test set and evaluate the resulting counterfactuals according
to their distances, sparsity, yNN, and validity for both research questions. The metrics were adapted and
fitted to this context from Pawelczyk et al. [174]. In the following, we depict the main metrics:

2 https://github.com/JHoelli/TSEvo
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Table 5.1: Dataset Description and Classification Results.

CBF Coffee | CharacterTrajectories | ECG5000 | ElectricDevices | FordA | GunPoint NATOPS Heartbeat | UWaveGestures
Field Simulated | Spectro Motion ECG Devices Sensor | Motion | Human Activity | EEG/MEG | Human Activity
Features 1 1 3 1 1 1 1 21 61 3
Length 128 286 109-205 140 96 500 150 51 405 315
Classes 3 2 20 5 7 2 2 6 2 8
Accuracy | 0.99 0.96 0.98 0.94 0.7 0.93 0.93 0.81 0.61 0.77

« Distances: measure the distance between a counterfactual 2¢/ and the original time series x with the

lp- and the [1- norm. The [y norm calculates the number of pixels changed between the original and

counterfactual instance, and is identical to the sparsity from the optimization problem (R 2). The [y

norm is a measure for proximity (R 1) that calculates the mean absolute error.

* yNN: evaluates a counterfactual’s data support based on instances from the training set. It is an

indication on how plausible (Rj5 3) a counterfactual is. Ideally, a counterfactual should be close to

a factual time series from the same target class ¢. yNN is calculated by measuring how different

neighborhood points around the counterfactual 2/ are classified. A higher value for y NN indicates

better support from the data. kNN is the k-nearest neighbors of the original time series z. As distance

measure to calculate KNN we use dynamic time warping. We use a value of k = 5.

1
NN=1_-
y k

>

Ly(zer)y=f(a,)

JEKNN (zof)

5.4)

« validity: indicates the fraction of counterfactuals that fulfill the requirement of f(z) # f(x°f).

5.3.2 Mutation Types
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Figure 5.3: Boxplot of proximity (R5.1), sparsity (Rs.2) and yNN (R 3) for the different mutation types.

We validate our mutation choices by running 7SEvo with Opposing Information, Frequency Mutation,

Gaussian Mutation, and Combination Mutation for each dataset. The generated counterfactuals are evaluated

on the requirements R5 1 - Rs 3.

Figure 5.3 shows the proximity (Rs.1), sparsity (Rs.2), and plausibility (Rs.3). Opposing Information,

followed by Combination Mutation, achieved the lowest sparsity and proximity on average. Both mutation

types generated slight changes (proximity) in a limited number of time steps (sparsity). The in general higher

sparsity for Frequency Mutation shows the trade-off of working in the frequency domain. If a frequency

band is exchanged, multiple changes occur in the whole time series. Those changes are usually smaller but
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come at the cost of additional changed time steps. Multiple small changes can make a time series harder to
understand, as small changes are often not recognizable.

Comparing the mutation types on y N N, most of our mutations created counterfactuals with data support.
The means of Frequency Mutation and Combination Mutation are slightly higher and less deviating; however,
Opposing and Gaussian Mutation seem to offer higher-performing outliers, indicating that in specific situations,
a specific mutation type performs better. The dataset-wise evaluation of the plausibility metric (see Table 5.4)
supports this assumption by showing that different mutation types offer the highest plausibility for different
datasets. On CharacterTrajecorties, Coffee, and NATOPS, Opposing Information offers the best results
on Ry 3, while the Frequency Mutation dominates for CBF, ECG5000, ElectricDevices, and Heartbeat.
Gaussian Mutation performs best on FordA and UWaveGestureLibrary. The variety of best-performing
mutations on R 3 indicates that the data content affects plausibility. The best plausibility values for each
dataset are distributed between the three basic mutation types Opposing, Frequency, and Gaussian. Note that
on R 3 Frequency Mutation performs exceptionally well on sensor-related datasets, indicating that Authentic
Opposing Information might not provide a good solution for all types of datasets. Combination Mutation
is ranked second for most datasets and metrics, indicating that different mutations might be necessary for
different dataset types to achieve plausible results.

Based on sparsity, proximity, plausibility, and the fluctuation of the results on all metrics, no clear decision
can be made on which mutation should be used. From the perspective of proximity and sparsity, Opposing
Information is the preferred choice. However, on plausibility, the performance varies largely, indicating the
relevance of the dataset content. This requires domain experts to choose a suitable mutation type based on
the dataset content. As Combination Mutation combines Frequency, Gaussian, and Opposing Information
and performs second-best on all metrics, we proceed with Combination Mutation in our benchmark study.

Table 5.2: Proximity (R5.1) for each dataset and mutation type. The lower, the smaller the changes made to the original instance.

Opposing Frequency Gaussian Combination
CBF 0.22+0.13 0.28+0.14 0.59+0.17 0.29+0.14
CharacterTrajectories |0.21 +£0.07 1.0+0.01 0.66 £0.14 0.26 £0.13
Coffee 0.03 +0.02 0.04 £0.01 0.05+£0.02 0.03+0.02
ECG5000 0.34 £0.12 0.39+0.16 0.45+£0.14 0.33+0.11
ElectricDevices 0.124+0.09 0.24+0.17 0.58+0.16 0.2+0.14
FordA 0.12+0.11 0.15+0.13 0.24+0.27 0.14+0.12
GunPoint 0.25£03 0.22+0.28 0.16£0.12 0.25+0.3
Heartbeat 0.0+0.01 0.01+0.03 0.02£0.03 0.01+£0.03
NATOPS 0.15+0.09 0.17£0.07 0.19£0.1 0.17+0.1
UWaveGestureLibrary | 0.35 £ 0.15 0.43 £0.19 0.834+0.12 0.57 +0.24
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Table 5.3: Sparsity (Rs.2) for each dataset and mutation type. The lower, the smaller the number of changes made to the original
instance.

Opposing Frequency Gaussian Combination
CBF 0.26 £0.15 0.88£0.14 0.62+0.16 0.36 +0.15
CharacterTrajectories |0.21 +£0.07 1.0+ 0.01 0.66 £0.14 0.26 £0.13
Coffee 0.12+£0.08 0.78£0.21 0.37+0.1 0.15+0.1
ECG5000 0.38£0.13 0.98+£0.05 0.56 +0.14 0.45+0.19
ElectricDevices 0.32+0.18 08+0.21 0.64+0.17 04+0.24
FordA 0.21£0.19 0.82£0.25 0.22+0.24 0.31+£0.29
Heartbeat 0.03 £0.03 0.88£0.18 0.06 £0.08 0.11+£0.21
GunPoint 0.35£0.38 0.66+0.39 0.33+0.2 0.37+0.38
NATOPS 0.25+0.15 0.96 £0.04 0.32+0.15 0.57+0.33
UWaveGestureLibrary |0.29 £0.12 0.96£0.1 0.72+£0.1 0.85+0.24

Table 5.4: Plausibility (Rs5.3) of the generated counterfactuals for each dataset and mutation type. The higher, the better — i.e., the
more data support from the training data.

Opposing Frequency Gaussian Combination
CBF 0.9688 0.9719 0.9688 0.9703
CharacterTrajectories | 0.9813 0.9791 0.9791 0.9791
Coffee 0.9902 0.9881 0.9881 0.9874
ECG5000 0.9714 0.9743 0.9729 0.9729
ElectricDevices 0.9625 0.9708 0.9646 0.9667
FordA 0.9924 0.9932 0.996 0.9924
GunPoint 0.9813 0.984 0.976 0.9813
Heartbeat 0.9906 0.9916 0.9911 0.9906
NATOPS 0.9333 0.9294 0.9294 0.9294
UWaveGestureLibrary | 0.9873 0.9873 0.9905 0.9873

5.3.3 Benchmark Study

We compare TSEvo with existing counterfactual methods for uni- and multivariate time series on the properties
of a good counterfactual: proximity (Rs 1), sparsity (Rs.2), and data support (Rs5.3). We also add validity
as a relevant metric, indicating the fraction of successfully generated counterfactuals. As a baseline for uni-
and multivariate time series, we use the method of Wachter et al. [252] (W-CF), a traditional gradient-based
method with no restriction on the input structure or classification model. Further, we employ two methods
from Delaney et al. [55] for univariate data, namely the Native Guide Counterfactual based on dynamic time
warping (NG-CF) and the Native Guide Counterfactual based on GradCam (NG-Grad). The authors applied
NG-CF and NG-Grad only to univariate classification tasks. Therefore, for the multivariate classification task,
we include the method of Ates et al. (COMTE-CF) [19], a method based on perturbing a time series feature
as a whole.

Table 5.5 shows the fraction of successfully generated counterfactuals. All generated counterfactuals by
TSEvo fulfill the counterfactual restriction. For NG-CF and Nun-Grad, no counterfactuals were found on
Electric Devices and for W-CF on ECG5000.
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Table 5.5: Validity. Fraction of correctly generated counterfactuals, where f(z) # f(z¢f)

Dataset TSEvo W-CF NG-CF NG-Grad COMTE
GunPoint 1.00 0.40 0.60 0.60 —
Coffee 1.00 0.30 0.70 0.70 —
CBF 1.00 0.80 0.15 0.05 —
ElectricDevices 1.00 0.85 0.00 0.00 —
ECG5000 1.00 0.00 0.90 0.30 —
FordA 1.00 0.40 0.25 0.60 —
CharacterTrajectories | 1.00  0.00 — — 1.00
Heartbeat 1.00 0.25 — — 1.00
UWaveGestureLibrary | 1.00 0.05 — — 1.00
NATOPS 1.00 0.30 - — 0.70

On proximity (Rs.1, Table 5.6), TSEvo produced the best results on most datasets (except GunPoint). On
sparsity (R5 o, Table 5.7), TSEvo produced fewer changes than the other baselines. Indicating that compared
to W-CF, NG-CF, and NG-Grad, TSEvo produced the least number of small changes. Overall, Wachter-CF
produces the largest sparsity, as the method is not time series related and operates without additional data on
a point basis. Surprisingly, NG-Grad, a method that perturbs the time series based on gradient information
from the classifier model, obtains a large sparsity too. A reason might be the increasing time slice window
with every unsuccessful perturbation. Even on multivariate data, we outperform the results from COMTE-CF
since COMTE-CF perturbs the whole feature sequence while we select a feature sequence and treat it as a
univariate time series.

Table 5.6: Proximity (Rs.1) in comparison to the baselines. The results show the mean absolute error without normalizing the data
values to [0, 1], therefore a prozimity > 1 is possible.

Dataset TSEvo W-CF NG-CF NG-Grad COMTE
CBF 0.29+0.14 0.86+0.32 0.914+0.19 0.96 £+ 0.00 -
Coffee 0.03+0.02 0.11+0.03 0.084+0.05 0.05+0.04 -
ECG5000 0.33 +£0.11 12.38 +9.49 4el0+ 1lell 0.39+0.16 -
ElectricDevices | 0.20 + 0.14 0.31 +£0.21 — — -
FordA 0.14+0.12 1.08+0.18 1.384+0.18 1.04 +£0.25 —
GunPoint 0.25+0.30 0.07£0.05 &e7+2e8 0.424+0.28 —
CharacterTraj. {0.19 +0.10 0.42 £0.10 — — 0.41 £0.05
Heartbeat 0.01 +0.03 0.02 +0.02 — — 0.01 +0.01
UWaveGesture |0.57 +£0.24 0.72 4+ 0.25 — — 0.97 £ 0.15
NATOPS 0.17+0.10 8.01 £17.57 - — 0.24 +£0.19

Table 5.8 shows the results for the data support. The results on plausibility (R5.3) are mixed. For 4 out of
10 datasets, TSEvo jas the highest data support. However, especially on the multivariate datasets Character
Trajectories, UWaveGestureLibrary, and NATOPS, COMTE-CF outperformed TSEvo.

Figure 5.4 visually compares the counterfactuals for the univariate datasets generated with TSEvo and the
baselines®. Especially compared to W-CF, TSEvo shows fewer time points are marked, and fewer marked
brightly (the brighter the color, the more significant the change) for TSEvo. Generally, TSEvo makes visually

3 Due to the data dimensionality, only univariate data is visualized. Code for visualizing multivariate datasets can be found on Github.
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5 Counterfactual Explanations for Uni- and Multivariate Time Series

Table 5.7: Sparsity (Rs.2) in comparison to the baselines.

Dataset TSEvo W-CF Nun-CF Nun-Grad COMTE
CBF 0.36 +£0.15 1.00 £ 0.00 1.00 £ 0.00 1.00 £+ 0.00 —
Coffee 0.15+0.10 1.00£0.00 0.97 +£0.12 0.58 + 0.48 —
ECG5000 0.45+0.19 1.00£0.00 0.99+0.03 0.87+0.29 —
ElectricDevices | 0.40 4+ 0.24 1.00 £ 0.00 - - -
FordA 0.31+0.29 1.00£0.00 1.00£0.00 0.954+0.11 —
GunPoint 0.37 +0.38 1.00£0.00 1.00+0.00 0.92 +0.27 —
CharacterTraj. [0.26 +0.13 1.00 + 0.00 — — 0.62 +£0.07
Heartbeat 0.11 +0.21 1.00 £0.00 — — 0.06 + 0.05
UWaveGesture |0.85 +0.24 1.00 £ 0.00 —— - 0.93 +0.13
NATOPS 0.57+0.33 1.00 £0.00 — — 0.37+£0.31

more focused changes compared to the benchmarks, fewer time points are highlighted and only some are
highlighted brightly. In some cases (e.g., Coffee, Electric Devices) the changes provided by TSEvo are similar
to the changes necessary to transform the original time series into the closest sample time series from another
class (denoted in the visualization as sample).

Overall, TSEvo was the only method to generate valid counterfactuals for all uni- and multivariate settings by
changing only a fraction of time slices and features. The sample visualizations show focused and recognizable
changes. We rank the performance on each dataset based on the results obtained for R5 .1, R5.2, and R5 3
and average those ranks over all datasets and metrics. Looking at the overall average ranks of 7SEvo and the
other baselines, TSEvo (1.43) outperforms the other baselines (W-CF: 2.7, NG-CF: 2.88, NG-GRAD: 2.33,
COMTE-CF: 1.58).

Table 5.8: Plausibility (R5.3) of the baselines and TSEvo.

Dataset TSEvo W-CF NG-CF NG-Grad COMTE
CBF 0.9688 0.9750 0.9953 0.8000 -
Coffee 0.9993 0.9888 0.9923  0.9909 -
ECG5000 0.9714 0.9886 0.9871 0.9914 -
ElectricDevices | 0.9604 0.9812 - - -
FordA 1.0000 0.9928 0.9992 0.9956 -
GunPoint 0.9907 0.9747 0.9880 0.9840 -
CharacterTraj. | 0.978 0.9879 - - 0.9978
Heartbeat 1.0000 0.9901 - - 0.9946
UWaveGesture | 0.9886 0.9930 - - 0.9930
NATOPS 0.9216 0.9569 - - 0.9569
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5.3 Empirical Evaluation
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(f) FordA.

(e) GunPoint.
Visualization of the first original time series from the test set, the time series with the smallest mean squared error sampled

from the training data, and the counterfactual time series for TSEvo, Wachter-CF, NG-CF, NG-Grad, and COMTE-CF. The

brighter the color, the more significant the change. If the counterfactual time series label is consistent with the original time
series label, the shown counterfactual is invalid. Further on ElectricDevices, NG-CF, and NG-Grad could not find a valid

counterfactual at all, while for CBF, none were found on the first sample.

Figure 5.4



5 Counterfactual Explanations for Uni- and Multivariate Time Series

5.4 Summary and Discussion

This section answers RQ I.(2) by introducing TSEvo, an evolutionary approach to generating plausible
counterfactuals for time series classifiers. TSEvo incorporates a variety of time series transformation
mechanisms to cope with different types and structures of time series in both uni- and multivariate
classification. In the ablation study, we were able to show that none of the transformers were significantly
dominant, indicating that the transformer selection depends on the data content. Furthermore, TSEvo
outperformed the baselines on both uni- and multivariate data.

The results indicate that depending on the dataset, different mutation types are optimal; investigating how to
select the best mutation type for a given dataset based on time series properties and patterns might improve
the results even more. While we were able to show that TSEvo outperforms all tested counterfactual methods
for counterfactual-specific metrics, significant properties of a good explanation, such as the consistency
between the behavior of the back-box classifier and the counterfactual explainer, have yet to be investigated.
For one, this is because those metrics are the state-of-the-art evaluation for counterfactual explainers (see
[174]). In addition, general metrics often miss adaption for both the time series domain and counterfactual
explainers. This issue will be revisited and evaluated in the next section, Chapter 6.

Counterfactuals aim at providing contrastive and realistic explanations (- i.e., counterfactual explanations
should be observable in the real world). While many newer methods take this into account by utilizing the
data distribution, similar to TSEvo, user-given constraints or partly given causal models [58, 48, 107, 140]
the proposed evaluation of “realistic” counterfactuals focuses on correlation in the collected data, rather
than realistic causal relationship. Quantifying the fulfillment degree of such causal relationships in order
to evaluate the “realisticness’” of a counterfactual is still an open issue. This problem will be revisited in
Chapter 7.

Besides quantifying and benchmarking counterfactuals, an investigation of its practical usefulness to humans
is of interest. We leave that open to future work.

Like TSInterpret, introduced in the previous chapter, TSEvo is currently only applicable to classification tasks.
For regressional tasks, XAl methods are often translated to multi-class classification by building buckets [202,
30] or for counterfactual explanations by providing a minimal threshold for a mock class change [226]. Both
approaches could be used to make TSEvo applicable to regression tasks.
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This part deals with challenge 2, the need to ensure the quality of an ex-
plainer quantitatively by developing new approaches for measuring the performance
of XAI. The first section (Chapter 6) builds on Chapter 4 and Chapter 5 by developing a
benchmarking framework for standardizing the evaluation of time series explainers on
faithfulness, robustness, reliability, and complexity. It provides a thorough comparison
of existing time series explainers. The second section (Chapter 7) extends the evaluation
of counterfactual explainers by proposing a new metric to measure the causal coherence
of counterfactual approaches.
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Benchmarking (post-hoc) XAl for Time
Series

While the first step to standardize the explanation benchmarking process for the time series domain has been
taken by TSInterpret [94] — a framework implementing explanation methods for time series classification
in a unified interface — in the last part (see Chapter 4), standardized metrics for evaluating the quality of
explanation methods specifically for time series are still missing [238]. Measuring the performance of
explanation methods is still challenging as there are no generally agreed-upon metrics measuring the quality of
explanations, and comparisons between different implementations and metrics are difficult (see Section 3.3).
Similar to adapting explanation methods to the time series domain, transferring metrics to the time series
domain is complex. Using metrics from traditional frameworks (e.g., [89]) can lead to erroneous assumptions
in the time series domain. This lack of specific and standardized metrics leads to a wide variety of proposed
metrics, metric implementations, proposed baselines, and baseline implementations. This chapter addresses
these obstacles by answering RQ IL.(1):

RQ II.(1) How can we quantify the quality of time series explainers for an easier benchmarking?

To address these issues, this section proposes XTSC-Bench, a benchmarking tool implementing a variety of
metrics for a standardized and systematic evaluation of explainers for time series classifiers. Its connection to
TSInterpret [94] ensures a unified implementation of benchmarking algorithms. We utilize XT.SC-Bench to
evaluate 3 gradient- and 6 perturbation-based feature importance methods and 2 example-based methods.

The following sections are based on “XTSC-Bench: Quantitative Benchmarking for Explainers on Time Series
Classification” (2023 22st IEEE International Conference on Machine Learning and Applications (ICMLA) -
2023). First, we formalize the problem setting in Section 6.1. Section 6.2 describes the benchmarking tool
including the metrics, used models and utilized synthetic data, followed by the evaluation in Section 6.3.
Finally, Section 6.4 provides a summary and a discussion.

6.1 Problem Formalization

In line with Section 1.2 , we study a supervised time series classification problem. Let x = [211, ..., n7T] €
RY*T pbe a uni- or multivariate time series, where 7' is the number of time steps, and N is the number of
features. Let x;, be the input feature ¢ at time ¢. Similarly, let X. ; € RY and X;. € R” be the feature
vector at time ¢, and the time vector for feature 7, respectively. Y denotes the output, and f : X — Yisa
classification model returning a probability distribution vector over classes y = [y1, . . ., yc], where C'is the
total number of classes (i.e., outputs) and y; the probability of x belonging to class 7. An explanation method
E finds an explanation Ef(x) € RY*T'In the case of feature attribution methods, the explainer £ ' assigns



6 Benchmarking (post-hoc) XAl for Time Series

an attribution a;; to explain the importance of a feature ¢ a time step ¢, resulting in E;(z) = (a11,...,an7).
For example-based methods Iy provides an example with the same prediction or a counterexample resulting

in Bf(z) = (2)q,...,2yp)-

For an Explainer E to provide good explanations, those explanations need to be:

Reliable': An explanation should be centered around the region of interest, the ground truth G7'.

L]

Faithful®: The explanation algorithm E; should replicate the model’s f behavior.

Ey(x) ~ f(x)

Robust?: Similar inputs should result in similar explanations.

Ej(z) = Ef(z +¢)

» Complex*: Explanations using a smaller number of features are preferred. It is assumed that
explanations using many features are difficult for the user to understand [153].

min ]lEf (z)>0

x
[5H]

E(x)

E(x+e)

GT
GT

(a) Gradient-Based E (b) Perturbation-Based E/

Figure 6.1: Visualization of metric implications on a sample explanation E'(x).

Figure 6.1 visualizes the implications of the requirements above on explanations obtained from a gradient-
based explainer (an explanation based on the classifiers gradient estimations) and a perturbation-based
explainer (an explanation based on observing the influence of input modifications). The top images show
the original time series « with an explanation F(x) visualized as a heatmap. The middle image shows the
perturbed time series x + ¢ with the explanation E(z + ¢). The bottom image shows the known ground
truth GT'. In case of this specific time series: The complexity is high for Figure 6.1a, resulting from many

Also referred to as Localization (e.g., [89]).

Often referred to as Fidelity (e.g., [84]).

Often referred to as Stability or Sensitivity (e.g., [29]).

In context of example-based explanations often called Sparsity (e.g., [174]).

O N

64



6.2 Approach

attributions (highlights). For Figure 6.1b, the complexity is low. Although, Figure 6.1b performs better on
complexity taking the ground truth G into account, the attributions obtained on the sample are inconsistent
with GT'. The explanation in Figure 6.1b is more robust than Figure 6.1a, as the explanations F(x) and
E(x + ¢) are identical. Faithfulness quantifies the consistency between the decision-making process of f and
the explanations E. The consistency of Figure 6.1a is higher than the one from Figure 6.1b as Figure 6.1a
relies on the gradients of f while Figure 6.1b fits a surrogate model. Overall, in this case, although Figure 6.1b
performs better on complexity and robustness than Figure 6.1a, due to the limited reliability (i.e., consistency
with G'T'), Figure 6.1a should be the preferred explainer.

6.2 Approach

XTSC-Bench provides a standardized framework to allow users to apply and evaluate different state-of-the-
art explanation models in a replicable manner on the notions of complexity, reliability, robustness, and
faithfulness. Figure 6.2 visualizes the architecture. The benchmarking tool is split according to Section 6.1
into different classes for benchmarking robustness, faithfulness, reliability, and complexity. As some notions
(e.g., reliability) rely on a fairly accurate definition of an explanation ground truth GT or the iterative masking
of parts of the original input with known uninformative features, we include uni- and multivariate synthetic
data and pre-trained models in the benchmarking tool (see Section 6.2.1). Each class follows the evaluation
interface, providing a method evaluate and a method evaluate_synthetic. The function evaluate
allows the usage of non-synthetic data and models as well as the evaluation of a single explanation on-the-fly.
For all metrics, we use a wrapper build around Quantus [89] and added some time-specific tweaks.

(© Evaluation

«abstract» evaluate()
«abstract» evaluate_synthetic()

Benchmarking

(© ComplexityEvaluation (© RobustnessEvaluation (© ReliabilityEvaluation (©) FaithfulnessEvaluation
evaluate() evaluate() C evaluate() evaluate()
evaluate_synthetic() evaluate_synthetic() | evaluate_synthetic() evaluate_synthetic()

T | T

f—t

| |

1

I

I I

Synthetic |
I

I

I

——————————————————————

Figure 6.2: Architecture of XTSC-Bench.

6.2.1 Synthetic Data and Pretrained Models

XTSC-Bench provides 60 uni- and 60 multivariate synthetic datasets with 50 time steps generated according to
Ismail et al. [101]. The base’ dataset is generated based on various time series processes with e; ~ N(0,1):

* Gaussian (u = 0,0 = 0):
Xi=¢
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Figure 6.3: Visualization of Informative Features types. The rectangle indicates the informative features.

e Harmonic:
X(t) = sin(272t) + ¢;

* Pseudo Periodic (4; ~ N(0,0.5), fr ~ N(2,0.01)):
X(t) = Apsin(27fi, t) + €

 Autoregressive (p = 1, ¢ = 0.9):
X = Ele X i+ e

» Continuous Autoregressive (p = 0.9, 0 = 0.1) :
Xi=9oXp 1+0(l—¢)?*xe+e

« NARMA (n = 10, U ~ U(0.05)):
Xt = O.3Xt_1 + 0.05Xt_1 Z?:_Ol Xt—l + 15U(t — (7’7, — 1)) * U(t) + 0.1+ €

For each ’base’ dataset obtained from the time series process, multiple synthetic datasets are obtained by
adding various Informative Features ranging from Rare Features (less than 5% of features) and time steps
(Iess than 5% of time steps) mimicking an anomaly detection task to boxes covering over 30% of features and
time steps (see Figure 6.3) and the placement of those informative features.

e Middle vs. Moving vs. Positional: denotes the location of the informative features.

¢ Small vs. Normal vs. Rare Time / Feature: refers to the size (number) of informative features. For
Normal more than 35% of all features are informative. For Small less than 10% of all features are
informative. A time or feature is rare if less than 5% of all features are informative.

A binary label is added for each dataset (time process x informative feature) by highlighting informative
features with the addition of a constant for positive classes and subtraction for negative classes. Overall we
obtain 60 univariate datasets and 60 multivariate datasets (6 time processes x 10 informative features). 3

For all synthetic uni- and multivariate datasets, we train a | D-Convolutional Network with ResNet Architecture
(CNN) and Long Short Term Memory (LSTM) with a hidden layer of size 10. We train the networks with a
cross-entropy loss for 500 epochs with patience of 20 and Adam with a learning rate of 0.001. The trained
networks are also provided in XTSC-Bench.

5 Practical Note: The function evaluate_synthetic allows filtering the synthetic datasets by providing the variable fypes, enabling the

evaluation of designated informative features and time series processes. For example, providing types = [/ Rare’] would allow the
evaluation of explainers for anomaly detection.
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6.2.2 Robustness

Robustness measures the stability of an explanation method’s output subjected to a slight input perturbation
T = x + e under the assumption that the model’s output approximately stays the same f(z) ~ f(Z). Small,
unmeaningful changes around x should lead to a consistent explanation. X7SC-Bench employs two metrics
measuring the robustness of an explanation algorithm E:

* Max Sensitivity [29] measures the maximum change in the explanation with a small perturbation of
the input . r denotes the input neighborhood ratio.

Sensmaz(E, f,x,1) = mazz_z<.||Ef(Z) — Ef(x)|| 6.1)

* Average Sensitivity [29] denotes the average sensitivity in the neighborhood of x withz — z < r.

1
SenSmean(Ea f,l‘,’l”) = HZHEf(j) _Ef(x)H (6.2)

6.2.3 Faithfulness

Faithfulness quantifies the consistency between the prediction model f and explanation model E. Most
faithfulness metrics rely on so-called reference baselines consisting of non-informative features. In literature,
those reference baselines are often training data means or zeros (e.g., [sundararajan2017axiomatic]).
However, for time series data those baselines might contain information (e.g., 0 might be an informative
anomaly). Therefore, on the proposed synthetic data, the reference baseline z is sampled from the generation
process. XTSC-Bench employs faithfulness correlation [29] to measure the correlation between the sum of
attributions ) ¢ Ff(7,,—z,) and the difference in output f(z) — f(2z,,=z,) when setting those features
to a reference baseline x, —z_ . S is a subset of input features, g denotes a subset of the reference baseline &

and x, is the corresponding subset for the original instance 2.

Faith(f,E,z) = corr(z Ef(xp,=z,), f(x) — f(xe,=z,)) (6.3)

ses

6.2.4 Complexity

Complexity [29] measures the number of features used in an explanation with a fractional contribution

distribution P,: the fractional contribution of feature z; to the total magnitude of the attribution: Py (i) =

%, P, € {P,(1)...,P,(d)}. The maximum value of complexity is log(|Es(x)

), where |.| denotes

the vector length.
d

cpr(f; Byx) = = Py(i)in(Py(i) (6.4)

i=1

In case of using our benchmarking tool with non-synthetic data we provide the possibility of custom baselines. As default, baselining

is done uniformly.
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6 Benchmarking (post-hoc) XAl for Time Series

6.2.5 Reliability

Explanation methods should distinguish important from unimportant features at each time step and note
changes over time. “Major” parts of an explanation should lie inside the ground truth mask GT'(z). XTSC-
Bench includes the ground truth based measures relevance rank accuracy and relevance mask accuracy from
[17].

* Relevance Rank Accuracy [17]: The relevance rank accuracy measures how much of the high intensity
relevance lies within the ground truth. We sort the top K values of E(x) in decreasing order
XtopK = {Il, - ,.CEHEf(I)l >0 > Ef(x)K}.

| Xtoprx N GT' ()]

RACC =
|GT ()|

6.5)

* Relevance Mass Accuracy [17]: The relevance mass accuracy is computed as the ratio of the sum of
the Explanation values lying within the ground truth mask over the sum of all values.

ZEf(J;)qyeGT(a;) Ey(z);

MACC == ()

(6.6)

6.2.6 Application to instance-based methods

Replacing features to calculate robustness (Section 6.2.2), reliability (Section 6.2.5), or the faithfulness
metrics (Section 6.2.3) relies on either ranking the most important features or calculating relevance masks.
For feature attribution methods, this is straightforward, as feature attribution methods return relevance scores.
However, instance-based methods return a manipulated version of the original inputs. The changes made to
the original input can usually not be directly interpreted as relevance scores. To be able to still use the metrics

with instance-based methods, we calculate the fraction of change Ax = %.7

6.3 Empirical Evaluation

This section compares the performance of 6 gradient- with 3 perturbation-based feature attribution methods
and 2 instance-based methods across Recurrent Neural Networks and Temporal Convolutional Networks
for both the multi- and univariate synthetic time series (Section 6.2.1). The results are reported on a before
unseen test set. As gradient-based methods, we include Saliency (GRAD) [219], Growing Spheres (GS)
[139], and Smooth Gradients (SG) [221] with and without Temporal Saliency Rescaling (TSR) [101]. As
perturbation-based, we include Feature Occlusion (FO) [268] with and without Temporal Saliency Rescaling
(TSR) [101] and Local Explainer For TIme Series classificaTion (LEFTIST) [84], a method based on Lime
adapted to time series. TSEvo [93], and Native Guide (NG) [55] represent the instance-based methods. For
all methods, we use the implementation in TSInterpret [94].% By employing XTSC-Bench, we evaluate
the explainers’ capabilities on complexity, reliability, robustness, and faithfulness for all classifiers with an
accuracy of over 90%°.

Practical Note: The synthetic data is normalized to zero and one. For non-synthetic data, a feature range needs to be provided.
More details on the methods can be found in Section 2.2, Section 2.3 and Chapter 5.

Explainers are usually used to validate the inner-workings of well-performing classifiers. Classifiers with low accuracy cannot be
expected to learn sufficient features to ensure an explainer’s reliability and classifier consistency.
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Figure 6.4: Explainer Performance on complexity, reliability, faithfulness, and robustness averaged over all datasets. The line denotes the median and the dotted line the mean. The start and end of the boxes are
the first and third quartiles. Note, that NG and LEFTIST only apply to univariate data and are therefore missing in the multivariate evaluation.
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6.4 Summary and Discussion

Figure 6.4 summarizes the explainer-wise results on complexity, reliability, faithfulness, and robustness,
averaged over all datasets and classifier models. On complexity (Figure 6.4a and Figure 6.4b), gradient- and
perturbation-based methods provide less complex explanations than instance-based methods. The results
obtained by TSR contain slightly fewer attributions than the plain gradient- and perturbation-based methods,
indicating that the explanations obtained after 7SR are slightly easier to grasp. Averaging the obtained
relevance scores on both, the feature and time domain with 7SR, leads to a complexity decrease by eliminating
areas with less relevance (e.g., single and small relevance scores on certain time steps).

The reliability (Figure 6.4c and Figure 6.4d) on univariate data is higher than on multivariate data showing
a decreasing capability of centering the explanation around the, in this case, known ground truth of all
explainers with increasing data complexity. The on average lower relevance mask than rank indicates that,
while relevant features are found, the contribution of the found informative features to the overall relevance is
low. Interestingly, for both dataset types, the plain gradient- and perturbation-based methods (without 7SR)
perform slightly better on the Relevance Rank. On Relevance Mass, the difference between 7SR and the plain
methods diverges (e.g., on univariate GRAD, TSR results in an improvement, on univariate GS, TSR results in
a deterioration).

The faithfulness (Figure 6.4e and Figure 6.4f) of the explainers to the classification models’ behavior is
similar for most explainers on the uni- and multivariate data. The least faithful is LEFTIST, as LEFTIST is
the only method relying on a local surrogate model instead of frequent classifier calls or the classifiers’ inner
workings (i.e., gradients).

The results on robustness (Figure 6.4g and Figure 6.4h) indicate that on univariate data, perturbation-based
methods are less sensitive to small changes than instance-based methods. This results from perturbation-based
methods only relying on the perturbation function (which is constantly the same) and the classification
model’s output, while gradient-based methods rely on a model’s inner workings that possibly change with
varying the input.

Summarizing the results, no clear indication can be given on which explanation methods should be preferred.
No method was able to dominate the plain gradient, and perturbation-based methods, which are included
as baselines. Both, traditional and time-series specific explainers, show potential for improvement in all
aspects. With increasing data complexity (univariate vs. multivariate), the metric performances diverge
further, indicating a need for less complex, more reliable, and robust explainers, especially for multivariate
time series classification.

6.4 Summary and Discussion

This section focused on RQ II.(1), the performance quantification of time series explainers. We proposed
XTSC-Bench, a benchmarking tool for explainers for time series classifiers that dissolves existing ambiguities
and enables more comparability. XTSC-Bench consists of metrics adapted to the time series domain and
provides synthetic datasets with informative features, from analogies to anomaly detection to moving features,
trained models for the synthetic data, and options to evaluate custom data. A first empirical evaluation of the
explainers implemented in TSInterpret [94] showed that the current time series explainers leave potential
for improvement, especially in providing reliable explanations for multivariate time series classification.
The results indicate that methods adapted to time series are slightly less faithful than the original non-time
specific method, indicating that only adopting methods to time series by feature suppression and averaging
the non-time methods (7SR) are insufficient. While this is already the case for counterfactual explainers,
new research for time series should instead focus on including time-specific properties in the gradient and
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6 Benchmarking (post-hoc) XAl for Time Series

perturbation-based methods. On multivariate data, the tested methods were less reliable but more robust,
indicating an additional need for research on high-dimensional data. Overall, the results indicate a strong
need for future research on XA[ for time series. New methods should focus on providing more faithful and
reliable methods, specifically for time series patterns.

The proposed framework evaluates reliability, faithfulness, robustness and complexity, applicable to most
explanation methods. However, depending on the explainer used, more specific metrics are necessary to
capture the explainer’s performance as additional explanation properties become essential. For instance, IB
methods rely on generating realistic examples. An /B explanation is only good if the (perturbed) instance
shown is represented in the data distribution and not a mere anomaly. Therefore, enhancing X7SC-Bench
with more explanation scope-specific metrics becomes crucial for a more detailed explanation.

Further, the employed synthetic data generation approach currently only covers binary classification and
modeling informative features by adding a constant. While we do cover data generated from a variety of time
processes, time series often contain a wide variety of potential informative featured, relevant to classification
tasks, e.g., time series patterns, often called shapelets 2011, statistical features like mean and variance, or the
frequency. Further, there are many more ways to generate synthetic data that include additional time series
properties (e.g., from neural networks). However, how to use such data generation for downstream tasks like
classification with known ground truth masks is still open.

The used metrics only capture objective quantitative aspects, human-grounded evaluation was not part of this
work. Nevertheless, evaluating how helpful human users find the produced explanations is crucial, specifically
in the time series domain, where humans have poor intuitions. First steps in evaluating the perception of
model inspection on time series have already been taken in [92]. However, their study mostly focused on
instance-based explanations for unvariate data in binary classification. To get a broader overview, a more
in-depth human grounded evaluation would be necessary.
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Measuring the real-world coherence of
counterfactual explanations

In the previous chapter (Chapter 6), we enhanced the model-agnostic evaluation of XAl methods in terms
of complexity, reliability, faithfulness, and robustness for time series by refining the original notation and
employing synthetic datasets with known generation mechanisms. However, these evaluation criteria alone
are insufficient for certain XAl method types. For evaluating /B methods which generate perturbed instances
of the original input highlighting feature changes necessary to achieve a different outcome (counterfactual) or
an increased likelihood of the current outcome (prototype), metrics like proximity and sparsity — quantifying
the distance between the explanation and the original instance — are essential. Moreover, the obtained
instance changes should be plausible, ensuring closeness to the data manifold and valid, confirming that the
intended output is achieved (see Section 3.3)'. As IB explanations are often seen as guidance to recover from
unfavorable predictions or strengthen favorable predictions in the real world, the realism of these explanations
becomes crucial. A ‘realistic’ guidance should not only lie within the data manifold but also satisfy causal
relations (e.g., additional machine operating time accompanied by an increase in machine age) and lead to
changes in the real world when acted upon (i.e., changes translate to a causal effect). The importance of
causality for generating meaningful explanations has been discussed in various works from social sciences
(e.g., [35, 153]). Therefore, recent research, specifically on counterfactual explanations, focuses on enabling
‘realistic’ guidance by incorporating causal constraints [106, 107, 140] or learning real-world relationships
directly from data [58, 182]. However, Structural Causal Model (SCM) describing causal relationships, used
within causal-based couterfactual methods [107], are often (fully or partially) missing for problems of interest,
making it impossible to apply causal-based counterfactual explanation methods and/or evaluate explanations
for a given problem. Therefore, real-world applications often rely on counterfactuals generated from learned
real-world relationships. Especially for those non-causal approaches, it is hard to ensure and quantify to what
extent causal relations and effects are satisfied due to a lack of ground truth. Hence, causal capabilities of
counterfactual approaches are often approximated by evaluating user constraints or data distributions (e.g.,
[122, 173]). However, this type of evaluation only states if a counterfactual follows a certain distribution or
meets some predefined constraint. No evidence is given as to whether the changes follow a causal chain.

This chapter addresses this obstacle by answering RQ I1.(2):

RQ II.(2) How can we evaluate counterfactual explainers for real-world coherence?

To evaluate whether the explanations from different counterfactual methods indeed fulfill known causal
relationships, this chapter introduces the notion of semantic meaningfulness for counterfactual generation
methods. The semantic meaningfulness of a counterfactual generation algorithm describes the fraction of

I For the calculation of those metrics, please refer to Section 5.3. Also, note that those metrics are accessible in XTSC-Bench.



7 Measuring the real-world coherence of counterfactual explanations

generated counterfactuals that are coherent with real-world relations. We propose two measures quantifying
semantic meaningfulness: the fraction of counterfactual explanations that lead to the same outcome in the
real world (‘Semantic Meaningful Output’) and the fraction of known causal relationships fulfilled by the
counterfactual explanation (‘Semantic Meaningful Relations’).

This section is based on “Semantic Meaningfulness: Evaluating Counterfactual Approaches for Real-World
Plausibility and Feasibility” (Explainable Artificial Intelligence - 2023). First, we formalize the problem
(Section 7.1), then we provide details on the proposed metrics (Section 7.2). Lastly, in Section 7.3, we use
the metrics to evaluate current counterfactual state-of-the-art methods.

7.1 Problem Formalization

Aligned with Figure 1.2, consider a classifier f that predicts some instances X = {zg,...,x,} as class
Y ={vo,...,yn}. A counterfactual method h generates, based on the observable input instances X and
classifier g, explanations via counter-examples X ¢/ = {ng s, x¢l} for each x € X. Each counterfactual
explanation z°/ consists of features z¢/ = {vff ,...,v¢ ) and shows why a classifier f predicted class
y for a data point x instead of counterfactual class y°/. Depending on the used method h, the generated
counterfactuals may or may not be coherent with real-world relations. To benchmark a counterfactual method
h for its capabilities to depict real-world relations, we introduce the notion of semantic meaningfulness.

Semantic meaningfulness is calculated as the fraction of counterfactual changes Az = 2 — 2/ that,

* R 1: lead to the same outcome in the real world (Semantic Meaningful Output)

e Ry o: fulfill the known causal relationships (Semantic Meaningful Relations).

7.2 Approach

To quantify semantic meaningfulness and address Rz ;1 and R~ 2, we need a way of modeling causal
relationships. Causal models are a way of describing real-world relations. While it is often possible to draw a
causal graph based on expert knowledge, assumptions about the structural equations — i.e., the relationship
between variables, are generally not testable and may not hold in practice [178]. However, especially the
modeling of variable interplay is essential to measure Ry 1, as it creates the need to conclude the output
y"°% from the causal model based on x¢f. Fully specified SCMs — including the causal graph and structural
equations — are hard to obtain. We evade the issue of missing SCMs by providing various datasets with causal
graphs that can be used to benchmark new and existing methods. Therefore, the approach to measuring
semantic meaningfulness consists of the metrics and proposed datasets of various difficulties derived from
known SCMs.

In the following sections, we first define Semantic Meaningful Output and Relationship (Section 7.2.1), then
we illustrate the metric implications on an example (Section 7.2.2). Section 7.2.3 highlights the relationship
to previous work in more detail. Finally, Section 7.2.4 introduces the benchmarking datasets.

7.2.1 Semantic Meaningful Output and Semantic Meaningful Relations

We assume that one can capture real-world relations in the form of SCMs. Relying on the work of Pearl [175],
we define a causal model as a triple (U, V, ) of sets where U is a set of latent background variables, V' is a
set of observed variables V' = {v1,...,v,}, and G is a set of functions {g1,. .., g, } showing the relations
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7.2 Approach

between V. We assume observable relations g; = ¢;(PA;, U;) with a deterministic function g; depending on
V; C V parents in the graph (denoted by P A;) and a stochastic unexplainable (exogenous) variable U; C U
fori = {1,...,n}. To intervene on variable V; in the SCM, one substitutes the equation V; = g;(PA;, U;)
with some constant V; = v for some v.

Given a counterfactual method &, a number of generated explanations X ¢/ = {xff ..., 2%} and a (fully or
partially defined) SCM (U, V, GG), we postulate the following metrics:

> Definition 11 (Semantic Meaningful Output). The counterfactual explanation method
has Semantic Meaningful Output, if intervening on the SCM (U,V,G) with X of =
{:cif, ..., 2T} yields the results Y¢/ = {yff, ..., y%/} obtained by the classifier f.

Quantifying Semantic Meaningful Output (SMO) presented in Definition 11 leads to the fraction of plausible
counterfactual explanations, i.e., that lead to the same outcome in the real world (captured in the SCM).

def 1
SMO = ] > Ly(e)=scme) (7.1)
ecXxcrl

Definition 11 only indicates if the counterfactual method generates plausible outcomes in the real world.
Therefore, we propose a second metric to measure the fulfillment of known causal relationships. Although
the output of an method might be semantically meaningful, the changes Ax made to obtain the counterfactual
do not necessarily fulfill real-world relations. Therefore, we also introduce Semantic Meaningful Relations
(SMR) in Definition 12, quantifying the fraction of causal relationships fulfilled.

> Definition 12 (Semantic Meaningful Relations). A counterfactual explanation method
has Semantic Meaningful Relations, if intervening on the SCM (U,V,G) with X/ =
{a:if .o, 28} yields for the features v/ of all counterfactual explanations v; # v} 1o

fulfill f;(PA;,U;) after intervention on the parents of a feature with PA; = vf:,f 4, for each
counterfactual explanation Vn.

Quantifying Definition 12, leads to the fraction of fulfilled causal relations for an explanation /.

def 1 1
SMR = %7 > (E D Lemgi(era, vn) 72
ecXef i€e

While Equation (7.1) can only be calculated with fully defined SCMs, Equation (7.2) allows making statements
about relationship coherence for partially defined SCM's and thereby estimation of semantic meaningfulness.

7.2.2 lllustration of metrics

Consider an ML model predicting machine failure risk based on machine characteristics (e.g., the age of the
machine, its maintenance intervals). If the machine failure risk is high, an affected person might want to
know why the risk of failure is high and how this risk can be lowered. A counterfactual explanation can
be used to provide such an explanation as a ”what-if”’- scenario: e.g., ”if the last machine maintenance
had been 100 hours ago, the failure risk would be low”. Consider an individual (input instance x) with {
Age: 2, Maintenance: 2 000h, Utilization: 0.8, Operating Time: 4 000h} for which the black-box model
f recommends a high risk of machine failure {Risk: High}. The objective of counterfactual generation
algorithms  is to provide an instance z¢/ for which the failure risk is low according to ML model f (validity).
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7 Measuring the real-world coherence of counterfactual explanations

The proposed counterfactual explanation might look similar, e.g., xcf= { Age: 2, Maintenance: 100h,
Utilization: 0.8, Operating Time: 4 000h }. Assuming this explanation is valid (y # y°f), it might or
might not satisfy semantic meaningful output and relations. Figure 7.1 shows the possible scenarios of
(dis)alignment with real-world relations (represented by the SCM).

First, the proposed counterfactual 2°/ may satisfy both semantic meaningful output and relations (Figure 7.1a).
For instance, we expect the operating hours to increase with age and the Utilization to say similar under the
assumption of similar environmental factors. Since the counterfactual instance fulfills these expectations (i.e.
age is increased as well as operating hours, but utilization is unchanged), we consider it feasible. Furthermore,
suppose the counterfactual ¢/ (that flipped the outcome of the classifier), also leads to a change in the
outcome in the SCM (i.e., risk changes to low when the explanation is acted upon), then we consider it
plausible. Second, the causal relations may be satisfied, but may not lead to the expected change in outcome
according to the SCM. Figure 7.1b visualizes this case; Operating hours increase with age (as expected).
However, as opposed to before, the proposed counterfactual does not lead to a change in outcome in the SCM.

Consider now another counterfactual explanation, e.g., 2 = { Operating Hours: 2 000h }. This counterfactual
explanation ¢/ / might not cohere with causal relations, even though it might be valid. Operating hours is the
only changing input, which does not align with the expectation that the machine need to be older in order
to obtain such an operating hours increases. Furthermore, we expect an increase in income to be related to
other factors, such as a higher machine utilization. If this is not reflected in the proposed counterfactual (as
in Figure 7.1c), the semantic meaningful relations are not satisfied. However, it can still happen that the
counterfactual explanation 2/ " does lead to a change in the outcome in the SCM and therefore has semantic
meaningful output due to an erroneous classification by f. Finally, it can be that both semantic meaningful
output and relations are violated (Figure 7.1d).

Operating Operating

4000
Age ‘ Maintenance .
2 ‘ 100

(a) SMO=1, SMR=1 (b) SMO=0, SMR=1

4000

Age ‘ Maintenance
2

100

Operating Operating

Utilization

0.8

(¢) SMO=1, SMR=0 (d) SMO=0, SMR=0

Figure 7.1: Example of Semantic Meaningful Output (SMO) and Relation SMR metrics on a simple machine failure example. Blue: the
values changed in the proposed counterfactual explanation. Green: denotes SMO=1, which means that the SCM and ML
model predict the same outcome. Red: indicates SMO=0, which means the predictions of the SCM and ML model are
different.
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7.2.3 Relation to prior work

In this section, we reflect on other related concepts, notations, and metrics proposed in the literature and
clarify the relation to our work.

» Karimi et al. [106] propose a probabilistic approach to counterfactual generation based on fully or
partially defined SCMss that takes uncertainty into account. In their evaluation, they introduce the notion
of validity, which is, in their case, defined as the percentage of individuals for which the recommended
action results in a favorable prediction under the true (oracle) SCM. This notion is closely related to
our notion of SMO. In contrast to Karimi et al. [106], SMO expects a full counterfactual explanation
as input (i.e., intervention on all endogenous variables) instead of a minimal action. Further, they
do not consider the fraction of fulfilled relations (like SMR). We argue that checking if parent-child
relationships are still fulfilled for generating meaningful counterfactuals is essential. A counterfactual
output might be meaningful under a given SCM without fulfilling any given causal relationships.

* Mahjan et al. [140] propose the causal-edge score, which is the ratio of the log-likelihood of a
counterfactual with respect to the likelihood of the original data given a causal-edge distribution. This
is related to our metric SMR, but their proposed constraint feasibility measure only calculates the
faction of counterfactuals that satisfy a given user-level constraint and not how well a method is able to
capture semantic meaningful relations.

* Afrabandpey et al. [3] propose the notion of global (domain expert constraints) and local feasibility
(end-user constraints) closely related to the constraint feasibility proposed by Mahjan et al. [140]. Both
notions are highly dependent on human input and can, therefore, not fully capture semantic meaningful
relations. However, their assumption that a domain expert can give feedback on the causal relationship
between at least some features can be exploited to calculate SMR at least partly.

» Karimi et al. [104] formulate plausibility constraints with logic formulas to account for semantics such
as immutable features. In contrast to our notion of plausibility (adhering to a realistic counterfactual),
their notion of plausibility is restricted to consistency with training data (e.g., same data type and range)
and the detainment of immutable features. As argued in Section 3.3, the reliance on training data is
often insufficient.

* Finally, the validity metric is closely related to the SMO metric proposed in this work. In fact, where
validity quantifies whether a counterfactual explanation can flip the classifier’s decision, SMO quantifies
whether a counterfactual explanation can flip the outcome of the SCM (which we assume represents
the user’s mental model of the world).

7.2.4 Benchmark datasets

To show the operationalizability of the metrics, we selected six datasets with known SCMs that we can
use to measure semantic meaningfulness. The datasets have different complexities; the synthetic datasets
contain only 3 variables (with varying relations), whereas the semi-synthetic datasets have a larger number
of endogenous variables (8, 7 and 11) with a wider range of values. We use the following datasets for
benchmarking (for causal graphs, see Appendix A.3):

Synthetic datasets. As a first example, we base ourselves on the synthetic toy dataset consisting of

3 variables used by Karimi et al. [106]. We consider all three variants proposed to test the semantic
capabilities of the counterfactual methods on different types of relationships.
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(a) Linear SCM

X, = U, Uy ~ MoG(0.5N (=2, 1.5) + 0.5N (1, 1)
X2:=-X; +U; Us ~ N(0,1)

X3:=0.06X; +0.025X; + U3 U3z ~N(0,1)

Y := Bernoulli((1 + e~ 25(Xa1+X2+X5))—1)

(b) Non-linear SCM

X, = U, Ui ~ MoG(0.5N (—2,1.5) + 0.5N (1, 1))
X2::—1+1+6%2x1+U2 U2NN<071)

X3:=0.05X; +0.025X, +Us Uz ~ J\/(O, 1)
Y := Bernoulli((1 + e~ 22(X1+X2+X3))—1)

(c¢) Non-additive SCM

X, :=U Ui ~ MoG(0.5N(=2,1.5) + 0.5N(1,1))
X2:=0.25sgn(Uz) X2 + (1 + U2) Us ~ N(0,0.25)
X3:=—1+0.1sgn(Us3)(X? + X2) +Us Uz ~ N(0,1)

Y := Bernoulli((1 + e~ 22(X1+X2+X3))—1)

Nutrition dataset. For the next example, the aim is to predict survival based on demographic and laboratory

measurements from the National Health and Nutrition Examination Survey [45]. We created an SCM for this

first semi-synthetic dataset with the help of ShapleyFlow [256] and approximated the distribution with the

help of the original dataset.

Age X, :=U; Uy ~ N (25,1)
Sex X5 :=Us Us ~N(0,1)
Blood Pressure X3 :=0.02X; +Us Uz ~N(0,1)
SBP. Xy = 0.12X;5 + Uy Uy ~ N(80,1)
Pulse Pressure X5 :=0.02X, + U; Us ~N(10,1)
Inflammation X := Us Us ~ N(0,1))
Poverty Index X7 :=U; Uz ~N(0,1)
Sedimentation RAE Xy := 0.03X7 + Ug Ug ~ N(0,1)

Risk

Y= (—O.21X2 —0.59X7 +0.03Xg — 0.04X7 + 0.02X5 + 01X4) > —6

Credit dataset. The second semi-synthetic dataset is a modification of the German Credit data and also

extracted from the work of Karimi et al. [106]. The dataset contains information on personal loan applications,

e.g., demographics and financial attributes, with the goal to distinguish people with good (i.e., approve loan)

or bad (i.e., decline loan) credit risks.
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Gender X, =U; Uy ~ Bernoulli(0.5)
Age Xo:=-35+U, Us ~ Gamma(10, 3.5)
Education X3 := —0.5 + (1 4 e~ (71405Xa+(14e""52)+U3)_1 7, ~ A(0,0.25)

Loan Amount X4 :=1+0.01(Xy —5)(5 — X2) + X; + Uy Uy ~ N(0,4)

Loan Duration X5 := —1 +0.01X5 4+ 2X; + X4 Us ~ N(0,9)

Income X6 :=—4+0.1(Xs +35) +2X; + X1 X3+ Us Us ~ N(0,4))

Savings X7 :=—-4+15 -1x,50X6 + Uy Uz ~ N(0,25)

Output Y := Bernoulli((1 + e~ 0-3(-Xa=Xs+Xe+ X7+ Xe X7)—1)

Economic dataset. As last example, we consider a dataset with information on economic growth [263]. Xu et
al. [263] modeled the relationship between economic growth and (factors related to) electricity consumption
for China using data from the National Bureau of Statistics of China?>. We adopted the SCM from Xu et
al. [263] and approximate the distribution from the data. We further transformed the original regression
problem into a classification problem by dividing the outcome (i.e., economic growth) into two classes, by
setting a threshold equal to the mean.

Energy Source Struct. X := U, Uy ~N(0,1)
Informatization Level X5 := 0.836X, + 0.464X5 + Us Uy ~ N(0,11)
Ecological Awareness X3 := 0.889X, + Uy Uy ~ N(17,90)
Electricity Cons. Xy :=Uy Uy ~ N(0,100000)
Electricity Investment X5 := 0.898X, + Us Us ~ N(0,99999)
Investment Other X :=0.783X5 + Ug Us ~ N(0,15))
Employment X7 :=0.789X, + Uy U7 ~ ./\/(0 70)
Secondary Industry Xz := 0.566X, + 0.561 X5 + Uy N (0,2000)
Tertiary Industry X9 :=0.537X4 + 0.712X5 + Uy Ug ~ N(O, 2000)
Prop. non-agriculture X := 0.731X3 + 0.612Xg + 0.662X¢ + 0.605X5 + U9 Uzg ~ N (0, 100)
Labor Productivity X1 :=0.918X, + Uy, U1 ~ N(0,500000)
Output Y :=(0.538Xs + 0.426 X7 + 0.826 X1 + 0.293 X5+

0.527X19 + 0.169X4 + 0.411.X7) > 500000

7.3 Empirical Evaluation

With the help of the proposed metrics, we evaluate the capabilities of nine well-established counterfactual
explanation methods for three ML models trained on three synthetic and three semi-synthetic datasets.
We used the CARLA Recourse library [174] for the implementation of the counterfactual approaches and
classifiers. The implementation of our metrics follows the CARLA implementation structure and can,
therefore, easily be used in combination with the CARLA Benchmarking Tool. The code for our experiments
can be found on GitHub?.

Figure 7.2 shows a visualization of our experimental flow. First, we generate data based on the SCM to ensure
data compliance. This is important to avoid any noise influencing the generation of counterfactuals. Next, we

http://www.stats.gov.cn/english/Statisticaldata/AnnualData/
1Y g g

3 https://github.com/JHoelli/Semantic-Meaningfulness
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draw 10 000 samples and divide those samples into a 75/25 train/test split. We train our classifier with the
training data as described in Section 7.3.1. Throughout the experiments, the (generated) datasets and trained
classifiers remain the same. For each combination of dataset, classifier, and counterfactual method described
in Section 7.3.2, we try to generate 250 counterfactual explanations. We evaluate the semantic meaningfulness
of the resulting explanations with our proposed metrics and analyze the results in Section 7.3.3.

Structural Causal Generated Counterfactual

Model Generated Data Classifier Explanations

Evaluate

Figure 7.2: Flow of data in experiments.

7.3.1 Machine learning models

For each dataset, we train a Linear Model, a Random Forest (RF) with 5 estimators and a maximum depth of
5, and a Multilayer Percepton (MLP) with three hidden layers of size 18, 9 and 3. The MLP is trained for ten
epochs with a batch size of 16 and a learning rate of 0.001. The performance of the classifiers are measured
with the Area Under the Curve (AUC) and can be found in Table 7.1. Note that the classifiers achieve high or
almost perfect (Linear, MLP) discrimination between classes for the three simple, synthetic datasets (i.e.,
Linear, Non-linear, and Non-additive SCM).

Nutrition Credit Economic Linear SCM Non-linear SCM Non-additive SCM
Linear 0.88 0.76 0.83 1.0 1.0 1.0
Random Forest| 0.85 0.82 0.81 0.81 0.97 0.73
MLP 0.9 0.69 0.82 1.0 1.0 0.99

Table 7.1: Classifier performance as measured by AUC on each dataset.

7.3.2 Counterfactual methods

We compare 9 counterfactual generation methods that we categorized in causal-based (1x), constraint-based
(4x), surrogate-based (2x) and model-specific (2x) methods, based on the taxonomy presented by Verma et al.
[246]. In this section, we give a short description of each method. For a more detailed description, refer
to Section 2.2.3. All methods were applied to the Linear and MLP models except for the model-specific
methods, which were (only) applied to the RF models.

Causal-based:

e Causal Recourse (CR) [107] aims to find the minimal cost set of actions that results in a counterfactual
instance favorable to the classifier g. A* specifies the actions to be performed for a minimal causal
recourse. Thereby, z°C¥" is not a structural counterfactual obtained by intervening the SCM, but the

SCF

minimal action needed to obtain x . As this method incorporates causal relations, we use it as a

sanity check for our proposed metrics.
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Constraint-based:

Wachter Counterfactual (W-CF) [252] finds a counterfactual explanation with the smallest change
(distance/cost) relative to the original data point that is classified differently. This method assumes
independent features. As hyperparameters, the default parameters proposed by [174] are used.

Growing Spheres (GS) [123] is a method that generates samples around the original data point by
growing hyperspheres until the desired class label is found.

Surrogate-based:

Counterfactual Latent Uncertainty Explanations (CLUE) [16] uses a generative model (variational
autoencoder with arbitrary conditioning) that takes the classifiers’ uncertainty into account and generates
counterfactual explanations that are likely to occur under a data distribution. As hyperparameters, the
default parameters proposed by [16] are used.

Counterfactual Conditional Heterogeneous Autoencoder (C-CHVAE) [173] generates faithful coun-
terfactuals by ensuring that the produced counterfactuals are proximate (i.e., not local outliers) and
connected to regions with substantial data density (i.e., close to correctly classified observation). The
counterfactual search is thereby included into a data density approximator, in this case a Variational
Autoencoder (VAE). Counterfactuals are sampled from the latent space of the VAE.

Counterfactual Recourse Using Disentangled Subspaces (CRUDS) [61] creates counterfactuals by
using a conditional subspace VAE with the goal to satisfying the underlying structure of the data.

AR [243] is based on integer programming and only applicable to linear models (e.g., logistic regression
models, linear support vector machines). For non-linear models, coefficients are approximated with
LIME [191]. As we do not only apply AR to linear models, but also need to approximate coefficients
with LIME for MLP, we categorize AR as a surrogate-based method.

Model-specific:

FOCUS [138] is an method for finding counterfactuals for non-differentiable models, e.g., tree
ensembles. The method uses a probabilistic approximation of the original tree ensemble.

FT [241] exploits the internals of a tree-based ensemble classifier by tweaking the feature-based
representation of a true negative instance such that the modified instances result in a positive classification
when re-inputted to the classifier.

7.3.3 Results

We present results evaluating nine counterfactual explanation methods using the proposed SMO and SMR

metrics across six datasets. In particular, we investigate the semantic meaningfulness of different counterfactual

methods (Section 7.3.3.1), the influence of the classifier (performance) on the semantic meaningfulness of

the counterfactual methods (Section 7.3.3.2), and the relationship between the two semantic meaningfulness
metrics (Section 7.3.3.3).

7.3.3.1 Existing (non-causal) counterfactual methods vary in semantic meaningfulness.

Figure 7.3 shows the results of evaluating the semantic meaningfulness of different counterfactual methods.

As a sanity check, we first applied a causal-based method. Due to the large increase in computation time for
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7 Measuring the real-world coherence of counterfactual explanations

an increasing number of endogenous variables and relations, only results for the synthetic datasets could
be obtained (see Figure 7.3a - 7.3c). Using CR on these datasets, SMO has a median of 1 and a mean
slightly below 1, indicating that our proposed metric aligns with the SCM and works as intended. Erroneous
classifications of the ML classifier can explain why the mean is slightly less than 1 for SMO. SMR is equal
to 1 for both the Linear and Non-linear SCM, showing causal relations are satisfied. For the Non-additive
SCM, on average, only 2 out of 3 possible relationships could be fulfilled. This is because the counterfactuals
returned by CR are not supposed to fulfill all constraints of the graph, but rather include a minimal change
that would conclude in the desired result by iterating through the graph (i.e., CR returns a minimal action set).
Overall, the nearly perfect values for SMO and SMR found for the causal method indicate that our method
works as intended.

We further find that the constraint-based method W-CF scores very low on SMR, indicating that this method
(assuming independence between features) is non-compliant with known causal relations. Combined with the
slightly higher SMO, the method generates counterfactuals that are likely to have a realistic output but with a
combination of features that is unlikely to be observed in the real world. GS offers a higher SMR compared to
W-CF'. The better performance compared to W-CF might result from the optimization function that includes
a sparsity constraint (a penalization on feature changes) and their optimization heuristic.

Next, we observe that the surrogate-based methods C-CHVAE, CLUE, and CRUDS score relatively high
on SMO. However, the performance on SMR varies; whereas CLUE and CRUDS score very low across
all datasets, C-CHVAE scores reasonably well. This occurs despite all VAE-based methods being trained
with the same parameter settings. A reason for the worse performance of CRUDS and CLUE might be the
optimization function based on the decoded latent (similar to the W-CF function with additional restrictions),
which can result in counterfactuals changing the outcome but not fulfilling the causal relations. Meanwhile,
the nearest neighbor style search in the latent space provided by C-CHVAE leads to possibly further distance
counterfactuals by sampling in the latent space for distance to a higher likelihood of obtaining learned
constraints. For AR the linear coefficients were approximated by applying LIME [191]. The quality of these
linear models can largely differ, leading to higher variability and worse average values for SMO and SMR
compared to deep learning based VAEs. Note that for the Economic dataset, CLUE and AR are missing;
CLUE was not able to find valid counterfactuals and the integer programming problem size of AR is too large
to be calculated with the open source version of CPLEX.

Finally, for the model-specific methods (FT and FOCUS), we observe a high SMR, but a lower SMO. These
methods could only be applied to Forest Classifiers, but the high SMR shows that they could capture the
causal relations from the underlying forest well.

From the model-agnostic and non-causal counterfactual methods, we conclude that surrogate-based methods
perform slightly better than constraint-based methods. This is expected as these methods consider the data
manifold. From the constraint-based methods, only C-CHVAE and CRUDS were applicable to all datasets.
C-CHVAE performed consistently best on SMR across all datasets, while having a similar SMO compared to
other methods (e.g., CRUDS). Surprisingly, model-specific methods also captured causal relations well and
even outperformed C-CHVAE on the Non-additive SCM and Economic datasets. The weak performance of all
methods on SMR for the Economic dataset can be explained by the small number of exogenous variables (#2)
in combination with a high number of endogenous variables (#9)*. Overall, the results show the performance
of the counterfactual methods differs between datasets and diverges for the most complex dataset (Figure 7.3f)
compared to the simpler datasets (Figure 7.3a-7.3e).

4 While 1 of 3 relations are always fulfilled for the synthetic dataset, this is only the case for 2 out of 11 are in the Economic dataset.

This leads to a significantly lower minimum performance (and can explain the worse results).
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Figure 7.3: Semantic Meaningful Output (SMO) and Relation (SMR) metrics averaged over ML models. The bars show the median and

the interquartile distance. The dotted lines show the mean and the standard deviation. When only one horizontal line is
shown for a given counterfactual method, the mean, standard deviation, and median are the same for SMO and/or SMR.
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shown for a given counterfactual method, the mean, standard deviation, and median are the same for SMO and/or SMR.
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Figure 7.4: Semantic Meaningful Output (SMO) and Relation (SMR) metrics performance averaged over counterfactual methods. The
red line denotes the classifier performance in terms of AUC.

7.3.3.2 The importance of a good classifier for meaningful counterfactual explanations.

Next, we investigate between-classifier differences. Figure 7.4 shows the results for different datasets and ML
models, averaged over counterfactual methods. The classifier performance is visualized with the red line.

In Figure 7.4a, we see that the performance of SMO is not directly related to the quality of the classifiers.
For instance, MLP has the highest SMO on the Credit dataset, even though it achieves the lowest AUC.
However, SMO is at least indirectly related to performance via data complexity. The SMO and classifier
performance are both highest for the simple synthetic datasets. In Figure 7.4b, we observe better classifier
performance roughly corresponds to better SMR — except for Non-additive SCM. For this dataset, both the
Linear and MLP model, show a promising classifier performance, even though the counterfactual method
based SMR results in a worse score than for Random Forest. It can be concluded that Linear and MLP based
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counterfactual methods have issues creating semantic meaningful counterfactuals for non-additive relations.
The model-specific methods evade this issue, using the features extracted by the classifier models.

Although the results indicate that the counterfactual explanations generated on classifiers with higher AUC
were more coherent with causal relations (independent of the counterfactual generation method), we conclude
good classifier performance is necessary but not sufficient.

7.3.3.3 Semantic Meaningful Output and Relations measures are both needed.

Finally, we evaluate the connection between SMO and SMR. Figure 7.5 shows the connection between SMO,
SMR, and the notion of validity (i.e., a counterfactual that changes the class predicted by the ML model from
y to y°7). We found that, out of the total 23,750 counterfactuals we tried to generate, 71% were valid. From
those valid counterfactuals, 71% achieved a semantic meaningful output (SMO=1), and only 42% of those
also fulfilled complete semantic meaningful relations (SMR=1). This means that 58% of the counterfactual
explanations had semantic meaningful output without satisfying semantic meaningful relations (SMR<1).
As semantic meaningful output can be caused by an erroneous classification of the desired class by the ML
model or achieved with unrealistic feature combinations, evaluating feature combinations for causal relations
is important. This underscores the need for the combined use of the two metrics. On the other hand, 7% of
the counterfactuals with perfect semantic relationships (SMR=1) did not satisfy semantic meaningful output,
which could be caused by imperfect classifications of the ML classifier.

23750
Counterfactuals

26 877
Valid

Figure 7.5: Venn Diagram visualizing overlap between Semantic Meaningful Output (SMO), Semantic Meaningful Relations (SMR),
and Validity metrics for counterfactuals. Note that this plot only includes perfect semantic relationships (SMR=1).

7.4 Practical Implications

In this section, we highlight how the proposed metrics and benchmark datasets are useful for different target
audiences:

* Developers of counterfactual methods can use the metrics to quantify the causal capabilities of their
methods on the provided set of benchmark datasets, enabling direct comparisons of existing and new
methods in a transparent, replicable, and unified way. The datasets (and SCMs) with varying levels of
complexity allow developers to understand limitations and identify directions for improvement.
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 Practitioners and users of counterfactual explanations can use the metrics with the benchmark datasets
to get insight into the causal capabilities of different methods. When used in combination with other
potentially important metrics (e.g., sparsity [105] and actionability [246]), this can be used to guide
the choice between different explanation methods by examining several metrics (and potential arising
trade-offs) for datasets (and SCMs) with varying levels of complexity. For example, for classification
model debugging, explanations via edge cases might be interesting (acceptance of poorer causal
capabilities for lower sparsity and proximity) to understand the classifier’s inner workings. However, if
counterfactual explanations are intended for the use in consequential decision making (i.e., to provide
an explanation to individuals affected by models), counterfactual methods replicating the real world are
preferred (acceptance of higher sparsity and proximity for better causal capabilities).

7.5 Summary and Discussion

In this section, we proposed two metrics in combination with (semi-)synthetic datasets to answer RQ I1.(2).
Semantic Meaningful Output (SMO) and Semantic Meaningful Relations (SMR), the two proposed metrics,
measure the ability of counterfactual generation methods to depict real-world relations, both with respect to
the final output and the relationship fulfillment. This allows for benchmarking new and existing counterfactual
methods based on the fraction of explanations that lead to the same outcome in the real world (SMO) and the
fraction of fulfilled causal relationships SMR. The — typically existing — lack of ground truth when measuring
to what extent causal relations and effects are satisfied for (non-causal) counterfactual generation methods
is overcome by providing six (semi-) synthetic datasets of various complexity. Based on the six (semi-)
synthetic datasets evaluated in this work, we conclude that nine well-established counterfactual methods
differ in semantic meaningfulness, with drastically decreasing overall performance for more complex datasets.
We found surrogate methods work well for simple datasets, but could perform better on datasets with a larger
number of variables (e.g., Economic dataset). Further, we show that the ML model must sufficiently capture
causal relations for the counterfactuals to align with the SCM. Although this might seem straightforward, there
is little work considering classifier performance when evaluating counterfactual desiderata (e.g., realisticness
or feasibility). Finally, the proposed metrics can only capture the notion of semantic meaningfulness when
used in combination; observing semantic meaningful output (i.e., plausible explanations) for a counterfactual
generation method does not necessarily imply semantic meaningful relations (i.e., feasible explanations), and
vice versa.

Note that our notion of semantic meaningfulness only evaluates if a counterfactual is causally consistent.
Whether a counterfactual is actionable (i.e., a user can change the output of the model by doing an action), is
not part of this work. Usually, actionability is considered when generating counterfactual explanations by
setting features as mutable or immutable (e.g., [246]). Furthermore, evaluating semantic meaningfulness on
any real-world dataset is still an open issue due to the complexity of obtaining a fully specified SCM.

We only evaluated the counterfactual methods on a small set of models (Linear, Random Forest, Multilayer
Perceptron) that were trained on relatively simple (semi-)synthetic datasets. Even though the proposed
metrics and benchmarks work independently of the model and the counterfactual method chosen, not all
counterfactual methods could be applied to all models and datasets. First, we could not apply the causal-based
methods to the three semi-synthetic datasets (due to the large computation power needed), which could
have given a better insight into the relative performance of these methods in relation to non-causal methods.
Second, only the model-specific methods were usable for Random Forest, as the remaining counterfactual
methods (currently) only work for gradient-based models in the CARLA Recourse library.
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In future work, it would be interesting to analyze more classifiers (e.g., Convolutional Neural Networks)
with varying performance, more complex SCMs (e.g., containing more than 10 endogenous variables and
more complex relations), and extend the notion of semantic meaningfulness to different data types (e.g.,
images [188], time series [126]) to expand the applicability of our approach. Our study showed that capturing
causal relations while generating counterfactuals is still an open problem. For one, counterfactual generation
methods based on causal relations lack real-world applicability. Moreover, none of the non-causal methods
were able to consistently create semantic meaningful counterfactuals, resulting in unreliable explanations
not necessarily coherent with known causal relationships. Although there might not be a direct relationship
between the performance of SMO/SMR on the benchmark datasets and the dataset of interest, the metrics can
be used to develop an understanding of the limitations of explanation generating methods, which is crucial
for the adequate application and interpretation of counterfactual explanation methods. Quantifying semantic
capabilities is just the first step to developing counterfactual methods with better causal capabilities.
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Model Revision
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Part IT and Part III focused on making XAl more applicable in the indus-
trial domain by providing explainers for time series and approaches for evaluating an
explainer’s performance. This part focuses on how explanations and explainers can
be leveraged to include domain knowledge into Al models and thereby deals with
challenge 3 model revision. The following section, Chapter 8, introduces and evaluates
Continuous Explanatory Interactive Machine Learning, allowing continuous model
feedback on both the explanation and the model prediction.
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Continuous Explanatory Interactive
Machine Learning

While Part IT and Part III focused on increasing the applicability of XA in the industrial domain by
proposing new algorithms, metrics, and democratized frameworks, this section leverages XAl methods
and feedback provided on the explanations generated by XA algorithm to improve the performance of the
underlying Al model. To enhance the application of Al and XA[ in industrial settings, models need to adapt
to fast-changing conditions and cope with new information, ideally under human oversight, to prevent errors
(see Section 3.1 and Section 3.4). XAI allows the recognition of model shortcomings, however, it does not
allow model and error revision under human supervision. EXplanatory Interactive Learning (XIL) resolves
those errors by interacting with the explanations. However, the paradigm of XIL is built around an active
learning setting. In industrial settings, this inability to enhance the model on the fly leads to additional costs
due to the longer latency of affected industrial processes. Continuous Learning allows DL models to learn an
increasing number of prediction tasks (class learning) and adapt to changed input data distributions (domain
learning) iteratively, however, without human supervision.

While there are already paradigms that allow model improvement with explanation interaction and iterative
learning through time, combining both paradigms and thereby putting continuous learning under human
supervision is still an open problem. The promising direction of combining both paradigms aims at solving
the lack of (a) consecutive learning, (b) transferability, (¢) human supervision, and (d) the inclusion of domain
knowledge that hinders the usage of DL models in many applications. This chapter addresses RQ III.:

RQ ITII. How can we enable continuous, explanatory and interactive model improvement?

RQ III.(1) Which combinations of continuous, explanatory and interactive is the most suitable?

RQ III.(2) How does continuous, explanatory and interactive model improvement perform on
realistic data?

.

To answer these questions, this section proposes a combination of Explanatory, Interactive and continuous
Machine Learning, combined in a framework called Continuous EXplanatory Interactive Learning (CXIL) to
enable lifelong learning by including domain knowledge. Thereby, CXIL focuses on fine-tuning, domain, and
task learning under human supervision to enable model training in production scenarios.

First, we formalize the problem at hand (Section 8.1). Then, we lay out the approach in Section 8.2.
Section 8.3 evaluates the settings in a domain adaption, task learning, and fine-tuning scenario. Then, we
transfer the results on a real-world data set (Section 8.4). Finally, Section 8.5 summarizes and discusses the
results.



8 Continuous Explanatory Interactive Machine Learning

8.1 Problem Formalization

In correspondance to Section 1.2, consider a supervised classification problem f : X — Y, where
X ={x1,...,x,}isthedataand Y = {y1,...,y,} € C the target to be predicted. C denotes the finite
space of all known classes. Most supervised learning methods assume that each example (z;,y;) is an
identically and independently distributed (iid) sample from a fixed probability distribution P. The prediction
of y can be performed with different types of predictors f. In this context, we assume a single shared neural
network with parameters 6, where {6;; } corresponds to the weight of the connection between the neurons n;
and n; in two consecutive layers. We assume that we already have historically available data Dg = (X, YR)
with which we can pre-train a machine learner fz in traditional batch mode. During the usage of such a
traditionally supervised machine learning model fg, new data ¢, y; becomes available iteratively. Due to
the changes in production scenarios, available data can include previous unseen classes y; ¢ C (e.g., due to a
new manufacturing option), a diverging data distribution Pg(z,y) # P;(z,y) (e.g., due to the increasing age
of the machine) or the application of the model to a newly built production line.

So, we are building a framework, that can cope with

e new domains f : X — Y, where B denotes the original domain and B + 1 the new domain with
Pp(z,y) # Ppy1(r,y)

e new classes f : X — G with G being the global label and C C G

while still being under human supervision to ensure that the model does not pick up confounders.

8.2 Approach

Given the pre-trained model fz, we want to consecutively update the model weights 6, with respect to new
data points (x4, y;) as time ¢ progresses under human supervision. For that, we assume the availability of
an explainer E; for the machine learning model f that is able to visualize the model’s inner workings to a
human agent. Starting with fy = fp, we provide a human agent with the result yj; of model f;_; on a new
item x; with an explanation e;. The human interacts with the explanation e; by providing feedback z; or a
new target y;. The new data triple x, y¢, z; is instantly played back into the predictor f;_; with the help of
an interactive updating algorithm G and a continuous learner C, resulting in a new machine learning model
ft as shown in Figure 8.1.

8.2.1 Explainer L

In the context of CXIL, any explainer returning a featurewise importance (feature attribution) is suitable.
Feature attribution explains individual predictions by attributing each input feature according to how much
it changed the prediction (negatively or positively). More formally, given that model f makes a prediction
9 = f(x) for input 2, an explanation method E finds an explanation e, = Ey(z;) € R<, where d denotes
the number of features. In the case of feature attribution methods, the explainer ¢ assigns an attribution
¢; to explain the importance of a feature ¢, resulting in E¢(X) = (¢1,...,¢q). In general, any explainer
returning a feature-wise relevance is suitable (e.g., Input X Gradient [216], SHAP [139], GRAD-CAM [212]).
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Figure 8.1: Visualization of the Framework.

In this case, we use Input X Gradient, as it is applicable to all types of neural networks while still taking the
gradients into account'.

8.2.2 Continuous Learner C

Incremental learning of new information from non-stationary data streams, is a key feature of natural
intelligence but a challenging problem for deep neural networks. Deep neural networks are prone to
catastrophic forgetting, which can result in an abrupt performance decrease or, in the worst case, a complete
loss of knowledge from previous tasks. CL methods focus on preventing the loss of knowledge learned from
previous distributions. Algorithms for continuous learning are divided into three categories: regularization-
based algorithms that regularize activations, outputs of networks (e.g., [132]), or the parameters of networks
(e.g., [115]), architectural algorithms that modify the neural network’s architecture (e.g., [201]), and memory-
based algorithms that keep a subset of the previous data (e.g., [201]). The following sections describe the
continuous learner used in this framework in more detail. Architectural-based methods are excluded in this
framework as we assume that architectural changes in production environments are not practicable.

8.2.2.1 Regularization-Based Methods

Regularization-based methods combine the task-specific loss Lo with an extra loss term Lg., to avoid
forgetting. Usually, the regularization term L g, is added to the loss L with a scaling factor A:

Ltotal = LC(.'L'7 Y3 9) + ALReg(e)- (81)

1" GradCam is only applicable to Convolutional Neural Networks, and SHAP is a perturbation-based method that approximates the

influence of each feature by fitting an interpretable model instead of relying on the model’s gradients.
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The regularization term aims to keep the model’s weights 6 from diverging too far from the weights of the
previous tasks % 1. In general, the regularization term consists of the product of the change in network
parameter values from their original values and their estimated importance €.

Lreg(0) =Y _QF1(0; — 0F) (8.2)

i

Most methods differ only in how they calculate the parameter importance factor 2. In the following, we
describe how this importance factor is defined in different methods.

EWC Elastic Weight Consolidation (EWC) [115] measures the importance via the Fisher Information Matrix.
The Fisher Information Matrix approximates the curvature of the loss function, giving insights into how
sensitive the network is to weight changes. EWC computes the importance weight Qf{ ~1 of parameter i as
the squared gradient of loss function Lo w.r.t. the parameter of the previous task HAvK -1

2
B OLc
O = Blay) (Wl) (8.3)

SI Synaptic Intelligence (SI) [269], in contrast to EWC, calculates the weight importance on the fly. The
strength of each parameter’s penalty depends on how important that parameter (wgk)) is thought to be for the
tasks learned so far. The estimated importance of a parameter QlK ~1 for the first K — 1 tasks is given by:

K1 wz(k)

QK- = Z

— 8.4)
o (A1) e

(k)

Agk) denotes the difference of parameter 7 between tasks and w, ’ is estimated as the per-parameter

contribution to the change of the loss with:

Niters
wi = 37 (B:[tW] - 6;](t — 1))
t=1

aLtotal [t(k)]

06, (8.5)

MAS Memory Aware Synapses (MAS) [10] derives the parameter importance from the respective output
layers’ sensitivity to parameter changes. Oy, is the network output for the data sample x, on task £ and O is a
zero vector of the same size. [ denotes the [o-norm of the output layer O.

(8.6)

8.2.2.2 Memory-Based Methods

Memory-based methods try to prevent catastrophic forgetting by holding onto a subset of elements from
previous distributions in a buffer 5 that can be added to the training set to mitigate the drift. With this
methods, the model can learn from the new distribution while retaining information from the past. Thereby,
memory-based methods either save raw examples of past experiences (e.g., [201]), or generate examples
from previous tasks (e.g., [262]). Algorithm 9 shows the generalized memory-based training method. Before
updating the model f, data samples from previous tasks are drawn, and the model update is followed by the
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buffer update (e.g., always store the newest samples of the previous task). The working principles of the data
sampling, the model update, and the buffer update depend on the memory-based method deployed.

Algorithm 9 Memory-Based Training Method

B« {}
for (z,y) do:
if B # {} then
Drrain = SAMPLE(B) U (x,y)
else
Drrain = (2,y)
end if
Update f with Drrain
B+ BU (z,y)
if |B| > M then
B = DISCARD_SAMPLES(B3)
end if
end for

In a basic setting, we use buffer B with a memory allocation of size m = M /K for each task K. M denotes
the maximal number of samples to be stored. In cases where no task label is provided, K is specified by the
number of unique labels. If the memory m is fully allocated, the samples in the buffer are replaced with the
newest samples obtained for each task k. The model updates are obtained with Stochastic Gradient Descent
(SGD) and a cross-entropy loss.

8.2.2.3 Label Trick (LT)

All regularization-based methods described above need a task ID to inform the algorithm that the distribution
switched. In reality, this is often not feasible. To allow continuous learning without known task IDs, [270]
introduced the label trick. The trick is to train only the heads that correspond to labels included in the current
batch (i.e., heads of the current task), in contrast to the common practice of training all heads in such a
scenario. For example, if a batch consists of samples only with labels (3, 4), we calculate the loss only over
the heads corresponding to (3, 4), instead of over all heads (0,1,...,C —1).

8.2.3 Explainable Interactive Machine Learner GG

For interacting with explanations, there are four scenarios to be considered: a) Right for the Right Reasons,
b) Right for the Wrong Reasons, ¢) Wrong for the Right Reasons, and d) Wrong for the Wrong Reasons. In
scenario a), the model is updated by the continuous learner without human feedback. In cases c¢) and d),
the model is only updated based on the prediction target. In instance b), where the prediction is correct,
but the explanation is wrong, the user is asked for feedback. The feedback is provided as an annotation
matrix A € {0, 1}V, where N is the number of annotated observations, D is the number of features, and
incorrect parts of an explanation are denoted by 1. We include two strategies for revising a model based on
the feedback obtained in A: Dataset Augmentation (CAIPI [237]) and Loss Augmentation (Right for the
Right Reasons [195]).
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8.2.3.1 CAIPI

CAIPI [237] includes the explanation feedback with the help of data augmentation. New data samples,
specifically tailored to remove the wrong features, are added to the training dataset. The explanation corrections
contained in the annotation matrix A are used to transform the original input z; into counter-examples. A
counterexample is defined as (&4, y;), where ¥, is, if needed, the corrected label and Z; is the identical input,
except for the features annotated with A > 0. These features are either randomized, changed to an alternative
value, or substituted with the value of the same feature appearing in other training examples of the same class.

8.2.3.2 RRR

Right for the Right Reasons (RRR) [195] provides a loss function for differential models that penalizes the
irrelevant parts of explanations based on the annotation matrix A.

N
Lezp = Y _(An X Ej,(2n))” (8.7)

n=1

The explanation penalty L., is thereby added onto the prediction loss with a regularization factor \.

mein Le(fo(X),y) + ALeap(Ef, (X), A) (8.8)

8.3 Empirical Evaluation

Before applying CXIL to our real-world use case, we evaluate the suitability of CXIL on synthetic datasets of
the most common data types in industrial settings with known ground truths. Utilizing synthetic data enables
the simulation of user feedback without human bias and, therefore, the evaluation of the technical feasibility
of the proposed method. This section evaluates the capabilities of CXIL in hindsight to:

* Fine-tuning (Section 8.3.1): How do pre-trained neural networks correspond to fine-tuning with
explanation interaction?

* Continuous Learning (Section 8.3.2): How do continuous learners react to learning with explanation
feedback?

To enable the evaluation of continuous learning with human feedback, we utilize three synthetic datasets.
Thereby, the synthetic datasets need to include multiple tasks to allow the evaluation of continuous learning
and a ground truth that highlights important and irrelevant parts of the input data for the prediction task
for model feedback simulation. Using synthetic datasets allows the simulation of human feedback without
the need for real human interaction and eliminates aspects related to human cognition. Based on those
requirements, we generate synthetic data for an image, tabular, and time series classification task.

Inspired by the popular continuous learning benchmarking dataset Split MNIST [244], we split Decoy MNIST
into consecutive tasks to generate ground truth data and a rule we can apply to interact with the model. On
Decoy MNIST [195], images have 4 x 4 gray swatches in randomly chosen corners. The swatches shades are
functions of their digits y in training (in particular, 255 — 25y) and random in the test set. In correspondence
to Split MNIST, we split the items of Decoy MNIST into five tasks containing two consecutive classes (see
Figure 8.2).
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8.3 Empirical Evaluation

Figure 8.2: In the Split Decoy MNIST 5 tasks need to be learned consecutively without forgetting the previously learned tasks.

For the tabular task, we generate, similar to Guyon et al. [85], a dataset with 10 classes and 20 features,
of which 10 are informative, using the scikit-learn implementation’. Therefore, the remaining features are
irrelevant and should not be used in the classifier. The method generates clusters of normally distributed
points around the vertices of a 10-dimensional hypercube with sides of length 20 and assigns an equal number
of clusters to each class. It introduces interdependence between these features and adds various noise to
the data. Like Decoy MNIST, we split the tabular data into 5 consecutive tasks based on the label for the
continuous experiments.

The time series dataset is inspired by the approach of Ismail et al. [101] introduced in Chapter 6. Based on
the 5 time series processes, we generate data for 50 time steps with a feature size of 1. For each process, we
divide the generated data into two classes by adding or subtracting a constant € in the area of the desired
informative features, resulting in a 10-class classification problem (5 processes x 2 classes per process). The
informative features are in the middle of the time series, masking 35% of the time steps.

For all datasets, a simple neural network with one hidden layer and 512 neurons is used. We employ a 0.8/0.2
data split on all datasets. The first 80% of data Dy is used to pre-train a model fp, and the remaining
data D is the held-out test set. Throughout all experiments, we report the F1-Score as a measure of the
classification capabilities of the trained model.

8.3.1 Fine-tuning

For all datasets, the model is pre-trained on either the complete training data D g or not pre-trained at all.
After pre-training, we finetune all models with SGD and a learning rate of 0.001, corresponding to %Oth of
the initial pre-training rate [77]. We report the results for fine-tuning incrementally and with replay —i.e., we
collect the incrementally arriving data and update the model every 32 data instances. All results are reported
on the test set. As the upper bound for the classification performance, we use the models trained on Dp in
batch mode with Adam, a learning rate of 0.001, and a batch size of 32, and as the lower bound, we use the
incremental trained models (batch size 1).

Table 8.1 shows the F1-Score for the upper and lower bounds and the models trained and finetuned with
CAIPI and RRR. All models trained iteratively with CAIPI beat the iterative lower bound, indicating that
the provided feedback and mechanism to include that feedback influences the classification capabilities
positively. Especially when training a new model iteratively from scratch, CAIPI has an advantage, indicating
that using CAIPI can help mitigate catastrophic forgetting even without using replay or another continuous
learning strategy. For RRR, only pre-trained models and models trained with replay are able to outperform
the lower limit. The results suggest that pre-training a model, followed by iteratively including feedback on
the explanation via CAIPI or RRR, improves previously trained models. While no trend in the feedback can
be seen, the overall best results are achieved by training with replay.

2 https://scikit-learn.org/stable/modules/generated/sklearn.datasets.make_classification.html
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Table 8.1: Mean and standard deviation of the F1 averaged over 10 Runs.

Baselines CAIPI RRR
Empty Full Empty Full

Tower upper iterative replay iterative replay iterative replay iterative replay
Decoy | 0.02 & 0.00 | 0.69 + 0.07 | 0.69 + 0.05 | 0.89 + 0.01 | 0.6 + 0.08 | 0.71 + 0.04 | 0.75 £ 0.03 | 0.68 + 0.01 | 0.7 + 0.06 | 0.68 & 0.09
Tabular | 0.51 = 0.01 | 0.75 + 0.01 | 0.59 & 0.02 | 0.75 & 0.01 | 0.69 & 0.01 | 0.75 + 0.01 | 0.15 + 0.03 | 0.71 & 0.01 | 0.75 + 0.01 | 0.77 + 0.01
Time | 0.54 + 0.01 | 0.86 &+ 0.01 | 0.68 + 0.02 | 0.86 + 0.00 | 0.8 + 0.02 | 0.87 £ 0.01 | 0.15 &+ 0.03 | 0.85 + 0.00 | 0.86 + 0.01 | 0.86 + 0.01

8.3.2 Continuous Learning

To test the continuous learning capabilities of the included continuous learner in combination with the
interactive learner, the dataset containing 10 classes is split into 5 consecutive tasks according to the classes.

Table 8.2 shows the F1-Score over all datasets and algorithm combinations. In addition to the continuous
learning described in Chapter 8, continuous learning of the tasks with Adam and SGD is reported. The Upper
Bound is consistent with the upper bound described in Section 8.3.1 —i.e., a model trained in batch mode
with fully available data.

For all feedback types, the replay strategy results in the best overall F1-Score. While none of the continuous
learners except replay outperform the lower bounds, the replay strategy combined with CAIPI even outperforms
the upper bound. Using the label trick yields inconsistent results, as the best results were achieved without
the label trick or on par with the label trick. While it is not clear which feedback interaction is the best choice,
the experiments show that continuous learning with human feedback in replay mode enables neural networks
to learn consecutively multiple tasks with limited forgetting. Using explanation interaction can thereby even
result in better performance than learning in traditional batch mode with complete available data. Further,
as found in multiple studies before [244], using the replay strategy is still the most reliant way to prevent
catastrophic forgetting. Therefore, we only apply the replay strategy for our real-world use case.

8.4 Real-World Data

As the real-world use case, we predict the wear on skiving wheels. Thereby, we differentiate based on the
tooth condition between light wear, strong wear, and no wear. Overall, we have 363 manually labeled tooth
images from 6 different views (see Figure 8.3). Due to the limited number of samples available, we use
ResNet pre-trained on ImageNet for all experiments. Similar to the empirical evaluation, we investigate the
method’s capabilities to fine-tune and continuously classify additional aspects. In the fine-tuning scenario, we
only utilize the top center image as domain experts recognize most types of wear from this top view. In the
first setting, we differentiate between no, light, and strong wear. Going from there, we enhance the model by

Table 8.2: F1 for continuously learning additional classes a) feedback included via CAIPI, b) feedback included via RRR, and ¢) without

feedback.
continuous tabular continuous time split decoy mnist
LT LT LT
Adam 0.08 £ 0.02 | 0.06 4 0.00 | 0.07 £ 0.02 | 0.06 & 0.00 | 0.06 & 0.02 | 0.08 £ 0.02
SGD 0.07 + 0.01 0.06 + 0.00 | 0.07 4+ 0.04 | 0.06 &+ 0.00 | 0.06 & 0.01 | 0.02 &+ 0.00
CAIPI EWC 0.06 + 0.0 0.07 + 0.03 0.06 + 0.0 0.08 + 0.03 | 0.09 £+ 0.02 | 0.06 + 0.02
SI 0.06 + 0.0 0.07 + 0.01 0.06 + 0.0 0.07 = 0.03 | 0.09 + 0.02 | 0.06 £ 0.04
MAS 0.06 £ 0.0 | 0.08 +£0.01 | 0.06 +£0.0 | 0.07 +0.03 [ 0.02 4+ 0.01 [ 0.05 + 0.01
replay 0.74 + 0.02 [ 0.74 + 0.02 | 0.87 + 0.01 | 0.87 + 0.01 [ 0.77 £+ 0.05 | 0.82 + 0.03
Adam 0.14 + 0.03 | 0.14 + 0.02 | 0.15 + 0.02 | 0.15 4+ 0.02 | 0.09 4+ 0.01 | 0.08 &+ 0.01
SGD 0.14 + 0.03 | 0.13 &+ 0.02 0.14 + 0.04 | 0.13 & 0.04 | 0.09 £ 0.01 | 0.09 £ 0.01
RRR EWC 0.06 + 0.0 0.02 + 0.00 0.06 + 0.0 0.02 £+ 0.00 | 0.07 4+ 0.01 | 0.02 & 0.00
SI 0.06 + 0.0 0.02 4+ 0.00 0.06 + 0.0 0.02 £+ 0.00 0.07 = 0.0 | 0.02 + 0.00
MAS 0.06 £ 0.0 | 0.02+0.00 | 0.06 +£0.0 | 0.02+0.00 | 0.02+ 0.0 |0.02+ 0.00
replay 0.58 + 0.01 | 0.61 +0.01 | 0.64 +0.02 | 0.77 +0.02 [ 0.9 £ 0.0 | 0.84 + 0.01
Adam 0.22 + 0.04 | 0.12 + 0.02 | 0.16 + 0.03 | 0.19 4+ 0.03 | 0.36 & 0.04 | 0.07 & 0.00
Sanity SGD 0.1 4+0.02 | 0.13 £0.02 | 0.12 £ 0.02 | 0.13 £ 0.03 [ 0.49 & 0.05 | 0.12 & 0.03
Upper Bound | 0.63 + 0.01 — 0.75 + 0.01 - 0.68 + 0.03 —
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8.4 Real-World Data

continuously learning the additional views, which can be seen as incremental domain learning. In industrial
settings, data acquisition is often developed and enhanced iteratively, therefore new views are available
consecutively. Further, many use cases are similar: Instead of classifying the wear on skiving wheels teeth,
the wear of another tool (e.g., cutting tools) might need to be classified. The task of the model is the same,
however, in different domains. In the last experiment, we want to add another class of wear for completely
broken teeth to the existing three classes to get a more fine-grained classification and also an indication of the
need for an urgent switch of the skiving wheel. The use case shows several real-world constraints:

* Limited Data: We have a limited amount of data to train our classifier and therefore use a pre-trained
model that needs to be fine-tuned.

* Domain Knowledge: We have a task that’s easily done with domain knowledge and human cognition,
but a challenge for DL due to the limited data.

* Domain Learning: We have different views on the same problem, and therefore different domains.

 Task Learning: Instead of only recognizing strong wear, we want to differentiate between strong wear

and broken skiving wheel teeth.

(a) Light (b) Strong

(¢) Broken (d) OK

Figure 8.3: Visualization of the real world dataset. The left side shows a skiving wheel tooth from all 6 views with annotations from the
domain expert. The right side visualizes one sample per class from the top view.

8.4.1 Fine-tuning

Table 8.3 shows the F1-Score of the pre-trained ResNet fine-tuned without human annotations (baselines),
with feedback via CAIPI and feedback via RRR. The baseline’s lower and upper bounds refer to the ResNet
fine-tuned iteration-wise and batch-based (without interaction), respectively. The empty base model is the
ResNet trained on the ImageNet only, while the full base model refers to the fine-tuned upper bound.

In general, replaying parts of the data positively influences all settings, except interactively fine-tuning the
fully trained model with RRR. All methods based on the fully trained ResNet achieve a performance increase
from the domain knowledge-based interaction and, therefore, beat the upper bound with an F1 increase of at
least 0.05. The best results are achieved by interacting with the fully trained model via CAIPI in replay mode.
This might be due to the additional data generated by CAIPI, which can act as data augmentation in cases of
little data. The results show, that fine-tuning of pre-trained and pre-fine-tuned models with human knowledge
via explanation interaction can help deal with limited and incomplete data.
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Table 8.3: Mean and standard deviation of the F1 averaged over 10 runs.

Baselines CAIPI RRR
base model empty full empty full
lower upper iterative replay iterative replay iterative replay iterative replay
0.28 +0.00|0.46 £ 0.07 [ 0.28 £ 0.00 | 0.51 £ 0.07 | 0.51 = 0.06 | 0.55 = 0.06 | 0.22 = 0.08 | 0.46 £ 0.05 | 0.51 £ 0.03 | 0.51 £ 0.09

Table 8.4: F1 Score for continuously learning to classify wear on different views on the teeth. All results are reported on the test set.

CAIPI RRR Baselines
Adam SGD replay Adam SGD replay Adam SGD Upper Bound
0.2+£0.08 [0.28 £0.05| 0.5£0.11 |0.31 £0.03|0.28 = 0.06 | 0.58 - 0.04 | 0.29 £ 0.04 | 0.29 + 0.05| 0.43 £ 0.04
LT|0.09 £+ 0.00| 0.3 £ 0.07 | 0.56 & 0.03 | 0.29 + 0.04 | 0.22 £+ 0.04 | 0.57 £ 0.04 | 0.3 £ 0.06 |0.28 4 0.02 —

8.4.2 Domain Learning

In the next step, we enhance the model for the classification of skiving wheel teeth described in Section 8.4.1
by learning the classification for different views on the teeth.

Table 8.4 shows the results for incrementally learning the 6 views. Including different views on the teeth
leads to an F1 increase from on average 0.55 in Section 8.4.1 to 0.58 in the best setting. While for fine-tuning
model interaction via CAIPI was the best choice, RRR in replay mode is preferred for learning additional
domains. Overall, all interaction strategies in combination with replay outperform the batch-based upper
bound, indicating that learning new domains by including human domain knowledge provides a helpful asset.

8.4.3 Task Learning

Sometimes, models are required to make more fine-grained decisions as the original classes are not enough
to make decisions. For the skiving wheel task, the decision of strong wear should include a differentiation
between strong wear and a broken tooth as the tools with strong wear can still be reused and maintained while
a destroyed tooth, depicted in Figure 8.3, leads to the necessity of a new tool. To showcase the suitability of
the interactive methods, we use the previous best model (trained with RRR & Replay) and utilize CAIPI and
RRR in a replay setting to learn the difference between strong wear and the complete failing of the tool.

Table 8.5 shows the F1 score on a test set labeled with the four classes OK, light wear, strong wear, and broken.
The starting model, trained on the three classes, implies the lower bound. Again, learning to distinguish
between new classes derived from the old superclass by interacting via CAIPI in combination with replay
outperforms all other combinations.

Table 8.5: F1 for continuously learning the difference between strong wear and broken teeth in addition to the previous three classes.
All results are reported on the test set.

CAIPI RRR Baselines
Adam SGD replay Adam SGD replay Adam SGD Starting Model
0.32+0.08{0.34 +0.08 | 0.66 + 0.04 | 0.38 £ 0.03 | 0.37 £ 0.04 | 0.61 4= 0.03 | 0.34 £ 0.00 | 0.33 £ 0.03 | 0.22 £ 0.00
LT| 0.34+0.01 | 0.4+0.03 | 0.62+£0.01 | 0.38£0.1 |0.42+0.04| 0.6 £0.03 |0.38 £ 0.05| 0.3 £0.05 —
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8.5 Summary and Discussion

This section, addressed RQ III. by proposing CXIL, a framework for Continuous Explainable Interactive
Learning that allows continuous learning under human supervision. The results on the (semi-) synthetic and
real-world data show that including human domain knowledge positively influences classification results.
Including continuous learning allows for iterative learning of new domains and tasks. Further, it improves
learning with limited data. The improvement in the model is evident in real-world data.

In hindsight to RQ IIL.(1), our evaluation indicates that continuous learning utilizing the replay strategy still
works best. Consistent with many studies, regularization-based methods, specifically in task-free settings,
fail [270]. Even the proposed label trick did not improve the result on those methods. With more research
and better-performing regularization methods, the results could be improved. Overall, regularization-based
methods are a promising direction for continuous learning, as they do need less resources than memory-based
methods and do not change the architecture of a learner. In 4 out of the 7 cases, CAIPI in replay setting
performed best. In the remaining experiments, where RRR performed better, significantly larger datasets
were used (e.g., MNIST contains 70000 compared to 10000/5000 for tabular/time or the data increase in
the real-world domain experiment as all views are added). We hypothesize that this is due to CAIPI data
augmentation, which could be helpful in cases with low data. However, a closer inspection of the relationship
between the feedback algorithm and the dataset size on performance still needs to be conducted.

Regarding RQ III.(2), we were able to show that on real data with (noisy) human annotations the proposed
feedback and continuous learner were able to learn new domains, new tasks, and furthermore refine the
already trained model with domain knowledge. However, a long-term study in production is still necessary to
evaluate the ability of workers to interact with explanations as well as the effects of long-term continuous
learning. Further, the chosen use case is image-based and therefore more intuitive to human cognition than
tabular or time series data. For tabular and time series data, additional thoughts need to be put into the
visualization. Further, we did not account for human fatigue which often occurs in repetitive settings. To evade
human fatigue, including heuristics for item selections inspired by active learning in high-frequency settings
(e.g., settings where each step cannot be supervised due to fast processing times) might be advantageous.
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Part V

Conclusion

This part provides a synthesis of the thesis. We first summarize the thesis contributions
(Section 9.1). Then, we provide an outlook on future work (Section 9.2).
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Conclusion

This thesis investigated XA/ in the context of industrial use cases, specifically focusing on XAl methods,
XAI method evaluation and XA/-based model revision. This chapter summarizes and synthesizes our main
findings (Section 9.1) and concludes with an outline of promising future research topics (Section 9.2).

9.1 Summary

Since the adoption of the AI-ACT, interest in XA/ has been spiking. Especially high-risk systems are now
subject to regulations like transparency and human oversight. Although XAI research has been around for
more than a decade with many real-world applications, adoption of XAI in the industrial domain is still
hesitant.

Therefore, this thesis investigated the following research question:
How can we facilitate and improve XAI to enable XAI in industrial settings?

To answer the main research question, we built a conceptual framwork for the integration of post-hoc XAI.
Along this conceptual framework described in Figure 1.2, we identified research gaps currently hindering the
usage of XAl on a larger scale in industrial settings. The main research question is answered based on the
developed subresearch questions in 4 parts: the foundations, XAl methods, XAl evaluation, and XAl-based
model revision.

Part I provided the foundations and related work necessary to understand this work, starting with an
introduction to supervised machine learning and EXplainable Artificial Intelligence. Based on the foundations,
we presented first (post-hoc) XAI methods on the time series domain. Within related work, we depicted
current works regarding (i) the application of A in industrial settings, (ii) the usage of XAI on time series,
(ii1) the evaluation of XAl, and (iv) industrial applications of human-A[ interaction and continuous learning.

Part II was driven by the research challenge of XAl for time series. Thereby, our research questions aimed
to increase the accessibility of XAI for time series (RQ 1.(1)) and provide more plausible counterfactual
explanations for time series (RQ 1.(2)).

RQ I. How can we facilitate and enhance XAI on time series?

RQ I.1. How can the cross-domain application of explanation methods for deep learning based time series
classification be facilitated ?

RQ I.2. How can we enhance counterfactual time series explainers by including time series based
transformers?



9 Conclusion

We derived from the research questions Hypothesis I:

Hypothesis I (Methods)

The adoption of XAl in industrial settings can be facilitated by providing time series
explainers based on time series transformation mechanisms and an easier access to such
explainers.

Based on existing (post-hoc) XAl methods for time series and the scikit-learn principles, we formalized and
developed an architecture to standardize access to time series explainers. To test Hypothesis I, we integrated
existing XAl methods for time series into the designed framework and enabled unified access to those
methods. By providing the tool (the framework including the implemented methods) open-source via PyPi
and GitHub, we enabled an easy access to time series explainers driving more widespread adoption, fostering
community contributions, and continuous improvements. Further, to enable more realistic counterfactuals,
we included our method, TSEvo, which generates counterfactual explanations based on a reference dataset
and four different time series transformations in the framework. We were able to show that our method,
in contrast to other counterfactual explanations for uni- and multivariate time series, can generate more
proximate and in-distribution counterfactuals.

Part III investigated the evaluation of XA methods specifically in the time series (RQ II.(1)) and counterfactual
(RQI1.(2)) domain.

RQ II. How can we quantify XA/ performance on time series and industrial use cases?
RQ II.1. How can we quantify the quality of time series explainers for an easier benchmarking?

RQ II.2. How can we evaluate counterfactual explainers for real-world coherence?

Hypothesis II combines both research questions to:

Hypothesis II (Evaluation)
To ensure the correctness of explanations for further use, the quality of explanation algorithms
needs to be quantifiable.

Based on the framework developed in Part II, we investigated the performance of XA for time series with
the help of a standardized framework proposing tweaks for the time series domain, synthetic data with
known ground truths, and trained models of various types (LSTM, CNN) with the result that adopting
non-time-specific XAI to time series yields better results on faithfulness - i.e., explainer-model consistency,
however worse results on complexity. This emphasizes the need for more time-series-specific feature
attribution methods to enable explainers that replicate ML model behavior while still being low complexity
for better understandability. Further, we proposed “Semantic Meaningfulness” as a measure to capture the
realisticness of counterfactual explanation according to real-world coherence instead of the data manifold
with the result that only causal approaches can fully capture such relations and surrogate-based approaches
can only capture some. The empirical evaluation showed that optimization-based approaches perform worse
than approaches with access to additional information like the underlying data distribution or classification
model internals.
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9.2 Discussion and Future Work

Part IV built on Part II and Part ITI by leveraging well-performing XAI explanations to help Al models
learn iteratively from expert knowledge and prevent spurious behavior. By combining various continuous
learners and interactive learners, we addressed which algorithm combinations are preferable in RQ III.(1) and
how this can be applied to actual use case data RQ II1.(2).

RQ III. How can we enable continuous, explanatory. and interactive model improvement?
RQ III.1. Which combinations of continuous, explanatory, and interactive are the most suitable?
RQ IIL.2. How does continuous, explanatory, and interactive model improvement perform on realistic data?

Based on RQ III.(1) and RQ IIL.(2), we formulated Hypothesis III:

Hypothesis III (Revision)
By combining Explanatory Interactive Machine Learning with continuous learning, we can
enable continuous human supervision and boost model performance.

Building on the paradigms of continuous learning and explanatory interactive learning, we built CXIL, a
framework enabling continuous learning under human supervision. The results on (semi-) synthetic data
showed that the memory-based continuous learner is a suitable addition to enable fine-tuning with the help of
human annotations, task learning, and domain adaption. The results on the real-world data set with noisy
human annotations confirmed these results.

Returning to the overarching research question and compiling Hypothesis I-III, our proposed methods
improve and simplify the adoption of XA/ in industrial settings from the accessibility of methods, ensuring
the performance of XAI to improving predictive models based on (well-performing) XA/l applications
on-the-fly. By developing these standardized frameworks and methods, the thesis empowers integrating
XAI into industrial A/, enhancing transparency. Creating more meaningful explanations, such as realistic
counterfactuals, helps bridge the gap between complex Al models and human understanding. Rigorous
evaluation of XAl methods ensures their reliability. Ultimately, combining continuous learning with human
oversight fosters a feedback loop, enabling A/ to learn and improve in alignment with expert knowledge,
boosting performance. Figure 9.1 summarizes the investigated problem setting and shows the locations of the
contributions coming into effect.

9.2 Discussion and Future Work

The thesis provides methods and tools facilitating access to XA, focusing on industrial problem settings.
While we provide improvements in the area of XA/ for time series, the evaluation of XAI, and XAI-based
model revision, the restrictions employed in this thesis enable future improvements and innovation. This
section discusses the thesis and proposed methods and points out future work based on the scope defined in
Section 1.5.!

First, we discuss the framework for time series explainers and the enhancement of counterfactuals for
time series (Hypothesis I), which enables standardized access, reusable functions, and easy integration of
newly developed time series XAl algorithms to enable a democratized and easily accessible framework.

! Note that the results of the research questions have already been discussed in the respective chapters.
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9 Conclusion

An important direction for future work is the real-world applicability of the framework. The underlying
assumptions are regular time series with a consistent time step size and no missing values. To resolve
this assumption, data preprocessing or imputation of missing values becomes crucial; methods include
imputation, data generation-based methods, and predictor-based methods (e.g., [259]). Further, forecasting is
an increasingly important problem, as it covers use cases like demand forecasting or machine time till failure.
As discussed in Section 1.5, currently, statistic-based models, not in need of XA/, still dominate. Nevertheless,
deep learning models are closing up. As research into time series forecasting is steadily proceeding (e.g.,
transformers on time series [152]), deep learning models will soon overtake the traditional models, creating
a need for XA on forecasting tasks. Some XAl methods are already available for forecasting (e.g., [207,
271]). They are currently mostly limited to feature attribution. As research in XA[ is spiking, the research
community continuously develops more and better methods addressing some limitations of this work. We
leave the integration of such methods to future work.

Dealing with Hypothesis II, the evaluation of XAI for time series and causal coherence, the major limitation
is related to the synthetic data sets provided in both cases. The framework for benchmarking time series
assumes known time series mechanisms to generate reliable metric results, as many metrics rely on perturbing
the input with informative and uninformative features. A more sophisticated synthetic time series generator
cannot be used by assuming known generation mechanisms and informative features. Future work should
include non-perturbation metrics specifically for faithfulness and robustness to enable the use with any dataset.
Such a metric could be developed by including mechanisms to extract likely non-informative features from
datasets (e.g., by considering time series features and generating perturbations based on those). Additionally,
a conditioned time series generator (e.g., a VAE that is additionally conditioned on producing non-informative
time series) might be able to generate time series or fractions of time series that do not include informative
features. Such an approach would also bring the advantage of reliable metric applicability on custom data.
Quantifying semantic meaningfulness relies strongly on SCMs and therefore the synthetic data. Currently,
only synthetic data is provided, so extending the metrics with time series and images is of interest. To
circumvent the issue of missing SCM including approaches from the ever-proceeding research on learning
(structural) causal models from data (e.g., [180]) would enable the usage of the metrics to custom data.
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Figure 9.1: Conceptual framework for enabling (post-hoc) XA in industrial settings highlighting the contributions of the thesis.
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9.2 Discussion and Future Work

Furthermore, it would be interesting to investigate whether any of the metrics utilized correlate with what a
human perceives as a good explanation. Therefore, the outcome of this thesis is not only valuable in industrial
settings but also provides methods, tools, and results that have a broader applicability to other domains.

Future work concerning Hypothesis III, the model revision, focuses on enhancing the applicability and
efficiency in real-world settings by specifically looking at continuous learner and human factors. So far,
memory-based learners are the only adequate form of continuous learning in task-free settings. Unfortunately,
those are also the continuous learners with the highest resource needs. As research in continuous learning
is progressing, adding promising algorithms to the framework to improve online learning capabilities is
advantageous. Further, currently, each item running through the model should be annotated. To make this less
time-consuming, only selected items should be shown to the domain expert to prevent human fatigue if the
use case allows it. Inspiration for such selectors can be drawn from the research field of active learning. Many
industrial use cases include mixed input data types (e.g., image, tabular data); the method has only been
evaluated on single data type models. While the adaption of continuous learning and interactive learning
in such a setting is trivial, including an explainer able to cope with multimodel deep neural networks is
challenging due to the vast input space and need for different visualization types. Taking the results into the
real world, a sufficient user interface (e.g., [64]) and human-centered explanations (e.g., [165]) are essential to
enable good human-computer interaction. Designing such interfaces and interactions can draw from research
in the field of Human - Computer interaction.

Despite the limitations described above, the outcomes of this thesis is not only valuable in industrial settings
but also provides methods, tools, and results that have a broad applicability to other domains. The proposed
frameworks and methods are not tailored to a specific use case and can be applied where technically possible.
An interesting application is for example the medical domain that has requirements similar to those described
in the industrial setting — i.e., time series are ubiquitous (e.g., ECG), reliability and causal coherence are
highly relevant as wrong decisions have an even larger impact than in the industrial domain, and extensive
domain knowledge is available from doctors.

To summarize, while this thesis contributes to improve the applicability of XA/ in industrial setting, it also
sets the ground for diverse, promising research directions and the application to of the methods to other use
cases.
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A1 TSEvo

In this section the related work for Multi-Objective Optimization and additional results for Chapter 5 are
presented. Appendix A.1.2 shows the dataset-wise results for the mutation ablation study.

A.1.1 Details on the selection of the Multi-Objective Optimization
Algorithm

Algorithms for multi-objective optimization aim to simultaneously optimize two or more objectives. In
contrast to single-objective optimization, multi-objective optimization provide a set of points known as pareto
optimal set. In a pareto optimal set, different solutions represent the trade-off solutions between conflicting
objectives. A variety of mathematical techniques have been developed to obtain pareto optimal solutions
[145]. However, such techniques present several limitations, e.g., the susceptible to the continuity and
shape of the pareto front. Furthermore, they usually only generate one element of the pareto optimal set per
execution. These limitations gave rise to more flexible and easy-to-use metaheuristics. Currently, among the
most popular metaheuristics are evolutionary multi-objective optimization algorithms [42]. They fall into
three main categories: pareto-based, indicator-based, and decomposition-based.

Pareto-based algorithms use a selection mechanism based on pareto ranking. The core idea of pareto ranking
is to rank the population according to pareto optimality and include a density estimator to maintain as many
different solutions in the population as possible. Since its proposal by Goldberg [78], numerous algorithm
implementations based their selection scheme on pareto Ranking (e.g., Multi-Objective Genetic Algorithm
(MOGA) [72] or Nondominated Sorting Algorithm (NSGA) [227]). However, those first pareto-based
algorithms had a high computational complexity as well as a lack of elitism. Elitism is the concept of
retaining the best solutions obtained in the population to prevent the evolutionary operators from destroying
well-performing solutions. NSGA-II [52], the predecessor of NSGA, introduced elitism, a more efficient
ranking schema, and a crowded comparison estimator as density estimator. Despite the well-known limitations
of the crowd comparison operator and the rapid increase of non-dominated solutions, when dealing with
more than three objectives, NSGA-II is still used by researchers today [100].

Indicator-based algorithms were introduced to tackle the increasing number of non-dominated solutions in
multi-objective problems with more than three objectives. The modified selection scheme of indicator-based
algorithms incorporates a performance measure(e.g., hypervolume or ¢ indicator). Zitzler et al. [274]
provided an algorithmic framework for incorporation of performance indicators into the selection scheme in
Indicator Based Evolutionary Algorithm (IBEA). Interest was sparked by the introduction of the S Metric
Selection Evolutionary Multi-Objective Algorithm (SMS-EMA) [66] that combines the crossover, mutation,
and non-dominated sorting of NSGA-II with the hypervolume. However, as SMS-EMA and its modified



A Appendix

versions rely on the calculation of the exact hypervolume contributions, it becomes computationally very
expensive with the increasing number of objectives [28].

The key idea of decomposition-based approaches is transforming a multi-objective problem into a variety
of single-objective problems that are solved to generate non-dominated solutions to the original problem.
Decomposition methods allow the generation of non-convex and disconnected pareto front to overcome the
limitation of linear aggregation functions. MOEA/D [184] decomposes a multi-objective problem into several
scalar subproblems by scalarizing the objective functions with different weight vectors. Each subproblem
is optimized simultaneously using only information from its neighboring subproblems, which leads to a
lower complexity than NSGA-II at each generation and easier diversity maintenance. However, MOEA/D
has other limitations: the population size is the size of the weight vectors, which leads for many-objective
problems to an impractically large number of weight vectors[100]. For handling this difficulty, NSGA-III
[54] adopts both: decomposition and reference points. Ishibuchi et al. [100] showed that the performance of
decomposition-based MOEAs (including MOEA/D and NSGA-III) are highly sensitve to pareto front shapes
and can be outperformed on those shapes even by NSGA-II. Furthermore, Ishibuchi et al. [100] stated, that
for high performance of decomposition-based method: 1) The triangular shape of the pareto front is the same
as or similar to the distribution of the weight vectors. 2) The pareto front has to be small in comparison with
the feasible region in the objective space, and 3) The decision variables should be separable. Nevertheless,
decomposition-based approaches are still an active area of research.

Taking into account that our optimization problem only has three objectives, all of the above introduced
algorithm are a valid choice. However, we exclude indicator-based methods since our optimization problem
does not fall into the area of many-objective problems and therefore we avoid the extra complexity of
calculating an indicator. Further, we exclude decomposition-based methods since we cannot fulfill two of
the three reasons Ishibuchi et al. [100] analyzed as being responsible for high performance. The exclusion
of indicator- and decomposition-based approaches leaves us with the pareto-based approaches. NSGA-II
compared to MOGA and NSGA implements a more efficient ranking scheme leading to increasing popularity.
Despite its age, researchers still apply NSGA-II to numerous problems in the last decade (e.g., [224, 57,
146]), including a counterfactual generating problem with tabular data [48]. Furthermore, the performance of
NSGA-II has been tested in many competitive studies ( e.g., [100, 185, 75]). Therefore, we decided to use
NSGA-II.

A.1.2 Additional Visualizations for Mutation Types

This section contains the remaining results. Figure A.1 visualizes the counterfactuals achieved with the
different mutation types on the first test image.
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A.2 XTSC-Bench

This appendix provides additional explanations of the evaluation settings and visualizations of the results
from Section 6.3. Section 6.2.6 explains tweaks to the counterfactual explanations to use the benchmarking
tool and Appendix A.2.1 - Appendix A.2.3 visualize additional results.

A.2.1 Results split on Informative Features Types

Figure A.3 and Figure A.4 show the results averaged over all time series processes split on the explainer and
the informative feature type. Due to the availability of only one feature, all feature-based datasets are missing
for univariate data.The explainers perform similarly on robustness, faithfulness, and complexity on uni- and
multivariate data across the different informative feature types. On reliability, the informative feature type
has on univariate time series a huge impact on the performance of all explainers. The reliability on univariate
and multivariate data is the largest for all explainers on the informative feature “Middle” (over 30% of all
time steps and features are informative) and decreases with the number of informative features (“Middle” —
“SmallMiddle” — “Rare”).

A.2.2 Results split on Classifier Models

Figure A.5 shows the complexity, reliability, robustness, and faithfulness averaged over all datasets and split
on the classification model to be explained. If no box for a model is provided, either the model’s accuracy
is below 90% or the explainer is not applicable to the classifier. On average, explainers on LSTMs result
in less complex explanations than CNN. Explainers on CNN and LSTM perform similarly on reliability
for example and perturbation-based approaches. On faithfulness and robustness, explainers on CNNs and
LSTMs show no dominant behavior. Therefore, on most metrics, the classifier type has no larger influence
on the explainer’s performance. However, on multivariate data, a slightly higher reliability can be observed
for gradient-based approaches without TSR for explanations based on CNN. The performance increase
cannot be observed after applying TSR, indicating that “traditional” gradient-based approaches work well for
multivariate data with CNN classifiers and that LSTM-based gradient explainers need improvement.

A.2.3 Faithfulness: Comparison of Baselines

Figure A.2 compares the faithfulness metric with the generation baseline used for the synthetic data to the
“traditionally” used baselines mean and uniform. As the uniform baseline performs, on average, similar to the
known generation process baseline, we advise users with non-synthetic data to use the uniform baseline.
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Figure A.2: Comparison of baselines used in the calculation of the faithfulness metric.
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A.3 Semantic Meaningfulness

This section visualizes the causal graphs belonging to the synthetic dataset introduced in Section 7.2.4.

Figure A.6: Synthetic datasets.
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Figure A.7: Nutrition dataset.
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Figure A.8: Credit dataset.
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Figure A.9: Economic dataset.
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