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Abstract

Explainable Artificial Intelligence (XAI) for time series models remains difficult because

many established explanation techniques are designed for static data and often produce

outputs that are hard for humans to interpret when applied to temporal signals. This

thesis investigates whether principles from Machine Teaching can be used to construct

example-based explanations that improve understanding of a black-box time series clas-

sifier in an industrial setting.

The work is situated within the Machine Teaching for Explainable AI (MT4XAI)

research project and uses electric vehicle charging-session data from Eviny as a practical

case. A forecasting-based anomaly detection pipeline was developed in which a multi-

horizon Long Short-Term Memory network predicts charging behaviour and session-level

forecast errors are transformed into binary anomaly labels. To improve interpretability,

Optimal Robust Simplifications (ORS) were computed for charging curves, producing

piecewise linear representations that preserve the classifier’s decision while reducing visual

complexity. These simplified examples were then organised into a class-balanced teaching

pool and selected into compact teaching sets using a facility-location objective designed

to maximise behavioural coverage while limiting redundancy.

The thesis further operationalises MT4XAI through an experimental evaluation using

multimodal LLMs as controlled proxy learners. Six experimental conditions were designed

to compare different explanation modalities and teaching orders, including curriculum-

based presentation, randomised teaching order, simplified-only examples, raw-only exam-

ples, and overlay-based representations. Performance was measured through pre-teaching

and post-teaching simulate-the-model tasks under balanced exam conditions.

The results show that the forecasting model provides a sufficiently stable basis for

anomaly scoring, that ORS can generate robust simplifications across a large set of charg-

ing sessions, and that teaching sets can be constructed as a reproducible end-to-end ex-

planation pipeline. The MLLM experiment indicates that representation and ordering

influence post-teaching performance, although the findings also highlight methodological

limitations when using frozen language models as proxies for human learning. Overall,

the thesis demonstrates how Machine Teaching can be translated from recent theory

into a practical XAI pipeline for multivariate time series classification, while identifying

important constraints for future human-centred evaluation.
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Chapter 1

Introduction

1.1 Background and Motivation

Artificial intelligence (AI) has become a central tool in modern decision-making across

industry, healthcare, and society at large. Systems based on deep learning, probabilistic

models, and other machine learning (ML) approaches are now embedded in critical appli-

cations such as disease diagnosis, fraud detection, industrial process control, and energy

management. What these domains have in common is the demand for high accuracy

and efficiency, but also for transparency. If the reasoning of an AI system cannot be

understood, it becomes difficult to trust, audit, or improve. This concern has been one

of the main driving forces behind the increased interest for Explainable AI (XAI), a field

dedicated to providing human-understandable explanations for AI outputs [1, 4].

1.1.1 The challenge of time series data

While XAI research has achieved meaningful progress in areas such as image and text

classification, time series data presents unique difficulties. Unlike images, which can be

visually inspected, or text, which humans interpret naturally through language, time

series are abstract sequences of values over time. The meaning of their patterns is often

domain-specific and not intuitive to non-experts [49, 95]. The following examples from

different domains illustrate this challenge:
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• Healthcare: Electrocardiograms (ECGs) record a heart’s electrical activity over

time. Clinicians learn to recognise anomalies that indicate e.g. the early stages of

heart attacks, while accurate interpretation of ECGs is difficult for those without

specialised training.[19].

• Finance: Modern electronic markets continuously generate multivariate data

through the limit-order book (LOB). Predicting short term price movements re-

quires interpreting rapid changes across many interdependent variables such as

bid-ask depths, order arrival rates, and liquidity imbalances. These interactions

form a high-dimensional, rapidly evolving time series that is difficult for humans to

interpret directly [97].

• Cybersecurity: Intrusion detection relies on monitoring network traffic patterns.

Anomalous activity may only be detectable by subtle deviations in timing or fre-

quency, which humans struggle to recognise unaided [6].

• Energy systems: Load curves representing electricity consumption evolve across

days and weeks, where unusual fluctuations may signal inefficiency or faults [95].

• Transportation: Vehicle telemetry, including engine vibrations, brake pressure,

and GPS trajectories, generates multivariate time series where anomalous events

may be hidden within noisy signals [63].

In all these settings, humans are poorly equipped to interpret long, multidimensional

sequences. People tend to focus on a few salient peaks or drops, and may overlook less

obvious but crucial dependencies. This cognitive mismatch means that black-box time

series models risk becoming tools whose outputs are accepted or rejected without true

understanding [96].

There are several reasons why time series are particularly difficult for human inter-

pretation:

1. Temporal length: Sequences often contain hundreds or thousands of points. Un-

like images, where the whole object is visible at once, time series must be “read”

across time, which strains working memory [65].

2. Multivariate complexity: Many applications involve multiple signals recorded

simultaneously, e.g., power, state-of-charge, and ambient temperature in electric

vehicle (EV) charging. The interplay between these variables can be non-linear and

unintuitive.
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3. Lack of semantic anchors: In text, words carry meaning, and in images, shapes

can be labelled. In time series, the same rise or dip may have different implications

depending on context. For example, as a battery approaches full charge, the power

accepted by the battery decreases significantly. However, should the same pattern

occur at 40% charge, it might indicate a fault.

4. Hidden dependencies: Important relationships may occur across distant time

steps. Humans struggle to track these long-range dependencies without computa-

tional assistance [51].

1.1.2 Time series modelling and interpretability paradigms

This thesis studies sequence-level time series anomaly detection (SL-TSAD) on multi-

variate time series from EV charging sessions. Concretely, we build a system that assigns

each session a binary label (‘normal’ or ‘abnormal’) by computing an anomaly score from

forecasting errors and comparing it to a threshold. Although the underlying model is

trained through self-supervised forecasting, the deployed system functions as a binary

classifier once the anomaly score is thresholded. The formal definitions, modelling ap-

proaches and learning paradigms for time series classification (TSC) and SL-TSAD are

provided in section 2.1.

One direction for explainability is to highlight which parts of the input drive a model’s

decisions, but for time series such explanations can be cognitively demanding and may

feel fragmented. Common post-hoc approaches attempt this by assigning importance to

individual time steps, variables, or subsequences, for example through feature attribu-

tion methods such as SHAP and LIME, discriminative subsequences such as shapelets,

or counterfactual perturbations. While such methods can reveal locally important parts

of an input, they often present isolated fragments rather than a coherent explanation of

the full temporal behaviour. For long multivariate sequences, users must still reconstruct

how these fragments relate to the model’s overall decision, which can impose substantial

cognitive load. This motivates simplified, example-based explanations that aim to pre-

serve decision-relevant temporal structure while presenting it as an interpretable whole

rather than as disconnected local cues [73, 48].
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1.1.3 MT4XAI: Example-based explanations through machine

teaching

The research project Machine Teaching for Explainable AI (MT4XAI) aims to address

these interpretability challenges by reframing explanations of AI behaviour as a teaching

problem [94, 111, 27]. Instead of overwhelming users with all possible examples or post-

hoc rules, MT4XAI identifies a small, optimised teaching set of examples that illustrate

the concept a model has learned.

This builds on the theory of machine teaching (MT), which studies how a teacher can

teach a concept to a learner as efficiently as possible using the most informative examples

[98]. In the MT4XAI framework, the AI system plays the role of the “teacher”, while the

“learner” is the human user, and the “concept” to be taught is the decision boundary of

a time series classifier. The challenge is to find teaching sets that are both simple and

faithful: small enough for humans to grasp, but accurate enough to reflect the model’s

reasoning. See sections 2.3 and 2.4 for an overview of relevant MT concepts.

This master’s thesis aims to meaningfully contribute to MT4XAI by applying the

framework to a real-world industry use case in collaboration with a major operator of

EV charging stations in Scandinavia and Germany. The project develops an anomaly

detection system for EV charging sessions and explanation mechanisms that leverage re-

cent advances in time series simplification and machine teaching. By simplifying complex

charging curves and selecting optimised teaching sets, the thesis aims to provide explana-

tions that are both accurate and cognitively accessible. This practical case study serves

as a validation of MT4XAI’s theoretical ideas and as a step toward their adoption in

industrial practice.

1.2 Problem Statement

Deep learning models have been proven effective for time series classification and fore-

casting tasks [52, 66], but their opacity limits adoption in high-stakes applications in

industries such as energy, health care and defence [4, 38]. Traditional XAI methods are

not well suited to time series, as they often fail to produce explanations that are faithful

to the model while also being accessible to a wide audience of non-experts [96, 86, 74].

Session-level time series anomaly detection systems for EV charging cannot provide cus-

tomers or domain experts with actionable insights without also justifying their decisions
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with explanations. This creates a gap between predictive performance and practical us-

ability, and motivates explanation methods that can justify anomaly detections in a way

that is both faithful to the underlying model and accessible to non-experts.

1.3 Research Questions and Objectives

The overarching research question for this project is formulated as follows:

“How can techniques from Machine Teaching for XAI be applied to

time series classifiers in order to generate simple, understandable

and faithful explanations of model decisions in a real world industry

setting?”

In order to validate the interpretability of the generated explanations, I conduct a

study with Multimodal Large Language Model (MLLM)-based ”participants” acting as

proxies for human participants. The study is designed to test the following hypotheses,

where improvement is measured as the change in simulation accuracy from the pre-

teaching exam to the post-teaching exam (post minus pre):

• H1 (Effect of simplification): Participants in Group B (simplified overlay ex-

amples, unordered teaching sequence) will show greater post-minus-pre accuracy

improvement than participants in Group C (raw-only examples, unordered teach-

ing sequence).

• H2 (Effect of curriculum ordering): Participants in Group A (simplified over-

lay examples, curriculum-ordered teaching sequence) will show greater post-minus-

pre accuracy improvement than participants in Group B (the same simplified

overlay modality, but unordered sequence).

• H3 (Effect of teaching vs no teaching): Participants who receive a teaching

phase (Groups A–E) will show greater post-minus-pre accuracy improvement than

participants in the no-teaching baseline condition (Group F).

I answer the research question and test the hypotheses by pursuing the following

objectives:

1. Wrangle: Load, clean, and enrich the EV charging dataset.
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2. Analyse: Conduct exploratory data analysis (EDA) to analyse the statistical char-

acteristics and limitations of the dataset.

3. Model: Design, train, tune, and evaluate multiple machine learning models for

time series forecasting. Select the highest performing model for downstream tasks.

4. Detect anomalies: Implement, evaluate, and select the overall anomaly detection

approach by integrating and evaluating different error metrics.

5. Simplify: Adapt, implement and evaluate curve simplification techniques.

6. Teach: Design and implement a machine teaching-based system that provides

example-based explanations, and evaluate it on MLLM participants.

Objectives 1–5 establish the deployed decision system and its explanation pipeline,

while Objective 6 evaluates whether the resulting teaching setup improves simulateability

for a proxy learner.

1.4 Thesis Structure

The remainder of this thesis is organised as follows:

• Chapter 2 introduces the theoretical background, covering time series data, time

series classification including modelling and learning approaches, explainable AI,

machine teaching fundamentals, and learnability theory.

• Chapter 3 reviews related work, focusing on XAI methods for time series classifica-

tion, simplification algorithms, and recent contributions in MT4XAI.

• Chapter 4 describes the methodology, including data collection, preprocessing,

model design, training and evaluation, simplification algorithms, teaching-set con-

struction, and the MT4XAI experiment with MLLMs.

• Chapter 5 reports the main empirical and engineering results from forecasting-

model selection, anomaly-scoring calibration, curve simplification, and the MT4XAI

MLLM experiment.

• Chapter 6 discusses the findings in relation to the research question, the broader

MT4XAI project, and the main methodological limitations and contributions of the

thesis.

• Chapter 7 concludes the thesis and outlines directions for future work.
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Chapter 2

Background and Theoretical

Foundations

2.1 Time Series Data and Time Series Classification

Time series data are sequences of observations ordered in time. They occur in diverse

domains such as healthcare, finance, energy, and transportation, and are characterised by

temporal dependencies, autocorrelation, and often non-stationarity [65]. In the context of

this thesis, the primary focus is on electric vehicle (EV) charging sessions, which generate

multivariate time series (hereafter referred to as ”sequences”) capturing variables such

as the charger’s power output (kW) and the battery’s state of charge (SOC) percentage

over time for a charging session. The EV charging dataset provided by a large Norwegian

renewable energies company allows us to explore the practical challenges that arise from

applying novel XAI techniques to a time series classification system operating in a real-

world industry context.

2.1.1 Structure of Panel Datasets

The data used in this project falls in the category of a panel dataset, also referred to as

longitudinal data. Panel data has been defined as a collection of many unit-indexed and

discrete time series where each series corresponds to a unique recording event [43, 21, 13].

In the case of the EV charging session dataset, each session contains temporally ordered

observations of variables such as charger power Pt and battery state of charge SOCt.
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Panel datasets are different from a single, continuous monitoring stream because they

comprise repeated observations of similar processes across units rather than one long

sequence / series [43, 21]. This structure supports analyses that exploit both within-

sequence temporal dynamics and across-sequence regularities (population-level struc-

ture), as is common in grouped or hierarchical collections of related sequences [46]. In

our setting, we assume negligible interaction across sequences (EV charging sessions) and

treat each charging event as conditionally independent given contextual variables, which

is consistent with panel systems being modelled as independent stochastic processes linked

by shared parameters [13].

Formally, each charging session is a finite multivariate sequence

Xi = {xi,1, xi,2, . . . , xi,Ti
}, xi,t ∈ Rd.

Here, d denotes the dimensionality of the data, i.e. the number of measured quantities

observed at each time step. Throughout this thesis, variable is used as the default term

when discussing data dimensions generally or statistically. Additionally, to better align

the subject matter with supporting literature, the term feature is reserved to specify

model inputs and the term channel is used when discussing structured signal dimensions

in a mathematical tensor-representation context. Thus, power, battery state of charge

(SOC), and ambient temperature are treated as variables in the dataset, as features when

used as model inputs, and as channels when represented inside neural network tensors.

The complete dataset is defined as

D = {Xi}Ni=1,

where t is the current time step, Ti is the variable length of a sequence with index i and N

is the number of charging sessions in the dataset. The assumption of independence across

sessions and temporal dependence within sessions reflects standard panel data practice

[43, 13].

Practically, time series from the same system or process may vary in length, cadence,

and available variables, which makes specialised per-sequence modelling inefficient and

limits the ability to exploit regularities shared across sessions. This motivates training

a single global model across many sequences, allowing the model to learn cross-sequence

structure while preserving temporal dynamics within each individual sequence. Recent

forecasting literature shows that such global models can generalise effectively across het-

erogeneous panel datasets when the underlying sequences share sufficient statistical reg-

ularity [42].
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2.1.2 Time Series Classification and Anomaly Detection

Time series classification (TSC) problems require constructing decision functions that

assign a discrete label to an entire temporal sequence. Formally, given a sequence space

X and a label space Y , a classifier learns a mapping f : X → Y , where each input

sequence Xi ∈ X receives one label yi ∈ Y [52, 96]. In the classical supervised setting,

labels are provided during training and the model learns discriminative temporal patterns

that separate predefined classes. TSC is therefore fundamentally a sequence-level decision

problem regardless of whether the sequence is univariate or multivariate, fixed-length or

variable-length, as the output is a single class assignment for the full sequence.

The set of time series anomaly detection (TSAD) problems is broader. Rather than

predicting semantic classes, TSAD aims to identify observations or temporal behaviours

that deviate from learned normality patterns. In recent years, the field of time series

anomaly detection (TSAD) has seen increased interest due to its wide applicability [106].

Unlike TSC, TSAD may operate at multiple temporal granularities: anomaly decisions

can be produced for individual timestamps, contiguous subsequences, or complete se-

quences. For this reason, TSAD cannot in general be treated as a subset of TSC.

In addition, this thesis uses the convenient term sequence-level time series anomaly

detection (SL-TSAD). To the best of my knowledge, SL-TSAD is not an established term

in the literature. It is introduced here to clearly delimit the subset of problems studied

in this thesis. The distinction (and overlap) between TSC, TSAD and SL-TSAD is

important because methodological choices, explanation strategies and evaluation results

may transfer differently across related problem classes.

We will explicitly distinguish the following relationships:

SL-TSAD ⊂ TSAD, SL-TSAD ⊂ TSC, TSAD ̸⊂ TSC.

In SL-TSAD, a temporal model trained with self-supervised objectives (see subsec-

tion 2.1.3) is converted into a binary decision system by aggregating prediction errors

into an anomaly score s(Xi) and thresholding it at some τ . Once τ is fixed, the overall

system induces a decision function

fAI(Xi) =

1 if s(Xi) > τ (anomalous)

0 if s(Xi) ≤ τ (normal)
(2.1)
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which maps entire sequences to discrete labels. Therefore, it behaves as a TSC at the

sequence level, even though the core machine learning component has not been explicitly

trained to output a single target from sequence-level samples. This distinction is only

important for conceptual clarity, as the paradigm used for training does not need to

coincide with the functional form of the deployed decision system.

A common approach in TSAD is to train forecasting models on sequences assumed

to represent normal behaviour. The model is expected to learn the dynamics of the

non-anomalous distribution and to exhibit elevated prediction errors when confronted

with out-of-distribution (OOD) samples, which are deemed anomalous [72, 44, 15]. The

training data should predominantly be non-anomalous but may contain a small fraction

of anomalous samples, provided that this contamination is insufficient to bias the learned

representation [84]. In evaluation and deployment, the model’s forecasts are compared

to actual observations, and deviations beyond a threshold can indicate anomalies [11].

2.1.3 Learning Paradigms for Training Time Series Classifiers

Time series models can be trained under different learning paradigms depending on the

availability of labels and the nature of the training objective. In the context of explaining

the theoretical foundations of TSC, TSAD and SL-TSAD it is important to distinguish

between supervised, unsupervised, and self-supervised learning, as these paradigms imply

different assumptions about the data and different interpretations of the resulting model.

Supervised learning

In supervised TSC, each sequenceXi ∈ X in a datasetD = {(Xi, yi)}Ni=1 is associated with

a ground-truth label yi ∈ Y , where X denotes the space of admissible input sequences,

typically

X =
⋃
T∈N

RT×d,

i.e., the set of multivariate time series of arbitrary length T and dimensionality d. The

model is trained to minimise a classification loss (e.g., cross-entropy) between predicted

and true labels. In this setting, the classifier directly learns a mapping f : X → Y from

a carefully constructed set of labelled examples.

Unsupervised learning

In unsupervised learning, no ground-truth labels are available. The objective is instead to

uncover structure in the data, such as clusters, latent representations, or calculate density
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estimates. For TSC, this may involve clustering sequences (e.g. using K-means with

dynamic time warping), learning generative models (e.g. using variational autoencoders),

or estimating the probability density of normal behaviour (e.g. with Hidden Markov

Models or autoregressive likelihood models). Purely unsupervised models do not directly

optimise for a classification objective. However, their outputs can easily be post-processed

to yield a classifier, for example by automatically classifying members of the three largest

clusters as normal and all others as anomalous.

Self-supervised learning

Self-supervised learning sits somewhere in between, as the prediction targets are automat-

ically derived from the structure of the data itself rather than from externally provided

labels. Predictive self-supervision has proven to be highly effective for learning structure

in unlabelled temporal data [108, 26]. In time series modelling, common self-supervised

objectives include forecasting future values from past observations, reconstructing masked

segments, or predicting transformations applied to the sequence [11, 106]. The model is

trained to solve an auxiliary task that encourages it to learn meaningful representations

of temporal dynamics. Importantly, self-supervised learning does not require labelled

anomalies or semantic class annotations. Instead, the structure of the sequence provides

the learning signal.

Once trained, a self-supervised model can support downstream TSC and TSAD tasks

in various ways [29]. In SL-TSAD, we convert the self-supervised forecasting errors into

an anomaly score and apply a threshold to induce a binary decision rule (defined in

subsection 2.1.2). Here, self-supervision provides the learning signal, while the deployed

system behaves as a sequence-level classifier.

2.1.4 Modelling Approaches for Time Series Classification

A wide array of machine-learning techniques have been applied to time series classifica-

tion (TSC) tasks, ranging from traditional statistical models to modern deep-learning

architectures [52, 75, 51].

Traditional models. Classic machine-learning methods remain an important baseline

for TSC. For example, logistic regression estimates class probabilities and is most effective

when series are linearly separable or after suitable feature transformations [8]. Decision-

tree methods permit non-linear interactions and rule-based decision boundaries, though
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they are prone to overfitting in high-dimensional or highly temporal data. The K-nearest

neighbours (kNN) classifier assigns classes based on closest training series in the feature

space. It is intuitive and often competitive despite its scalability challenges and high-

dimensionality limitations [62].

Deep learning models. Deep learning architectures have achieved state-of-the-art

(SOTA) results in TSC by learning hierarchical representations directly from raw se-

quences [52].

• Convolutional Neural Networks (CNNs): Originally developed for image tasks (e.g.,

the seminal work by ImageNet Classification with Deep Convolutional Neural Net-

works [58]), CNNs have been adapted to time series where convolutional filters

capture local temporal pattern structure and parameter sharing aids generalisation

[99].

• Long Short-Term Memory (LSTM) networks: Introduced by Long Short-Term

Memory (1997) and widely used for sequence modelling, LSTMs excel at capturing

long-range dependencies in sequential data via four different gating mechanisms,

making them especially suited for TSC tasks where a early temporal context mat-

ters for late-stage predictions.

• Gated Recurrent Unit (GRU): Introduced by Cho et al. (2014), the GRU is a

streamlined variant of the recurrent memory cell which combines the forget and

input controls into a single “update” gate, and uses a “reset” gate to decide how

much of the previous hidden state to forget [17]. On short to medium-length se-

quence modelling tasks, it tends to achieve performance comparable to LSTMs with

approximately 30% fewer parameters.

• Temporal Convolutional Networks (TCNs): The architecture proposed by An Em-

pirical Evaluation of Generic Convolutional and Recurrent Networks for Sequence

Modeling [7] demonstrates that fully convolutional, dilated causal networks can

outperform recurrent models in sequence tasks, prompting more use in TSC.

• Transformers: The well-known Attention Is All You Need (2017) paper introduced

self-attention mechanisms that capture global dependencies without recurrence.

More recently, adaptations to time series are surveyed in works such as Wen et

al. (2022) [102], showing strong promise in TSC and beyond. It also worth noting

that attention mechanisms can be added to recurrent architectures, such as adding

attention heads to a GRU network in order to improve long-term context retention

[92, 61, 64].
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2.1.5 Forecasting Techniques

The prediction horizon H defines how far into the future the model must forecast. The

choice of prediction horizon H and forecasting techniques matters greatly for model per-

formance and how evaluation metrics are calculated. In general, shorter horizons are

easier to predict than longer ones, since errors compound with time. A trivial solution to

time series forecasting is to always predict yt+1 = yt, and in practice, we often see such a

”lagging” effect during model training and inference as the penalty for making the safe

”lag” prediction is low. In fact, such models might even perform surprisingly well on

highly persistent series [45, 90].

Multi-step and multi-horizon forecasting can be framed in several ways, each with

different bias–variance and error-accumulation properties. Recursive strategies propagate

one-step errors forward, so errors tend to compound with horizon. Direct or multi-

output strategies avoid compounding but require the model to produce stable multi-

horizon outputs, which can be challenging. Empirical and theoretical comparisons of

these strategies are well studied in the forecasting literature [90, 82, 45].

A common formalisation of the multi-horizon forecasting problem is as follows. Let

yt ∈ Rd denote the univariate or multivariate observation at discrete time t. Given the

history Ht = {yt, yt−1, . . . } up to time t, the goal of an H-step (multi-horizon) forecaster

is to produce forecasts for the next H timesteps:

ŷt+1|t, ŷt+2|t, . . . , ŷt+H|t,

or, with vector notation:

ŷt+1:t+H|t =
(
ŷt+1|t, ŷt+2|t, . . . , ŷt+H|t

)⊤ ∈ RH×d.

There are multiple well-established strategies for constructing ŷt+1:t+H|t from data. The

literature commonly distinguishes the following [90, 91]:

• Recursive (iterative) strategy: Train a one-step ahead model m(·) to predict

yt+1 from Ht. Multi-step forecasts are obtained by iteratively feeding previous

predictions back into the model: ŷt+2|t = m(ŷt+1|t, . . . ), and so on. This approach

is computationally cheap but may accumulate error across horizons, causing error

compounding particularly when the underlying dynamics are nonlinear [90].
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• Direct strategy: Train a separate model mh(·) for each horizon h = 1, . . . , H so

that ŷt+h|t = mh(Ht). Direct models avoid iterative error accumulation but can

suffer higher estimation variance because each horizon uses fewer effective training

targets [90].

• Multi-output (MIMO) / simultaneous strategy: Train a single model that di-

rectly outputs the whole horizon vector ŷt+1:t+H|t in one pass. This multiple-output

formulation preserves stochastic dependence between future steps and is often re-

ferred to as MIMO (multiple-input, multiple-output) in the forecasting literature

[91].

Because the different strategies trade off bias and variance, hybrid schemes have been

proposed that attempt to combine their advantages. For example, the ”rectify” approach

adjusts recursive forecasts using horizon-specific corrections [90]. In modern deep learn-

ing practise, the multi-horizon problem is often handled with one of the above paradigms

implemented as either (a) encoder–decoder or sequence-to-sequence networks that pro-

duce an entire forecasting path, (b) multi-output heads that predict all horizons jointly,

or (c) direct heads per horizon [66].

For training and evaluation it is common to aggregate per-horizon losses using a

weighted sum. Let ℓpred : Rd × Rd → R≥0 be a per-step forecasting error metric / loss

function (see subsection 2.1.6). A horizon-weighted objective for a single training example

at time t can be written as

Lt =
H∑

h=1

wh ℓpred
(
yt+h, ŷt+h|t

)
,

where wh ∈ [0,∞] are horizon weights that allow the practitioner to emphasise near-term

accuracy (larger wh for small h) or to treat all horizons equally [66, 91]. Horizon weighting

is a straightforward and widely-used mechanism for reflecting the differing importance

and difficulty of short versus long horizons in both model training and hyperparameter

selection.

2.1.6 Forecasting Error Metrics

The choice of error metric directly impacts what kinds of time series are classified as

anomalous. We will therefore review some commonly used metrics for time series fore-

casting, along with the specialised metrics used in the project’s SL-TSAD implementa-

tion.
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• Mean Absolute Error (MAE):

MAE =
1

N

N∑
i=1

|yi − ŷi|

• Mean Squared Error (MSE):

MSE =
1

N

N∑
i=1

(yi − ŷi)
2

• Root Mean Squared Error (RMSE):

RMSE =

√√√√ 1

N

N∑
i=1

(yi − ŷi)2

• Weighted Root Mean Squared Error (W-RMSE): ...

• Huber Loss (SmoothL1): Quadratic for small errors, linear for large errors. This

offers robustness against outliers.

ℓδ(y, ŷ) =

1
2
(y − ŷ)2, if |y − ŷ| ≤ δ

δ
(
|y − ŷ| − 1

2
δ
)
, otherwise

• Robust Weighted Standardised Error (RWSE): Residuals are first computed per

time step, horizon, and channel:

rt,h,c = yt+h,c − ŷt+h|t,c.

From validation residuals, we compute the median mh,c and median absolute devi-

ation MADh,c, then standardise:

zt,h,c =
|rt,h,c −mh,c|

MADh,c

,

with clipping (e.g. zt,h,c ≤ 5.0). To combine across horizons and channels, we apply

horizon weights wh (exponential decay, normalised to 1) and channel weights wc

(uniform, sum to 1). The session-level RWSE is

sRWSE(Xi) =
1

T ′

T ′∑
t=1

H∑
h=1

C∑
c=1

whwc zt,h,c
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where sRWSE(Xi) ≡ s(Xi) discussed in subsection 2.1.2, T ′ is the number of evalu-

ated time steps, H is the number of horizons, and C is the number of channels.

Each anomaly scoring metric variant s(Xi) emphasises different aspects of error:

RMSE heavily penalises large spikes, MAE balances across magnitudes, Huber Loss in-

troduces robustness to outliers, and RWSE highlights systematic deviations rather than

isolated spikes.

2.1.7 Statistical vs. Perceptual Anomalies in Applied SL-TSAD

All approaches to anomaly detection must deal with the tension between statistical and

perceptual anomalies. What a model flags as unusual based on high variance or predic-

tion error may or may not align with what humans perceive as surprising or suspicious.

Although anomalies in time series are often described as deviations from an expected

temporal pattern, what counts as “expected” depends on domain context, operating con-

ditions, and the cost of false alarms. As a result, anomalies can be statistically rare un-

der a learned model without being operationally meaningful, and vice versa. Ultimately,

anomaly labels often carry a degree of subjectivity [60]. In industrial applications such as

EV charging, this subjectivity is particularly salient, since deviations that are statistically

rare may nonetheless represent acceptable operational variations.

This thesis focuses on SL-TSAD, where the objective is to judge whether an entire

charging session deviates from learned regularities, rather than detecting isolated anoma-

lous points. This choice aligns with the setting of customer service for EV charging,

where the practical question is whether a charging session is ”normal” or ”abnormal” as

a whole. Because anomaly judgements are context dependent and may be interpreted

differently by different stakeholders (e.g. customers, technicians, Data Scientists), ex-

plainability becomes particularly important as users need to understand why a session

was flagged in order to determine whether it reflects an actual issue or an acceptable

variation.

2.2 Explainable Artificial Intelligence

The modelling approaches explored in subsection 2.1.4 may achieve strong predictive

performance but vary in interpretability. Deep learning models are often criticised as
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”black boxes” because their internal decision processes are difficult to inspect directly

[83]. This becomes especially relevant in multivariate time series settings, where several

interdependent variables evolve over time while static contextual features influence the

observed temporal dynamics. For example, ambient temperature is a static variable that

may act as a proxy for battery temperature, which in turn affects battery chemistry and

charging behaviour.

Explainable Artificial Intelligence (XAI) seeks to make the behaviour of AI systems

understandable to humans. In practice, this includes models that are interpretable by

design, such as sparse or prototype-based models, as well as post-hoc methods that

explain already-trained systems through local or global surrogates, feature attribution,

counterfactuals, examples, or combinations of these approaches [69, 24, 38]. Generating

explanations is therefore not only a technical task, but also a human-AI interaction

problem in which people form and revise mental models of how a system behaves [74].

In the early 1970s, expert systems such asMYCIN included built-in explanation facili-

ties that returned rule-based justifications and traces of inference when users asked ”why”

or ”how” questions [87, 14, 89]. After the deep learning resurgence in the 2010s, general-

purpose post-hoc methods such as LIME [81], SHAP [70], and Integrated Gradients [88]

became widely used. Around the same period, researchers argued for clearer definitions

and stronger scientific standards for interpretability [69, 24]. Others emphasised that

good explanations should reflect how people actually ask for and use explanations. In

particular, human explanations are often contrastive, selective, and shaped by context

rather than exhaustive descriptions of all causes [74]. More recent work models explana-

tion as a process of belief updating, where users revise their understanding of a model

through interaction with explanatory information [104].

2.2.1 Why XAI?

Although the conceptual motivation for XAI follows from the opacity of many mod-

ern learning systems, its practical importance becomes clearest when models are used

in settings where predictions influence human decisions, operational processes, or criti-

cal infrastructure. In such settings, limited interpretability can reduce oversight, make

model errors harder to diagnose, and complicate accountability when systems behave

unexpectedly. This has led to growing demand for XAI methods that provide human-

understandable insight into model behaviour and predictions [4, 39].
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Explanations also support practical work during model development and deployment.

They help practitioners detect spurious correlations, inspect whether predictions rely

on meaningful patterns, and judge when model outputs should be trusted. Without

such support, users may either reject useful systems or place too much confidence in

unreliable predictions [10]. Explanation quality therefore depends strongly on the user’s

task. Developers auditing a model need different information from domain experts trying

to understand decision boundaries. Interactive explanations that allow users to probe

predictions, compare alternatives, and test counterfactual ”what-if” cases can help users

build more accurate mental models, while poor visual or interaction design may weaken

trust instead [10, 74, 104].

2.2.2 Families of XAI methods

These practical needs have led to several broad families of XAI methods, each based on

different assumptions about what should be explained and how explanations should be

presented. Feature attribution methods use gradient-based or perturbation-based scores

to estimate how input features contribute to a prediction [107, 88]. They are widely used,

but their outputs are sensitive to implementation choices and often difficult to interpret

without strong domain knowledge [2, 34, 74, 96].

Other widely used approaches rely on surrogate models. Methods such as LIME [81]

approximate the behaviour of a black-box model locally with a simpler interpretable

model [38]. Similar ideas can also be applied globally, although explanatory fidelity often

decreases as the explained region grows [76].

Example-based explanations communicate model decisions through concrete instances

rather than abstract feature scores. This often matches how people naturally reason about

decisions [76]. Common techniques include prototypes, criticisms, and counterfactual

examples, all of which are increasingly used in time series explanation research [96, 33,

22, 5].

Concept-based methods explain predictions through human-understandable concepts

rather than raw input dimensions. Testing with Concept Activation Vectors (TCAV) mea-

sures how user-defined concepts influence hidden-layer activations, while related methods

such as Automated Concept Extraction (ACE) and concept bottleneck models aim to

discover or enforce concept-level representations inside the model [56, 35, 57].
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A different line of work studies internal model mechanisms directly. Mechanistic in-

terpretability seeks causal explanations by identifying neurons or circuits that implement

specific computations inside the model rather than only analysing inputs and outputs

[9, 78, 18]. This remains rare in time series applications [96]. More recently, large lan-

guage models have also been used to generate natural-language explanations or translate

technical explanations into human-readable form, although concerns remain about factual

accuracy and faithfulness [71, 16, 59, 53].

2.2.3 Limitations and critiques

Despite rapid progress, important limitations remain. A central critique is that post-hoc

explanations may create an illusion of transparency without faithfully showing how a

model actually computes its predictions. Rudin [83] argues that, particularly in high-

stakes settings, explaining a black-box model after training may be misleading because

the explanation is only an approximation of the real decision process and may therefore

fail precisely where trust is most needed. She also challenges the common assumption

that interpretability must always be traded for predictive performance, arguing that for

many structured data problems, inherently interpretable models can achieve comparable

accuracy without requiring a separate explanatory layer.

Technical evaluation remains difficult. Metrics such as faithfulness or fidelity do not

necessarily show whether users truly understand a model or make better decisions with

explanations, while rigorous human-centred evaluation remains scarce and expensive [24].

Saliency and perturbation methods may be unstable, dataset-dependent, and vulnerable

to confirmation bias when visually plausible patterns are mistaken for causal evidence

[2, 34, 60]. Explanations may also over-persuade users by creating confidence that is not

justified by the underlying model behaviour [74, 10, 83].

These concerns also reflect a broader point from the social sciences. Human explana-

tions are usually selective and contrastive rather than complete. Miller [74] argues that

people typically ask why one outcome occurred instead of another, which means that

explanation quality depends on context, audience, and purpose rather than technical

completeness alone. No single explanation can therefore fully capture the behaviour of a

high-capacity model, and explanation methods must ultimately be judged relative to the

human task they are meant to support.
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2.2.4 XAI for time series models

Time series data introduces additional challenges. Long sequences place demands on

working memory, multiple variables interact over time, and similar temporal patterns

may have different meanings depending on context. Methods originally developed for

images or tabular data therefore often transfer poorly to temporal settings [96].

Many existing time series explanation methods adapt general XAI ideas, but the

temporal structure introduces both cognitive and methodological difficulties. A broader

taxonomy of explanation methods for TSC, together with representative methods and

evaluation practices, is reviewed in section 3.1.

2.2.5 Implications for this thesis

Three points from the literature have shaped my approach to implementing XAI in this

work. First, explanations for TSC should be contrastive and example-based, as this

aligns with human reasoning and reduces cognitive load [74, 47]. Secondly, interactivity

supports agency but must be carefully designed to avoid over- or under-trust [10]. Third,

curve simplification tailored to the classifier can offer a principled path to cognitively

accessible yet faithful explanations for TSC’s [95].

2.3 Machine Teaching Fundamentals

Machine Teaching (MT) treats explanation as a constructive act. A teacher selects ex-

amples so that a learner arrives at a target concept using as few and effective examples

as possible [111]. In contrast to passive learning, where examples are sampled from an

underlying distribution, MT optimises both which examples to provide and how they are

organised. This section summarises the key theoretical ideas that underpin later chapters.
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2.3.1 Origins and evolution of Machine Teaching

MT originates in learnability theory. In Valiant’s Probably Approximately Correct (PAC)

framework, learning is feasible when sufficiently many random samples are available [98].

MT inverts this: given a target concept, the goal is to design an optimal set of labelled

examples (often called witnesses) that uniquely identify the target concept to a particular

learner [110, 36].

Early formulations introduced the teaching dimension (TD), the smallest number of

labelled instances that force an idealised learner to recover the target concept. Later

work generalised this to the teaching size (TS), which replaces cardinality with a length

or complexity measure over examples, making it suitable for structured objects such as

sequences or programs [93].

Beyond batch teaching, subsequent developments examined interactive and curriculum-

based variants. Here examples are adaptively chosen or ordered to reflect the learner’s

evolving state, attention, or cognitive constraints [79, 32]. These refinements reflect the

shift from worst-case theoretical guarantees to more realistic models of human learning

and explanation.

2.3.2 Setting and notation

Let X denote an input domain and Y a label set. A concept class Θ ⊆ YX contains

possible target behaviours. A learner L maps a labelled set

S = {(xi, yi)}ni=1 ⊆ X × Y

to a hypothesis θ̂ = L(S) ∈ Θ. MT asks for a teaching set S such that L(S) identifies

the target θ∗ ∈ Θ while minimising a cost C(S) reflecting the size or complexity of the

examples:

min
S

C(S) s.t. L(S) = θ∗.

A common formalisation is

J(S) =
∑

(x,y)∈S

δ(x) + µλ
(
θ∗, L(S)

)
,

where δ(x) measures example complexity and λ penalises misalignment between the

learner’s inferred rule and the target. Different teaching models instantiate L, C, and

admissible S according to representational or cognitive constraints.
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2.3.3 Concepts, representations and witness sets

MT distinguishes between concepts, representations, and examples. A representation lan-

guageR and a mapping π : R → Θ relate descriptive/symbolic descriptions to conceptual

behaviours. Multiple representations may encode the same concept.

A labelled set S is a witness set for θ∗ if any representation r consistent with S induces

the target concept, i.e. π(r) = θ∗. Teaching therefore selects witnesses that isolate θ∗ from

competing hypotheses. Teaching sets are typically chosen to minimise an objective such

as J(S).

2.3.4 Teacher protocols and representation teaching

Teacher protocols formalise how witness sets are constructed. Eager protocols select

minimal witnesses for each target, while greedy protocols reuse examples across targets

to reduce overall teaching effort. Other protocols optimise over a consistency graph whose

nodes are representations and whose edges encode witness relations [27, 32].

MT distinguishes concept teaching from representation teaching. Concept teaching

is about identifying the correct equivalence class of representations, while representation

teaching aims at a particular r∗ ∈ R. Many real-world explanatory tasks require repre-

sentation teaching because the learner must internalise not only the correct labels but

also the structural features (characteristics, behaviours) that give rise to them.

2.3.5 Teaching infinite and expressive concept classes

Classical TD often becomes infinite for rich or expressive concept classes, including those

induced by modern ML models. Two interesting refinements overcome this limitation

by shifting focus from eliminating all competing hypotheses to describing how a learner

chooses among those that remain.

In finite biased teaching, the learner has a learning bias, i.e. a prior distribution

favouring simpler or more plausible hypotheses (e.g. Occam’s Razor). A teaching set

succeeds when the target concept becomes the most likely consistent hypothesis [41].

Interestingly, the expected biased TD can be finite even for Turing-complete hypothesis

spaces when both the learning and sampling biases favour simplicity.
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A complementary perspective is preference-based teaching, where the learner possesses

a preference relation over hypotheses. Rather than eliminating all competitors, teach-

ing makes the target more preferred than any consistent alternative [31]. This frame-

work yields finite teaching complexity for many infinite classes, including geometric and

threshold-based concept families.

Together, these perspectives justify the feasibility of teaching complex or infinite

model-induced behaviours through small, well-chosen example sets, provided that teacher

and learner share aligned simplicity or preference structures.

2.4 Learnability theory and teaching complexity

This section connects classical learnability to teaching complexity, then discusses practical

limitations with fallible human learners and structured data such as time series.

2.4.1 From PAC learnability to teaching guarantees

In PAC learning, a hypothesis class with finite complexity admits sample-efficient learning

from random data [98]. A typical complexity measure is the Vapnik–Chervonenkis (VC)

dimension, which counts the size of the largest set that the hypothesis class can shatter.

A hypothesis class shatters a set of data points if it can realise every possible assignment

of labels to those points. In other words, no matter how the points are labelled, there is

a hypothesis in the class that fits them perfectly. Teaching inverts the sampling process

and asks for constructive sample design for a specific target. For a learner L and target

θ∗, the teaching dimension is

TD(θ∗, L) = min{|S| : L(S) = θ∗},

the smallest number of labelled instances that forces L to infer θ∗ [36]. This quantifies

an ideal sample complexity under a helpful teacher rather than under random sampling

[111].

For structured objects, how large an example is can matter more than how many

examples there are. The teaching size replaces cardinality with an additive length function

ℓ:

TS(θ∗, L, ℓ) = min
{ ∑

(x,y)∈S

ℓ(x, y) : L(S) = θ∗
}
.
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Teaching size can remain bounded even when teaching dimension is high. This motivates

simplification for sequences [93].

2.4.2 Fidelity, simplicity and robust teaching

Going forward, we will bridge MT and TSC notation with

θAI ≡ fAI ∈ Θ, fAI : X → Y,

where θAI ≡ fAI is the deployed decision system.

In XAI the teacher’s target is the model’s behaviour rather than an external ground

truth. We therefore balance faithfulness to θAI with human-centred simplicity. The

objective J(S) above captures this trade-off by penalising both cognitive cost and mis-

alignment [40]. Teaching sets must also be robust to realistic human lapses in attention.

Redundancy across features or time windows can stabilise learning, reduce misinterpre-

tation and increase simulateability [27]. When the teacher cannot tell the learner directly

which features are relevant, example choice must implicitly highlight relevance.

2.4.3 Conditional teaching, redundancy and human-oriented

curricula

In realistic teaching scenarios the learner rarely starts from scratch. They arrive with

prior knowledge and with examples they have already seen. To capture this, MT4XAI

introduces the idea of conditional teaching size. Let B denote background examples or

previously taught concepts. The conditional teaching size for a new target θ∗ can be

written as

TS(θ∗ | B,L, ℓ) = min
{ ∑

(x,y)∈S

ℓ(x, y) : L(B ∪ S) = θ∗
}
,

which measures the additional teaching effort needed given B [32, 93]. This is particularly

relevant for curriculum teaching and for multi-session human studies, where participants

see a sequence of examples over time.

Teaching may interact with prior representations through interposition: previously

learned concepts can interfere with or facilitate subsequent teaching, depending on or-

dering and learner preferences. Redundancy interacts with these ideas in a subtle way. If
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there are many redundant representations or examples for a concept, an idealised teacher

might try to avoid redundancy altogether. However, MT results show that when learners

build internal representations and are fallible, adding some redundancy can reduce con-

ditional teaching size. Repeated or overlapping examples can stabilise learning and help

the learner recover from confusion or forgetting [27].

Finally, human-oriented teaching models incorporate fallibility, memory limitations

and attentional constraints. Human learners forget, form wrong intermediate representa-

tions and may project their own categorisation onto the AI. Bayesian Teaching explicitly

models such behaviour and selects examples to optimally change the explainee’s poste-

rior over the AI’s decision rule [103]. Interactive teaching frameworks plan sequences that

adapt to observed errors [79]. Curriculum heuristics can further reduce confusion when

time is short [32].

2.4.4 Implications for XAI

The MT perspective reframes example-based XAI as a teaching problem. When the

target is a fixed model θAI, an explanation set plays the role of a teaching set, as it is

a small collection of labelled instances selected to induce in the user a hypothesis that

closely matches the model’s behaviour [111, 40]. Complexity measures such as teaching

dimension and teaching size then provide idealised lower bounds on how many, and how

complex, such examples must be. Conditional teaching size highlights that explanation

design should account for prior exposure and context, because additional examples are

interpreted against what the user has already learned [93, 32].

From this viewpoint, two design principles for XAI follow. First, explanations should

be evaluated not only on faithfulness but also on how they affect a learner’s simulate-

ability and residual uncertainty about the model, in line with the idea that teaching

success is measured by the learner’s induced hypothesis rather than by internal model

access [103]. Second, some redundancy and curriculum structure are desirable for fallible

human learners: MT results show that overlapping examples and carefully chosen teach-

ing sequences can reduce conditional teaching size and increase robustness to forgetting,

misinterpretation, and noise [27, 32].

For structured domains such as time series, teaching size further suggests that expla-

nation sets should not only be small in cardinality but also in representational complexity.
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When examples are long sequences, cost terms like δ(x) naturally favour concise repre-

sentations that preserve the model’s discriminative behaviour while reducing cognitive

load. This provides a theoretical justification for integrating sequence simplification and

model-aware selection into example-based XAI for TSC. [93, 96, 95, 49].

2.5 Summary and research gap

This section has established the key theoretical tools needed to understand the methodol-

ogy in Chapter 4. To summarise, Machine Teaching provides a principled way to explain

”black box” models through examples. It offers three core ingredients. First, it defines

objectives that balance simplicity and faithfulness. Second, it introduces complexity

measures such as teaching dimension and teaching size. Third, it offers interactive and

curriculum-based strategies that account for the fact that human learners are fallible and

have limited attention [111, 36, 93, 79].

For TSC, cognitive load is a main bottleneck in human interpretability. This, to-

gether with the idea that the teaching size of examples should be small, motivates the

need for sequence simplification algorithms that preserve the classifier’s output. Such

simplifications reduce the cost δ(x) of inspecting examples and improve human simulate-

ability [95, 47]. This connects Machine Teaching directly to the problem of explaining

high-dimensional, structured data.

The broader research gap that motivates the MT4XAI research project concerns the

lack of example-based explanation methods that combine: (i) a principled link between

teaching objectives and human cognitive constraints, (ii) simplification techniques that

make complex data more accessible without harming faithfulness, and (iii) teaching strate-

gies that support human learners through curricula, redundancy and interaction. These

ideas form the foundation of the MT4XAI research project, as described in the project

proposal submitted to the Research Council of Norway [94]. MT4XAI investigates how

these elements can be combined into a coherent framework for XAI. The next chapter re-

views recent research that contributes to this direction and positions the work presented

in this thesis within that line of research.
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Chapter 3

Related Work

Building on the theoretical foundations outlined in chapter 2, this chapter reviews the re-

search contributions that are most directly relevant to the research questions and method-

ological choices of this thesis. Whereas Chapter 2 introduced the conceptual foundations

of TSC, TSAD, XAI, and machine teaching, the present chapter focuses on concrete

methods, empirical findings, and evaluation practices. Its purpose is to situate this the-

sis within the broader scientific landscape, identify the most relevant methodological

precedents, and clarify the remaining gaps that motivate the MT4XAI approach. In

particular, the following sections review related work on (i) explainability methods for

TSC and SL-TSAD (section 3.1), (ii) time series simplification algorithms with a fo-

cus on class-preserving simplifications (section 3.2), (iii) MT frameworks applied to XAI

(section 3.3), and (iv) LLM- and MLLM-based evaluation paradigms relevant to early-

stage XAI research (section 3.4). section 3.5 then positions the present thesis within this

literature.

3.1 Explainable AI for Time Series Classification

Related work on explainability for TSC is best understood as a specialised extension of

the broader XAI families introduced in subsection 2.2.2. A survey by Theissler et al. [96]

groups the literature into three main families, reflecting where the explanatory signal is

located and how it is presented to the user:

• time-point-based attributions
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• subsequence-based methods (e.g., shapelets, wavelet components)

• instance-based approaches using prototypes and counterfactuals.

These families address a common problem: temporal data is difficult both to ex-

plain and to inspect. Time-point-based methods adapt attribution ideas (e.g. feature

importance) to temporal inputs, but their outputs can become visually noisy and unsta-

ble over long multivariate sequences [96, 86]. Subsequence-based methods trace back to

shapelets, which identify short, discriminative patterns within longer series that can be

used directly for classification or explanation [105]. Instance-based approaches instead

present representative, prototypical, or counterfactual series to support comparison be-

tween cases [33, 23, 5]. In practical interfaces, such explanations are often paired with

linked plots or contrastive example selection rather than attribution maps alone.

Despite this methodological variety, empirical human studies for TSC remain limited.

Surveys have repeatedly called for more rigorous evaluation protocols tailored to temporal

data, where explanation quality is shaped not only by faithfulness but also by cognitive

burden [86, 96]. A recent controlled study by H̊avardstun et al. [47] shows that users

can benefit from model inspection for TSC, but also that time series remain cognitively

demanding: results depend strongly on task framing, users’ willingness to invest effort,

and whether they can mentally simulate the classifier’s behaviour on unseen instances. To

support such evaluation, the authors propose forward simulation as a practical protocol

in which users are shown explanations or labelled examples and are then asked to predict

the classifier’s outputs on new cases, yielding a task-grounded measure of simulateability.

This aligns with cognitive accounts of explanation that emphasise contrastive ques-

tions and selective presentation over exhaustive detail [74]. For long and noisy sequences,

the central challenge is therefore to reduce visual and cognitive load while preserving the

decision-relevant signal. Because many TSAD systems in practice are built on forecasting

or reconstruction models, adjacent work on explaining forecasting models is also relevant.

Surveys of XAI on time series report that most methods in this space adapt attribution or

perturbation techniques to temporal windows and profiles, but rigorous benchmarks and

user studies remain scarce, especially when the target is a forecasting model rather than

a classifier [82, 86, 96]. This recurring trade-off between informativeness and cognitive

burden motivates simplification methods that preserve decision-relevant structure while

reducing visual complexity.
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3.2 Time Series Simplification Algorithms

Recent work has explored whether simplifying a time series before explanation can re-

duce visual and cognitive load without removing the structure required to understand a

classifier’s behaviour. In the MT4XAI line of work, simplification is not treated merely

as a compression problem, but as part of the explanation itself [95]. Complementary

work has proposed metrics for evaluating simplification algorithms for interpretability,

showing that simplified series can improve simulateability relative to raw inputs across

datasets with different temporal characteristics [49]. Together, these studies suggest that

simplification can act as a bridge between model behaviour and human perception.

Curve simplification has a long history in cartography and signal processing. Classi-

cal algorithms include the bottom-up approach, the top-down Ramer–Douglas–Peucker

(RDP) method and the dynamic-programming (DP) algorithm of Imai and Iri, which

optimises a piecewise-linear approximation under an error budget or a segment budget

[54, 80, 25, 50]. Piecewise approximation methods such as Piecewise Linear Approxi-

mation (PLA) and Piecewise Aggregate Approximation (PAA) reduce dimensionality for

efficient indexing and retrieval [55]. Symbolic Aggregate approXimation (SAX) extends

PAA by converting segment values into discrete symbols [68]. These methods control

reconstruction error, yet they do not account for how a downstream TSC will react to

the simplified input. A simplification that is optimal under ℓ2 error can therefore still flip

the classifier’s label.

The Optimal Robust Simplification (ORS) algorithm presented in Telle et al. [95]

addresses this gap by searching for piecewise-linear series that preserve the classifier’s

decision and remain stable under perturbations. Given a trained classifier fAI, an original

sequence X and its simplified candidate sequence X̃ with k segments, ORS formulates a

multi-term objective that balances reconstruction error, complexity and fragility:

min
X̃

α||X − X̃||22 + βk + γ
(
1− RP(X̃)

)
s.t. fAI(X̃) = fAI(X)

Here RP(X̃) denotes the robust probability that the classifier’s label remains unchanged

when X̃ is perturbed by noise drawn from a specified distribution. Fragility is 1−RP(X̃)

and the constraint fAI(x̃) = fAI(x) enforces faithfulness. In contrast to reconstruction-

driven simplifiers, ORS is classifier-aware: it searches for simplified curves that remain

faithful to the classifier while trading off approximation quality, complexity and robust-

ness. The algorithm first generates promising candidates and then evaluates a small
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subset more expensively using Monte Carlo estimates of RP. In controlled experiments,

ORS yields shorter and more robust explanations than standard simplifiers at comparable

fidelity [95].

The authors further argue that two ORS properties are especially relevant for human-

facing tools. First, the complexity term k acts as a proxy for the cognitive cost of

visual inspection. Second, robustness attenuates accidental label flips caused by small

drawing or resampling errors, which makes explanations more stable in interactive settings

[95]. Telle et al. also identify several open directions for future work, including broader

notions of fidelity, faster search procedures, and human-subject validation of whether ORS

simplifications genuinely improve interpretability and decision support in practice [95].

Simplification alone, however, does not determine which examples should be shown, in

what order, or with what degree of redundancy, which leads directly to machine-teaching

approaches for XAI.

3.3 Machine Teaching in XAI

Building on the MT concepts introduced in section 2.3 and section 2.4, recent MT4XAI

research has begun applying teaching-theoretic principles directly to explainability prob-

lems, where the target concept is not an external rule but the behaviour of a fixed AI

system. In this setting, the central question is not whether a learner can recover a

concept class in theory, nor whether they can uncover details about the AI’s technical

implementation, but whether carefully selected examples improve human simulateability

of black-box model decisions in practice.

Several MT4XAI studies connect MT to XAI in this more human-centred sense. When

irrelevant features are present and users are not told about them, carefully chosen exam-

ples still improve identification of the model’s decision rule(s), and informing users about

irrelevance priors further improves simulateability [40]. Teaching sets that include some

redundancy can be beneficial for human learners, because partial repetition stabilises

learning in the presence of memory limits and attention lapses; theory and simulations

support this claim for representation teaching [27]. The ordering of examples also mat-

ters. Heuristic search over curricula can reduce total teaching effort by ordering examples

from simpler to harder or by interleaving typical and borderline cases, which aligns with

both classroom practice and human-subject results in XAI settings [32]. Bayesian Teach-

ing and decision-theoretic tutors formalise interaction by planning example choices that
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move a fallible learner’s beliefs towards the target rule or by adapting examples to ob-

served errors [103, 79]. These strands share a common aim, namely to improve human

understanding of complex models by choosing few, simple, and well-ordered examples

that are aligned with how people learn.

A closely related methodological question is how candidate examples should be rep-

resented and selected once explanation is framed as a teaching problem. Outside XAI,

feature-based time series classification has long shown that temporal sequences can be

mapped to fixed length vectors of descriptive characteristics, enabling comparison in a

common representation space rather than only through raw point-wise alignment [30].

In parallel, work on submodular subset selection has shown that facility-location and

related coverage-based objectives provide a principled way to choose representative yet

non-redundant subsets under a similarity measure, with efficient greedy optimisation and

well-studied approximation properties [67, 101, 77]. Although these methods were not

developed specifically for MT4XAI or time-series explanations, they are highly relevant

to example-based XAI because they provide a natural basis for constructing compact

teaching sets that cover the behavioural variability of a candidate pool.

Taken together, this literature suggests that successful example-based XAI should not

only select representative examples, but also manage simplicity, redundancy, and ordering

in ways that reflect human learning constraints. For TSC explanations, this yields two

immediate design priorities. First, individual examples should be visually concise yet

faithful to the classifier, which motivates class-preserving simplification methods such

as ORS. Second, teaching sets should balance diversity with limited redundancy and

curriculum structure to support fallible learners. Once explanations are reframed as

teaching problems, a separate question arises: how should such teaching strategies be

evaluated efficiently before committing to full human-participant studies?

3.4 LLMs and MLLMs as Evaluators and Proxy

Learners in XAI Research

Recent work has begun exploring two related uses of foundation models in explainability

research: as proxy learners in forward-simulation settings, and as automated evaluators

of explanations or model outputs. A particularly relevant example appears in the first

arXiv version of Mart́ı-Pérez et al. [73], where the authors tested whether an MLLM could

recover the class label of simplified time series produced by a black-box TSC model.
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In that setup, the MLLM acts as a fallible learner rather than as a judge: the task

is to simulate the classifier’s decision from the simplified input. The study varies the

simplification strength through the number of segments k and reports a non-monotonic

pattern in simulateability, with performance first improving as more salient temporal

structure is preserved and then degrading as the representation becomes overly detailed.

This evidence is preliminary, and should be interpreted as such, because the later version

of the same paper replaced the MLLM section with a human forward-simulation study

[49]. Even so, the version history is informative because it illustrates a methodological

progression from proxy-based pilot testing to human-centred validation rather than a

claim that MLLMs can replace human participants.

A broader LLM-as-a-judge literature provides a related but distinct precedent. Strong

LLM judges can align reasonably well with human preferences in some open-ended eval-

uation tasks, yet the same literature also documents important limitations, including

position bias, verbosity bias, self-enhancement bias, and the need for careful prompt de-

sign and calibration [109, 37]. In time-series-adjacent work, Aksu et al. [3] introduce

simulateability-based metrics for evaluating natural-language explanations of forecasting

models and show agreement with human judgements, while Fiori et al. [28] use LLMs

to compare candidate explanation approaches for smart-home activity recognition and

report preliminary alignment with user surveys. Taken together, these studies suggest

that LLMs and MLLMs can be useful as low-cost screening instruments for early-stage

hypothesis testing and protocol refinement in XAI research. They do not, however, re-

move the need for human-grounded evaluation when the objective is to make claims about

end-user understanding [47, 49].

3.5 Positioning of the Thesis

The MT4XAI research project proposes example-based explanations for complex AI sys-

tems by combining MT objectives with simplification for structured data and with inter-

active teaching strategies for human users [94]. Within that agenda, this thesis focuses on

an industrial SL-TSAD use case in which the deployed anomaly-detection system behaves

as a sequence-level classifier. The work therefore sits at the intersection of three strands

reviewed above: TSC explanation methods that remain understandable under temporal

complexity, classifier-aware simplification methods that preserve behaviour while reduc-

ing visual burden, and MT-inspired example selection strategies that account for human

fallibility.
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Concretely, this thesis extends that line of work in four ways. First, it instantiates the

MT4XAI agenda on EV charging sessions, a real-world multivariate time-series domain

where end-user interpretability is practically important. Second, it adapts and improves

ORS to generate large numbers of class-preserving and robust simplifications of charg-

ing sessions. Third, it constructs teaching sets and curricula that organise examples by

simplicity, robustness and margin, using feature-based embeddings of simplified power

curves together with a facility-location coverage objective to select a compact yet diverse

set of teaching examples. This brings MT principles into a structured time series setting

while linking them to broader literature on time-series representations and representa-

tive subset selection. Finally, it pilots an MLLM-based forward-simulation evaluation

as a low-cost pre-human screening step for the MT4XAI industry implementation. The

methodological details of these contributions are presented in next chapter.
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Chapter 4

Methodology

This chapter describes the end-to-end methodological pipeline used in the thesis. I first

transformed raw EV charging telemetry into a modelling-ready panel time-series dataset,

then trained and calibrated a forecasting-based anomaly-detection pipeline, simplified

classifier-relevant charging curves, constructed a teaching set for MT4XAI, and finally

evaluated the resulting explanation workflow with multimodal large language models

(MLLMs) acting as proxy learners. The purpose of this chapter is to explain how each

step of the pipeline was implemented. Comparative outcomes, final engineering choices,

and implementation trade-offs are reported separately in Chapter 5 in order to keep the

methods/results boundary clear.

4.1 Data Collection and Preprocessing

This section describes how the EV charging-session dataset was transformed from raw

telemetry into a modelling-ready panel time-series table. Data governance, software avail-

ability, and reproducibility are reported separately in section 4.7.

4.1.1 EV Charging Session Data

The empirical basis of this thesis is a large real-world dataset of EV charging sessions

associated with Audi e-tron 55 vehicles. A charging session is defined as one contiguous

charging event at one location and is uniquely identified by charging id. Going forward,
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the terms session and sequence will be used interchangeably. The raw dataset contained

1,643,654 time-indexed rows across 62,422 sessions before any cleaning was performed on

it.

The raw dataset was treated as panel data, where each panel entity corresponded to

one charging session and each panel time index corresponded to one minute within that

session. The downstream anomaly-detection system used power (kW) and soc (state

of charge, %) as the primary dynamic variables. Additional variables, such as energy,

charger category, nominal power, lat, and lon, were retained when they were useful

for feature engineering, contextualisation, or traceability.

At ingestion, I retained only the variables required for modelling and explainability:

charging id, timestamp, power, soc, energy, charging duration, charger category,

nominal power, lat, and lon. The table was then sorted by charging id and timestamp

so that all later transformations operated on stable within-session temporal order.

Complete charging sessions were the unit of analysis throughout the thesis, which is

consistent with the SL-TSAD and XAI for TSC objectives introduced in chapter 2 and

chapter 3.

4.1.2 Data Wrangling and Feature Engineering

Loading, cleaning and transforming the EV charging dataset was implemented in the

Jupyter notebook 01 Data Wrangling and FE.ipynb [85]. The raw charging-session ex-

tract was transformed into a session-aware panel time-series table in which each row

represented one one-minute observation within a charging session and each charging id

defined one panel entity. The final modelling table combined dynamic charging mea-

surements, engineered temporal features, charger-context variables, and weather-derived

contextual information so that each session could be processed as a multivariate sequence

while preserving within-session temporal order.

Table 4.1 summarises the variables retained after preprocessing and feature engineer-

ing.

1. Structural validation and type normalisation. The selected columns were in-

spected for explicit null-like values and cast to appropriate data types before any temporal

cleaning was performed. This established a consistent schema for the later session-level

operations.
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Variable Role in final modelling table

charging id Unique session identifier used as panel entity.
timestamp One-minute time index within session.
power Charging power in kW (primary prediction target).
soc Battery state of charge in %.
energy Cumulative delivered energy.
minutes elapsed Minutes since session start.
progress Log-scaled temporal progress feature in [0, 1].
rel power Power normalised by nominal charger capacity.
d power, d soc First-order temporal differences.
d power ema3, d soc ema3 Smoothed short-span temporal trends.
nominal power Charger rated power.
charger cat * One-hot charger-category indicators.
temp Ambient temperature proxy at session start.
lat, lon Charging-site coordinates retained for contextual traceabil-

ity.
charger category Original charger category label.
nearest weather station Weather-source traceability identifier.

Table 4.1: Variables retained in the final session-level modelling table after preprocessing

2. Handling edge zero-power artefacts. Readings with power equal to zero were

not treated uniformly. Leading and trailing zeroes within a session were removed because

they typically reflected connection and disconnection boundaries rather than active charg-

ing behaviour. Zeroes in the middle of a session were retained because they could still

represent informative irregular behaviour.

3. Enforcing one-minute cadence. For each session, expected and observed sample

counts were compared. Let session i start at tmin
i and end at tmax

i . The expected number

of one-minute readings was defined as

nexp
i =

⌊
tmax
i − tmin

i

60 s

⌋
+ 1.

Observed rows were denoted nobs
i , and the missing-count difference was nexp

i − nobs
i . Ses-

sions with more than 20% missing readings relative to nexp
i were excluded in order to

avoid heavy interpolation artefacts.

For retained sessions, the data were resampled to one-minute cadence. Dynamic

numeric channels (soc, power, energy) were aggregated by one-minute mean and then

linearly interpolated. Session-level static fields were forward-filled so that they remained

constant within session.
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4. Duration filtering and unreliable metadata removal. After cadence harmoni-

sation, sessions shorter than 8 minutes and longer than 60 minutes were removed to sta-

bilise the modelling conditions. The original charging duration field was then dropped

because it was not fully consistent with timestamp-derived duration and was therefore

not treated as a trusted feature.

5. Temporal progress features. Within each session, elapsed minutes from the first

observation were computed as

minutes elapsedi,t =
t− tmin

i

60 s
.

A log-scaled progression feature was then defined as

progressi,t = min

(
log(1 + minutes elapsedi,t)

log(1 + 120)
, 1

)
.

This feature allocated finer temporal resolution to the early part of each charging session,

where changes in power and SOC were often strongest, while compressing the upper range

of longer sessions. The resulting representation remained monotonic and bounded in [0, 1].

6. Scale-aware and dynamic-shape features. To make charging power more com-

parable across charger capacities, relative power was defined as

rel poweri,t =
clip
(

poweri,t
nominal poweri

, 0, 1.2
)

1.2
.

First differences were then computed per session:

d poweri,t = ∆poweri,t, d soci,t = ∆soci,t,

with initial values set to zero. Short-span exponential moving averages were applied to

both derivatives, giving d power ema3 and d soc ema3 with span = 3, in order to reduce

local noise while retaining short-term trend information.

7. Charger-category encoding. Nominal charger power was binned into low, mid,

and high regimes (≤ 75 kW, 75 to 200 kW, and > 200 kW), then represented as one-hot

indicators: charger cat low, charger cat mid, and charger cat high.
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8. Weather enrichment at session start. Ambient temperature was attached per

session using nearest-station weather observations from Norwegian, Swedish, and Dan-

ish meteorological services. The modelling variable was the temperature nearest to the

session start hour, rounded to integer degrees Celsius and stored as temp. The station

identifier was retained as nearest weather station for traceability. I treated ambient

temperature as a useful proxy for starting battery temperature, which could plausibly

affect charging behaviour.

9. Taper-regime features informed by EDA. Based on the exploratory analysis

described in subsection 4.1.3, a taper-onset threshold of 71% SOC was used to derive two

regime features: in taper, a binary flag for soc ≥ 71, and dist to taper, a normalised

distance above the taper threshold.

After preprocessing, the EV charging dataset was stored in Parquet format for down-

stream modelling, anomaly scoring, simplification, and teaching-set construction.

4.1.3 Exploratory Data Analysis

Exploratory data analysis (EDA) acts as a methodological bridge between cleaned data

and downstream design choices. The analysis is implemented in 02 EDA.ipynb [85] and

is used to produce explicit evidence for decisions in modelling, anomaly detection, curve

simplification, and machine teaching.

The cleaned panel contains 1,520,027 measurements across 60,914 charging sessions,

spanning 11 January 2020 to 3 November 2024 (Table 4.2). The schema check shows

complete non-null coverage for all 23 variables used in the forecasting and explanation

pipeline. This supports the retention of engineered temporal derivatives and contextual

covariates without additional imputation.

Dependence analysis confirmed short-horizon predictability while showing progressive

uncertainty with increasing horizon. The persistence baseline error increases from 7.39

to 36.97 kW for power between horizons h = 1 and h = 14 (Table 4.3), while power

autocorrelation declines from 0.83 to −0.10 over the same range (Table 4.4). SOC re-

mains strongly autocorrelated at approximately 0.99 to 1.00, indicating highly structured

(linear) charging progression, as expected. These patterns motivate a power forecasting

setup that emphasises short to medium horizons.
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Feature relevance analysis further supports the selected representation. Across hori-

zons h = 1 to h = 5, rel power remains the strongest mutual-information driver of future

power, followed by derivative and state features such as d soc ema3, d power, and soc

(Table 4.5). This empirical ranking justifies retention of relative-power scaling, gradient

channels, and charger-capacity context in the predictive feature set. The engineered temp

feature had very low forecasting relevance.

Charging-phase analysis identifies a median taper onset at 71% SOC with interquartile

range 68% to 79% (Table 4.6). The median taper onset remains 71% across tempera-

ture quartiles, which supports representing taper as a stable regime transition rather

than a narrowly temperature-specific effect. This directly motivates the taper-regime

features used in the forecasting and anomaly-detection stack, and informs simplification

constraints that preserve post-peak decline structure.

Operational diagnostics also inform model configuration. Label availability falls by

16.7% from h = 1 to h = 5, and session length has median 23 minutes with interquartile

range 17 to 31 minutes (Table 4.7). This supports bounded horizon choices and sequence

handling that avoids overextending long-horizon supervision on shorter sessions.

In aggregate, EDA is not treated as a separate results component. It functions as an

operational design stage where descriptive outputs are converted into traceable method-

ological choices.

Table 4.2: Dataset overview from EDA summary statistics.

Metric Value

Measurements (rows) 1,520,027
Charging sessions 60,914
Variables (columns) 23
Time span start 2020-01-11 12:37:00
Time span end 2024-11-03 19:32:00
Unique charging locations 285
Unique nominal power levels 22
Charger category levels 2 (Rapid, Ultra)
Missing values in listed variables 0
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Table 4.3: Persistence baseline RMSE by forecast horizon.

Horizon h (min) RMSEpersist,power (kW) RMSEpersist,SOC (pp)

1 7.39 1.99
2 10.12 3.84
3 12.80 5.73
4 15.40 7.62
5 17.94 9.52
6 20.40 11.40
7 22.77 13.28
8 25.06 15.13
9 27.28 16.97
10 29.41 18.78
11 31.46 20.57
12 33.42 22.33
13 35.28 24.07
14 36.97 25.77

Table 4.4: Mean within-session autocorrelation by horizon.

Horizon h (min) ACFpower(h) ACFSOC(h)

1 0.83 1.00
2 0.74 1.00
3 0.65 1.00
4 0.57 1.00
5 0.47 0.99
6 0.39 0.99
7 0.32 0.99
8 0.25 0.99
9 0.20 0.99
10 0.13 0.99
11 0.07 0.99
12 0.02 0.99
13 -0.04 0.99
14 -0.10 0.99



41Table 4.5: Top mutual-information drivers of future power across short horizons.

Feature MI@h1 MI@h2 MI@h3 MI@h4 MI@h5

rel power 2.34 1.85 1.59 1.40 1.26
d soc ema3 1.05 0.97 0.90 0.83 0.77
d power 0.76 0.73 0.70 0.69 0.68
soc 0.58 0.61 0.64 0.68 0.71
d power ema3 0.56 0.55 0.54 0.54 0.53
nominal power 0.47 0.47 0.48 0.48 0.48
d soc 0.36 0.35 0.34 0.32 0.30
charger cat low 0.21 0.21 0.21 0.21 0.21

Table 4.6: Taper onset summary from session-level SOC drop analysis.

Metric Value

Sessions with detected taper onset 43,164
Share of all sessions 70.86%
Mean taper SOC 69.34%
Median taper SOC 71.00%
Standard deviation 13.62 pp
Interquartile range 68.00% to 79.00%
Minimum to maximum 4.00% to 100.00%
Median taper SOC by temp quartile Q1 71.00%
Median taper SOC by temp quartile Q2 71.00%
Median taper SOC by temp quartile Q3 71.00%
Median taper SOC by temp quartile Q4 71.00%

Table 4.7: Label availability by horizon and session-length distribution.

Horizon h (min) Npower labels NSOC labels

1 1,459,113 1,459,113
2 1,398,199 1,398,199
3 1,337,285 1,337,285
4 1,276,371 1,276,371
5 1,215,457 1,215,457

Session length summary (minutes)

Mean 24.95
Standard deviation 10.53
Minimum 8
25th percentile 17
Median 23
75th percentile 31
Maximum 60
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4.2 Anomaly Detection Methodology

The modelling task of mapping EV charging sessions to one of normal, abnormal sits

well within the problem set of SL-TSAD, where the deployed AI system ultimately be-

haves as a binary sequence classifier. I first trained a forecasting model for expected

charging behaviour, then converted forecasting error into a session-level anomaly score,

and finally applied thresholding to obtain one of the two operational labels. This de-

sign allowed the pipeline to learn from unlabelled industrial time-series data while still

producing classifier-like outputs that could be used in the MT4XAI framework [96, 49].

4.2.1 Forecasting Objective and Metrics

The forecasting model used a multivariate input vector and a univariate target. For

each charging session and each minute t, the model received static context and dynamic

charging-state features, while the prediction target was future power. Table 4.8 sum-

marises the features used during training.

Feature What it represents

temp Ambient temperature associated with the session context.
nominal power Charger rated power capacity for the charging point.
power Measured charging power at time t (kW).
soc Battery state of charge at time t (%).
progress Log-scaled session progress in [0, 1], derived from elapsed minutes.
rel power Power normalised by charger capacity.
d power First-order temporal change in power.
d soc First-order temporal change in state of charge.
d power ema3 Smoothed short-term trend of d power.
d soc ema3 Smoothed short-term trend of d soc.
in taper Binary indicator for taper regime.
dist to taper Distance to the estimated taper point.

Table 4.8: Input features used for multi-horizon forecasting.

Rather than predicting absolute future power directly, the model was trained on

residual targets. For horizon h ∈ {1, . . . , H},

rt,h = pt+h − pt,

where pt denotes charging power at time t. At inference time, absolute forecasts were

reconstructed as

p̂t,h = pt + r̂t,h.
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This residual formulation improved numerical stability and aligned neighbouring horizons

through a shared base value.

The forecasting setup was multi-horizon with H = 5, so one forward pass produced

forecasts for all horizons 1, . . . , 5. Horizons were weighted with exponential decay,

wh =
exp(−α(h− 1))∑H
j=1 exp(−α(j − 1))

,

where α > 0 controlled the balance between short-horizon and longer-horizon accuracy.

Training used a horizon-weighted Huber loss over valid time-horizon pairs,

L =
1

|V|
∑

(t,h)∈V

wh Huberδ(p̂t,h − pt+h) ,

with masking to exclude padded regions and invalid forecast positions. Huber loss was

chosen for robustness to occasional large residuals.

Validation and model selection were based on Macro-RMSE in physical units (kW).

For each session, per-horizon RMSE values were first aggregated by the horizon weights

and then macro-averaged across sessions. This prevented any single long session or single

horizon from dominating the evaluation [66]. In the anomaly-detection stage, I also

computed RWSE as a robust diagnostic metric based on median and median absolute

deviation scaling of residuals.

4.2.2 Candidate Forecasting Architectures

I implemented and compared two sequence-modelling families, a multi-layer LSTM and

a causal WaveNet-style TCN. Both architectures emitted residual forecasts with shape

(B, T,H,C), where B denotes batch size, T sequence length, H = 5 forecast horizons,

and C = 1 target channel.

The LSTM used packed variable-length sequences, recurrent hidden-state processing,

and a linear output head that emitted all horizons jointly at each time step. The TCN

used an input 1 × 1 projection followed by stacked causal dilated depthwise-separable

convolution blocks with residual and skip connections, and then a 1× 1 prediction head.

The purpose of this comparison was not standalone benchmarking, but methodological

model-family selection under a shared forecasting objective.
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4.2.3 Model Training and Validation

The data were split by charging id using grouped shuffle splitting in order to prevent

session leakage across partitions. The split was 70% train, 10% validation, and 20% test,

corresponding to 42,639 training sequences, 6,092 validation sequences, and 12,183 test

sequences. The test set size was set to double that of the validation set size because

the overall dataset was sufficiently large for robust model fitting with 70% training data,

while a larger held-out test partition improves the statistical stability of final perfor-

mance estimates and supports more reliable error analysis across heterogeneous charging

sessions.

Scaling was fitted on the training set only and applied unchanged to validation and

test data. Separate Min-Max scalers were used for power, soc, static context features,

and delta features. Predictions were reconstructed and inverse-transformed before metric

computation so that evaluation remained in kW.

Each session was represented as a variable-length sequence, and residual targets were

constructed as yt+h − yt. Batching used length-bucket sampling and a custom collate

function with padding and sequence-length tensors. This reduced padding waste and

supported mask-aware loss computation on heterogeneous session lengths.

The optimisation stack used AdamW, automatic mixed precision, gradient clipping,

and ReduceLROnPlateau scheduling. Validation was performed after each epoch with

Macro-RMSE, and this validation metric was also the optimisation target for hyperpa-

rameter tuning.

4.2.4 Hyperparameter Tuning and Architecture Selection

Hyperparameter tuning used Ray Tune with Bayesian Optimisation with HyperBand

(BOHB) search and HyperBand scheduling. Each architecture was tuned with 64 sam-

pled configurations, and each trial reported validation Macro-RMSE as the objective.

BOHB was selected because it combines model-based search with multi-fidelity resource

allocation, which is well suited to this setting where individual training runs are com-

putationally expensive and performance can be estimated reliably from partial training.

The Bayesian component improves sample efficiency by prioritising promising regions of

a mixed hyperparameter space, while HyperBand prunes weak trials early and reallo-

cates budget to stronger candidates. This yields a better trade-off between exploration
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breadth and compute cost than grid search, random search, or Bayesian search without

early-stopping control, and supports a fair architecture comparison under a fixed tuning

budget.

For the LSTM, the tuned space included hidden dimension, number of layers, dropout,

learning rate, weight decay, batch size, gradient clipping norm, and horizon-decay pa-

rameter αh. For the TCN, the tuned space included hidden dimension, number of layers,

kernel size, dropout, learning rate, weight decay, batch size, gradient clipping norm, and

αh.

The best checkpoint from each architecture was exported to a clean .pth artefact.

Architecture selection was then based on the validation set only. After I had selected

the best model, I evaluated that model once on the held-out test set. The comparative

outcomes and the final selected hyperparameters are reported in section 5.1.

4.2.5 Inference Protocol for Anomaly Detection

At inference time, the selected forecaster was applied sequence-wise to produce residual

forecasts, reconstruct absolute power trajectories, and compute session-level error scores.

Preprocessing and scaling were matched exactly to the modelling stage in order to avoid

train/inference skew.

Anomaly detection thresholds were estimated from validation-set error distributions

and then applied unchanged to unseen sessions. The decision rule is identical to Equa-

tion 2.1.

At this stage, several candidate design choices were systematically explored, includ-

ing the session-level error metric (Macro-RMSE or RWSE), the percentile threshold, the

horizon-decay parameter used in anomaly scoring, and the evaluation start index tmin,eval.

To support quantitative calibration of these parameters, a lightweight interactive in-

spection tool was developed in the notebook 04 Anomaly Detection.ipynb [85]. The

tool enabled rapid inspection of session-level forecasts, reconstructed trajectories, and

resulting anomaly scores under alternative parameter configurations, making it possible

to compare behavioural effects directly across charging sessions. Because no external

anomaly labels were available, and because collecting expert annotations was not con-

sidered necessary for the aims of this thesis, parameter selection was based on internal

quantitative analysis rather than supervised validation. This is justified by the fact that

anomaly detection performance itself is not the primary research objective, but rather a

supporting component in the construction of an MT4XAI system around the classifier

output. The final configuration and its empirical behaviour are reported in section 5.2.
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4.3 Simplifying Examples for the Teaching Pipeline

This section describes how raw charging-session trajectories were simplified before exam-

ple selection for machine teaching. The goal was to reduce visual and structural com-

plexity while preserving the behaviour of the deployed anomaly classifier. In this work,

simplification was treated as a constrained optimisation problem over piecewise-linear

representations of full charging sessions.

Let x denote one charging session and let fAI(x) ∈ {normal, abnormal} denote the

anomaly classifier defined in section 4.2. For a simplified curve x̃, the primary constraint

was decision preservation,

fAI(x̃) = fAI(x),

while the optimisation target reduced a complexity measure δ(x̃), implemented here as

the number of line segments k.

In the final teaching workflow, simplification was applied primarily to the power chan-

nel because a charging session’s ”forecastability” is largely driven by power behaviour,

as seen in subsection 4.1.3. Simplification of soc was also implemented to provide ad-

ditional context about charging phase, but the anomaly classifier itself did not operate

on a separately simplified SOC decision rule. The SOC simplification was included in

the machine teaching system to remove uncertainty about whether minor fluctuations in

SOC were important, when they are in fact irrelevant. The final presentation choices are

reported in section 5.3.

4.3.1 Optimal Robust Simplifications

I adopted the Optimal Robust Simplifications (ORS) framework proposed by Telle et al.

[95] and instantiated it for the forecasting-based anomaly detector developed in this thesis.

For one session of length T , let the original power trajectory be y ∈ RT . A candidate

simplification is represented by ordered pivot indices

P = (p0, . . . , pk), 0 ≤ p0 < · · · < pk = T − 1,

and a dense piecewise-linear reconstruction sP ∈ RT obtained by interpolation between

pivots.
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Stage 1: candidate generation. Stage 1 generated candidate pivot sets that traded

reconstruction error against complexity. For the dynamic-programming-based modes, the

stage-1 score was

CS1(P ) = αE(P ) + β k,

where E(P ) =
∑T−1

t=0 (yt − sP,t)
2 is squared reconstruction error and k = |P | − 1. The

implementation followed the two-stage ORS structure with top-q candidate retention.

Stage 2: label-preserving robust selection. Each stage-1 candidate was recon-

structed and re-scored by the deployed classifier. Only candidates that preserved the

original session label were feasible:

Pfeasible = {P | fAI(sP ) = fAI(y)}.

For each feasible candidate, robustness was estimated by perturbing pivot values with

uniform noise in [−ε,+ε], rebuilding R perturbed curves, and reclassifying each one.

Fragility was defined as the label-flip rate,

frag(P ) =
1

R

R∑
r=1

⊮
[
fAI(s

(r)
P ) ̸= fAI(y)

]
.

The final objective became

J(P ) = CS1(P ) + γ frag(P ),

and the selected simplification was

P ∗ = arg min
P∈Pfeasible

J(P ).

In this pipeline, fAI was the forecasting-based anomaly classifier from section 4.2, so

ORS was optimised directly against the same decision rule used in downstream teaching

and evaluation.

4.3.2 Extensions to ORS

I extended the baseline ORS workflow in several ways to improve runtime and to align

simplification more closely with the anomaly-detection objective.
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First, I implemented a prefix-sum-accelerated dynamic-programming variant for stage

1. Prefix sums over {1, t, t2, y, ty, y2} allowed constant-time segment SSE queries when

building error tables, while preserving the same stage-1 objective and candidate seman-

tics.

Second, I implemented an RDP-based stage-1 heuristic that swept over candidate

ε values and kept the best candidate per k under the same reconstruction-complexity

trade-off. This provided a faster alternative when exact dynamic programming was un-

necessarily expensive.

Third, I adapted endpoint handling to the anomaly-scoring setup. Because forecasting

errors were evaluated only from t ≥ tmin,eval, I allowed candidate search on the evaluated

suffix with right-end anchoring and slope-preserving extrapolation of the left prefix. This

avoided forcing unnecessary breakpoints in parts of the curve that the anomaly score did

not actually use, which avoids unnecessary confusion about which part of the simplified

curve was important for the anomaly detection system’s decision.

Fourth, I vectorised robustness estimation by scoring batches of perturbed curves in

one forward-pass loop, and I implemented practical fallbacks for cases where no feasible

candidate survived the label-preservation and k-range constraints.

Across these extensions, I treated simplification as an engineering component that

had to balance fidelity, compactness, and tractable runtime. The comparative outcomes

and final operational choices are reported in section 5.3.

4.4 Machine Teaching for XAI Framework

Chapter 2 framed Machine Teaching (MT) as the problem of selecting a small set of

labelled witnesses that helps a learner recover a target behaviour while minimising teach-

ing cost. Chapter 3 then argued that, for time-series XAI, this requires jointly managing

four design choices: faithfulness to the deployed classifier, representational simplicity of

individual examples, coverage of the classifier’s behavioural variation, and the ordering

in which examples are shown to a fallible learner. The MT4XAI pipeline implemented in

this thesis instantiates those four elements for EV charging-session anomaly detection.

Although the implementation in this thesis was instantiated for SL-TSAD on EV

charging sessions, the MT4XAI pipeline was model-agnostic at the framework level. It
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requires only four components: a deployed time-series classifier fAI, a label-preserving

simplification operator, a representation map for comparing candidate examples, and a

selection policy for constructing a compact teaching set. In this implementation, fAI is

the forecasting-based anomaly detector from section 4.2, the simplification operator is

extended ORS from section 4.3, the representation map is a fixed-length embedding of

simplified power curves, and the selection policy is a stratified facility-location objective

with curriculum-aware serving.

4.4.1 Adapting the MT4XAI Formalism

Let X denote the space of charging sessions and let fAI : X → {0, 1} be the deployed

sequence-level classifier, where 0 denotes normal and 1 denotes abnormal (anomalous). In

MT terms, the target concept is therefore the deployed decision behaviour itself, θAI ≡ fAI,

and the explanatory task is to construct a teaching set of labelled charging sessions that

helps a learner form a hypothesis θ̂ that approximates fAI.

The implementation is best understood as representation teaching rather than only

concept teaching. The learner never observes the classifier’s full multivariate input space

directly. Instead, for each selected session xi, the teacher first constructs a faithful sim-

plified surrogate x̃i, and then renders a learner-visible witness (example)

w
(c)
i = ρc(xi, x̃i), (4.1)

where ρc is the presentation policy for condition c ∈ {A,B,C,D,E}. Thus, the same

underlying session can be taught through several representations: raw trajectories, raw-

plus-simplification overlays, or simplified-only views. This mirrors the distinction be-

tween concepts, representations, and witness sets introduced in section 2.3, and aligns

the pipeline with the representation-teaching perspective that redundancy and represen-

tational choice matter for what is actually learned [27].

Each candidate example is represented as

ui =
(
xi, x̃i, wi, yi, ki, zi,mi, ri

)
, (4.2)

where yi = fAI(xi) = fAI(x̃i) is the AI label, ki is simplification complexity measured

as the number of line segments, zi is the selection embedding, mi is the margin (i.e.
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the signed distance to the anomaly threshold), and ri is the simplification robustness

probability. In implementation terms,

mi = τ − s(x̃i), ri = 1− frag(x̃i),

where s(x̃i) is the simplified session’s Macro-RMSE anomaly score, τ is the deployed

threshold, and frag(x̃i) is the label-flip rate under bounded perturbations of the simplifi-

cation pivots.

This formulation makes simplification part of the MT objective rather than a cosmetic

post-processing step. Only simplifications that preserve the deployed label are admitted

to the teaching pool. In the language of teaching size from Chapter 2, ORS reduces

the per-example complexity term by replacing a dense charging trajectory with a shorter

piecewise-linear surrogate while keeping the witness faithful to the deployed classifier.

The forecasting model itself operates on a richer multivariate feature space than the

learner ever sees. However, the teaching interface intentionally restricts learner-visible

information to the most salient trajectory-level channels. Depending on condition, par-

ticipants are shown raw or simplified power and soc trajectories, while internal model

features such as temperature, taper indicators, and derivative features remain hidden.

This follows the MT4XAI principle that explanation quality depends not only on faith-

fulness, but also on what information is made visible to the learner [40].

Selection is performed in a separate representation space, and similarity comparisons

play an important part. I therefore mapped each simplified power curve to a fixed-

length vector using techniques adapted from Fulcher and Jones [30]. Let p̃i denote dense

simplified power for session i. Let p̃i denote the dense simplified power curve for session

i. The embedding map ϕ is defined as

ϕ(p̃i) =
[
z1:L, ∆z1:L, π1:P , ω1:P

]
∈ R2L+2P , (4.3)

where L is the embedding vector length, z is the resampled z-scored curve, ∆z its first

difference, and (π, ω) the top-P peak prominences and widths. The operational embed-

ding configuration uses L = 128 and P = 4. This means that the pipeline distinguishes

between four related but non-identical objects: the original model input xi, the faith-

ful simplified surrogate x̃i, the embedding zi = ϕ(p̃i) used for subset selection, and the

learner-facing witness w
(c)
i used in the teaching session.
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4.4.2 Teaching Set Construction

Teaching-set construction is implemented as a four-stage pipeline.

Stage 1: constructing a faithful candidate pool. First, the anomaly detection

system is run (inference) for all charging sessions in the validation and test sets using

the same Macro-RMSE thresholding rule as in section 4.2. The validation set served as

the source for the teaching pool, while the test set served as the source for exam items

used later in the MLLM evaluation. The teaching pool was class-balanced by retaining

all abnormal sessions and randomly sampling an equal number of normal sessions. For

each sampled session, the pipeline ran ORS, stored raw and simplified arrays, and at-

tached metadata including k, simplified error, fragility, robustness probability, and signed

threshold margin. The resulting pool therefore contained only classifier-faithful simplified

surrogates.

Stage 2: stratification and budget assignment. Pool examples were then stratified

by class and simplification complexity k using class-conditional k-bins. In the main

notebook workflow, fixed binning was used in order to keep bin edges stable across runs.

Per-bin budgets were derived from per-class targets through even allocation, followed by

a spillover rule that reassigned infeasible demand to nearby bins within the same class.

This stage operationalised the Chapter 2 and 3 requirement that compact teaching sets

should still preserve coverage of rare or pedagogically important representation regimes

rather than being dominated by the most common low-k examples.

Stage 3: selecting a compact set with coverage and controlled redundancy.

Let U denote the candidate pool and S ⊆ U the selected teaching set. Selection followed

a facility-location objective over the embedding space:

F (S) =
∑
i∈U

max
s∈S

sim(zi, zs), (4.4)

where sim is cosine similarity on L2-normalised embeddings. In implementation, this ob-

jective was optimised independently within each class-bin stratum under explicit budgets,

and the resulting subsets were then unioned into the final teaching set.
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At each greedy step, the score for a candidate x ∈ U \ S was

score(x) = ∆F (x | S) + λm m(x) + λr r(x), (4.5)

where ∆F (x | S) = F (S ∪ {x}) − F (S), m(x) is signed threshold margin, and r(x) is

robustness probability. The operational setting used λm = 0.10 and λr = 0.05.

This stage balanced diversity against controlled redundancy. Facility-location dis-

couraged near-duplicate examples in the embedding space, while class-conditional strati-

fication, spillover, and a deterministic min per k seeding rule prevented rare complexity

levels from disappearing entirely. The implementation did not explicitly optimise condi-

tional teaching size or a cognitive model of forgetting, but it operationalised the same

MT intuition from Chapter 2: for a fallible learner, some structured overlap is preferable

to collapsing the teaching set to only the most central examples.

Stage 4: serving examples from S. Selection and curriculum were separated delib-

erately. The selected set determined which sessions were taught, while the serving policy

determined how the learner accumulated them over time. All conditions were therefore

served from the same selected session IDs, while modality and order varied by group

policy. Groups A and B used overlay witnesses, Group C used raw-only witnesses, and

Groups D and E used simplified-only witnesses, with Group E reusing Group D assets.

Curriculum was implemented at the example-serving stage rather than at teaching-

set construction. For curriculum-enabled conditions, examples were ordered class-

conditionally by simplification complexity k and decision margin. In implementation

terms, normal sessions were ordered by ascending (k,m), while anomalous (abnormal)

sessions were ordered by descending (k,m), and the final stream alternated between

normal and anomalous examples. This policy reflected the operational assumption that

visually simple normal sessions would be easier starting points, whereas highly structured

anomalous sessions could provide salient counterexamples. The intuition was consistent

with the discussion of human default expectations in Yang et al. [104]. Non-curriculum

conditions used randomised order over the same selected session IDs.

Taken together, these four stages yield a coherent MT4XAI pipeline: ORS reduces

per-example teaching cost while preserving classifier behaviour, the embedding defines

a representation space for comparing candidates, facility-location selects a compact wit-

ness set with controlled redundancy, and the serving policy realises the curriculum and

modality manipulations evaluated in the later chapters.
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4.5 Evaluating MT4XAI with MLLMs

The explanation pipeline was evaluated through forward simulation, following the

paradigm of Mart́ı-Pérez et al. [73], where the MLLM-based learner first observes labelled

examples from the deployed AI system and then predicts the AI’s labels for unseen ex-

amples. In this thesis, each MLLM participant corresponded to one independent trial in

the experiment runner.

I used gpt-5-nano as the proxy learner MLLM because it offered a practical balance

between cost, speed, and reasoning capability, which made it feasible to run many trials

under multiple conditions.

4.5.1 Experimental Conditions

The experiment automatically assigned MLLM participants into one of six groups using

balanced random allocation. Each group encountered a separate experimental condition:

• Group A (Overlay + Curriculum): Overlay modality in teaching and post-

exam. Teaching order follows curriculum metadata order.

• Group B (Overlay + Unordered): Same overlay modality as A, but teaching

order is randomised per participant.

• Group C (Raw-only + Unordered): Raw-only modality, teaching order ran-

domised per participant.

• Group D (Simplified-only + Curriculum): Simplified-only modality, curricu-

lum order.

• Group E (Simplified-only + Curriculum + Frequent Rule Updates):

Reuses Group D teaching assets and order, but enforces per-example rule-of-thumb

updates with strict JSON schema.

• Group F (No Teaching Baseline): No teaching phase, raw-only pre and post

exams.

To preserve the behavioural hypotheses inferred by the MLLM participants during

the teaching phase, Groups A–D were required at regular intervals to externalise their

current interpretation of the AI classifier’s behaviour (see Appendix C for full prompt tem-

plates). These structured descriptions included the fields normal cues, abnormal cues,
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exceptions, confidence, and rule of thumb, where the latter represented a concise

provisional decision rule describing how the participant believed the AI classifier distin-

guished normal from abnormal charging sessions.

This intervention served two methodological purposes. First, it reduced information

loss caused by the rapidly expanding conversational context, since each charging-curve vi-

sualisation consumed a substantial number of tokens and earlier examples could otherwise

become less salient within the active context window. Second, it operationalised learning

as explicit belief revision rather than parameter adaptation. Deployed LLMs perform

inference using fixed model parameters and do not update their internal weights during

interaction unless explicitly retrained or fine-tuned offline [12, 100]. For this reason, learn-

ing in the present experiment was simulated through structured belief updating within

the prompt context rather than through any underlying change in model parameters.

Group E followed a stricter variant of this design. After the first teaching example,

participants were required to state an initial rule of thumb, and after every subsequent

example they were explicitly instructed either to retain or revise that rule. This created a

controlled approximation of iterative rule refinement after each new observation. Group

F did not produce intermediate descriptions or rule updates.

This design enabled controlled contrasts for simplification effects, curriculum effects,

teaching effects, and structured rule-maintenance effects, while keeping the selected teach-

ing examples identical across all teaching conditions.

4.5.2 Evaluation Structure

Each participant trial consisted of three phases.

In the pre-teaching exam, the model was shown one of two disjoint exam sets and

asked to predict the AI’s label for each item. All groups used raw-only modality in this

phase.

In the teaching phase, Groups A–E received labelled teaching items from the se-

lected teaching set, while Group F skipped teaching and functioned as a baseline. The

visual modality depended on group condition. Curriculum and rule-maintenance policies

were applied only where specified by condition.
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In the post-teaching exam, the participant received the opposite exam set. The

same item never appeared in both pre- and post-exam for the same participant. For the

teaching groups, the post-exam evaluated application of the rule state learned during

teaching rather than further rule editing.

The complete prompts and JSON schemas are documented in Appendix C. They

are not reproduced in full here because the methodological focus of this chapter is the

experimental design, not the low-level prompt syntax.

4.5.3 Controlling Prior Information and Leakage

Each participant began from a fresh conversation state with fixed system instructions.

Exam and teaching images were anonymised and shown as static plots. During exams,

labels were never provided. During teaching, the AI label was supplied explicitly in the

prompt. Pre- and post-exam sets were disjoint within participant, and the post-exam for

the teaching groups used the rule state produced during teaching rather than allowing

unrestricted continued updating.

These controls were intended to reduce item leakage, reduce memory confounds be-

tween exam phases, and isolate the effect of the teaching intervention as far as possible

within an LLM-based experimental setup.

4.5.4 Outcome Measures

The primary participant-level metric was accuracy in each phase,

Accuracyphase =

∑
is correct

30
,

and the main improvement metric was

∆Accuracy = Accuracypost − Accuracypre.

I also computed a relative teaching effect versus the no-teaching baseline:

RelativeEffectg =

(
1

ng

ng∑
i=1

∆Accuracyg,i

)
−

(
1

nF

nF∑
j=1

∆AccuracyF,j

)
, g ∈ {A,B,C,D,E}.

At the software level, all item-level and participant-level outputs were persisted to

structured files so that experiments could be resumed and audited consistently.
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4.6 Methodological Assumptions and Validity Con-

straints

This section consolidates the assumptions and validity constraints that shape the inter-

pretation of the methodology.

4.6.1 Data and preprocessing

The pipeline assumed that each charging id corresponded to one coherent charging

event and that sorting by timestamp recovered a valid within-session temporal process.

It also assumed that owner-reported EV model identity was sufficiently reliable for con-

structing a large single-vehicle dataset centred on the Audi e-tron 55. This assumption

was operational rather than absolute. Some reporting error was possible, but I judged it

unlikely to dominate the downstream modelling behaviour.

The preprocessing also assumed that leading and trailing zero-power segments mainly

reflected boundary artefacts, that sessions shorter than 8 minutes or longer than 60

minutes were less suitable for the modelling objective, and that session-start ambient

temperature from the nearest available weather station was a reasonable proxy for local

charging conditions.

4.6.2 Forecasting and anomaly scoring

The forecasting-based anomaly-detection pipeline assumed that the unlabelled training

corpus was dominated by normal charging behaviour, so that a forecaster trained on the

full dataset would primarily learn expected behaviour. It also assumed that large session-

level forecasting errors corresponded, at least operationally, to behaviour that was useful

to treat as abnormal.

A central validity limitation is that the anomaly labels used later in the pipeline were

pseudo-labels induced by the forecasting-and-thresholding rule. They were not externally

validated fault labels. I did not conduct a separate expert-labelling study for the anomaly-

detection subsystem because that would have required substantial domain-expert time,

and optimising a production-quality anomaly detector was outside the scope of the thesis.
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The central thesis question was not whether I could build the best possible EV charging

anomaly detector, but whether a machine-teaching explanation pipeline could be built

on top of a non-trivial time-series classifier and whether its behaviour could be simulated

by an MLLM. The anomaly-detection subsystem was therefore treated as the deployed

AI system to be explained, not as the primary optimisation target of the thesis.

4.6.3 Simplification and teaching-set construction

The simplification stage assumed that classifier-relevant charging-power morphology

could be represented adequately with a piecewise-linear curve, provided that the sim-

plified curve preserved the classifier’s decision. It also assumed that local robustness

under bounded pivot perturbations was a useful proxy for simplification stability.

A further design assumption was that anomaly decisions were driven primarily by

charging-power behaviour, while SOC mainly contributed contextual information about

charging phase. This assumption was informed by qualitative inspection of many

anomaly-detection plots using the interactive inspection tool, not by a formal ablation

study. I therefore treat it as an empirically informed engineering assumption rather than

a proven property of the classifier.

The teaching-set construction stage further assumed that the embedding ϕ(p̃) pre-

served enough shape information for diversity-based selection, that simplification com-

plexity k and decision margin could act as useful proxies for pedagogical difficulty, and

that keeping the underlying selected session IDs fixed across conditions improved the

interpretability of modality comparisons.

4.6.4 MLLM evaluation

The MLLM evaluation assumed that forward simulation with a multimodal language

model could function as a useful proxy for controlled, scalable comparison of teaching

conditions. This does not imply that MLLMs are equivalent to human participants.

Rather, the MLLM experiment was intended as an intermediate evaluation layer that

could reveal whether a consistent teaching signal existed at all under tightly controlled

experimental conditions.

The results from this part of the thesis must therefore be interpreted as evidence

about proxy-learner simulateability under the given prompt and image protocol, not as

a substitute for a full human-subject study.
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4.7 Data, Software and Reproducibility

4.7.1 Data

The EV charging-session dataset was provided by an industrial partner who has requested

to remain anonymous for the purpose of this thesis. Due to data-ownership constraints,

the original raw dataset is not redistributable. However, an anonymised dataset is avail-

able through the public project repository, subject to a non-commercial licence agreement.

The anonymised dataset is identical in modelling content to the one used in the thesis,

except that timestamp, lat, lon, and nearest weather station have been removed to

protect the identity of the dataset owner. Individual EV owners are not identifiable in

either the original or the cleaned datasets, as neither direct personal identifiers nor indi-

rect proxy variables that could enable re-identification are present among the recorded

features.

The primary modelling dataset is stored as etron55-charging-sessions.parquet

[85], produced by the preprocessing pipeline described earlier in this chapter. Interme-

diate and final artefacts for teaching-pool construction and MLLM evaluation are also

persisted in deterministic project directories.

4.7.2 OS and Hardware Specifications

All experiments were run in a local Linux environment (Fedora 40 under WSL2) on a

single workstation with the following specifications:

• GPU: NVIDIA GeForce RTX 4070 Laptop GPU (8 GB VRAM)

• CPU: Intel Core i9-13900HX

• RAM: 16 GB

GPU acceleration was used for model training and for the more computationally

intensive simplification and MLLM experiment stages.
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4.7.3 Software

The software developed for this thesis is publicly available as a GitHub repository [85].

The implementation followed a notebook-plus-package workflow. Ordered notebooks doc-

umented the main methodological stages, while reusable logic was packaged under src/

in the mt4xai and mllm experiment Python packages.

The repository also contains a pinned dependency snapshot (linux requirements.txt),

package metadata (pyproject.toml), and a central configuration file (config.yaml). In-

stallation and execution steps are documented in the project README.md.

The software environment targeted Python 3.12 and used pinned dependencies from

linux requirements.txt. The project’s reusable Python asset libraries were packaged

via pyproject.toml. Core methodology settings were centralised in config.yaml, in-

cluding paths, random seeds, inference defaults, and teaching-related settings.

Randomness was controlled through explicit seeds. A project-wide seed (random seed=42)

was used in the main pipeline configuration, and MLLM trials also exposed a CLI seed

parameter with logged effective seed values for reruns.

Environment variables were used for external services. These included OPENAI API KEY

for MLLM trials and weather-service credentials for optional re-running of the feature en-

gineering pipeline. The credentials are personal and are therefore kept out of source code,

however, new functional credentials are easily obtainable by creating personal accounts

for the external services. See the setup guide in the repository README.md [85] for details.
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Chapter 5

Results and Design Choices

This chapter reports the comparative experiments, final engineering choices, and em-

pirical results that instantiated the methodology from Chapter 4. I focus on the four

parts of the pipeline where practical trade-offs and observed outcomes mattered most:

forecasting-model selection, anomaly-scoring calibration, curve simplification, and the

MT4XAI MLLM evaluation. The aim is not to repeat the methodology chapter, but to

report which options I explored, how I compared them, which choices were ultimately

carried forward into the MT4XAI pipeline, and how the resulting teaching conditions

performed in the proxy-learner experiment.

5.1 Forecasting Model Experimentation

In my modelling work I compared two model families under the same multi-horizon

residual-forecasting objective: an LSTM and a causal TCN. I treated this as an engineer-

ing and architecture selection problem rather than a pure model benchmarking exercise.

Both families were trained with the same data split, the same loss definition, and the same

validation metric, and both were tuned with Ray Tune using 64 BOHB configurations.

Figures 5.1–5.4 show that both architectures learn the forecasting task quickly, with

the largest reductions in Huber loss and validation Macro-RMSE occurring in the early

epochs before the gains taper off. The LSTM reaches a lower and earlier validation

plateau, reducing the validation Macro-RMSE from about 4.8 kW to roughly 2.88 kW,

whereas the TCN improves more gradually and stabilises at a higher level of about 3.13
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Figure 5.1: Best LSTM model’s training and validation loss

kW. The LSTM also shows a more visible separation between training and validation

Huber loss, while the TCN’s two loss curves remain much closer throughout training,

which is consistent with the stronger regularisation of the selected TCN configuration.

Taken together, the loss and validation-RMSE plots indicate stable convergence for both

model families, but a consistently better validation-time fit for the LSTM, which justifies

its selection as the forecasting model used in the anomaly detection system.

Architecture Search budget Tuning time Outcome

LSTM 64 BOHB trials 1 h 37 min Achieved the lowest validation
Macro-RMSE and was selected.

TCN 64 BOHB trials 2 h 43 min Remained competitive, but did
not outperform the best LSTM
checkpoint on validation

Table 5.1: Summary of the architecture-tuning runs.

The LSTM’s final hyperparameter configuration was hidden dim=256, num layers=4,

dropout=0.0027575, lr=0.00050155,

weight decay=1.1078e-06, batch size=32, grad clip norm=5.0, alpha h=0.518759,

and horizon=5. This model was then exported as Models/final/final model.pth [85]

and used in all downstream stages of the MT4XAI pipeline.

On the held-out test set, the selected LSTM achieved a Macro-RMSE of 3.5138 kW.

Qualitative inspection of forecast trajectories like the one in Figure 5.5 suggested that
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Figure 5.2: Best LSTM model’s partial validation RMSE per epoch

Figure 5.3: Best TCN model’s training and validation loss
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Figure 5.4: Best TCN model’s partial validation RMSE per epoch

Figure 5.5: LSTM model forecasting on a single session



Figure 5.6: Interactive anomaly inspection tool

the model captured the dominant charging dynamics well enough for the downstream

anomaly-scoring task. Importantly, the purpose of this subsystem was not to maximise

forecasting performance in isolation, but to provide a stable and non-trivial deployed

classifier whose behaviour could later be simplified, taught, and simulated.

5.2 Anomaly Detection Results and Design Choices

After the forecasting model had been fixed, I converted session-level forecasting error into

a binary anomaly label. This stage involved several practical design choices: which error

metric to use, how strongly to weight near-term versus longer-term forecast horizons,

where to set the decision threshold, and how to inspect the consequences of each choice

without ground-truth anomaly labels.
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5.2.1 Compared anomaly detection design options

I compared two candidate session-level error metrics, Macro-RMSE and RWSE, and I

explored horizon-decay settings

λ ∈ {0.0, 0.2, 0.4, 0.6, 2.0}.

I also examined high-percentile thresholds on the validation-set error distribution and

used a lightweight self-built interactive anomaly-inspection tool (see Figure 5.6 and

04 Anomaly Detection.ipynb [85]) to browse individual charging sessions, recon-

structed forecasts, and resulting session scores under various parameters and settings.

This inspection workflow mattered because the dataset did not contain trusted session-

level anomaly labels. Instead of measuring precision, recall, or AUROC directly, I evalu-

ated candidate settings qualitatively by asking whether the resulting anomalous sessions

looked like meaningful departures from expected charging behaviour, whether the metric

over-reacted to isolated local errors, and whether the resulting abnormal set was small

enough to remain plausible as a high-confidence subset.

5.2.2 Final anomaly scoring configuration

The final operational configuration used Macro-RMSE as the session-level scoring metric,

a 95th-percentile threshold estimated on validation errors, horizon-decay λ = 0.4, and

t min eval=1. The corresponding Macro-RMSE threshold was τ = 12.97.

When applied to the 12,183-session test set, this yielded 580 sessions labelled as

abnormal and 11,603 sessions labelled as normal. I retained Macro-RMSE rather than

RWSE because it aligned better with the later interpretability objective. In practice,

Macro-RMSE produced a set of abnormal sessions whose deviations were easier to inspect

visually and easier to reason about in the teaching pipeline. RWSE remained useful as a

robustness-oriented diagnostic, but not as the main operational score.

5.2.3 Absence of anomaly detection scoring metrics

I did not collect domain-expert labels for the anomaly-detection subsystem, and I there-

fore did not compute standard supervised anomaly-detection metrics such as precision,

recall, F1, or AUROC. There were two reasons for this.
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Design aspect Options explored Final choice

Session-level score Macro-RMSE, RWSE Macro-RMSE
Horizon-decay parameter 0.0, 0.2, 0.4, 0.6, 2.0 0.4
Thresholding rule high validation percentiles 95th percentile
Evaluation start index low tmin,eval settings tmin,eval = 1

Table 5.2: Final anomaly scoring choices after qualitative calibration.

First, reliable labelling would have required substantial time from domain experts with

knowledge of EV charging behaviour, battery limitations, and charger-site conditions.

That annotation effort would have been significant in its own right.

Second, building the best possible anomaly detector is not the main goal of the thesis.

The central research question is whether a machine-teaching explanation pipeline could

be constructed on top of a non-trivial time-series classifier and whether the behaviour of

that classifier could be taught to a proxy learner. For that purpose, the anomaly-detection

pipeline needed to be realistic, coherent, reproducible, and behaviourally inspectable. It

did not need to be fully optimised as a production anomaly-detection system. I therefore

treat the abnormal labels used in later chapters as operational pseudo-labels induced by

the forecasting-and-thresholding rule.

5.3 Curve Simplification Results and Design Choices

The simplification stage shifts the emphasis from predictive modelling to classifier-aware

optimisation and visual representation design. Here I had to decide which signals should

be shown to the learner, which curve-simplification method should be used for the

decision-relevant power channel, and how to balance fidelity against computational cost.

5.3.1 Presentation-level design choices

The teaching interface did not expose the full multivariate feature space used internally

by the forecasting model. Instead, I chose to show power and SOC trajectories only. Tem-

perature, nominal charger power, taper flags, and derivative features remained internal

modelling features and were omitted from the learner-facing plots.

This was a deliberate simplification choice. Power carried the most visible and

decision-relevant signal in the anomaly plots I inspected, which was expected from the
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feature importance analysis in the EDA (see subsection 4.1.3). However, while changes

in SOC do not provide an important forecasting signal, the SOC trajectory gives eas-

ily interpretable contextual information about charging phase and tapering behaviour.

Including additional model inputs such as ambient temperature in the teaching visuali-

sations would have increased clutter and cognitive demand without obviously improving

the learner’s ability to approximate the classifier. I therefore kept the visual interface de-

liberately narrow, with power as the primary explanatory signal and SOC as supporting

context.

5.3.2 Comparing stage-1 candidate-generation methods

I compared three practical options for stage-1 candidate generation:

• Ramer–Douglas–Peucker (RDP) simplifications,

• ORS with dynamic programming (DP),

• ORS with prefix-sum-accelerated dynamic programming (DP-prefix).

The comparison focused on two criteria: wall-clock efficiency and the compactness of

feasible simplifications, measured operationally through the number of line segments k. In

exploratory runs, the DP-based variants tended to find feasible simplifications with lower

k than plain RDP, which was desirable for teaching because simpler decision-preserving

curves are easier to inspect and compare. However, vanilla DP was noticeably slower and

became expensive when simplification had to be run repeatedly across a large teaching

pool.

My DP-prefix variant of ORS preserves the DP search objective while reducing the

computational burden of stage 1. In practice, this gave the best trade-off for the power

channel: it retained the stronger search behaviour associated with DP, but was much

more practical for large-scale pool construction. I therefore selected ORS with DP-prefix

as the default power-simplification method.

For the SOC channel, the situation was different. SOC served mainly as contextual

support in the plots, and exact preservation of the classifier’s decision through the SOC

simplification itself was not the central requirement. Furthermore, the highly linear

nature of SOC suggested that those simplifications would be much more trivial than for

power. I therefore used RDP directly for SOC overlays to save time and computational

resources.
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5.3.3 Comparing additional simplification parameters

In order to investigate how the remaining ORS simplification parameters should be set for

the MT4XAI pipeline, I built an interactive curve simplification inspection tool largely

by reusing code assets from the interactive anomaly detection tool presented in subsec-

tion 5.2.1. The main purpose of the tool was to support qualitative and semi-structured

comparison of parameter settings across individual charging sessions, while keeping the

underlying anomaly classification logic fixed. To ensure this consistency, the dashboard

uses the same Macro-RMSE-based session scoring, horizon-decay setting, and anomaly

thresholding procedure as the anomaly detection analysis.

The tool allowed me to filter sessions by original classifier label and sequence length,

inspect specific charging-session IDs, and recompute ORS simplifications under different

parameter combinations. In particular, it exposed the main ORS trade-offs that were rele-

vant for downstream teaching-set construction: the stage-1 candidate generation method

(DP, DP prefix, or RDP), the stage-2 candidate selection metric (L2 or Macro-RMSE),

the robustness and fragmentation weights α, β, and γ, the admissible deviation param-

eter ε, the allowed simplification range k, and the search-budget parameters q, R, and

n candidates. This made it possible to compare not only whether a simplification re-

mained label-preserving, but also how the chosen parameters affected visual faithfulness,

abrupt artefacts, fragmentation, and the achieved simplicity level.

Figure 5.7 shows the interactive dashboard for exploring different tunable parameters

and algorithmic implementations for simplifying charging sessions. The plot overlays

the original charging curve, the model prediction horizons, and the resulting simplified

curve, while also reporting the original and simplified Macro-RMSE values, the decision

threshold, the resulting label, the ORS objective value, and the number of retained

segments. This combination of controls and visual feedback was useful for identifying

parameter settings that produced simpler and visually plausible charging curves without

changing the classifier decision, which was the main requirement for the explanation

pipeline.

5.3.4 Final operational configuration

For large-scale teaching pool and exam pool construction, the final power-simplification

configuration used stage1 mode=dp prefix, dp alpha=0.0075, dp q=300, beta=4.0,
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Figure 5.7: Interactive simplification tool



gamma=0.05, R=3500, epsilon mode=fraction, epsilon value=0.2, t min eval=2,

anchor endpoints=last, and min k=1, max k=12. For SOC, I used soc stage1 mode=rdp

with soc rdp epsilon=0.75.

These choices reflected the practical role of simplification in the thesis. The power

simplification had to remain classifier-faithful and computationally manageable across

many sessions. The SOC simplification had to remain visually useful, but it did not need

to carry the full burden of decision preservation.

5.3.5 Asymptotic improvement of the prefix-sum DP variant

The key theoretical reason for preferring the DP-prefix variant was that, in a fully prefix-

sum-based implementation of ORS stage 1, it reduces error-table initialisation from cubic

to quadratic in the sequence length T , while leaving the original heap-based q-best DP

and stage 2 robustness screening unchanged.

Let a candidate segment over indices a, . . . , b be approximated by a line

ℓa,b(t) = ua,bt+ va,b.

The segment reconstruction error is then

SSE(a, b) =
b∑

t=a

(
yt − ℓa,b(t)

)2
.

Expanding the square gives

SSE(a, b) =
b∑

t=a

y2t − 2ua,b

b∑
t=a

tyt − 2va,b

b∑
t=a

yt + u2
a,b

b∑
t=a

t2 + 2ua,bva,b

b∑
t=a

t+ v2a,b

b∑
t=a

1.

Each term depends only on interval sums of the form∑
1,

∑
t,

∑
t2,

∑
yt,

∑
tyt,

∑
y2t .

If prefix sums for these six quantities are precomputed once, every interval query [a, b]

can be answered in O(1) time. It follows that the SSE for any candidate segment can

also be computed in O(1) time. The expansion above implies that, once the line through

a candidate pair of pivots is fixed, each ORS error term can be evaluated from six cu-

mulative statistics. This applies not only to interior segments err(i, j), but also to the
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endpoint-extended terms err(1, i, j), err(i, j, T ), and err(1, i, j, T ), since these only change

the queried interval.

Using cumulative sum tables to answer interval aggregate queries in constant time

is a standard optimisation, classically exemplified by summed-area tables [20]. Here,

the same idea is specialised to the one-dimensional sufficient statistics needed for ORS

segment SSE computations.

In the original ORS paper, the O(T 2) error terms are initialised in O(T ) time each,

yielding an O(T 3) preprocessing cost and hence an O(T 3+Tq log T ) stage-1 runtime [95].

If all four error tables are instead backed by prefix-sum queries, the preprocessing cost

falls to O(T 2), so stage 1 becomes

O(T 2 + Tq log T ).

Stage 2 is unaffected and still requires classifier evaluation of the retained candidates and

their perturbations, which can be written explicitly as

O(q(R + 1)Cf (T ))

up to lower-order constants. The DP-prefix variant therefore leaves the ORS objective,

candidate semantics, and optimality logic unchanged, but accelerates the deterministic

candidate-generation step relative to the original cubic implementation.

At present, the repository implementation applies constant-time prefix queries only to

the interior error table err(i, j), while the endpoint-extended tables are still accumulated

directly. The current code therefore realises a constant-factor speed-up, but not yet the

full O(T 2 + Tq log T ) stage-1 bound.

5.4 MT4XAI MLLM Experiment Results

This section reports the empirical results of the MLLM evaluation introduced in sec-

tion 4.5. The experimental protocol, condition design, and validity scope are therefore

not repeated here, since those aspects are already discussed in section 4.5 and subsec-

tion 4.6.4. The focus of the present section is on the observed outcome patterns in the

proxy-learner experiment, while their broader interpretation is deferred to chapter 6.
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Figure 5.8: Teaching effect per group and condition for gpt-5-nano MLLM participants.
The left panel shows the mean post-pre accuracy shift for each group, with the dotted
red line marking the baseline mean shift for Group F. The right panel shows relative
teaching effect versus Group F. The box plot is configured so that the median is the
central horizontal line, while the top and bottom of the box are the 75th and 25th
percentiles, respectively. The whiskers show the 95th and 5th percentiles, while the dots
show the minimum and maximum observations.

5.4.1 Experimental sample and condition balance

The experiment conducted with gpt-5-nano MLLM participants yielded 101 completed

participants after excluding incomplete and failed trials. The distribution of completed

participants remained close to balanced across conditions, with 18 participants in Groups

A, E, and F, 16 in Groups B and C, and 15 in Group D.

5.4.2 Empirical Results

Figure 5.8 summarises both the mean post-pre accuracy shifts and the relative teaching

effects against the no-teaching baseline.

Several patterns are immediately visible in Figure 5.8. First, the no-teaching baseline

in Group F shows only a very small mean improvement, which suggests that most of the

larger shifts in the teaching groups are unlikely to be explained by exam-set differences

alone. Second, the pattern suggests that simply being exposed to more exam questions

or examples is unlikely to generate a large positive teaching effect on its own. Third, the

strongest mean improvement is observed in Group A, followed closely by Groups E and

B. Fourth, Group C produces only a small net gain, which is why the post-pre change

remains the more informative summary than post-exam accuracy alone.

73



The right panel of Figure 5.8 makes the same pattern clearer after baseline adjustment.

The ranking by relative teaching effect is A > E > B > D > C. Groups A, E, and B

cluster as the strongest conditions, Group D remains positive but weaker, and Group C

is close to the baseline with an IQR that crosses zero.

Group Welch p Bonf. p Bonf. rej. Holm p Holm rej.

A 0.0093 0.0466 True 0.0373 True
E 0.0028 0.0139 True 0.0139 True
B 0.0103 0.0514 False 0.0373 True
D 0.0377 0.1886 False 0.0754 False
C 0.6918 1.0000 False 0.6918 False

Table 5.3: Significance results for the relative teaching effect comparisons against baseline
Group F in the main gpt-5-nano experiment.

The significance pattern in Table 5.3 broadly supports the same descriptive ranking.

In the uncorrected Welch comparisons against Group F, Groups A, B, D, and E all out-

perform the baseline, whereas Group C does not. After Holm correction for multiple

comparisons, Groups A, B, and E remain significant. Under the more conservative Bon-

ferroni correction, only Groups A and E remain below the 0.05 threshold, while Group

B narrowly misses it (p = 0.0514). The strongest evidence therefore concentrates around

the overlay curriculum condition (A) and the simplified-only condition with frequent rule

updates (E), with Group B close behind.
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Chapter 6

Discussion

This chapter interprets the results reported in chapter 5, relates them back to the re-

search question and the broader MT4XAI agenda, and discusses the main limitations and

contributions of the thesis.

6.1 Interpretation of Key Findings

6.1.1 From methodology to a working MT4XAI pipeline

A central contribution of this thesis is not only that MT4XAI components were combined

end-to-end, but that several of them required adaptation before they could operate coher-

ently on industrial charging-session data. The MT4XAI framework can be instantiated

as a coherent end-to-end pipeline for a real industrial time series use case. In practice,

this meant building not only an explanation method, but an entire chain of compo-

nents: a forecasting-based anomaly detector, a classifier-aware simplification procedure,

a teaching-set construction pipeline, and a forward-simulation evaluation protocol. The

main value of this result is therefore not only in any single metric, but in showing that

MT4XAI can move beyond controlled benchmark settings and operate on noisy, multi-

variate EV charging-session data.

This is important because the industrial setting introduces constraints that are easy

to abstract away in theory. The anomaly labels used later in the pipeline are not expert-

validated fault labels, but operational pseudo-labels induced by forecasting error and
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thresholding. The charging sessions are long enough, multivariate enough, and variable

enough that a purely raw-example explanation strategy would be difficult to interpret.

The fact that the pipeline still produces stable teaching pools, simplified examples, and

meaningful condition differences in the MLLM study suggests that the overall MT4XAI

idea is viable even when the data is messy and the classifier is only indirectly defined

through forecasting behaviour.

The software-engineering results also matter in their own right. The prefix-sum

dynamic-programming variant of ORS does not change the underlying simplification ob-

jective, but it makes large-scale simplification substantially more practical by reducing

the stage-1 candidate-generation cost from cubic to quadratic in sequence length for fixed

K. That does not remove the cost of stage-2 robustness checking, but it does remove

one of the main bottlenecks in building large teaching and exam pools. In that sense,

the contribution is not just theoretical neatness. It is one of the reasons why the broader

MT4XAI pipeline becomes executable at all on a realistically sized dataset.

6.1.2 What the MLLM experiment supports

The strongest empirical pattern from the MLLM experiment is that the teaching condi-

tions are not equally effective. Groups A, E, and B produce the largest post-minus-pre

gains, Group D is positive but weaker, and Group C remains close to the no-teaching

baseline. This pattern matters because Group C still receives labelled examples. The

weak performance of Group C therefore suggests that simply showing more examples is

not enough. How the examples are represented seems to matter at least as much as how

many are shown.

Although these results are still preliminary, they already suggest a meaningful struc-

ture in the teaching conditions. The two overlay-based groups perform strongly in both

ordered and unordered form, and Group A is modestly better than Group B. This points

to a possible benefit of curriculum order, although the gap between A and B is not

large enough to support a strong claim on its own. The significance results in Table 5.3

strengthen this interpretation to a degree, because both A and B survive Holm correction,

while only A also survives the stricter Bonferroni correction.

The simplified-only conditions are also encouraging. Group E produces a relative

effect that is close to Group A and larger than Group D, which suggests that simplification

does not destroy the teaching signal and may work especially well when the learner is
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required to maintain an explicit rule-of-thumb throughout teaching. This interpretation

is reinforced by Table 5.3, where Group E is significant under both Holm and Bonferroni

correction. Group D is still above the baseline, but the evidence for that condition is

less secure after multiplicity correction, since it does not remain significant once the

family-wise corrections are applied.

By contrast, the raw-only teaching condition C contributes very little beyond the

no-teaching baseline once improvement is measured relative to the participant’s own pre-

exam performance. This is an important result, because it suggests that merely showing

additional labelled examples is not sufficient. The way the examples are presented appears

to matter. In the present results, both overlay-based and simplified-only representations

appear more effective than raw-only presentation for helping the proxy learner infer the

classifier’s decision behaviour.

This is one of the clearest takeaways of the thesis. The stronger conditions all reduce

cognitive burden in some way. Groups A and B use overlays that directly compare raw

and simplified behaviour, while Groups D and E use simplified-only views that remove

much of the visual clutter. Group E adds explicit rule maintenance, which appears

to help the proxy learner retain and refine a usable decision heuristic throughout the

teaching phase. Taken together, the results suggest that MT4XAI-style explanation

benefits do not come from example exposure alone. They seem to come from combining

faithful simplification, structured presentation, and a teaching protocol that encourages

the learner to consolidate a rule.

Taken together, the preliminary gpt-5-nano results provide the first empirical indi-

cation that the MT4XAI-generated teaching sets contain a usable teaching signal for an

MLLM proxy learner. The gains are not uniform across all conditions, but the strongest

conditions improve substantially more than the no-teaching baseline and do so in a pat-

tern that is consistent with the intended hypotheses behind the explanation design.

The hypothesis-level interpretation should, however, remain cautious. H1 receives

directional support, but not enough evidence to be accepted conclusively. Group B

improves more than Group C on average (0.100 versus 0.027 post-minus-pre accuracy

change), which is consistent with a benefit from simplification, but the direct B-versus-C

contrast is still statistically uncertain on the current sample (p ≈ 0.10). H2 is weaker

still. Group A outperforms Group B numerically (0.120 versus 0.100), but the gap is

small and does not provide convincing direct evidence for a curriculum effect on its own

(p ≈ 0.65). The safest interpretation is therefore that curriculum ordering may help, but

this thesis does not establish that strongly.
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H3 is the most convincing of the three hypotheses. When the teaching groups are

considered together, they outperform the no-teaching baseline clearly (0.087 versus 0.012

mean improvement, p ≈ 0.0007). At the condition level, Groups A, E, and B also show

the clearest gains beyond Group F. I therefore treat H3 as broadly supported, while also

noting that the size of the teaching effect depends strongly on the teaching format. In

other words, teaching helps, but some ways of teaching help much more than others.

6.1.3 Research question, MT4XAI,

and the XAI picture

The overarching research question asks how MT4XAI techniques can be applied to time

series classifiers to generate simple, understandable, and faithful explanations in a real-

world industry setting. Based on the results of this thesis, I would answer that question

positively, but only at proof-of-concept level. The thesis shows one workable way of doing

this: by treating the deployed anomaly detector as the target behaviour to be taught,

simplifying charging curves in a classifier-aware way, selecting a compact and diverse

teaching set, and evaluating whether a proxy learner becomes better at simulating the

classifier after teaching. What the thesis does not show is that this is already a finished

or fully validated industrial explanation solution.

Within the broader MT4XAI research project, this thesis contributes empirical

grounding in three places. First, it shows that simplification is not merely a visual

convenience, but a practical ingredient in explanation design for time series. Second,

it operationalises the teaching-set idea in a realistic pipeline that includes balancing,

stratification, diversity, robustness, margin, and curriculum. Third, it pilots MLLM-

based forward simulation as a scalable pre-human evaluation method. That last point

is especially relevant for MT4XAI, because human studies are expensive and slow, while

explanation design often requires many rounds of refinement.

More broadly for XAI, the thesis supports a shift away from evaluating explanations

only in terms of local faithfulness or visual plausibility. The results suggest that expla-

nation quality should also be judged by whether it helps a learner simulate the model’s

behaviour. This is closely aligned with the MT view of explanation as teaching. The

negative or weak result for raw-only Group C is especially informative here. It suggests

that explanation research for time series should care not only about preserving model-

relevant information, but also about presentation, cognitive load, and how information is

sequenced over time.
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6.2 Limitations

6.2.1 Classifier and anomaly-labelling limitations

The anomaly-detection subsystem is a necessary foundation of the thesis, but it is also a

major source of uncertainty. The labels explained later in the pipeline are pseudo-labels

induced by forecasting error and thresholding, not externally validated fault labels. As a

result, the thesis explains the behaviour of the implemented classifier, not ground truth

in any strict operational sense. This is acceptable for a proof-of-concept MT4XAI study,

but it limits any strong claim about the practical fault-detection quality of the underlying

anomaly detector.

A related limitation is that anomaly-scoring choices were calibrated qualitatively

rather than through standard supervised metrics such as precision, recall, F1, or AU-

ROC. This was a reasonable decision given the lack of trusted labels and the scope of

the project, but it means that the chosen configuration should be understood as an op-

erationally plausible classifier for explanation research, not as a production-optimised

anomaly detector.

6.2.2 Simplification and teaching-pipeline limitations

The simplification pipeline preserves classifier behaviour by design, but that does not

guarantee that it preserves all semantically important aspects of a charging session for a

human viewer. In particular, the decision to focus visually on power and use SOC mainly

as context is an informed engineering judgement rather than a formally proven property

of the classifier. It seems reasonable from the qualitative inspection work, but it remains

a simplification of a richer multivariate decision process.

There are also practical limitations in the ORS pipeline itself. Some sessions are harder

to simplify robustly than others, and the current implementation is still computationally

expensive despite the prefix-sum speed-up. In the exam-pool workflow, at least one

session exhausted the ORS fallbacks and had to be skipped. That does not invalidate the

overall approach, but it is a reminder that the current system is research software rather

than a universally reliable simplification engine.
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Finally, the teaching-set construction pipeline uses one embedding design, one cover-

age objective, and one curriculum heuristic. These choices are well motivated and inter-

nally coherent, but they should not be treated as uniquely optimal for human learning.

They are plausible operational approximations of MT principles, not final answers.

6.2.3 Limitations of the MLLM experiment

The MLLM study is best viewed as a pre-human evaluation rather than as a substitute

for human-participant validation. The strongest claim it supports is that the explanation

sets contain enough teaching signal for a fallible proxy learner to improve under some

conditions. It does not show that domain experts, customers, or other real users would

learn in the same way.

The experiment is also sensitive to prompt design, response schemas, context man-

agement, and model-specific behaviour. Group E is a good example of this. Its strong

performance is interesting, but Group E differs from Group D not only in simplification

modality but also in how aggressively it forces rule maintenance. This makes it a valu-

able experimental condition, but also a less clean comparison than a single-factor design.

More generally, the current sample is strong enough to support the claim that teaching

can help, but weaker when it comes to separating closely related teaching policies such

as simplification versus curriculum in a definitive way.

6.3 Contributions

This thesis makes four main contributions. First, it instantiates the MT4XAI agenda on a

real industrial EV charging use case and shows that the full pipeline can be executed end

to end on multivariate time series. Second, it extends ORS with a prefix-sum-accelerated

dynamic-programming variant that preserves the original search objective while making

large-scale candidate generation much more practical. Third, it operationalises MT4XAI

for time series through a reusable pipeline for building faithful simplification pools, se-

lecting compact teaching sets, and serving examples under controlled modality and cur-

riculum conditions. Fourth, it pilots an MLLM-based forward-simulation evaluation that

appears useful as a low-cost screening step before human studies.

Taken together, these contributions do not amount to a finished industrial XAI prod-

uct. What they do provide is a credible proof of concept that MT4XAI can be adapted
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to a difficult real-world time-series setting, and that its core ideas, simplification, struc-

tured example selection, and learner-centred evaluation, remain meaningful outside small

benchmark demonstrations.
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Chapter 7

Conclusion and Future Work

7.1 Conclusion

This thesis investigates whether techniques from Machine Teaching for Explainable AI

(MT4XAI) can be applied to time-series classifiers in order to generate explanations that

are simple, understandable, and faithful in a real-world industry setting. Based on the

work presented in the previous chapters, the overall answer to this research question is

cautiously positive.

The thesis shows that it is possible to build an end-to-end MT4XAI pipeline for

a realistic time-series anomaly-detection problem based on EV charging sessions. The

resulting system combines four main components: a forecasting-based anomaly detector,

classifier-aware curve simplification, teaching-set construction, and forward-simulation

evaluation. Taken together, these components form a coherent explanation pipeline rather

than a collection of isolated experiments. This is an important result in itself, because

much of the earlier MT4XAI and time-series XAI literature remains closer to controlled

benchmarks, narrower methodological contributions, or purely theoretical proposals. In

contrast, this thesis demonstrates how the ideas can be connected and implemented in a

practically motivated setting with noisy multivariate data, engineering constraints, and

a non-trivial deployed classifier.

The results also indicate that simplification is a meaningful part of explanation design

for time-series classifiers. In the MLLM experiment, the weakest teaching condition was

the raw-only condition, even though it still exposed the learner to labelled examples.
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By comparison, the stronger conditions used either overlaid or simplified representations.

This suggests that the value of MT4XAI in this setting does not come only from choosing

representative examples, but also from presenting them in a way that reduces visual

complexity while preserving the decision-relevant structure.

At the software and algorithmic level, the thesis further shows that ORS can be

adapted in ways that make it more practical for large-scale use in a teaching pipeline.

The prefix-sum dynamic-programming variant introduced here does not change the ORS

objective itself, but it reduces the computational burden of stage-1 candidate generation

and therefore makes large-scale teaching-pool and exam-pool construction much more

feasible. In practice, this matters because MT4XAI for time series depends on being able

to generate many faithful simplifications efficiently enough to support repeated experi-

mentation.

The MLLM study provides a preliminary but useful signal about the explanatory

quality of the produced teaching sets. The strongest support is for the broader claim

that structured teaching improves simulateability relative to a no-teaching baseline. The

evidence for more specific claims is more tentative. The simplified overlay condition

performs better on average than the raw-only condition, which is consistent with the

hypothesis that simplification helps, but the current experiment does not establish that

difference strongly enough to treat it as conclusive. Likewise, the curriculum-ordered

overlay condition performs somewhat better than the unordered overlay condition, but

the gap is small and does not support a strong claim on its own. The clearest conclusion

is therefore that teaching helps, but that the effect depends strongly on how the teaching

is designed.

More broadly, the thesis supports a learner-centred view of explainability in which

explanation quality is judged not only by local faithfulness or visual plausibility, but also

by whether an explainee can learn to simulate the system better after being taught. In

that sense, the thesis does not only apply an existing framework to a new domain. It

also reinforces one of the central ideas of the MT4XAI perspective.

At the same time, these conclusions should be kept within scope. The anomaly

labels explained throughout the pipeline are operational pseudo-labels induced by the

forecasting-and-thresholding rule, not expert-validated fault labels. Similarly, the MLLM

experiment is best understood as a scalable pre-human evaluation step rather than as a

replacement for human-participant studies. For these reasons, the thesis should be read

as a proof of concept for MT4XAI in industrial time-series explainability, not as a finished

industrial solution.
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Taken together, the thesis makes four main contributions. First, it instantiates

MT4XAI in a realistic EV charging-session anomaly-detection setting. Second, it im-

proves the practical usability of ORS through a prefix-sum dynamic-programming variant.

Third, it operationalises a complete pipeline for simplification-aware teaching-set con-

struction and controlled teaching conditions. Fourth, it pilots an MLLM-based forward-

simulation experiment that appears useful for early-stage evaluation of example-based ex-

planations. These contributions do not fully solve the problem of explainable time-series

anomaly detection, but they do show that the MT4XAI approach is both implementable

and promising in a difficult applied setting.

7.2 Future Work

The most important next step is human evaluation. Although the MLLM experiment

provides useful early evidence, the ultimate question for MT4XAI is whether real users

can learn the classifier’s behaviour more effectively from the generated teaching sets. A

forward-simulation user study with humans would therefore be the most natural continu-

ation of this work. Such a study could compare domain experts and non-experts, examine

whether the same condition ranking appears as in the MLLM experiment, and investigate

not only post-teaching accuracy but also confidence, response time, and subjective un-

derstanding. This would provide a much stronger basis for claims about interpretability

in practice.

A second important direction is stronger validation of the anomaly-detection sub-

system itself. In the present thesis, the anomaly detector functions as the deployed AI

system to be explained, and this is sufficient for a proof-of-concept MT4XAI study. How-

ever, future work should ideally complement this with expert-labelled anomalies or other

forms of operational validation. That would make it possible to distinguish more clearly

between explaining the behaviour of the implemented classifier and explaining genuinely

meaningful faults or abnormal charging events. It would also strengthen the practical

value of the resulting explanations for industrial stakeholders.

A third direction concerns the teaching process itself. The current teaching pipeline

uses fixed teaching sets, fixed modalities, and relatively simple curriculum heuristics. This

is a reasonable starting point, but machine teaching theory suggests richer possibilities.

One promising direction is to model learning more explicitly through Bayesian updating,

as in the work of Yang et al. [104]. This could make it possible to estimate how much
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each teaching example changes the learner’s belief about the classifier’s decision rule,

and thereby measure teaching benefit more directly rather than only through pre- and

post-exam accuracy. It could also support adaptive teaching strategies in which the next

example depends on what the learner currently seems to misunderstand.

Related to this, future work could investigate whether ORS can do more than merely

simplify examples while preserving the classifier’s label. One especially interesting ques-

tion is whether ORS-style methods can help identify the exact parts of a sequence that

matter most for a given classification. In other words, instead of using simplification

only to reduce cognitive load, one might also use it to localise decision-relevant temporal

regions or transitions. If this proves feasible, it could create a bridge between example-

based MT4XAI explanations and more local explanatory signals, while still keeping the

representation visually coherent.

There is also substantial room for improving the simplification and teaching-set con-

struction pipeline. Even with the prefix-sum speed-up, ORS remains computationally

expensive because robustness checking still requires repeated classifier evaluations. Fu-

ture work could therefore focus on faster robustness estimation, better candidate prun-

ing, or alternative approximations that preserve most of the benefit at lower cost. It

would also be valuable to study more systematically how the current embedding design,

facility-location objective, margin term, robustness term, and curriculum heuristic affect

downstream learning. The present choices are reasonable and empirically useful, but they

are not guaranteed to be optimal for human learners.

Another natural direction is broader generalisation. This thesis focuses on one EV

charging-session dataset, one forecasting-based anomaly detector, and one industrial use

case. Future work should therefore test whether the same MT4XAI pipeline transfers

to other types of time-series classifiers, other anomaly-detection settings, and other do-

mains such as healthcare, energy forecasting, manufacturing, or cyber-physical systems.

Such transfer studies would help clarify which parts of the pipeline are domain-specific

engineering choices and which parts are more general MT4XAI principles.

Finally, the MLLM evaluation itself can be extended. The current experiment uses

one main model and one main trial design. Future studies could compare several MLLMs,

vary the prompt protocol more systematically, and replicate the direct condition contrasts

with larger samples. This would help separate robust explanation effects from model-

specific prompt effects and would make the proxy-learner methodology more reliable as

a screening tool before human studies.
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In summary, the future of this line of work lies in moving from proof of concept

to stronger validation, broader generalisation, and more adaptive teaching. The thesis

shows that MT4XAI is a plausible and promising approach for explainable time-series

classification in industry. The next challenge is to make that promise more rigorous, more

human-grounded, and more broadly applicable.

Taken together, the thesis shows that MT4XAI can be operationalised beyond con-

trolled benchmark settings and applied coherently to noisy industrial multivariate time-

series data, while also highlighting the methodological work still required before such

explanations can be evaluated with human end users at scale.
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[32] Miguel Garćıa-Piqueras and José Hernández-Orallo. Heuristic search of optimal

machine teaching curricula. Machine Learning, 112:5159–5191, 2023. doi: 10.1007/

s10994-023-06508-3.

[33] Alan H. Gee, Diego Garcia-Olano, Joydeep Ghosh, and David Paydarfar. Explain-

ing deep classification of time-series data with learned prototypes. arXiv preprint

arXiv:1904.08935, 2019. Also appeared in CEUR Workshop Proceedings (IJCAI

2019, Vol. 2429, pp. 15–22).

[34] Amirata Ghorbani, Abubakar Abid, and James Zou. Interpretation of neural net-

works is fragile. In AAAI, pages 3681–3688, 2019.

[35] Amirata Ghorbani, James Wexler, James Y. Zou, and Been Kim. Towards auto-

matic concept-based explanations. arXiv preprint arXiv:1902.03129, 2019.

URL: https://arxiv.org/abs/1902.03129.

90

https://arxiv.org/abs/2401.12711
https://proceedings.neurips.cc/paper_files/paper/2019/file/53c6de78244e9f528eb3e1cda69699bb-Paper.pdf
https://proceedings.neurips.cc/paper_files/paper/2019/file/53c6de78244e9f528eb3e1cda69699bb-Paper.pdf
https://doi.ieeecomputersociety.org/10.1109/TKDE.2014.2316504
https://arxiv.org/abs/1902.03129


[36] Sally A. Goldman and Michael J. Kearns. On the complexity of teaching. Journal

of Computer and System Sciences, 50(1):20–31, 1995. doi: 10.1006/jcss.1995.1003.

[37] Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan, Xuehao Zhai, Chengjin Xu,

Wei Li, Yinghan Shen, Shengjie Ma, Honghao Liu, Saizhuo Wang, Kun Zhang,

Yuanzhuo Wang, Wen Gao, Lionel Ni, and Jian Guo. A survey on LLM-as-a-judge.

arXiv preprint arXiv:2411.15594, 2024. doi: 10.48550/arXiv.2411.15594.

[38] Riccardo Guidotti, Anna Monreale, Salvatore Ruggieri, Franco Turini, Fosca Gian-

notti, and Dino Pedreschi. A survey of methods for explaining black box models.

ACM Computing Surveys, 51(5), 2018. doi: 10.1145/3236009.

[39] David Gunning and David Aha. Darpa’s explainable artificial intelligence (xai)

program. AI Magazine, 40(2):44–58, Jun. 2019. doi: 10.1609/aimag.v40i2.2850.

URL: https://ojs.aaai.org/aimagazine/index.php/aimagazine/article/view/2850.

[40] Brigt Arve Toppe H̊avardstun, Cèsar Ferri, José Hernández-Orallo, Pekka Parvi-
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Appendix A:

Generative AI Statement

The contents of this thesis, together with all related software assets, are the result of my

own independent work. Generative AI tools were used selectively as supportive instru-

ments during the project, primarily in the following ways:

• To assist with revision of the thesis text, including feedback on structure, flow,

grammar, and sentence formulation.

• To recommend potentially relevant academic literature based on the evolving thesis

draft and bibliography.

• To support debugging of Python and Latex code, drafting Python docstrings for

functions and classes, minor refactors/cleanup limited to specific functionality, and,

on a limited number of occasions, describing Jupyter Notebook outputs in Mark-

down.

• To answer general questions about programming (e.g. ”I forgot to add a file to a

commit I just pushed to remote, what are the Git commands to fix this again?”)

Generative AI tools were not used to generate core scientific contributions, research

findings, methodological decisions, experimental results, or final interpretations presented

in this thesis.

Multimodal large language models also formed part of the empirical subject mat-

ter of the thesis itself, as a central experiment involved the use of gpt-5-nano as an

experimental component.
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Appendix B:

Examples from Teaching Sets

B.0.1 Teaching Set A

An arbitrary selection of examples from teaching set A follows. Each example is labeled

with an index, that denotes its place in the curriculum of 60 examples (30 normal, 30

abnormal)
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Figure B.1: Ex. 1, Normal, k=1

Figure B.2: Ex. 2, Abnormal, k=12

Figure B.3: Ex. 5, Normal, k=2
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Figure B.4: Ex. 6, Abnormal, k=12

Figure B.5: Ex. 37, Normal, k=3

Figure B.6: Ex. 38, Abnormal, k=4
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Figure B.7: Ex. 60, Abnormal, k=4

Figure B.8: Ex. 60, Normal, k=3



Appendix C:

Prompts Used in the MLLM Experiment

This appendix reports the exact prompt texts used in the implementation of the auto-

mated multimodal LLM experiment. Placeholders such as {rule}, {item id}, and {idx}
are runtime substitutions.

C.1 System Prompt (All Participants, All Phases)

You are participating in an Explainable AI study where you must infer the

behaviour of a fixed black-box AI model from examples and then simulate

its predictions. Your task is not to judge whether a charging session is

good or bad in the real world, but to mimic how this AI tends to label

sessions. For every task in this study you must respond with a single JSON

object that exactly matches the schema described in the user’s

instructions. Do not include any additional explanations, commentary, code

fences, or extra keys. Return only machine-readable JSON.

C.2 Exam Prompts

C.2.1 Shared Intro Blocks

Raw-only intro

105



There is an AI that has been trained on a large dataset of electric vehicle

(EV) charging sessions. The AI classifies each charging session as either

’normal’ or ’abnormal’. It bases its decision only on patterns in the power

transfer between charger and battery (in kW) over time, the battery’s state

of charge (SOC) over time, and a few technical features such as temperature

and charger specifications. You do not know the exact rule the AI uses.

You will be shown line charts of individual charging sessions. In each chart,

the orange line shows the power in kW over minutes since the start of

charging and the blue line shows the battery’s SOC in percent over time.

Each of these charts was shown to the AI. Your goal is to infer how this AI

tends to behave and to simulate its ’normal’/’abnormal’ decisions on new

examples.

Overlay intro

There is an AI that has been trained on a large dataset of electric vehicle

(EV) charging sessions. The AI classifies each charging session as either

’normal’ or ’abnormal’. It bases its decision only on patterns in the power

transfer between charger and battery (in kW) over time, the battery’s state

of charge (SOC) over time, and a few technical features such as temperature

and charger specifications. You do not know the exact rule the AI uses.

You will be shown line charts of individual charging sessions. In each chart,

the dashed orange line shows the original power in kW over minutes since the

start of charging, the solid red line shows a simplified version of the same

power curve, and the solid blue line shows the battery’s SOC in percent over

time. Each of these charts was shown to the AI. When we showed the AI only

the simplified red power curve (without the orange line), it produced exactly

the same classification as when it saw the original power curve. This means

that, for this AI, the red simplified power curve together with the blue SOC

curve contains all the information it needs to decide between ’normal’ and

’abnormal’. Your goal is to infer how this AI tends to behave and to simulate

its decisions on new examples.

Simplified-only intro
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There is an AI that has been trained on a large dataset of electric vehicle

(EV) charging sessions. The AI classifies each charging session as either

’normal’ or ’abnormal’. It bases its decision only on patterns in the power

transfer between charger and battery (in kW) over time, the battery’s state

of charge (SOC) over time, and a few technical features such as temperature

and charger specifications. You do not know the exact rule the AI uses.

You will be shown line charts of individual charging sessions. In each chart,

the solid red line shows a simplified version of the charging power in kW over

minutes since the start of charging, and the solid blue line shows the battery’s

SOC in percent over time. Each chart was shown to the AI as simplified power and

SOC only. Your goal is to infer how this AI tends to behave and to simulate its

decisions on new examples.

C.2.2 Post-exam prefix

Let us test what you have learned about this AI. You will now see new,

unlabelled charging session examples. For each example, you must guess how

the AI would classify it (’normal’ or ’abnormal’) based on the patterns you

observed during the teaching examples.

C.2.3 Locked-rule carry-over (Groups A-E, post-exam)

You finished the teaching phase with this locked rule snapshot: "{rule}".

Do not update, rewrite, refine, or shorten this locked rule during the exam.

Use this fixed rule to label every example in the batch.

C.2.4 Decision checklist (Groups A-E, post-exam)

Use this decision checklist for every item in the batch.

1. Do not rewrite, refine, or shorten the fixed rule.

2. Apply one consistent fixed rule across all examples in the batch.

3. {tie_breaker_text}

Default tie breaker text (groups A–D):
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If the fixed rule is ambiguous for one item, choose the label

whose locked cue pattern is the closest match.

Group E tie breaker text:

If the fixed rule is ambiguous for one item, use this tie-break rule.

Choose the label whose locked cue pattern is the closest match to the current

example. Keep this tie-break behaviour consistent for all ambiguous items in

the batch.

C.2.5 Batch answer schema instruction

You will be shown a *batch* of exam examples. For each example you must

predict whether the charging session is ’normal’ or ’abnormal’.Important:

- For each batch, respond with a **single JSON object**.

- Do not include any extra keys.

- Do not add explanations, comments, or prose outside the JSON.

- The JSON must have exactly this structure:

{’answers’: [{’item_id’: ’<ITEM_ID_1>’, ’guess’: ’your_guess_label’},

{’item_id’: ’<ITEM_ID_2>’, ’guess’: ’your_guess_label’},

...]}

where you must include exactly one entry object per seen example/item_id.

The value of ’guess’ must be either ’normal’ or ’abnormal’ in lower case.

Do not use any other labels.

C.2.6 Per-item line (exam)

Example {idx} (item_id={item_id}).

Then one image is attached as an image url content block.
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C.2.7 Repair prompt for missing exam answers

Your previous response does not include valid answers for all required

item IDs in this batch. Return exactly one JSON object in this shape:

{’answers’: [{’item_id’: ’<ITEM_ID>’, ’guess’: ’<normal|abnormal>’}, ...]}.

Include entries only for these missing item IDs: {missing_ids_csv}.

Do not include already answered IDs. Do not include any text outside JSON.

C.3 Teaching Prompts

C.3.1 Teaching phase intro (Groups A–C)

We will now show you labelled examples that reveal how the AI behaved on

specific charging sessions. For each example you will see one charging-chart

image together with the AI’s classification (’normal’ or ’abnormal’). Study

the relationship between the power curve(s) and the SOC curve carefully and

update your internal rule for how the AI seems to decide. Most examples require

an acknowledgement response. Every tenth example requires a structured checkpoint

JSON summary with normal cues, abnormal cues, exceptions, confidence and a

rule-of-thumb.

C.3.2 Teaching phase intro (Group D)

We will now show you labelled examples that reveal how the AI behaved on

specific charging sessions. For each example you will see one charging-chart

image together with the AI’s classification (’normal’ or ’abnormal’). The chart

shows only simplified power and SOC. Study the relationship between the

simplified power curve and the SOC curve carefully and update your internal rule

for how the AI seems to decide. Most examples require an acknowledgement response.

Every tenth example requires a structured checkpoint JSON summary with normal cues,

abnormal cues, exceptions, confidence and a rule-of-thumb.
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C.3.3 Teaching phase intro (Group E)

We will now show you labelled examples that reveal how the AI behaved on

specific charging sessions. For each example you will see one charging-chart

image together with the AI’s classification (’normal’ or ’abnormal’). The chart

shows only simplified power and SOC. After each example, respond with a single

JSON object that includes exactly five keys:

{’description_sentence’: ’<one sentence>’, ’rule_action’: ’<write|retain|rephrase>’,

’normal_cues’: [’<cue>’, ’...’], ’abnormal_cues’: [’<cue>’, ’...’],

’rule_of_thumb’: ’<current rule>’}. The first example must use

’rule_action’: ’write’ to establish an initial rule. Keep both cue arrays

non-empty. If one side has no clear cue, include a placeholder cue string

instead of leaving that array empty.

C.3.4 Per-item label line (all teaching groups)

This is teaching example {index} of {total} (item_id={item_id}).

The AI classified this example as "{ai_class}".

Then one image is attached as an image url content block.

C.3.5 Non-checkpoint response instruction (Groups A–D)

Once you have studied this example, respond with {"acknowledged": true}

and nothing else.

C.3.6 Checkpoint instruction (Groups A–D, every 10th exam-

ple)

This example is a checkpoint. Respond with exactly one JSON object and

no other text. Use this copyable template exactly:

{"acknowledged":true,

"normal_cues":["<normal cue>","..."],
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"abnormal_cues":["<abnormal cue>","..."],

"exceptions":["<exception cue>","..."],

"confidence":<float between 0 and 1>,

"rule_of_thumb":"<current rule>"}.

Both cue arrays must be non-empty. If one side has no clear cue yet,

add a placeholder such as "no_clear_normal_cue_at_checkpoint" or

"no_clear_abnormal_cue_at_checkpoint".

If available, this sentence is appended:

The previous checkpoint rule-of-thumb is: "{prior_rule}".

C.3.7 Group E per-example response instruction

Example 1:

Respond with exactly one JSON object and no other text.

Use this copyable template exactly:

{"description_sentence":"<one sentence description of this example>",

"rule_action":"write",

"normal_cues":["<normal cue>","..."],

"abnormal_cues":["<abnormal cue>","..."],

"rule_of_thumb":"<your initial rule>"}.

Both cue arrays must be non-empty. If this single example gives no clear

cue for one side, include a placeholder such as

"no_clear_normal_cue_from_this_example" or

"no_clear_abnormal_cue_from_this_example".

Examples 2..N:

Your current rule-of-thumb before this example is: "{prior_rule}".

Respond with exactly one JSON object and no other text.

Use this copyable template exactly:

{"description_sentence":"<one sentence description of this example>",

"rule_action":"<write|retain|rephrase>",
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"normal_cues":["<normal cue>","..."],

"abnormal_cues":["<abnormal cue>","..."],

"rule_of_thumb":"<your updated or retained rule>"}.

Both cue arrays must be non-empty. If this single example gives no clear

cue for one side, include a placeholder such as

"no_clear_normal_cue_from_this_example" or

"no_clear_abnormal_cue_from_this_example".

C.4 Final Rule-Lock Prompt (Groups A–E)

Teaching phase is complete. You have now seen {teaching_examples_seen}

labelled examples using {group_text}. Create one final locked rule snapshot

that will be reused unchanged during the post-exam. This lock is strict,

so do not leave out any required keys.

If available, this sentence is appended:

Current rule-of-thumb before lock: "{prior_rule}".

Then:

Respond with exactly one JSON object and no other text:

{’locked_rule_of_thumb’: ’<final fixed rule>’,

’normal_cues’: [’<normal cue>’, ’...’],

’abnormal_cues’: [’<abnormal cue>’, ’...’],

’exceptions’: [’<exception cue>’, ’...’],

’confidence’: <float between 0 and 1>}.
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