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Abstract

The widespread adoption of powerful yet opaque deep-learning-based Language
Models (LMs) has transformed the field of Natural Language Processing (NLP), but
it has also increased the demand for solutions that explain their decision-making
processes.

My work contributes to this area on two fronts. First, we develop text classi-
fication systems and evaluate them in challenging multilingual and hierarchical
contexts, introducing novel datasets and a Transformer architecture specifically
designed to manage labels organized hierarchically. This architecture demonstrates
promising performance on complex, noisy datasets, surpassing several baselines.

Second, we address the challenge of explainability through two main contribu-
tions. We first demonstrate the effectiveness of a transparent system in a real-world
image classification case study. Building on this, we propose a more general, modular
framework that integrates opaque components within a transparent structure. This
approach demonstrates a viable compromise between performance and the ability to
faithfully explain predictions, and was validated on two text classification tasks.

The final part of my work examines the limits of generative Large LMs (LLMs)
in understanding nuanced language, specifically on the task of classifying and
explaining sentences containing humorous wordplay, such as puns. Our findings
reveal that LLMs struggle to accurately identify valid puns within their context.
Furthermore, their explanations often misinterpret contextual cues and phonetic
elements, suggesting that their understanding of such language devices may be more
superficial than what previous studies have claimed. Consequently, we highlight
weaknesses in existing benchmarks for measuring these abilities.

My research work thus contributes both practical solutions for text classification
and a critical analysis of Explainable Al practices and LLM capabilities, emphasizing
the necessity of developing Al that is not only powerful but also transparent and
reliable, while cautioning against unrealistic expectations regarding their current
abilities.
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Preface

This dissertation summarizes the work conducted during my postgraduate studies
in the fields of Natural Language Processing (NLP) and Explainable Al (XAI). My
research journey, especially in its early phases, was marked by an exploration of
multiple topics, often motivated by collaborations and cross-disciplinary interests.
This varied research path proved to be beneficial, offering me the chance to see
the field from different perspectives and to learn from collaborations with fellow
researchers.

My work began with a focus on text classification in multilingual settings, which
led to comprehensive reviews of the field [2, 1] and the creation of various benchmark
datasets [361]. Building on this foundation, this initial research drew my attention
to the frequent use of taxonomies for organizing labels. This led me to contribute to
a project developing an industrial classification system for support tickets, where we
designed a solution to handle a two-level label hierarchy. This work resulted in my
first publications on the topic [4, 6], and later, a comprehensive review of hierarchical
text classification and the curation of several public datasets [7, 374].

Subsequently, I collaborated with the Ca’ Foscari Department of Management
on a pilot project to classify fruit quality in wholesale markets using automated
methods while ensuring transparency for end users [8]. This work marked the
beginning of my exploration into the field of XAI.

Given my primary interest in NLP, I continued to pursue research at its in-
tersection with XAI, exploring the challenges of both explaining black-box models
and evaluating the explanations themselves. Motivated by the gap between simple,
transparent models and high-performance deep learning, I co-authored a pragmatic,
explainability-by-design framework that embeds opaque components within a more
transparent structure [9]. My final research project was a collaboration with re-
searchers from Cardiff University in which we evaluated text comprehension in
modern generative Al. Using a classification and explanation paradigm based on
self-rationalization, we probed the reasoning of LLMs on a nuanced task, discovering
several limitations of these models [11].

Through these experiences, I have gained valuable insights into the complexities
of Al systems, their strengths, and limitations. This journey has reinforced my
belief in the importance of critical evaluation and the pursuit of Al that is not just
powerful, but also transparent and genuinely understood.
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Introduction

My doctoral studies have coincided with one of the most transformative moments in
the recent history of Artificial Intelligence (AI). The advancement of Language Mod-
els (LMs and foundational LLMs) has marked a paradigm shift, evolving these sys-
tems from tools fine-tuned on specific tasks into general-purpose reasoning machines.
By scaling neural architectures and the underlying training data to unprecedented
levels, these models have introduced a new approach to language understanding,
arguably as significant as the leap from shallow to deep learning. When I began my
PhD in late 2022, LLMs were an active area of research; however, few could have
anticipated how quickly these models would become a major focus of research in
both academia and industry. This change occurred alongside their rapid adoption
in industrial applications and a massive growth in public awareness, the latter
largely driven by their visibility as chatbots. These recent foundational LMs are a
category of models built on the seminal Transformer architecture [128]. This archi-
tecture revolutionized NLP by enabling models to learn sequential and contextual
dependencies without requiring sequential data processing, a significant bottleneck
in previous methods. Instead, it introduced a self-attention mechanism that learns
these dependencies in parallel. This design enabled more scalable training, paving
the way for the massive models we see today.

This rapid evolution, however, has amplified a central tension in the contem-
porary Al landscape: the pursuit of performance through increasingly complex,
opaque models, set against the need for transparency and accountability in many
critical domains. While research pushes the boundaries of NLP through transfer
learning, improved pre-training, and more efficient architectures, Explainable Al
(XAI) pursues the ambitious goal of making these black boxes understandable to
human observers. However, the very nature of deep learning, with its distributed
and sub-symbolic representations, makes it impossible to reverse-engineer the infer-
ence process to find a single, causal path for a system’s decision [367]. Consequently,
XAI must operate with multiple practical definitions of “explanation”, grounded
in approximated interpretations of a model’s internal mechanisms or in pragmatic
analyses designed to answer specific questions.



2 1. Introduction

Organization of the Dissertation

This dissertation presents my path through this landscape, roughly following the
chronological order of my research, starting with the benchmarking and development
of novel text classifiers and then turning to the pursuit of XAl paradigms that allow
for a clearer understanding of machine learning models’ behavior.

Part I lays the groundwork by reviewing the relevant literature on these topics
and providing the necessary background for the contributions that follow. Chapter 2
specifically delves into the foundational NLP themes relevant to my research, most of
which were explored during my first year of PhD study [1]. Following this, Chapter 3
presents an up-to-date overview of XAl its main challenges, and the future directions
that motivated my work.

The first phase of my research, detailed in Part II, was dedicated to building ef-
fective classification systems with industrial applications in mind. Text classification
is an essential task with a wide range of specialized applications, from sentiment
analysis to text summarization. A key focus of my initial work was the use of LMs
in multilingual settings, particularly their performance in categorizing Italian text.
At that time, the NLP community was actively developing and exploring the applic-
ations of pre-trained Transformer-based models such as BERT [192] and T5 [292],
which were replacing older recurrent architectures. Hence, my work in Chapter 4
presents a performance benchmark of LMs on text classification in three languages
[2], which also resulted in the publication of new multilabel datasets extracted from
Wikipedia [361]. This study highlighted the challenges of adapting NLP pipelines
to multilingual contexts and provided the practical knowledge needed to address a
more complex classification setting with hierarchically labeled content.

As humans, we instinctively organize the world around us by moving from broad
categories to more specific ones. This natural way of structuring knowledge is why
hierarchical categorization schemes (i.e., taxonomies) are commonly used in many
classification tasks. Hierarchical labels carry relational information that can be
leveraged to improve performance, for example, by ensuring consistency across
different levels of the hierarchy. Furthermore, specialized metrics can be used to
quantify the severity of a misclassification based on the distance between the true
and predicted labels in the hierarchy tree, offering a more nuanced evaluation than
standard “flat” classification metrics. Motivated by these considerations, Chapter 5
describes our development of a practical classification system for technical support
tickets — a setting further complicated by noisy, jargon-filled text and a lack of
labeled data. This effort led to a novel dataset and a new Transformer-based
architecture tailored for tasks with a hierarchical label structure, which stimulated
further co-authored publications on the topic [6, 4, 7], including a public collection of
hierarchical datasets [374].

During the initial phase of my doctoral work, I was increasingly exposed to the
scientific and public debate advocating for more transparent systems. This debate is
driven both by new regulations in the European Union and by the accelerating trend



of building larger, yet more opaque, models. This context motivated the research
presented in Part I1I, which delves into the challenge of explaining machine learning
methods.

One of the primary difficulties in the field of XAl is the lack of standardized ter-
minology, as many concepts are used inconsistently. The term “explanation” itself is
semantically overloaded, since its precise meaning is context-dependent and changes
according to the specific question it aims to answer. This ambiguity, combined with
the irreversible nature of computation in deep learning models, means the field
lacks a strong consensus on what constitutes a proper explanation. Furthermore,
evaluation objectives like faithfulness (whether the explanation reflects the model’s
true reasoning) and plausibility (whether the explanation makes sense to humans)
are also challenging to define and measure rigorously. The literature review in
Chapter 3 details these terminologies and establishes the formal framework used
throughout my research.

In this landscape, my first contribution [8], presented in Chapter 6, demonstrates
how a simple algorithm (a decision tree classifier), paired with an intuitive data
representation and expert-guided preprocessing, can provide a transparent and
effective solution with minimal performance loss compared to deep learning altern-
atives. The goal of this project was to practically demonstrate how explainability
can be enhanced by pairing domain knowledge with a machine learning algorithm
selected to be no more complex than the task requires, an approach advocated by
Rudin [191]. This work was also motivated by a collaboration with a local fruit
market as a case study in grounding research in tangible problems. Following this,
Chapter 7 proposes a more general explainability-by-design framework that allows
the use of opaque components (e.g., deep learning methods) while still demonstrating
a good trade-off between performance and faithfulness of explanation on two text
classification tasks [9].

Finally, Chapter 8 completes my work with a project at the intersection of
machine comprehension, prompting for LLMs, and XAI [11]. In this chapter, we study
the limits of LLM text understanding by assessing both classification performance
and the quality of model-generated explanations. We conduct this study on three
novel collections of short sentences containing humorous puns, tasking various LLMs
to detect and explain them using specific semi-structured rationales. Our results
show that while LLMs can identify common forms of wordplay, they struggle to
distinguish authentic pun contexts from sentences that are merely similar to known
puns, often failing to provide coherent explanations. We argue that this stems from
a lack of genuine understanding of the linguistic mechanisms that create humorous
wordplay. Moreover, this work argues that challenging benchmarks for language
sensitivity (as opposed to just reasoning and knowledge) are urgently needed as
these systems become increasingly prevalent.

Beyond the primary research thread of my doctoral studies, I also took part
in several other collaborations that resulted in co-authored publications, some of
which are currently in review. These include a work on Al-based fruit ripeness
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classification [5] that stimulated the research in Chapter 6, and a minor contribution
to the theoretical XAl framework partly introduced in Chapter 3. My frequent
collaboration with my colleague Matteo Marcuzzo also led to several publications,
and the portions of that joint work most relevant to my primary line of research are
discussed within the respective chapters. Furthermore, I explored multidisciplinary
collaborations, some of which involved applying computer vision to industrial prob-
lems, including pattern recognition in textiles and the use of XAI methods for defect
detection in industrial inspection. In a separate project, I provided NLP expertise
to an interdisciplinary team, using clustering methods and LLMs to support their
analysis of scholarly literature. Finally, my early research also included work on
recommendation systems, which led to a publication on the topic [3]. Related to this
research, I also contributed to the development of a proof-of-concept for a destination
recommendation platform as part of a larger team effort within a regional project on
digital tourism.

Taken together, the works presented here reflect my two primary research in-
terests: the practical role of NLP and the need to assess the transparency and
linguistic understanding of LMs. Thus, these two themes provide the structure
for the main parts of this dissertation. The first, detailed in Part II, addresses
the challenge of building better classification approaches in multilingual and hier-
archical settings. The second, in Part III, confronts the challenge of understanding
these systems by developing new frameworks for explainability and probing their
limitations.



1

Background and State of the Art






Foundations of NLP for Text
Classification

Natural Language Processing (NLP) has undergone a paradigm shift, catalyzed by
the developments of deep-learning-based Language Models (LMs) and, more recently,
the rising interest in generative Large LMs (LLMs), which scale LMs to massive
sizes. This chapter introduces foundational concepts and modern developments in
NLP, with a particular focus on Text Classification (TC) tasks.

TC encompasses a variety of procedures that roughly share the common objective
of assigning predefined labels to a given text. Over the years, TC procedures have
evolved from simple, rule-based systems to highly specialized deep learning (DL)
architectures. The latter have demonstrated an unprecedented ability to capture a
text’s underlying semantics, using this understanding in the classification process.
Classic examples of TC applications include information retrieval, topic labeling,
sentiment analysis, and news classification. However, the practical applications of
TC also extend to related tasks, such as multiple-choice question answering and
extractive summarization systems. In these cases, the intuitive notion of a “label” is
replaced with a choice among candidates (e.g., an answer or a sentence to include in a
summary). Different classification settings are possible: a document may be assigned
a single label (multiclass classification), multiple independent labels (multilabel), or
labels organized in a hierarchy. Given the prevalence of such structures in real-world
data, hierarchical classifiers have been widely researched.

This chapter will introduce approaches to TC by covering the essential compon-
ents of a typical TC pipeline, many of which are fundamental to a wide range of NLP
tasks. It then discusses the specific principles behind TC in hierarchical settings.

2.1 Text Classification Pipeline

Both modern LMs and older approaches to TC rely on a process that can be broken
down into three essential steps: (i) preprocessing, which programmatically cleans
and prepares input data for subsequent steps; (ii) representation of the text into a
vectorial form that machines can process; and (iii) classification, where this repres-



8 2. Foundations of NLP for Text Classification

entation is used to produce an outcome. This section will describe each of these steps,
outlining their respective goals and challenges, particularly in handling different
languages, and providing a historical perspective on their development.

2.1.1 Preprocessing

Raw text is unstructured and lacks a straightforward numerical representation
(unlike, for example, the RGB triples that encode visual data). From a linguistic
perspective, language is governed by a complex structure that is intuitive to a native
speaker but not to a machine.

It is therefore necessary to project text into an appropriate feature space so that
a learning algorithm can process it. In this section, we discuss the procedures that
prepare textual data for this projection, whether this is done through manual feature
extraction (common in traditional methods) or automatically (as with recent DL
approaches).

2.1.1.1 Normalization

In traditional NLP pipelines, especially those reliant on statistical models, like
Bag-of-Words, aggressive text normalization is a prerequisite for effective feature
engineering [454]. Procedures such as lowercasing, stopwords removal, stemming,
and lemmatization are essential for reducing the vocabulary size and consolidating
related terms into a single feature. For instance, reducing “child” and “children” to
a common stem helps some simpler methods, which lack semantic understanding,
to recognize their relationship [51, 44]. Similarly, removing high-frequency, low-
information words like articles and pronouns (stopwords) is intended to reduce the
number of different elements to be projected in the feature space and improve its
discriminative power [87, 236]. However, applying these “destructive” normalization
techniques can create a significant mismatch between the training and inference
data distributions, potentially degrading model performance. Therefore, these
preprocessing techniques should be considered carefully on a case-by-case basis,
as modern NLP models are trained to extract context from grammatically and
morphologically sound sentences. LLMs, in particular, are pre-trained on vast, web-
scale corpora (i.e., collections of digitized textual data) of natural, grammatically
rich text. They learn to distinguish which features are relevant for a given task,
including capitalization (which can denote proper nouns) and punctuation (which
structures sentences), elements often treated as “noise” by older, less capable models.
LLMs can also perform complex data cleaning and repair tasks; for example, they
can be prompted to correct grammatical errors, standardize formats, or refine noisy
outputs from other Artificial Intelligence (Al) systems. This shift to bigger, more
capable systems motivates the diminishing role of classic normalization and places
an even greater emphasis on the subsequent step, described in the next section.
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2.1.1.2 Segmentation and tokenization

An essential operation in an NLP pipeline is text segmentation, which involves
breaking a stream of text into smaller chunks. This process decomposes a text
to create a “vocabulary” of all unique terms. At a practical level, this vocabulary
is used to generate an index-based mapping between the text segments and a
numerical representation suitable for a given feature extraction technique. While
early techniques often segmented text into whole words, modern methods typically
split text into sub-word units, known as tokens. Tokens produced by tokenizers are
mapped to embeddings — rich vectorial representations, which will be covered in
§ 2.1.2. As each token in the vocabulary is encoded in a potentially large vector,
and models cannot handle vocabularies of arbitrary size due to computational and
memory constraints, most modern LMs require a fixed-size vocabulary, typically
created by truncating it based on some criteria. In the following sections, we equate
tokenization and segmentation, as they refer to the same procedure in practice.

Rule-based segmentation or pre-tokenization Historically, segmentation has
been approached with rule-based methods. In writing systems that use whitespace, a
straightforward segmentation can be achieved by splitting text around spaces, punc-
tuation, and contractions. This intuitive method has seen numerous refinements,
often incorporating language-specific grammatical rules [321]. While not flawless,
such techniques were widely used in traditional language modeling, providing an
acceptable approximation of morphemes that balanced linguistic relevance with
purely typographic splits [321]. However, a key limitation of this static approach is
its inability to adapt to the specific word distribution of a given corpus. This rigidity
often results in excessively large vocabularies and a significant loss of information
when encountering out-of-vocabulary (OOV) terms.

In contemporary literature, these methods are often referred to as “pre-tokenizers”,
reflecting their role as a preliminary step for the more advanced, data-driven al-
gorithms discussed next. Modern tokenizers typically require this initial segment-
ation because they cannot operate on raw text. This pre-tokenization step has a
profound effect on the final output, primarily because it establishes hard boundaries
that subsequent tokenization algorithms cannot cross (the pre-token boundary con-
straint) [356, 457]. For instance, using a standard whitespace pre-tokenizer makes
it impossible for many tokenization algorithms to form a single token for common
multi-word expressions (e.g., “in spite of”), as the spaces ensure they are always split
into at least three separate tokens [461].

Data-driven tokenization To overcome the inflexibility of rule-based methods,
modern NLP has shifted towards data-driven tokenization. The guiding principle
of this paradigm is that frequent words should be kept as single tokens, while rare
words are decomposed into smaller, reusable sub-word fragments. This approach re-
solves the fundamental trade-off between vocabulary expressiveness and size. While
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Table 2.1: Most widely adopted recent tokenization approaches.
Tokenizer Training Procedure Inference Procedure
BPE [101] Iteratively merges the most fre- Merge incrementally, keeping the
quent pair of adjacent tokens merged term if in the vocabulary
BBPE [237] Same as BPE, but operates on in- Same as BPE
dividual bytes instead of charac-
ters
WordPiece [64] Iteratively merges pairs that max- Greedy segmentation that finds
imize the LM likelihood the longest possible tokens in the

vocabulary

UnigramLM Starts with a large vocabulary Finds the most probable segment-
[154] and iteratively prunes tokens that ation using the Viterbi algorithm
least contribute to the LM likeli-
hood
SaGe [397] Starts with a large vocabulary Same as UnigramLM
and iteratively prunes tokens
based on a contextual signal (skip-
gram objective)
SentencePiece  Depends on the algorithm (pack- Depends on the algorithm
[163] age of optimized routines)

using whole words as tokens is linguistically intuitive, it leads to unmanageable
vocabularies and OOV issues, especially in languages with rich morphology where
derivations and inflections can cause the vocabulary to explode [321]. Conversely,
using individual characters eliminates the OOV problem but produces much longer
sequences, which increase processing time and make reconstructing semantics more
difficult. Sub-word tokenization provides a robust, language-agnostic solution that
effectively creates an open-vocabulary system from a fixed-size inventory of sub-
words. It has been argued that tokenization is the most critical language-dependent
operation in any NLP pipeline, as the choice of tokenizer can significantly impact
downstream performance, particularly in multilingual contexts [22, 430]. Table 2.1
provides a concise view of the main modern tokenizers.

2.1.1.3 Preprocessing across languages

Preprocessing is not a one-size-fits-all procedure; it must be adapted to the linguistic
features of the language in question. For example, standard English-centric op-
erations like lowercasing and stemming are irrelevant for logographic languages
like Chinese, which lack capitalization and use minimal inflection. The task of
segmentation also varies dramatically. Languages such as Chinese, Japanese, and
Vietnamese do not use spaces to delimit words, requiring sophisticated segmentation
algorithms, whereas English can often rely on simple whitespace splitting.
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This linguistic diversity presents a central challenge in tokenization, centered
on the choice of the basic textual unit. One approach, rooted in linguistics, aims
to segment text into morphemes — the smallest units of a language that carry se-
mantic meaning. This is appealing for morphologically rich languages (e.g., Turkish,
Finnish) [34]. For example, the word evlerden (“from the houses”) consists of three
distinct morphemes: ev (house), -ler (plural), and -den (from), a structure a simple
whitespace tokenizer would miss. However, this linguistically-motivated segmenta-
tion is notoriously difficult and costly due to language-specific irregularities [37, 70,
34].

In contrast, modern sub-word tokenizers (e.g., BPE, WordPiece) prioritize statist-
ical efficiency over linguistic significance [321]. These data-driven methods learn to
segment text by identifying frequently co-occurring character sequences within a
corpus. The resulting tokens do not necessarily correspond to morphemes but serve
as efficient units that effectively mitigate the OOV problem, especially for complex
languages. To further improve the efficiency of this strategy, new research is explor-
ing alternative approaches capable of splitting pre-tokens across their boundaries
[461].

Building on data-driven principles, research has explored tokenization strategies
for multilingual and language-agnostic settings. For multilingual applications,
a common approach is to train a single tokenizer with a shared vocabulary for
multiple languages, capturing cross-lingual similarities. However, this method is
prone to under-segmenting morphologically simple languages while over-segmenting
complex ones. Furthermore, the shared vocabulary is frequently biased towards high-
resource languages, a problem exacerbated by the disproportionate representation
of languages within multilingual corpora [315, 186]. Despite these issues, the
approach is widely used, especially with very large vocabularies [251]. A more radical
solution is to create a truly language-agnostic system by decomposing text into its
most fundamental representation: bytes. Byte-level tokenizers, for instance, apply
algorithms like BPE directly to raw byte sequences [237]. This method is universally
applicable with a small vocabulary (at most 256 unique bytes), but it produces
significantly longer sequences, increasing computational costs. Furthermore, byte-
level modeling is not entirely unbiased, as the underlying character encodings (e.g.,
Unicode) were not designed with linguistic principles in mind, leading to different
byte representations for characters across languages, some of which require more
than one byte [321]. Due to these challenges, the development of robust and fair
tokenization for diverse linguistic contexts remains an active area of research.

2.1.2 Text Representation

Following preprocessing, a body of text is transformed into a list of standardized
tokens. Before a computer can process this list, it must be expressed in numeric form.
Feature representation techniques are a fundamental part of any NLP application,
and their impact on performance often surpasses that of the choice of the final
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classification model. In this section, we give an overview of both traditional methods
and more recent approaches based on data-driven language modeling.

2.1.2.1 Language modeling

An important concept in text representation is that of language models (LMs). These
are statistical models of natural language, and while the idea has existed for decades,
it has been revitalized by the application of deep neural networks. Intuitively, a LM
aims to capture the statistical properties of a language, often by learning to predict
the probability of a token given its surrounding context [454].

Formally, a statistical LM can be described as a probability distribution over
sequences of words. A simple example is the n-gram model, which uses the Markov
assumption to approximate the probability of a sequence, as shown in Eq (2.1):

m

P(wlwz...wm): HP(wini_(n_l)...wi_l) (2.1)
=1

In other words, the probability that the ith word (w;) is observed is only dependent on
the preceding n—1 words. While simple, the core idea of using statistical distributions
to model language is the foundation upon which even the most complex modern text
representation techniques are built.

2.1.2.2 From sparse to dense representations

The practical application of language modeling to feature extraction has evolved
from creating long, sparse vectors based on word counts to learning short, dense
vectors that capture semantic meaning.

Bag-of-Words The Bag-of-Words (BoW) model is a traditional representation of
text that disregards grammar and word order, reducing a document to an unordered
collection of its words [240]. This representation is often implemented using the Term
Frequency-Inverse Document Frequency (TF-IDF) weighting scheme [13]. TF-IDF
assesses the relevance of each term ¢ by weighting its frequency within a document
d (tf; 4) while penalizing common words across the corpus, which typically have low
discriminatory power. This results in a large, sparse vector for each document, with
most entries being zero.

The definitions are shown in Eq (2.2), where df; p is the number of documents
containing a term ¢, and D is the set of documents.

1D|
df;p=deD|ted}| idf; p =log (2.2)
» » dft,D

The final TF-IDF weight for a term ¢ found in document d is computed as:
wt g = th g *idf; p. Often, terms with low frequency across all documents can be



2.1. Text Classification Pipeline 13

dropped from the vocabulary. Ultimately, this text encoding generates large, sparse
matrices of size proportional to the vocabulary length and the number of documents.

Word embeddings A major limitation of sparse representations such as BoW is
their inability to capture semantic relationships; for instance, “car” and “automobile”
are treated as separate features. To overcome this, the field has shifted to dense
vector representations known as word embeddings, learned through self-supervision.
This technique maps words to low-dimensional vectors of real numbers, resulting in
shorter, denser representations that are independent of vocabulary size.

Word embeddings are typically learned using shallow neural networks based on
the distributional hypothesis, which posits that a word’s meaning can be inferred
from its context. By training on large text corpora, models like Word2Vec [73], GloVe
[79], and FastText [114] create vector spaces where semantically similar words are
positioned closely together.

For instance, the Word2Vec skip-gram model frames this learning process as a
self-supervised binary classification task using an objective known as skip-gram
negative sampling. For each target word w in the text, a pair consisting of w and a
word from its actual context ¢, forms a “positive example” (w,c+). The algorithm
samples several negative examples by pairing the same word w with random words
c_ from the vocabulary that do not appear in its context window. This results
in negative pairs (w,c’) for i = 1...k, where k is the number of negative samples
per positive example. The model’s goal is to iteratively adjust the word vectors to
maximize the similarity (e.g., dot product) for positive pairs and minimize it for
negative pairs. This objective is optimized using a logistic regression loss (o is a
hyperparameter):

k .
Loy =— |logo(cs -w)+ Z logo(—c' -w) 2.3)
i=1

The learning algorithm starts with two randomly initialized embedding matrices
— one for target words and one for context words — and then iterates through the
training corpus, using gradient descent to update the matrices to minimize the loss in
Eq (2.3). This simple local objective, when applied over a massive corpus, effectively
pulls the vectors for co-occurring words together while pushing unrelated ones apart.
A popular alternative architecture, Continuous Bag-of-Words, performs a related
task by instead predicting the center word from an aggregate of its surrounding
context vectors.

Because these embeddings are static (meaning each word is mapped to a single
vector representation), they can be pre-trained on vast, general-purpose corpora and
released for public use. They can be used directly for tasks like semantic similarity
searches or serve as powerful initial feature representations for downstream models.
While effective off-the-shelf, these representations can also be enhanced with more
discriminative features through tuning on domain-specific or task-specific data [252].
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Figure 2.1: Sample generation process for contextualized embeddings.

Contextualized embeddings A key limitation of encoding text using embeddings
like Word2Vec is that they are static: a word with multiple meanings (polysemy)
is mapped to a single, fixed vector, regardless of its context. The paradigm shifted
with the development of contextualized embeddings, where a deep neural network
generates a unique vector for each token based on its surrounding sentence. This
paradigm shift began with recurrent architectures, such as ELMo [146] and ULMFiT
[153], but was fully realized with the introduction of the Transformer architecture
[128], which enabled the creation of much deeper networks like BERT [192] and
GPT [174].

These models are first pre-trained on a general language modeling task using
massive text corpora. They are then adapted to specific downstream tasks through a
process called fine-tuning [311, 454]. This approach, a form of transfer learning, has
become the standard in modern NLP.

Several pre-training objectives have been proposed, but the most influential
for bidirectional models like BERT is Masked Language Modeling (MLM). During
MLM pre-training, the model is presented with a sentence where a fraction of the
input tokens (e.g., 15%) have been randomly replaced with a special “{MASK]” token.
The model’s objective is to predict the original identity of these masked tokens by
leveraging the surrounding unmasked context, which is optimized using a standard
cross-entropy loss over the vocabulary. This “fill-in-the-blank” task forces the model
to fuse information from both the left and right context simultaneously, enabling it
to learn a bidirectional representation of language. The original BERT model was
co-trained on a secondary task, Next Sentence Prediction (NSP), which required the
model to determine if two sentences were sequential or not. However, subsequent
models like RoOBERTa [194] demonstrated improved performance by dropping the
NSP task and training exclusively on MLM. These approaches stand in contrast to
autoregressive models like GPT [174], which use a Causal Language Modeling (CLM)
objective to predict the next token given only the preceding ones (and not using the
right context like BERT). Other objectives seek to combine these paradigms; for
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instance, XLNet [211] uses Permutation Language Modeling (PLM). This method
learns bidirectional representations by predicting tokens in a permuted order, aim-
ing to better capture long-range dependencies while retaining an autoregressive
formulation. Regardless of its pre-training objective, the contextualizer LM acts as a
sophisticated feature extractor. In contrast to static embeddings that map words to
fixed vectors, a contextualizer LM generates rich, context-aware representations for
each token, as illustrated in Fig 2.1.

2.1.2.3 Text representation in a multilingual context

The development of these dense, semantic embeddings also transformed multilingual
NLP. As earlier approaches were not capable of expressing the semantic meaning of
words, they can be largely seen as “detached” from language (with most linguistic
aspects falling on tokenization approaches, as discussed). Therefore, the performance
of methods such as BoW or TF-IDF relies largely on preprocessing and principled
usage of statistical methods.

In contrast, modern representation techniques, like word embeddings, are de-
signed to capture semantics, making them inherently language-specific and highly
dependent on the scale and quality of their training corpora. For instance, the
original BERT model required a massive dataset of 3.3 billion words to achieve its
strong generalization capabilities [192, 90]. This dependency creates significant chal-
lenges. While the ideal for any given language is a high-quality monolingual model
pre-trained exclusively on a massive native corpus, developing such models from
scratch is often infeasible. The two major barriers are the scarcity of large, clean
corpora and the immense computational cost of pre-training, which are prohibitive
for all but the highest-resource languages. Consequently, researchers often must
rely on pre-existing open-source models contributed by larger institutions.

To mitigate this resource gap, multilingual models like mBERT [192] and XLM-
RoBERTa [251] have been proposed. The latter model is pre-trained on a concaten-
ated corpus of over 100 languages. By learning from such diverse data, they develop
cross-lingual representations that can enable powerful zero-shot cross-lingual trans-
fer, where a model fine-tuned on a task in one language can be directly applied to
another [201, 317]. However, multilingual models are not a universal solution and
introduce a trade-off between monolingual specialization and multilingual generaliz-
ation. Well-documented challenges include:

¢ Performance Trade-off: When a high-quality monolingual model is available,
it almost always outperforms a multilingual model on downstream tasks in its
specific language, particularly those requiring deep semantic understanding
[201, 334, 317, 307].

¢ Curse of Multilinguality: A multilingual model’s fixed capacity is spread
thinly across many languages, which can dilute its effectiveness for any single
one compared to a dedicated monolingual counterpart [277, 443].
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¢ Data Imbalance: Multilingual corpora are often dominated by high-resource
languages. This can lead to under-representation and weaker performance for
low-resource languages, a bias that originates in data collection and propagates
through the modeling pipeline [186].

Despite these challenges, current generative LLMs like those in the GPT [417]
and Gemini [475] families are pre-trained on corpora that are orders of magnitude
larger than those used for previous multilingual models, often incorporating not just
a vast range of languages but also multimodal data, including source code and images.
The sheer scale of these models appears to mitigate some classic challenges, such as
the “curse of multilinguality” by providing enough capacity to handle numerous tasks
and languages effectively. However, these foundational models still reflect the data
imbalances of their training sources, and inconsistent performance on low-resource
languages remains a persistent issue [470].

2.1.3 Underlying Neural Architectures

The remarkable progress from static embeddings to deep, contextualized represent-
ations is almost entirely attributable to the development of sophisticated neural
network architectures. While early methods like Word2Vec used shallow networks
[73], subsequent breakthroughs were achieved by employing deeper and more com-
plex models. These architectures are the backbone of modern end-to-end TC systems,
responsible for both learning rich representations and performing classification. We
will now briefly review the most influential among them.

2.1.3.1 Recurrent neural networks (RNNs)

RNNs [17] are networks particularly well suited to environments that utilize se-
quential data, such as text or time series. This particular architecture allows these
networks to retain a certain amount of “memory”, making them able to extract
latent relationships between elements within sequences. In practice, this is done by
utilizing information from prior inputs to influence the current input and output of
the network.

Simple RNNs for text processing are fed a sequence of word embeddings, which
are processed sequentially. At each time step, the network receives both the next
word vector as well as the hidden state of the previous time step (Fig 2.2). Unfor-
tunately, because of their structure, standard RNN architectures are vulnerable to
gradient-related issues, such as vanishing and exploding gradients [69]. In response
to this issue, these architectures are frequently enhanced with gating mechanisms,
the most popular being Long Short-Term Memory (LSTM) [25] and Gated Recurrent
Unit (GRU) [80]. Briefly, these gates allow the network to control which and how
much information to retain, such as to enable the modeling of long-term dependen-
cies. RNNs that utilize these gates are often referred to with the acronym of the gate
itself, i.e., LSTM networks and GRU networks.
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(a) Compressed basic RNN. (b) Basic RNN shown unfolded at different time steps.

Figure 2.2: Exemplification of a simple RNN structure.

In the context of text representation, RNNs based on encoder-decoder architec-
tures have been widely utilized to extract meaningful textual representations [77].
An encoder-decoder structure can be understood as an architecture by which inputs
are mapped to a compressed representation (contained in the hidden states between
the encoder and decoder). This representation should capture the most relevant
features of the input, and can then be decoded for a variety of different tasks (e.g.,
translation). Autoencoders [20] are a particular class of encoder-decoder networks
that attempt to regenerate the input exactly; they are particularly useful in creating
efficient representations of unlabeled data.

In this context, the hidden states between the encoder and the decoder make for
a semantically meaningful and compact representation of input words. The intro-
duction of bidirectionality (influence in both left-to-right and right-to-left directions)
in RNNs has also been proven to be beneficial and has been used to achieve notable
results, such as the aforementioned ELMo [146], a bidirectional-LSTM-based LM
which marked one of the first milestones towards the development of contextualized
word embeddings. Nonetheless, RNNs have inherent limitations because of how
they process data sequentially, making them ill-suited for parallelization and scaling.
Furthermore, despite the improvements introduced by LSTM and GRUs, RNNs still
struggle with long sequences because of memory constraints and their tendency to
forget earlier parts of the sequence [69].

2.1.3.2 Convolutional neural networks (CNNs)

CNNs [19] are well-known neural architectures, originally devised for Computer
Vision applications. However, these networks have since been extended to other
fields, achieving excellent results in NLP tasks as well [78, 126]. The core structural
element of CNNss is the convolutional layer, which applies a feature detector (kernel
or filter) across subsets of the input (i.e., the convolution operation) to extract features.
While this has a more intuitive interpretation in Computer Vision (where the filter
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Figure 2.3: Application of convolutional filters in images and text.

moves across the image to search for features), the same reasoning can be applied to
text. Intuitively, convolution as applied to images can be thought of as a weighted
average of each pixel based on its neighborhood; the general idea of the process
is outlined in Fig 2.3a. If we consider a vectorial representation of text (i.e., word
embeddings), applying a filter as wide as the embedding size (a common approach)
allows us to search for features within the sentence, as shown in Fig 2.3b. CNNs
often use pooling operators (such as max or average) to reduce the size of the learned
feature maps, as well as to summarize information.

Various works have tested the efficacy of CNNs, especially as feature extractors
on word embeddings [78]. Recent works have also revitalized the interest in CNNs
in NLP by introducing Temporal CNNs. In short, these aim to extend CNNs by
allowing them to capture high-level temporal information [132, 248].

2.1.3.3 Transformers and the attention mechanism

As previously mentioned, one of the most influential neural architectures introduced
in recent years, especially for text processing, is the Transformer architecture [128].
The foundational framework is that of an encoder-decoder with a variable number
of encoder and decoder blocks. The main innovation of the Transformer is its
departure from the recurrent connections that defined earlier sequence-to-sequence
models. By eliminating recurrence, which had represented a significant bottleneck
for parallelization and scaling, the Transformer models dependencies between words
entirely through an attention mechanism [92, 89].

Attention is a weighting strategy, devised to learn how different components
contribute to a result. It was initially proposed in the machine translation domain
[92] as an alignment mechanism that matched each word of the output (translated
sentence) to the respective words in the input sequence (original sentence). The
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Figure 2.4: The multi-head attention layer used in the Transformer architecture.

rationale behind this is that, when translating a sentence, a good translation can
only be obtained by looking at the context of words and paying attention to specific
words.

Vaswani et al. [128] used this mechanism in the Transformer architecture to
allow the model to process all input tokens simultaneously, rather than sequentially,
as was the case in previous recurrent networks. Input sequences are fed to the
Transformer encoder at the same time, and a positional encoding scheme is used
in the first layers of the encoder and decoder to inject some ordering information
in the word embeddings. This ensures word ordering properties are not lost, e.g.,
that two words appearing in different positions in a sentence will have a different
representation. Then, in all the remaining layers, Transformers use self-attention
layers to learn dependencies between tokens. The layers are self-attentive as each
token pays attention to every other token in a sentence, which is the main learning
mechanism that allows for the disposal of recurrence. Indeed, since tokens in
the input sequence are being processed simultaneously, the encoders can look at
surrounding tokens in the same sentence and produce context-dependent token
representations [2].

Stacking several self-attention layers produces a Multi-Head Attention (MHA)
layer, whose structure is shown in Fig 2.4. Vaswani et al. [128] argue that having
multiple attention heads in the layer enables the model to pay attention to different
information in distinct feature spaces, and at different positions. Input sequences
in the attention heads are transformed using linear transformations to generate
three different representations, which the authors name @ (queries), K (keys), and
V (values), following the naming convention used in information retrieval (as in
Eq (2.4)):

Q=XWq, K=XWg, V =Wy (2.4)

Where Wq,Wk € RAim*dr Wy, € REM*dv gre the learned weight matrices. In the
Transformer architecture, K and V are always generated from the same sequence
(as we will discuss, @ is used differently in the encoder and decoder parts). The
transformed sequences are then used to compute the scaled dot-product attention,
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as follows:

KT
Zp, = ScaledDotAttention(@,K,V) = softmax (Q = )V (2.5)
k

While many definitions of attention exist in the literature, the authors decided
to use the scaled dot-product mainly for efficiency reasons. The product of the
key and query matrices is scaled by \/@ to improve the stability of the gradient
computation. At an intuitive level, we may envision a word ¢ € @ as being queried
for similarity/relatedness against all keys k € K, finally obtaining the relevant word
representation by multiplying by V.

The final result of the MHA layer is the concatenation of all heads multiplied by
matrix Wg € R*@*dim that reduces the output to the desired dimension RY*?im;

Z = Concat(Z,)Wo (2.6)

In encoder blocks, @, K, and V are all generated by the input sequence and have
the same size; the general structure of an encoder block can be seen in Fig 2.5a.
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In decoder blocks, @ comes from the previous decoder layer, while K and V come
from the output of the associated encoder. These blocks structurally differ from
encoders in the presence of another MHA layer, which precedes the standard one
and is introduced to mask future tokens in a sentence (Fig 2.5b). This allows the
decoder to be “autoregressive” during training, as, otherwise, it would trivially look
forward in a sentence to obtain the result.

With the widespread usage of Transformer blocks with MHA, researchers have
studied the features extracted at each layer. Interestingly, some of these works
found that each encoding block may focus on the extraction of linguistic features
at different levels: syntactic features are mostly extracted in the first blocks, while
deeper layers progressively focus on semantic features [275, 196]. This “layer spe-
cialization” phenomenon suggests that stacking attention layers creates expressive
representations that blend morphological and grammatical features.

The attention mechanism served as the basis of various derived attention schemes.
For example, in the TC domain, Hierarchical Attention Networks (HANSs), proposed
by Yang et al. [98], have been widely used [309, 218, 415]. Their idea is to apply
attention hierarchically at different levels of granularity. In many applications,
the mechanism is initially applied to words and used to produce more informative
sentence representations, and then it is also applied to sentences to produce better
document representations. This method adapts particularly well to the processing
of long texts since it leverages the hierarchical nature of human-produced written
documents, which are often structured hierarchically.

2.1.3.4 Graph neural networks (GNNs)

The ubiquity of graph structures in most domains has sparked much interest in
the application of neural networks directly to graph representations. In the NLP
domain, a body of text can be represented as a graph of words, where connections
represent relations that are potentially semantic or grammatical. As a simple
example, a sentence could be represented by word nodes, and adjacent words in
the sentence would be linked by an edge. Entire documents can also be linked
together in a graph, for instance, in citation networks, or simply considering their
relatedness [296, 2]. In hierarchical TC, graphs of labels have often been used to
propagate hierarchy information between connected labels, with connections usually
representing parent-child relations.

Message passing The principle behind graph processing models is generalized
by the Message Passing Neural Network [117]. In this model, a message passing
phase, lasting T time steps, is used to update nodes and edges representations by
propagating information along edges. First, for a graph G =(V,E), the message at
time ¢+ 1 is computed for each node u € V, depending on the previous values of the
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nodes and edges e € E. Therefore, for a node u:

MY gahel,) 1)
veN(u)

where ¢ is a function learned by a neural network, function A" (u) gives the neighbor
nodes of u, and x € X are node embeddings (representations). Eq (2.7) uses the
sum operation to aggregate the multiple messages coming from the neighbors of
u, although it could be replaced with other permutation-invariant operations, such
as the average or minimum. Once the messages have been computed, the node
embeddings are updated using an update function o, which is also learned by a

neural network:

t+1

Xy

=o(x!,mi+h (2.8)

Analogously, Equations (2.7) and (2.8) could be adapted to compute the message
starting from neighbor edges instead of nodes and to update the edge representation
accordingly. Finally, in the readout phase, values from all nodes are aggregated by
summing them together, and the output is used for a graph-level classification task.

Graph convolution The concept of message passing lends itself to the definition
of a convolution operation for graphs that can be used within Graph Convolutional
Neural Networks (GCNs) [187]. In the literature, two main categories of GCNs
are typically distinguished: spatial-based and spectral-based. Similar to the con-
ventional convolution operation over an image, spatial-based GCNs define graph
convolutions based on the graph topology, while spectral-based methods are based
on the graph’s spectral representation [296, 75, 342]. We will only discuss the former
type, which is more closely related to the message-passing concept.

Figure 2.6: The propagation effect operated by two sequential graph convolutions on
node x. The red arrows show the information flow toward the target node.
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While many different definitions of convolution have been proposed, a simple
spatial convolution operator on a graph can be defined as:

Conv(x)) =0 ( ©) (p(xtu,xf,)) (2.9)

veN(u)

in which ) is a permutation invariant operation. The result of this operation can be
used to update each node representation, as exemplified in Fig 2.6. When (O =} and
(xt,x') = x' WT + b, which is a simple linear transformation of the representation
of neighbor nodes, this operation can be defined in matrix form as:

Conv(X) = c(AXWT + b)) (2.10)

In the equation above, A € R®*" is the adjacency matrix, X € R"*? contain the
nodes’ representation of dimensionality d, and W € R%u*¢ and b € R%ut are the
weight matrix and bias term for one layer, respectively. The multiplication by the
adjacency matrix A guarantees that only neighbor nodes contribute to the updated
representation X. Consequently, if multiple convolutions are stacked, the message
from each node can propagate further in the graph. However, if too many layers are
used, large portions of the graph could end up having similar nodes’ representations,
an issue often referred to as oversmoothing [141].

As a natural extension of the operation defined in Eq (2.10), A can be weighted
to reflect the importance of neighbors, for instance by multiplying each entry with
edge weights. The attention mechanism can also be used to autonomously learn how
much each node should contribute to its neighbors’ representations. An example of
this is Graph Attention Networks (GATSs) [177], which use the Transformer’s MHA
to compute the hidden states of each node.

2.1.4 Text Classification

Having detailed the foundational stages of preprocessing, text representation, and
modern neural architectures, we now arrive at the final step of the pipeline: the
classification algorithm. The approach to classification itself has evolved in a pro-
gression of paradigms, each changing how models learn from data and generalize to
new tasks. Drawing from the comprehensive survey by Zhao et al. [460], we can char-
acterize this progression in three major stages: (i) an early stage of statistical and
neural modeling, which separated the feature representation step from classification;
(i1) a transfer learning stage, which introduced the pre-training and fine-tuning
paradigm to create specialized task solvers; and (iii) the current stage of generalized
solvers, where massive LLMs address a wide array of tasks through prompting and
in-context learning. The following sections will detail the classification approach
within each of these paradigms.
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2.1.4.1 Statistical and neural models

The first paradigm for TC treated feature representation and classification as two
distinct, sequential steps. This approach encompasses both early statistical LMs and
the first generation of neural language models built on top of static word embeddings.

Statistical LMs rose to prominence in the 1990s and relied on statistical learning
methods to build classifiers. After creating a task-specific feature representation,
such as BoW or TF-IDF vectors, from the preprocessed text, these sparse, high-
dimensional vectors were fed into a separate machine learning (ML) classifier, such
as Naive Bayes, Support Vector Machines, or Logistic Regression [189]. While still
useful in limited computational resources scenarios, these methods often suffer from
the “curse of dimensionality” especially in relation to the data sparsity issue that
makes it difficult to accurately estimate model parameters.

As discussed, the progress in neural language modeling around 2013 marked a
significant leap forward by introducing dense, low-dimensional word embeddings
learned by shallow neural networks like Word2Vec using language modeling training
objectives. The approach to feature engineering (or text representation) shifted from
a manual one toward learning task-agnostic representations that could capture
semantic relationships between words. However, the core classification pipeline
remained largely the same: these pre-trained, static embeddings were first used
to generate a document-level representation (e.g., by averaging the word vectors),
which was then used as input for a separate classification model. Although this
approach reduced the burden of feature engineering and improved performance by
incorporating limited semantic information, the representation and classification
steps were still decoupled [189].

2.1.4.2 Transfer learning for specialized task solvers

The second major paradigm shift was driven by the emergence of deep, contextualized
LMs, also known as pre-trained LMs. The pre-training and fine-tuning paradigm
transformed TC from a two-step process into an integrated, end-to-end trainable
system. This leap was enabled by the Transformer architecture, the foundational
technology for most modern LMs, that we described in § 2.1.3.3.

Models like BERT (Bidirectional Encoder Representations from Transformers)
[192] and the early GPT (Generative Pre-trained Transformer) series [174] are
first pre-trained on massive, unlabeled text corpora using self-supervised objectives,
such as MLM (see § 2.1.2). The pre-training phase allows the model to develop a
deep, context-aware, and general understanding of language, far surpassing the
capabilities of static word embeddings.

For a downstream task like T'C, the pre-trained LM is then adapted through fine-
tuning. This involves adding a simple, task-specific classification layer (or “head”) on
top of the LM’s architecture. The entire system (both the pre-trained body and the
new head) is then trained on a smaller, labeled dataset specific to the classification
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task. During this process, the model’s general linguistic knowledge is specialized
to the nuances of the target task. Other strategies include fine-tuning only the
task-specific head or partially fine-tuning only specific layers of the pre-trained
component. Both these strategies are less computationally expensive and produce
excellent performance on many tasks [2, 189]. This transfer learning approach
proved to be exceptionally powerful, establishing new state-of-the-art results across
a wide range of NLP benchmarks and creating highly effective, specialized task
solvers. This approach is widely used across various NLP tasks with different
architectures, like BERT [192] and generative ones [292, 260]. Adapting them to
various tasks is done by just introducing a task-specific head and fine-tuning it.

2.1.4.3 Generalized solvers

The most recent paradigm is characterized by the scaling of pre-trained LMs to
enormous sizes, producing what are now known as LLMs. This scaling did not just
lead to quantitative improvements; it unlocked qualitatively different behaviors and
emergent abilities that were not present in smaller LMs. One of the most significant
of these abilities is in-context learning (ICL), which has fundamentally altered the
approach to many tasks, including TC. It is important to note that this last stage is
not a new technical concept, but is the consequence of progressive advances in the
field that shifted the focus from the modeling of language to complex task solving.

Emergent abilities Emergent abilities are formally defined as capabilities that
are not present in smaller models but appear once a model’s scale reaches a certain
threshold, often marked by a significant jump in performance. Three such abilities
are central to the function of LLMs as generalized solvers [460]:

¢ In-Context Learning (ICL): This is the ability to perform a task using
a natural language instruction and/or a few task demonstrations provided
within a prompt. The model generates the expected output without needing
additional training or gradient updates. This ability was strongly present in
the 175B-parameter GPT-3 model but not in its smaller predecessors, GPT-1
and GPT-2.

¢ Instruction Following: Through a process called instruction tuning, LLMs
learn to perform well on unseen tasks described via natural language instruc-
tions, giving them powerful generalization without needing explicit examples
for every new task. According to the experiments in [373, 347], this ability
began to appear in LaMDA-PT and PALM [381] models with at least around
68 billion parameters, but was absent in smaller versions.

¢ Step-by-Step Reasoning: Unlike smaller LMs, which struggle with complex,
multi-step problems, LLMs can solve such tasks by generating intermediate
reasoning steps before providing a final answer. This is often elicited using



26 2. Foundations of NLP for Text Classification

a technique called Chain-of-Thought prompting. This ability brings signific-
ant performance gains when applied to models with more than 100 billion
parameters.

The mechanisms that enable these emergent abilities are still an active area of
research. Current theories suggest that LLMs may perform a form of implicit learn-
ing during forward computation, akin to meta-optimization or Bayesian inference,
where demonstrations guide the model to select and apply knowledge it has already
learned during its pre-training phase [460].

To put this into perspective with the previous task-specific fine-tuning paradigm,
the scale that enables these abilities is, at a minimum, 200 times larger than that
of the largest original BERT model. While these LLMs can also be fine-tuned, it is
often advisable to first benchmark their performance using prompting strategies
before committing to this computationally expensive step.

Classification via prompting With LLMs, the goal is no longer to create numer-
ous specialized models via fine-tuning. Instead, a single, massive, “general-purpose”
task solver can be guided to perform a wide variety of tasks through carefully craf-
ted prompts, without updating its parameters. This interaction method, known as
prompting, leverages the emergent abilities of ICL and instruction following. For TC,
a prompt is formatted to include a task description and, optionally, a few examples
(demonstrations). The LLM then uses this context to classify a new, unseen piece of
text. For example, a sentiment analysis task can be formulated with the following
prompt:

Instructions: Given a movie review, classify the sentiment as either
Positive, Negative, or Neutral.

Example Review: "I loved this film, the acting was superb!"
Sentiment: Positive

Example Review: "The plot was slow and completely uninteresting."
Sentiment: Negative

Review: "The movie was okay, but not very memorable."
Sentiment:

The model is expected to complete the final line by generating the correct label,
“Neutral”, based on the pattern established by the demonstrations. This approach
eliminates the need for large, task-specific datasets and the computational cost of
fine-tuning, while providing unprecedented flexibility.

However, prompting is a delicate process. LLMs are highly sensitive to how a
task is framed and which examples are provided. Poorly designed prompts can bias



2.1. Text Classification Pipeline 27

a model towards incorrect answers, and seemingly minor changes can sometimes
degrade performance significantly [440]. For instance, models can exhibit a recency
bias, tending to repeat answers that appear near the end of the demonstrations
[460]. The science of designing and refining these inputs is widely known as prompt
engineering. Common prompting strategies include:

* Few-shot prompting, as shown in the example above, provides a small
number of demonstrations to help the model learn the semantic mapping
between input and output for a specific task.

¢ Zero-shot prompting, in contrast, provides only a task description without
any examples, relying entirely on the model’s pre-existing ability to follow
instructions.

¢ Chain-of-Thought (CoT) prompting is an advanced technique used to elicit
the model’s step-by-step reasoning ability. By including intermediate reasoning
steps in the demonstrations, especially for mathematical tasks, the model is
guided to produce a more grounded and often more accurate answer. A zero-
shot version of CoT simply adds a phrase like “Let’s think step by step” to the
prompt, which can trigger the model’s reasoning process without requiring
manual examples [385, 370].

2.1.4.4 Challenges and recent developments

LLMs have substantially influenced recent approaches in computational NLP. Pre-
trained on diverse, multilingual, and often multimodal datasets (i.e., containing
various types of data, such as code and images), these models have altered the
approach to language processing. Their scale has led to remarkable improvements
in cross-lingual transfer, with models demonstrating strong capabilities across many
languages, even those underrepresented in the training data [405, 453].

A recent major development addresses the prohibitive cost of adapting these
massive models. Fully fine-tuning a foundational model is computationally intensive,
making frequent updates or domain specializations impractical. This challenge
is now being addressed by Parameter-Efficient Fine-Tuning (PEFT) techniques,
such as LoRA, QLoRA, and various adapter modules [463]. PEFT methods enable
the specialization of pre-trained models by updating only a small fraction of their
parameters, significantly reducing computational demands and mitigating the risk
of catastrophic forgetting or overfitting, especially on smaller datasets. While much
of the focus has been on generative models, efficiency improvements are not exclusive
to them. Encoder-only architectures continue to be refined for specific tasks, with
newer proposals like ModernBERT driving further progress [471].

Despite these advancements, achieving equitable performance across all lan-
guages remains a primary challenge, particularly for low-resource languages. Key
issues persist, including severe data scarcity, the risk of propagating biases from
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imbalanced training data, and inefficient tokenization schemes for non-English lan-
guages that amplify computational costs [452, 453]. Furthermore, general-purpose
LLMs can underperform specialized models on domain-specific tasks in low-resource
languages and are more prone to generating harmful content due to inadequate
safety alignment in those languages [437, 435]. Addressing these multifaceted chal-
lenges to build a more language-fair Al will require extensive research focused on
sustainable language representation and culturally sensitive evaluation benchmarks
to mitigate undesirable biases.

2.2 Hierarchical Text Classification

As a sub-task of the broader TC area, HT'C methods have much in common with
standard text classifiers. This section will outline what differentiates HTC from
standard approaches, along with the main considerations for designing and evaluat-
ing these methods in the presence of a taxonomy of labels.

2.2.1 Types of Hierarchical Classification

Standard classifiers focus on what HTC literature defines as flat classification. In
it, categories are treated in isolation (i.e., as having no relationship between one
another) [29, 31]. In contrast, HTC deals with documents whose labels are organized
in structures that resemble a tree or a directed acyclic graph (DAG) [358, 173].
In these structures, each node contains a label to be assigned, such as in Fig 2.7.
Methods able to work with both trees and DAGs can be devised, though a simpler
technique is to simply “unroll” or “flatten” sub-nodes with multiple parents for DAGs,
thus obtaining a tree-like representation. For this reason, this section (and much of
HTC literature) focuses on hierarchies with a tree structure.

HTC approaches can be divided into two groups: local and global approaches
[390]. Local approaches (sometimes called “top-down”) are defined as such because
they “dissect” the hierarchy, constructing multiple local classifiers that work with
a subset of the node labels. While more specialized than flat classifiers — which
ignore the hierarchy — there is an inevitable loss of hierarchical information, as the
aggregation of these classifiers tends to ignore the holistic structural information
of the taxonomic hierarchy. Depending on the chosen approach, the amount of
information regarding the hierarchy can be partial or absent [392]. Local approaches
(Figures 2.8b to 2.8d) have been criticized because of their structural issues, the
most notable one being that they may easily propagate misclassifications [48, 62].
Furthermore, these models are often large in terms of trainable parameters, and may
easily develop exposure bias because of the lack of holistic structural information
[297]. This arises from the fact that, at test time, lower-level classifiers use the
prediction of previous classifiers, thus leading to a discrepancy between the training
(which uses ground truth) and the inference phase.
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Figure 2.7: Hierarchically structured labels. Both forms are frequent in practice,
though labels organized in a DAG require adaptation of either the method or the
structure.

Global methods aim to solve these shortcomings, as well as being frequently less
computationally expensive (as there is a single classifier) [57]. While the definition of
global classifiers is deliberately generic, one might imagine as global any individual
classification algorithm that directly takes into account the hierarchy. It is also worth
noting that global and local approaches can also be combined [152, 225]. Fig 2.8
showcases the main approaches to HTC, which we now briefly summarize.

Flattened classifiers The flat classification approach (Fig 2.8a) reduces the task to
a multiclass (or multilabel) classification problem, therefore discarding hierarchical
information entirely. Typically, only leaf nodes are considered, and the classification
of higher levels of the hierarchy is inherited from parent nodes [392, 214].

Local classifiers Local classification approaches are generally divided into three
categories, which differ in how they dissect the hierarchy. First off, the class of
local per-node (binary) approaches (Fig 2.8b) considers each label as a separate class,
disregarding the hierarchy completely. This approach is among the simplest and
resembles a one-versus-rest approach [26]. Local per-level methods (Fig 2.8¢c) assign
a classifier to each relevant category level, which is tasked to decide for that level
alone. Finally, local per-parent methods (Fig 2.8d) assign a classifier to all parent
nodes, tasking them to assign a sample to one of its children, therefore capturing
part of the sample’s current path through the hierarchy.

Global classifiers A global (or big-bang) [217] classification approach (Fig 2.8e)
makes use of the entire hierarchy to make the final classification decision. It is
common (though not strictly necessary) for global classifiers to make this decision
on the flattened set of labels; hierarchy information is therefore achieved through
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(a) Flattened.

(d) Local per-parent. (e) Global.

Figure 2.8: The most common approaches to HTC, exemplified on a tree-like hier-
archy. Flattened classifiers (Fig 2.8a) disregard the hierarchy, while local classifiers
(Figures 2.8b to 2.8d) incorporate some of its structure. Global classifiers (Fig 2.8e)
are designed to exploit the label structure within a single model. Dashed boxes
indicate the presence of a classifier.

structural bias (i.e., the architecture of the model) [57].

2.2.2 Non-Mandatory Leaf Node Prediction and Blocking

In hierarchical classification datasets, it may not always be the case that all predic-
tion targets correspond to leaves. Many authors distinguish between mandatory
and non-mandatory leaf node prediction (MLNP, NMLNP) [29, 42]. Quite simply, in
NMLNP scenarios, the classification method should be able to consider stopping the
classification at any level of the hierarchy, regardless of whether it is a leaf node or
not. The term applies to both Tree- and DAG-structured hierarchies. In this section,
we briefly outline how the different types of HTC approaches can deal with the latter,
more complex case.

Flattened classifiers The flat classification approach simplifies the problem to
a standard, non-hierarchical classification problem. In that sense, if the target is
restricted to the leaf nodes of the structure, methods that follow this paradigm are
unable to deal with NMLNP by design [57]. It is possible to naively extend the
classification targets to include all possible labels, though this would make the task
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much harder since flattened classifiers do not have any inherent information about
the hierarchy.

Local classifiers To deal with NMLNP, local approaches must implement a block-
ing mechanism, so that inference may be stopped at any level of the hierarchy. A
simple way to do this is by utilizing a threshold on the confidence of each classifier;
if, during top-down prediction, the confidence doesn’t meet the requirement, the
inference process is halted [43].

An issue with such thresholds is that they may lead to incorrect early stopping of
classification. Sun et al. [36] define this as the blocking problem, which refers to any
case in which a low confidence rating of a parent classifier mistakenly hints that an
example does not belong to its actual macro-class. As a consequence, the example
will never reach the classifier for its appropriate subclass. The authors propose some
blocking reduction methods, which generally act by reducing the thresholds of inner
classifiers or by allowing lower-level classifiers to have a second look at rejected
examples.

Global classifiers Global classifiers utilize a single, usually complex algorithm
that integrates the hierarchy into its internal reasoning. As mentioned, it is common
to base global classifiers on an existing flat classification approach and modify it to
take into account the class hierarchy. Global classifiers can also be used in NMLNP
scenarios, though specific strategies might be needed in this case to enforce class-
membership consistency in predictions. Likewise, it is also possible to integrate a
top-down prediction approach (which would be internal to the algorithm) to avoid
this issue.

2.2.3 Evaluation Measures for Classification

Because HTC tasks are inherently multiclass or multilabel, many researchers use
standard classification metrics. However, several authors argue these measures
are inappropriate [29, 40, 84, 229, 57]. Their main concern is that ignoring the
hierarchy leads to imprecise evaluations, as standard metrics fail to account for the
mistake severity: models that make “less severe” mistakes should be preferred [483].
This follows from two considerations. First, predicting a label that is structurally
close to the ground truth should be penalized less than predicting a distant one.
Second, errors at higher hierarchy levels are more harmful (e.g., misclassifying
“football” as “rugby” is preferable to misclassifying the category “sport” with “food”).
These considerations have been discussed in research on real-world HTC tasks such
as ICD coding [401, 310] and legal document labeling [216]. A “better” mistake
typically preserves most ancestor nodes in the prediction path, so the sample’s
macro categories remain correct; this is usually preferable to an error that alters
the macro category, which can have severe consequences. Moreover, characterizing
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error severity and type helps guide model development and suggests strategies to
mitigate such errors.

This section outlines the most common evaluation metrics used in HTC, be-
ginning with standard “flat” TC metrics and then discussing hierarchical-specific
measures. For a more in-depth analysis of these metrics, their challenges, and
potential solutions, see Kosmopoulos et al. [84].

2.2.3.1 Standard metrics

The most common performance measures utilized in “flat” classification are derived
from the classic information retrieval notions of Accuracy (Acc), Precision (Pr), and
Recall (Re). As in any other supervised learning task, we consider the truthfulness
of a model’s predictions against the ground truth derived from the dataset.

These metrics are calculated by considering each class individually. For any
given class C, we can identify four outcomes for each sample in the dataset:

* True Positive (TP): The sample’s true label is C, and the model correctly
predicts C.

¢ False Positive (FP): The sample’s true label is not C, but the model incorrectly
predicts C.

* True Negative (TN): The sample’s true label is not C, and the model correctly
predicts a label other than C.

¢ False Negative (FN): The sample’s true label is C, but the model incorrectly
predicts a label other than C.

Accuracy measures the ratio of correct predictions over the total number of
predictions. Precision is instead a measure of correctness, quantifying the proportion
of correct predictions among the ones predicted as positive only, while Recall is a
measure of completeness, quantifying the proportion of overall positives captured by
the model. Accuracy, precision, and recall are defined as in Eq (2.11):

TP|+|TN TP TP
|TP|+|TN| p |TP| R |TP|

_ ot e=—— " (2.11)
|TP|+|TN|+|FP|+|FN| |TP|+|FP| |TP|+|FN|

Acc

Since precision and recall often present a trade-off, they are commonly combined
into a single score. The most popular is the F-measure (¥g), which is the weighted
harmonic mean of the two. Typically, § is set to 1, giving equal weight to both
metrics, as shown in Eq (2.12):

_(B?+1)-Pr-Re o Pr-Re

Fg= =2 — 212
p B%2-Pr+Re ! Pr+Re (2.12)
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Figure 2.9: Tree hierarchy with predicted (squares) and ground truth (circles) labels,

with the ancestors of each highlighted. As the two sets have a node in common, the
misprediction should be considered less severe.

In multiclass settings, precision and recall can be averaged across all classes.
Macro-averaging (Eq (2.13)) gives equal weight to each class, while micro-averaging
(Eq (2.14)) gives equal weight to each instance, making it more suitable for datasets
with class imbalance, as in Eq (2.14):

Y™m. Pr; Y Re;
Prmacro = i Remacro = Sl (2.13)
m m
s7 TP sm TP

(2.14)

Prmicro = Repmicro =

Y ITPi|+|FP; Y ITP;|+|FN;|
where m is the number of categories. F-measures may be micro- or macro-averaged
as well, utilizing the corresponding averaged versions of precision and recall.

2.2.3.2 Hierarchical metrics

While these standard metrics are widely used in TC, they cannot account for the
relationships between classes. Sun and Lim [29] propose to solve this issue by
introducing hierarchical metrics based on category similarity and distance. Category
similarity evaluates the cosine distance of the feature vectors representing predicted
and true categories, while category distance considers the number of links between
the two in the hierarchy structure. While interesting, these measures have practical
issues, which Kiritchenko et al. [40] outline (such as inapplicability to DAGs and
multilabel tasks). Instead, they propose to extend traditional precision and recall.
To do this, they augment the set of predicted and true labels to include all their
ancestors (Fig 2.9) and calculate the metrics on the augmented sets.

Formally, let ?aug be the augmented set of predictions, containing the most
specific predicted classes and all of their ancestors (set denoted as L), and Y,,; the
augmented set of the most specific ground truth class(es) and all of their ancestors
encoded as binary vectors {0, 1}'E1, Then, hierarchical metrics (h-metrics) can be
defined as follows (Eq (2.15)):
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(B%2+1)-hPr-hRe
hFpg=—
B%-hPr+hRe
(2.15)

However, Kosmopoulos et al. [84] observe that this approach over-penalizes errors
in which nodes have many ancestors. Specifically, false positives predicted at lower
levels of the hierarchy strongly decrease the precision metric, while recall tends to
be boosted since adding ancestors is likely to increase the number of true positives
(false positives are ignored). Drawing from the Lowest Common Ancestor (LCA)
concept defined in graph theory [14], they propose LCA-based measures as a solution.
Briefly, and in the context of tree structures, the LCA of two nodes can be defined as
the lowest (furthest from the root) node that is an ancestor of both. Therefore, these
new measures are defined similarly to the one in Eq (2.15), but with the expanded
sets defined in terms of LCA rather than on full node ancestries [229]. Despite these
issues, the hierarchical metrics of Eq (2.15) are still considered effective measures
across a broad range of scenarios [57].

Some authors report metrics that explicitly evaluate the difference, in terms of
path distances through the hierarchy, between class predictions and ground truth
labels. In particular, Sainte Fare Garnot and Landrieu [337] define the Average
Hierarchical Cost (AHC) of a set of predictions. Given two labels a,b € L, define
dist(a,b) as the number of edges that separate two labels in the hierarchy tree. In
turn, for a set of labels S, let dist(a,S) be the minimum distance between the node
and the set, i.e., min(dist(a,s) Vs € S). If predictions and ground truth labels are
expressed as vectors € {0, 1}'! (as before), the AHC can be defined as Eq (2.16):

Zi D}aug N Yaug| Zi |?aug N Yaugl
= hRe =

hPr =
Zi |Yaug| Zi |Yaug|

1

AHC®Y,Y)=
Y|

Y ¥, dist(j,Y) (2.16)
J

In practice, this measure evaluates how “far off” the predictions were from
the closest common ancestor (and, in that, are not too dissimilar for LCA-based
measures). As a consequence, a low AHC indicates that mistakes were, on average,

not too distant from the ground truth.

2.2.3.3 Other metrics

Depending on the particular aspect of HMC being tackled, other types of metrics,
often borrowed from neighboring disciplines, may be warranted [83]. In this section,
we briefly introduce them.

Some works report rank-based evaluation metrics, which are widely used in the
more general context of multilabel classification [238, 285]. Among many, the two
most commonly utilized are Precision and Normalized Discounted Cumulative Gain
at &k (Pr@k, NDCG@°E), which are often utilized in retrieval and recommendation
systems [3]. Briefly, given a model’s prediction (i.e., a probability vector across labels),
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we can sort the labels in descending order based on the output probabilities. Then,
Pr@k indicates the fraction of correct predictions in the top-%£ labels of this sorted
list, whereas NDCG@k measures ranking quality (i.e., how high correct labels are
ranked).

In methods able to categorize labels at different levels of the hierarchy separately,
some authors chose to showcase the accuracy score at each separate level, as well as
a single overall score [290, 341]. The overall score is the one obtained by classifying
the last level of the hierarchy given the (possibly incorrect) predictions of the parent
classes. In some cases, authors utilize subset accuracy, where all labels must match
the ground truth exactly.

Lastly, some authors utilize the Hamming loss [344, 83] metric for HT'C. This
measure evaluates the fraction of misclassified instances, i.e., true labels that were
not predicted or predictions that were not in the ground truth.

2.3 Future Directions

To conclude this chapter, we outline some of the latest advancements and promising
directions in TC and HTC.

A growing body of literature is applying LLMs to classification tasks, exploiting
their discriminative capabilities as generalized solvers, as detailed in § 2.1.4.3.
Specifically, the few-shot prompting paradigm allows for effective problem modeling
with significantly fewer annotations than required by traditional fine-tuning. This
offers benefits for HTC as well; these models can embed flexible, class-specific
information and, through adaptive prompting, accommodate diverse hierarchical
structures with minimal engineering effort. Recent contributions have focused
on enhancing knowledge representation and optimizing loss functions [459, 483,
345], while others explicitly target the few-shot capabilities of generative models in
hierarchical settings [462, 400, 396].

However, the deployment of massive generative LMs incurs substantial compu-
tational costs. While efficient training paradigms offer one solution (as discussed
in § 2.1.4.3), a complementary and promising path for future development is the
investigation of generative capabilities within more compact architectures, often
referred to as “BabyLMs”. Scaling down generation to these smaller models offers
the potential to improve data efficiency and develop techniques that can benefit
larger models as well [473].

Finally, we highlight the importance of designing more comprehensive bench-
marks for model evaluation. Recently, most models are benchmarked against a few
popular ones (such as GPQA [450] and MMLU [298]), but these results should be
interpreted with caution. The metrics often assess narrow capabilities, and incre-
mental improvements on general evaluations do not necessarily imply an increase
in reasoning ability. As we observed in Chapter 8, even models that perform well on
public leaderboards can struggle when confronted with specific domain tasks. One
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potential cause for this discrepancy is the extensive post-training process generative
LMs undergo, which fine-tunes them for user alignment and moderation. While this
process has merits for general safety, it has been theorized to dull certain linguistic
abilities required in specific contexts. For instance, Quan et al. [469] and Mirowski
et al. [428] note how standard safety alignment impacts the ability to generate
humorous content. Humor often requires playing with words and meanings in ways
that generic filters might flag as unsafe or offensive, yet such nuances remain valid
for specific audiences (e.g., comedians or linguists). To mitigate this, the authors
argue for shifting from general post-training procedures toward audience-specific
and language-specific alignment [435]. This approach would ensure models are
better tuned to recognize distinct contextual constraints, particularly regarding
fairness, safety, and linguistic requirements.



Principles of Explainable Al

The rapid proliferation of Al and ML has led to the development of models with
unprecedented predictive power. Deep neural networks, in particular, have achieved
state-of-the-art performance across a vast range of domains, from computer vision
to NLP. However, this performance often comes at the cost of transparency. The
most powerful models operate as “black boxes”, where the internal logic and decision-
making processes are opaque to human users [299]. This trade-off between perform-
ance and transparency presents significant challenges, especially in high-stakes
applications such as medical diagnosis, financial credit scoring, and autonomous
systems, where understanding the rationale behind a decision is not merely desirable
but often a legal, ethical, and practical necessity [299, 249]. The European Union’s
AT Act, for instance, places stringent constraints on “high-risk” systems, defined
as those that “may produce significant, adverse effects to an individual’s health,
safety, or fundamental rights”. For these applications, the Act mandates a right to
explanation, compelling developers to provide “clear and meaningful explanations of
the role of the Al system in the decision-making procedure and the main elements of
the decision taken” [429].

In response to this challenge, the field of Explainable AI (XAI) is dedicated to
developing methods that can render the decisions of complex ML models understand-
able to humans, helping to build systems that are accurate, trustworthy, and robust
[249, 339].

3.1 Motivations of XAl

Aside from legal compliance, the need for XAI stems from a fundamental issue of
trust. Statistical machines trained only on experience offer no inherent guarantee
that they will operate reasonably well in all real-world scenarios, especially in the
presence of unforeseen conditions that were not extensively modeled in the training
data. In such cases, XAl can provide a set of tools that enable expert operators to
validate and supervise the Al's work, as well as to create criteria for accountability.
Moreover, when used as support tools for human decision-makers, Al can influence
their decisions, and research has proven the benefits of pairing ML models with XAI
for more impartial Al-assisted decision-making [362, 421].
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For these reasons, we argue that explainability should be considered a non-
functional requirement in the software design process, not an afterthought [278].
Even the most accurate black-box model can be unreliable if we cannot be sure
whether it has learned to discriminate based on meaningful features or on spurious
correlations. A classic example, shown by Ribeiro et al. [100], is an image classifier
that correctly distinguishes wolves from huskies only because it has learned to
associate them with snowy backgrounds, rather than the features of the animals
themselves. Their work demonstrates the role of XAI as a diagnostic tool, showing
how such methods can uncover and diagnose problems rooted in the training data.
This diagnostic capability is important because datasets are not neutral artifacts.
They are constructed and often reflect historical inequalities and societal biases,
which can lead ML models to perpetuate or amplify discrimination when used
uncritically. Analogous to the previous example, it is not difficult to imagine systems
that unfairly discriminate against people simply because data misrepresents an
ethnicity, gender, or other social attribute, especially since these attributes can be
encoded implicitly (i.e., unintentionally) in the dataset [408]. Although often left out
of traditional interpretability discourse, which focuses more on the computational
aspects of ML, data curation is a key part of building robust models, as model bias
likely stems from biased data. XAl can help diagnose data issues, but correcting
these also requires critically examining how data are gathered and the assumptions
underlying their collection [408].

A useful summary of these motivations is provided by Barredo Arrieta et al. [249].
They identify three key reasons for pursuing interpretability. First, it helps ensure
impartiality by detecting and enabling the correction of biases in the training data.
Second, it facilitates robustness by highlighting potential adversarial perturbations
that could produce unexpected outputs. Third, it helps guarantee causality by
confirming that the model uses meaningful variables to make its decisions.

To these points, we add another motivation: knowledge discovery and extraction.
In scientific domains, especially the life and physical sciences, the explanation
process can be used to extract novel, human-understandable insights and hypotheses
that a model has learned from complex data. While XAI methods are far from solving
the “black box” problem entirely, their ability to even partially explain the function
learned by a model can serve as a starting point for future investigations into
the causal relationships behind certain phenomena [348]. For example, the use
of DL in drug discovery has led to applications of XAI to support the “analysis
and interpretation of increasingly more complex chemical data, as well as in the
formulation of new pharmacological hypotheses, while avoiding human bias” [263].

Ultimately, the motivations for XAl are both practical and ethical, and can be
understood within the broader objective of building Responsible Al, a concept that
blends model explainability, fairness, and privacy by design [249]. This points to the
need for a holistic approach that considers not just a model’s predictions, but also
its internal reasoning, the data underlying it, and the type of interaction with the
end-user. While this overview helps contextualize the field within its broader goals,
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the remainder of this chapter will focus specifically on the foundational concepts and
terminology of XAl

3.2 Core Concepts

The most central concept in XAl is explainability itself. It can be informally defined
as a property related to the ability to “extract knowledge from a ML model about
its reasoning and present it in a way that is both useful and accurate for a given
objective”. Although this concept has no single, universally accepted definition, it
provides a useful starting point [205].

The following subsections will introduce key terminology, establish a formal
framework for explanation, and provide a taxonomy of XAI methods.

3.2.1 Interpretability and Explainability

Within the XAI literature, the terms interpretability and explainability are often
used interchangeably and can be a source of confusion. While a universal consensus
has yet to emerge, there is growing agreement on certain elements that distinguish
the two concepts [159, 205].

Interpretability is often described as the degree to which a human can understand
the cause of a model’s decision [184]. Some researchers frame this in terms of
the input-output relationship: a system is considered interpretable if a user can
intuitively grasp or predict the model’s output for a given input, even if the internal
mechanisms remain opaque [185, 299, 127]. For example, a user might find a loan
approval model interpretable if they can predict that applicants with low credit
scores will be denied, without needing to know precisely how the credit score is
weighted against other variables. Other authors frame interpretability as a passive
property of a model itself, related to its intrinsic simplicity [249, 156, 167]. A
logistic regression model, for instance, has high intrinsic interpretability because its
parameters can be directly understood (mathematically) by a human observer [159].

In contrast, explainability is best understood as the product of an active process
designed to clarify a model’s internal mechanics or rationale to end-users [299,
402]. In this view, an explanation is seen as a user-centric concept, specifically an
interface between the end-user and the machine [184, 156, 185, |127]; it focuses
on characterizing the process that produces an outcome, allowing end-users to
understand not only what the model does, but also how it works. This distinction,
however, is not universally adopted. Due to the semantic similarity of the words
themselves, some researchers equate interpretability with explainability, arguing
they serve the same goal [184, 205]. Others propose explainability as a stronger
property that requires interpretability as a prerequisite, plus additional context
related to the explanation goal, user expectations, and domain knowledge [294, 479].
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Given this ambiguity, both terms can be seen as loosely referring to the “extrac-
tion of relevant knowledge from a ML model” [205], which aligns with the initial
definition used in this chapter. What is generally agreed upon, however, is that
explainability is an active property, achieved through a system or interface that
conveys information to its users [299, 156, 127]. This is the perspective adopted in
my research, where an interpretation is treated as a specific step within the broader,
active process of generating an explanation. Accordingly, we favor the term explain-
able to describe a system that can explain (part of) its decisions. This framework,
which refines the meaning of these terms for my work, is described in the next
section.

A related concept is transparency, which can be defined as an intrinsic prop-
erty of a model that enables explainability. A model is considered transparent if it
possesses either algorithmic transparency (its decision process is mathematically
traceable), simulatability (it is simple enough for a human to simulate mentally),
or decomposability (each part of a model can be intuitively understood) [249, 159,
294]. A transparent model’s internal mechanics are thus open to inspection. Con-
versely, while we can observe what a black box algorithm does (making it potentially
interpretable), we cannot understand how it works, placing it in opposition to a
transparent system. A classic example of a model satisfying these criteria is a
shallow Decision Tree: each of its decision nodes is understandable (decomposable),
the path to a prediction is algorithmically transparent, and the entire model can be
simulated by a human.

These concepts are better understood as a spectrum rather than in terms of
binary conditions. Unlike purely symbolic models that operate on human-readable
rules, most ML models learn from experience, which gives them a degree of inherent
opacity since no one hard-codes their behavior. This is especially true for deep neural
networks, where the distributed, high-dimensional internal representations make
complete transparency at a granular level an unattainable goal [367, 418, 414].
Consequently, the goal of XAI becomes providing explanations appropriate for a
given level of abstraction [414]. For instance, a recommendation system that suggests
items based on embedding similarity with a user representation is explainable at the
conceptual algorithmic level, as the high-level logic of comparing semantic vectors is
formalized and straightforward, and can be simulated by a human. At the parameter
level, however, the system remains opaque, as the specific numerical values of
the high-dimensional embeddings are devoid of direct semantic meaning (lack of
decomposability). This shows how a model can be transparent in its high-level design
while its low-level operations remain unintelligible. This principle can be extended
to systems that combine opaque components with more verifiable mechanisms, an
approach we explore further in Chapter 7. Ultimately, for XAI to be meaningful
in real-world applications, explanations must be intentionally curated for specific
levels of detail and audiences [414, 249].
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3.2.2 Formal Framework for Explanations

To move beyond intuitive notions and establish a rigorous foundation, it is useful
to formalize the components involved in generating an explanation. An explana-
tion is not a static object but an interactive process [185]. It can be seen as “an
interface between humans and a decision-maker that is at the same time both an
accurate proxy of the decision-maker and comprehensible to humans” [156]. This
section describes a formal framework that decomposes an XAl system into its core
constituents, adapted from Rizzo et al. [402].

Given a ML model M that takes an input x and produces an output y (of any
kind, including scalar values and vectors), the process of generating an explanation
involves the following components:

¢ Evidence (e): Any objective piece of information derived from the model that
offers insight into its internal workings or decision rationale. Examples include
learned model parameters, feature activation values, or gradients of the loss
function with respect to the input.

¢ Evidence Extractor (¢{): A computational method used to retrieve the evid-
ence from the model. Formally, it is a function that takes the model, input, and
prediction to produce the evidence: e = é(x, y, M). For inherently transparent
models like linear regression, the evidence extraction is direct, as the model’s
parameters (the evidence) are already in a human-understandable format. For
DL models, in contrast, the evidence must be extracted indirectly. Techniques
such as gradient back-propagation or the use of proxy models can be used
to generate this evidence, which then requires further processing to become
human-understandable.

¢ Interpretation (g): A function that transforms extracted evidence into a
human-understandable explanation by assigning semantic meaning to the
raw evidence. More specifically, the function g describes the semantic relation
between the evidence and the output of the model. This definition differs from
some uses in the literature, as it emphasizes interpretation as one component of
the explanation process. Depending on the type of evidence (which determines
its explanatory potential and expressiveness), the interpretation functions can
explain single predictions or the overall behavior of the model.

¢ Explanation (E): The final output of the interpretation function applied
to some evidence, which provides an answer to a question posed by a user.
Explanations can be local (for a specific prediction) or global (for the entire
model). They are defined as:

Elocalzg(e,x,yaM) (31)

Eglobal =g(e,M) (3.2)
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¢ Explanation User Interface (XUI): The modality through which the explan-
ation is presented to the user. This can range from visualizations like plots
and heatmaps to natural language text or mathematical equations.

This framework and definitions highlight the nature of an explanation as a com-
municative and interactive act, tailored to the context, audience, and goals of the user
[185]. This observation challenges the notion of “intrinsically” interpretable models;
it suggests that any explanation is the result of a process of giving an interpretation
to some evidence grounded in both ML and domain-specific knowledge. The quality
of the final explanation is determined by the expressiveness of this evidence and the
degree to which the interpretation adheres to the model’s actual inference process
(referred to as faithfulness). Faithfulness is often discussed alongside plausibility,
a user-centric metric that quantifies how convincing an explanation is to a human,
regardless of its technical fidelity to the model [258]. While we will occasionally
reference these metrics, a more detailed perspective on XAl evaluation is provided
in § 3.4.

Finally, the explanation must be conveyed through an XUI, which must be
designed for the specific explanation type and end-user characteristics. The end-user,
in turn, interprets the information presented on the XUI, and their understanding is
shaped by their unique expectations and mental models. For example, the coefficients
of a linear regressor might be immediately understood by a data scientist, while a
non-expert may require correlation plots and examples to grasp the same concept.
The overall efficacy of the explanation, therefore, depends heavily on a well-designed
XUI tailored to guide the user’s comprehension so that it aligns with the model’s
actual behavior. This reinforces the argument that placing the human at the center
of the design loop is essential for deploying genuinely explainable systems.

Another observation is that, under this framework, an interpretation is treated
as a testable hypothesis about how a model’s evidence influences its output. As
such, a good hypothesis should be verifiable and clearly define the dependent and
independent variables. For example, in a linear regressor — formally defined as
y =Xp +¢& — the interpretation of a coefficient §; as the expected change in y
(dependent variable) for a one-unit change in x; (feature j), while holding all other
features constant, is mathematically guaranteed and can be directly tested. Of
course, more than one interpretation is possible; an equally valid, but simplified
interpretation would be that a larger coefficient for a feature indicates a greater
impact on the final prediction. For complex models like neural networks, such direct
testing is not possible. Instead, their behavior must be probed, for example, by
using altered input examples. Many XAI methods use this strategy to learn a local
approximation of the model’s behavior, thereby providing a testable hypothesis that
is faithful within a local neighborhood of the input.
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3.2.3 Taxonomy of XAI Methods

The landscape of XAl is populated by a diverse array of methods, each with different
assumptions, capabilities, and limitations. XAl techniques are typically categorized
along several key axes, which define their relationship to the model, the scope of their
output, and their general applicability [249, 375]. These axes are not independent
but represent a set of correlated design choices and trade-offs that researchers and
practitioners must navigate.

3.2.3.1 Ante-hoc vs. post-hoc

A fundamental distinction in XAl is between developing ML models that are easily
interpretable by design (ante-hoc) and applying methods to explain opaque ML
models after they have been trained (post-hoc) [249, 316].

Ante-hoc explainability, also known as in-model or model-based explainability,
involves creating simple models that are transparent by design. These 'white-box’
models have architectures that are simple or constrained enough for humans to
easily understand their decision-making process. Classic examples include linear re-
gression, where feature importance is given by the learned coefficients, and Decision
Trees, where the decision path can be explicitly traced (and simulated).

More recent research has focused on developing more interpretable neural net-
works, such as Neural Additive Models (NAMs) [320], Concept Bottleneck Models
(CBMs) [254], and Prototypical Part Networks (ProtoPNet) [208], which structure
their reasoning in a way that is somewhat understandable to humans [439]. These
ML models are designed to expose part of their reasoning process, allowing for
the unambiguous collection of evidence to produce easy-to-grasp explanations. In
practice, this requires the models to satisfy the transparency properties discussed in
§3.2.1, which directly support the interpretation of the model’s evidence at a certain
level of abstraction. For the reasons discussed in the previous sections, we refrain
from describing these models as intrinsically interpretable or completely transparent,
although this terminology is frequently used.

Post-hoc explainability refers to the application of explanation methods to a
model after it has been trained [249]. This is the dominant paradigm in XAl research
and practice, primarily because it allows practitioners to use high-performance,
but complex “black-box” models and retroactively attempt to explain their behavior.
These methods generally probe the model’s behavior to construct an explanation,
often by creating a second, simpler model to explain the first [300, 375, 339, 151]. A
practical issue with post-hoc methods relates to the faithfulness of explanations to
the actual model behavior (see § 3.4 for definitions of XAI metrics). Since the proxy
model does not know the original model’s internal logic, its accuracy depends on
the number of examples used to build it. For computational reasons, this number is
often small, so the proxy model may not always reliably approximate the function
learned by the original black-box model [402].
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3.2.3.2 Scope of the explanation: local vs. global

Explanations can be further classified by their scope: whether they explain a single
decision or the model’s behavior as a whole [375].

Local explanations provide insights into an individual prediction for a specific
input instance. They answer the question, “Why did the model make this decision
for this input?” For example, a local explanation for a loan application denial
might highlight that the applicant’s income was the primary reason for the decision.
Feature-attribution methods paired with local approximations of the main model
are often used to demonstrate which features in the input have a strong influence on
the model’s prediction.

Global explanations aim to describe the overall behavior of the model across the
entire dataset or a large subset of it. They answer the question, “How does the model
make decisions for a given output class?” For example, a global explanation might
reveal that a model consistently gives high importance to the “age” feature across
all predictions in a specific class. Global insights can be derived from aggregating
many local explanations (e.g., SHAP’s summary plots) or using methods like partial
dependence plots. Model visualization [108] and decision rules [102, 8, 191] are
examples of explanations falling in this category.

3.2.3.3 Applicability: agnostic vs. specific

The applicability of an XAI method to different types of models is another element of
differentiation.

Model-agnostic methods are designed to be applied to any black-box model,
regardless of its internal architecture. This flexibility is a significant advantage, as
it decouples the choice of explanation technique from the choice of predictive model.
Agnostic methods typically work by observing the model’s input-output behavior,
for instance, by perturbing the input and observing the change in the prediction.
LIME and SHAP are canonical examples of model-agnostic techniques (see § 3.3). A
method that is model-agnostic is, by necessity, a post-hoc method, as it cannot be
tied to the model’s design phase.

Model-specific methods, in contrast, are tailored to a particular class of mod-
els. They leverage the specific architecture or properties of the model family to
generate explanations. For example, gradient-based methods like Grad-CAM [125]
are designed specifically for differentiable models like neural networks, as they rely
on accessing gradients and internal feature maps. While less flexible than model-
agnostic approaches, model-specific methods can, in theory, provide more faithful
explanations due to their direct access to the model’s inner workings [339]. This
category also includes various ante-hoc models [332, 208], where the explanation
mechanism is embedded into the model’s architecture itself, making them inherently
model-specific by design.
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3.2.3.4 Explanation modality

Finally, methods can be categorized by the form or modality of the explanation they
produce.

Feature Attribution and Saliency Maps assign an importance, relevance,
or attribution score to each input feature, indicating its contribution to the model’s
prediction. For tabular data, this often results in a bar chart of feature importance,
while for image data, it produces a saliency map (or heatmap) that highlights the
pixels or regions that most influenced a specific output class.

Contrastive Explanations (also known as “why-not” explanations) help users
understand what would need to change in the input to achieve a different, expected
outcome. They answer questions of the type, “Why did X happen rather than Y?”.

Counterfactual Explanations (or “what-if” explanations) allow users to model
hypothetical scenarios and observe how the model would react if one or more features
had different values. Such methods can interactively engage with the user’s curiosity
and partial understanding of the system, allowing them to create a mental model
through iterative testing. Both contrastive and counterfactual explanations are
highly intuitive for human users [184].

Concept-Based Explanations represent a newer class of methods that move
beyond low-level features to explain model decisions in terms of high-level, human-
understandable concepts [339]. Instead of identifying important pixels, for example,
such a method might report that a model’s classification of an image as a “zebra” is
sensitive to the presence of the concept “stripes”, where this concept is defined by a
set of representative example images.

Example-Based Explanations: These methods justify a prediction by retriev-
ing influential or archetypal examples from the training data. For instance, a local
explanation based on reasoning might state: “This input is classified as ‘Class A’
because it is most similar to these three examples of the same class from the train-
ing set.” This approach leverages analogical reasoning, a natural mode of human
cognition [339].

As a final note, depending on the specific field of application and context, further
categorization is possible. For example, it is common to classify XAI methods based
on the training artifacts used to derive explanations. Gradient-based methods
utilize gradients (derivatives of the loss function) as a measure of input relevance,
attention-based methods leverage attention weights in Transformers or recurrent
models, while perturbation-based methods alter different elements of the input
(features) to quantify which input changes correlate with variations in the output.

3.3 Notable Explanation Methods

This section provides an overview of influential and widely adopted explanation
methods and paradigms in the literature. While not intended to be an exhaustive
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review, the goal is to outline the motivations and principles behind the specific
paradigms and techniques relevant to my research.

3.3.1 Model-Agnostic Post-Hoc Methods

Model-agnostic methods are highly valued for their flexibility, as they can be applied
to any pre-trained black-box model. Their power lies in decoupling the explanation
from the model’s architecture, allowing practitioners to select the best-performing
model for a task and provide an explanation afterward.

3.3.1.1 Local Interpretable Model-agnostic Explanations (LIME)

Proposed by Ribeiro et al. [100], Local Interpretable Model-Agnostic Explanations
(LIME) was a pioneering method that popularized the concept of local surrogate
models. The core intuition behind LIME is that while a complex model may be
globally nonlinear, its decision boundary can be reasonably approximated by a
simple, easily interpretable model (e.g., a sparse linear model or a small Decision
Tree) in the local vicinity of a single prediction.

To generate an explanation for an instance x, LIME creates a new dataset by
generating perturbations of x (e.g., by zeroing out words, tokens, or superpixels). It
then utilizes the black-box model that needs to be explained (f) to get predictions
for these perturbed samples and store them as a new dataset. Finally, it trains an
interpretable model A (surrogate model) on this new dataset, weighting the samples
by their proximity to the original instance x. The learned model 4 can only well
approximate the original model f locally, guaranteeing local fidelity [479]. The
resulting interpretable model 4 is used to produce the local explanation.

Formally, the explanation model 2 minimizes the following objective function:

h(x) =argmin ZL(f,g,m,)+ Q(g) (3.3)
geG

where G is the class of interpretable models (e.g., linear models), f is the original
black-box model, and g is a surrogate model. The term Z(f,g,n,) is a measure
of local fidelity, quantifying how unfaithful g is in approximating f in the locality
defined by the proximity measure 7. The term Q(g) is a complexity penalty (e.g.,
encouraging sparsity in a linear model) to ensure the explanation is simple enough
for a human to understand.

For a linear surrogate model, a locally weighted squared loss is used as the
fidelity loss:

ZL(f,h,my) = Z m:(2) (f(2) = h(z"))? (3.4)
z,2'eZ

where Z is the set of perturbed samples, and 7, is a kernel that assigns higher
weight to samples closer to x, defined in terms of a task-specific distance function
(e.g., cosine distance for text, L2 distance for image).
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In the context of Rizzo et al. [402]’s framework, the evidence used by LIME
consists of the predictions from the original model on the set of perturbed samples Z.
The underlying interpretation is that the learned coefficients of the locally accurate
surrogate model A4 reflect the importance of each input feature for the prediction in
the locality of the examples in Z. Finally, this local explanation must be presented
to the user through an XUI, which may take the form of plots, charts, or heatmaps,
depending on the data type.

3.3.1.2 SHapley Additive exPlanations (SHAP)

While LIME provided an intuitive approach to local explanations, its results lacked
strong theoretical guarantees. In response, Lundberg and Lee [133] introduced SHap-
ley Additive exPlanations (SHAP), a unified framework for interpreting predictions
grounded in cooperative game theory. SHAP assigns each feature an importance
value based on Shapley values, which provide a unique and fair distribution of a
model’s prediction (“payout”) among the input features (“players”).

SHAP connects LIME with Shapley values by identifying a new class of additive
feature attribution methods. An explanation model in this class is a linear func-
tion of binary variables representing whether a feature is present or absent in a
coalition (i.e., a subset of features, like super-pixels, sets of tabular features, etc.).
SHAP values are the only solution in this class that simultaneously satisfies three
desirable properties: local fidelity (the explanation model 2~ matches the original
model’s output for a specific input), missingness (missing features in a coalition have
zero importance), and consistency (a feature’s attribution should not decrease if its
marginal contribution to the model increases) [133].

Formally, the explanation model A is defined as a linear function of binary
variables:

M
h(z') = o + Z (ij} (3.5)
j=1

where z’ € {0,1} is a simplified binary vector representing which features are
present or absent in the coalition, M is the total number of features, ¢¢ is the base
value (the expected output of the model over a background dataset) and ¢; is the at-
tribution for feature j, known as the SHAP value. To satisfy the desirable properties
of the framework, SHAP values are defined by the theoretical Shapley values from
game theory. The Shapley value is a feature’s average marginal contribution across
all possible coalitions:

(12" - DM - 12')!
M!

di(f, )= [£e(2) = Ful2'\ )] (3.6)

zlcx!

where M is the set of all features, |2/| is the number of non-zero entries in coalition
vector 2/, x’ is the coalition vector for input x (all 1s), and f,(z'\ j) is the prediction of
the original model given only the feature present in coalition z’ when setting z} =0.
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As the exact computation of this formula is intractable for more than a few features,
SHAP introduces practical methods to estimate these values. For model-agnostic
explanations, KernelSHAP approximates the Shapley values by treating Eq (3.5)
as a weighted linear regression problem. It operates in four steps: (1) sample some
feature coalitions, (2) get the original model’s prediction for each coalition, (3) use the
SHAP kernel to assign a weight to each sampled coalition that prioritizes very small
and very large coalitions, and (4) solve the weighted linear regression to find the
optimal ¢; values (attribution). These estimated coefficients are the SHAP values,
which serve as an approximation of the true Shapley values.

SHAP differs from LIME primarily in its weighting mechanism. While LIME
weights perturbed samples based on their proximity to the original input, which is
a heuristic choice, Kernel SHAP gives the greatest importance to the smallest and
largest coalitions. Intuitively, small coalitions are most informative for understand-
ing a feature’s individual impact, while large coalitions are most informative for
understanding the impact of missing features. While KernelSHAP provides a model-
agnostic approximation, more efficient, model-specific algorithms also exist. One
of these is TreeSHAP, which can compute the exact Shapley values for tree-based
models in polynomial time [188].

Similar to LIME, SHAP operates on the assumption that the behavior of a
complex model f can be locally approximated by a simple, additive model 2. To
build this model, the evidence used by SHAP consists of the prediction of the original
model on the altered examples described by the coalition vectors z’. After optimizing
the surrogate model in Eq (3.5), the resulting SHAP values (¢;) are interpreted as
importance scores proportional to each feature’s contribution to the prediction f(x).

3.3.2 Gradient- and Activation-Based Methods

This family of model-specific techniques leverages the internal architecture of neural
networks, particularly their differentiability, to generate explanations. These meth-
ods are typically more computationally efficient than their model-agnostic counter-
parts [479].

The core idea behind gradient-based methods is to compute the derivative of
a target class score with respect to the input features. This process generates a
saliency map, which is the same size as the input and contains both positive and
negative values. These raw gradients (the evidence) are then interpreted as feature
importance for the prediction: each partial derivative indicates how a small change in
an input feature (e.g., a pixel intensity) would affect the target score. Large positive
values imply a positive contribution to the class score; large negative values imply a
negative contribution. While the underlying principle is similar, each method differs
in how it computes or processes these gradients to create the final explanation.
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3.3.2.1 Gradient-weighted Class Activation Mapping (Grad-CAM)

Grad-CAM, proposed by Selvaraju et al. [125], is a widely used technique for produ-
cing visual explanations for CNNs’ decisions. It generates a coarse localization map,
or heatmap, that highlights the regions of an input image that were important for a
specific classification. Grad-CAM achieves this without requiring any changes to the
CNN architecture, making it broadly applicable.

The method works by using the gradients of the score for target class ¢ (y°, which
can be any differentiable activation produced by the model) with respect to the
f(;ea}ture maps of the final convolutional layer (indicated as A*). These gradients, i.e.

y

A indicate the extent to which each neuron in that layer contributes to the class

score. The neuron importance weights, a;, for a given class ¢ and feature map A*
are computed by global average pooling [479]:

1 0y°
a; =— — 3.7
22Ty

where Afj is the activation at spatial location (i,j) of feature map % in the last
convolutional layer, and Z is the number of pixels in the feature map. Weight a; is
interpreted as the “importance” of feature map % for a target class c.

The final Grad-CAM heatmap, L, ., cay» 1S @ Weighted combination of the
feature maps (weighted on the gradients), followed by a Rectified Linear Unit (ReLU)

to isolate features with a positive influence on the class of interest:

L, .a.cay = ReLU (Z a,‘;Ak) (3.8)
k

The success of Grad-CAM has led to a family of derivative methods (such as
Grad-CAM++ [142]) and complementary techniques (like SmoothGrad [115]) that
aim to produce more detailed and faithful visualizations.

3.3.2.2 Integrated Gradients (IG)

Standard gradient-based attribution methods, which simply use the gradient of the
output with respect to the input, can suffer from issues like gradient saturation,
where the gradient becomes zero even for highly influential features. Integrated
Gradients (IG), introduced by Sundararajan et al. [118], is an axiomatic attribution
method designed to overcome this limitation.

IG attributes a model’s prediction to its input features by accumulating the
gradients along a straight-line path from a baseline input x’ (i.e., an input where
the model’s prediction is close to a neutral value, for example, O or the average
prediction) to the actual input x that we want to explain [434]. Formally, the
Integrated Gradients attribution for the i-th feature is defined as the path integral
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of the gradients:

da (3.9

1 I .
1G;(x) ::= (xi_x;)xf af(x +a(x—x"))
a=0 0x;

where f is the model’s output function and « interpolates along the path from
the baseline x’ to the input x. In practice, computing this integral is not always
feasible and must be approximated. Therefore, IG approximates the integral using a
Riemann sum, which involves summing the gradients at a finite number of discrete
steps along the path from the baseline x’ to the input x.

A key advantage of IG is that it satisfies the completeness axiom, which states
that the sum of the attributions across all features is equal to f(x)— f(x). This
ensures that the full change in prediction is distributed among the features [118].

3.3.2.3 Layer-wise Relevance Propagation (LRP)

Layer-Wise Relevance Propagation (LRP) is another technique for explaining the
predictions of neural networks [85]. It operates by propagating the model’s output
score backward through the network, layer by layer, until it reaches the input
features. At each layer, the relevance is redistributed from higher-level neurons to
lower-level neurons based on their contribution to the activation of the higher-level
neurons.

The core of LRP is a set of local propagation rules that adhere to a relevance
conservation principle. This principle ensures that the total amount of relevance
is preserved at each step of the backward pass, such that the sum of the relevance
scores at the input layer equals the model’s original output score [140]. Let j and &
be indices for neurons of two successive layers. Let R} be the relevance of neuron %
for the prediction f(x). We define R;._; as the share of R}, that is redistributed to
neuron j in the lower layer. The conservation property can be expressed as:

Z’Rj(_k =R, (3.10)
J

Under certain conditions, LRP can be interpreted as a deep Taylor decomposition,
which gives the following basic propagation rule:
Zin
Rj= R (3.11)
IShT o

where R is the relevance of a lower-layer neuron j, Ry, is the relevance of a higher-
layer neuron k, and z;, quantifies the contribution of neuron j to the activation
of neuron k (e.g., zj; = a;wj; in a linear layer). Different propagation rules have
been developed to improve stability and handle different types of layers (e.g., nor-
malization or pooling layers), making LRP a versatile explanation method [140,
112].
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3.3.3 Semantic and Case-Based Explanations

Feature attribution methods, such as those described in the previous sections, typ-
ically produce pixel-wise or token-wise heatmaps. However, these methods have
inherent limitations. The importance of a single pixel, for instance, reveals little
about what that pixel represents or how it is combined with others in deeper layers
to form higher-level concepts. Furthermore, the expressiveness of such explana-
tions is limited to the vocabulary of the raw input features, which is inadequate for
unambiguously conveying such higher-level concepts [479, 339].

Recognizing the “semantic gap” between the low-level features used to con-
struct explanations and the high-level reasoning employed by humans, concept- and
prototype-based methods have been proposed. These techniques aim to provide
explanations in terms of human-understandable concepts or illustrative examples,
thereby aligning more closely with how humans explain their own decisions [184,
479].

3.3.3.1 Testing with Concept Activation Vectors (TCAV)

The Testing with Concept Activation Vectors (TCAV) method, developed by Kim et al.
[151], provides a way to quantify the importance of a high-level, user-defined concept
for a model’s prediction. For example, instead of asking which pixels are important
for classifying the subject of an image as a “zebra”, TCAV answers the question:
“How important is the concept of ‘stripes’ for the ‘zebra’ classification?” [479].

TCAV works by first defining a concept with a set of user-provided examples (e.g.,
images containing stripes as representative of the “stripes” concept). The second
step is learning a Concept Activation Vector (CAV), vlC, which is a vector oriented in
the direction of the concept C’s examples in a target layer [’s activation space. This
is achieved by training a linear classifier to separate the target layer activations of
the concept examples from the activations of random examples; the vector normal to
the separating hyperplane is the CAV.

The importance of the concept C for a class & is then measured by its conceptual
sensitivity, which is the directional derivative of the class logit in the direction of
the CAV. Intuitively, this measures how sensitive the model’s prediction is to the
presence of the concept C in layer I’s activation space [151]. For an input x, this is:

Scpi(x) = VA p(fi(x) v (3.12)

where f;(x) is the activation vector at layer [ and A, is the function mapping the
activation of layer [ to the logit for class k.

TCAV treats the conceptual sensitivity scores from many examples as global
evidence that is interpreted into a global explanation. The intuition is that since the
gradient Vh; ;(f;(x)) points in the direction that most rapidly increases the logit for
class k, a positive sensitivity score Sc¢ 1 ;(x) > 0 means the concept’s direction aligns
with the direction that favors the class (the angle is less than 90°). Based on this
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premise, a positive sensitivity score is interpreted as evidence that the concept C
encourages the model to classify an input as class k2. Finally, to produce a global
explanation, TCAV simply calculates the fraction of examples in a class for which
the concept has this positive influence:

I{x EXk :Sc’k,l(x) > 0}|
| Xkl

TCAVg,,, = (3.13)

As TCAV requires user-selected examples, validation of the learned concepts
is necessary to ensure the model has learned significant concepts that are aligned
with human expectations. The authors propose various strategies for this. One is
statistical significance testing, where multiple CAVs are trained using different sets
of random examples while the concept examples remain fixed. A meaningful concept
should yield consistent TCAV scores across these runs, which can be validated with
a two-sided t-test against scores from a random concept. Other proposed validation
strategies include manually inspecting images sorted by their affinity with the
concept or producing artificial inputs that maximize CAV activation (an approach
called “empirical deepdream”). Both of these approaches allow for visual inspection
and can be used to identify spurious or misaligned CAVs.

TCAV represents a significant step toward more human-centric global explan-
ations by allowing domain experts to test hypotheses about their models using
concepts they understand and feel relevant. Despite its advantages, TCAV has sev-
eral practical limitations [479]. First, it requires significant manual effort to curate
a clean dataset of examples for each concept being tested. Second, its effectiveness
is often limited in shallower networks, as the concepts learned in early layers tend
to be less separable in the activation space. Finally, and most critically, verifying
abstract concepts remains a challenge. For instance, it is difficult to ensure a deep
neural network has truly learned abstract concepts like “sadness”, as it may have
simply identified a correlated one like “crying” or “funeral”. This raises the difficult
question of whether the model has generalized to the intended concept or is merely
exploiting a spurious correlation.

3.3.3.2 Prototype-based reasoning

Another approach that mimics human reasoning is example-based or prototype-
based explanation [52]. These methods justify a model’s prediction by identifying the
most similar or archetypal examples from the training data. One key difference from
the previous set of concept-based models is that prototypes are typically learned
automatically, making them suitable for applications where users do not have prior
knowledge [300, 143]. For instance, a medical diagnosis system might explain
its prediction of a malignant tumor by displaying learned archetypal patches of
malignant tumors from its training set. This approach is intuitive because it relies
on analogical reasoning (comparing a new case to representative “anchors”). While
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many of these methods are intrinsic (ante-hoc), with the explanation emerging
directly from the model’s architecture, post-hoc versions also exist [439].

An example of an intrinsic, or ante-hoc, prototype-based model is the Prototypical
Part Network (ProtoPNet) [208]. ProtoPNets are designed to make predictions by
first identifying prototypical parts of an object in an image and then combining
evidence from these prototypes to make a final classification. The architecture
consists of three main components:

¢ Convolutional Backbone: a standard CNN (e.g., VGG or ResNet), with its
final classification layer removed, acts as a feature extractor, mapping the
input image into a lower-dimensional latent space.

* Prototype Layer: models prototypes, with each prototype represented as
a vector in the same latent space as the features extracted by the backbone.
During training, the layer learns a fixed number of prototypes for each class.
To make a prediction, it computes a similarity score between each prototype
and patches of the convolved image, generating a similarity map for each
prototype. This feature map is then max-pooled to produce a single similarity
score for each prototype, which is interpreted as a measure of how strongly a
prototypical part is present in any patch of the input image.

¢ Fully Connected Layer: computes a weighted sum of the similarity scores
produced by the prototype layer to generate the final class logits. After training,
the weights in this layer can be interpreted as the extent to which a specific
prototype contributes to a given class (global explanation).

The end-to-end training process allows the network to learn prototypes that are
assumed to represent meaningful visual concepts. The resulting similarity scores
for these prototypes are then used as input features for the final fully-connected
layer. The model is also regularized to encourage the prototypes to be distinct from
one another. The explanation for a prediction consists of the visually-grounded
prototypes that were most activated, along with their similarity scores and locations
in the input image. In the context of the XAl framework previously described,
the evidence for an explanation is the set of similarity scores between the input
image and the learned prototypes. The interpretation is embedded in the model’s
architecture: a high score means a specific prototypical part is present, and the
weights of the final layer determine how the presence of each part contributes to the
final classification. This is what makes the model’s reasoning process transparent
and more aligned with human analogical reasoning.

While ProtoPNet is an interpretable model that must be trained from scratch,
other methods have been developed to bring prototype-based reasoning to existing
black-box models in a post-hoc fashion. One such method is the Explanation Neural
Network (XNN) [300]. XNN is a post-hoc explanation module that can be attached
to an intermediate layer of a pre-trained deep network. It works by learning a
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non-linear embedding of the high-dimensional activation vectors from the original
network into a much lower-dimensional, more interpretable “explanation space”.
The reduced dimensionality of this space enables the extraction of a few high-
level prototypes that can be visualized and understood by humans. Finally, the
visualization of the learned explanation space can be achieved with various post-hoc
techniques like Grad-CAM.

However, a limitation of prototype-based methods is the potential ambiguity of
the similarity itself. When a model explains its decision by showing that an input is
“similar” to a prototype, it doesn’t specify on what basis this similarity was calculated.
The high-dimensional vector distance may not align with human-perceived similarity
(e.g., pattern, color, shape). This can lead to explanations that are convincing yet
incomplete, as the user is left to infer the reason for the similarity, which may not
faithfully reflect the full complexity of the model’s logic.

3.3.4 Generative Explanations

A newer trend in XAI seeks to have models learn to generate natural language
explanations, or rationales, that justify their decisions. This approach aims to bridge
the semantic gap between low-level explanatory evidence (like feature attributions)
and a high-level explanation, moving from heatmaps and concepts to fully formed,
human-readable narratives. Natural language explanations are often more intuitive
and immediately useful, as they can mirror the high-level concepts and causal
language that humans use in their own reasoning [432].

Rationale generation methods are typically either extractive, selecting verbatim
subsets of the input as evidence [104], or abstractive, generating free-form nat-
ural language to explain a decision. While abstractive rationales offer greater
expressiveness, this flexibility makes them more susceptible to producing convin-
cing explanations that are not directly grounded in the input and the model’s true
reasoning process.

3.3.4.1 Pipeline models: explain-then-predict

Pipeline methods decouple the process of explanation from prediction. These ap-
proaches, often called explain-then-predict systems, first train a component to pro-
duce a rationale and then train a second, separate component to make a prediction
based solely on that rationale. This architectural constraint is designed to ensure
that the prediction is grounded in the provided explanation.

One work in this category is the extractive rationalization model by Lei et al.
[104], which introduced a two-component architecture: a generator and an encoder.
The generator acts as a selection mechanism, identifying a concise subset of the
input text (the rationale). The encoder then makes a prediction using only this
selected text. The components are trained jointly with objectives that encourage
the generator to select short, coherent text spans that are sufficient for the encoder
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to make an accurate prediction. By highlighting the exact text used as evidence,
this method provides a grounded explanation. The architectural constraint that the
predictor only receives the rationale as input is designed to improve faithfulness and
demonstrates sufficiency (i.e., that the rationale alone is sufficient for the prediction).

While powerful, the extractive approach is limited to selecting existing text.
Other pipeline models focus on generating more flexible, abstractive rationales.
For example, recent work in the context of LLMs has explored hybrid pipelines to
improve faithfulness. Turpin et al. [419] propose a multi-stage approach where a
LLM uses CoT prompting to generate a symbolic, step-by-step reasoning plan. This
plan is then passed to an external, deterministic solver to compute the final answer.
This method represents a promising direction for LLM-augmented problem solving.
It enhances transparency by making the reasoning process explicit and verifiable by
an external tool, even though the initial generation of that reasoning by the LLM
remains an opaque step.

3.3.4.2 Self-rationalization: jointly predicting and explaining

In contrast to pipeline models, the self-rationalizing paradigm uses a single, unified
model trained to output both a task prediction and its rationale simultaneously. The
explanation and prediction are generated together in an end-to-end fashion, often
using a multi-task learning setup.

A typical architecture for this paradigm features a shared model body with two
distinct output “heads”: one that performs the primary task (e.g., classification) and
another that generates the supporting text [364, 318, 148]. For instance, Rajagopal
et al. [318] proposed a multi-task architecture built on a Transformer encoder, jointly
trained to both predict and explain. The resulting explanation consists of outputs
from a local module that estimates feature importance and a global explainer that
identifies relevant concepts. In the domain of visual question answering, Park
et al. [148] employed a multi-task architecture that learns an attention map to
identify relevant image regions; these features, in turn, guide an LSTM decoder
in generating a textual rationale conditioned on the image, question, and answer.
The recent development of LLMs has also popularized a form of self-rationalization
through ICL. Prompting techniques like CoT encourage LLMs to generate a step-by-
step reasoning trace before giving a final answer, effectively producing a rationale
for their prediction [389, 425].

The premise of the self-rationalizing paradigm is that by constraining a model
to generate a prediction and an explanation simultaneously, the rationale will be
faithful to its actual reasoning. However, the validity of this assumption has been
challenged. Research has shown that these models can still produce plausible-
sounding rationales that are unfaithful to the features that actually drove the
prediction. At the very least, it has proven difficult to establish a clear correlation

between the generated rationales and the model’s decision-making process [259, 419,
403].
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3.4 Evaluating Explainability

Evaluating the quality of an explanation is a complex, multidimensional problem
with no single solution. While the research community has developed a range of
metrics to assess the intrinsic properties of explanations (such as faithfulness and
stability), it has made far less progress on systematically evaluating their utility
from an end-user perspective [467, 257, 479].

While intrinsic properties are essential, the ultimate efficacy of an explanation
is tied to its reception by a human user. We support the opinion that explanations
should not be optimized solely for subjective criteria, as this can encourage models
to generate convincing yet unfaithful justifications [414, 467]. Nevertheless, since
the goal of an explanation is to be understood, the end-user perspective must be
considered in the evaluation process.

The quality of an explanation is typically judged by several orthogonal criteria,
each with its own evaluation metrics. Doshi-Velez and Kim [167] distinguish levels at
which explanation methods can be tested: application-level testing (experiments in
specific settings with real end-users), human-level testing (experiments with human
participants outside their applied contexts), and function-level testing, where users
are not required (for example, computational “intrinsic” properties of explanations
are measured). While functional criteria do not depend on human opinions, human-
and application-level testing focus on human-centered evaluation, assessing the
practical usefulness of explanations for end-users. This section outlines the most
common criteria discussed in the literature.

3.4.1 Functional Criteria

Faithfulness Faithfulness, also referred to as fidelity, measures how accurately
an explanation reflects the model’s internal reasoning process [479, 258]. It is often
considered the most critical technical property of an explanation, as it concerns the
truthfulness of the explanation with respect to the model being explained. Since
direct measurement is impossible for black-box models, faithfulness is typically
assessed using quantitative proxy metrics.

The most common approach involves perturbation tests, which measure the
impact of altering important features on the model’s output [199, 112, 119]. Specific-
ally, deletion tests systematically remove the features an explanation identifies as
most important and observe the effect on the model’s prediction. A sharp drop in
prediction confidence indicates that the explanation correctly identified influential
features. Conversely, insertion tests progressively add the most important features to
a baseline input (e.g., a blurred image or zero vector). A sharp increase in prediction
confidence suggests the explanation has identified features sufficient to support the
prediction.

To formalize these tests, benchmarks such as ERASER [256] define metrics like
comprehensiveness and sufficiency. Given a model’s confidence p.() for the predicted
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class of an input x, and x.,¢, as the top-£% most important features, comprehensive-
ness measures the drop in confidence when these features are removed:

1
COMP = — > (pe()(®) = Pe(o)(x \ %)) (3.14)
|B| keB

Sufficiency measures how much of the original confidence is retained when only the
top-k% features are kept:

1
SUFF = — Y (pe()(®) = Peo)(®:£%)) (3.15)

|B| keB

A more faithful explanation method is expected to achieve higher comprehensiveness
and lower sufficiency scores. These metrics have become a standard approach for
assessing faithfulness in recent literature [353, 410].

Stability Stability, often discussed in terms of its inverse, sensitivity [175], meas-
ures whether an explanation method produces similar explanations for similar
inputs on a fixed model. An ideal explanation should be stable (i.e., have low sensitiv-
ity), meaning it does not change significantly in response to minor input alterations
that do not change the model’s prediction.

However, many explanation methods have been shown to fail this criterion. Kin-
dermans et al. [222] demonstrated that some feature importance methods, including
IG and LRP, are sensitive to simple, constant shifts in the input, even though such
shifts do not affect the output of many models. Furthermore, a significant body of
work has shown that small, adversarially optimized perturbations can be crafted
to arbitrarily alter an explanation while leaving the model’s prediction unchanged
[212, 195, 209, 255, 166]. A lack of stability can result from high variance in the
explanation method itself, or from non-deterministic components such as the data
sampling step used by local surrogate methods like LIME. Low stability undermines
user trust, as the resulting explanations can appear feeble, noisy, or arbitrary.

Consistency Consistency evaluates whether two models with similar predictive
behavior also produce similar explanations for the same input. While stability
assesses one model’s explanations for similar inputs, consistency assesses different
models’ explanations for the same input. The underlying assumption is that if
two models have learned a similar function, their reasoning process and their
explanations should also be similar. In practice, however, two models with identical
performance can yield divergent explanations, partly due to the variance of certain
explanation methods [175, 398].

Simulatability Simulatability was originally introduced as a human-centric cri-
terion to measure an explanation’s utility by testing if a user could “simulate” a
model’s behavior in forward (given the input and explanation) or counterfactual
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scenarios (predicting the model’s output on a perturbed input) [257]. However, this
concept has since been adapted into an automated proxy task to measure the quality
of explanations, especially free-text rationales, without human involvement [319].
In this setup, the usefulness of a rationale is quantified by how much it improves
the performance of a second “simulator” model that uses both the original input and
the rationale, compared to a baseline model that does not see the rationale. A higher
performance gain indicates a more useful explanation, assuming the rationale does
not inadvertently leak the target label [257].

3.4.2 Human-Centric Criteria

Unlike function-level criteria that measure intrinsic properties, human-level evalu-
ation assesses how effective, useful, and satisfying an explanation is for an end-user.

Plausibility Distinct from faithfulness, which is model-centric, plausibility is a
human-centric metric that measures how convincing or reasonable an explanation
appears to a human user [258, 458]. It assesses the alignment between a machine-
generated explanation and a human’s prior knowledge or intuition about the task.
For example, an explanation for a bird classifier that highlights the bird’s beak would
likely be considered more plausible than one that highlights a random part of the
image background, regardless of its faithfulness.

Plausibility is a qualitative property and is almost exclusively evaluated through
human-grounded studies. Common evaluation strategies include [438]:

¢ User studies: Participants are shown explanations and asked to rate them
on Likert scales according to criteria like understandability and perceived
accuracy. Alternatively, users are presented with explanations from multiple
XAI methods for the same prediction and asked to select the “most reasonable”
one [304].

¢ Comparison to Human Rationales: In tasks where human-annotated
ground-truth explanations exist (e.g., salient text spans or image regions),
plausibility can be quantified by measuring the overlap or agreement between
the machine explanation and the human rationale [467].

However, a growing consensus in the literature urges that plausibility be treated
with caution [416, 165, 234], or even avoided as a primary objective [467]. Optimizing
for plausibility can lead to unfaithful yet convincing explanations that exploit human
biases rather than revealing the model’s true logic, thereby creating a false sense of
trust [402, 258].

Understandability Understandability, also called comprehensibility, measures
the degree to which a user can comprehend the information presented by an explan-
ation. Unlike plausibility, which relates to a user’s expectations, understandability
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is concerned solely with the cognitive ease of processing the explanation itself [402].
Although difficult to measure directly, it is often assessed using proxies. For in-
stance, an explanation’s complexity, such as the number of features it highlights,
can indicate its cognitive load. Similarly, explanations based on a model’s original
inputs can be more understandable than those using heavily transformed features.
A user’s ability to predict a model’s behavior after seeing its explanation (i.e., user
simulatability) can also serve as a proxy for their comprehension [479, 175].

Usability Usability is a broad, task-dependent criterion that evaluates how ef-
fectively an explanation helps a user achieve a specific goal, measuring its practical
value in a given context. This criterion is not consistently defined, but typically
encompasses several desirable properties, such as actionability (i.e., the degree to
which it provides insights a user can act upon, for instance, to debug or correct the
model) and the ability to convey the model’s certainty in its predictions [175, 479].
Furthermore, usability is strongly linked to interactivity. Users tend to place more
trust in systems that provide information to help them accomplish tasks with greater
confidence, and an interactive explanation is often more usable than a static one
[156]. The ability to probe the XUI, test hypotheses, or explore counterfactuals is
therefore another aspect of a usable system.

Finally, it is important to note that much of the terminology for the user-centered
criteria is not yet standardized in the XAI community, and terms are often used with
different meanings in different contexts [438].

3.5 Challenges and Future Directions

Despite significant advancements, the field of XAl faces several fundamental chal-
lenges that question the reliability and adequacy of current paradigms. This section
outlines the most significant of these issues.

3.5.1 Unreliability of Explanations

As partly discussed in earlier sections, a primary challenge is ensuring that an
explanation is faithful to the model’s internal reasoning process. A significant body of
evidence suggests that popular explanation methods can be plausible yet unfaithful.
Feature attribution methods, for example, have been shown to be surprisingly
fragile; studies have demonstrated that explanations from LIME and SHAP can
be manipulated by adversarial attacks without changing the model’s prediction
[235]. Similarly, gradient-based methods have been shown to lack reliability. They
have failed “sanity checks” by producing seemingly reasonable explanations even for
models with randomized parameters [165], and their high sensitivity to reference
points and minor input transformations can lead to unstable explanations [222].
Furthermore, the non-linearity of deep models means that significant shifts in
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important features can sometimes result in a zero gradient, rendering them invisible
to these methods [387]. The use of attention weights as explanations has also
been criticized, with research finding that multiple attention distributions yield
suspiciously identical results and discovering a weak correlation between attention
scores and other feature importance measures [199, 193].

This faithfulness problem extends to self-rationalizing models. Recent work has
shown that the CoT rationales produced by LLMs can be misleading; they may offer
plausible but incorrect justifications for biased or stereotyped answers, and can even
be generated for deliberately flipped predictions [419, 364]. This creates a significant
risk of engendering false trust in systems whose true reasoning remains opaque.

3.5.2 The Complexity of Rigorous Evaluation

Another major challenge is the difficulty of rigorously evaluating and comparing
explanations, a problem exacerbated by the community’s tendency to prioritize
developing new explanation methods over procedures to validate existing ones [479,
449]. The root of this issue is the lack of a formal definition of what constitutes an
“explanation”. Different expectations and formulations lead to divergent evaluation
approaches, as exemplified by the “Attention is not Explanation” debate [193, 207].
This ambiguity has led to a proliferation of metrics, which in turn results in the
problem of disagreement across these metrics: different automated metrics for
properties like faithfulness often conflict, yielding inconsistent conclusions [407,
423]. This suggests that the search for a universal “gold standard” metric is futile.
Since “explanation” is a user-centric concept without a formal definition and a
univocal ground truth, a one-size-fits-all evaluation is not feasible. Progress will
instead depend on developing robust, task-specific evaluations based on specific
desiderata, which need to include the end-user in the equation [414].

3.5.3 Explaining Generative LLMs

The transition from discriminative LMs (e.g., BERT [192]) to generative LLMs has
made explainability an even more ambitious goal. While traditional approaches often
focused on feature attribution in smaller, fine-tuned architectures, the emergent
properties of LLMs, such as ICL and reasoning, introduce new complexities.

On one side, the scale of generative AI models renders traditional techniques,
like gradient-based methods and SHAP [133], computationally intractable. Exact
Shapley value calculation, for instance, faces computational complexity exponential
in the number of features, which is prohibitive for the long context windows typical
of LLMs [444, 372]. Additionally, the high dimensionality of these models makes it
difficult to produce locally accurate surrogate models that are sufficiently simple to
be interpretable yet able to approximate the model’s behavior [456].

In light of these challenges, new explanation techniques tailored to the prompting
paradigm are emerging. Rationalizations and CoT explanations, for example, appear
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to offer transparency by verbalizing the model’s reasoning process. However, some
recent studies suggest that these explanations can be systematically unfaithful [419,
364]. For instance, when Turpin et al. [419] introduced biased text into the prompt to
steer the model’s prediction, models often yielded to the bias while generating a CoT
explanation that fabricates a plausible semantic justification, completely ignoring the
artificially introduced bias. Paradoxically, this unfaithfulness is aggravated by model
scale. Research indicates that larger, more capable models are more likely to produce
unfaithful CoT reasoning than smaller models, effectively generating convincing
rhetoric that misaligns with their internal decision-making processes [399]. These
explanations may be uninformative or contain hallucinated and factually incorrect
information, obscuring the true causal drivers of the prediction [474].

The explanations are further complicated by the models’ ICL capabilities, which
require distinguishing between reliance on semantic priors (knowledge acquired
during pre-training) and symbolic reasoning (learning arbitrary mappings from the
prompt). Research indicates a divergence based on model scale: smaller models
tend to rely heavily on pre-trained semantic priors, often failing tasks where prompt
demonstrations contradict these priors (e.g., flipped labels). In contrast, larger
models demonstrate an emergent ability to override semantic priors and follow
in-context input-label mappings, effectively performing a form of symbolic reasoning
unconstrained by prior knowledge [395].

Finally, proprietary and closed-source models exacerbate the “black box” prob-
lem. Since model weights are not disclosed, gradient-based XAI methods (such as
Grad-CAM or IG) are rendered inapplicable, while model-agnostic alternatives like
SHAP become too expensive due to the high volume of API queries required for
estimation. It also complicates uncertainty quantification, forcing researchers to
estimate confidence via prompts (i.e., asking the model to verbalize its certainty)
or sampling strategies. However, relying on verbalized confidence is complicated
by issues of calibration, hallucination, and sycophancy, defined as the tendency of
instruction-tuned models to generate answers that align with the user’s stated views
or misconceptions rather than objective facts [422]. These issues are aggravated
by the integration of LLMs into complex pipelines, such as RAG systems. In these
setups, the model’s output depends not only on its internal weights but also on the
provenance and quality of retrieved data, rendering the reasoning process even more
difficult to describe.

3.5.4 Future Directions

In response to the challenges of producing and evaluating explanations, the future of
XAl is being shaped by several paradigm shifts. A significant direction is a renewed
focus on ante-hoc systems, which are transparent by design [191, 8, 249]. In these
“white-box” models, the explanation follows from the system architecture, mitigating
the faithfulness problem that plagues post-hoc methods. While this approach may
involve a trade-off, sacrificing some predictive power by using simpler architectures
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compared to state-of-the-art black boxes, it offers a direct path toward building
trustworthy models that can be fully validated by humans.

Alongside this, there is a growing recognition of the user-centric nature of the
explanation process, leading to a focus on Human-in-the-Loop (HITL) systems [482].
Here, the focus moves from producing static outputs to enabling interactive dia-
logues, often facilitated by well-designed XUIs that enhance the usability of the
overall system [366, 156]. Designing these interfaces effectively requires an inter-
disciplinary approach; experts from multiple fields must collaborate to determine
what information is relevant for a specific audience, how it should be formalized,
and how it can be conveyed clearly through the XUI [414]. By treating explanation
as a collaborative and interdisciplinary process, the HITL paradigm aims for a
deeper cognitive alignment between the system and its users, enabling bidirectional
feedback loops that can ultimately improve the AI model itself.

Finally, a third direction seeks a pragmatic middle ground by designing hybrid
systems that combine opaque and transparent components. This approach strategic-
ally limits the role of black-box models in favor of more transparent components. For
instance, an opaque deep neural network can be used for complex feature extraction
(e.g., creating embeddings), while a simpler, transparent model (like a Decision Tree)
makes the final prediction using only those high-level features. The trade-off is
managed by shifting decision-making power from the opaque feature extractor to the
transparent predictor, which is then used to generate a faithful explanation. This
modular approach is particularly relevant for systems leveraging modern LLMs.
Since perfect transparency in such models is likely unattainable, recent frameworks
use them for tasks like knowledge extraction while integrating that information into
more verifiable pipelines [419, 431]. This focus on building transparent pipelines
from constrained, opaque parts is a highly promising path for deploying advanced
Al safely.
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This part presents my contributions to the development and application of novel
models and benchmarks for text classification (TC) in various settings. Chapter 4
describes a comprehensive benchmark of language models (LMs) across non-English
languages, created to evaluate their performance in less-resourced contexts. It ana-
lyzes the capabilities of popular LMs in classifying diverse textual content (such as
news articles and encyclopedia entries) in Italian and French, compared to English.
This foundational work, conducted at the start of my doctoral studies, helped to
identify challenges and establish baselines for TC, providing the necessary ground-
work for the subsequent research. Chapter 5 describes a system for automating the
classification of customer support tickets. This domain presents a unique challenge
for TC due to the noisy, jargon-rich text generated by users on highly technical topics.
Furthermore, as ticket categories are often organized hierarchically, this problem
serves as a practical instance of hierarchical text classification (HTC).
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Text Classification on Non-English
Languages

While deep learning (DL) has rapidly advanced TC, state-of-the-art approaches
have been developed for and benchmarked against English datasets, leaving other
languages to deal with inevitable linguistic challenges. Using Italian and French as
case studies, this chapter reviews the availability of annotated task-specific datasets
and presents practical and computational linguistic considerations concerning the
application of modern LMs to these languages. To substantiate our analysis, we
compile and compare inventories of datasets available for both languages at the time
of writing. Furthermore, to simulate a real-world scenario, we apply representative
TC methods to two new multilabel classification datasets in Italian, French, and
English, adapted from existing corpora containing hierarchically-organized data.
The chapter concludes by discussing results and future research directions from a
linguistically inclusive perspective.

4.1 Introduction

Modern natural language processing (NLP) methods rely on ingesting massive
amounts of text to effectively model a language, meaning the limited availability
of such corpora in many languages constitutes a serious obstacle. While multiple
recent works have reviewed TC from a generic perspective [350, 189, 306], they
remain mostly English-centered and often do not assess the linguistic challenges
involved when applying these methods to other languages.

To understand how language-specific resources influence the development of
machine learning algorithms, it is useful to discuss the resource categorization of
languages. In computational linguistics, languages are often classified as low-,
mid-, or high-resource. These resources include not only raw text data but also
linguistic tools, such as lemmatizers and part-of-speech (PoS) taggers, that are often
required for preprocessing. While no standard categorization exists, English and
Mandarin Chinese are widely considered to dominate the high-resource end of the
spectrum. Other languages often cited as high-resource include Arabic, French,
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German, Portuguese, and Spanish.

Despite the existence of multiple high-resource languages, the vast majority of
research implicitly focuses on English [202]. This reality highlights the need for
NLP models that can generalize to languages and data beyond their initial training
sets [45]. This goal is closely related to the concept of language independence [61], an
attribute of models designed to work comparably well across multiple languages (e.g.,
cross-lingual and multilingual models). In practice, applying TC procedures to non-
English languages can be challenging, either due to a lack of suitable benchmarks or
because the required linguistic tools are lacking or perform differently.

Throughout this chapter, we use Italian as our primary case study to investigate
these challenges. It is important to situate this work in its original context, as the
analysis and experiments in this chapter were conducted in 2022 and are largely
derived from my earlier publications on this subject [2, 1]. While the foundational
challenges discussed remain relevant, the data landscape for many languages has
evolved since that time, largely driven by initiatives related to the development of
generative LLMs.

4.1.1 Task and Approach

The primary objective of this chapter is to provide a quantitative and qualitative ana-
lysis of the challenges in developing classifiers for text in non-English languages. In
practice, these challenges come down to two core issues: the scarcity of high-quality
labeled data for a variety of classification tasks, and the performance disparities of
TC methods between languages.

Our approach involves three main steps. First, we compile and compare invent-
ories of publicly available datasets for Italian and French to measure the disparity
in resource availability. Second, we create two new datasets for topic labeling and
news classification in Italian, French, and English. Finally, we use these datasets to
conduct a benchmark study, applying a set of representative algorithms to quantitat-
ively measure and discuss the performance differences between English and the two
less-resourced languages.

4.1.2 Contributions

The contributions of this work can be summarized as follows:

* We discuss the issue of labeled data availability for 7 distinct and common TC
subtasks, substantiating our analysis by comparing dataset inventories across
three languages;

* We synthesize two new multilabel datasets: one from the RCV1/RCV2 collection
of Reuters articles and another, It/Fr/EnWiki-100, using Wikipedia articles
and their topics in the three respective languages;
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¢ We assess the practical applicability of TC methods by comparing the perform-
ance of 7 LMs, including both traditional and modern pre-trained paradigms,
on the tasks of news classification and topic labeling;

* We analyze the link between model performance and specific issues caused by
the availability of language resources and differences in model architectures
or pre-training.

The datasets and code used for the experimental part of this work are publicly
released (where legally permitted) for reproducibility’.

4.2 Availability of Annotated Data

The availability of annotated corpora is essential for NLP research. While the devel-
opment of deep LMs mainly leverages self-supervised strategies, labeled datasets are
required for supervised tasks like TC, a necessity that has been further emphasized
by the recent focus on LLMs. This section presents a survey of resources that were
available at the time of writing for two European languages: Italian, which we
regard as a mid-resource language, and French, a high-resource one. We compare
their offerings to the landscape of English NLP resources available at that time.

While a consistent number of written English annotated corpora is available and
heavily referenced in the literature, we find that the quantity of easily accessible
resources in the languages we considered is still lacking (especially in Italian),
limiting research on this theme. To clarify, this is a fundamentally different issue
from the one posed by low-resource languages, usually characterized by insufficient
unlabeled data to even be able to perform the self-supervised procedures that are
essential for pre-training LMs.

4.2.1 Overview

Text classification tasks We conduct a scientific literature search of annotated
textual corpora presented or employed in research contributions. Reflecting Li et al.
[350], we focus on the following common TC sub-domains:

* Sentiment analysis (SA): the task of understanding the emotional content
of a piece of text, usually mapping it to predefined categories representing
specific emotions. We include in this category the tasks of stance and polarity
detection, as well as the identification of rhetorical devices, like irony, or
linguistic properties, like subjectivity.

¢ Topic labeling (TL): the task of extracting the topic (or theme) of a document,
for example, an article. This task is often related to content recommendation,
as it can be used to map textual content to user interests.

Thttps://gitlab.com/distration/dsi-nlp-publib/-/tree/main/text-class-survey-22
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* News classification (NC): classification of news into specific categories, like
user interests or topics.

* Question answering (QA): extractive question answering can be framed as
a classification problem where the model, given a list of candidate sentences
extracted from text and a target question, must decide which sentence contains
the answer.

¢ Natural language inference (NLI): given a pair of statements, the task is
to determine if one is entailed by the other.

* Named entity recognition (NER): the task of locating and classifying named
entities mentioned in unstructured text into predefined categories.

¢ Syntactic parsing (SP): the task of predicting the morpho-syntactic proper-
ties of words in sentences, like part-of-speech (PoS) tagging, speech dependen-
cies, and semantic role labeling.

These tasks can be adapted to various domains, and numerous subtasks with dif-
ferent formulations are possible. They are commonly used as benchmarks in NLP
research, especially as part of multitask natural language evaluation initiatives, like
the General Language Understanding Evaluation (GLUE) benchmark [164].

Search criteria To balance search time and effectiveness, our search strategy is
composed of three steps:

1. Search for datasets on Google Dataset Search ?;

2. Search for publications on Google Scholar using keywords along the lines of
“Italian text corpus” and “Italian Text Classification”.
(a) The first two pages of results sorted for pertinence are explored;
(b) The same is repeated by filtering results based on their publication date,
by looking at contributions published from 2019 onwards;

3. Search on PapersWithCode ° for contributions using the same keywords.

For every publication, we explore all publicly referenced and accessible data sources.

4.2.2 Datasets in Other Languages

In this section, we present the results of our search, omitting corpora that are not
public or that are unavailable at the time of our search. We further filter out datasets
with fewer than a few thousand labeled samples, unless they are highly specialized
or heavily referenced.

2https ://datasetsearch.research.google.com
3https://paperswithcode.com/datasets
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4.2.2.1 Italian and French datasets

We list monolingual corpora for Italian and French in Tables 4.1 and 4.2. Table 4.3
describes multilingual classification corpora containing one or both of these lan-
guages, and possibly others. We mark with a single asterisk (*) datasets available
through a request for access. Additionally, we mark with (**) datasets that are not
distributed for free or require a specific affiliation. When defining tasks, we use the
abbreviations introduced in the previous section and otherwise use TC to indicate
a generic “text classification” task that does not fit any of the defined categories.
For the sake of comparison, we give an estimate of the dataset size, based on the
published documentation. Size can be expressed as the number of labeled sentences
(“S”), tokens or words (“T”), or documents (“D”) available in the corpus, and is com-
prehensive of all training, test, and evaluation splits. For multilingual datasets in
Table 4.3, it refers to the number of samples in Italian and French (or, when similarly
sized, an average of the two).

Table 4.1: Italian datasets.

Name Paper Task Size Unit
ABSITA [136] SA 10,000 S
SENTIPOLC [105] SA (irony, subjectivity) 9,400 D
ATE_ABSITA [283] SA, TL 4,300 D
AMI 2020 [280] SA (misogyny) 9,900 S
R-ITA [289] SA (stance) 1,000 D
ChroniclItaly [274,302] NER, SA 8,600 D
THSC [145] SA, SP 6,900 D
HaSpeeDe* [281] SA, SP 8,500/3,500 D
SQuAD-it [162] QA 61,000 D
Fact-Ita Bank* [106] NER, SP, NC 65,000 T
FLalT* [71] NER, SP 1,500 S
PAISA (76,721  SP 250,000,000 T
KIPoS* [233] SP 200,000 T
iLISTEN 2018 [137] SP 22,000 T
PoSTWITA [105] SP 6,700 D
TUT [28] SP 3,500 S
TE-EVALITA 2009 [54] NLI 800 D
GxG [138] TC (gender) 11,000 D
DaDoEval [291] TC (date) 2,800 D
AcCompl-It* [282] TC (acceptability, complexity) 1,680/2,530 S
ITAmoji* [176] TC (emoji prediction) 275,000 D

* Available through an access request.
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Table 4.2: French datasets.

Name Paper Task Size Unit
French Twitter SA! - SA 1,500,000 D
Allociné - SA 200,000 D
French Sexism Detec- [243] SA (sexism) 11,800 D
tion
Event2018* [247,244] SA (stance), TC (event) 15,000/137,000 S
CAS* [261] SP, SA (uncertainty, neg- 4,900 D
ation)
E-FRA [289] SA (stance) 2,000 D
FQuAD* [265] QA 26,000 D
PIAF [245] QA 3,800 D
Quaero Broadcast News - NER 1,500,000 T
XT%2
Quaero Old Press XT#*3 - NER 1,300,000 T
La Recherche*#4 - SP 447,000 T
FTB* [213] SP 644,000 T
ParisParl[241] - SP, TC (affiliation) 203,000,000 T
French Corpus MWE [46] SP 166,000 T
French FraCaS [242] NLI 346 D

Thttps://www.kaggle.com/datasets/hbaflast/french-twitter-sentiment-analysis
Zhttps://www.islrn.org/resources/074-668-446-920-0
3https://www.islrn.org/resources/864-217-681-552-4
4https://www.islrn.org/resources/798-363-116-656-4/

* Available through an access request.

** Require payment or specific affiliation.

4.2.2.2 English datasets

A comprehensive list of English TC datasets is provided by Li et al. [350]. To facilitate
comparison, we report in Table 4.4 some of the most popular English datasets, along
with their sizes and related tasks. Because of the large number of results, our
search here is limited to popular datasets used within PapersWithCode’s recent
contributions.

4.2.3 Findings

Many of the Italian datasets listed in Table 4.1 were created for the EVALITA
initiative, a periodical campaign organized by AILC for the evaluation of NLP and
speech tools for the Italian language. The most recurrent tasks proposed in this
initiative fall into the sentiment analysis and syntactic parsing domains. While most
datasets assembled by participants in this initiative are made openly available and
provide great value to the Italian NLP research, they are often small in comparison
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Table 4.3: Multilingual datasets (M=millions, B=billions).

Name Paper Languages Task Size Unit
Webis-CLS-10 [56] Fr, En, +2 SA 69,000 D
Amazon Re- [266] Fr, En, +4 SA 210,000 D
views ML
SemEval-2016  [99] Fr, En, +6 SA, TL (aspect) 2,400 S
Task 5
Reuters  Cor- [33] It, Fr, +11 NC 28,406/85,393 D
pus Volume 2
(RCV2)
MLSUM [269] Fr +4 NC 425,000 D
KB Europeana [82] Fr +3 NER - -
Newspapers
NER
WikiAnn [120] It, Fr, +280 NER 7.5M T
DAWT [111] It, Fr, En, +3 NER, EDL 1.5M D
WikiNER [67] It, Fr, En, +6 NER, SP 260,000 S
NewsReader [96] It, En, +2 NER, SP, NC 15,000 T
MEANTIME
Universal [971] It, Fr, En, +100 SP ~1M T
dependencies
XL-WiC [268] It, Fr, +1 SP 2,000/70,000 S
Aranea [81] It, Fr, +20 SP 120M/1.2B T
PANACEA [58] It, Fr, +2 SP - -
MKQA [329] It, Fr, En, +23 QA 10,000 D
CLEF QA Test - It, Fr, En, +7 QA 160,000 D
Suites**!
XLNI [161] Fr, En, +13 NLI 7,500 D

* Available through an access request.
** Require payment or specific affiliation.
Thttps://www.islrn.org/resources/394-993-527-034-7

to English datasets for the same task, and are always fewer in number. SemEval
is a similar international workshop for evaluating semantic analysis systems [314].
Multilingual datasets provided for the proposed tasks tend to be small, and although
access is provided, they are not easily accessible or usable outside the context of

these initiatives.

We hereby discuss the availability of task-specific datasets as compared to ana-
logous English counterparts (Table 4.4). One should note that some of the datasets
presented, especially in French, are made available through the ELRA-ELDA cata-
log®. This resource requires an ELRA membership plan and/or the payment of a fee

6Available at http://www.elra.info/en
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Table 4.4: English datasets.

Name Languages Task Size Unit Reference
20 Newsgroup En NC 18,800 D [23, 350]
Reuters En NC 10,700 D [18,350]
RS En NC 7,600 D [350]
R52 En NC 9,100 D [350]
RCV1 En NC 804,000 D [33]
AG News En NC 127,600 D [38]
TREC-6 En QA 5,500 D [160]
SQuAD 2.0 En QA 150,000 D [155]
Yahoo!Answers En QA 1,460,000 D [91]
Yelp-2/ Yelp-5% En SA 8,600,000 D -
Amazon-5 En SA 3,650,000 D [350]
Amazon-2 En SA 4,000,000 D [350]
IMDb En SA 50,000 D [59]
DBpedia® En +124 TL 630,000 D [350]
MultiNLI En NLI 433,000 D [147]
CoNLL-2003 En +1 NER 301,000 T [32]

in order to be accessed.

Syntactic parsing Corpora for syntactic parsing (SP), like PoS-tagging and lem-
matization, are well-resourced in both languages reviewed in this chapter and are
featured in several multilingual treebanks (like Universal Dependencies [97] and
Panacea [58]). Furthermore, the PAISA corpus stands out as a large monolingual
dataset in Italian for these tasks.

News classification On the other hand, we noticed a lack of news classification
(NC) datasets in Italian and French. The only notable exceptions are the MLSUM
and RCV2 datasets. The MLSUM multilingual dataset contains news extracts
labeled with their summaries and topics, and it is available in French but not Italian.
On the other hand, the Reuters RCV2 dataset for multilingual news classification
contains both Italian and French sub-corpora. This dataset can only be obtained by
sending an access request and signing an organizational agreement.

Topic labeling Likewise, topic labeling (TL) datasets are also scarce in Italian
and French. Wikipedia dumps and DBpedia represent a remarkable source of
crowdsourced semi-structured data that can be employed for topic labeling and TC
in general, and are available in hundreds of languages. However, labels must first
be extracted and merged following some criteria that have not been standardized.
Though these corpora have already seen use in the literature [121, 1501, there is no
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consistent set of annotations to be used as a reference. While categories assigned to
Wikipedia pages by contributors are often used as predictive targets, these frequently
contain spurious or improper information that can be treated in many different ways,
or should arguably be removed entirely.

Sentiment analysis Multiple sentiment analysis (SA) datasets are available in
Italian and French — often targeting user-generated content — for the detection of
polarity, political stance, or specific rhetorical devices (like irony). More than 1/3
of the Italian datasets are scraped from social or e-commerce platforms, especially
Twitter.

Question answering There is at least one large question answering (QA) dataset
for both Italian and French, as well as several multilingual ones that contain both
languages. For this task, the size of these datasets is comparable to the main English
QA datasets.

Named entity recognition Similarly, there are multiple large multilingual cor-
pora for named entity recognition (NER) tasks, at least for the most classic for-
mulation of this task aimed at recognizing “person”, “location”, and “organization”
entities.

Semantic entailment We found two semantic entailment (NLI) datasets con-
taining the Italian and French languages, the largest containing 1,000 and 7,500
samples, respectively. By comparison, one of the most popular English NLI datasets
(MultiNLI) is more than 50 times the size of the French one mentioned.

4.2.4 Cross-Lingual Benchmarks

Multitask evaluation benchmarks like GLUE, SUPERGLUE (for English), and FLUE
(for French) are increasingly popular tools to evaluate models across a wide variety
of NLP tasks. This incentivizes the development of models that share knowledge
across different tasks and gain sufficient language understanding to generalize to
a wide range of applications. Notably, the recent publication of the XTREME and
XGLUE benchmarks introduced support for multilingual and cross-lingual cross-
task evaluation. Still, for some tasks, not all languages are available. For example,
among the classification tasks we are interested in, XGLUE supports only PoS-
tagging (included in our SP category) and web page ranking in the Italian language.
Additionally, they do not provide training data in every language, and, for some
tasks, data is extracted from other multilingual datasets (namely XINLI, Universal
Dependencies, and WikiAnn). Table 4.5 summarizes popular language-specific and
cross-lingual benchmarks.



76 4. Text Classification on Non-English Languages

The goal of these initiatives is not to provide more monolingual data for languages
with fewer resources, but rather to encourage the evaluation of cross-lingual models
capable of transferring knowledge across different languages, even those with little
or no training data. Their contribution is important in that it provides a standardized
evaluation environment for DL models that could alleviate the common low-resource
issue [267].

Table 4.5: Linguistic benchmarks.

Benchmark Paper Languages Tasks Cross-Lingual
GLUE [164] En QA, SA, TL, NC

SUPERGLUE [210] En TC, NLI, QA

FLUE [246] Fr TC, SP, NLI, PAR*

XTREME [253] It, Fr, En, +37 NER, SP, NC, QA v
XGLUE [267] It, Fr, En, +8 NER, SP, NC, QA v

* Paraphrasing.

4.3 Applicability Evaluation

We have previously mentioned the rising computational costs of developing state-of-
the-art NLP solutions. In this section, we simulate a practical case by synthesizing
two custom multilabel classification datasets. In our research, we have found
that multilabel TC in the Italian language (and, to some degree, in French) is
understudied, in contrast to binary and multiclass TC. In a similar vein to Tamburini
[301], our study is aimed at gauging how easily and how well these methods can
apply to new tasks and datasets with a constrained amount of resources (i.e., only
fine-tuning).

4.3.1 Data

We use one monolingual dataset per language for each studied task. We decided
to tackle the multilabel classification task, as it was more interesting for our re-
search work and, to some extent, is less documented in the literature. An empirical
evaluation of the labels in our TL dataset finds that the categorizations utilized are
overlapping and cannot be easily decomposed into binary sub-classification tasks
(e.g., “sports” vs “winter sports”) [30]. A similar consideration can be made of the
selected NC dataset, which was multilabel by construction.

We chose to synthesize these datasets mainly because of the scarcity of other
options in Italian. In the first case, we found that synthesizing a TL dataset from
Wikipedia was the only way of obtaining a reasonably large, general-domain, an-
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notated corpus in Italian. Similarly, the RCV2 dataset was chosen for the NC task
because no other public collection of annotated news articles was available in Italian.

4.3.1.1 Topic labeling

We synthesized a dataset for the TL task using Wikipedia dumps in all three lan-
guages. For each dump, articles and related topics are extracted using a modified
version of the popular WikiExtractor tool”. After an exploration of the data, we
concluded that Wikipedia categories are ill-suited for a TL task since they are often
too specific and hardly provide a good topic indication. Therefore, we decided to use
a different approach and annotate extracted articles with the Wikipedia portals® to
which they are assigned.

At the time of writing, there are roughly 500 portals within the English version
of Wikipedia, while there are more than 500,000 categories. Wikipedia itself states
that portals serve as entry points for articles that belong to the same broad subject,
thus making them better targets for our task. Our final datasets contain only the
100 most populous portals, and article frequency has been limited to a maximum
of 50,000 articles per label. This was done both to contain the dataset size and to
reduce class imbalance.

4.3.1.2 News classification

For the NC task, we utilized the Italian and French subsets of articles in the
Reuters multilingual collection (RCV2), as well as the English monolingual collection
contained in RCV1. The English Reuters collection has been, for a long time, one of
the staple TC corpora utilized for experimental purposes [30, 55], though RCV2, its
multilingual version, has not seen as much attention. The articles are not “parallel”,
in the sense that they do not contain the same content in different languages, but
are different articles altogether.

The RCV1/2 articles are labeled with a variety of tags that describe their content
at varying degrees of specificity. The most consistent and interesting tags across
languages were topic codes; within such codes, subjects are ordered hierarchically.
However, articles are often tagged inconsistently — the depth of hierarchy within
tags ranges between two and four levels, and documents are sometimes only partially
tagged. For this reason, we decided to retain topics at the second level of specificity;
each article is tagged with all second-level topic codes it contains and stripped of any
others. Only topics that had at least 500 representatives were included in the final
datasets. Articles are deprived of all topics excluded in this way, and the article is
discarded if it contains no topics after this process.

"https://github.com/attardi/wikiextractor
8https://en.wikipedia.org/wiki/Wikipedia:Portal
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4.3.1.3 Analysis of datasets

Final statistics of the described datasets are reported in Table 4.6. The main differ-
ence between the TL and NC datasets is the length of the articles; an average over
the number of tokens per document reveals that Reuters articles are comparatively
much shorter than extracted Wikipedia articles. Indeed, Wikipedia articles are
usually much more descriptive, while Reuters articles are presented in a very concise
and to-the-point format. As the LMs we worked with allow for a maximum of 512
tokens as input, we can expect a truncation to be much more frequent in the case of
Wikipedia articles. The information loss should, however, not be dramatic, as most
discriminative information is usually found at the beginning, where the article is
introduced.

Figures 4.1 and 4.2 depict the distribution of the number of topics per article
for the ItWiki-100 and RCV2it datasets, respectively. Unsurprisingly, most articles
have few labels (between one and three), with a large amount having only one label.
The larger Wiki datasets have a longer tail-shaped distribution, with a few outliers
having a large number of labels, but that overall makes up a small part of the
datasets (for instance, articles with four or more labels make up less than 1.4% of
the ItWiki-100 dataset).

All datasets follow a similar distribution of topics, with many well-represented
classes and a lower bracket of comparatively under-represented classes. We point
out that class imbalance was much more severe in the raw data we processed, with a
much smaller number of dominant classes and a much larger number of topics with
next to no representation. As a result, the dataset remains unbalanced but makes for
a realistic evaluation case, containing both prevalent and underrepresented topics.
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Figure 4.1: Distribution of the number of labels in ItWiki-100.
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Figure 4.2: Distribution of the number of labels in RCV2it.

Table 4.6: Statistics on the examined datasets.

Name Classes Avg n.tokens Samples Task
1tWiki-100 100 354 892,573 TL
FrWiki-100 100 362 1,494,761 TL
EnWiki-100 100 741 329,626 TL
RCV2it 15 123 25,750 NC
RCV2fr 38 224 79,173 NC
RCVlen 57 216 758,149 NC

4.3.2 Experimental Setup

For all methods, excluding FastText and classical approaches, the input documents
are truncated, keeping only the first 512 tokens (or padded to that size). For training,
every dataset is split into a training, validation, and test set: 40% of the data is
reserved for testing, and 20% of the remaining samples are used for validation. Splits
are produced in a way to preserve the distribution of labels, through a stratification
strategy [60, 123].

4.3.2.1 Evaluation metrics

One of the most adopted evaluation metrics for multilabel classification tasks is that
of F1 score, defined as the harmonic mean of precision and recall, as in the equation
below (see § 2.2.3|in Chapter 2 for more details on evaluation metrics).

Precision - Recall

Fi=2 (4.1)

Precision + Recall
In our tests, we report the F; score with macro-averaging across all categories
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along with the accuracy score, as the latter is an interpretable measure of the overall
fraction of correct predictions. In its computation, the predicted set of labels must
exactly match the ground truth for it to be considered a true positive (this score is
sometimes referred to as “subset accuracy”).

Hierarchical metrics Given that the RCV1 dataset uses hierarchically organized
labels (topical news codes), we additionally report model performance on the original,
unaltered dataset using hierarchical metrics. Specifically, we adopt the approach
of Kiritchenko et al. [40], which augments the sets of predicted and true labels
to include all their respective ancestors. Standard evaluation metrics are then
computed on these newly expanded sets. We also report the Average Hierarchical
Cost (AHC), which measures the average distance between predicted and correct
labels in the hierarchy tree. The theoretical basis for these metrics was discussed in
detail in § 2.2.3.

4.3.2.2 Methods applied

We present quantitative results for an array of models that either are or have been
state-of-the-art approaches to solving the task of TC. We start by providing a strong
baseline with classical methods, of which we test Naive Bayes and linear Support
Vector Machine (SVM) classifiers as representatives. As examples of neural networks
preceding the Transformer era, we showcase the results of FastText [110], XML-CNN
[121], and a BiLSTM-based classifier. We then fine-tuned BERT [192] and XLM-R
[251], two open-sourced Transformer-based methods that have been pre-trained
on language modeling tasks over large corpora. This last set of methods currently
achieves the best results on the vast majority of downstream NLP tasks.

Every method is trained and tested 4 times per dataset, each time on a newly
generated train and test split, and we report the final average test metrics, along
with the standard deviation (SD) over all runs, in Tables 4.7 and 4.8. As an exception,
and because of technical constraints, we train XLM-R only once per dataset, as this
model is much heavier than the already expensive BERT.

Hierarchical evaluation As a baseline experiment to quantify the difficulty of
the original RCV1 dataset with respect to our simplified version, we assess model
performance on the full, hierarchically organized set of 103 labels. For this task, we
only evaluate the BERT and XML-CNN models alongside a linear SVM baseline
configured in a multilabel (OVA) setting. All models are assessed using both flat
and hierarchical metrics. To ensure a fair comparison, they were trained using the
same cross-validation strategy, optimization method, and preprocessing pipeline.
The results of this evaluation are presented in Table 4.9.
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Table 4.7: Test set macro F1 score (%) for the tested TC methods + standard deviation
(SD), with the best results in bold.

Italian | French | English
Model Itwiki RCV2it FrWwiki RCV2fr EnWiki RCVlen

Naive Bayes 62.0+0.0 765+04 551+01 661+03 63.6+0.1 563+14
Linear SVM 824 +0.0 796+0.8 73.7+0.0 724+0.3 803+0.1 71.7+0.3
FastText 815+01 76.7+0.7 75.7+0.1 64.1+07 744+54 69.6+0.8

BiLSTM 83.6+0.1 805+02 769+01 700+14 81.2+05 76.6+0.7
(GloVe)

XML-CNN 82.7+0.1 776+09 789+02 669+11 782+04 73.0+0.7
(FastText)

BERT (base) 87.0+0.1 84.0+06 84.0+0.1 768+ 05 855+02 781+04
XLM-R 86.8 83.6 83.2 73.9 84.6 77.2
(base)

Table 4.8: Test set subset accuracy score (%) for the tested TC methods + SD, with
the best results in bold.

Italian | French | English
Model Itwiki RCV2it FrWiki RCV2fr EnWiki RCVlen

Naive Bayes 43.2+0.1 629+02 287+01 475+18 392+07 473+1.9
Linear SVM 744 +0.1 71.7+05 587+0.1 656+03 669+01 67.7+0.2

FastText 74.1+0.2 678+05 603+01 61.1+06 682+53 67.0+04
BiLSTM 76.3+0.2 72.7+0.7 63.7+01 657+08 68.0+£09 725+0.5
(GloVe)

XML-CNN 76.4+0.2 712+05 66.1+03 644+08 66.6+05 71.0+0.1
(FastText)

BERT (base) 80.8+0.2 77.3+06 724+02 696+0.7 753+03 73.5+0.2
XLM-R 80.8 77.3 71.6 68.8 74.3 74.0
(base)

Table 4.9: Performance (%) on the RCV1 original dataset + SD, with the best results
in bold.

Model Acc 1 Fit1 h-F; 1 AHC |
BERT (base) 63.9 + 0.4 67.2 + 3.1 67.2 + 3.0 19.6 £ 4.8
XML-CNN 55.2 + 0.2 49.2 + 1.2 493 + 1.3 18.2 + 1.0
Linear SVM (MultiL)* 49.7 54.6 54.7 23.4

* SVMs run on fixed splits have deterministic results if run for enough iterations.
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4.3.3 Discussion on Results

The results obtained for the classical methods are quite favorable. The one-vs-rest
ensemble of linear SVCs proved to be the strongest baseline, while our application
of multinomial Naive Bayes had substantially lower performance (though it was
considerably faster). Among preprocessing operations, we found that lemmatization
and n-gram discovery did not produce significant differences in results, so we do not
report their effect in the final tables.

Neural networks that predate the Transformer era demonstrated strong perform-
ance, usually surpassing traditional methods. In our experiments, the exceptions
were likely attributable to the size of the training data; NNs had better results
for larger datasets, giving ground to classical methods whenever training samples
were scarcer. Moreover, on smaller datasets (like RCV2it), we observed a noticeable
variance between the results of different runs, whereas the networks were very
consistent on larger datasets (like our “Wiki-100” datasets).

For these models, we experimented with different pre-trained embeddings (i.e.,
Word2Vec, GloVe, and FastText) and found that FastText embeddings yielded the
best result for XML-CNN. In the case of BiLSTMs, however, the best results were
instead obtained with GloVe embeddings, despite their comparatively restricted
vocabulary size. Furthermore, BILSTMs benefited from the removal of stopwords
in their input text, something that we did not find to be true for the XML-CNN.
Nonetheless, the gap in the results between the two models was noticeable but not
dramatic.

Unsurprisingly, the attention-based Transformer architectures outperformed the
other methods on all our datasets. An important aspect of these models that is worth
reiterating is their ease of application to downstream tasks. Only a few epochs of
fine-tuning were necessary to obtain these results, though they were still the most
computationally complex and required the longest time to train. While monolingual
BERT models performed best, XLM-R also showed very strong performance, even
though it is a multilingual model whose vocabulary capacity is shared across many
languages. On average, we observe that the Italian models perform at the same
level as (or slightly better than) the English models. The French tasks, on the other
hand, proved to be slightly harder on both datasets. The similarity in results is
not at all surprising, considering how close the three chosen languages are. Indeed,
English has Germanic roots, while Italian and French are Romance languages
(derived from Vulgar Latin), yet they have developed very closely and have strong
influences on each other. Many differences could be pointed out (gendered nouns
and pronouns, liaisons, accents, etc.), but it is fair to consider them morphologically
similar languages since they all belong to the fusional family.

Finally, the evaluation on the original hierarchical RCV1 dataset, although
limited to a smaller set of models, shows a significant drop in performance for all
methods when compared to their results on our simplified, flattened version. As
previously explained, our version of the dataset retains only the 57 second-level
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labels from the original 103, favoring fewer but more consistent annotations. As
the results in Table 4.9 indicate, predicting the full, original set of labels is a more
challenging task. BERT’s performance suffered a 13% drop in both accuracy and
macro F1, with an even more substantial drop for the XML-CNN and SVM baselines
(over 22%). This outcome is not unexpected, as our initial analysis revealed the
challenging and highly specific nature of many of the original labels, which motivated
the dataset simplification. Note that in this more complex setting, methods designed
specifically to handle label hierarchies would likely provide better results. The
hierarchical F score did not provide significant additional insight, as these scores
did not differ substantially from the standard flat metrics in our experiments. In
contrast, the AHC metric reveals how distant the incorrect predictions were within
the label hierarchy. The high AHC scores show that the models’ predictions were,
on average, significantly far from the true labels in the hierarchy tree, further
confirming the difficulty of the task.

This analysis demonstrates the ease of application and strong performance of
pre-trained LMs, including multilingual variants like XLM-R, in settings with fewer
resources and without extensive, task-specific tuning.

4.4 Limitations and Opportunities

While this study demonstrates the practical effectiveness of pre-trained LMs on
non-English tasks, it has several limitations, which we address here to highlight
valuable opportunities for future research.

The primary limitation is the presence of confounding variables that make it
difficult to isolate the impact of language alone on performance. The monolingual
models used in our benchmark differ significantly in their pre-training corpora, ar-
chitectural parameters, and training objectives. For instance, the Italian BERT was
pre-trained on 81GB (13B tokens) of data, taken from OPUS and OSCAR corpora®.
The English BERT model is trained on the BookCorpus and Wikipedia dump (13GB)
[192]. The French model FlauBERT is trained on a mixture of French documents,
extracted from Project Gutenberg (a collection of e-books), OPUS, Wikimedia, and
Common Crawl, amounting to 71 GB of data [246]. This latter model is also trained
with a MLM objective only, while the others use both MLM and NSP, and it has more
learnable parameters: 138 million instead of 110. Finally, XLM-R was trained on
2.5TB of data in 100 languages, extracted from the Common Crawl corpus [251]. In
it, the amount of data per language is variable: 300 GB for English, 30 GB for Italian,
and 57 GB for French text. Furthermore, the classification datasets themselves vary
in size and the number of target labels. For example, the RCV2 dataset contains
a relatively small number of Italian articles when compared to both French and
English. The number of target labels is also variable across languages, resulting
in TC tasks that are likely to be on a slightly different level of difficulty. Given

9nttps://github.com/dbmdz/berts
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these differences, our results should be interpreted not as a definitive statement on
the inherent difficulty of these languages for TC, but as a pragmatic evaluation of
how a selection of publicly available LMs perform on realistic, monolingual tasks
across three languages with varying levels of resource availability. Future work
could ascertain the role of language and morphology in these LMs. Considering
that tokenization is the most language-dependent step, such a study would need to
control for confounding factors by testing several tokenizers and pre-training LMs
from scratch on balanced monolingual corpora, similar to the methodology of Rust
et al. [315].

We also acknowledge potential limitations in our dataset creation. It is possible
that parts of the Wikipedia dumps used to create our datasets were also present in
the pre-training corpora of the English and French models, which could have led to
some degree of information leakage. Furthermore, our dataset curation involved
several study-specific decisions, such as discarding categories based on our initial
exploration. While this was a pragmatic step for our analysis, we acknowledge that
future work should prioritize the use of standardized benchmarks for these tasks,
such as those in the GLUE family [164].

4.5 Conclusion

In this chapter, we provided an overview of existing models for TC and studied
their applicability to non-English languages, using Italian as our main point of
reference. Our analysis began with a survey of existing TC datasets across three lan-
guages, which we categorized according to the tasks they address. We compared the
availability and scale of Italian TC datasets to equivalent corpora in French and Eng-
lish, confirming that while both benefit from a greater availability of large, labeled
datasets, English remains significantly better-resourced than either. Furthermore,
we presented new quantitative results on multilabel news classification and topic
labeling tasks in Italian, French, and English, domains that are underrepresented
outside of English-centric research.

Building on this benchmark, the next chapter will apply this knowledge to a
more complex problem. While the datasets in this chapter were treated as having
flat labels with no explicit relation to one another, a key observation is that they are
derived from inherent category hierarchies, which are very common in real-world
scenarios. Our preliminary results on the original RCV1 dataset further showed
a significant performance drop when the full label hierarchy was considered. This
presents an opportunity to investigate classification methods that can explicitly lever-
age such information. The following chapter will therefore address this challenge by
applying Hierarchical TC to a specific industrial use case.



Hierarchical Classification for
Support Ticket Automation

Modern service providers must often process large amounts of customer requests
swiftly, yet few research contributions have approached this problem leveraging the
latest advances in pre-trained LMs, and the field still largely relies on traditional
classification methods. This chapter addresses this gap by proposing an LM-based
approach for this task, demonstrating a practical application of HTC that leverages
the hierarchical relations between ticket categories, a subject I focused on during
the first part of my research [6, 4, 7]. We first provide an overview of support ticket
automation strategies, focusing on recent DL proposals for ticket classification. We
analyze commonly used datasets and conduct experiments on two public corpora
characterized by a two-level hierarchy of labels. The first is a collection of 20,000
customer complaints, and the second comprises 35,000 issues crawled from a bug
reporting website. Using this data, we focus on classifying tickets with a pre-trained
BERT model. The experimental section has two primary objectives: first, to demon-
strate the impact of different document representation strategies on performance,
and second, to present an effective method for improving classification performance
by injecting information from the label hierarchy into the classifier. Our findings
reveal that the choice of embedding strategy is critical, improving the F; score by
over 28% compared to the standard approach. Furthermore, injecting hierarchical
information provides an additional performance gain, with our proposed ML-BERT
model outperforming the best baseline by up to 5.7% in F; score and 5.4% in accuracy
on the bug reports dataset.

5.1 Introduction

A support ticket is a formal request for help from a customer to a service provider’s
support team. These requests, which include service tickets, customer complaints,
and incident reports, are fundamental tools for customer relationship management
[327]. As one of the most direct points of contact between users and service staff,
tickets are crucial for resolving issues and incidents. Such interactions are ubiquitous
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across nearly every industry, from IT support and bug reporting [224] to healthcare
[232] and governmental institutions [239].

Tickets are typically textual messages, often written directly by customers or
technicians. Consequently, they consist mainly of natural language text that is
frequently noisy and concise. They commonly originate from channels like emails,
web forms, live chats, and social media platforms [346]. A ticket usually comprises a
short title and a description of the issue, and may sometimes include supplementary
data like screenshots [223]. Once a ticket is created, its swift categorization and
routing to the appropriate expert are paramount for ensuring customer satisfaction,
maintaining high productivity, and complying with Service-Level Agreements [66].
In this context, Ticket Automation (TA) refers to the set of automated systems
designed to minimize the steps between ticket submission and resolution. Among
TA tasks, accurately classifying incoming tickets with a descriptive label is one of
the most widely studied and impactful [383].

5.1.1 Task and Approach

This chapter first discusses the most common TA sub-tasks in § 5.2, focusing on the
most recent developments that have been applied to this field. The experimental
part in § 5.3 then addresses the most common TA framing, which is the automatic
categorization of a service request within a shallow hierarchy of topics. The task is
therefore that of TC, which requires extracting meaningful representations from the
text of the support tickets.

Our approach involves using a pre-trained BERT model [192] to learn semantic-
ally meaningful representations from the noisy text of support tickets. Specifically,
we first explore how different document embedding strategies impact classification
performance. We then devise and evaluate a specialized multi-level model that
leverages the label hierarchy by combining representations fine-tuned to predict
the different levels of that hierarchy. We validate this approach on two public, two-
level hierarchical datasets: one containing customer complaints and another of bug
reports.

5.1.2 Contributions

The primary contributions of this work are as follows:

¢ We provide an overview of Ticket Automation, including a categorized list of
recent methods and a comprehensive list of public datasets;

* We demonstrate how different strategies for deriving document embeddings
from a BERT model significantly impact performance on ticket classification;

¢ We propose a novel, global approach to this classification sub-task that exploits
the hierarchical structure of the labels to improve performance;
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* We benchmark our proposed model against several baselines on two public
datasets, showing its effectiveness on noisy, real-world data.

Our work is among the first to experiment with a pre-trained Transformer-based
LM for the classification of support tickets. Despite the noisy nature of the data, we
show that these LMs can perform better than more traditional (i.e., non-DL) methods
that are often still proposed in the recent TA literature. As such, we hope the insights
provided in this work can help practitioners consider the usage of pre-trained LMs
for industrial applications in the TA domain. The code and datasets used in our
experiments are publicly available’.

5.2 Ticket Automation

Automatic ticket classification can be seen as a specific field of application of TC
[324, 293, 2]. The processing of support tickets is made challenging by the nature of
the bodies of text involved: many of these help requests are very brief, and almost
always contain technical jargon that should be taken into careful consideration [203].

In this section, we provide an overview of TA, describing its most prominent
subtasks as well as listing notable and recent work in this field. We will put
particular emphasis on ticket classification, as our research reveals it to be the most
common automation procedure in practice. At the end of this section, we also provide
a list of datasets often used in this domain’s literature. First, however, we describe
the similarities between TA and HTC, a subfield of T'C.

5.2.1 Relation to Hierarchical Text Classification

It is common for ticket categories to have a hierarchical structure; these levels
identify the incident, or help request, at different degrees of specificity. In practice,
most real-world ticketing scenarios will have at most a shallow hierarchy of two or
three levels [215].

In this context, HTC methods are a group of approaches especially devised
to be applied to TC environments characterized by a hierarchical label structure.
As such, these methods are indeed applicable to these scenarios, though most of
these approaches are devised for more complex hierarchies and are often framed
as multilabel tasks, which we found to be less common in TC. Nevertheless, many
concepts within HTC literature are still useful for TC, and we introduced them
in § 2.2 of Chapter 2. Specifically, our work includes a comparison of global HTC
methods against local and flattened approaches, utilizing the taxonomy introduced
in § 2.2.1.

https://gitlab.com/distration/dsi-nlp-publib/-/tree/main/
ticket-automation-survey-app-22
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5.2.2 Ticket Automation Tasks

As previously mentioned, multiple automation procedures have been devised in the
context of TA. In many cases, the straightforward “topical” classification of tickets
is sufficient to assign tickets to a specialized group that can deal effectively with
the issue. However, depending on the circumstances and resources available, more
nuanced and refined techniques can also be applied, often solving more complex
tasks. We briefly outline these tasks, though we will focus mostly on the former
approach. Whenever appropriate, we will discuss methods within these classes if
they provide useful insight into our objectives.

First off, ticket classification itself need not be limited to a topical categorization;
some approaches attempt to capture facets other than the topic of a ticket, most
commonly a priority to determine the urgency of the incident and a ¢ype which, in a
related fashion, is utilized to determine its importance (e.g., information request vs
incident report) [53, 171]. Other methods attempt instead to match tickets directly
with an individual expert, rather than groups of experts based on topics (a task
related to expert finding) [219]. While similar, this task is rendered more complex by
the necessity of clearly defining the skills of the expert and the ones required to solve
the issue, often also having to consider the availability of the expert in question.
Some approaches seek to find the optimal (minimal) “routing” of tickets through the
network of experts [50, 286]. While this might reduce to expert finding whenever
only one expert is necessary, this is not always the case. In a medical scenario,
for example, it is often important to gather a sequence of opinions from different
specialists, therefore requiring a “path” traversing the network of experts. Lastly,
in some cases, it might be possible to match tickets directly with their resolution
without the need for human intervention [135]. There are various approaches to this
latter task, the most common being either retrieval-based (i.e., match most suitable
historical solution) or generative (i.e., generating an entirely new response, learning
from previous ones). Table 5.1 provides a summary of the different automation
procedures that may be applied in the context of support ticket resolution.

Table 5.1: Common TA frameworks applied to support tickets.

Task Application

Ticket Classification (TiC) Categorize tickets in terms of topic, sometimes also type and
priority

Expert Finding (EF) Automatically assign the resolving expert to a ticket

Ticket Routing (TR) Direct a ticket through the shortest path in a network of
experts

Ticket Resolution (RE) Find an automatic resolution to a ticket, usually based on

past solutions
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5.2.3 Related Work

Most research studies in the context of ticket classification propose new methods or
analyze their functioning within a particular domain. There are a few reviews and
surveys that discuss the subject. Revina et al. [293], for instance, deal with tickets
in the IT domain, exploring text representation techniques, and the performance
of various text classifiers. However, they limit their review to more traditional
classification methods, such as SVMs and Random Forests. They discuss the need
for explainable TC, as well as which factors are relevant for prediction quality.
Kubiak and Rass [170] discuss ticket classification as a part of a larger work on data-
driven techniques for IT-Service-Management. They also discuss its relatedness to
hierarchical classification and thoroughly discuss performance evaluation methods
suitable for hierarchical approaches. Again, they mostly discuss traditional methods,
such as SVMs, Bayesian models, k-NN methods, and Decision Trees. In Fuchs et al.
[383], a literature review of technologies in the field of automated support ticket
systems is provided. This review is largely aimed at automated ticket resolution,
rather than classification. Young et al. [232] review TC procedures in the context of
healthcare incident reporting and adverse event analysis. The authors list a wide
selection of methods that have been utilized in the healthcare environment and
discuss how they can be effectively utilized. The reviewed works mostly consist of
traditional classification methods.

Among TA tasks, expert finding may be considered the most closely related to
ticket classification, depending on the specific situation and the required ticket
routing solution. A generic overview is provided by Husain et al. [219], which review
work in the period 2010 — 2019. They describe the finding of experts for technical
support as an early formulation of expert finding. In Xu and He [182], trouble ticket
routing is framed as an expert recommendation task that also integrates TR com-
ponents, by learning social profiles for the experts in order to suggest other experts
in case the current one is unable to solve the issue. They devise several two-stage
expert recommendation algorithms to determine appropriate resolvers for a ticket.
They also argue that the more standard approach of classifying tickets within single
problem types might be limiting, due to the negative impact of misclassifications. Lin
et al. [124] review expert finding methods, focusing on the parts of this task involved
in expertise resource selection (extracting expertise-related data for experts) and
expertise modeling (building models on the data to identify experts). They examine
state-of-the-art algorithms for expert identification up to 2015, by which they rank
previously modeled experts based on the probability of them being an expert on a
query topic.

5.2.4 Recent Ticket Automation Methods

As mentioned, TA refers to a set of algorithmic solutions that automatically process
support tickets and customer requests. In this section, we first describe our study
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selection procedure; then, we list recent advancements in Tables 5.2 to 5.4. The
tables contain a high-level overview of these methods and the contributions they
bring to the literature. Then, to later compare it with our proposal, we analyze in
more detail the most relevant works we have found in the ticket classification field.
Because of the large number of works, we apply strict constraints in determining
their relevance; in particular, we require that an existing code implementation has
been made available for a proposed method.

5.2.4.1 Study selection

We reviewed literature on TA using Google Scholar?, DBLP?, Scopus*, Web of
Science®, and PapersWithCode®. We focused on research published from 2018 up to
the most recent available in 2023, but also included influential earlier works when
they were frequently referenced. The keywords queried were “ticket automation”,
“ticket classification”, “support ticket”, “trouble ticket”, “expert finding” and “ticket
routing”. We found that a considerable number of matching results are articles
regarding the application of machine learning algorithms to real-world ticketing
systems, but do not provide new solutions or interesting research insights. Moreover,
many of these works report the results of relatively few classification methods, most
of which are traditional or otherwise not very recent or use paid API-based services.
As they do not contribute to our goal, we have excluded them from our search. Much
of the work found matching the keyword “expert finding” relates to applications of
recommendation systems or ranking methods [3] as applied to several domains; we
limit our selection to the methods tested on customer-care data. We summarize the
results of our search in Tables 5.2 to 5.4, which list publications related to TiC, EF,
and TR/RE, respectively. In these tables, the dataset is omitted for studies that used
proprietary, unreleased data.

5.2.4.2 Description of recent methods

In the remainder of this section, we introduce some of the works contained in
the previous tables. We focus in particular on those manuscripts that provide a
public code implementation, as these can be helpful to other researchers to make
comparisons and test baselines. However, as we will discuss, we were not able to
reproduce all the methods selected this way.

Mani et al. [224] propose DeepTriage, a deep bidirectional RNN enhanced with
the attention mechanism for ticket classification. An initial preprocessing step
removes stopwords and tokenizes text through Stanford’s NLTK package [39]. Em-

Zhttps://scholar.google.com
3https://dblp.org
4https://www.scopus.com/
Shttps://www.webofscience.com
6https://paperswithcode.com
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Table 5.2: Ticket Automation literature on the TiC sub-task.
Article Data Contribution Code

[130] - Clustering and topic modeling methods for TC with BoW X

[1571 - Ticket escalation prediction with oversampling, feature X
engineering based on domain knowledge

[139]1 - Ticket partition and signature-based construction al- X
gorithm, problem type classification

[1721 - Ensemble (voting) classifier, bagging, and boosting X

[169] - Entity (software product name) extraction and linking X
for support ticket routing

[171] Chromium, Hierarchical Attention model, comparison with tradi- e

Linux tional classifiers

[1781 - TC modeled as a contextual multi-armed bandit problem X

[179] - Two novel multi-armed bandit algorithms X

[158] - Comparative analysis of five classifiers to label customer X
issues with predefined topics

[223] - Enrichment of tickets with data from attached images X

[203] - HTC, ticket similarity method, multilinguality X

[232] - Systematic review of classification methods in the con- X
text of healthcare incident reports

[221]  GitHub Plugin app to automatically label GitHub issues through v
FastText, issues dataset

[228] - Comparison of string matching and similarity measures X

[2311 - Comparison of several algorithms for the prediction of X
ticket escalation based on the extracted sentiment

[226] - Assignment scheme based on a Petri Net model X

[295] - Integration of several similarity measures through data- X
driven policy

[293] - Comparative analysis of text representation techniques  n/a
(TF-IDF, Word2Vec, FastText) and classifiers, linguistic
feature extraction

3221 - Ticket opening prediction using time windows for fea- X
ture engineering

3331 - Binary bug classification, genetic algorithm optimization v
of MLP hyperparameters

[343] - Fuzzy SVM to handle outliers and noise X

[346] Endava Oversampling of imbalanced classes, ensembles X

[340] - TC of German tickets, clustering to detect similar classes X

[330]1 - Learning char/word-level representation with bi-LSTM X

[335] - Prediction of ticket reopening, comparison of different X
methods, development of efficient BN

[384] AMS, LTI Improve k-NN performance with distance function and X

determination of a suitable k& value
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Table 5.3: Ticket Automation literature on the EF sub-task.

Article Data Contribution Code
[224] Chromium, Bidirectional LSTM with attention, comparison v
Mozilla, Fire- with baselines, new datasets
fox
[219] n/a Review of main research on applications of EF n/a
[198] - Ensembles of classifiers to assign tickets to sparse X
and frequent resolver groups
[197] StackExchange Combination of question raiser, content, and an- X
swerer embeddings for EF
[287] - Combination of graph- and text-matching to score X
tickets and expert groups
[262] - Siamese LSTM to support classification of tickets X

with infrequent labels, RF with Gini impurity for
explainable rule mining

[328] - Combination of topic, reputation, and authority X
based on QA network

[336] StackOverflow Intern candidates ranking using community QA X
data, ensemble method

[303] StackExchange Usage of social information and document informa- X
tion for EF in community QA

[382] StackExchange Learning of semantic relationships between words v
in answers and experts’ skills

[386] StackExchange Combination of experts’ topic interests and an X
authority-based model to improve ranking

[380] LegalCQA Creation of query-dependent user profiles using v
their answers and the comments to their answers

[388] StackExchange Transformer-based multi-view encoders to learn the v

relation between experts and answered questions

beddings for each word are then initialized using the Word2Vec algorithm [68] and
fine-tuned for a few epochs. These word embeddings are then passed to a bidirec-
tional LSTM, which acts as an encoder, effectively performing a language modeling
task. The outputs of the LSTM layer are aggregated and weighted using the at-
tention mechanism [92] to produce the final ticket representations, which are then
classified using a linear layer with softmax activation. The cross-entropy loss is used
during training. The method is validated on three public bug report datasets, which
are extracted from the list of reported issues on the Chromium and Firefox browsers,
as well as within Mozilla Core software components. To construct the dataset, the
authors only consider fixed bugs, and the target label for each ticket is the developer
ID who has resolved it.

Kallis et al. [221] propose TicketTagger, a GitHub plugin for the automatic
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Table 5.4: Ticket Automation literature on the RE and TR sub-tasks.

Article Data Contribution Code Task

[135] - Mapping tickets to resolution actions using a quality- X RE
model estimation

[131] n/a Framework for the evaluation of TR and human- X TR
assisted algorithms

[134] - Retrieval of tickets and solutions from noisy hard- X RE
ware tickets with recall- and precision-oriented clas-
sifiers

[182] - Combination of expertise profiles and social profiles X RE
from ticket resolution sequences

[183] - Routing models using textual descriptions and his- X TR
torical routing sequences

[180] - Resolution action suggestion with sentence align- X RE
ment strategy

[230] - Combination of CNN for feature learning and tradi- X RE
tional methods for the classification step

[286] - Ranking method for TR, group feature engineering X TR,EF

[284] - Ensemble model for ticket resolution using super- X RE
vised and unsupervised methods

3791 - Flexible framework for action suggestion, action ex- v RE
traction module

3121 - Multi-task model for expert support in problem resol- X RE

ution with multi-task training
[383] n/a Review of machine learning applications in Auto- n/a  TR,TiC
mated Ticketing Systems

assignment of labels to GitHub issues. The tool uses the FastText [114] library to
assign one of three categories based on the title and description of each issue. The
labels, used by repository maintainers to organize open issues, can be either “bug
report”, “enhancement”, or “question”. The FastText classifier extracts n-grams from
documents and learns representations fine-tuned on the target dataset. It then
averages these embeddings and feeds them to a linear classifier with a softmax

output to obtain the final probabilities for each label [110].

Lyubinets et al. [171] describe a hierarchical attention model, combining hierarch-
ical RNNs with attention blocks. As a preprocessing step, the dataset is lowercased,
cleaned of noisy words and stopwords, and tokenized using the NLTK package [39].
Then, a bidirectional layer with Gated Recurrent Units (GRUs) [80] is used to learn
word representations based on the context of each word in the sentence (this is the
word encoder module). An attention mechanism is used to weigh the contribution of
each word to obtain a latent sentence representation. Subsequently, another encoder
identical to the previous one is used at the sentence level, and attention is applied to
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learn overall document embeddings. Finally, similar to the previous works, they use
a linear layer with softmax activation for classification (in a multiclass setting). The
authors validate this approach on the Linux Bugs dataset using the “Priority” and
“Product” fields, and on the “Type” attribute on the Chromium dataset that was used
by DeepTriage. Unfortunately, we were unable to reproduce this framework using
the published code because of undocumented dependency issues.

5.2.5 Datasets Used in Research

Table 5.5 showcases datasets utilized in the works we have reviewed in this research.
The table only reports openly available datasets, describing their size, whether
they are multilabel and hierarchical, the generic automation task as previously
defined, and the topical domain that describes their content. It is worth noting that
many works in TA literature apply their methods to proprietary datasets, which are
therefore not available.

Table 5.5: Public TA datasets referenced in the reviewed works.

Dataset N. samples Multila- Hier- Task Domain

bel arch-

ical

Financiall 78,313 v X TiC Finance
Endava?® 48,549 v v TiC Helpdesk
IT company [116] 21,348 v v TiC Helpdesk
GitHub [221] 30,000 X X TiC Issues/bugs
LT3 48,543 X X TiC Helpdesk
AMS*? 12,810 X X TiC Helpdesk
Chromium [224] 383,104 X X EF Issues/bugs
Mozilla [224] 314,388 X X EF Issues/bugs
Firefox [224] 162,307 X X EF Issues/bugs
Enron [35] 500,000 X X MC E-mail
StackExchange [360] (77GB) v X TiC, EF (QA) Coding
LegalCQA [3801] 9,897 X X EF (QA) Legal
Linux [171] 16,456 v v TiC Issues/bugs
Bitext® 20,000 X X TiC Helpdesk
StackOverflow [168] 2,2M X X EF (QA) coding

L. kaggle.com/datasets/venkatasubramanian/automatic-ticket-classification,

2 https://github.com/karolzak/support-tickets-classification.
3 https://github.com/umeshdeorukhkar/LTI_Citi_Hackathon_My_ML.
4https://www.kaggle.com/datasets/karthikcs1/amsticketdata.

5 https://www.bitext.com/blog/free-customer-support-dataset
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5.3 Classification Approach

In previous sections, we provided an overview of the automatic support ticket resolu-
tion landscape. In this section, we propose a novel method for the specific task of
automated topical classification of tickets within shallow hierarchies. Our approach
is based on pre-trained Transformer-based LMs, which are currently state-of-the-art
in terms of text representation. In particular, while the LMs are tasked to extract a
semantically meaningful representation, our main addition is a multi-level frame-
work that exploits hierarchical information contained within the label structure to
perform a more accurate classification. In addition, we wish to explore various altern-
atives proposed in the literature for the creation of unified document embeddings to
be used for the purpose of classification. These experiments were essential to our
investigation, as they allowed for much better results in practice. Moreover, they
provide useful insights into the development of individual document embeddings in
this specific domain.

The following section will introduce our experimental approach. We first detail
the datasets utilized and the baselines implemented. Then, we discuss multiple
strategies to combine word embeddings as derived from a BERT model. Note that,
though our specific approaches utilize BERT as a basis, they are agnostic to any LM
capable of producing embeddings for words in a document. We conclude the section
by describing our proposed approaches in more detail.

5.3.1 Data

We evaluated our methods on two datasets. The first, which we refer to as Linux Bugs,
is a custom collection we created by extending the scraping script from Lyubinets
et al. [171]. The second is a public Financial dataset of customer complaints available
on Kaggle”. General statistics for the datasets, both before and after preprocessing,
can be found in Table 5.6. A sample of the label hierarchies is shown in Figures 5.1
and 5.2. Both datasets adhere to the Mandatory Leaf Node Prediction (MLNP)
setting. This means that the ground truth for each ticket consists of a single leaf-
level label along with all of its parent labels up to the root of the hierarchy.

Financial dataset The Financial dataset contains 78,313 anonymized customer
complaints from a financial company, which are essentially support tickets, although
only 21,071 of these have a valid message written in natural language. All tickets
in the dataset have been annotated by customers and/or helpdesk personnel with a
“Product” and a “Service” category. While the original dataset has been used for topic
modeling tasks based on the products/services of the tickets, we use these labels as
the prediction target of our models. We utilize the product field as the main label
(e.g., “Debt collection”, “Mortgage”, etc.), and the sub-product field as a sub-label (e.g.,

"https://www.kaggle.com/datasets/venkatasubramanian/automatic-ticket-classification
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Figure 5.1: Example of hierarchical structure of 3 labels in the Linux Bugs dataset.

OB

“Credit card debt”, “Checking account”, etc.). It is worth noting that the hierarchy
of this dataset is rather weak, and we found the classification task to be hard in
terms of predicting categories. There are multiple labels with similar or ambiguous
meaning; for instance, there are pairs of labels such as “Credit card” and “Credit card
or prepaid card”, or even multiple similar categories such as “Mortgage”, “Mortgage
debt”, “FHA mortgage”, “Other mortgage”, and “Other type of morigage”. Choosing
the correct label would be non-trivial even for a human labeler. Below is an example
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Figure 5.2: Example of hierarchical structure of 4 labels in the Financial dataset.
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extracted from this dataset:

Product (label): Vehicle loan or lease

Sub-product (sub-label): Loan

Description Vehicle was financed on [XXX] and last payment was [XXX] balance
was [XXX]. Chase auto never release the Title of the vehicle. I called chase Auto
finance division in year their answer was last payment was not clear. I asked them
if they sent any written notice by mail if they did it send that but they never replied
back.

Linux Bugs dataset The Linux Bugs dataset contains bugs from the Linux kernel
bug-tracker ®, and was first proposed by Lyubinets et al. [171]. The one used in
this work is an expanded version that we obtain by further crawling the online
bug-tracking portal, and contains more than double the number of bug reports with
respect to the original version. The support tickets are classified by users in terms of
importance, related product, and specific component. We utilize the “Product” field
as the main label (e.g., “Network”, “Drivers”, etc.), and the “Component” category as
a sub-label (e.g., “BIOS”, “Scheduler”, etc.). Again, below is an example:

Product (label): SCSI Drivers

Component (sub-label): Other

Title: MPT2SAS drops all HDDs when under high I/0

Description: I have this issue that refused to be solved no matter what I do. My
ASRock comes with onboard SAS controller (LSI 2308), since I recieved it always
does this one thing: Drops all HDDs connected to it. It happens only under heavy
10 operations after a few minutes. I can recreate it easily by running either dd,
md5deep or even btrfs scrub. Kernel locks, can’t even shut it down from console and
a quick lIs /dev/disk/by-id shows that all the HDDs connected to the SAS controller
have disappeared. It happens with the stable kernel (3.9 and 3.10.3) and the
mainline (3.11-rc2) as of this day. It’s not a hardware issue, because I installed
a Windows Server 2012 on the same machine with a few HDDs I have laying
around and beat the controller to the ground and it never hanged. So I know it’s a
Linux-specific issue. Dmesg logs before and after the issue are attached. Thank
you.

5.3.1.1 Preprocessing

We followed a process similar to the one adopted by Mani et al. [224] for the initial
cleanup of both datasets. This preprocessing is aimed at removing noise and non-
informative bits of text while maintaining sentence structure intact as much as
possible. Indeed, this is necessary for recent, contextualized LMs to be effective [2].

8https://bugzilla.kernel.org
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Table 5.6: Statistics for the datasets utilized in the experiments.

Dataset Version Samples Avgchars Labels Sub-labels Flattened

labels
Livux B Original® 38,194 2,541 20 177 190
WX BUES  pinal™ 35,050 2,536 17 73 85
Fioanea | OTignal 20,925 1,342 17 67 81
hancia Final 20,576 1,344 13 35 42

* After removal of tickets that are unlabeled, missing a message body, or duplicated.
“ After the removal of rarest classes and the preprocessing operations shared across methods.

The raw datasets are filtered by removing duplicates and any entry where the
main body of the ticket is void. Titles and descriptions are concatenated to generate
a single content descriptor for tickets in the case of the Linux dataset (as Financial
tickets have no title). Furthermore, to reduce the already severe imbalance within
these datasets, we apply a threshold constraint: labels and sub-labels with fewer
than a certain number of representative tickets are excluded. The threshold chosen
for the comparatively smaller Financial dataset was 30, while it was 100 for the
larger Linux dataset. Additionally, to disambiguate between second-level categories,
which sometimes overlap in the Financial dataset, we concatenate the first level
with the second level. For example, the bug report in the above example would be
labeled as “SCSI-Drivers_Other”.

The DeepTriage-inspired [224] text sanitation procedure consists of the removal
of URLs, some HEX codes, as well as a lowercasing of all words. Following the
procedure from Lyubinets et al. [171], which initially proposed the Linux Bugs
dataset, we also experimented with a more aggressive preprocessing approach to
remove “garbage” text from Linux bug reports, which mainly consists of the removal
of memory addresses. Though the filter works well, we did not register improvements
whenever including this procedure, and therefore decided to exclude it from the
finalized pipeline. We also note that traditional methods showcased an improvement
when excluding stopwords from the list of processed tokens. The effect of our basic
preprocessing can be visualized in the sample ticket below, which is the same as the
one shown in the previous section, annotated with the label used as the target for
classification. The size and statistics of the dataset we used in our experiments are
summarized in Table 5.6.
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Documents

.................... BERT Tokenizer f....... BERT Feature
extraction

Title: USB- c issue usb-c issue [(CLs], 11, 102, 35,
Body: Problem with problem with usb 33,8, 1011, 111,
USB controller E12 ... controller e12 ... 377, 899, ..., [SEP]]
Classification

F_Jﬁ
11

Class probabilities

Figure 5.3: Tickets processing pipeline used with our BERT-based models.

Category (flattened label): SCSI-Drivers_Other

Ticket body: mpt2sas drops all hdds when under high i/o i have this issue that
refused to be solved no matter what i do . my asrock comes with onboard sas
controller (Isi 2308) , since i recieved it always does this one thing : drops all hdds
connected to it . it happens only under heavy io operations after a few minutes . i
can recreate it easily by running either dd , md5deep or even btrfs scrub . kernel
locks , can’t even shut it down from console and a quick 1s /dev/disk/by-id shows
that all the hdds connected to the sas controller have disappeared . it happens with
the stable kernel (3.9 and 3.10.3) and the mainline (3.11-rc2) as of this day . it’s not
a hardware issue , because i installed a windows server 2012 on the same machine
with a few hdds i have laying around and beat the controller to the ground and it
never hanged . so i know it’s a linux-specific issue . dmesg logs before and after the
issue are attached . thank you .

After preprocessing, all models require a tokenization step. In the case of LMs
like BERT, the tokenizer utilized was the one associated with the original work (i.e.,
WordPiece for BERT) [64]. In the case of DeepTriage and traditional methods, we
utilized NLTK’s word_tokenize function [39]. In short, this approach is an improved
word-level tokenization based on regular expressions to split text as in Treebank-3
[27]. The overall classification pipeline for our experiments is visualized in Fig 5.3.

5.3.2 Baselines

In order to validate our results, we tested a set of baselines drawn from similar
works that have obtained state-of-the-art results on the specific ticket classification
task, as well as some broader state-of-the-art TC approaches. We report results for
the following:

e SVM [21]: Similarly to Lyubinets et al. [171], we test an approach based on a
TF-IDF [13] document representation, which is then fed to SVM classifiers with
a linear kernel. The method utilizes a one-vs-rest approach, creating a classifier
for each node of the hierarchy, but only on the flattened representation. The
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best parameters are sought through a grid search prioritizing macro F;, and
are then utilized to retrain the model (test data is never seen during this
procedure). As additional preprocessing, this method removes stopwords and
seeks bi-grams within tokens.

* TicketTagger/FastText [221]: We follow the approach of the authors of
TicketTagger, which is a straightforward application of FastText [114]. The
classifier itself is quite simple and consists of a MLP optimized to utilize
FastText’s embeddings [110]. In our experiments, we use the “autotune” option
provided, extracting a selection of 20% of the training samples for validation
(as with other methods).

¢ DeepTriage [224]: The main architecture is based on a Deep Bidirectional Re-
current Neural Network (DBRNN-A), enriched with the attention mechanism
and LSTM units. Text representation is achieved by creating fresh Word2Vec
embeddings, first trained and then fine-tuned on the recurrent architecture. In
their work, the goal is to assign tickets to available developers who can quickly
resolve the bug, therefore resembling the EF task more closely. Nonetheless,
as an (extreme) multiclass method developed in the same context, we applied
it to our setting.

* BERT (flattened) [192]: This is a straightforward application of the BERT LM
for sequence classification, which is based on the attachment of a classifier
head on top of the LM. The classifier head is a single feed-forward layer, and
the entire model is trained to predict the flattened, second-level labels. This
is the standard approach to classification with BERT. We experimented with
various document embedding summarization strategies, as discussed before.

¢ XLNet (flattened) [211]: The approach is the same as with BERT. XLNet is an
autoregressive model, more akin to traditional LMs, but devises a clever pre-
training approach based on word token permutations to introduce bidirectional
information (i.e., both left and right context). We experimented with a few
document embedding summarization strategies, but only displayed the results
of the best-performing one, which utilizes the last token as a representative of
the entire document.

5.3.2.1 Other methods considered

In addition to the ones reported, we also tested a number of other approaches. The
results are not listed because the methods either obtained unsatisfying performances
or we were not able to reproduce the same results as reported in the original work.
Other traditional approaches, such as Naive Bayes [113] and Random Forests [24],
resulted in below-average performances. We were unable to run the code published
by Lyubinets et al. [171], and thus were unable to verify their proposed method.
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5.3.3 Document Embedding Summarization Strategies

Before a body of text can be embedded in any way, it must first be split into atomic
units (words or parts thereof); this task is performed by specialized modules called
tokenizers. In the case of BERT models, tokenization is based on the WordPiece
algorithm [64, 192], which was discussed in Table 2.1. These algorithms operate on
the assumption that common words should be kept in the vocabulary as-is, while
rare words should be split, for a more significant representation of their composing
segments to be learned.

A trained tokenizer truncates each input document to a certain threshold of
maximum tokens as determined by the specific model, also padding any shorter
sequences to the same length (in this case, 512). The BERT tokenizer additionally
prepends to each input sequence a special symbol, the [CLS] token, which is expected
to predict the target binary label of the Next Sentence Prediction task (NSP) during
pre-training [192].

Tokenized text is presented as a sequence of ids, each one mapping to a word
(or special symbol) in the BERT vocabulary — which is composed of about 30,500
English words and symbols in the HuggingFace model we adopted?. In its smallest
version (BERT-base), BERT consists of twelve stacked encoder blocks, each one
producing contextualized embeddings for input tokens, including the [CLS] token.
Being pre-trained to capture sequence-wise information for a binary classification
task, the [CLS] representation of the last layer is considered a good candidate to be
used in a general classification task.

This was the strategy adopted by the authors of the BERT architecture, which
also tested the model in a multiclass setting. In their work, the [CLS] embedding
is passed through the NSP prediction head and to a final linear layer with softmax
activation [192]. This strategy has been widely accepted as the “default” way to adapt
BERT-like models to downstream classification tasks. However, some researchers
suggest that other strategies may be preferred. Tanaka et al. [204] test several
strategies to enrich BERT embeddings with a BoW feature vector, as well as aver-
aging together word embeddings in the last and second-to-last layers; they report
considerable improvements in classification over the default strategy. Similarly,
Reimers and Gurevych [206] also argue that the [CLS] embedding makes for a sub-
optimal sentence representation, and propose SentenceBERT for the generation of
sentence embeddings. Moreover, some researchers have suggested that the different
encoder layers within the architecture can become “specialized” in the extraction of
particular linguistic features, like syntactic and semantic ones, hence potentially
providing additional information for classification [275, 196].

In this work, we test several strategies to obtain document embeddings from
word embeddings and compare them with the standard approach using the [CLS]
token. The tested strategies are described in detail in Table 5.7. Most of them
are inspired by experiments in previous work [204, 331]. On the other hand, the

9nttps://huggingface.co/bert-base-uncased
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sum_sum_norm and sum_norm strategies were devised following the intuition that
embeddings could be considered oriented vectors in a high-dimensional space, and
that the meaning of a document could be approximated by summing these vectors
and normalizing the sum in different ways. Our findings will be outlined in § 5.4.

5.3.4 Multi-Level Models

Ticket classification datasets most commonly contain several labels organized in
a hierarchical structure. For instance, the two ticket datasets used in this work
are labeled with two levels of categories: a macro category and a secondary, more
fine-grained topic indicator. These datasets are derived from a real-world ticketing
system and bug report repository, respectively; thus, they provide a good indication
of common structures within these environments.

In the following paragraphs, we will describe how the categorization of documents
in this two-level hierarchical setting can be improved by combining models that
work on different levels into a single global model. All models use pre-trained LMs
(in this case, BERT) to extract features from each document’s text. Classification is
achieved by adding a single linear layer with softmax activation and fine-tuning the
model, a widely utilized approach [192, 2]. Unless specified otherwise, we assume
that BERT embeddings are also trainable during the fine-tuning procedure — again,
as it is standard in these cases.

As a first step, we define two multiclass classification objectives with their
respective set of target classes:

1. T1: prediction of first-level target class (i.e., the macro-label);
2. T2: prediction of second-level target class (i.e., the sub-label).

Like in the case of the flat classifiers, to avoid overlapping labels in T2, we flatten the
tree of categories to obtain the final sub-labels. Through this process, any duplicate
pair of sub-labels is transformed into two separate classes (e.g., if two labels both
have the “other” sub-label). Notably, all sets of sub-labels are already disjoint, so this
procedure does not increase the number of sub-labels.

We experiment with three multi-level classifier frameworks:

* The first one combines two classifiers that were previously trained on T1 and
T2, respectively (ML-LM);

* The second one is trained on T2 and is supported by a classifier pre-trained on
T1 (SupportedLM);

* The third classifier is similar in spirit to the first one but is trained end-to-end
on both tasks with a single LM (DoubleHeadLM).
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Table 5.7: Summarization strategies for document embeddings.

Basis Strategy Emb. size Description
last [CLS] token embedding from last layer (de-
d fault strategy)
avgy, Average of the [CLS] token embeddings from
cls the last & layers
concaty, dx*h Concatenation of the [CLS] token embed-
dings from the last A layers
last Average of all token embeddings® from the
d last layer
avgp Average of the average of token embeddings
avg from the last A layers
concaty, dxh Concatenation of the average of token embed-

dings from the last A layers

last Column-wise maximum of all token
d embeddings! from the last layer
avgy, Average of the max of token embeddings from
max the last & layers
concatp, dx*h Concatenation of the max of token embed-

dings from the last A layers

last Concatenation of the max and min of embed-
. dings from the last layer
max_min d*2 ]
avgy, As above, but averaging vectors from the last
h layers
last Concatenation of the max and average of em-
beddings from the last layer
max_avg d=*2 .
avgy, As above, but averaging vectors from the last
h layers
last d Sum of token embeddings divided by the sum
sum. sum. norm of the norm of embeddings
- - concaty, dxh Like last but concatenating the last A layers
last d Sum of token embeddings divided by its norm
sum. norm (i.e., normalized sum)
- concatp, dx*h Like last but concatenating the last h layers

I Excluding special symbols (e.g. [CLS] and padding).

5.3.4.1 Multi-level language model

The first Multi-Level LM, which we call ML.-LM, is shown in Fig 5.4a. It utilizes two
LMs. The first one is trained to predict the first level of labels (T1), while the second
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Figure 5.4: Proposed two-level classification models.

one is trained to predict second-level target classes (T2). Again, task T2 operates on
a flattened representation to avoid sub-label duplicates.

After the models have been trained disjointly on the separate tasks, their respect-
ive weights are frozen. In ML-LM, the document embeddings obtained by these models
(using one of the summarization strategies of Table 5.7) are concatenated together
and fed to a linear layer, which is then trained on T2. To reiterate, at this point, only
the parameters of the classification head are learnable, meaning computational costs
are much more affordable. Note that the classifier outputs from both base models
are discarded since we are interested in the pre-classification embeddings only.

5.3.4.2 Supported language model

The SupportedLM approach utilizes a LM previously fine-tuned on T1 as “support”
to a secondary LM, which has not yet been fine-tuned. The second model is trained
on the T2 task as before, but with additional information derived from the support
model. The document embeddings from the two models are concatenated before the
final classification layer. In this case, this step effectively adds extracted features
from the first-level label, giving the second model a chance to rectify its prediction
on T2 based on the feedback from the first model. The architecture of the model is
showcased in Fig 5.4b.

5.3.4.3 Double-head language model

In the DoubleHeadLM approach, a single LM is used to produce document embeddings
that are fed to two intermediate linear classifiers, one for each task. The two outputs
of this prediction step are then concatenated and fed to a final linear classifier
trained on the second task. The whole model is trained end-to-end, with three
loss objectives, one for each classifier. The goal of this approach is to enforce a
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regularization effect on the produced embeddings so that they better reflect all the
information needed to predict both levels of labels. The final classifier combines
the predictions of the intermediate classifiers to predict the correct labels. Fig 5.4c
showcases the architecture of this model.

5.4 Experimental Results

In this section, we discuss the performance metrics and report the results. A
thorough discussion of our findings and implications is provided in § 5.5.

Experiments are run on a machine with an Intel i19-9900K CPU, an Nvidia Ge-
Force RTX 2080 Ti GPU, and 64 GB of RAM, with CUDA 10.1 and Python 3.10
used at runtime. The SVM algorithm is based on Scikit-learn’s [63] linearSVC
implementation, while DeepTriage is developed in Keras [93]. All contextualized lan-
guage models (including BERT, XLNet, and their custom variations) are developed
in PyTorch 1.11 [227].

To benchmark the selected methods, we utilize standard classification metrics,
i.e., accuracy, precision, recall, and F; score, which are detailed in Chapter 2, § 2.2.3.
The latter three metrics are macro averaged, meaning that all classes contribute to
the average in the same manner (i.e., without weighing for class imbalance). We
did not use hierarchical metrics in this analysis, as they did not provide significant
additional information in our previous experiments.

5.4.1 Results

This section contains the results of our experiments. We compute metric values
using two repetitions of 3-fold cross-validation: in every run, 33% of the data is used
as a test set, and the remaining part is used for training. We select this specific
number of folds to reduce the time needed to train and test all models, since the
procedure is repeated twice for each one. This allows us to account for the variability
of results and still contain the overall training time. Splits generated for testing
or validation are sampled using stratification to ensure that labeled documents are
selected in the same proportion as they appear in the whole dataset. All results
reported in this section are obtained by averaging the measured metrics over all six
runs. Before testing, we used 20% of the training split as a validation set to select
the models’ hyperparameters.

5.4.1.1 Document embedding summarization strategies results

Table 5.8 lists results obtained by training BERT-based classifiers on the T2 task with
different document embedding summarization strategies. Again, before measuring
performance on the test split, we used 20% of the training set to determine the
optimal values for the following hyperparameters:



106 5. Hierarchical Classification for Support Ticket Automation

Number of fine-tuning epochs;

* Learning rate (choosing between 5¢76, 1e75, 2¢75, 5¢7?);

Whether to apply stronger preprocessing procedures;

Whether to train the model with weighted cross-entropy.

The learning rate values experimented with were inspired by the ones used in
the original BERT paper, scaling them to suit our reduced training batch size. We
apply the same preprocessing used in DeepTriage [224], and we verify whether
the additional cleaning operations proposed by Lyubinets et al. [171] are beneficial.
We additionally try an approach that weighs each class’s contribution to the cross-
entropy value according to their support, so that less occurring classes contribute
the most. Finally, to select the best number of epochs, we train using early stopping
based on the loss value, with patience set to 2 epochs (as fine-tuning procedures
usually run for very few epochs). We test all the combinations of the above-mentioned
parameters on the validation set using a 3-fold CV. We validate using both the cls
last and avg last strategies (among the ones listed in Table 5.7).

In both cases, the best results were achieved by training for no more than
3 epochs, with the learning rate set to 2¢~°, unweighted loss, and no additional
preprocessing. Therefore, we used these settings for all tests reported in Table 5.8.
As the cls concats strategy was the best among strategies that utilized multiple
hidden layers, we further tested this strategy for varying values of 4. As it turns
out, the cls concatg strategy outperforms the previous one.

5.4.1.2 Multi-level models results

We present in Table 5.9 results obtained with the multi-level classifiers. We test these
configurations using the “bert-base-uncased” model [192] available on HuggingFace
[270]. Models are tested using only the best-performing averaging strategy, based on
the results presented in the previous section.

As with the previous tests, we use the unweighted cross-entropy loss and make no
additional preprocessing. The base LMs and respective classifiers utilized in the first
and second architectures are first trained with the same hyperparameters chosen
for the T2 task. When specified, the LMs then have their weights frozen for the
remainder of the training process. To reiterate, these are LM; and LMy in the first
architecture, while this applies only to LM; in the second architecture (Fig 5.4). We
perform a separate hyperparameter tuning for learning rate and number of epochs
for the final classifier of these architectures (i.e., the bottom CLF T2 in the figures),
testing them as before on the validation set and utilizing a 3-fold CV. During tests,
the models are trained for 2 epochs with learning rate set to 2e° for SupportedLM
and DoubleHeadLM and 2e~* for ML-LM.
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Table 5.8: Test set results (%) with BERT classifier on T2 comparing summarization
strategies on the Linux Bugs dataset (+ SD). Best results are outlined in bold.

Basis Strategy Acc Fq Prec Rec
last (p)* 51.8 + 0.6 354 +0.9 38.6 £ 0.9 36.5 + 0.6
last 56.6 + 1.2 446 + 1.8 479 + 2.7 452 + 1.7
avgs 53.1+1.0 393 +1.2 420+ 1.8 39.8 +1.2
concatsg 535+ 1.0 40.0+ 14 426 + 1.5 40.1+1.2
cls concatsg 57.1 + 0.8 45.6 + 1.3 49.8 + 1.3 458 + 1.5
concaty 56.8 + 0.9 457 + 1.4 49.0 + 1.3 458 + 1.7
concats 56.5 + 1.2 45.6 + 1.3 486 + 1.1 45.8 + 1.8
concatg 56.0 £ 1.1 453+ 1.5 48.6 + 1.3 453 + 1.7
concatig 56.2 + 0.8 455+ 14 48,5+ 1.5 457+ 1.6
last 52.5 + 0.8 38.7+ 1.0 420+ 1.5 38.8+ 1.0
avg avgs 52.2 + 0.5 38.3+ 1.3 409 + 2.1 38.7+ 1.0
concaty 52.3 £ 0.7 39.0 £ 0.9 411 +1.5 394+1.1
last 522 + 1.1 385+14 415+ 1.1 39.1+14
max avgs 51.9 + 0.7 375 +1.3 395+ 2.1 38.7+1.4
concats 51.8 + 0.6 37.3+1.5 40.1 £ 2.1 383 +1.2
max min last 52.2+ 1.0 37.7+1.1 39.5+1.9 395+ 1.0
- avgs 52.2 +£0.9 374+ 1.0 395+1.9 385+1.1
sk av last 51.6 +£ 0.7 38.1+1.2 40.6 + 1.7 39.0+1.2
-avg avgs 519+ 0.6 379+ 0.7 402+ 1.1 39.2 +£ 0.7
last 27.8 + 1.8 7.0+0.6 7.6 +£0.6 8.7+0.7
SUM_SUM_NOTM 1 cats 25.2 + 3.2 5.0 +0.7 4.6+0.7 7.1+0.8
last 40.6 +£ 1.8 17.1+ 1.7 19.2 +£ 2.3 206 £+ 1.6
sum_norm concatg 379+ 1.3 13.5+ 1.9 149 + 2.2 179+ 2.1
concats 38.8+1.5 13.5+15 149+ 15 18.0+ 14

* Pooled, as in the standard approach for BERT classification (i.e. cls pooled).

5.4.1.3 Baselines results

We report in Table 5.10 the results obtained using the baselines outlined before. We
perform a hyperparameter search for all neural models to select the best learning
rate. For FastText, we report test results after performing the auto-tune procedure
for 25 minutes on 20% of the training set. Before testing, the model is retrained on
the entire training set with the best hyperparameters. XLNet is validated on the
same learning rates used for BERT, and we use the same early-stopping strategy to
select the number of epochs. We used the loss value as the target score in validation
with neural networks, and we used the Fy score for the other baselines. For XLNet,
we utilize the last token as document representation, as suggested by the authors.
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Figure 5.5: Visual comparison of the accuracy and macro F; score (%) of various
approaches to document embedding summarization on the Linux Bugs dataset.
Abbreviations: 1 = last, a = average, ¢ = concat, s = sum.
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Figure 5.6: Test set results on the Linux Bugs dataset, utilizing BERT fine-tuned
with a linear classifier. The graph represents the change in accuracy (left) and macro
F; (right) scores with the number of hidden layers concatenated for the cls_concat
strategy. In this case, 1 stands for the raw [CLS] token (not pooled). The “x” marks
represent the upper and lower bounds given by the SD.

This strategy provides the best results on our task and is the one reported in this
section.
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5.5 Discussion

We summarize in Fig 5.7 the results of both baseline methods and our proposed
approaches. The results demonstrate that our proposed methods can be more

effective than baselines trained on the “flattened” version of the datasets.

observed an improvement on the Linux Bugs dataset, especially, and on the Financial
dataset as well (though to a lesser extent), despite the latter not being strictly
hierarchically labeled. Our findings confirm that models trained on the T2 task can

Table 5.9: Test set results (%) with multi-level classifiers on T2 with cls concats

averaging strategy (+ SD). Best results are outlined in bold.

Model Acc Fy Prec Rec
Linux Bugs
ML-BERT 60.2 + 1.0 500+ 14 51.8 + 1.2 50.1 + 1.3
SupportedBERT 61.1 + 0.7 48.5 +1.3 52.5 + 1.0 487+ 14
DoubleHeadBERT 54.9 + 0.8 40.0 + 1.3 442 +1.0 41.0+14
Financial
ML-BERT 63.3 +2.9 26.7 + 2.0 31.1 + 2.7 26.8 + 1.9
SupportedBERT 64.9 + 2.1 249+ 1.0 30.3+1.9 25.1 £ 1.0
DoubleHeadBERT 57.6 +1.1 184 +0.9 22.1+ 2.3 19.3 £+ 1.0

Table 5.10: Test set results on baseline algorithms (+ SD). Best results are outlined

in bold.
Model Acc Fy Prec Rec
Linux Bugs
DeepTriage 516 + 04 447 + 0.6 49.3 +£ 0.7 43.2 + 0.6
SVM 55.1+0.4 47.3 +£ 0.6 55.2+1.3 45.9 + 0.6
FastText 43.3 £+ 0.3 29.1 +£0.3 381+14 28.1 + 0.2
XLNet 55.6 + 0.6 45.3 £ 0.6 48.0+£ 0.9 453 £ 0.1
BERT (cls pooled) 51.8 + 0.6 354 +0.9 38.6 + 0.9 36.5 + 0.6
BERT (cls concats) 57.1 £ 0.8 45.6 + 1.3 49.8 + 1.3 458 £+ 1.5
Financial

DeepTriage 494 + 2.7 203+ 1.1 26.2 + 2.3 194+ 1.3
SVM 52.8 + 1.0 254 +1.0 364 +1.9 22.7+ 0.7
FastText 54.2 + 0.6 15.7+ 22 20.2 + 2.8 15.3+1.9
XLNet 59.2 + 2.1 26.1 + 3.0 31.7 £ 3.0 25.8 + 3.8
BERT (cls pooled) 59.1 +0.4 23.7+1.1 26.4 + 2.1 240+ 1.2
BERT (cls concats) 59.5 + 0.9 24.0 £ 0.7 29.0 + 3.2 24.2+0.9
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benefit from the integration of information from a model specialized in the T1 task.

5.5.1 Our Models

On the Linux Bugs dataset, our experiments show that ML-BERT and SupportedBERT
respectively achieve 9.7% and 6.4% of F;-score improvement over the flattened classi-
fier with the best averaging strategy. The improvements in terms of accuracy instead
amount to 5.4% (ML-BERT) and 7.0% (SupportedBERT). The results on the Financial
dataset follow a similar trend; the two models achieve 11.3% and 3.8% improvement
in F; score over the flattened classifier, while the accuracy score improves by 6.4%
and 9.1%, respectively. Overall, ML-BERT and SupportedBERT achieve the highest F;
and accuracy scores among all baselines, with a slight tendency by ML-BERT towards
higher F; and, conversely, by SupportedBERT to favor accuracy.

The best baseline method in terms of accuracy is the cls_concats flattened classi-
fier. In terms of F'; score, the SVM classifiers are the best on the Linux Bugs datasets,
while XLNet is the best on the Financial dataset. Still, ML-BERT outperforms them
by 5.7% and 2.3%, in each dataset, respectively. A notable exception can be seen in
the performance of XLNet on the Financial dataset. When gauged against F; score,
XLNet performs better than both the cls_concats classifier and SupportedBERT, and
only 2.2% worse than ML-BERT. The non-strict hierarchical structure of the Financial
dataset most likely affects the performance of our framework, which targets the
dependency among labels directly.

The overall performance of DoubleHeadBERT is lower than that of the other
methods. In this regard, we can assume that the embeddings contain the most
useful information classification-wise. Our experiments suggest that combining
the classification output (i.e., the logits) of two separate classifiers does not provide
enough semantic information for a third classifier to make the required adjustments
to the prediction.

5.5.2 Baselines

Performance metrics across baselines are quite close; in some cases, we found that
more recent approaches would perform worse than the SVM-based classifier, which
instead performed remarkably well on both datasets. The most critical advantage
that we would expect BERT to have over models based on traditional text repres-
entations is the ability to extract more expressive features that can embed both
contextual and sequential information from the tokens. However, the Linux Bugs
dataset is very noisy, with many grammatical inconsistencies and technical readings,
like stack traces or memory addresses. These likely make little sense for a LM
pre-trained on more structured natural language. On the other hand, the SVM-
based approach utilizes BoW features weighted with TF-IDF; therefore, the classifier
only looks at global word frequency without considering any structural information.
Indeed, it is conceivable that the strength of the SVM classifier can be explained by
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the lack of particular expressiveness in the structural information of these datasets.
While the Financial dataset is less cluttered in terms of technical jargon, it is still
rather noisy, while also being characterized by many structurally unsound sentences.
Still, sentence structure is more expressive here, as demonstrated by the stronger
performance of both our baseline LMs and our proposed approaches. However, as
mentioned in § 5.3.1, the labeling in this dataset is less consistent than in the other,
which explains the generally lower precision and recall scores.

The FastText classifier obtained worse performances than other methods on both
datasets. Given the amount of noise in the datasets we experimented with, it is
possible that fine-tuning the embeddings before applying them to the classification
task may improve the results of this approach — similar to what we do in our
Transformer-based approaches.

DeepTriage obtains decent results, though not on par with BERT-based mod-
els. This was to be expected, as Transformers are capable of higher semantic and
syntactic understanding as compared to recurrent models, and therefore create
more meaningful representations for the documents. A noteworthy disadvantage of
DeepTriage is indeed its recurrent nature; the computational expense for training
becomes quickly unmanageable when attempting to process longer sequences. While
the original authors limit sentence length to 30 tokens, our preliminary tests show-
cased major improvements when allowing for longer sentences in the model, leading
us to increase this threshold to 200 in our tests. The results are still noteworthy, as
they are rather close to the best-performing flattened classifier (more so in terms of
F1 score).

In terms of framework, the approach based on XLNet is quite similar to the
standard BERT approach. In our experiments, it was only tested on the flattened
dataset, but it can be adapted for use with the proposed Multi-Layer architectures.
However, XLNet is not pre-trained on a NSP task like BERT, and has no [CLS] token
ready for classification; therefore, it needs an alternative summarization strategy.
In our experiments, we observe that XLNet performs better than BERT with the
cls pooled strategy, and its metrics are very similar to those obtained with BERT’s
cls last method. XLNet likely suffers from the same issues that BERT has on these
datasets, i.e., is hindered by technical jargon and very concise sentence formulation.
Still, as mentioned before, the model manages to beat our SupportedBERT approach
on the Financial dataset in terms of F; score, and is rather close to ML-BERT. As the
hierarchical structure of this dataset is rather weak, this likely showcases that a
better understanding of the documents (i.e., better document embeddings) is more
important than integrating the already inconsistent structure of the labels.

5.5.3 Document Embedding Summarization Strategies

The choice of document embedding summarization strategy has a considerable
impact on classification performance, a fact that is confirmed by our tests on the
Linux Bugs dataset (results in Table 5.8 and Fig 5.5). Using the cls concats strategy
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improves F; score and accuracy by 28.8% and 10.2% with respect to the standard
classification method, which utilizes the [CLS] token after pooling from the last
hidden layer only. We point out that the “raw” [CLS] token (not pooled) is superior
to its pooled counterpart on this particular dataset; we have discussed the reasons
behind the usage of such “pooled embeddings” in § 5.3.3. We also observe that both
the avg last and avg concats strategies improve in precision and recall over the
widely used cls pooled approach, with the latter being the second-best strategy for
F1 score. However, in our experience, the avg strategy does not seem to work well
with an approach based on concatenating the average of multiple hidden layers, and
therefore we only report the result obtained by concatenating two hidden layers.

Our experiments aimed to measure the importance of the summarization strategies
for word embeddings. By analyzing combination strategies based on normalized
sums, averages, and other operations, we sought to verify whether we could effect-
ively “follow a path” in the high-dimensional vectorial space to obtain a meaningful
representation for a document. In more detail, word embeddings can be seen as
points in an n-dimensional space; sequences of words can then be interpreted as
a path of oriented vectors in the same space. Under this assumption, averaging
embeddings is a reasonable way to obtain a single document vector representing the
overall direction of a sequence of words. However, an average also accounts for the
magnitude of word embeddings. To reduce its importance and focus on the direction
of vectors, we also normalize the sum of vectors in two different ways. We obtain
worse results, suggesting that, in our case, the length of vectors should be considered
for a good document representation. We also report results using other approaches
that have been used in the literature, like maximum and minimum, even if we find
the geometrical interpretation of these operations to be less theoretically justifiable.

An interesting takeaway of these results is the effectiveness of the [CLS] token
as a summarization of the document in BERT models. Moreover, this is true for
all (or at least, a majority of) hidden layers of the model, as demonstrated by the
effectiveness of combining multiple [CLS] tokens. Overall, we found the difference
in results utilizing different summarization strategies to be quite striking. On these
grounds, it is possible to hypothesize that providing the model with information from
multiple hidden layers could allow it to leverage a richer set of features, therefore
leading to better classification. We test this hypothesis in an experiment, the results
of which are reported in Fig 5.6. In this experiment, we progressively concatenate
the [CLS] representation from the deepest (last) layer backwards with the shallower
ones. Upon inspection, we observe that the addition of more layers fails to provide a
steady improvement. This could be attributed to at least two factors: (a) the deeper
hidden layers already capture the most useful features for this task, or () simple
concatenation is not the ideal approach for combining the information provided by
these different layers.
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Figure 5.7: Visual comparison between the tested methods in test set accuracy (left)
and macro F; (right) for the Linux Bugs and Financial dataset. Abbreviations: DeepT
= DeepTriage, FT = FastText, ML-LM/Supp/DoubleH = our proposed strategies. As
before, BERT and XLNet refer to the standard usage of those models with a single-
layer classifier head.

5.6 Limitations and Opportunities

From an architectural standpoint, the primary limitation is that our multi-level
model requires manual modifications to support arbitrary hierarchy depths; future
work could focus on adapting it to handle varied hierarchical structures dynamically.
Furthermore, we acknowledge that contemporary generative or larger encoder-only
LMs would likely offer a more performant solution today.

We also point out that a fully supervised approach may not be the most suitable
for all real-world applications, since companies may not have a fixed set of target
labels or may want to change them dynamically. It would therefore be interesting
to compare the effectiveness of hierarchical clustering methods, which could group
tickets without predefined categories [130]. Additionally, the zero-shot capabilities
of modern generative LLMs offer a compelling alternative that could achieve strong
performance without the need for expensive fine-tuning, making them a worthy first
benchmark for any future industrial application.

Further architectural improvements could involve validating other LMs within
the SupportedLM and ML-LM architectures. For example, a model like ByT5, which
operates on raw bytes, could be particularly effective for noisy ticket data by mitig-
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ating out-of-vocabulary issues [349]. It would also be valuable to investigate if the
performance gains from our hierarchical approach scale with larger, more general
LMs.

Another interesting opportunity is to conduct a deeper analysis of the hidden
layers within contextualized LMs. Our study found that simply concatenating more
than three layers was not beneficial, which highlights the need to investigate more
effective strategies for combining these internal representations. While our work
focused on performance, advanced interpretability tools like the Language Inter-
pretability Tool [264], Errudite [200], and iSEA [391] could be used to perform a
more meaningful semantic error analysis of these factors. This could also provide im-
portant insights into how layer-specific fine-tuning contributes to global predictions,
potentially leading to further architectural improvements.

5.7 Conclusion

In this chapter, we provided an up-to-date view of recent research in Ticket Automa-
tion, categorizing the literature according to the sub-task it addresses. We identified
four primary sub-tasks and delved into one of the most critical, Ticket Classification.
We explored the application of contextualized LMs — specifically, BERT and XLNet —
on two public hierarchical TC datasets. The first, containing bug reports, features a
well-organized label hierarchy, while the second, a collection of customer complaints
addressed to financial companies, has a less clearly structured hierarchy.

We investigated several strategies for producing document-level representations
from BERT’s word embeddings, and our results on both datasets show that the
chosen strategy significantly impacts performance. This underscores the importance
of treating the embedding strategy as a key hyperparameter to be tuned during
validation. Furthermore, we introduced and tested three multi-level classifiers
designed to leverage hierarchical label dependencies. Two of our proposed model-
agnostic frameworks demonstrated solid improvements over standard “flattened”
classification approaches. This analysis concludes the first part of my work related
to the development and practical application of TC methods.
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The previous chapters discussed my work on pre-trained LMs and their applic-
ation to text classification (T'C) problems. While these deep learning (DL) models
achieved strong performance, their inherent opacity motivates the research presen-
ted in this part, which is dedicated to building and analyzing more transparent
classification pipelines. The first two chapters demonstrate solutions to practical
tasks using Explainable Artificial Intelligence (XAI) methodologies, while the last
provides an analysis of language understanding in LLMs, evaluated through classi-
fication and self-rationalization performance. Chapter 6 establishes that, for some
tasks, transparent models should be preferred over opaque black boxes. Inspired
by seminal works advocating for simplicity [191, 293], this chapter uses a computer
vision task — classifying the ripeness of banana crates — to argue that signific-
ant gains in explainability can be achieved with only a minimal loss in accuracy.
From this basis, Chapter 7 addresses the necessary compromises when transitioning
from simple problems to complex ones. Recognizing that the ideal of a single, fully
transparent model is often impractical in Natural Language Processing (NLP) due
to the complexity of language, this chapter proposes a novel “layered” approach
to explainability. The framework operates on the principle that explanations are
most valuable at specific levels of granularity; it therefore permits the use of opaque
models for semantic feature extraction while ensuring the final decision-making
layer remains transparent. Finally, Chapter |8 investigates the ability of generative
Large Language Models (LLMs) to identify puns and to explain their own predictions,
framed as a study on subtle language understanding and rationalization capabilities.
In this study, we analyze how even the most sophisticated LLMs struggle with
this nuanced task of humor detection, revealing that their understanding is often
superficial.
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Prioritizing Transparent Models in
Classification

The success of DL has made complex, opaque models the default choice for many
tasks solved with Artificial Intelligence (AI). While powerful, their intrinsic opacity
complicates the explanation of their predictions, which can hinder debugging, prevent
meaningful audits, and reduce user trust. This chapter, largely based on our research
published in Rizzo et al. [8], challenges the assumption that this complexity is always
necessary. As the first investigation in this section, we showcase how a problem
can be effectively solved by pairing data processing strategies with traditional,
inherently transparent models. To this end, we demonstrate an often-neglected,
knowledge-based approach to problem-solving. Our contribution is threefold. First,
we introduce a set of guidelines for creating “explainable-by-design” systems. Second,
we apply these guidelines to the task of classifying the ripeness of banana crates,
and conduct a direct comparison between our transparent model and an opaque DL
baseline. The results demonstrate a minimal loss of accuracy for a significant gain
in the interpretability of the classifier’s decisions. Finally, we validate our approach
through a user study evaluating the perception and usefulness of the generated
explanations.

6.1 Introduction

Over the past decade, DL has driven significant advances in machine learning (ML),
achieving high accuracy across various cognitive tasks. However, as detailed in
Chapter 3, this complexity creates challenges in interpreting model decisions and
guaranteeing accountability, fairness, and transparency — requirements that vary
by system criticality. These regulatory obligations often conflict with the intuitive,
trial-and-error design process typical of DL, where formalized metrics for such
criteria are frequently lacking. Building on the framework established in Chapter 3,
we view an explanation as the translation of computational evidence into a semantic
interpretation. This process requires balancing faithfulness (adherence to the model’s
actual reasoning) and plausibility (alignment with the end-user’s reasoning) of an
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Figure 6.1: Ripeness stages for crates of bananas from least ripe (1) to ripest (4).

interpretation, which must be conveyed through an effective Explanation User
Interface (XUI). This holistic perspective on explanation as a process challenges the
common research focus on maximizing accuracy at the expense of interpretability.
While rigorous techniques like SHAP [133] can support this process, they cannot
cover all the necessities of a realistic system, which invariably requires domain
knowledge, user validation, and precise requirements definition. To address this,
this chapter proposes a solution-oriented approach grounded in established design
principles for explainability. Through stakeholder consultations and comparative
performance benchmarks, we empirically select the simplest models capable of
meeting system requirements. This strategy facilitates a comprehensive design and
analysis of model explainability, which we illustrate through a practical industrial
application.

6.1.1 Task and Approach

To showcase our design strategy, we analyze a straightforward real-world scenario
in which stakeholders required a degree of transparency into an automated classific-
ation system. Our target task is the classification of the ripeness of banana crates
on a scale from 1 (least ripe) to 4 (ripest) (see Fig 6.1 for an example).

In our approach, we design for accuracy and explainability simultaneously. To
tackle the classification task, we select a pool of three DL methods: (i) a simple
Convolutional Neural Network (CNN) model with three convolutional blocks, (ii) a
pre-trained convolutional model based on the MobileNetV2 framework [149], and
(iii) a pre-trained Vision Transformer (ViT) [325]. As we will show, the latter allows
for almost perfect results and is the best neural model across our proposed methods;
however, none of the XAI methods we have tried seem capable of explaining its
predictions meaningfully. On the other hand, we show that an alternative approach,
based on simple color features and a Decision Tree classifier (DT), can provide
competitive accuracy while exposing the information needed (i.e., the evidence) for
producing satisfactory global explanations.
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6.1.2 Contributions
Key contributions of our work include:

* We establish design principles for ML problems that prioritize explainability
from the outset;

¢ We analyze various DL methods for a classification task that requires a balance
between accuracy and explainability;

* We demonstrate the effectiveness of a simpler, transparent DT model with
minimal feature engineering on the same task;

¢ We conduct a user study to verify that the generated explanations align with
stakeholders’ needs.

Our experiments reveal that three neural models can easily achieve high clas-
sification accuracy, which prompts us to question the necessity of complex, opaque
methods for a seemingly simple task. This finding highlights the viability of sim-
pler, more transparent models that can achieve comparable performance without
sacrificing explainability. Based on these results, we outline a set of practical design
principles to help practitioners build for explainability, emphasizing the importance
of matching model complexity to the complexity of the problem itself.

We release our code and self-collected dataset! to support reproducibility and the
extension of our research.

6.2 Related Work

Our research intersects two significant areas: (i) enhancing explainability in Al and
(i1) optimizing fruit ripeness grading.

Explainable AT DL models are often criticized for their opacity, which makes
explaining their predictions challenging. Chapter 3 presented a taxonomy of XAI
techniques, highlighting their reliability issues [166, 222, 165] and discussing why
such methods cannot function as holistic solutions to the explainability problem
[129]. Despite these limitations, model-agnostic tools like LIME [100] and SHAP
[133] remain widely adopted due to their ease of integration and visually compelling
outputs. However, these visualizations can often produce deceptively plausible
explanations that mask underlying inconsistencies. Beyond reliability concerns,
we believe the primary limitation of these techniques is their failure to bridge
the semantic gap: they typically provide low-level evidence as explanation, such
as a heatmap of important pixels, but do not guide the user toward a faithful
interpretation of that evidence. This leaves a significant cognitive burden on the

Thttps://gitlab.com/distration/dsi-nlp-publib/-/tree/main/stop-overkilling-24
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end-user, who must attempt to fill the gap between the low-level explanation and a
meaningful, high-level understanding. This process can lead to interpretations that
are misaligned with the model’s actual behavior.

In this study, we therefore compare our transparent, explainability-by-design
approach against SHAP [133], which remains a popular and rigorous benchmark in
saliency-based explainability, applicable well beyond the computer vision domain.
Aligning with the argument from Rudin [191] for using inherently transparent mod-
els in high-stakes tasks, our research advocates for a strategy where explainability is
a core design principle. We argue that simply applying some “magical” XAl technique
on top of an arbitrary black-box model is unlikely to meet the practical needs of
end-users who require genuine explanations.

Fruit ripeness recognition Grading fruit ripeness has been addressed using
statistical methods [41], traditional ML [250], and DL approaches [365]. DL methods,
known for high accuracy and minimal feature engineering, are currently among the
state-of-the-art. Rizzo et al. [5] provide a comprehensive survey on fruit ripeness
grading. However, a common trend in recent work is a focus on minor accuracy
improvements, often at the expense of explainability.

6.3 Designing for Explainability

We propose some guidelines to identify the discriminative features that are most in-
tuitive for stakeholders and to process them using the simplest ML method adequate
for the task. In this context, “simplicity” refers to the model’s complexity (e.g., num-
ber of parameters, the lower, the better) and its reliance on a human-understandable
process.

We propose a general, explainability-first design process that follows these high-
level steps:

i Define the task to be solved using ML, the input data, and the stakeholders of
the final system;

ii Engage with stakeholders to identify the attributes they consider relevant for
solving the task and which of those attributes should form the basis of an
explanation;

iii Select candidate ML models that can effectively process the defined attrib-
utes. The primary selection criterion should be the model’s ability to provide
expressive evidence that supports an interpretation that is faithful to its in-
ternal logic and aligns with the stakeholders’ intuition. It is also useful to
select a state-of-the-art, potentially opaque model to serve as a performance
benchmark.
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iv Evaluate both the model’s performance and the effectiveness of the generated
explanations. The chosen model should be competitive with the state-of-the-art
while also meeting the stakeholders’ expectations for explainability. This may
require testing for faithfulness and plausibility; user-centric metrics can be
assessed through a user study, which can help gather qualitative evidence of
the efficacy of the proposed XUI.

Step (i1) is perhaps the most challenging, especially when very little problem-
specific knowledge is available to the stakeholders. In this scenario, benchmarking
against a state-of-the-art black-box model can help establish the task’s difficulty. If
the task involves intuitive features that can be leveraged, a less complex and more
transparent model is worth trying. The intuitiveness of both the features and the
model is critical to creating an explanation that is faithful to the model’s behavior
and plausible to the human stakeholder. We acknowledge, however, that finding
meaningful, human-understandable features can be challenging for some tasks. In
NLP, for example, the inherent complexity and ambiguity of language often make
handcrafted features impractical. That is why we advocate for a pragmatic approach
that involves testing a variety of ML algorithms and XAI techniques, especially
when the task appears simple. For some problems, a simple and explainable solution
may not yet exist, but it is always worth seeking one first. The following subsections
showcase how we applied each step of these guidelines to our problem.

6.3.1 Task Definition, Stakeholders, and Data

From a practical perspective, this work deals with a multiclass image classification
task. Our stakeholders are workers at the wholesale fruit market of Treviso, Italy,
who are interested in automating the ripeness grading of banana bunches. Currently,
operators manually label bunches on an increasing ripeness value (1 to 4, least to
most ripe, see Fig 6.1). All the bananas within a crate are assumed to be in the
same ripeness stage. The ML classifier resulting from this work would aid operators
in labeling large numbers of incoming crates. Moreover, this is the first step in
digitalizing the fruit processing pipeline, from inspection and assessment of fruit
quality to online sales. Given the impact of the assessment step on fruit pricing, our
stakeholders stressed the importance of maintaining transparency in the grading
process to allow human supervision and validation.

We collected an ad-hoc dataset comprising 927 images to develop the ML solution
with a reasonable balance between the four ripeness classes. The dataset was
manually labeled by the operators who perform the quality assessment of incoming
products. To understand human performance on this classification task, we also
asked three operators to re-label a subset of images from the dataset. More technical
details on the data are provided in § 6.4.1, while human performance is reported in
§6.5.
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6.3.2 Feature Selection

After consultation with the stakeholders, we determined that color is the most
reliable and intuitive factor in determining the ripeness of banana bunches. Images
are encoded using the RGB color space, a well-known color model backed up by solid
theory based on the human perception of colors. Since color is the most important
feature of our dataset, we process images to extract valuable color information and
train our classifier to recognize the ripeness stage by considering such color. § 6.4.1
details how this information is extracted and used in the proposed solution.

6.3.3 On the Choice of Models

For this task, we selected both state-of-the-art DL methods and simpler, more
transparent classifiers. Testing DL models gives us an idea of the best performance
that can be achieved, as well as the problem’s difficulty. As stated, our primary
objective is to identify the least complex model that achieves adequate performance,
thereby maximizing transparency. To this end, we compared a DT, a Support Vector
Machine (SVM) with a polynomial kernel, and a multinomial Naive Bayes (NB)
classifier. Ultimately, we selected the DT as the most suitable transparent model,
given its comparable performance and high transparency.

We point out that the DT learns discriminative rules that partition the feature
space into regions corresponding to each target class (i.e., the ripeness stage). By
extracting color information in the RGB space, we can obtain a global explanation
that maps each ripeness stage to specific areas of that color space. We highlight
that this explanation is faithful by design, in the sense that it directly describes the
DT “reasoning” process. It is also plausible, as it is grounded in features (the RGB
color) that are both relevant to the task and understandable to stakeholders, and it
relies on the DT’s intuitive rule-based logic. These characteristics make this strategy
effective with respect to point (iii) of our guidelines.

6.3.4 Testing for Accuracy and Explainability

As for step (iv) in our guidelines, we compare the performance of the baseline models
(DT, SVM, NB) and select the DT to be the best compromise between the complexity
and intuitiveness of the explanation that can be derived from it, as discussed in
the previous section. The NB classifier achieves lower performance than the DT.
Conversely, the SVM with a high-degree polynomial kernel achieved slightly better
results (less than 0.5% accuracy and Fi-score improvement). However, given the
minimal difference in results and considering that the decision boundaries of the
polynomial SVM are more difficult to understand because of their complexity, the DT
appears to be a better choice. Additionally, we compare the DT with some state-of-the-
art DL models that would be the obvious off-the-shelf solutions for this task, in line
with recent computer vision trends. All results are reported in Table 6.1, showcasing
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that the DT achieves competitive performance and is well above human classification
performance. Finally, we want to assess the efficacy of the generated explanations
for our stakeholders. To do this, we conducted a user study to investigate the users’
preferences about the generated explanations, which is documented in § 6.5.3.

6.4 Methods and Explanations

6.4.1 Data and Preprocessing

Our dataset consists of 927 RGB images of banana crates captured at 4160 x 3120
pixels using a CZUR Shine Ultra scanner under consistent lighting. Images were
resized to 224 x 224 pixels for compatibility with pre-trained models and to facilitate
reasonable inference times. The dataset underwent augmentation with random
transformations such as rotation, affine and elastic morphology transformations,
cropping, Gaussian blur, and perspective changes to mimic real-world scenarios like
smartphone photography. About half of the dataset was augmented and incorporated
into the training set. The dataset’s visual inspection indicated noise, especially
around crate boundaries. To address this, we applied semantic segmentation using
the SLIC algorithm [65], which improved results for all methods (an example of a
segmented image from our dataset can be seen in Fig 6.2). All reported results refer
to the performance when using these segmented images. For the selected DL models,
feature extraction is automated from the raw RGB input. However, we employed
minimal feature engineering for the DT, focusing on color features. Each image was
represented by its average color’s normalized R, G, and B channel values. We also
adjusted luminance by converting images to YUV space, normalizing the Y channel,
and reverting to RGB. This process is important since RGB embeds luminance within
its channels, unlike spaces like YUV, with a separate luminance channel.

6.4.2 Deep Learning Approach

In addressing the task of banana ripeness classification, we run and compare three
neural approaches. The first architecture consists of a simple CNN using three
convolutional blocks, each characterized by two bi-dimensional convolutions and
max pooling interleaved by ReLU activation functions. The convolutional layers
extract features fed to a three-layer feed-forward neural network, which outputs
the final prediction. Before being processed by the CNN, the data is normalized to
the mean and standard deviation (SD). The second architecture we consider is the
pre-trained MobileNetV2 network [149]. Still convolutional by nature, the strategy
at the core of this method is based on depth-wise convolutions and inverted residual
connections. The designers aimed to build a powerful, pre-trained model for low-tier
devices. The third architecture we examine is the Vision Transformer (ViT) [325].
Transformers [128] are neural architectures based on multi-head attention [92],
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Figure 6.2: Examples of explanations for DL models generated using SHAP.

widely studied and employed by the NLP community [1]. This architecture, which
was introduced in Chapter 2, has been successfully applied to a variety of computer
vision tasks [369]. Briefly, ViT splits an image into fixed-size patches and linearly
embeds them. Positional embeddings are then added to the patch embeddings
to retain spatial information. The resulting sequence of vectors is then fed to a
standard Transformer encoder. For classification, a learnable “classification token”
is prepended to the sequence, analogous to the [CLS] token used in BERT [192]. In
our experiments, we use the vit-base-patch16 model [271], which was pre-trained
on ImageNet.

6.4.2.1 Explanation strategy

As previously mentioned, we employ SHAP [133] to explain the predictions of the DL
models. Unlike architecture-specific methods such as Grad-CAM (which is strictly
tailored to CNNs) or attention mechanisms (specific to Transformers), SHAP is
model-agnostic and easily applicable to a variety of modalities, including images,
text, and tabular data. This versatility makes it the most popular first choice for
many practitioners. When dealing with images, SHAP allows for the generation of
heatmaps as the primary XUI. These heatmaps are intended to describe the import-
ance of each pixel for the model’s prediction. Intuitively, warm colors indicate the
regions of the image that contributed most positively to the prediction, while colder
colors indicate areas that contributed negatively. Example explanations generated
with SHAP are presented in Fig 6.2. As discussed in § 6.2, such feature importance
heatmaps can lend themselves to ambiguous or even misleading interpretations by
end-users. Specifically, as can be seen in Fig 6.2, the heatmap appears to highlight
where the model is mostly looking, but not what it is seeing. This creates an alarming
condition where the explanation can convey to the user a “convincing lie” about how
the model behaves. The next sections show how our design addresses the challenges
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Figure 6.3: Explanation generated from the DT’s learned constraints on the RGB
color gamut. The four ripeness grades identify different areas within the gamut,
while the highlighted red square within the “Grade 1” plot represents the average
color for the specific input example, providing a local explanation.

of achieving both faithfulness and plausibility.

6.4.3 Decision Tree

In contrast to the examined DL methods’ inner complexity, we propose tackling the
same task using a simple, more transparent model based on a DT classifier. In
particular, we adopt the implementation offered by scikit-learn, based on the CART
algorithm [16].

6.4.3.1 Explanation strategy

Achieving explainability is more straightforward with specific models, such as those
with fewer parameters, as they tend to simplify the process of assigning an intuitive
and faithful interpretation. For example, the DT provides us with the possibility
of inspecting its decision rules. These rules are the evidence, which can be trivially
interpreted as a series of binary decisions based on learned splits on the RGB
features. For every non-leaf node, a DT learns a threshold for one of its features,
producing two children based on whether the feature value is above or below that
threshold. In our case, each instance is classified by following a path to a leaf
node labeled with a specific ripeness class. Conveniently, the set of rules from the
traversed path defines a specific area within the RGB color space, which forms
the basis of our explanation. Basing the explanation on the intuitive process of
discriminating between banana crates by color (as our stakeholders do) makes it
inherently plausible.

However, while the decision paths of shallow trees are simple to follow, the
decision paths can grow exponentially for features with complex interactions. Fur-
thermore, the raw numerical splits within the DT can still appear opaque to an
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Table 6.1: Macro-averaged performance metrics for the models averaged over ten
random seeds (+ SD). The performance of the discarded baselines is also reported in
the last three rows.

Accuracy Precision Recall Fq
Decision Tree 97.16 + 1.04 97.23 + 1.06 96.78 + 1.19 96.97 + 1.10
CNN 93.49 + 1.15 92.98 + 1.31 93.08 + 1.23 93.77 + 1.23
MobileNet V2 97.43 + 0.46 97.26 + 0.46 97.17 + 0.54 97.18 + 0.49
ViT 99.67 + 0.15 99.60 + 0.20 99.66 + 0.17 99.62 + 0.18
Human Perf. 75.00 £ 5.89 75.88 + 4.53 75.00 + 5.89 75.19 + 5.24
SVM (linear) 88.12 + 4.57 90.84 + 2.65 85.74 + 4.61 86.76 + 5.01
Naive Bayes 85.18 + 2.09 84.41 + 2.11 84.24 + 1.95 84.21 + 1.96
SVM (poly) 97.62 + 0.71 97.61 + 0.63 97.34 + 0.84 97.46 + 0.74

average user without a proper XUI to convey the explanation clearly. ML experts,
for instance, may be satisfied with understanding the range of RGB values mapped
to each target class, but non-expert users will likely need these rules to be processed
and visualized more clearly.

Thus, we take our explanation a step further by devising an XUI that is designed
to be human-understandable. We use the rules extracted from the decision paths
as constraints on the RGB gamut to identify and visualize the portions of the color
space corresponding to the four ripeness classes. This allows any new input to be
represented by its average color and easily located within one of these regions. This
plot, exemplified in Fig 6.3, is our proposed explanation for the DT’s behavior. It is
worth stressing that since the colored regions are extracted from the complete set of
rules learned by the DT, this visualization is, by definition, a global explanation. As
such, our strategy allows us to unequivocally see which colors are associated with
each label class. One of the key benefits of such an interpretable explanation is the
ability to validate the classifier’s behavior; any unexpected colors appearing in the
XUI would immediately point to a potential bias in the model.

6.5 Experiments

In this section, we compare the performance achieved by our employed methods.
First, we analyze the classification metrics achieved by the three DL models and the
DT. Then, we study the explanations generated according to the strategies proposed
in § 6.4.2.1 and § 6.4.3.1 and compare them through a user study involving our
stakeholders.
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6.5.1 Performance

We measure the predictive performance of our selected models using four standard
classification metrics: accuracy, macro-averaged precision, macro-averaged recall,
and macro-averaged F; score. All methods are tested using 5-fold cross-validation,
repeated ten times with different random seeds to strengthen the results. Table 6.1
showcases the results achieved with both DL methods and the DT. We additionally
report the human performance, which is the average of the scores obtained by three
stakeholders on the classification of a balanced dataset of 300 randomly sampled
images from the original non-augmented dataset (~ 20%). It is easy to see that all
methods achieve excellent results, with all metrics surpassing the 90th percentile
scores and improving on a human baseline. It is worth remembering that these
results are achieved on the datasets augmented with images that have gone through
various augmentations, which makes them more robust at the cost of small decreases
in performance.

A manual error analysis also reveals that mistakes always occur because the
classifiers select an adjacent class (e.g., class 2 instead of class 1). The ViT model
achieves a near-perfect score among the selected methods for all metrics. The DT
also obtained outstanding results, though this required comparatively more effort
(including the standardization of the luminance and extensive hyperparameter
tuning). Nevertheless, this process allows the DT to have results comparable to
those of MobileNetV2.

6.5.2 Explainability

We compare the SHAP explanations for the DL models with the handcrafted ex-
planations based on RGB color designed for the DT. Figures 6.2 and 6.3 compare
the two types of explanations for the same input. It is easy to see that the masks
produced by SHAP do not highlight meaningful features of the image. Indeed, we
can observe that the highlighted regions seem random, although some users might
be tempted to artificially make sense of these heatmaps due to their visual appeal,
which seems to suggest the model is actually looking at the right thing (i.e., the
bananas). We agree that SHAP’s heatmap XUI is very understandable in the sense
of having a manageable cognitive load; however, this property alone does not make
for a good explanation. As seen in Fig 6.2, in our case, SHAP’s visualization for
the CNN consistently presented a similar result for all classes, seemingly finding
very important features for grade 4 (even when the CNN correctly classified other
ripeness stages). The situation does not change when we visually examine the
explanations generated by the other methods.

This does not necessarily mean that the explanations generated by SHAP are
not faithful to the model’s inner workings. Rather, the intuitive interpretation
of the highlighted regions is not expressive enough to clarify how the model uses
those features internally, for example, to detect edges or shadows. As such, we can
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only conclude that, despite their plausibility, these visualizations are inadequate as
meaningful explanations for this specific task. However, this may not always be the
case. Assuming the visualization correctly reflects the model’s reasoning, the position
of important pixels would be more meaningful in coarse-grained classification tasks.
For instance, in an object detection task on ImageNet, if the important pixels are
located on an animal’s muzzle, the intuitive interpretation is that the muzzle is a
crucial feature. Nevertheless, even in this more favorable scenario, the interpretation
of the heatmap comes from the user and is not guaranteed by SHAP. Different users
might arrive at different interpretations, for example, thinking the heatmap is
highlighting facial hair instead of the muzzle. This exemplifies why we believe
saliency-based methods do not fully solve the explanation problem on their own but
rather support the process of generating an explanation.

On our specific dataset, however, the position of these highlighted regions does
not convey intelligible information. Conversely, our explanation (both local and
global) for the DT is faithful to the model’s inner workings by design. This strategy
provides the user with a much more informative explanation that is understandable,
plausible, and faithful to how the model works.

6.5.3 User Study

We designed a user study to investigate preferences for the generated explana-
tions. The study involved 20 stakeholders in the banana ripeness grading process,
representing a diverse range of backgrounds and Al expertise. Through an on-
line questionnaire, participants were asked to self-report general demographic and
professional characteristics (detailed in Table 6.2) and then compare two types of
explanations for the same prediction: (i) a heatmap generated by SHAP for the
top-performing ViT model, and (ii) a visualization of the input’s average color in the
RGB gamut, extracted from the DT model. The primary objective was to determine
which explanation better showed why the model made its decision.

When asked about the value of explainability, all participants agreed that explan-
ations were necessary, with most considering them essential. As for the preferred
method, ten of the twenty respondents considered the DT’s RGB visualization to
be the most effective, while nine voted for the SHAP heatmap. Three declared
that neither explanation was helpful to them?. This result is interesting; although
SHAP’s visualizations do not provide an unambiguous explanation (as they only
show where the model was looking), their visual appeal was compelling enough for
many participants to deem them trustworthy.

Finally, 80% of respondents declared that the chosen explanation would improve
their trust in the model, and 70% were willing to trade approximately 5% of the
classifier accuracy for a more transparent and human-explainable decision process.
Considering that the accuracy loss between our DT and the most accurate model is

2Two participants selected both the RGB explanation or the “neither” option.
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Table 6.2: Distribution of participant characteristics (self-reported) in the user study.
Total participants N = 20.

Characteristic Category Count (N) Percentage (%)
Age Group 18-25 1 5.0
26-30 6 30.0
> 30 13 65.0
Years of Experience 0-5 7 35.0
> 10 6 30.0
04 5 25.0
5-10 2 10.0
Al Understanding 1 — No understanding 1 5.0
2 1 5.0
3 5 25.0
4 2 10.0
5 3 15.0
6 3 15.0
7 — Expert 5 25.0

only around 2.5% for this task, there appears to be little practical reason to prefer
the more opaque model.

To determine if these preferences were influenced by user background, we conduc-
ted a Spearman’s rank correlation analysis between the expressed preferences and
user characteristics (age, domain experience, and Al familiarity). The analysis yiel-
ded no statistically significant correlations, indicating that the observed preferences
were independent of the collected user characteristics.

We acknowledge, however, a key limitation. The relatively small sample size
prevents us from drawing generalized conclusions, despite our efforts to include
participants with varying levels of experience. Additionally, the XUI used to deliver
explanations, shown in Fig 6.3, was basic and may have influenced the results.
Nevertheless, the study is valuable in demonstrating that users may be drawn
to explanations that are superficially appealing but potentially less faithful to a
model’s true reasoning. It highlights that the user’s perspective is a central factor in
designing truly usable and effective explanations.

6.6 Limitations and Opportunities

While our findings support the value of our explainability-by-design approach, this
study has several key limitations that, in turn, point to valuable opportunities for
future research. The primary limitation is the simplicity of the case study itself. The
classification of banana ripeness relies on a single, highly intuitive feature (color),
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which makes it an ideal candidate for a simple, transparent model. Applying our
guidelines to more complex tasks, where discriminative features are not as easily
defined or where domain knowledge is unavailable, would be significantly more
challenging. Additionally, our use of a simple average color to encode each image,
while effective here, is a simplification that would not suffice for problems requiring
an understanding of attributes like texture, shape, or complex patterns. Future
work could extend this design principle by incorporating a higher number of more
complex features (e.g., color distribution) while accounting for explainability. More
complex visual tasks could leverage keypoint descriptors such as SIFT [103] to encode
information concerning shapes or gradients, preserving a degree of explainability
that is lost in end-to-end DL models. In this work, we utilized SHAP because of its
widespread adoption as a robust, “off-the-shelf” solution and its flexibility across
various data modalities. While other image-specific techniques, particularly gradient-
based methods, were not tested here, we point out that any saliency-based approach
providing explanations in terms of input features would likely be unsuitable for this
use case. Indeed, as illustrated in Fig 6.2 and discussed in § 6.2, raw feature masks
fail to convey semantic meaning to the user; similar masks generated by alternative
XAI methods would suffer from the same “semantic gap” issue.

As mentioned, the user study, while providing valuable preliminary insights, was
limited by its small, relatively homogeneous sample size and an unrefined present-
ation of the explanations. A larger, more diverse study with a more sophisticated
XUI would be needed to validate these findings more robustly. Finally, in line with
the explainability-by-design principle, a promising avenue for future work is the
exploration of regularization strategies to improve the inherent explainability of
complex DL models, especially for producing more robust explanations [181, 144].
Investigating how to impose constraints on the features learned by neural networks
could guide them to develop more human-understandable representations. This
approach can help bridge the gap between high-performance black-box models and
the need for transparent, unambiguous explanations [332, 406].

6.7 Conclusion

This chapter has discussed the explainability of ML models by proposing high-level
guidelines to tackle ML problems with transparency as a primary goal. We demon-
strated this approach by comparing three DL models to a DT for classifying bananas
into four ripeness stages. While the DT yielded slightly lower accuracy, it produced
inherently more explainable results. This task showcases how model design can be
engineered to support an intuitive explanation strategy, rather than relying purely
on a post-hoc approach. We argue that, where possible, working with a transparent
model and stakeholder-understandable features provides satisfactory explanations
with a minimal trade-off in accuracy. To validate this claim, we conducted a pilot
user study with 20 participants, comparing explanations from SHAP against those
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derived from color features and rules learned by a DT. The results indicate a user
preference for more understandable models, even at the cost of minor accuracy losses,
yet they also reveal a tendency among non-experts to favor simpler explanations,
regardless of their faithfulness.

While this principle of prioritizing simpler, transparent models is powerful, many
real-world problems are too complex to be solved by a single shallow model. The
next chapter, therefore, addresses this challenge by proposing a method to build
explainable systems for such tasks, strategically layering both simple and complex
components to maintain transparency.
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Designing Layers of Explainability

We build upon the premise that genuine explainability requires transparency in
model design. This chapter addresses classification tasks where a single transparent
model is insufficient, proposing a compromise between transparency and the need
for opaque DL systems. Specifically, we introduce a novel, modular framework for
TC that prioritizes explainability without a significant performance trade-off. The
core of our methodology is the premise that low-level features can be extracted using
powerful models, while the final aggregation and classification are performed by a
transparent model. We show that this layered approach allows us to trace a decision
path more effectively than using end-to-end DL methods with a post-hoc explainer.
Our results demonstrate that this method yields effective and faithful explanations
with only a marginal reduction in accuracy, presenting a compelling trade-off for
applications where understandability is paramount.

This approach can be seen as a direct extension of the principles outlined in the
previous chapter, and was adapted from our research published in Zangari et al. [9].
The main distinction lies in the complexity of the problem: while the previous work
addressed a task solvable with a single, domain-specific feature (color), this chapter
tackles a more complex TC problem. Here, the goal is to leverage a wide range of
general, yet semantically meaningful, features to build a transparent and robust
classifier. Additionally, we conduct a formal study of faithfulness, comparing our

method’s explanations against those derived from a standard, end-to-end fine-tuned
LM.

7.1 Introduction

DL-based approaches differ from traditional ML methods in their innate ability to
learn complex, high-order features. These encodings, developed through layers of
compression and non-linear transformations, make it challenging for humans to
understand their meaning or origin. In contrast, traditional ML relies on manually
crafted features by experts, which are more straightforward but require intensive
labor and time to create. As discussed in the previous chapter, the vocabulary of
raw input features (e.g., pixels or words) often lacks the expressiveness to explain
a model’s reasoning, as these features are combined in deep layers into complex
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representations that are inexplicable in terms of the original inputs. In other words,
the autonomous feature extraction capability of DL models comes at the price of a
significant gap, a divide, between the expressiveness of the model’s internal rep-
resentation of the world and the human capacity to comprehend it. More precisely,
this divide originates from the discrepancy between the high-dimensional feature
extraction and optimization process typical of DL and the human-scale reasoning
needed to explain a decision effectively [107]. This consideration leads to an import-
ant argument against the unregulated usage of DL: the risk and likely possibility of
unintentionally encoding various forms of bias into the model [323].

Despite these challenges, the effectiveness of DL models in solving complex
problems cannot be overlooked. As seen in Chapter 2, NLP, in particular, has evolved
from traditional methods requiring extensive preprocessing to modern LLMs that
generalize language understanding and contextual reasoning far beyond manual
feature engineering.

7.1.1 Task and Approach

To address the divide between DL models and human comprehension, we propose
a layered design process that strategically utilizes DL and traditional methods to
tackle smaller sub-problems. The core of the approach is to use capable pre-trained
LMs as feature extractors to convert raw text into a set of high-level, semantically
meaningful features (e.g., the presence of sarcasm, the main topic of the text). This
has the advantage of tapping into LMs’ vast knowledge that wouldn’t be possible
with traditional computational approaches. These features are then used as input
for a simpler, transparent classifier, for which we use an XGBoost model.

We validate this approach on two binary classification tasks: sexism detection in
social media posts and polarity detection in movie reviews, both framed as binary
classification problems.

7.1.2 Contributions

The primary contributions of this work are as follows:

* We propose a layered framework that generates explanations based on se-
mantic features rather than low-level raw inputs, aiming to bridge the “explan-
ation divide” for end-users;

* We compare our approach against standard end-to-end DL classifiers, quanti-
fying the trade-off between performance and explainability;

* We analyze the faithfulness of our method’s explanations using functional
metrics and compare them to those derived from the baseline DL models;

* We conduct a user study to gather evidence on the perceived quality and
effectiveness of our explanation strategy.
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We release the full code implementation for reproducibility’.

7.2 Related Work

As detailed in our previous chapters, the dominant paradigm in XAI for NLP involves
applying post-hoc methods to explain pre-trained “black-box” models. State-of-the-
art approaches like LIME and SHAP typically provide local, feature-attribution
explanations by assigning importance scores to individual input tokens. However,
studies have demonstrated that both feature-attribution methods and other common
techniques, such as those based on gradients or attention scores, can sometimes
produce misleading or unfaithful explanations [387, 199, 375].

For these reasons, evaluating the quality of the explanation is a crucial area of
study. The two most commonly measured criteria are plausibility, which assesses
how convincing an explanation is to a human observer, usually measured through
user studies, and faithfulness, which measures how accurately the explanation
reflects the model’s actual reasoning process [258]. Recent work has proposed
various metrics for faithfulness, with a comparative analysis provided in Chan et al.
[354].

As mentioned in our introductory review in Chapter 3, the XAl field is still debat-
ing the definition of fundamental concepts, with contrasting results and opinions
among researchers [339]. Beyond these foundational issues, previous research has
shown that explanations based on low-level features like pixels or words can fail
to convey meaningful information to end-users [402]. Such explanations can result
in vague, ambiguous interpretations, as they lack the conceptual richness required
for a person to gain an understanding of a model’s reasoning. The work in this
chapter addresses these limitations, proposing an approach that provides evidence
at a higher semantic level to produce explanations that are less ambiguous and more
faithful.

7.3 Proposed Approach

In this section, we provide an overview of our proposed paradigm, detailing both the
arguments that motivated its design and the technical specifics of its implementation
for TC.

7.3.1 Argumentation and Overview

As the scale of LLMs (and DL methods, in general) is increasing at a far higher pace
than the speed at which explainability methods are being developed, it has become

https://gitlab.com/distration/dsi-nlp-publib/-/tree/main/
layers-of-explainability-24
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evident that different approaches to XAI might be warranted, especially whenever
human awareness of the system is a key factor. At the same time, it is hard to discard
DL methods entirely because of their outstanding performance. Thus, we propose
and design a process that balances manual and automatic feature extraction.

At the core of this idea stands the argument that, at some point, we must
ultimately rely on prior knowledge that may or may not be precise [15]. Indeed,
every model trusts the data that is fed into it, which is assumed to come from
reliable sources. For instance, a ML model processing sensor data has to believe the
hardware performing such readings is itself working correctly and that the resulting
data reflects reality. Likewise, we might utilize DL approaches to extract granular
features for which we can afford a certain degree of trust [326], and then utilize these
features to make more complex decisions. This approach also relies on the concept
that an explainable model does not necessarily have to explain how all low-level
features are extracted, but rather that explainability is a useful tool at the “last
layer” of a decision system. By utilizing a model built on such features, we can create
effective explanations (as they pertain to concrete textual properties with human-
understandable semantics) without entirely discarding the effectiveness of neural
approaches used as feature extractors. Moreover, these extractors need not be limited
to DL approaches but can be complemented by utilizing more traditional feature
extraction methods based on specific domain knowledge (whenever available).

In this work, we focus on T'C tasks and showcase how a system built on semantic
and grammatical features can achieve good results while providing a more inter-
pretable decision path. Conceptually, this approach may also be utilized in other
fields; in computer vision, for instance, one might aggregate extractors that produce
features regarding an image’s shapes, orientations, and composition.

7.3.2 Feature Extraction and Preprocessing

We extract various types of features, both leveraging pre-trained LMs to extract
specific characteristics from the text (e.g., by classifying emotions) as well as more
traditional statistical features (word count and several readability scores). The
former category includes a RoOBERTa model trained for irony detection, emotion
recognition, topic extraction, and grammatical correctness. Overall, we obtain an
initial set of 383 features.

We preprocess all the extracted features, removing constant and complementary
ones. We then perform a feature selection using Recursive Feature Elimination. This
results in 94 features for the CMSB dataset and 350 for the IMDb (the datasets are
described in the next section). Selected features are min-max scaled to a range of
[0 — 1], where the resulting score indicates the magnitude of that feature’s presence
in the text.

A list of feature extractors utilized is provided in Table 7.1, along with a brief
description and references to the original works or tools used.
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Table 7.1: List of the main feature extraction methods used in our work.

Feature extractor

Based on

Description

Emotion LM

Irony

Sarcasm

Offensiveness

Evidence Type

Topic

Text Emotion

Text Polarity

LIWC

Empath Features

RoBERTa-base

RoBERTa-base

BERT-base

RoBERTa-base

MiniLM

RoBERTa-base

EmoLex

TextBlob

LIWC-2007

Empath

Presence in the text of 28 human emotions.
Based on the “roberta-base-go_emotions” fine-
tuned on the go_emotions dataset 1

Presence (or not) of irony in the text. Based
on “twitter-roberta-base-irony” LM, fine-tuned
on TweetEval [272].

Presence (or not) of sarcasm in the text. Based on
“english-sarcasm-detector” ? fine-tuned trained
on the News Headlines Dataset For Sarcasm De-
tection [394]

Whether the text can be considered offensive (or
not). Based on “twitter-roberta-base-offensive”
LM, fine-tuned on TweetEval [272].

Detects evidence types (or absence thereof) in
text, such as assumptions, definitions, testimon-
ies, statistics, or anecdotes. Based on the MiniLM
fine-tuned model 3.

The likelihood of a text belonging to various top-
ics among 19 pre-set categories (e.g., sports, tech-
nology, relationships, etc.). Based on the model
fine-tuned in [371].

The likelihood of a text expressing certain emo-
tions among 28 pre-set categories (e.g., joy, anger,
disappointment, curiosity, pride, etc.). Based on
the NRC Word-Emotion Association Lexicon [74].
A polarity (e.g., negative, neutral, positive) score
supplemented by a subjectivity score computed
using the TextBlob Python package 4.

Reveals over 100 linguistic and socio-
psychological dimensions of textual data,
using the Linguistic Inquiry and Word Count
(LIWC) dictionary-based method [88].

Lexical categories assigned to words (e.g., viol-
ence, depression, femininity) computed using Em-
path [95].

I'https://huggingface.co/SamLowe/roberta-base-go_emotions

2 https://huggingface.co/helinivan/english-sarcasm-detector

3 https://huggingface.co/marieke93/MinilL.M-evidence-types
“https://textblob.readthedocs.io/en/dev/quickstart.html#sentiment-analysis
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7.4 Experimental Settings

This section describes the datasets and methods used in our experiments and
provides technical details.

7.4.1 Data

IMDb The IMDb dataset [59] consists of 50,000 movie reviews from the IMDb
website, which are used for binary sentiment classification. Following the original
work and established convention, reviews are labeled as positive (score = 7) or
negative (score < 4), excluding neutral ones. It is evenly split with 25,000 reviews
each for training and testing.

CMSB The “Call me sexist but” dataset [308, 338] contains over 13,000 texts
from various sources, including tweets and surveys, for binary sexism detection. It
features both original and minimally altered adversarial texts to shift sexist content
to non-sexist. In our experiments, mentions to other users and URLs are replaced
by standardized strings (i.e., “MENTION” and “LINK?”) to prevent the model from
focusing on irrelevant patterns.

7.4.2 Classification Models

In our experiments, we want to compare the effectiveness of our proposed features
against the current state-of-the-art models for TC. As such, we test a wide range
of classification approaches, focusing on less opaque methods to maintain as much
transparency as possible. We then compare the results with a Transformer model
fine-tuned on the bodies of text in the dataset.

We test various classifiers on our features, including simpler methods such
as Decision Trees, Logistic and Ridge Regressions, and various ensemble-based
approaches. Among the tested methods, tree-based methods performed particularly
well, with XGBoost delivering the best performance. As a Transformer baseline, we
utilize a RoBERTa-base model pre-trained on tweets [357], which provides excellent
results on both datasets®?. We performed the same preprocessing on text for the
feature extractors and utilized the pre-trained tokenizer for the corresponding model.

7.4.3 Explanation Approaches

This work focuses on local explainability in TC, emphasizing two essential aspects:
evaluating feature importance in model reasoning and effectively communicating this
to users via an XUI [402]. For feature evaluation, we employ SHAP [133], specifically
utilizing TreeExplainer for XGBoost models and TranSHAP [305] for BERT-like

2We tested other ROBERTa models on the IMDb, without significant improvements.
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models. TranSHAP is particularly effective for visualizing textual explanations, as
it accounts for the sequential and structural nature of the text. We use the SHAP
framework here for consistency with our previous work and due to its widespread
adoption in the NLP domain. Regarding the XUI, we initially considered various
visual and textual interfaces. Our previous user study showed that, while SHAP
offers powerful visualizations, interpreting them correctly often requires a technical
understanding that is unsuitable for non-expert users. Motivated by this finding,
we propose a simplified interface that presents only the most essential information:
the raw input text, the model’s output, the ground truth label, and a clear list of the
top features that contributed to the outcome. To make these feature contributions
even more intuitive, the scaled feature values from the feature extractor described in
§7.3.2 (representing the magnitude or probability of each feature) are also discretized
into “low”, “mid”, or “high” categories. Using Shapley values from SHAP, we also
determine each feature’s contribution percentage to the model’s output, and add to
the explanation only the top-k most influential features.

Explanations for both XGBoost and pre-trained LMs follow the same process,
with SHAP used for LMs to highlight important words or symbols in the text, as it is
commonly used in the literature. An example of the full explanation for XGBoost is
shown in Fig 7.1, with the corresponding SHAP explanation for RoOBERTa in Fig 7.3.

For the user study, these explanations were further simplified. We selected only
the top five most influential features or words for each prediction, omitting their
numerical importance values (which some users may find confusing) and using them
only for ranking. Furthermore, to enhance intuitiveness, we embedded abstract
feature values (e.g., low, mid, high) into natural language descriptions through simple
rephrasing. The simplified versions of these explanations for the same examples are
shown in Figures 7.2 and 7.4.

7.4.4 Faithfulness Evaluation

We adopt the metrics proposed by [256] to evaluate the faithfulness of our explanation
strategies, specifically measuring both comprehensiveness and sufficiency. In the
equations below, c(x) is the predicted class (1 or 0) for input text x, and p() is the
model’s confidence (probability) in the predicted class. x..4 signals the top-£% most
significant features for the model’s prediction. B is the set of £ values of choice, that
we set to B ={1,5,10,20,50,75}.

Comprehensiveness assumes that an interpretation is faithful if the important
features are highly representative of the entire input, such that their removal would
substantially change the model’s confidence. The faithfulness score is determined
by the change in the output probability of the originally predicted class once the
important features are removed (Eq (7.1)).
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4 la. Feature-based textual explanation (our method) - extended

Example: “More frequently I see guys behaving straight out of their emotions.
that’s female behavior imo”

True class: ‘sexist’ - Predicted class: ‘sexist’ (confidence=74.1%)

Top features that contributed towards ‘sexist’

¢ [imp=11.5%] LIWC words in the category ‘student life & youths’ (score=mid)

[imp= 8.8%] LIWC words in the category ‘fashion & style’ (score=high)

[imp= 7.0%] Text shows ‘disgust’ (score=high)

[imp= 5.8%] Text contains assumptions (score=high)

[imp= 3.4%] Text is ironic (score=high)

¢ [imp=27.0%] Other features (mean=0.52%)
Top features that contributed towards ‘not sexist’:
¢ [imp= 6.4%] LIWC words in the category ‘human beings’ (score=low)

¢ [imp= 2.6%] Text contains definitions (score=low)
¢ [imp= 1.5%] Text shows ‘disapproval’ (score=low)

¢ [imp=26.0%] Other features (mean=0.54%)
- J

Figure 7.1: Example of an explanation extracted from the XGBoost predictor trained
on our features.

é 1b. Feature-based textual explanation (our method)

Example: “More frequently I see guys behaving straight out of their emotions.
that’s female behavior imo”

True class: ‘sexist’ - Predicted class: ‘sexist’ (confidence=74.1%)
Explanation: The top characteristics of the text that contributed towards
‘sexist’ are the following (sorted by importance):

¢ Text is moderately likely to talk about ‘student life & youths’
Text is likely to talk about ‘fashion & style’

Text is likely to show ‘disgust’

Text is likely to contain assumptions

Text is likely to be ironic
- J

Figure 7.2: Example of an explanation extracted from the XGBoost predictor as
shown in the user study.
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4 2a. Word-based textual explanation (RoBERTa LM) - extended

Example: “More frequently I see guys behaving straight out of their emotions.
that’s female behavior imo”

True class: ‘sexist’ - Predicted class: ‘sexist’ (confidence=97.3%)

Top features that contributed towards ‘sexist’

* [imp=22.4%] female
[imp=17.7%] behavior

[imp=14.4%] guys
* [imp=7.7%] imo
¢ [imp=4.1%] see

¢ [imp=9.0%] Other words (mean=1.76%)
Top features that contributed towards ‘not sexist’:
* [imp=7.3%] emotions

[imp=5.0%] out

[imp=3.3%] frequently
[imp=2.5%] of
[imp=6.6%] Other words (mean=1.91%)

Figure 7.3: Example of an explanation extracted from the RoBERTa LM.

4 2b. Word-based textual explanation (RoBERTa LM)

Example: “More frequently I see guys behaving straight out of their emotions.
that’s female behavior imo”

True class: ‘sexist’ - Predicted class: ‘sexist’ (confidence=97.3%)
Explanation: The top words in the text that contributed towards ‘sexist’ are
the following (sorted by importance):

¢ female
¢ behavior
® guys

* imo

* see
- J

Figure 7.4: Example of an explanation extracted from the RoOBERTa LM as shown in
the user study.
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1
COMP = — Z (pc(x)(x) _pc(x)(x \X.£%)) (7.1)
|B| keB

Sufficiency complements comprehensiveness and assumes that if some non-
critical features are masked (only top-£% are kept), the model’s confidence in the
original decision should remain relatively stable (Eq (7.2)).

1

SUFF = Z (pc(x)(x)_pc(x)(x:k%)) (7.2)

|BI keB

We employ these metrics as an objective measure to compare our explanation
strategies. The strategy that achieves a higher comprehensiveness and lower suf-
ficiency is considered the most faithful. For XGBoost, features are eliminated by
assigning them the median value of the training set, thereby minimizing their in-
formativeness by confining them to a commonly occurring range of values. With the
pre-trained LM, words in the input sentence are masked using the <unk> token that
is employed for unknown symbols. The evaluation is conducted on two test splits of
approximately 3500 examples each. For the IMDb dataset, these splits were created
by randomly sampling from the official test set.

7.4.5 User Study

To validate our approach, we conduct a preliminary user study to explore the users’
preferences regarding the types of explanations described in § 7.4.3. This study
involved 21 volunteers, who were asked to compare explanations of both kinds. The
users were presented with 8 explanations, 4 based on the semantic features of the
XGBoost model, and 4 from the LM approach. In each subset, 2 of the explanations
concern the same data sample, while the other 2 differ from those of the other
method. We measured subjectively reported quantitative metrics on a Likert scale
from 1 to 7, building on existing work in the literature [351]. These metrics are the
(i) trust in the model output (do you trust that the model made the right decision?);
(it) plausibility of the model output and its explanation (how much the provided
explanation is realistically portraying the model’s decision process?); (iii) satisfaction
(does the explanation answer your “why” question?); and the (iv) understandability
(how much the explanation is understandable based on how it is presented?).

7.5 Results and Discussion

7.5.1 Quantitative Results

We utilize standard evaluation metrics for binary classification tasks: accuracy,
precision, recall, and F; score. Table 7.2 and Table 7.3 list the quantitative results of



7.5. Results and Discussion 145

the top-performing classifiers.

From a quantitative point of view, the LM-based approach has a definite edge.
While this comes as no surprise, the results obtained by our approach are still quite
competitive. On the CMSB dataset, XGBoost’s accuracy, F; score, and recall decrease
by 4.2%, 3.3%, and 7.2%, respectively, compared to the LM, despite having better
precision (1.9% increase). Similar trends are observed on the IMDb dataset, with
our method performing about 5% worse across metrics.

Table 7.2: Performance metrics (%) averaged over ten random seeds + SD (CMSB
dataset).

Accuracy Precision Recall Fyq
Logistic Regression 88.1 £+ 0.4 76.3 £ 2.2 614 +1.0 64.6 + 1.3
Decision Tree 88.2 +0.3 74.6 + 0.9 68.8 £ 1.3 71.0+1.1
XGBoost 90.7 + 0.5 81.5+1.1 74.0 + 1.5 770+ 1.4
RoBERTa (base) 94.6 + 0.1 79.9 + 0.9 79.5 + 1.8 79.6 + 0.5

Table 7.3: Performance metrics (%) for a single run on the standard test split (IMDb
dataset).

Accuracy Precision Recall Fq
Logistic Regression 87.3 87.3 87.3 87.3
Decision Tree 85.4 85.4 85.4 85.4
XGBoost 88.9 88.9 88.9 88.9
RoBERTa (base) 93.5 92.8 94.3 93.6

7.5.2 Faithfulness Analysis

Box plots for faithfulness metrics on CMSB and IMDb are shown in Figures [7.5a
and 7.5b and Figures |7.6a and 7.6b, respectively. A red line marks the median,
and a red circle marks the mean. Our XGBoost classifier (XG) paired with SHAP’s
values yields higher COMP values on average than the RoOBERTa model (LM) on
both datasets (CMSB: XG COMP=0.257, LM COMP=0.118; IMDb: XG COMP=0.73,
LM COMP=0.267). However, SUFF scores are closer (CMSB: XG SUFF=0.128, LM
SUFF=0.1; IMDb: XG SUFF=0.327, LM SUFF=0.261), with LM performing slightly
better.

We utilize the Wilcoxon signed-rank test to verify our hypothesis that XG has
higher COMP and lower SUFF for each £%. On the CMSB dataset, the hypothesis
holds with statistical significance (p-values < 0.05) for COMP-5 to COMP-75 and
SUFF-20 to SUFF-75, with an average effect size of 0.46. On IMDb, it holds for all
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Figure 7.6: COMP and SUFF on the IMDb test set (teal = XGBoost, orange = LM).

COMP measurements and SUFF-20 to SUFF-75. The difference is even more evident
in the latter dataset, with the XGBoost model behaving significantly better than the
LM in terms of COMP. The average effect size is 0.82, indicating that the XGBoost
model tends to have significantly better COMP values than the LM. However, the
SUFF comparison on both datasets shows that the LM is more consistent with the
explanation when seeing only < 20% of the top words, and the effect size is also
smaller in all these measurements.

According to both metrics, our XGBoost model aligns better with its explanation
strategy than the LM, indicating more faithfulness. It is likely that XGBoost heavily
relies on feature interactions, which our explanations do not fully capture. Indeed,
most features have little individual discriminative power and can recreate context
only when combined. Hence, keeping only the top-2% features with a £ < 10 leads
to a significant drop in confidence, negatively affecting the SUFF scores. While the
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score is worse, we find it reasonable that confidence drops when too few features
are retained. Conversely, LM is more stable, possibly inferring more context from
fewer keywords than XGBoost can from key features. Due to its extensive general
pre-training, this is also sensible since the LM has a clear advantage in filling in
missing context when words are masked. The significant difference in text length
between the two datasets must also be considered, as it likely affects the word-based
explanations derived from the LM. CMSB samples are very short, averaging 15
words (as they are mostly tweets), while IMDb reviews are much lengthier, averaging
over 200 words. The number of words retained or discarded is rounded up when
considering a percentage of the sentences for the computation of these metrics; this
implies that lower values of £ in the CMSB will likely maintain or discard the same
number of words. This partially explains why the bar plots for the CMSB dataset
are more leveled in the case of the LM.

Overall, the COMP and SUFF values for the LM appear smoother, suggesting
that the model heavily relies on hidden contextual representation not revealed by our
explanation method. In contrast, the XGBoost-based strategy more clearly reflects
the dependency on the features we identified as important, providing evidence of
better faithfulness.

7.5.3 User Study Results

The results of the user study are reported in Table 7.5, which shows the average
and SD for the self-reported metrics detailed in § |7.4.5. User characteristics are
described in Table 7.4.

Overall, a positive trend across these metrics suggests that our proposed explan-
ation method has potential benefits over the baseline approach. To investigate these
preferences further, we performed a Spearman’s correlation analysis (chosen for its
suitability for ordinal and non-normally distributed data) between the self-rated
user characteristics (see Table 7.4) and the average preference for our explanation
strategy. We found a moderate, positive, and statistically significant correlation
(p =0.51, p <0.05) between “Al understanding” and preference for our method (in
terms of overall satisfaction with the explanation). This suggests that users with
higher technical literacy appreciate the depth of our proposed explanations, whereas
users less familiar with Al tend to prefer the simpler, but less expressive, word-
based baseline. Correlations with other attributes were weak and not statistically
significant, likely due to the limited variance in the sample, as the majority of par-
ticipants reported similar age ranges and educational levels. Finally, we observed
the same pattern when analyzing other reported metrics, such as the perceived
understandability of the explanation.

However, these findings are subject to important limitations. First, the reliance
on a small, homogeneous sample (primarily student volunteers from the Master’s
program) limits the generalizability of the results. Furthermore, a key finding
was that neither explanation method significantly increased user trust. Therefore,
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Table 7.4: Distribution of participant characteristics (self-reported) in the user study.
Total participants N = 21.

Characteristic Category Count (N) Percentage (%)
Age Group 18-25 4 19.0
26-35 15 714
> 40 2 9.5
Level of Education Graduate 11 52.4
High school 4 19.0
PhD 1 4.8
Post graduate 5 23.8
Al Understanding 1 - No understanding 4 19.0
2 2 9.5
3 4 19.0
4 3 14.3
5 3 14.3
6 3 14.3
7 — Expert 2 9.5

Table 7.5: Results of the user study + SD (1) (LM vs XGBoost explanations). MO
and E stand for Model Output and Explanation, respectively.

Trust Plaus. Plaus. (E) Trust Satisfaction  Underst.
(before) (MO) (after)

LM 542 +1562 5560+£149 401+170 3.83+179 3.568+197 3.83+1.93
Ours 5.79+1.09 585+1.10 440+1.35 451+1.34 4.01+1.49 4.06+ 1.43

while the slight preference for our method is encouraging, it should not be taken as
definitive proof of its superiority. We believe the primary contribution of this work
lies in the improved faithfulness scores discussed in the earlier section; this user
study serves as a source of preliminary, but positive, validation for our approach.

7.5.4 Discussion

Despite a 3-5% performance decrease in F; score compared to the end-to-end
baseline, our layered approach provides more consistent and faithful explanations.
Notably, our feature extractors were not fine-tuned, which suggests our framework
has a degree of generalizability to other tasks and that performance could be sig-
nificantly improved with task-specific tuning. The advantage of our approach was
particularly evident in our faithfulness measurements, which measure an explana-
tion’s proximity to the model’s reasoning. The end-to-end LM underperformed on the
COMP metric, with up to 63% lower COMP than our proposed method, suggesting
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its word-based explanations are less faithful than those produced with our approach.
The SUFF metric results were less clear-cut, with our strategy showing higher
sensitivity to top feature removal. This is reasonable, given our approach’s reliance
on feature combinations, whereas the baseline model draws on the vast internal
knowledge from its pre-training process. Our pilot user study, while based on a
limited pool of participants, indicated a preference for our high-level feature-based
explanation strategy.

Our results also highlight that, while pre-trained LMs are undoubtedly state-of-
the-art for TC tasks, simplistic word-based explanation strategies can be unreliable
and misleading. Quite importantly, these explanations appeal to users due to their
intuitiveness and lack of required interpretation, unlike the higher-level explanation
we provided for the XGBoost model. Interestingly, in our user study, 42.9% of users
found the LM explanations more plausible (on average) than the more faithful
XGBoost model explanation. In contrast, 38% found it more understandable and
stated that the LM explanation increased their trust in the model decision in at least
one instance. These noisy results once again underline the difficulty of designing a
good XUI and evaluating it effectively in user studies. Faithfulness measurement
remains an open problem due to challenges in establishing unbiased ground truth
(i.e., how can we compare faithfulness metrics without an objective ground truth?)
[354]. Despite this, our benchmark provides preliminary quantitative evidence of
the effectiveness of our explanation method.

7.5.4.1 Considerations on the proposed approach

The underlying principle of this explainable-by-design framework is that if a feature
extractor has been sufficiently validated to make reliable predictions, its output can
be trusted as a high-level input for a more complex problem that demands greater
transparency. Modern LMs, for instance, have shown a remarkable ability to identify
complex rhetorical figures like irony and humor. Once such a classifier is evaluated
and deemed reliable, its output can be integrated as an interpretable feature in
a more transparent pipeline. In this sense, this approach has strong similarities
to other DL methods with ante-hoc explainability strategies, which also rely on a
foundational assumption about an opaque component. Prototypical neural networks,
for example, operate on the premise that a neural network can produce a semantically
meaningful embedding space where similarity-based reasoning can occur [208, 300].
In this space, the distance between an input’s embedding and a learned “prototype”
is assumed to reflect a similarity that is reasonable to the end-user. While this
similarity measure drives the final, transparent classification decision, the process
of generating the embeddings themselves is not explained. Just as our framework
accepts a validated but opaque feature extractor, prototypical networks accept a
validated but opaque embedding space as the foundation for their similarity-based
reasoning. This argument can be made for many other approaches, like Concept
Bottleneck Models [254], and attention mechanisms [352]. In each of these cases, a
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pragmatic trade-off is made: the inscrutability of a powerful representation learner
is accepted in exchange for a final reasoning step that is engineered for transparency,
a principle to which our framework adheres.

Furthermore, our framework is modular, which allows it to be applied recursively.
The core assumption is that for many systems (and for our specific task), an explan-
ation for the final classification layer is the most critical requirement. However, if
a specific feature extracted by an opaque ML method also requires an explanation,
the layered method can be applied to that sub-model as well. For example, if an
irony detection score is used as a feature, the black-box irony classifier could itself
be replaced with a more transparent, layered version.

7.6 Limitations and Opportunities

A primary limitation of this study is the modest performance trade-off, as the end-to-
end LM achieves better performance, which might be critical in some applications.
However, since our feature extractors were not fine-tuned, a clear opportunity exists
to close this performance gap with task-specific tuning. Second, our task did not
involve specific domain knowledge, whereas other practical applications could benefit
from the inclusion of more targeted features, potentially improving performance.

Regarding our user study, while it provides valuable preliminary insights, it was
limited by a small sample size drawn from a relatively homogeneous pool of users, as
well as by the basic nature of the XUI employed. A larger, more diverse study would
be needed to validate these findings more robustly. Such a study should also involve
discussing the requirements of an effective XUI with a carefully selected sample of
users. The insights from social sciences on the design of interactive user interfaces
would also be helpful in this regard, as the clarity of presentation greatly influences
understandability.

Furthermore, while our method provides a transparent final decision layer, it
does not fully capture the “why” and “how” behind the feature extractors’ decisions.
This is because our approach is still fundamentally based on feature importance. In
other words, our method can only answer questions concerning the importance of
its high-level features for the final prediction. While aware of this, our goal was to
reduce the “divide” between the vocabulary of features used in the explanation and
the low-level inputs the model processes. Despite its limits, we demonstrated that
this approach can improve both faithfulness and plausibility.

Finally, a promising opportunity lies in combining our layered methodology with
structured knowledge. Similar to how our approach extracts intuitive features,
formally structuring data into a knowledge graph with a domain-specific ontology
could provide another path toward explanations built on high-level, human-aligned
concepts [273, 419, 359, 368]. A key opportunity here is to leverage the emergent
abilities of modern LLMs for this very purpose, investigating their effectiveness at
automatically extracting such structured knowledge from unstructured text.
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7.7 Conclusion

This chapter proposed an approach to TC tasks based on a layered procedure that
emphasizes explainability. We utilized a combination of DL and non-DL extractors to
create a knowledge base of fine-grained features upon which our classifiers operate.
This design makes it easier to follow the models’ decision logic, as the features are at
a higher level of abstraction. While not matching the raw performance of end-to-end
LM-based approaches (3—5% drop in F1), our methods perform competitively while
offering more faithful explanations (up to +173% increase in comprehensiveness
and +28% in sufficiency). Preliminary results from a small-scale user study indic-
ate positive feedback toward our explanation strategy, but suggest that its higher
complexity might not appeal to all user types.

The next chapter concludes this part on XAl by evaluating the ability of modern
LLMs to genuinely understand a nuanced form of humorous language. This is tested
by assessing their capacity to both recognize puns and produce coherent explanations
for their decisions. Indeed, the impressive performance of LLMs on various linguistic
tasks makes them prime candidates for use as the opaque feature extractors in a
layered framework like ours; this has partly motivated the initial study in the next
chapter, which evaluates the reliability and true depth of understanding of these
models before they can be trusted in such a role.



152 7. Designing Layers of Explainability




LLMs and the lllusion of Humor
Understanding

This chapter proceeds to test the limits of understanding in some of the most recent
LLMs on a linguistic task [11]. We investigate whether the impressive performance
of LLMs stems from a deep, human-like grasp of language or sophisticated pattern-
matching. To explore this question, we examine the practice of prompting an LLM
not only to solve a task but also to provide a justification for its answer, a process
known as rationalization.

We investigate this capability through the lens of puns, a form of humorous
wordplay that exploits polysemy and phonetic similarity. While LL.Ms have shown
promise in detecting puns, we demonstrate that their understanding often remains
shallow and lacks the nuanced grasp of human interpretation. By systematically
creating and reformulating pun benchmarks, we show how subtle linguistic alter-
ations are sufficient to mislead state-of-the-art LLMs. Our contributions include
new, challenging benchmarks for pun detection, a comprehensive human evaluation
of recent LLMs, and a critical analysis of the robustness challenges these models
face when processing ambiguous language. To complete our analysis, we assess the
quality of the rationales generated by the models, providing insights into how their
reasoning aligns with the human interpretation of puns.

8.1 Introduction

Understanding linguistic nuances, such as hedges, idiomatic phrases, figures of
speech, and metaphors, is crucial for effective communication [442, 481]. This
requires deep contextual and cultural awareness, presenting ongoing challenges for
LLMs that struggle with subtle, multi-layered language [409, 355, 436].

One notable example of nuanced language is the pun (paronomasia), a form
of wordplay generating rhetorical (often humorous) effects through polysemy and
phonetic similarity. Prominent in literature, poetry, and advertising [86], puns
depend on the intuitive recognition of dual meanings (literal vs. figurative), creating
the characteristic pun effect [12, 109]. The ability to automatically recognize puns is



154 8. LLMs and the lllusion of Humor Understanding

Ve - \ = Original pun
GPT-40 11 Human ~ s “Old LLMs
never die, they
. ; : just lose their
@ { Yes f’ @ Yes f attention” a pun?
/, i \\\ 7 ) ~N
[ “Attention” means 1| | “Attention” means ! Why?
“concentration” “concentration”
AND AND
“mechanism used “mechanism used Modified pun
in machine in deep learning to .
| learning models” | _ process data” / Is Old_ LLMs
N/ S — never die, they
. ) : just lose their
® ‘ Yes JL: @ No [ ukulele” a pun?
[ Al B¢ Why?
“Ukulele” reminds Nonsensical y!
of “you-kill-LLM” S ‘
suggesting the B
demise of LLMs )
& S/AN J

Figure 8.1: Example pun detection and explanation by GPT-40 vs. human. Subtle
modifications to the pun (replacing the polysemous word, attention, with a random
one, ukulele) are often sufficient to mislead LLMs.

relevant for digital humanities (e.g., for processing literary classics and ancient texts)
and various NLP tasks, such as sentiment analysis and machine translation, which
struggle with the ambiguity and non-literal nature of puns [94]. In comparison to
other rhetorical devices, such as sarcasm, metaphors, or jokes, puns are structurally
simpler [49, |122], and easier to formalize [376]. These qualities make them a good
candidate for assessing linguistic understanding in LLMs.

While recent studies have examined pun generation [363, 378], detection, and
explanation [377, 445, 122] using LMs, this line of research faces two key limitations.
First, most studies have relied on a single dataset from SemEval [122], where
shallow cues and data leakage may inflate performance [412]. Second, evaluations
are typically focused on binary classification or hard-to-assess free-text rationales. A
systematic analysis of more structured rationales would help clarify the capabilities
and limitations of LLMs in interpreting rhetorical ambiguity [455, 319].

8.1.1 Task and Approach

Motivated by these limitations, we introduce two new collections of annotated short
texts, PunnyPattern and PunBreak, designed specifically to evaluate the robustness
of LLMs in pun detection. These collections move beyond simple detection, using
targeted substitutions and common language patterns to probe whether models can
accurately recognize a pun’s context and structure, or if they rely on memorization
and superficial cues. An example of a pun and an altered pun is in Fig 8.1.

We evaluate 7 open- and closed-weights generative LLMs on both identifying
puns by prompting them to answer a “yes/no” question, and generating supporting
rationales. We then analyze the quality of these rationales and report on their
impact on detection performance. In contrast to earlier studies [377, 445], we design
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prompts that elicit semi-structured rationales, enabling more systematic evaluation
via automatic metrics and a detailed manual analysis guided by a new annotation
protocol.

We publicly release both datasets and the code used in our experiments 1.

8.1.2 Contributions

We organize our discourse around the following research questions:

* RQ1: How accurately do LLMs detect puns, and how does their performance
vary across new and existing datasets?

* RQ2: How robust are LLMs at detecting puns?
* RQ3: To what extent can LLMs explain puns?

Our results show that most LLMs superficially associate puns with common
language patterns, which makes it difficult for them to distinguish genuine puns
from structurally similar sentences that contain no pun. Automatic and manual error
analyses further reveal that the models struggle to handle context and phonological
properties effectively. Notably, prompting them to explain their reasoning slightly
improves performance and helps counter this bias.

8.2 Related Work

SemEval-2017 Task 7 [122] targeted pun detection, location, and interpretation
tasks by releasing a dataset of annotated puns and non-puns?. The participating
systems were mostly based on traditional NLP techniques, with leading systems
employing heuristics based on positional and semantic features, such as n-grams
enhanced by Word2Vec embeddings [68] and phonetic distance measurements. The
reported results showed strong performance in binary detection, moderate in pun
location, but notably weak in correct sense association. SemEval-2021 [313] later
expanded this dataset by adding new jokes, although without additional annotations.

Building upon this foundation, the JOKER workshop [413] introduced multilin-
gual datasets for pun detection, location, interpretation, and translation, encom-
passing English, French, and Spanish. The JOKER corpus [412] aimed to address
earlier criticisms of imbalance and reliance on superficial cues by providing 3,506
annotated short jokes in English and French, alongside 1,700 negative examples
generated via word substitutions. Despite utilizing advanced LLMs such as GPT-3
[279] and BLOOM [420], a custom-trained T5 model [292] consistently outperformed

Thttps://github.com/alezanga/punintended
2A non-pun is a sample that does not contain a pun (a negative sample for the pun detection task)
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others on all tasks, albeit with limited success (detection F{ < 0.6). Other studies
have further explored non-English puns [477, 411, 446].

Complementing these efforts, Sun et al. [377] investigated pun explanation by
enhancing training data with rationales generated by T5 models. They measured
explanation quality using simulatability, defined as the accuracy difference when
explanations are provided as additional input vs. when they are not (see § 3.4
in Chapter 3 for more details). They found that high-quality human-annotated
rationales can improve model performance, but automatically generating such ex-
planations with LMs remains challenging. In a related work, Sun et al. [376] focus
on pun generation by retrieving context and pun words. They propose a system that
first retrieves a suitable pair of words, along with their senses, from given contextual
words, and then employs a T5 model to generate a pun. However, the success rate
of the generated puns was reported to be significantly lower than that achieved by
humans.

To the best of our knowledge, Xu et al. [445] is the only study to evaluate recent
LLMs on pun detection, explanation, and generation. They refined the SemEval
dataset by removing duplicates and adding human-annotated explanations. While
the study included a manual evaluation of a small set of generated explanations, it
lacks a comprehensive error analysis and detailed evaluation guidelines. Their res-
ults indicate that, although LLMs perform reasonably well on binary pun detection,
they struggle with pun generation and explanation, often relying on memorization
or biased shortcuts. Building on this work, our study conducts a robustness analysis
targeting specific biases and examines common errors in model-generated rationales.

8.3 Experimental Methodology

The primary pun-related tasks previously discussed in the NLP literature relate to
detection, location, and interpretation. Pun detection is a binary classification task,
categorizing texts as either containing a pun or not. Pun location involves identifying
the specific pair of words responsible for creating the double entendre, while pun
interpretation requires associating each identified pun word with its correct meaning
or sense [413, (122, 220].

Preliminaries. Structurally, a pun is composed of a pun word (w,), an alternative
word (w,) and their respective senses s, and s, [376]. For brevity, we will refer
to (wp,wq) as the pun pair. Following previous literature [122, 445], we focus on
heterographic and homographic puns.

In heterographic puns (or het-puns), only w, appears in the sentence, while w,
and its sense are evoked through the context. For example, the het-pun “I bought
a boat because it was for sail (sale)” creates a double meaning by playing on the
homophones sail (to navigate on a boat) and sale (an occasion when items are sold).

In contrast, homographic puns (hom-puns) feature a polysemous w,, resulting in
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wp = wq. The hom-pun “I was wondering why the ball was getting bigger; then it hit
(hit) me” plays on the two senses of hit (to be physically struck) and Ait¢ (to suddenly
realize).

The term rationale has been used in the literature to denote various types of
evidence justifying a decision, particularly in the form of natural language explana-
tions [426]. This is consistent with its usage in prior research on puns [445, 3771,
although we do not limit it to unstructured or free-text explanations.

8.3.1 Datasets

Existing collections of puns annotated with the structure just described are limited.
The SemEval 2017 dataset [122] provides 4,030 samples encompassing heterographic
and homographic puns. Later research [377, 445] refined this dataset by adding
sentiment annotations and removing incorrect examples. The English part of the
JOKER corpus [412, 413] extends SemEval and adds 632 new English puns collected
from PunOfTheDay.com. By removing or replacing a single contextual word, these
new puns have been altered to create an equal number of non-puns. Both datasets
contain pun words and senses annotations.

We utilize the dataset proposed by Xu et al. [445], which is the most refined
iteration of the SemEval 2017 dataset, along with a subset of the JOKER dataset. In
the former, we corrected several typographical errors and 13 incorrect annotations,
resulting in 2,589 samples. We split the dataset into training (1,071 samples), testing
(1,341), and validation (177) sets, ensuring that no w, and w, in the training set
appear in the test and validation sets. We refer to this as the PunEval dataset.
Unlike the SemEval dataset, the full JOKER corpus is not publicly available and
was released only as part of the JOKER CLEF workshop [413]. However, the authors
kindly agreed to share the complete dataset with us upon request. Since most
examples in this dataset originate from the SemEval dataset, we retained the subset
of 632 puns and 632 non-puns created by replacing a single word in the original pun
[412]. Dataset statistics are reported in Table 8.1.

8.3.2 Comparison Models

We benchmark five recent instruction-tuned LLMs on pun understanding, including
both open- and closed-weights models: GPT-40-2024-08-06 (OpenAl) [448], Qwen2.5-
72B (Alibaba) [451], Llama3.3-70B (Meta) [447], Gemini2.0-Flash (Google DeepMind)
[475], and Mistral3-24B (Mistral AI) [404]. We will refer to these models as follows:
GPT-40, Qwen2.5, Llama3.3, Gemini2.0, and Mistral3. Additionally, we employed
two reasoning models from the DeepSeek family: DeepSeek-R1 (R1) and DeepSeek-
R1-Distill-Llama-70B (R1-D) [476], the latter being a distilled version of the full R1,
based on Llama-3.3-70B-Instruct.
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Table 8.1: Puns dataset statistics. Datasets in bold represent the new ones introduced
in this work. N. chars and N. words denote the average number of characters and
words per sample, respectively.

Avg. Statistics Labels Count

Dataset

N.chars N.words | Het-pun Hom-pun Non-pun Total
PunEval (train) 58 13 279 304 488 1071
PunEval (test) 58 13 312 461 568 1341
PunEval (val) 59 13 56 46 75 177
NAP 67 16 64 64 128 256
JOKER 64 14 381 251 632 1264
PunnyPattern 64 15 212 388 600 1200
PunBreak 66 15 100 100 900 1100

8.3.3 Prompts

Unlike in Xu et al. [445], in this work, we leverage the pun structure described in
§ 8.3 and instruct the model to respond in a semi-structured format, facilitating
parsing and the evaluation of the rationales.

We adopt the following response format that is compatible with the rationale:
(yes|no) [<wp> <wy> [<sp> <s,>]1]1. In the configurations without rationales,
the answer would simply be yes or no for the pun detection task. The content
within the angular brackets represents the rationale (or justification) for the answer.
Inspired by the success of CoT prompting [385, 389], we explore an alternative
prompting strategy to elicit reasoning from non-reasoning LLMs by asking them
to think before answering. Unlike previous cases where responses were restricted
to a structured format, the reasoning prompts allow the model to provide free-text
reasoning before delivering the final answer in the same structured format. In what
follows, we describe the prompt configurations used.

Zero-Shot. (0S) This prompt asks to provide a “Yes” or “No” answer on whether the
text contains a pun, with no formal definition of a pun.

Few-Shot. (FS) A definition of pun is provided, including the concepts of w,, wq, sp,
and s,, followed by six examples (three puns, three non-puns) drawn from the same
set used by Xu et al. [445]. Examples are held constant across experiments.
Words. (W) Same as Few-Shot prompt, but requires reporting the pun pair as
justification.

Words+Senses. (W+S) This prompt mirrors the Words prompt, but additionally
requires reporting s, and s, after the pun pair.

Reasoning. (R+) This configuration uses the four prompts just described, but allows
the generation of arbitrary text before the final answer. This prompt is applied only
to the five non-reasoning LLMs.
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8.4 RQ1: How Well Can LLMs Detect Puns?

The first research question investigates LLMs’ overall performance in binary pun
detection. We thus evaluate all comparison LLMs described in § 8.3.2 using the
prompting strategies outlined in § 8.3.3.

8.4.1 Data

In addition to the PunEval and JOKER datasets described in § 8.3.1, we annotate
a new collection of 128 puns from various sources, including websites®, personal
recollections, and original creations. The main reason for creating this new dataset
was to avoid any potential contamination from existing datasets. Each pun is reph-
rased into a non-pun, similar to the JOKER dataset, but without the requirement of
replacing a single word, resulting in a total of 256 instances. We use Mistral3 to aid
us in this rephrasing process, and all generated samples are manually inspected and
modified as needed. We refer to this as the Newly Annotated Puns (NAP) dataset.
A sample pun and its corresponding non-pun are shown in Example 1. Finally, we
also annotate each pun with its pun pair (w,, w,) and respective senses (s, Sq),
using short definitions from online dictionaries*. This process is consistent with the
methods employed in the SemEval and PunEval datasets, and these annotations
will be used to address RQ3.

Original Pun

What did the buffalo say to his son? Bison (Bye son).
Rephrased pun

What did the buffalo ask his son? I do not know.

Example 1: A pun and non-pun from the NAP dataset.

Table 8.2: Pun detection F; score + SD over 3 runs. Top results are in bold.

F; score (%)

Model Prompt
NAP JOKER PunEval
0s 73.3+00 71.2+00 85.7=+02
FS 74.9 +00 74.0+01 89.3z+01
W 76.2+04 T44+01 88.3=+o01
Gemini2.0 W+S 779 +02 7T744+00 89.1x01

R+FS 709 +06 71.1+02 82.7+03

Continued on next page

3https://parade.com/1024249/marynliles/funny-puns
“https://dictionary.cambridge.org/dictionary, https://www.merriam-webster.com
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Table 8.2: — Continued from previous page

F score (%)

Model Prompt
NAP JOKER PunEval
R+w 76.6 t00 74.4:00 90.6:o01
R+w+s 754 +02 74.6 01 89.5+01
0s 784 +01 77.2=+00 89.7=+01
FS 81.0+07 79.7+01 92.8+02
W 86.9 t08 833+04 87.3:09
GPT-40 W+S 85.0+08 82.6+01 88.9 =09
R+FS 82.9+00 805+03 923=x01
R+w 84.0+11 8l.1x+02 92.6+04
R+wW+s 82.9+08 81.3:03 93.0+03
0s 796 +15 77.1+08 84.0+04
FS 81.0+07 77.6+x01 84.4z:+04
w 834 +09 792:02 872102
Llama3.3 (70B) W+S 83609 779x06 86.4=:03
R+FS 79.2+02 75.2+01 83.8:02
R+w 781 +08 76.4+01 851zx05
R+w+8 783 +10 76.8+02 84.5=+03
0s 75.0 05 75302 80.8:02
FS 695 +22 662+12 T74.6+19
W 69.0+17 693+04 784 =:05
Mistral3 (24B) wW+S 68.5+09 685+04 749 +09
R+FS 736+11 70.9+01 824 +13
R+w 70.7 03 69.0+04 84.2+04
R+w+s 709 +02 70.1x03 84.5102
0s 71.3+04 73.6+02 83.6+0.1
FS 786 +04 76.4+07 87.2=+02
W 81.1 t00 77.1:+t04 86.8+04
Qwen2.5 (72B) W+S 80.7+06 76.8+08 87.3x01
R+FS 80.2+07 T7.5:+06 885 =+06
R+w T77.2+02 75.0x01 89.4:05
R+w+8 770+11 75.8+06 88.7=:x01
0s 74.8 +05 75.3+06 86.7+03
FS 76.3+t27 76.2+05 87.0+03
R1-D (70B) 79.8 +14 781:09 86.8+04
W+S 78.7+12 T78.7 +t06 88.3 +06
0s 742 +04 T75.5+05 885 +02
FS 76.6 t05 784 +04 90.8+02
R1(671B) w T7.7+04 77.7+x01 909 +o01

Continued on next page



8.4. RQ1l: How Well Can LLMs Detect Puns? 161

Table 8.2: — Continued from previous page

F score (%)

Model Prompt
NAP JOKER PunEval
W+S 79.1 t08 79.2+00 91.3:04
RoBERTa-L 64.0 01 65.7x01 925 :03

8.4.2 Results

The average F; score for these datasets across 3 runs is shown in Table 8.2. All
LLMs achieved F scores around 0.8 on the NAP dataset with the best prompting
strategy. GPT-40 performed the best, while Mistral had the lowest scores. Notably,
Mistral only performed well in the zero-shot setting and struggled to learn from
additional context in the prompt.

Results on the JOKER dataset show a similar trend but are slightly more chal-
lenging for all models. This is likely due to its method of creating non-puns by
replacing a single word, resulting in more “adversarial” examples. In contrast, in the
NAP dataset, we rephrased puns into non-puns, potentially replacing or removing
multiple words.

Aside from Mistral, which consistently performs poorly on our new datasets, the
W/W+S prompts — which require LLMs to justify each decision with a rationale —
achieve the highest performance, with an average improvement of +3% in F; score
compared to the few-shot configuration. This finding aligns with previous research
[377] that shows explanations can enhance pun detection performance. However,
the reasoning prompt did not yield significant improvements over the rationale-
augmented prompts (W and W+S) on the NAP and JOKER datasets. Overall, the
strong performance suggests that LLMs can understand puns to some extent and
benefit from jointly detecting and explaining.

Embedding space analysis In addition to the comparison LLMs, we also include
a RoBERTa-large encoder model [194] that has been fine-tuned on the PunEval
training split. The significant performance difference observed between PunEval
(92.5) and the other datasets (64.0 in NAP and 65.7 in JOKER) prompted an invest-
igation to understand the reasons behind this disparity. We analyzed the embedding
distribution of the RoOBERTa model using t-SNE [47] to visualize the embeddings
in a 2D space (Fig 8.2). The visualizations reveal poor separation between subtly
altered positive and negative examples in the NAP and JOKER datasets (Fig 8.2,
right). In contrast, PunEval embeddings show better separation even before fine-
tuning (Fig 8.2, center), with clusters often corresponding to recurring templates.
For instance, the top-left cluster represents puns structured as “Old [...] never die,
they just”, a common pattern for creating puns (e.g., “Old bankers never die, they
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Figure 8.2: Separation of PunEval embeddings for the RoBERTa model: after
fine-tuning (left), before fine-tuning (middle), and NAP+ JOKER separation before
fine-tuning (right). Orange dots represent puns, while black triangles represent
non-puns. Notably, PunEval puns exhibit greater separability in the embedding
space compared to NAP/JOKER, even before fine-tuning.

Jjust lose interest”). This suggests that dataset artifacts or structural similarities in
PunEval may facilitate shortcut learning.

8.5 RQ2: How Robust Are LLMs at Detecting Puns?

Given the analysis in the previous section, one may wonder whether the performance
gap between the PunEval dataset and the other two datasets is partly due to LLMs
recognizing superficial cues or overfitting to specific pun structures without fully
understanding their meanings. This observation prompts us to investigate the LLMs’
robustness to common pun language patterns and simple pun alterations.

8.5.1 Pun Language Patterns

The PunEval dataset contains language patterns frequently used to create puns.
Examples include “Old [...] never die, they just [...]” and “Tom” (a common name in
English jokes), which may serve as shortcuts for recognizing puns.

To analyze the impact of these recurrent patterns on model performance, we
extracted bag-of-n-gram features and trained a logistic regressor for pun detection
on the PunEval training set. By examining the top-20 expressions based on learned
coefficients and frequency, we manually identified six patterns that significantly
correlate with the presence of a pun. These patterns, along with examples and their
frequencies, are listed in Tables 8.3 and 8.4. While their presence has been noted
previously [412], no detailed analysis of their effects has been provided.

We suspect that these language patterns simplify the task of detecting puns,
as texts containing these expressions are often intended to be humorous. In the
PunEval test split, 171 out of 173 samples that contain these patterns are puns.
Excluding them results in a 2-3% drop in F; score and a 2—6% drop in precision
across all models compared to the full test split, confirming that the presence of
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Table 8.3: Pun language patterns and their occurrences in the PunEval dataset.

Structure Short name Example

Old [...] never die [...] they never_die OLD BANKERS never die they just
lose interest

Tom tom “I've been to a film festival in Southern
France” said Tom cannily

When the when When the TV repairman got married
the reception was excellent

She was only [...] daughter but daughter She was only a horseman’s daughter,
but she didn’t know how to say neigh

Doctor, Doctor doctor Doctor, Doctor, I keep thinking I'm a
spoon. - Sit there and don’t stir

used to [...] but used I used to be addicted to soap, but I'm
clean now

Table 8.4: Occurrences of pun language patterns in all the datasets.

Occurrences

Pattern

PunEval PunEval PunEval

(%rail‘;) 1(1t est‘s l%val‘)l NAP JOKER PunBreak
never_die 65 62 1 2 12 50
tom 61 61 1 0 0 15
when 13 20 0 0 22 5
daughter 11 19 1 0 0 15
doctor 3 7 0 0 0 0
used 2 4 1 2 10 10

these recognizable patterns can inflate performance. To further investigate this
issue, we created a new benchmark to test robustness against this bias.

8.5.1.1 Data

For each of the six extracted patterns, we sampled 100 puns from the PunEval
test split that contain the same expression, supplementing with new examples
collected from the Internet or generated using GPT-40 (verified manually) as needed
to complete the set. We also generated an equal number of verified non-pun sentences
using GPT-40 (with human oversight), ensuring they contain the same expression.
The resulting dataset, referred to as the PunnyPattern dataset, contains 1,200
samples, two of which are presented in Example 2.
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Original pun
I used to be a comedian, but my life became a joke (joke).

Rephrased pun

I used to be a comedian, but my life became chaotic.

Example 2: A pun with a common pun language pattern and a derived non-pun.

Table 8.5: F1 score, precision, and recall (%) on the best prompt on PunnyPattern
and the absolute performance difference with the PunEval dataset.

Model Best prompt F; Precision Recall

Gemini2.0 W+S 76.9 (-12.2) 66.7 (-20.9) 91.6 (+0.9)
GPT-40 A 83.1(-4.2) 79.7(-18.2) 88.1(+9.4)
Llama3.3 w 81.0(-6.2) 71.5(-16.4) 94.2(+7.7)
Mistral3 0s 77.4(-3.4) 721(-14.8) 87.5(+11.9)
Qwen2.5 w 79.7(-7.1) 74.1(-19.3) 87.5(+6.5)
R1-D W+S 78.3 (-10.0) 66.9(-18.7) 94.8 (+3.7)
R1 W+S 81.1(-10.2) 69.5(-15.9) 98.3 (+0.3)

8.5.1.2 Results

Table 8.5 compares the average performance metrics over 3 runs between the entire
PunnyPattern dataset and the PunEval dataset. A visual comparison of the results
over the single patterns is shown in Fig 8.3a.

Overall, there is an average drop of 16-23% in precision and 4-13% in F; on the
PunnyPattern dataset across all models. Additionally, we observe a sharp imbalance
of low precision and high recall for the never_die, used, and doctor patterns
(Fig|8.3a), indicating that these patterns tend to mislead LLMs into identifying puns.
In contrast, the tom and when patterns do not appear to consistently affect them.
These results suggest that most LLMs tend to process certain patterns somewhat
superficially, lacking understanding of the underlying principles of well-crafted puns.

To showcase the effect of rationale on detection, Fig 8.3b compares the impact
of the best rationale-augmented prompt (W or W+S) on pun-detection performance
over the PunnyPattern dataset, excluding the tom and when patterns that do not
consistently bias the tested LLMs. The best prompt used is the one highlighted in
Table 8.5. In the violin plots, the right side (light blue) represents the distributions
of results over the three runs with the rationale-augmented prompt, while the left
side (red) represents performance using the FS prompt — typically the best prompt
without rationales. Note that in all cases except Mistral, incorporating rationales re-
duces the number of false positives, thereby lowering recall and improving precision,
countering the bias effect.
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Figure 8.3: Performance on the PunnyPattern dataset and comparison showing the
rationale effect on detection.

8.5.2 Pun Alterations

Motivated by our previous results, we investigate whether LLMs exhibit robustness
to simple alterations of puns designed to ruin them. For humans, the pun effect
relies on the perception of two well-supported senses that create ambiguity and
contrast. Therefore, replacing the pun word (w,) with a lexical unit that fails to
convey this duplicity would result in the loss of such effect, and the failure of the
intended pun.

8.5.2.1 Data

To systematically investigate LLMs’ understanding of this phenomenon, we replace
the pun word w, with multiple alternative expressions and measure their ability to
classify “ruined” puns. To this end, we randomly select 100 heterographic and 100
homographic puns from the NAP and PunEval datasets and modify each pun with
four different substitutions:

* Pun syn: a synonym or hypernym of the pun word w,, different in phonetics
and orthography.
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Original pun
Long fairy tales have a tendency to dragon (drag on).

Pun syn substitution

Long fairy tales have a tendency to wyvern.

Alt syn substitution

Long fairy tales have a tendency to prolong.

Homophone substitution

Long fairy tales have a tendency to brag gone.

Random substitution
Long fairy tales have a tendency to tick.

Example 3: Example substitutions from the PunBreak.

e Alt syn: as above, but for the alternative word w,.
* Homophone: a nonsensical expression phonetically similar to w,.

¢ Random: a nonsensical random word.

Additionally, we include 100 randomly generated sentences (non-puns) as a control
group, resulting in a total of 1,100 examples, which we refer to as the PunBreak
dataset. A complete set of substitutions is shown in Example 3. Note that while some
nonsensical replacements may be humorous due to the absurdity of the resulting
sentences, they do not represent valid puns.

8.5.2.2 Results

The binary accuracy of each LLM for every substitution subset, using each model’s
best prompt from the RQ1 experiments, is shown in Fig 8.4. The “pun” subset
contains exactly 200 puns (100 het-puns and 100 hom-puns); every other subset
contains exactly 200 non-puns representing the various substitutions. Results from
single prompts are reported in Table 8.6. The “rand sent” results are obtained from
a control of 100 randomly generated non-puns to detect any unseen bias toward the
pun class; scores exceed 0.8, indicating no such bias in the random sentences.

All models exhibit a bias toward labeling altered examples as puns, reflected in
low accuracy across all substitution categories, which contain only negative examples
(non-puns). In particular, GPT-40, the best performer overall, reaches a low of 0.33
on the homophone subset and a high of 0.59 on alt syn. Conversely, all models
achieve accuracy of around 0.8 or higher on the negative examples from PunEval
and the control group (rand sent) (see Table 8.6 for details). The homophone subset
is the most challenging overall, indicating that phonetic similarity between w, and
its replacement degrades the LLMs’ ability to distinguish them in context. This
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Figure 8.4: Binary accuracy of comparison LLMs on the PunBreak dataset, with
their best prompt, with error bars representing the SD over 3 runs.

may also be influenced by orthographic similarity, as similar phonetics often imply
similar orthography (e.g., stock/stork or dragon/brag gone in Example 3). Pun-word
synonym substitutions (pun syn) also generally challenge the models, suggesting
they may overlook the effect of the replaced word when it is semantically similar to
a more fitting alternative. This indicates that LLMs might be actively “fixing” the
pun in their reasoning process, thereby rectifying the alteration. The random and
alt syn sets show slightly higher accuracy overall, further indicating that semantic
or phonetic similarity to valid puns misleads predictions more than loosely related
substitutions. Overall, these results suggest that LLMs fail to recognize contexts
that should not trigger the pun effect in cases where the target sentence has a typical
pun structure.

8.6 RQ3: To What Extent Can LLMs Explain Puns?

Our rationale-augmented prompts achieve the best performance in our previous ex-
periments, notably reducing bias on the PunnyPattern dataset with a 9.8% increase
in precision. In this section, we systematically examine the quality of the generated
rationales to gain insights into LLMs’ understanding of puns.

8.6.1 Keyword Evaluation

Our goal is to measure the overlap between human-provided semi-structured ra-
tionales and LLM-generated rationales, while also accounting for prediction accuracy.
To this end, we quantify the alignment between the LLM-predicted pun pair (w},,
w,) and the true pun/alternative word pair (w,, w,) using the pun pair agreement
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Table 8.6: Percentage recall (true class) + SD for each substitution category on the
PunBreak dataset. Note that for all columns except JOKER, recall equals accuracy
because each evaluation set contains only puns or only non-puns. JOKER reports
recall for the negative class on the full dataset. The best overall prompt per model is
marked in bold.

"g' g Substitution Category Control groups
Sl
= A Homophone Random Pun syn Alt syn Pun | Rand sent JOKER
g Os 237 +55 370+15 11.5+05 18.0z+55 99.0+11 70.3 + 05 26.3 +0.1
g fs 93+08 162zx10 14.7:05 203+59 98.0x11| 85.7x05 41.3=:02
g w 100 +11  145+49 13.2+10 20.3x77 975+14 87.0 0.0 43.8 + 0.3
O wi+s 11.8+10 21.5+05 18.2+20 25.3:73 97.0+11| 89.3+05 47.9+01
o Os 92:+13 23.8:+16 10.7:05 23.2x49 99.2:04| 87.7:x14 474zx01
; fs 125 +31 26.2+35 20.5x05 325+91 972+12 91.3+05 57.8+06
% w 325 +23 b75+14 373 +41 587+48 928 +32| 99.0+00 774 +09
w+s 24.0x09 39.5x55 30.0x15 49.0+59 93.5+36 97.7+05 T71.8 +06
™  Os 22.0+14 455+34 16.5+27 352+111 96.8 +15 79.7 +21 50.6 + 3.0
cé fs 163 +60 37.0x43 21.8+15 40.3+130 96.7+16 88.7+10 53.2:01
& W 233 +38 49.2+12 35.2:52 51.5+72 90.5+21 94.0 +09 63.9 +07
= owets 13.2+38 32.8+59 26527 425+76 923 +12 93.0x00 56.0 16
el 0Os 373 +67 53.2+33 29.2:+12 44.3+190 88.8+20 90.0 00 619 :02
g fs 145 +46 17.0x58 158 +20 21.7+50 86.7+24| 37.7:x14 26.4:02
é w 52+19 92+15 123 +20 19.2+51 93.3 +34 48.7 + 3.1 24.1 +16
W+S 2.7 +14 3.5+25 6.5+18 95+34 96.7+15| 257 +42 14.0 +1.7
o Os 5.0+06 11.2+37 5.T7+08 11.3+38 982z+04| 593+21 36.6+03
% fs 11.3+34 14.7+28 19.0x46 33.7 =117 94.7 +1.0 90.0 t09 56.5+09
2w 19.2 +52 32.7+34 26.3+56 40.5+122 928 +16 943 +14 65.7 +05
4 W+S 155 +44 298158 27.0+36 37.2x119 950+14| 927:x14 62.7:11
Os 6.2 +1.2 249 +66 14.2+12 21.2:+81 99.3+05 59.0 +24 37.5 +22
a fs 7.1+23 273 +38 188 +45 269+98 985 +05 69.7 +55 429 +13
gow 8.5 +3.7 36.9 +31 26.7+27 34.6:83 96.5+20 79.3 +52 52.1+14
W+S 9.7 +22 34.3+14 288 +50 38.8:+116 96312 | 82.7:23 55.5+33
Os 6.5 + 2.7 273 +41 122 +20 188 +73 99.8 +04 71.3 +1.0 37.0 £17
—~ fs 8.5+23 38.8 +37 223 +29 31.8+41 99.3z:08 83.0+t09 48.2=:15
= W 9.54+18 40.3 +2.7 223 +31 34.0+60 99.8 104 84.7 +23 449 + 05
w+s 10.5:26 41.8:t20 25.5:28 35.3:83 99.8:04| 84.7:+x19 51.2:01

(PPA) metric. Each prediction is scored: 2 if both w, and w, are correctly gener-
ated, 1 if only one is correct, and O if neither is correct. Predictions with incorrect
labels receive a score of 0, since no rationales are generated for non-pun predictions.
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Table 8.7: Average PPA, in [0 — 2], for each prompt setting (W, W+S) across datasets.
SD is 0.0 for all measurements, and the best results are marked in bold.

Model NAP JOKER PunEval

W W+S W W+S W W+S

Gemini2.0 12 12 11 11 15 15
GPT-40 15 15 15 14 16 16
Llama3.3 14 13 13 12 15 15
Mistral3 08 07 08 07 12 0.9
Qwen2.5 12 12 12 12 15 15
R1-D 13 12 12 12 15 1.6
R1 13 12 12 13 1.6 1.9

Furthermore, we also conduct a PPA evaluation restricted to the true positives (i.e.,
puns correctly identified by the LLMs), which allows us to isolate the quality of the
rationales from detection performance.

Results Table 8.7 reports the average PPA over three runs, representing the mean
number of words correctly identified in generated rationales for pun pairs on a 0-2
scale. GPT-4o0 is the top performer, with ~1.5 out of 2 correctly predicted words per
pun across all three datasets. It is followed by Llama3.3 and DeepSeek-R1, whose
performance is noticeably lower. Mistral has the lowest scores, trailing the next-
lowest model, Gemini2, by ~33%. Among the 70B models, Llama3.3 performs best on
average. We also observed no significant difference between the two prompts tested.
Consistent with our earlier results, scores on the PunEval datasets are generally
higher than on JOKER and NAP, where performance drops by approximately 20%
and peaks at 1.5 out of 2.

The PPA evaluation restricted to true positives is reported in Table 8.8 and shows
that most models, except Qwen and Mistral, can effectively justify their correct
answers. In this evaluation, GPT-40 and DeepSeek-R1 are the top performers by a
clear margin. The results also indicate that even the best LLMs (GPT-40, Gemini,
and R1) produce correct predictions for the wrong reasons at least 20% of the time,
while other models have up to 40% incorrect rationales.

These findings motivate our investigation of the main error types in model
reasoning, which is addressed in the next subsection.

8.6.2 Error Analysis: Manual Evaluation

The PPA metric measures the ability to match the original pun pair but does not
indicate why predictions were wrong, nor does it evaluate the complete rationale
obtained with the more expressive W+S prompt. Upon inspection of the produced
rationales, we identify four main categories of mistakes frequently made by the
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Table 8.8: Average PPA measured on the true positive examples, in [0 — 2], for each
prompt setting (W, W+8) across datasets. SD is 0.0 for all measurements, and the
best results are marked in bold.

Model NAP JOKER PunEval

W W+ W W+S W W+S

Gemini20 1.6 15 14 14 16 16
GPT-40 15 15 16 15 18 1.8
Llama3.3 14 14 14 14 16 16
Mistral3 12 12 13 12 14 13
Qwen2.5 13 13 13 14 15 1.6
R1-D 15 15 15 15 1.7 1.7
R1 15 15 16 1.6 18 1.8

seven LLMs regarding the predicted pun pair (w},, w!,) and the associated pair of
senses (s, s,):

¢ Word-sense association (word-sense error): incorrect association between

. / ! ! /Y.
word and sense (i.e., w},—s}, Or W,—Sg);

* Missing context (context): the interpretation of w), as s}, or w, as s, is not
supported by the context;

¢ Pun pair (pun pair): w; and w), are not sufficiently similar in phonetic or

orthographic terms to create wordplay (this only applies to het-puns);

* Senses similarity (sense sim): senses s}, and s, are too similar. Puns work
when polysemous words carry well-separated senses that create contrast.

These types of mistakes also highlight different weaknesses. A word-sense
mistake can be considered a hallucination (e.g., “crustacean” interpreted as “a
species of bird”) while a pun pair mistake (as the initial example in Fig 8.1) indicates
difficulty in grasping the phonological properties of words.

To precisely characterize the model’s mistakes in the categories above, we con-
ducted an error analysis with five native English speakers specifically hired for
this task. We randomly sampled 80 incorrect answers from each of the three top-
performing LLMs, according to the PPA evaluation in Table 8.7: GPT-40, Llama3.3,
and DeepSeek-R1. For each of the sampled answers, we designed a set of questions
to determine the presence of each category of mistake. For example, the first two
questions assess whether s;, (the LLM-predicted pun sense) and s/, (the predicted
alternative sense) are legitimate interpretations of w;, (predicted pun word) and w,,
(predicted alternative word), respectively. Annotators could answer with “Yes”, “No”,
or “Maybe” if uncertain. If any of these questions is answered with “No” for a given
sample, that sample is counted as a word-sense association error. Note that if both
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senses are incorrect, it still counts as a single error, ensuring a more comparable
error count across all mistake categories.

We report in Table 8.9 various examples of the error analysis on real data,
along with human annotators’ questionnaire responses. Note that, for brevity, the
questionnaire items shown in the table have been slightly shortened.

Results Table 8.10 reports the results of the manual evaluation for the three
analyzed LLMs. Our analysis reveals that, in general, the most frequent errors
involve: (i) missing the required context to support both s, and s, (context) and
(i1) selecting unsuitable word pairs that do not fit into a pun (pun pair). The
latter category only applies when wy,! = w;,, and typically results from forcing words
that are not phonetically compatible to create wordplay. A third fairly common
mistake arises from incorrectly pairing words with their meanings (word-sense).
Llama3.3, the smallest among the three LLMs, tends to struggle the most in this
area, producing more sense hallucinations. In contrast, GPT-40 and R1 tend to
assess the senses correctly, even when some words in the pun pair are incorrectly
identified.

These error patterns suggest a lack of understanding of the mechanisms of puns,
particularly the inability to distinguish inappropriate contexts and difficulties in
handling wordplay based on phonetic or orthographic similarity. Among the three
evaluated models, DeepSeek-R1 proved to be the most precise, exhibiting the lowest
number of errors in its responses.

8.6.3 Discussion

Our findings align with prior work showing that LLMs struggle with humor, particu-
larly when it depends on nuanced context or roleplay [469, 428]. Interestingly, these
studies suggest that safety constraints (e.g., the “Harmless, Helpful, Honest” criteria)
can cause LLMs to misinterpret relational context in potentially offensive situations.
Specifically, these safety mechanisms bias models toward a safer, “washed-out” form
of humor, stripping away the surprise and edge on which many jokes depend. Puns,
in contrast, are rich in surprise, subtlety, and timing; they are also deeply rooted in
human emotions and experiences, qualities that current LLMs cannot fully tap into.
LLMs also exhibit a form of “regressive sycophancy” — a tendency to agree
with a user prompt even when incorrect — particularly in ambiguous or sensitive
contexts [441, 466]. We suspect that this tendency causes the models to produce
false positives by forcing inputs into a “pun” template. Such behavior is a known ar-
tifact of human-preference alignment (post-training), which can bias models toward
agreeable responses at the expense of contextual and factual accuracy [464].
Finally, the frequent pun pair errors point to weaknesses in assessing phonetic
and orthographic similarity. These issues are likely tied to tokenization, which
can mask morphological elements critical to wordplay, and to limited phonological
modeling [478]. The composition of pre-training corpora and data cleaning practices
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Table 8.9: Examples of error-analysis results for the three models analyzed in RQ3.
The final column lists the specific error types used in our statistics, with the logical
expression in brackets explaining how each error was computed from the annotators’
answers. For example, X&Y'’ specifies that an error is counted if a 'no’ answer was
given to either question X or question Y. Answers marked in red indicate the model’s

errors.
Input Output Answers by annotators Errors
GPT-40
German yes <the ¢ A. Can “the sausage” be interpreted as “the word-sense
sausage sausage> main part or essence of something”? No (A&B),
jokesare <the wurst> e B.Can “the wurst” be interpreted as “a type of pun pair
just the <the main German sausage”™? Yes (F|G)
sausage part or es- * E.Does the context support the interpretation
sence of of “the wurst” as “a type of German sausage”?
something> Yes
<a type of ¢ FG. Are “the sausage” and “the wurst” ortho-
German graphically or phonetically close? No
sausage> ¢ H. Rate pun qualityin0-5: 1
Llama3.3
The yes <oven ¢ A. Can “oven destroyer” be interpreted as “a word-sense
sailor destroyer> device that ruins an oven”? Yes (A&B),
called <over des- ¢ B.Can “over destroyer” be interpreted as “one context
his girl- troyer> <a who destroys from above”? No (D&E)
friend’s device that e D. Does the context support the interpretation
belly ruins an of “oven destroyer” as “a device that ruins an
ring an oven> <one oven”? No
oven des- who destroys ¢ FG. Are “oven destroyer” and “over destroyer”
troyer from above> orthographically or phonetically close? Yes
¢ H. Rate pun qualityin 0—5: 0
DeepSeek-R1
Why are yes * A. Can “feather” be interpreted as “to cover with word-sense
frogs so <feather> feathers”? No (A&B)
happy? <fed them> ¢ B.Can “fed them” be interpreted as “to provide
They eat <to cover food for them”? Yes
whatever with feath- ¢ E. Does the context support the interpretation
feather  ers> <to of “fed them” as “to provide food for them”? Yes
them provide food ¢ FG. Are “feather” and “fed them” orthographic-
for them> ally or phonetically close? Yes

H. Rate pun quality in 0—5: 2
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Table 8.10: Error statistics by category and overall on 80 misclassified samples from
the PunBreak dataset. Note that there may be more than one error per sample.

Error Breakdown by Category
Error Category GPT-40 Llama3.3 R1

context 66 49 50

pun pair 50 39 27

word-sense 9 17 8

sense sim 2 3 2
Aggregated statistics

Total errors 128 111 87

Avg. errors 1.6 14 1.2

may also deprive models of the informal, creative language where puns are common.
Because developers rarely disclose detailed preprocessing and corpus information, it
is difficult to determine how these practices affect fluency with such language.

Improving an AT’s grasp of puns and humor in general will likely require deeper
human-machine collaboration and greater social awareness. Prior work suggests
that human alignment of LLMs should shift from a single global standard to a more
granular, audience-aware approach [469, 428]. This would help models to adapt
to specific audiences and contexts, adjusting appropriateness and fairness criteria
accordingly.

8.7 Limitations and Opportunities

A limitation of our work is that, despite our efforts to create high-quality data, the
newly contributed datasets have not been comprehensively validated by language ex-
perts. Our manual error analysis indicates the possibility of incorrect annotations or
“accidental” puns, stemming from the inherently subjective nature of pun perception.
Discussions with annotators also revealed that the definition of a pun should be more
formally characterized; we therefore provided many examples before annotation and
corrected some samples based on their feedback. Despite these efforts, our manual
error analysis remains limited by the subjectivity of several questions.
Additionally, there is the possibility that most LLMs have previously encountered
many examples from our datasets, as puns often exist in various versions and can be
easily found online. Consequently, we may not have fully disentangled this effect
from our bias measurements on the PunBreak and, in particular, the PunnyPattern
dataset, the latter of which includes many examples sourced from PunEval. We
believe that further tests — such as injecting the identified language patterns into
arbitrary sentences — could help clarify the impact of model bias on performance.
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Future work should also investigate the severity and correctability of these biases.
For example, it remains to be tested whether leveraging ICL through prompting
with targeted negative examples, such as those from our new datasets, can mitigate
the models’ tendencies to classify most examples as puns. Moreover, the fact that
our evaluation was conducted solely on English puns further limits the scope of the
conclusions that can be drawn from these results.

Our results show a positive effect of asking for explanations on detection per-
formance, but we do not analyze how well those explanations align with the model.
Evaluating these generated rationales may be flawed because LLMs could be merely
producing agreeable answers rather than genuinely describing their reasoning. Con-
sequently, assessing the faithfulness of such rationales is an important research
direction and has been questioned in recent work [419, 319].

Finally, our prompt design was tailored for Llama 3.1, and we utilized the
same prompt for all LLMs. We acknowledge that custom-tailored prompts for each
model are likely to impact performance. During this work, several new LLMs were
published, and while we tested some of them, we did not have the opportunity to
extensively optimize prompts for each one.

8.8 Conclusion

Benchmarks in pun detection often suggest high performance from current LLMs.
However, it remains unclear whether this performance stems from a true under-
standing of linguistic mechanisms or from exploiting superficial cues in the data.
To assess robustness, we challenged state-of-the-art LLMs with two new annotated
datasets that we publicly released for future research: PunnyPattern, which collects
examples with language patterns common in English puns, and PunBreak, contain-
ing sentences subtly modified to mimic puns. Although LLMs can detect puns on
existing benchmarks (> 0.83 average accuracy), accuracy drops substantially on
our more challenging datasets: —15% on PunnyPattern, and —50% on PunBreak,
indicating limited understanding of pun mechanisms and over-reliance on similarity
with known puns. We used LLMs to explain puns by generating semi-structured
rationales and evaluated those explanations automatically and manually. Only
three models correctly identified the pun-related words in more than 70% of cases.
Moreover, all models struggled to recognize when context and word choice legitim-
ately supported wordplay. Finally, we found that combining rationale generation
with the detection task improved performance in all but one case, which invites
further study into prompting techniques to counter negative biases. This research
underscores the need for more rigorous evaluations of LLMs’ reasoning capabilities,
especially for tasks requiring subtle linguistic insight and emotional intelligence,
where current models may not yet be trustworthy.

This analysis concludes the exploration of XAl and rationale generation, showing
that a LLM’s impressive performance can mask a shallow, non-human-like grasp of
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a specific form of nuanced language. The fundamental misalignment between the
internal logic of LLMs and human reasoning poses a significant challenge to their
use in sensitive contexts. Further research into their rationalization and reasoning
capabilities, however, may provide a pathway toward improved explainability.
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Conclusion

My doctoral research has explored the intersection of two pivotal areas in modern
Artificial Intelligence (Al): the development of Text Classification (T'C) techniques
using deep-learning-based Language Models (LMs), and the design of Explainable
Al (XAI) strategies to render these models more transparent.

Part I established the foundational concepts for the two main themes of my
research by providing a comprehensive literature review. First, Chapter 2 detailed
the complete TC pipeline, from preprocessing and tokenization to classification,
with specific considerations for handling multilingual content. This review provided
the necessary knowledge of foundational neural architectures and paradigms used
in Natural Language Processing (NLP) that supported the subsequent research.
Chapter 3 then introduced the field of XAI, providing an overview of methods,
taxonomies, and evaluation criteria related to XAl. This included a discussion of key
terminology and an overview of the main types of methods.

Part II detailed my contributions to the field of NLP, beginning in Chapter 4
with a benchmark of LMs in a multilingual scenario. This study evaluated several
state-of-the-art Transformer-based LMs and traditional methods on two multilabel
classification tasks: topic labeling on a novel corpus derived from Wikipedia, and
news categorization using the Reuters RCV1 dataset, both across three languages.
Our results demonstrated that LMs pre-trained with a language modeling object-
ive, including multilingual variants, excelled at these tasks, while methods based
on static word embeddings performed more poorly, particularly for non-English
languages.

Building on this, Chapter 5 addressed the hierarchical nature of labels, which had
been simplified to a flat set of labels in the previous study. This chapter introduced a
novel approach using pre-trained Transformers and applied it to two noisy, domain-
specific datasets containing customer support tickets and software bug reports,
respectively. This research validated the use of LMs for an automated ticket routing
mechanism to expedite support pipelines. We compared BERT LMs with various
document summarization strategies and three novel global hierarchical classification
methods that leveraged the label hierarchy. Our final approach achieved improved
results over the existing baselines.

Part III focused on my contributions in XAI. This exploration began in Chapter 6
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with an investigation into the value of simpler, interpretable models. We presented a
case study on image-based fruit ripeness detection, demonstrating how a transparent
system could be built by relying on expert knowledge and a transparent classification
algorithm. A user study comparing our system with an end-to-end deep learning
classifier using SHAP for post-hoc explanations revealed a tendency for users to favor
simpler, less informative explanations, highlighting the importance of designing
effective user interfaces for XAI. In addition to this, we outlined general guidelines
for designing a classification system with explainability as a priority.

Acknowledging that opaque LMs are often indispensable for complex NLP tasks
where domain knowledge is limited, Chapter 7 introduced a novel explainable-
by-design framework. We observed that many post-hoc methods suffer from an
“explanation divide”, as they explain a system’s decisions in terms of low-level fea-
tures that hold little meaning for some end-users. Our design addressed this by
using deep learning models to extract high-level, semantically meaningful features,
which were then fed into a more transparent final classifier. This allowed our system
to produce more faithful explanations grounded in unambiguously interpretable
concepts. While this research is promising, we recognized that identifying intuitive
features might not be doable for every problem. Nonetheless, we argue that this em-
phasis on problem decomposition into semantic attributes of the data is a necessary
compromise for designers aiming to build transparent systems.

Motivated by the impressive performance of modern generative LLMs on math-
ematical and reasoning tasks, and their potential as semantic feature extractors,
Chapter 8 addressed the limits of these models in understanding nuanced language,
specifically on the task of paronomasia (pun) recognition. We explored this by meas-
uring their abilities to classify and explain their decisions, using self-generated
rationales to probe their reasoning in several challenging benchmarks. Our findings
revealed that even state-of-the-art LLMs have a fragile grasp of the underlying
linguistic mechanisms of puns. Additionally, their explanations often fail to cor-
rectly identify the supporting context and phonetic similarities. However, we found
that prompting for a rationale usually improved performance, suggesting that this
encourages a more structured reasoning process.

The next subsections will present some considerations on the use of LLMs in
research and conclude with open issues that deserve further attention.

9.1 On the Challenges of LLMs in Research

Except for the final chapter, the majority of my research has focused on discrim-
inative models applied to TC tasks. This specific focus explains why generative
LLMs were not the primary subject of my work, despite their recent emergence
as “general problem solvers”, as discussed in Chapter 2. As this paradigm is in-
creasingly adopted for a wide variety of discriminative tasks, this section examines
some of the challenges of applying generative Transformer architectures in research
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settings, challenges that were less prominent in earlier paradigms, such as transfer
learning via fine-tuning. As previously noted, the fine-tuning approach adapts gen-
eral linguistic knowledge acquired during pre-training to specific domains through
parameter updates. In contrast, the generalized solver approach, which leverages in-
context learning, can circumvent parameter updates entirely, relying instead on the
model’s ability to leverage its massive internal knowledge and symbolic reasoning
via prompting.

Tackling discriminative tasks with this generative paradigm introduces spe-
cific practical challenges. First, as performance scales with model size, the sheer
parameter count of these models creates a substantial barrier to entry, particularly
for institutions lacking the high-performance computing infrastructure required
for deploying them. While commercial providers offer API-based solutions, this
introduces operational costs and necessitates data transmission to third parties. In
research scenarios involving sensitive, proprietary, or personally identifiable inform-
ation, these privacy concerns often render API-based solutions unviable; indeed, in
some of our collaborations, this factor alone motivated the use of locally deployable,
smaller-scale models. A related concern is the high environmental cost associated
with training and querying large-scale models, which might conflict with the ethical
goal of developing environmentally sustainable Al technologies.

Beyond these practical constraints, the reliance on closed-source or massive-scale
LLMs raises methodological questions regarding the validity of scientific results. A
primary challenge is data contamination (or test-set leakage). Since these models
are trained on vast, undocumented snapshots of the Web, ensuring that a model
has not previously encountered specific test samples is increasingly difficult. This
ambiguity casts doubt on whether high performance stems from genuine reasoning
and generalization or merely from approximate retrieval and memorization. We
touched upon this issue in Chapter 8, where the model’s performance on established
public datasets was notably higher than on our newly collected examples, suggesting
that the model’s internal knowledge base may have implicitly leaked the test data.
Given that commercial models are regularly updated with new content, maintaining
a clean, controlled evaluation environment is hard and further complicates rigorous
analysis.

Moreover, unlike the fine-tuning paradigm, where dataset quality is the primary
driver of performance, generative Al via prompting is notably sensitive to the framing
and formatting of the problem, as well as to inference hyperparameters such as
temperature and decoding strategies [460]. While some researchers propose prompt
engineering frameworks and meta-optimization as solutions, current practices often
rely on trial-and-error methods to select the best-performing prompts. However, the
combinatorial explosion of possible prompt variations renders exhaustive searches
impractical, suggesting a need for more disciplined procedures to create effective
prompts for robust results. A related issue with API-based access and closed-source
LLMs is the difficulty of estimating a model’s confidence in its answers, since most
APIs return only the generated text and not the underlying raw predictions (logits)
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[460]. Consequently, confidence is often inferred either by explicitly asking the
model to provide a probability score (which can result in hallucinated values) or
by measuring variability across multiple runs of the same query. Although some
providers now allow retrieval of token logits, this capability is not universal, typically
incurs additional costs, and can significantly slow down inference.

A further complication is sycophancy, a tendency for models to align with the
user’s implied view and provide agreeable answers rather than truthfully evaluating
content [472, 464]. This behavior is reportedly induced by extensive post-training
routines for user alignment, which, while more reasonable in conversational contexts,
are counterproductive for formal discriminative tasks like classification. Unsurpris-
ingly, when paired with the high prompt sensitivity, carefully constructed adversarial
prompts or slight variations in instructions can condition the model’s operative set-
ting, leading to contradictory results. This effect complicates the reproducibility and
generalization of scientific claims.

9.2 Future Research Directions

While each chapter concluded with a discussion of its specific limitations and oppor-
tunities, this final section outlines some broader directions we believe are important
for future research.

First, a challenge lies in the sustainability of continued development and eval-
uation of LLMs. As the current trend in scale is unsustainable [288], future work
should prioritize strategies for creating smaller but smarter models. Besides the
obvious environmental benefits, this would democratize research, enabling more
institutions to contribute to the development of fairer, more transparent open-source
alternatives. Alongside sustainability, a deeper focus on evaluation is also important
[460]. As our research on puns demonstrated, even state-of-the-art models that show
impressive performance on some tasks, like coding or math, can rely on superficial
heuristics, proving they are still far from being well-rounded reasoners.

Despite their limitations, the capabilities of these models are remarkable, and
this also presents significant opportunities for XAI. The layered framework from
Chapter 7, for instance, depends on high-quality semantic features, and a promising
direction is to explore the use of modern LLMs to extract them. Relatedly, we
deem the possibilities offered by Retrieval-Augmented Generation (RAG) systems
to be particularly interesting. By connecting LLMs to external data sources like
knowledge graphs, RAG is being widely studied for its ability to decouple a model’s
knowledge from its internal parameters. An interesting property is that, since
knowledge graphs are formalized and relatively intuitive data structures, providing
explanations in terms of paths on these graphs can yield faithful and expressive
results, as the “vocabulary” of the explanation is a human-understandable data
scheme. This could provide a clear, verifiable reasoning path for complex decisions,
as recent work has started to explore [431, 465, 427].
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We also support the argument of some authors [479, 414] that there is a press-
ing need for more rigorous, comparative evaluations of XAI methods, particularly
concerning their faithfulness. As emphasized throughout my research, XAl tech-
niques are not one-size-fits-all solutions; each has its strengths and weaknesses, and
measures slightly different things. Clarifying how each method can help diagnose
problems is crucial for making good use of this variety of choices to answer the
right questions. Additionally, since the ultimate goal of XAl is to be useful to a
system’s end-users, we stress that a significant part of the field should be concerned
with human-centered design and evaluation, intersecting with fields like Human-
Computer Interaction (HCI) and the social sciences [129]. We do not argue that
all research on interpretability must involve end-users. However, purely computa-
tional methods like LIME, SHAP, or Grad-CAM, while providing valuable theoretical
approaches, often produce explanations that are only truly useful to technical ex-
perts. They may prove inadequate for users with different backgrounds, whose
specific, high-level questions and mental models must be explicitly integrated into
the design process. We note that here, too, LLMs may offer an additional opportunity
in designing the user interface itself. Their powerful conversational technologies
could enable interfaces where a user can engage in a dialogue with a system, ask
follow-up questions, and receive adaptive explanations, a goal long advocated in
both XAI and HCI literature [366, 393, |190]. However, for such a dialogue to be
trustworthy, these models must be grounded so that they answer based on factual
information — a capability that is still an active and challenging area of research
(416, 276].

We believe that developing more inherently interpretable deep learning archi-
tectures can also contribute to the goals of XAI. While no neural network is likely
to be completely transparent, some architectures are more aligned with human
reasoning. Prototypical Networks, for example, which learn by comparing inputs to
learned archetypes, offer an intuitive mechanism that aligns well with concepts like
similarity and counterfactual explanations [208, 332]. Exploring how such human-
centric constraints can be built into a model’s design can help to quantify its limits
and to provide more intuitive explanations. Likely, combining these complementary
directions (more transparent models, expressive features, and more human-centered
interfaces) will truly benefit the field.

Finally, we mention a challenge that will likely impact LLMs’ abilities in the
not-too-distant future. Their generative abilities have popularized the creation of
synthetic datasets as a cost-effective alternative to manual annotation. While this
opens new possibilities for data-scarce domains, it carries the risk of reinforcing
existing biases when models are trained on increasing amounts of synthetically
generated data. Synthetic data, regardless of quality, may not perfectly mirror the
distribution of real data [480]. This mismatch, known as distribution shift, can
result in models that overfit to synthetic patterns and progressively drift away from
reality, leading to biased and discriminatory outcomes — a scenario termed “model
collapse” [433, 424]. As a possible mitigation strategy, Shumailov et al. [433] suggests
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ensuring original datasets containing human-created content remain available and

separate from synthetic ones.
We offer these reflections to the community, hoping they may benefit both practi-
tioners and researchers in the challenges that lie ahead.
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