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Abstract

This thesis explores the potential of audio Explainable Artificial Intelligence (XAI) to improve
the interpretability of deep audio processing models. While most existing XAI methods focus
on visual and textual explanations, audio explanations offer a more intuitive approach for audio-
based tasks. They provide a unique level of expressiveness, particularly where visual explanations
require specialised knowledge. By aligning explanations with the audio domain, this research aims

to bridge the interpretability gap and enhance understanding of complex audio models.

As a case study, this thesis examines COVID-19 detection from cough and speech audio, con-
sidering both classifier performance and explainability. To enhance interpretability, CoughLIME,
a modified version of LIME tailored for cough data, is introduced. CoughLIME generates faith-
ful and listenable explanations, addressing a key challenge in trust for audio-based COVID-19

classifiers.

With transformer models excelling in audio processing, the need for interpretability of their
complex decision-making has grown. This thesis proposes a technique to explain audio-processing
transformers by integrating their attention mechanisms with non-negative matrix factorisation
(NMF). NMF decomposes audio into spectral patterns, while attention weights identify the most
relevant time activations. By reconstructing key audio components, the method generates high-

fidelity, listenable explanations, validated through audio classification tasks.

Additionally, a novel explanation method is introduced, leveraging the meaningful representa-
tion space and generative capacity of audio foundation models. By integrating feature attribution
techniques, significant features in their embedding space are identified, enabling the generation
of meaningful audio explanations. Extensive evaluations explaining audio classification models

confirm the effectiveness of this approach.

Finally, we propose a novel framework, extending beyond traditional feature attribution which
emphasise only the most relevant features, overlooking the broader representational space, includ-
ing less important features. Rather than removing features, the framework uses generative audio
language models to replace removed features with contextually appropriate alternatives, offering a

more comprehensive understanding of model behaviour.
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Recent advancements in Artificial Intelligence (AI) technology have revolutionised numerous
domains and have been widely used in various industries such as healthcare, finance, manufac-
turing, transportation, and education. Popular AI methods include a range of techniques, from
standard machine learning models such as decision trees and linear regression to more complex
deep learning models such as Multilayer Perceptron (MLP) [Rumelhart et al., 1986], Convolutional
Neural Network (CNN) [Krizhevsky et al., 2012], Recurrent Neural Network (RNN) [Sherstinsky,
2020], and transformers [Vaswani et al., 2017]. Nowadays, the transformer-based models have
demonstrated their versatility across various domains, ranging from natural language processing
tasks [Devlin et al., 2018, Peters et al., 2018, Lan et al., 2019] such as machine translation, sen-
timent analysis, and question answering, to computer vision tasks [Touvron et al., 2021, Radford
et al., 2021, Khan et al., 2022] such as image generation, object detection, and image segmentation.
With advancements in both model architectures and hardware technologies, state-of-the-art deep
models, such as GPT-3 [Brown et al., 2020b] and ViT [Dosovitskiy et al., 2020] evolved to large sizes
and complexities, pushing the boundaries with hundreds of billions of parameters. Although an

increase in complexity has improved the accuracy of these models, the challenge of interpretability



has intensified, making it difficult to understand the inner workings and decision-making processes

of these black-box models.

Explainable Artificial Intelligence (XAI) methods play a crucial role in the decision-making
processes of Al systems by providing transparency and trust. These XAl properties justify the Al
model prediction, which builds trust among human users and debugs the model when necessary.
Exploiting XAI methods is inevitable, particularly in sectors such as healthcare [Amann et al.,
2020, Reddy, 2022], law [Deeks, 2019], transportation [Atakishiyev et al., 2021] and finance [Weber
et al., 2023] where the decisions made have critical consequences. For example, XAT helps doctors
and medical professionals understand and trust the recommendations made by Al models, thereby
facilitating better patient care and treatment planning. In finance, XAl explains credit scoring
decisions, aiding banks in understanding factors that influence the credibility of individuals or
companies and mitigating potential bad debts. XAI aids in interpreting legal documents and
precedents, assisting lawyers in building stronger cases, and ensuring fair judgments. Furthermore,
XAI empowers autonomous vehicles by explaining their decision-making processes and ensuring

safety and reliability while building public acceptance of this cutting-edge technology.

The modality of explanations generated by an XAI model plays an important role in increasing
the level of interpretability and helping human users better understand the model, depending
on use-case scenarios. Numerous XAI methods use numerical, rule-based, textual, and visual
explanations, all presented visually, to enhance communication with human users. Examples of
numerical explanations include providing feature importance scores, class probabilities, or weights
such as coefficients in linear models or importance values in tree-based models to quantify the
impact of different variables on the model’s inference. Rule-based explanations include presenting
logical rules or decision paths that the model follows to arrive at a decision, making the logic behind
the model’s output clear, and making its decision-making process transparent. Visual explanations
leverage the communication power of images, heat maps, or saliency maps to highlight important
features or parts of an input data point, enabling users to understand the factors influencing the
model’s decision-making process. Textual explanations involve the clarification of natural language
statements. Recent surveys [Barredo Arrieta et al., 2020, Vilone and Longo, 2020] summarise the
field of XAl regarding methods that provide explanations using these visually appealing or human-

readable formats.

In addition to these formats, audio explanations offer a unique way of presenting explanations
that appeal to auditory perception. This includes providing speech, a sound signal, or parts of

the input audio that are derived from the original input of audio tasks, or sonification of non-
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audio formats for other modalities. In this thesis, my research goal is to explain audio models by
providing listenable explanations, leveraging the expressiveness of audio to enhance interpretability.
To achieve this, I approach the problem from both the audio data and deep model perspectives,
aiming to answer three key questions: which parts of the audio are most important for a model’s
decision, how this information is processed within the embedding space of neural networks, and

what is the best way to present these as audio explanations to end-users to ensure transparency.

In this thesis, we aim to improve audio-based XAI methods by developing an approach that
targets different aspects of audio interpretation. A key aspect of producing meaningful audio ex-
planations is decomposition, which allows for the investigation of relevant components contributing
to the final decisions of AI models. We explore both simple audio decomposition techniques as
well as more sophisticated methods, such as Non-negative Matrix Factorisation (NMF). Another
major focus of this work is the focus on explaining state-of-the-art models by exploring their in-
ternal structure. Specifically, we apply our approach to transformer-based models by leveraging

their attention mechanisms in combination with NMF.

Deep models inherently encode high-level features, providing a natural basis for audio decom-
position. To leverage this, we also utilise audio foundation models, employing their embedding
space to extract semantically meaningful features that contribute to more interpretable explana-
tions. This allows us to capture essential aspects of audio beyond raw waveforms or spectrograms.
Building on this, we further exploit audio-language models to generate complete and coherent
audio explanations, aligning audio representations with textual descriptions. This integration not
only improves the interpretability of audio-based AI models but also provided a more structured

and human-understandable way of explaining complex auditory patterns.

1.1 Research Questions

The primary research questions explored in this thesis can be summarised as follows:

Research Question 1 (RQ-1): Given that explainability refers to the details that make
an Al model’s decision process understandable, what are the best practices for explaining audio-
processing models? Furthermore, how does the explainability of audio-processing models differ
from that of AI models in other major domains, such as computer vision and natural language

processing, considering the unique dynamics of audio processing?
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Research Question 2 (RQ-2): Beyond the unique characteristics of audio processing and
the specialised properties of AT models designed for audio modality, the effectiveness of the output
format in audio XAI methods is a critical consideration. While visual representations, such as
frequency interval visualisations, may aid expert users in understanding model decision processes,
they are often not intuitive for end-users from diverse backgrounds. What is the significance of

providing listenable explanations in enhancing the interpretability of audio models for end-users?

Research Question 3 (RQ-3): XAI methods primarily focus on analysing the importance
of the ”smallest meaningful units” in different modalities, such as superpixels in images or words
in natural language processing, in the decision-making process of AI models. These methods
typically operate by first identifying meaningful features and then assigning importance to them.
In the context of audio signals, what constitutes the smallest meaningful units, and how can these
features be effectively extracted using audio decomposition techniques to facilitate the application

of standard feature attribution methods?

Research Question 4 (RQ-4): Unlike image matrices and discrete language tokens, audio
data can be represented through various methods, such as spectrograms and raw waveform signals.
What role do these different representations of audio signals play in their decomposition, and how

do they contribute to the extraction of explainable features?

Research Question 5 (RQ-5): Instead of relying on deterministic audio decomposition
techniques, can more advanced linear algebra-based methods, such as NMF, be leveraged? Do
these methods inherently produce meaningful features that are important for audio tasks, and can

these features be reconstructed into listenable explanations?

Research Question 6 (RQ-6): As Al algorithms advance and hardware technologies continue
to improve, deep learning models are becoming increasingly complex. For instance, transformers
are widely employed to achieve state-of-the-art performance across various tasks. Can the inherent
architectural features of transformers, such as attention weights, be leveraged to enhance feature

attribution methods for audio explainability?

Research Question 7 (RQ-7): Audio foundation models have gained popularity due to their
ability to learn meaningful representation spaces and capture distinctive audio features by training
on large-scale audio datasets. Can the high-level features embedded in the rich representational
space of audio foundation models serve as an alternative to manual data decomposition methods

for extracting meaningful explanations?
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Research Question 8 (RQ-8): Audio language models have demonstrated significant per-
formance in generating audio content. However, existing feature attribution methods typically
focus on highlighting the most relevant features while disregarding less important ones, thereby
narrowing the representational space. By shifting this paradigm, can the generative capabilities
of audio language models be harnessed to replace removed features with contextually appropriate

alternatives, offering a more comprehensive view of the model’s decision-making process?

1.2 Contributions

Building on the research objectives outlined above, the key contributions of this work can be

summarised as follows.

We advance the explainability of audio-based machine learning models in healthcare, focusing
specifically on COVID-19 detection. The chapter first provides empirical evidence of the chal-
lenges in developing universally reliable COVID-19 classifiers, highlighting issues such as dataset
bias and limited generalisability. We then introduce CoughLIME, a novel interpretability method
that translates model explanations into the audio domain, allowing researchers and clinicians to
better understand the acoustic features driving predictions. Together, these efforts address the
broader question of how trustworthy and interpretable audio health diagnostics can be designed
by providing listenable explanations, while also underscoring the current limitations that constrain

the reliability of such systems.

We then propose AttHear, a novel audio explanation method designed specifically for audio
transformers. AttHear leverages the attention module in transformers and integrates it with NMF,
eliminating the need to fine-tune the original prediction model or train a surrogate model. To
achieve this, we introduce a new formulation for NMF reconstruction that incorporates attention
weights into NMF time activations. This approach enables AttHear to generate audio explanations
in a listenable format, making them interpretable and accessible to end-users. We evaluate AttHear
on keyword spotting and environmental sound classification tasks, demonstrating that it produces
faithful explanations with high fidelity scores while effectively capturing meaningful high-level

audio components relevant to these tasks.

Next, by incorporating common feature attribution methods into the latent space of founda-
tion models, we introduce an innovative audio explanation approach. This method leverages the

meaningful latent space to avoid the challenges of interpreting feature relevance directly in the
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input space, such as audio frequencies, where individual features can be difficult to understand.
Instead, it utilises the generative capabilities of foundation models to create audio explanations in
a listenable format, making them both meaningful and interpretable for end-users. We evaluate
this approach on keyword spotting and speech emotion recognition tasks, demonstrating that it
generates high-fidelity explanations while capturing significant high-level audio components. Addi-
tionally, we propose a strong baseline using NMF with random attention to quantitatively validate

the performance of our method.

Finally, we combine Audio Language Models (ALM) with foundation model-based audio clas-
sifiers to provide a deeper and more comprehensive understanding of important audio features.
By leveraging the high-level latent space of foundation models, our approach identifies meaning-
ful audio features that influence model decisions. The generative capabilities of ALMs are then
used to refine and complete these features within the latent space, producing listenable, inter-
pretable audio explanations. This offers a compelling alternative to traditional feature selection
methods in the XAI literature, enabling richer and more coherent explanations. We evaluate our
framework on keyword spotting and speech emotion recognition tasks, showing that it not only
delivers high-fidelity explanations but also enhances the overall understandability of these expla-
nations. Notably, emotion-focused explanations lead to improved speech recognition performance,

demonstrating the effectiveness of our method in clarifying the model’s decision-making process.

1.3 Thesis Outline

The thesis is structured in seven chapters as follows:

Chapter 1 — Introduction: Presents the motivation behind the thesis, followed by an
overview of the technical research, outlining its progression chapter by chapter. It concludes

with a summary of the key contributions of the work.

Chapter 2 — Background: Explores the theoretical foundations and key literature on Al and
audio processing. It then reviews relevant research in XAI that explains audio processing models,

including evaluation methods used to assess explanation effectiveness.

Chapter 3 — Interpretable Audio Classification with Data Decomposition: Explores
the explainability of audio classification models using a healthcare case study on COVID-19 predic-
tion. It introduces CoughLIME, a novel method for generating listenable explanations of machine

learning model predictions.
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Chapter 4 — Understanding Audio Transformers through Attention and Factorisa-
tion: Introduces AttHear, a novel explanation method for audio transformers by leveraging the

attention mechanism and integrating it with NMF.

Chapter 5 — Audio Explanation Synthesis with Generative Foundation Models:
Presents an audio explanation approach using generative foundation models. By integrating feature
attribution methods into the latent space, it avoids the challenges of interpreting feature relevance

in raw audio and instead generates intuitive, listenable explanations.

Chapter 6 — Improving Audio Explanations using Audio Language Models: Com-
bines ALMs with foundation model-based audio classifiers to enhance the understanding of impor-
tant audio features. The proposed method refines and synthesises meaningful features, producing
listenable and interpretable audio explanations by leveraging the latent space and generative ca-

pabilities of ALMs.

Chapter 7 — Conclusions: Highlights the key contributions of this thesis, discusses ethi-
cal considerations of the presented research in audio model interpretability, and explores future

research directions to enhance audio explainability and broader applications.

Chapter 8 — Appendix: Provides detailed descriptions of the codebases corresponding to each
component of the work, including implementation code and listenable sample audio explanations
generated using the proposed methods. It also includes comprehensive information about the

datasets utilised in this thesis.
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2.1 Deep Learning

The era of deep learning was catalysed by significant advancements in algorithms and hardware

technologies, which enabled the development of more powerful models and systems. Initially,
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deep learning models focused on relatively simple tasks, such as predicting handwritten digits
in the MNIST dataset [Deng, 2012]. However, over time, these models have evolved to tackle
far more complex challenges, including generative models and sophisticated multimodal tasks.
In this section, we will explore the recent breakthroughs in deep learning that have propelled
artificial intelligence into real-world applications, highlighting its impact across various domains.
We will focus on popular use cases in computer vision and natural language processing, where
Al is increasingly used for detection and generation. Additionally, we will examine the unique
characteristics and applications of deep learning in the audio domain, highlighting its domain-

specific properties and innovations.

2.1.1 Recent Advancements

The early methods in deep learning revolved around fundamental end-to-end architectures such
as MLPs [Rumelhart et al., 1986], CNNs [Krizhevsky et al., 2012], and RNNs [Sherstinsky, 2020].
MLPs, the simplest of these, provided the basis for many early deep learning models by stacking
layers of neurons to learn complex patterns. CNNs, originally designed for image recognition
tasks, became widely known for their ability to automatically learn spatial hierarchies in data,
revolutionising fields like computer vision. RNNs, on the other hand, were introduced to process
sequential data, excelling in tasks like language modeling and speech recognition. Although CNNs
and RNNs are now considered relatively older models, they remain integral to modern architectures,
often serving as foundational building blocks in more complex, hybrid models like attention-based
transformers [Vaswani et al., 2017]. Their continued relevance underscores their robustness and
adaptability in solving a variety of tasks across different domains [Brown et al., 2020b, Raffel et al.,

2019, Grechishnikova, 2019, Baevski et al., 2019, Lin et al., 2023, Hayes et al., 2025].

As deep learning has evolved, more sophisticated architectures have emerged to enhance repre-
sentation learning, allowing models to better capture and understand complex relationships within
high-dimensional spaces. Autoencoders [Vincent et al., 2010], for instance, have been pivotal in
learning efficient, compact representations of data by encoding inputs into a lower-dimensional
latent space and then decoding them back to the original form. Variational Autoencoders (VAE)
[Kingma and Welling, 2014] extend this concept by introducing probabilistic modeling in the la-
tent space, enabling them to generate new, meaningful variations of the input data while ensuring
smoother and more continuous latent representations. This ability to learn abstract features has

been crucial in tasks like anomaly detection and data compression. Generative Adversarial Net-
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works (GAN) [Goodfellow et al., 2014], another groundbreaking architecture, introduced a frame-
work consisting of two neural network, a generator and a discriminator, that compete adversarially
to generate and evaluate realistic data. This innovative approach has made GANs highly effective
in image generation and various other creative applications. Figure 2.1 details a schematic of the
VAE and GAN architectures. Similarly, Siamese networks [Koch et al., 2015], designed to learn
similarity between pairs of inputs, have been widely applied in tasks like face verification and metric
learning. These architectures contribute to more powerful models capable of representing complex,
high-level abstractions, pushing the boundaries of what deep learning can achieve in fields ranging

from computer vision to natural language processing.

(a) VAE
(b) GAN Xq

D—» Real or Fake
Zp
) —— = S e

Figure 2.1: Tllustration of the architectures of (a) VAE, (b) GAN where Enc, Gen, Dec, and Disc
denote the encoder, generator, decoder, and discriminator, respectively.

More recent advancements in deep learning have introduced architectures that further refine
model efficiency and performance, with a particular focus on eliminating the limitations of sequen-
tial processing. The transformer architecture [Vaswani et al., 2017] shown in Figure 2.2, introduced
in 2017, revolutionised the field by replacing recurrent processing with self-attention mechanisms,
enabling models to process entire sequences of data simultaneously rather than one step at a
time. This innovation drastically improved training efficiency and model scalability, making it
the backbone of state-of-the-art applications in Natural Language Processing (NLP) and beyond.
Transformers have become the foundation of large language models like GPT [OpenAl et al.,
2024], BERT [Devlin et al., 2018], and their variants, which have demonstrated remarkable per-
formance in tasks such as machine translation, question answering, and text generation. Similarly,

the transformer architecture has been extended to vision tasks, leading to the development of im-
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age foundation models, such as Vision Transformers (ViT) [Dosovitskiy et al., 2020], that process
images as sequences of patches rather than pixels. These foundation models, capable of learning
generalisable features across vast datasets, have reshaped the landscape of Al, offering a unified
approach to tackling a variety of tasks across different modalities, from text to images and even
multimodal applications.

Output Probabilities
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Add & Norm Add & Norm
Multi — Head

Feed
Forward

Attention

N Add & Norm
Multi — Head Masked Multi — Head
Attention Attention
Positional @ =) @ Positional
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[ Input Embedding ] [ Output Embedding ]

Inputs Outputs (Shifted Right)

Figure 2.2: Illustration of the transformer architecture adapted from [Vaswani et al., 2017].

As deep learning models have grown larger and more complex, traditional supervised learning
strategies, which rely heavily on labeled data, have faced significant challenges. Feeding vast
amounts of labeled data into models is often not feasible due to the immense cost and time required
for labeling. To address this, self-supervised learning has emerged as a powerful alternative. This
approach allows models to learn from unlabeled data by creating pretext tasks, where the model
generates its own supervision from the data itself. For example, in natural language processing,
models can predict the next word in a sentence, fill in missing parts of text by masking [Devlin
et al., 2018, Yang et al., 2019, Brown et al., 2020b], replace some tokens with plausible alternatives
sampled from a small generator network [Clark et al., 2020] or exploit contrastive learning strategies
[Gao et al., 2021]. This strategy not only reduces the dependency on labeled data but also enhances
scalability, as vast amounts of unlabeled data, which are widely available across the internet, can be
utilised. Self-supervised learning has become a key component in training large models, especially
in the context of foundation models, where it allows them to learn rich representations without the

need for expensive human labeling efforts. This shift has significantly accelerated the development
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of AI systems, enabling models to generalise more effectively across a wide range of tasks and

domains.

2.1.2 Applications

Deep learning excels in handling a wide variety of tasks, broadly categorised as predictive, genera-
tive, and transformative. Predictive tasks involve analysing input data to produce specific outputs,
such as classifying images [Simonyan and Zisserman, 2015], detecting objects in scenes [Ren et al.,
2015], or performing regression to predict numerical values [Goodfellow et al., 2016]. Genera-
tive tasks, on the other hand, focus on creating new content conditioned on input parameters or
learned patterns, exemplified by applications like image generation [Goodfellow et al., 2014], text
generation [Radford et al., 2019], and audio synthesis [van den Oord et al., 2016]. Transformative
tasks involve altering the content or structure of input data to produce a modified output, such
as applying style transfer to images [Gatys et al., 2016], translating text between languages [Bah-
danau et al., 2015, Vaswani et al., 2017], or performing Image-to-Image Translation like converting
photographs into sketches [Isola et al., 2017]. The versatility of deep learning across various tasks
highlights its adaptability to a wide range of applications, establishing it as a fundamental tool in

modern artificial intelligence.

Deep learning’s applications span a variety of domains and even integrate multiple modalities,
demonstrating its broad utility and adaptability. Domain-specific tasks include visual applications
like medical image analysis in healthcare [Ronneberger et al., 2015, Litjens et al., 2017], object de-
tection for autonomous driving [Redmon and Farhadi, 2018, He et al., 2017], and facial recognition
in security [Taigman et al., 2014, Schroff et al., 2015]. In the textual domain, tasks such as legal
document analysis [Chalkidis et al., 2020], sentiment analysis [Socher et al., 2013], and natural
language processing facilitate efficient data handling in industries like law and customer service.
For the audio domain, deep learning powers speech recognition [Hinton et al., 2012, Amodei et al.,
2015] in virtual assistants and music generation tools [Dhariwal et al., 2020, Civit et al., 2022] in
the entertainment industry. Beyond individual domains, multimodal tasks integrate multiple data
modalities to address complex objectives. For instance, image captioning generates descriptive
text from visual inputs [Vinyals et al., 2015], speech-to-text transcription enhances accessibility
and facilitates automation [Prabhavalkar et al., 2023], and text-to-speech synthesis plays a crucial
role in conversational Al [Shen et al., 2017]. These applications, spanning diverse domains and

industries, underscore the pioneering potential of deep learning in addressing real-world challenges.
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2.1.3 Deep Models for Audio Processing

Audio processing models are at the core of this thesis, representing a domain with unique char-
acteristics that demand specialised approaches. Unlike visual or textual data, audio data has
distinct dynamics, including its continuous nature, temporal dependencies, and diverse represen-
tations such as waveforms, spectrograms, and feature embeddings [Purwins et al., 2019]. These
complexities require tailored models and architectures designed to effectively capture and interpret
the underlying patterns in audio signals. Unlike tasks in natural language processing or computer
vision, which often involve structured text or spatially arranged pixels, audio processing tasks must

deal with the intricacies of time-frequency analysis and the variability of acoustic environments.

Audio processing encompasses a wide range of tasks with diverse applications across various
fields. Generative tasks, such as music generation and audio synthesis [van den Oord et al.,
2016, Yang et al., 2023], involve creating new auditory content, enabling innovations in creative in-
dustries. Recognition tasks, particularly Automatic Speech Recognition (ASR), transform spoken
language into text and are foundational to voice-controlled systems and accessibility tools [Yu and
Deng, 2016, Kheddar et al., 2024]. In healthcare, audio processing is applied to diagnostic tasks
using auditory signals like heartbeats, coughs, or breathing sounds, helping identify conditions
linked to specific body parts, such as cardiac anomalies [Zhang et al., 2020] or respiratory diseases
[Akman et al., 2022, Coppock et al., 2021b]. Another emerging area is affective computing, where
audio cues like tone, pitch, and rhythm are analysed to detect emotions or mental states, enhancing
human-computer interaction [Schuller et al., 2018]. These tasks leverage the distinctive charac-
teristics of audio data to address critical challenges and open new possibilities in both academic

research and industrial applications.

Audio models utilise various input data types, each suited for specific tasks and capturing dif-
ferent aspects of the audio signal. Raw waveforms represent the sound in its most basic form, with
models processing the time-domain signal directly to identify patterns, often using deep learning
techniques that bypass traditional feature extraction [Zeghidour et al., 2021b, Mehri et al., 2016].
Spectrograms, on the other hand, transform the waveform into a time-frequency representation,
making it easier to analyse frequency content over time and widely used in tasks like speech recog-
nition and music classification [Hershey et al., 2016]. Mel-Frequency Cepstral Coefficients (MFCC)
are another popular feature, especially in speech and speaker recognition, as they capture the es-
sential characteristics of sound by modeling the human ear’s sensitivity to different frequencies

[Davis and Mermelstein, 1980, Gourisaria et al., 2024]. Deep features, which are high-level rep-
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resentations learned by deep neural networks, can provide more abstract insights into the audio
signal, making them useful for complex tasks like emotion recognition or sound event detection
[Baevski et al., 2020, Hsu et al., 2021, Baevski et al., 2022]. Additionally, engineered features like
OpenSMILE [Eyben et al., 2010] focus on extracting specific attributes such as pitch, rhythm, and
energy, which are particularly effective for affective computing and audio analysis in contexts like
healthcare or human-computer interaction. These diverse input data types empower audio models
to tackle a broad spectrum of applications by representing sound in formats that are optimally

aligned with the specific requirements of each task.

Model architectures specifically designed for audio processing have evolved significantly, begin-
ning with sequential models such as Long Short-Term Memory (LSTM) [Hochreiter and Schmid-
huber, 1997] networks and other RNNs. These architectures effectively handle the temporal nature
of audio signals, making them suitable for tasks such as speech recognition and audio classification.
As the field progressed, transformers emerged as a game-changer due to their ability to model long-
range dependencies and parallelise computation, leading to improved performance in various audio
tasks. Noteworthy advancements like audio language models, exemplified by Wav2Vec [Schnei-
der et al., 2019] and other audio self-supervised learning methods [Liu et al., 2022], highlight the
effectiveness of self-supervised learning in extracting meaningful representations from raw audio
data without extensive labeled datasets. This evolution signifies a transition towards more robust
and adaptable models, capable of effectively addressing the inherent complexities of audio data at

scale.

2.2 Explainable Artificial Intelligence

XAT aims to address the black-box nature of AI models by making their operations and decision-
making processes transparent and interpretable. In this context, explainability encompasses terms
like transparency, interpretability, and understandability, all of which strive to clarify how Al
models arrive at their outputs. Just as humans rely on reasoning and can articulate the basis for
their decisions or creative processes beyond just presenting the outcome, explainability seeks to
enable Al to provide similar clarity. This involves not only showing the results but also making the
logic, data patterns, or mechanisms behind those results comprehensible to users. By aligning Al
models more closely with human-like thinking processes, often considered the ultimate goal, these
efforts ensure the quality and authenticity of the “intelligence” underpinning the system. A more

recent and widely accepted definition of explainability is proposed by [Barredo Arrieta et al., 2020],
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stating that “Given a certain audience, explainability refers to the details and reasons a model
gives to make its functioning clear or easy to understand.” This definition explicitly highlights the

dependence of a model’s explainability on its intended audience.

2.2.1 XAI Foundations

Need for XAI

The key motivations for explainability can be categorised into four distinct yet interrelated aspects
[Adadi and Berrada, 2018]. First, explanations serve as justifications, particularly in cases where
AT systems produce biased or unexpected results. Providing clear reasoning behind decisions
not only enhances trust but also ensures compliance with regulations like the GDPR’s “right to
explanation.” Second, explainability enhances control by improving system transparency, allowing
for the identification and correction of errors, and preventing unintended consequences. Third, it
facilitates continuous improvement as understanding the reasons behind a model’s outputs enables
users to refine and optimise its performance. Finally, explainability facilitates discovery by enabling
Al systems to share new insights and knowledge, as seen in breakthroughs like AlphaGo Zero’s
strategic advancements. In the future, XAT could play a crucial role in uncovering hidden principles

in various scientific fields, driving both innovation and understanding.

XATI Concepts

In XAI, several terms are commonly used, often with overlapping meanings [Barredo Arrieta
et al., 2020, Lipton, 2016, Miller, 2019, Vilone and Longo, 2021b]. Understandability refers to a
model’s ability to be grasped by humans without needing an explanation of its internal workings.
Comprehensibility, on the other hand, is specific to machine learning models and relates to how
well the learned knowledge can be represented in a human-understandable way, often tied to model
complexity. Interpretability focuses on making a model’s decisions meaningful to humans, while
explainability extends this by serving as an interface between the model and users, providing an
understandable and accurate proxy of the decision-making process. Furthermore, transparency
refers to the inherent understandability of a model, which can be classified into three categories:
simulability (where humans can mentally simulate decisions), decomposability (where individual

components are interpretable), and algorithmic transparency (where the underlying logic is clear).
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The XAI pipeline includes several key components essential for generating meaningful explana-
tions. The AT model to be explained ranges from inherently interpretable models, such as decision
trees, to complex black-box models, including deep neural networks [Lipton, 2016, Guidotti et al.,
2018b]. The choice of XAI method depends on the model and context, with intrinsic methods
designed for interpretability and post-hoc methods providing explanations for pre-trained models
[Barredo Arrieta et al., 2020]. The purpose of explanation varies across stakeholders, from model
debugging and regulatory compliance to improving user trust [Miller, 2019]. To evaluate XAI
methods, key metrics include fidelity, ensuring explanations accurately reflect model behaviour,
completeness, capturing essential decision factors, and human interpretability, determining usabil-
ity for end-users [Vilone and Longo, 2021b]. Balancing these properties is crucial for developing

reliable and effective explainability frameworks.

2.2.2 XAI Methods

Existing XAI methods cover different types of techniques, including rule-based explanations, fea-
ture importance analysis, local surrogate models, prototype/example-based explanations, coun-
terfactuals, model distillation, and attention mechanisms. XAI methods are typically classified
according to their stage: ante hoc vs. post hoc; scope: local vs. global; input data: numeri-
cal/categorical, pictorial, textual, and time series; and output format: numerical, rules, textual,
visual, audio, and mixed [Vilone and Longo, 2020]. The stage of providing explanations refers to
the stage at which explanations are generated, where ante-hoc methods make models naturally
explainable by considering interpretability before and during the training process, and post-hoc
methods exploit external explainer models to ensure explainability without changing the original
model after training. While global explanations target the entire model, local explanations explic-
itly explain the inference of a specific input. In addition to methodological differences, the input
data representation and output format used by XAI models differ with respect to the domain of

the AI task and the demographics and expertise level of human users.

A number of comprehensive survey papers review XAI methods from diverse perspectives,
contributing significantly to the field. Some of these surveys focus on specific modalities, such
as explainability techniques tailored for deep neural networks in audio processing [Akman and
Schuller, 2024b], whereas the majority of XAI research has traditionally centered on image and
text-based models. Others examine XAI methods from a domain-specific standpoint, including ap-

plications in medical AT [Sun et al., 2025]. A broader categorisation of XAI methods by application
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domains, such as forecasting, healthcare, transportation, finance, and social media, is provided in

[A. and R., 2023].

Additionally, several surveys aim to systematically classify existing XAl approaches, offering
structured taxonomies. Some categorise methods based on their output type, conceptual founda-
tion, or functionality [Speith, 2022, Vilone and Longo, 2021a, Barredo Arrieta et al., 2020, Adadi
and Berrada, 2018, Ali et al., 2023], providing a well-organised overview of the field. A conceptual
and theoretical perspective is taken in [Vilone and Longo, 2021b], which not only reviews XAI
research but also discusses evaluation strategies using formal notions and metrics. Meanwhile,
[Linardatos et al., 2021] contributes a taxonomy of XAI techniques alongside links to their pro-

gramming implementations, serving as a valuable reference for both researchers and practitioners.

Beyond their technical focus, many of these survey papers also offer insights into the broader
role of XAI in Al research, its significance, associated challenges, evaluation methodologies, and
future research directions. Notably, [Ali et al., 2023] presents an in-depth analysis of existing survey
papers, detailing their scope, including the number of studies reviewed, the types of XAI methods
covered, the availability of evaluation frameworks, and the core concepts addressed. Together,
these surveys provide a well-rounded understanding of the current landscape of XAI, guiding
further advancements in the field. Following the categorisation in [Barredo Arrieta et al., 2020, Ali
et al., 2023], although there are XAI methods specifically targeting data explainability, we briefly
review inherently interpretable models and post-hoc XAI methods due to their relevance to our

research in this thesis. An overview of the taxonomy of the XAI methods is shared in Figure 2.3.

Self-interpretable Machine Learning Models

Decision trees are hierarchical models [Quinlan, 1986, Blockeel et al., 2023] used for both regres-
sion and classification that inherently satisfy transparency constraints. In their simplest forms,
they are small enough for a human to simulate and understand easily; however, as their size and
complexity grow, they shift from being easily interpretable to only partially decomposable or fully
algorithmically transparent. Their long-standing use in decision-making contexts highlights the
importance of balancing model complexity with interpretability, a focus that is evident in the in-
creasing number of studies on decision tree simplification and generation. Although decision trees
can meet all transparency requirements, expanding their size or feature interactions can make them
less accessible to non-experts. Moreover, despite their immediate clarity, decision trees tend to have

lower generalisation performance compared to other models, which has led to the adoption of tree
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Figure 2.3: An overview of the taxonomy of the XAI methods.

ensembles to boost predictive accuracy. Unfortunately, combining multiple trees in an ensemble
sacrifices the original transparency of individual trees, thereby necessitating the use of post-hoc

explainability techniques.

Logistic regression is typically used for binary classification, while linear regression han-
dles continuous outcomes; both models assume a linear relationship between predictors and the
response variable [Tripepi et al., 2008, Chao-Ying Joanne Peng and Ingersoll, 2002]. This as-
sumption, which restricts their flexibility, actually contributes to their transparency by making
them easier to understand and simulate when kept simple. These models inherently offer algorith-
mic transparency, decomposability, and simulatability, but when explaining them to non-experts,
post-hoc visualisation techniques are often needed. Widely used in social sciences, the regression
models are evaluated through overall model performance, statistical tests like the Wald chi-square,
goodness-of-fit measures such as the Hosmer—Lemeshow statistic, and the validation of predicted
probabilities. However, caution is advised when interpreting log odds ratios, as they can be mis-
leading due to unobserved heterogeneity, and comparisons across different models or groups may
be problematic. Ultimately, maintaining transparency in regression models depends on keeping

the model size manageable and ensuring that the variables used are easily understandable.

Building on the theme of transparent machine learning models, several additional approaches
such as k-nearest neighbors [Taunk et al., 2019, Halder et al., 2024], rule-based learning

[Urbanowicz and Moore, 2009, Weiss and Indurkhya, 1995], generalised additive models [Hastie
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and Tibshirani, 1986, Wood, 2017], and bayesian models [Derks and de Waal, 2021] stand out
for their interpretability. K-Nearest Neighbors is a transparent method that classifies or predicts
outcomes based on the similarity between samples, much like human decision-making using past
experiences. Its clarity depends on the chosen number of neighbors and the distance function; too
many neighbors or overly complex features can reduce its interpretability. Similarly, rule-based
learning produces interpretable if-then or fuzzy rules that express data relationships in natural
language, although an excessive number of rules or overly detailed conditions can compromise
understandability. Generalised Additive Models enhance transparency by modeling the output
as a sum of smooth functions of predictors, allowing users to easily visualise and assess each
variable’s impact. Likewise, Bayesian models, typically structured as probabilistic networks that
map conditional dependencies among variables, offer clear insights into feature interactions, but

their interpretability may diminish if the model becomes overly complex.

Post-hoc Explainability Methods

While intrinsic methods rely on building inherently transparent models, they often compromise
on accuracy due to their simplicity. For situations that demand both high performance and inter-
pretability using more complex models, post-hoc methods offer a compelling alternative by pro-
viding explanations after the model is built. These techniques work by constructing a secondary,
often surrogate model that replicates the behaviour of the complex original, thereby illuminating its
decision-making process without needing to fully understand its inner workings. Post-hoc explain-
ability methods can be categorised into six key types: attribution methods, visualisation methods,
example-based explanation methods, game theory methods, knowledge extraction methods, and

neural methods [Ali et al., 2023].
A. Attribution Methods

Attribution methods in explainable AT quantify how each input feature contributes to a model’s
final decision. Often described in terms of relevance, contribution, or importance, these methods
help to elucidate which aspects of the input, such as individual pixels or image patches in computer
vision, or tokens in natural language processing, are most influential in driving the output. By
assigning a numerical value to each feature, attribution techniques provide a granular view of
model behaviour, offering insights into how decisions are made. Attribution methods can be
broadly categorised into several groups, including Perturbation Methods, which evaluate changes

in output when inputs are modified; Backpropagation Methods, which trace gradients back through
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the network to assess feature impact; Deep Taylor Decomposition (DTD), which decomposes the
decision into feature contributions; and Deep Learning Important FeaTures (DeepLIFT), which

compares activations to a reference baseline.

A1l. Perturbation Methods analyse how changes to input features affect a model’s output.
By systematically modifying or occluding parts of the input, these methods reveal which elements

are most critical to the model’s decision-making process.

LIME is an effective technique in explainable AT that creates local surrogate models to elucidate
individual predictions of complex black-box systems. By perturbing the input, such as toggling
super-pixels in images, modifying words in text, or independently altering features in tabular data,
LIME generates a new dataset paired with the corresponding outputs from the original model. It
then fits an interpretable model (e.g., LASSO, logistic regression, or decision trees) that is weighted
by the proximity of the perturbed samples to the instance of interest, ensuring that the explanation
faithfully reflects the model’s local behaviour. This approach, known as local fidelity, focuses on
accurately approximating the decision boundary around a specific prediction rather than capturing

the global dynamics of the model. The general formulation of LIME is presented in Equation 2.1.

§(r) = arg r;lelg L(f,g,m4) +Q2(g) (2.1)

Here, f denotes the black-box model, g represents the interpretable surrogate model chosen
from the class G, L(f,g,7¢) is a loss function that measures the fidelity of ¢ in approximating
f within the locality defined by the proximity measure 7y, and €(g) is a complexity penalty to

ensure interpretability.

Randomised Input Sampling to Provide Explanations (RISE) is an innovative method
in explainable AI that quantifies the significance of image regions in deep neural network pre-
dictions. In this approach, an input image is multiplied elementwise with a randomly generated
binary mask that sets the brightness of selected pixels to zero, thereby simulating their removal.
The resulting masked images are then fed into the deep neural network to compute confidence
scores for the target class. RISE produces a heatmap by linearly combining these binary masks,
with each mask weighted by its corresponding confidence score, which reveals the influence of
individual pixels or regions on the model’s decision. This technique provides clear visual explana-
tions for predictions made by object detectors and other vision models while offering an intuitive,

model-agnostic way to understand the inner workings of complex Al systems.
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Extensions of LIME have been proposed to address its limitations and enhance the inter-
pretability of complex models by offering more detailed and diverse explanations. For example,
Local Rule-based Explanation (LORE) [Guidotti et al., 2018a] employs an ad-hoc genetic algo-
rithm to generate a balanced set of neighbor instances for a given input and extracts a decision
tree classifier, yielding clear, rule-based insights. Similarly, Cluster Representatives with LIME
[El Bekri et al., 2020] extends the LIME framework by clustering the data first and then assigning
an unknown instance to the closest cluster, subsequently visualising each cluster’s feature validity
ranges to highlight the most significant aspects influencing the target class. Submodular Pick
LIME [Ribeiro et al., 2016] further improves model understanding by selecting a diverse subset of
key predictions, ensuring that users examine representative events that capture the model’s overall
behaviour. Additionally, the Anchors method [Ribeiro et al., 2018] departs from LIME’s linear
surrogate models by employing perturbations to generate intuitive IF-THEN rules, known as an-
chors, that clearly delineate decision boundaries with high local fidelity. Together, these extension
methods provide a richer and more nuanced toolkit for explaining black-box predictions, thereby

improving both local and global trust in Al systems.
A2. Backpropagation Methods

Backpropagation methods in explainable Al efficiently compute feature attributions by prop-
agating gradients through a deep neural network. Unlike perturbation-based approaches, they
require only a single forward and backward pass, making them computationally efficient. How-
ever, their attributions may not always directly correspond to output variations, which can limit

interpretability.

Integrated Gradients (IG) [Sundararajan et al., 2017] quantifies the contribution of each
input feature to a model’s prediction by computing the integral of the gradients along a straight-
line path from a baseline to the actual input. The baseline is typically a zero vector or a neutral
reference. This approach ensures that attributions satisfy key properties like sensitivity, which
ensures important features receive non-zero attributions, and implementation invariance, which
guarantees consistency across functionally equivalent models. Unlike simple gradient-based meth-
ods, IG addresses issues like gradient saturation by accumulating gradients over multiple scaled
versions of the input. The Integrated Gradients attribution for an input feature x; is defined in

Equation 2.2.

1Gi(z) = (w; — ) x / . OF (=’ +5~C;Ex =) o (2.2)
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where, x is the input instance, x’ is the baseline input, F(z) is the model function mapping
inputs to outputs, % represents the gradient of F' with respect to x;, and « scales the input from

the baseline to the actual input.

Guided Backpropagation computes the gradient of the target output with respect to the
input but modifies the standard backpropagation algorithm by selectively allowing only positive
gradients to flow backward through the network. This is achieved by overriding the ReLU func-
tion’s behaviour so that negative gradients are suppressed during the backward pass, ensuring that
only features that positively influence the activation of higher layers are considered. Specifically,
the ReLLU function is applied to the input gradients in Guided Backpropagation, whereas in decon-
volution, it is applied to the output gradients before direct backpropagation. As a result, Guided
Backpropagation produces sharp and detailed saliency maps that emphasise relevant structures in

the input data while reducing noise from less important features.

Class Activation Maps (CAM), Gradient-weighted CAM (Grad-CAM), and Guided
Grad-CAM are methods in XAI that help interpret CNNs. CAM utilises global average pooling
to reduce model complexity while retaining performance by computing spatial averages of feature
maps and using them to highlight discriminative image areas. However, CAM requires architectural
modifications. Grad-CAM improves on this by being model-agnostic and does not require retrain-
ing. It uses gradients from the last convolutional layer to assign importance scores to neurons for a
given target class, producing a heatmap that highlights relevant regions in the input image. Guided
Grad-CAM combines Grad-CAM with Guided Backpropagation to enhance pixel-level detail. By
backpropagating only positive gradients and suppressing negative ones, Guided Backpropagation
emphasises input features that activate neurons. By combining this with Grad-CAM through
element-wise multiplication, Guided Grad-CAM produces high-resolution, class-discriminative vi-

sualisations that offer both global interpretability and fine-grained insights into model behaviour.

Layer-wise Relevance Propagation (LRP) [Bach et al., 2015] and DeepLIFT [Shrikumar
et al., 2017] are two prominent attribution methods in X AT that help interpret deep neural networks
by tracing model predictions back to input features. LRP is based on Taylor Decomposition, which
decomposes the model’s output by summing relevance scores to explain its behaviour. Inspired by
sensitivity analysis, LRP redistributes the function output backward through the network while
preserving the total relevance at each layer. During classification, the input is processed as a feature
vector, and the network assigns it to a specific class. LRP then decomposes the classification output
into feature-wise relevance scores, ensuring that important features receive higher attributions.

DeepLIFT, on the other hand, follows a similar decomposition approach but frames significance in
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terms of deviations from a user-defined reference input. Unlike traditional gradient-based methods,
DeepLIFT can propagate importance signals even when the gradient is zero, avoiding issues such
as saturation and discontinuities. Additionally, by separately considering the effects of positive
and negative contributions at nonlinearities, DeepLIFT can capture dependencies missed by other
approaches. Since DeepLIFT scores are computed using a backpropagation-like algorithm, they

can be obtained efficiently in a single backward pass after a prediction is made.
B. Example-based Explanation Methods

Example-based explanation methods interpret model decisions by identifying representative
instances, offering intuitive and interpretable insights. Prototypes are instances that summarise
the dataset by capturing central patterns, while criticisms highlight deviations, providing com-
plementary perspectives. Traditional prototype selection methods like K-medoids [Park and Jun,
2009] focus solely on representative instances, but the Maximum Mean Discrepancy method [Kim
et al., 2016] improves on this by integrating both prototypes and criticisms. It identifies proto-
types by analysing data densities and criticisms by measuring distribution differences, ensuring a
more comprehensive understanding of model behaviour. In contrast to prototypes, counterfactual
explanations focus on “what-if” scenarios by generating modified instances that demonstrate how
a slight change in input could alter the model’s decision. Unlike prototypes, counterfactuals do
not need to be actual training instances; they can be synthetically generated to explore decision
boundaries. Counterfactual explanations are formulised in [Wachter et al., 2017] by defining a loss
function that optimises the difference between an instance of interest and its modified counter-
part while achieving a desired outcome. Additionally, adversarial examples, while primarily known
for exposing vulnerabilities in deep neural networks, can also serve as analogical and contrastive
explanations. Analogical explanations use reasoning by similarity [Gentner, 1983], comparing fa-
miliar and unfamiliar examples, while contrastive explanations highlight differences by presenting

competing or opposing evidence [Stepin et al., 2021].
C. Game Theory Methods

Shapley Values and Shapley Additive Explanation (SHAP) [Lundberg and Lee, 2017]
are powerful methods in XAT that quantify the contribution of each feature to a model’s prediction
using concepts from cooperative game theory. Shapley Values determine how much each feature
influences a particular prediction by distributing the model’s output among input features in a
fair and mathematically rigorous way. SHAP builds on this by providing a unified framework

for explaining any machine learning model using the optimal Shapley values. In this context, a
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player represents a feature or a group of features, such as superpixels in an image, that collectively
contribute to the model’s decision. SHAP offers both local interpretability, where values are
assigned to each instance to explain why a specific prediction was made, and global interpretability,
where aggregated SHAP values reveal the overall importance and directionality of features in
influencing the target variable. This makes SHAP particularly useful for interpreting complex
models, as it provides insights similar to variable importance plots while also showing whether

each feature’s contribution is positive or negative.
D. Methods for Neural Networks

XAI methods for neural networks include example-based and representation-based approaches.
Example-based methods identify influential training samples or inputs that strongly activate neu-
rons, using influence functions or optimisation techniques to highlight key model dependencies
[Koh and Liang, 2017, Pruthi et al., 2020, Olah et al., 2017]. Representation-based methods anal-
yse internal feature representations, with Network Dissection [Bau et al., 2017] mapping neurons
to human-labeled concepts like objects or phonemes, while Quantitative Testing with Concept Ac-
tivation Vectors (TCAV) [Kim et al., 2018] measures a model’s sensitivity to user-defined concepts

without requiring detailed annotations.

2.2.3 XAI Evaluation

Evaluating XAI methods is essential to assess their usefulness, reliability, and overall quality in
different contexts. High-quality explanations should satisfy key properties such as generalisability,
ensuring applicability across different models and datasets; consistency, meaning similar inputs
yield similar explanations; fidelity, where explanations accurately reflect the true model behaviour;
and privacy and fairness, which ensure explanations do not expose sensitive information or in-
troduce bias. However, these are only a few of the many important properties that define a
good explanation. Various studies classify XAl evaluation methods into application-grounded,
human-grounded, and functionally-grounded evaluations, each focusing on different aspects of ex-
plainability. In [Vilone and Longo, 2021b], the authors identify two primary evaluation approaches:
objective evaluations, which use quantitative metrics to assess explanation accuracy and robust-
ness, and human-centered evaluations, which measure interpretability, trust, and usability from
a user perspective. In this thesis, we adopt this categorisation, evaluating XAI methods through
both objective and human-centered approaches to ensure a comprehensive assessment of their

effectiveness.
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Quantitative Metrics

Fidelity, also referred to as faithfulness, is a widely used metric for quantitatively evaluating the
performance of explanation methods in XAI. It primarily measures how well the explanation aligns
with the model’s true decision-making process by assessing the prediction agreement between the
identified important features and the original input. One common approach to measuring fidelity is
the removal-based strategy, where the most important features identified by an explanation method
are removed, and the model’s performance drop is analysed. A higher accuracy drop indicates
higher fidelity, as it suggests that the removed features were indeed crucial for the prediction. In
computer vision, for instance, an explanation method may highlight key image regions, which are
then extracted while the remaining pixels are set to zero, followed by re-evaluating the model’s
classification performance. However, applying fidelity evaluation in audio is more challenging,
especially when raw waveforms are transformed into the frequency domain. Feature removal in
this domain and reconstructing back to the original waveform introduce complexities, making

fidelity assessment in audio less straightforward than in images.

Evaluating XAI methods by comparing their explanations against other methods and human-
annotated references is a widely used approach to assess their reliability and effectiveness. This
evaluation can be conducted by analysing how well explainability techniques align with human-
labeled ground truth or by using perturbation-based testing to measure the impact of altering
key features. For instance, in image classification, filter interpretability metrics assess the overlap
between CNN activation maps and semantic categories such as objects, textures, or colours [Zhang
and Zhu, 2018], while location instability measures whether relevant object parts are consistently
identified across different images. Additionally, saliency maps generated by various explainabil-
ity methods have been compared against those from randomly initialised untrained networks or
datasets with randomly permuted labels [Adebayo et al., 2018a, Adebayo et al., 2018b]. The de-
gree of correlation between these saliency maps was quantified using Spearman Rank Correlation

coefficients, providing insights into the consistency and reliability of different XAI approaches.

Quantitative evaluation of trustworthiness in XAI methods involves assessing key properties
such as fairness, robustness, and reliability in a measurable way [Deck et al., 2024, Stevens et al.,
2020]. One method for evaluating fairness is to analyse whether explanations reveal biased features
that influence predictions, thereby enabling bias detection and mitigation through well-defined
fairness metrics. Fairness assessment is particularly critical in high-stakes applications such as

mortgage lending, hiring, and prison sentencing, where biased Al-driven decisions can have serious
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societal consequences. Tools like AI Fairness 360 [Bellamy et al., 2019] provide a systematic
framework for fairness evaluation by offering diverse fairness metrics, explanation techniques, and
bias mitigation strategies. This open-source toolkit supports the transition of fairness research into
real-world applications and enables benchmarking to ensure models adhere to fairness standards,

ultimately contributing to the trustworthiness and accountability of ATl systems.

Robustness in XAI methods refers to the stability of explanations when small, non-impactful
changes are made to the input. Ideally, if a minor input modification does not alter the model’s pre-
diction, the explanation should remain consistent [Alvarez-Melis and Jaakkola, 2018]. Studies have
tested this by applying perturbations such as Gaussian noise [Alvarez-Melis and Jaakkola, 2018]
or constant shifts [Kindermans et al., 2019, Ghorbani et al., 2019] and then measuring the changes
in saliency maps using metrics like Local Lipschitz Continuity, Spearman Rank Correlation, and
Top-k Intersection. However, findings indicate that many explainability methods are sensitive to
even minor perturbations, violating the input invariance requirement [Kindermans et al., 2019].
In time-series classification, perturbing relevant time segments has been used to evaluate whether
explanations truly highlight discriminative features [Nguyen et al., 2020]. Additionally, the com-
pleteness of explanations has been analysed by comparing various gradient-based, weight-based,
and perturbation-based methods [Gevrey et al., 2003]. These evaluations highlight that many XAI

techniques struggle with robustness, affecting their reliability in practical applications.

Computational complexity is a critical consideration in AI, particularly given the resource-
intensive nature of many applications, and this concern extends to XAI methods as well. While the
primary goal of XAl is to provide insightful explanations, efficiency is equally important, especially
for real-time or large-scale applications. Therefore, it is essential to report the computational
cost of explanation methods to assess their practicality. For instance, backpropagation-based
approaches such as Grad-CAM and LRP require an additional backward pass through the network,
increasing their runtime compared to simple forward evaluations. In contrast, game theory based
SHAP method computes attributions by considering all possible feature subsets, making them
considerably more computationally demanding. Additionally, the computational burden of XAI
techniques often depends on hyperparameters, such as the number of iterations in perturbation-
based approaches, which can dramatically affect both runtime and explanation quality. Balancing
explanation accuracy and computational efficiency is crucial for deploying XAI methods in real-

world scenarios.
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Human-centered Evaluation

As the primary goal of XAl is to enhance human interpretability, human-centered evaluation of
these methods is crucial. Such evaluations primarily focus on assessing the understandability of
the explanations provided, ensuring they effectively clarify the model’s decision-making process.
This is particularly important in scenarios where auxiliary machine learning models assist human
decision-makers, such as medical professionals diagnosing patients. Evaluating whether these ex-
planations genuinely improve decision-making is essential for validating their usefulness. To achieve
this, experiments involving human participants were conducted in two ways [Vilone and Longo,
2021b]. First, individuals with no prior technical or domain knowledge were randomly selected
to interact with various explanatory tools and provide feedback through questionnaires. Second,
domain experts were engaged to critically assess the explanations, ensuring their consistency with
established domain knowledge and verifying their reliability. This dual approach provides both
general and expert perspectives, strengthening the overall evaluation of explainability in AT mod-

els.

Several review papers have examined the role of human-centered evaluation in XAI, emphasising
the need to assess Al explanations from a user perspective. A systematic review by [Kim et al.,
2024] analysed 73 studies, highlighting the necessity of user evaluations to align AI explanations
with human cognitive processes. Similarly, [Rong et al., 2024] reviewed 97 core papers, categorising
them based on measured characteristics such as trust, understanding, usability, and human-Al
collaboration performance. Their study also proposed practical guidelines for designing user studies
in XAT research. To standardise evaluation procedures, [Donoso-Guzmén et al., 2023] introduced
a comprehensive human-centered evaluation framework that integrates explanation aspects and
summarises properties to assess the effectiveness of XAI methods. Additionally, [Ma et al., 2024a]
developed OpenHEXAI, an open-source framework facilitating human-centered evaluation of XAI
methods. OpenHEXAI provides tools for designing user studies and enhancing reproducibility
in XAI research. Complementing these efforts, [Dawoud et al., 2023] conducted a user-centric
study comparing three leading explanation methods, Prototypical Part Network, Occlusion, and
Layer-wise Relevance Propagation, finding that despite varying highlighted regions, all methods
offered users a comparable depth of understanding, thereby reinforcing their value in enhancing

AT transparency.

Several studies have explored different approaches to evaluating explanation quality and its

impact on human-Al interaction. One study investigates the role of virtual agents in XA, analysing



2.3. AUDIO EXPLAINABILITY FOR DEEP MODELS 28

how different levels of human-likeness (text, voice, and visual presence) influence users’ trust in Al
systems [Weitz et al., 2020]. The findings suggest that more human-like virtual agents can improve
the perceived trustworthiness and helpfulness of Al explanations, particularly in complex tasks
like speech recognition. Another study examines the impact of explanations on reducing bias in
human-agent decision-making [Malhi et al., 2020]. By comparing AI recommendations with and
without explanations, researchers assessed how two post-hoc explanation algorithms, SHAP and
LIME, influenced user awareness of bias in a loan application dataset. Although the study did not
yield significant findings, it highlighted differences in how explanations affect human reliance on Al-
driven decisions. A third study introduces the System Causability Scale, a framework for measuring
the quality of AI explanations [Holzinger et al., 2019]. This scale evaluates user perception of an
explanation’s utility by incorporating concepts from usability research, emphasising transparency,

traceability, and interactive learning.

[Kim et al., 2024] conducted a systematic review analysing 73 studies to assess XAI methods
from a user-centered perspective, addressing the lack of consensus on what makes Al-generated ex-
planations meaningful and how they should be evaluated. The authors identify 30 key components
of meaningful explanations and categorise them into three dimensions: in-context quality, which
includes attributes such as understandability, sufficiency, trustworthiness, and usefulness; contri-
bution to human-AT interaction, which examines the impact on trust, transparency, cognitive load,
and user engagement; and contribution to human-AI performance, which assesses whether expla-
nations improve user decision-making and task performance. The review highlights inconsistencies
in evaluation methodologies, noting that only 19 of the 73 papers applied a framework used in at
least one other study, making cross-study comparisons difficult. Building on taxonomies by [Doshi-
Velez and Kim, 2018], [Mohseni et al., 2021], and [Lopes et al., 2022], the study extends previous
work by offering a more detailed categorisation of evaluation measures. The authors advocate for a
more unified approach to human-centered XAI evaluation, emphasising the need for standardised

assessment frameworks to improve the reliability and applicability of user studies in XAl research.

2.3 Audio Explainability for Deep Models

In this thesis, we explore XAI from the perspective of the audio domain, rather than the more
commonly studied field of image processing. This section specifically examines the potential of
XATI methods to enhance the interpretability of audio-processing models. The significance of XAI

in the audio domain lies not only in its ability to highlight human-understandable audio features
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but also in its unique capacity to generate explanations in the form of directly listenable audio.
By doing so, these methods offer more intuitive and accessible insights into model behaviour. This
section incorporates content from our published review paper on audio XAI [Akman and Schuller,

2024b)].

Audio models can be made interpretable and transparent either by applying XAI methods
from other domains to these models or using audio-specific XAI methods. The main idea behind
developing XAI audio methods is to provide more meaningful and comprehensible explanations by
leveraging the expressive power of audio, which serves as an intuitive means of explaining audio
tasks [Schuller et al., 2021b]. Although most XAI methods have been proposed to provide visual
explanations or tested only on visual tasks and datasets, certain methods have the potential to
explain audio models with simple modifications. When using these methods in audio tasks, similar
properties between the data representations used in audio processing tasks and the original data
representation of the XAI method (e.g., audio spectrograms and standard images) are considered
to provide meaningful explanations. Conversely, there are also a substantial number of works that
propose XAI methods tailored towards explaining audio models. Whereas some methods are built
on existing XAI methods with substantial improvements, others propose completely new methods
built from scratch to make audio models interpretable. In this study, we provide an overview of the
existing X AT techniques, either generic or audio-specific, that are used to explain audio models. We
also aim to highlight the potential of developing XAI methods that generate audio explanations,

leading to promising research in this field.

The remainder of this section is organised as follows. First, we provide an overview of exist-
ing XAI methods applicable to audio models, categorising them according to the model’s input
data representation. Next, we focus on current audio-specific XAI methods, highlighting their
potential for specialised audio explanations. Finally, we discuss several open problems and outline
potential research directions, including testing XAI methods on audio data, generating listenable
explanations, and providing sonified explanations from non-audio modalities, before drawing a

conclusion.

2.3.1 Explaining Audio Models using Domain-Agnostic XAI Methods

Audio representations, such as waveforms, spectrograms, and MFCCs, provide different ways of
transforming and analysing audio data, enabling tasks such as automatic speech recognition, audio

classification, speaker recognition, and signal processing. Depending on the selection of audio
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representations and the characteristics of the task, various deep model architectures are utilised,
including MLPs, CNNs, RNNs, and transformers. In addition to these design choices for Al
systems, the selection of an appropriate XAI method is vital to enabling users to understand and
trust the decisions made by these systems. In this section, we provide an overview of the generic
XAI methods applicable to audio processing models, considering the input data representation
of these models. We also present a summary of the generic XAI methods applicable to audio

processing models in Table 2.1.

Table 2.1: Overview of generic XAI methods applicable to audio processing models.

XAI Method Category Input Representation ~ Output Format  Scope Model Agnostic
Guided Feature Spectrogram, Feature Local No
Backpropagation [Springenberg et al., 2015] attributions waveform attributions
LRP [Bach et al., 2015] Feature Spectrogram, Feature Local No
attributions waveform attributions
Integrated Feature Spectrogram, Feature Local No
Gradients [Sundararajan et al., 2017] attributions waveform attributions
. Feature Feature
Grad-CAM [Selvaraju et al., 2017) attributions Spectrogram attributions Local No
LIME [Ribeiro et al., 2016] Feature Spectrogram, Feature Yos
attributions waveform attributions
SHAP [Lundberg and Lee, 2017] Feature Spectrogram, Feature Local Yes
attributions waveform attributions
: ram, mteti ral
[Koh and Liang, 2017] Prototype-based Spectrogram, S.) ntetic/natura Local No
waveform input examples
[Pruthi et al., 2020] Prototype-based Spectrolgram, . Natural Local No
waveform input examples
[Olah et al., 2017] Prototype-based Spectrogram, Syrltetlc/ natural Local No
waveform input examples
Network Spectrogram,
Dissection [Bau et al., 2017] Concept-based waveform Concepts Global No
TCAV [Kim et al., 2018] Concept-based Spectrogram, Concepts Global No
waveform
. F .
Attention Attention-based Spectrogram cature Local No

mapping [Caron et al., 2021] attributions

Traditional Feature Extractors

Common feature extraction toolkits, such as openSMILE [Eyben et al., 2013], openXBOW [Schmitt
and Schuller, 2017], DeepSpectrum [Amiriparian et al., 2018], and auDeep [Freitag et al., 2018]
exploit various audio processing methods to extract diverse acoustic features from audio data. The
numerical tabular structure of these extracted features enables users to train self-explainable Al

models, such as linear regression or decision trees, directly. Additionally, meaningful descriptors
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such as pitch, loudness, and the number of segments produced in openSMILE provide textual
explanations. For example, in an emotion recognition task, an angry audio can be explained as

“the emotion in the audio is angry because the loudness is high.”

Spectrogram Representation

Spectrograms and their derivatives, such as MFCCs, are commonly used to represent audio. They
provide a visual and quantitative depiction of the frequency content and temporal variations of an

audio signal, enabling a detailed analysis of audio signal characteristics and identifying patterns.

Given their image-like nature, CNNs are primarily used to process spectrograms for a wide
range of audio tasks. A popular XAI method applicable to these models uses guided backpropaga-
tion [Springenberg et al., 2015] which creates feature relevance by modifying the backpropagation
by computing the imputed version of a gradient. It augments standard backpropagation with an
additional guidance signal from the higher layers; that is, it backpropagates only positive gradi-
ents during gradient computation, which increases the activation of the higher-layer unit to be
observed. By backpropagating the model prediction in a neural network, LRP [Bach et al., 2015],
an alternative technique, awards relevance scores to specific pixels or neurons. It utilises specially
crafted local backpropagation rules subject to the conservation property, which requires that an
identical quantity of what a neuron receives be disseminated to the bottom layer again. Integrated
Gradients [Sundararajan et al., 2017] are a potent axiomatic attribution technique that can be
easily implemented with only a few calls to the regular gradient operator and require no changes
to the original network. It calculates the integral of the gradients along the direct line connecting
the input and baseline images, offering a thorough assessment of feature attribution. The authors
of [Selvaraju et al., 2017] proposed Grad-CAM, which is a feature attribution method designed for
CNNs and is typically applied to the last convolutional layer. It creates a coarse localisation map
that highlights key areas in the image for any predicted class using the gradients of the relevant
classification score with respect to the features in the final convolutional layer. Examples of these

methods are presented in Fig. 2.4.

Model-agnostic XAI methods such as LIME [Ribeiro et al., 2016] and SHAP [Lundberg and
Lee, 2017] offer a unique method for explaining audio models, regardless of the model architecture.
LIME approximates the original complex model using an interpretable surrogate model around
the local region of a given prediction to provide faithful explanations for each prediction. It

locally perturbs sample points around a particular input example to identify feature importance
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Integrated Gradients ~ Guided Backpropagation Grad-CAM LIME SHAP

‘crying
baby’

‘thunder-
storm’

Figure 2.4: Examples of feature-attribution-based XAI methods on audio models. The positively
relevant features towards the predicted class are marked in green.

based on changes in predictions. SHAP, which incorporates cooperative game theory, presents
a unified framework for computing the additive feature importance for each specific prediction.
This framework has several desirable properties (local accuracy, missingness, and consistency)
that are novel to other additive feature-attribution approaches. Both methods also offer a method
to directly assign feature importance to predefined larger data parts, such as simple spectrogram
patches or sources of audio, rather than combining the additive scores of individual time-frequency
points. The extraction of these important, higher-level components makes it possible to provide
more meaningful and comprehensible audio explanations. The sample feature importance assigned

to the predefined spectrogram patches using LIME and SHAP is shown in Fig. 2.4.

Transformer models are a strong class of neural network architectures that have recently revolu-
tionised various fields of deep learning. Although they were initially introduced for NLP tasks, their
impact has extended beyond NLP to computer vision and audio tasks. Examples of transformer
models in vision include the ViT [Dosovitskiy et al., 2020] and data-efficient image transformers,
which have demonstrated remarkable performance in image classification, object detection, and
image segmentation by leveraging self-attention mechanisms and hierarchical representations. Re-
cently, there has been increasing interest in whether the attention maps offered by these modules
are useful in explaining the reasoning for a model’s decision [Wiegreffe and Pinter, 2019] proposed
possibilities for explaining attention. Therefore, in transformer-vision models, attention mecha-
nisms can be used to provide explanations or visual interpretations. The authors of [Caron et al.,
2021] demonstrated that attention maps from different heads could attend to different semantic
regions of an image. Thus, providing attention maps can be highly useful, as it allows users to
visualise the model’s focus on specific components of the audio spectrogram. To interpret trans-

formers beyond attention visualisation, [Chefer et al., 2020] proposed a new method for computing
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relevancy. This method assigns local relevance based on the Deep Taylor Decomposition Principle
[Montavon et al., 2017] and then propagates the relevancy scores through the layers. Propaga-
tion involves attention layers and skip connections, which pose challenges to the existing feature

attribution methods.

In addition to feature importance methods, prototype/example-based explanations offer an
effective method for explaining audio models with synthetic or natural input “examples” by ad-
dressing questions such as “what kind of input is the model most likely to misclassify?” “which
training samples are possibly mislabeled?” or “which input activates an intermediate neuron most?”
While [Koh and Liang, 2017, Pruthi et al., 2020] exploits influence functions to the training data
points having the most “influence” on the test loss, [Olah et al., 2017] searches for natural exam-
ples within a specified set or synthesises examples using gradient descent that maximally activate
a neuron of interest for both. The latter also uses an optimisation approach to isolate the causes of
model behaviour from mere correlations, aiming to understand what a model is really looking for.
Providing natural examples using these methods has a considerable advantage for audio models
because the original audio corresponding to an example spectrogram can also be provided to in-
crease model interpretability by humans. Although the original waveform audio is already included

in the dataset, it is reconstructed for synthetic examples when phase information is available.

Representation-based explanations serve as a global explanation method for deriving model
understanding by analysing the intermediate representations of a deep model. The Network Dis-
section method in [Bau et al., 2017] was the first to identify a broad set of human-labeled visual
semantic concepts, including low-level concepts such as colours and higher-level concepts such as
objects. It then gathers the responses of the hidden variables from the CNNs to these known
concepts to quantify the alignment of the hidden variable-concept pairs. Although this has proven
successful in computer vision, new concepts that target the audio domain, such as frequencies,
pitch, phonemes, and other audio parts or concepts, have been identified. TCAV [Kim et al., 2018]
measures the sensitivity of a model’s prediction to a user-provided concept by exploiting its internal
representation. Whereas network dissection requires concept labels at the level of segmented and
annotated samples, TCAV only requires a set of samples where the concept is present and a set
where it is not present. This also provides an advantage for concepts that are not localisable, such
as frequency-related features in the waveform of a sample. Therefore, the explanations provided
by TCAV are not restricted to pre-existing features that provide flexibility for non-expert users to

explore the audio concepts they define.
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Waveform Representation

Although MFCCs and spectrograms provide spectral representations of audio, they lose some tem-
poral information when the phase information is discarded. The waveform preserves all temporal
characteristics, allowing the model to capture subtle variations and intricate patterns in the audio
signal. With advancements in deep model architectures, such as transformers and self-Supervised
Learning (SSL) strategies, waveform representation has become favorable for deep audio process-
ing to capture fine-grained temporal details without the need for any feature extraction method
[Liu et al., 2022]. In the context of XAI, waveform representation has certain advantages over
spectral representation. This offers a more understandable explanation without the need for ad-
ditional reconstruction. Spectral representations often experience information loss during audio

reconstruction to the original domain, primarily because of the discarded phase information.

Wav2Vec 2.0 [Baevski et al., 2020], VQ-Wav2Vec [Baevski et al., 2019], and HuBERT [Hsu
et al., 2021] are well-known transformer-based models that use SSL to learn audio representations
of large-scale data. They all use raw waveforms as their input representation and are commonly
used in various audio and speech processing tasks, as analysed in [Liu et al., 2022]. Providing
attention maps for audio transformers trained on raw waveform data is an effective method for

enhancing the interpretability of these large models [Diwan et al., 2023].

The raw waveform representation is typically higher in dimension than the spectrogram rep-
resentation because of the discarded content, such as phase information. Sharing time-point im-
portance in high-dimensional waveform-represented audio using feature attribution methods may
be difficult for users to understand. Thus, SHAP and LIME have an advantage in explaining
waveform-fed models by directly assigning importance to decomposed audio patches rather than
to single time points. Similarly, this could be achieved using additive attribution methods, such
as LRP, by aggregating the additive scores of individual time-frequency points. Thus, users are
provided with more meaningful audio segments, which enables them to listen to and enhance their

understanding.

2.3.2 Audio-specific XAI Methods

Audio processing models have distinctive characteristics compared with models in other domains,
such as computer vision and NLP. These characteristics are sourced from both the properties of

audio data and the deep model architectures specifically designed to process them. Thus, the de-
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velopment of XAT methods specialised in audio models is critical for enhancing the interpretability
of these models beyond a superficial understanding. Audio-specific XAI methods aim to explain
complex audio signals, leveraging humans’ adeptness at interpreting harmonies, rhythms, and
other high-level concepts through listening. Table 2.2 presents a summary of audio-specific XAI

methods.

Exploiting existing feature-attribution methods to understand the predictions of audio models
is a naive approach. [Becker et al., 2019] explores the interpretability of deep models in the audio
domain by using LRP. They aimed to explain multiple deep models trained with raw waveforms
and spectrograms for the classification tasks of spoken digits and speaker gender. For both tasks,
the authors investigated the connections between feature relevance scores and concepts, such as
phonemes or certain frequency ranges. In [Frommbholz et al., 2023], the authors used DFT-LRP
[Vielhaben et al., 2024], which is a recently modified version of LRP, to explain audio event
detection models with different architectures. They scored the importance of each time-frequency
component for the predicted class. The insights are then used to determine the most suitable
input representation for audio event detection models and to understand the model’s reasoning if

it aligns with human requirements.
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Decomposing audio input into meaningful components offers an effective method for disclosing
the audio parts to be considered by XAI methods. CoughLIME [Wullenweber et al., 2022] ex-
tended the LIME method to explain audio processing models specifically tailored to cough data.
The crucial part of CoughLIME, which distinguishes it from directly using standard LIME on
audio spectrograms, decomposes the input audio into components that can be interpreted by hu-
mans. Two decomposition methods are emphasised: loudness and NMF. While the former targets
the extraction of individual cough sounds by computing audio power and thresholding the raw
waveform, the latter leverages NMF to decompose the spectrogram matrix into a spectral pattern
and a time activation matrix. Following audio decomposition, CoughLIME assigns importance to
each decomposed part. Given that the NMF decomposition is applied at the spectrogram level,
an inverse short-time Fourier transformation is used to generate listenable explanations from the
NMF components that are considered important. The authors showed that CoughLIME can gen-
erate faithful audio explanations for COVID-19 detection as illustrated in Figure 2.5. Using a
parallel approach, audioLIME [Haunschmid et al., 2020a] extends LIME by creating a perturba-
tion process based on the components extracted through source separation. It aimed to explain
music-tagging models with respect to the sources generated by Spleeter [Hennequin et al., 2020] as
a source separation system. For example, audioLIME explains a predicted tag “female vocalist”
with separated vocals with a female singer or “rock” with components including a driving drum

set and a distorted guitar.
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Figure 2.5: Example explanations from CoughLIME [Wullenweber et al., 2022] using loudness
decomposition. While both (a) and (b) are COVID-19 positive samples, components highlighted
in red (green) account for a COVID-19 negative (positive) prediction.

In addition to utilising the existing XAI methods to create audio-specific methods, the au-
thors of [Parekh et al., 2022] proposed an interpreter network from scratch. They aim to explain
audio-processing models with meaningful audio objects and keep them listenable to users. Their

interpreter network incorporated NMF as the audio decomposition methodology. They designed 2
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surrogate models that form the interpreter module: (1) a regularised interpreter model that takes
hidden layer representations of the targeted network as input and produces time activations of
pre-learnt NMF components as intermediate outputs; and (2) a simple model that pools the time
activations of the NMF components and uses a linear layer to mimic the output of the original
classifier. It also learns a separate NMF decoder to ensure that the intermediate representation
corresponds to the time activations of a pre-learnt spectral pattern dictionary. For audio interpre-
tation generation, the important components are selected by estimating their relevance using the
pooled time activations and weights of the linear layer in (2). A listenable waveform explanation
was obtained by performing NMF inversion using only the relevant components. The authors
validated their method qualitatively by mixing audio with a sample of different classes. They also
illustrated that the interpretations emphasised the audio object of interest. Fig. 2.6 presents the

examples.

Frequency [Hz]

i

Time [s] Time [s] Time [s)

(a) (b) (c)

Figure 2.6: Examples of interpretation of audios generated from [Parekh et al., 2022]. (a) original
signal from the class “dog,” (b) mixed signal with a signal from the class “crying-baby,” and (c)
interpretation audio for the predicted class “dog.”

ASR is a primary task in audio processing, which outputs transcriptions for a given audio input.
The length of the transcriptions varies depending on the length of the audio input, which makes
explaining them more challenging than using simple classification labels. X-ASR [Wu et al., 2023]
provides an explanation for an ASR transcription as a subset of audio frames that is both a minimal
and sufficient cause of the transcription. It modifies the existing XAI methods, statistical fault
localisation [Sun et al., 2019], causality [Chockler et al., 2021], and LIME to build the framework
X-ASR. To generate explanations using these adapted models, it also exploits a classification step,

in which correct or incorrect labels are attached based on a similarity metric.
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In this chapter, we explore explainability in audio-based COVID-19 classification. We begin

by providing an overview of COVID-19, relevant biomarkers, and the process of detecting the

disease from audio data. The second part focuses on explaining these models using various data

decomposition methods. The work presented in this section is a joint effort between Harry Coppock

and me, for which we received joint first authorship in the corresponding publication [Akman et al.,
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2022]. Additionally, the XAT component is based on a collaborative study with Anne Wullenweber,
culminating in our research paper [Wullenweber et al., 2022], where we contributed equally. This

chapter includes sections of the both published works.

3.1 Introduction

Trust is a fundamental prerequisite for using AI models in sensitive domains, particularly in health-
care, where decisions can directly affect patient outcomes. In this part, we address the trustwor-
thiness of Al models in healthcare, with a specific emphasis on the COVID-19 detection task.
Focusing on audio-based COVID-19 classifiers, we aim to explain their decision-making processes

and evaluate their performance with respect to both trustability and generalisability.

The Coronavirus Disease 2019 (COVID-19) pandemic, caused by the severe-acute-respiratory-
syndrome-coronavirus 2 (SARS-CoV-2), has infected confirmed 777 million people and resulted in
7,089,979 deaths '. Mass testing schemes offer the option to monitor and implement a selective
isolation policy to control the pandemic without the need for regional or national lockdown [Peto
et al., 2020]. However, physical mass testing methods, such as the Lateral Flow Test (LFT) have
come under criticism since the tests divert limited resources from more critical services [Wise,
2020, Holt, 2021] and due to suboptimal diagnostic accuracy. Sensitivities of 58 % have been
reported for self-administered LFTs [Mahase, 2020], unacceptably low when used to detect active
virus, a context where high sensitivity is essential to prevent the reintegration into society of
falsely reassured infected test recipients [Moyse, 2021]. In addition to mass testing, radar remote
life sensing technology offers non-contact applications to combat COVID-19 including heart rate

tracking, identity authentication, indoor monitoring and gesture recognition [Islam et al., 2021].

Investigating the potential for digital mass testing methods is an alternative approach, based on
findings that suggest a biological basis for identifiable vocal biomarkers caused by SARS-CoV-2’s
effects on the lower respiratory track [Quatieri et al., 2020]. This has recently been backed up
by empirical evidence [Bartl-Pokorny et al., 2020]. Efforts have been made to collect and clas-
sify a range of different modality audio recordings of COVID-19-positive and COVID-19-negative
individuals and several datasets have been released that use applications to collect the breath
and cough of volunteer individuals. Examples include the ‘COUGHVID’ [Orlandic et al., 2021],

‘Breath for Science?, ‘Coswara’ [Sharma et al., 2020], COVID-19 sounds®, and ‘CoughAgainst-

las of 16th February 2025 https://www.who.int/emergencies/diseases/novel-coronavirus-2019
2https:/ /www.breatheforscience.com
3https://www.covid-19-sounds.org/en/
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Covid’ [Bagad et al., 2020]. In addition, to focus the attention of the audio processing community
onto the task of binary classification of COVID-19 from audio, two INTERSPEECH competitions:
the INTERSPEECH 2021 Computational Paralinguists Challenge (ComParE)* [Schuller et al.,
2021a] with its COVID-19 Cough and Speech Sub-Challenges, and Diagnosing COVID-19 using

acoustics (DICOVA)® [Muguli et al., 2021] have been organised with this focus as their challenge.

Several studies have been published that propose machine learning-based COVID-19 classi-
fiers exploiting distinctive sound properties between positive and negative cases to classify these
datasets. [Brown et al., 2020a] and [Ritwik et al., 2020] demonstrate that simple machine learning
models perform well in these relatively small datasets. In addition, deep neural networks are ex-
ploited in [Laguarta et al., 2020, Pinkas et al., 2020, Imran et al., 2020, Nessiem et al., 2021] with
proven performance at the COVID-19 detection task. Although there are works that try to com-
bine different modalities computing the representations separately, CIdeR, [Coppock et al., 2021a]
proposes an approach computing joint representation of a number of modalities. The adaptability

of this approach to different types of datasets has not to our knowledge been explored or reported.

Some proposed applications detecting COVID-19 from speech or cough data delivers good
results [Qian et al., 2021]; however, in order for them to be widely accepted, trust in the systems
is crucial. To establish trust, users must understand how the model determines its predictions.
ML models are traditionally black boxes — their predictions can, if at all, hardly be explained in
human understandable ways [Samek et al., 2021]. Explainable artificial intelligence (XAI) aims
at providing explanations for the output of an AI application that are understandable to humans.
This is especially crucial in sensitive domains such as healthcare or finance [Burkart and Huber,
2020]. Besides establishing human trust and acceptance of a model’s predictions, Burkart et
al. list various reasons for the importance of XAI, among them improved understanding of the
model and fair and ethical decision making [Burkart and Huber, 2020]. While many promising
applications for detecting COVID-19 from audio data have been proposed, none of them focus
on providing explanations for their models’ decisions. We argue that in order for a COVID-19
detection application to be deployed, trust, hence explaining its predictions, is crucial. Additionally,
methods to explain COVID-19 prediction models can help medical experts and users understand
and accept the models’ decisions. Intuitively, explanations for predictions on audio data should
also be provided in form of audio. However, existing XAl techniques almost exclusively focus on

visual and textual explanations.

4http://www.compare.openaudio.eu/
Shttps://dicova2021.github.io/
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To this end, we first share a modified version of CldeR, a recently developed end-to-end deep
learning neural network optimised for binary COVID-19 diagnosis from cough and breath au-
dio [Coppock et al., 2021a], which is applicable to common datasets with further modalities. We
present the competitive results of CldeR to the two COVID-19 cough and speech Challenges of
INTERSPEECH 2021, ComParE and DiCOVA. We also investigate the behaviour of a strong
COVID-19 classifier across different datasets by running cross dataset experiments with CldeR.
We describe the limitations of current COVID-19 classifiers with these experiments regarding the

ultimate goal of proposing a universal COVID-19 classifier.

In the second part, we introduce CoughLIME to obtain audio explanations for the predictions
of ML applications. It extends Ribeiro et al’s approach providing LIME [Ribeiro et al., 2016] for
use with audio data, specifically tailored towards cough data. To demonstrate its functionality, we

apply CoughLIME to explain the predictions of the CIdeR model.

3.2 Datasets

3.2.1 ComParE

ComParE hosted two COVID-19 related sub-challenges, the COVID-19 Cough Sub-Challenge
(CCS) and the COVID-19 Speech Sub-Challenge (CSS). Both CCS and CSS are subsets of the
crowd sourced Cambridge COVID-19 sound database [Brown et al., 2020a, Han et al., 2021]. CCS
consists of 926 cough recordings from 397 participants. Participants provided 1-3 forced coughs
resulting in a total of 1.63 hours of recording. CSS is made up of 893 recordings from 366 partic-
ipants totalling 3.24 hours of recording. Participants were asked to recite the phrase “I hope my
data can help manage the virus pandemic” in their native language 1-3 times. The train-test splits

for both sub-challenges are detailed in Table 3.1.

Table 3.1: ComParE sub-challenge dataset splits. Values specify the number of audio recordings,
not the number of participants.

CCS CSS
# train | val | test | train | val | test
COVID-19-postive 71| 48 39 72 | 142 94

COVID-19-negative 215 | 183 | 169 243 | 153 | 189
Total 286 | 231 | 208 315 | 295 | 283
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3.2.2 DiCOVA

Once again, DiICOVA hosted two COVID-19 audio diagnostic sub-challenges [Muguli et al., 2021].
Both sub-challenge datasets were subsets of the crowd sourced Coswara dataset [Sharma et al.,
2020]. The first sub-challenge, named Track-1, comprised of a set of 1,274 forced cough audio
recordings from 1,274 individuals totalling 1.66 hours. The second, Track-2, was a multi-modality
challenge, where 1,199 individuals provided three separate audio recordings; deep breathing, sus-
tained vowel phonation, and counting from 1-20. This dataset represented a total of 14.9 hours of

recording. The train-test splits are detailed in Table 3.2

Table 3.2: DiCOVA sub-challenge dataset splits. The test set labels were withheld by the DiCOVA
team, contestants had to submit predictions for each test case, on which a final AUC was returned.

Track-1 Track-2
# train + val test | train + val | test
COVID-19-postive 75 | blind 60 21
COVID-19-negative 965 | blind 930 | 188
Total 1,040 234 990 | 209

3.3 Methodology

3.3.1 Classifying COVID-19

Classifier Model

CldeR is a 9 layer convolutional residual network. A schematic detailing of the model can be seen
in Figure 3.1. Each layer or block consists of a stack of convolutional layers with Rectified Linear
Units (ReLUs). Batch normalisation [Ioffe and Szegedy, 2015] also features in the residual units,
acting as a source of regularisation and supporting training stability. A fully connected layer with
sigmoid activation terminates the model yielding a single logit output which can be interpreted as
an estimation of the probability of COVID-19. As detailed in Figure 3.1 the network is modified
to be compatible with a varying number of modalities, for example, if a participant has provided
cough, deep breathing, and sustained vowel phonation audio recordings, they can be stacked in a
depth wise manner and passed through the network as a single instance. We use PyTorch library

in python to implement CIdeR and baseline models.
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Figure 3.1: A schematic of the COVID-19 Identification ResNet, (CIdeR). The figure shows a
blow-up of a residual block, consisting of convolutional, batch normalisation, and Rectified Linear
Unit (ReLU) layers.

Pre-processing

At training time, a window of s-seconds, which was fixed at 6 seconds for these challenges, is
sampled from the audio recording randomly. If the audio recording is less than s-seconds long,
the sample is padded with repeated versions of itself. The sampled audio is then converted into
MFCCs resulting in an image of width s * the sample rate and height equal to the number of
MFCCs. Three data augmentation steps are then applied to the sample. First, the pitch of the
recording is randomly shifted, secondly, bands of the Mel spectrogram are masked in the time and
Mel coefficient axes and finally, Gaussian noise is added. At test time, the sampled audio recording
is chunked into a set of s-second clips and processed in parallel. The mean of the set of logits is

then returned as the final prediction.

Baselines

The DiCOVA team ran baseline experiments for the track 1 (coughing) sub-challenge; only the
best performing (MLP) model’s score was reported. For the track 2 (deep breathing/vowel phona-
tion/counting) sub-challenge, however, baseline results were not provided. Baseline results were
provided for the ComParE challenge but only Unweighted Average Recall (UAR) was reported
rather than Area Under Curve of the Receiver Operating Characteristics curve (ROC-(AUCQ)).

To allow comparison across challenges, we created new baseline results for the ComParE sub-
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challenges and the DiCOVA Track 2 sub-challenge, using the same baseline methods described for
the DiCOVA Track 1 sub-challenge. The three baseline models applied to all four sub-challenge
datasets were Logistic Regression (LR), MLP, and Random Forrest (RF), where the same hyper-
parameter configurations that were specified in the DICOVA baseline algorithm was used [Muguli

et al., 2021].

To provide a baseline comparison for the CIdeR track 2 results, we build a multimodal baseline
model. We follow a similar strategy with the provided DiCOVA baseline algorithm, while extracting
the features for each modality. Rather than individual training for different models, we develop an
algorithm that concatenates input features from separate modalities. Then, this combined feature

set is fed to the baseline models: LR, MLP, and RF.

We use 39 dimensional MFCCs as our feature type to represent the input sounds. For LR, we
use Least Square Error (L2) as a penalty term. For MLP, we use a single hidden layer of size 25
with a Tanh activation layer and L2 regularisation. The Adam optimiser and a learning rate of
0.0001 is used. For RF, we build the model with 50 trees and split based on the gini impurity

criterion.

3.3.2 Explaining COVID-19 Classifiers using CoughLIME

CoughLIME extends the basic LIME functionality developed by [Ribeiro et al., 2016]. It generates
explanations by determining and highlighting the parts of the input data responsible for a model’s
decision. Calculating the weights w; € R, it determines both the components that tend the model

towards a positive prediction as well as the ones that account for a negative prediction.

Audio Decomposition

A crucial part of generating explanations with CoughLIME is decomposing the input audio into
components which can be interpreted by humans. We additionally emphasise that, in order to
produce listenable explanations, it must be possible to reconstruct an audio file from these com-
ponents. To create the interpretable components, we experiment with different approaches for
spectral and temporal masking. Employing these rather simple decompositions is motivated by
the fact that they have led to excellent results for audio data augmentation [Park et al., 2019].
To compare the obtained results with a more complex approach, we further implement a decom-

position based on NMF. Due to their greater complexity, we only further illustrate the loudness
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decomposition and the NMF decomposition. Results for CoughLIME with the temporal, spectral

and loudness-spectral decomposition as well as the code for all experiments is publicly available®.

The proposed novel loudness decomposition aims at extracting individual cough sounds. For
the purpose of this, we compute the power p in dB of the cough sounds. We round p to the nearest

10 to avoid an excess of components and calculate local minima using Equation 3.1:

Z = argmin Proynded () (3.1)

To avoid creating components that do not entail an entire cough, we introduce a threshold v as
a hyperparameter and only generate a new component if p. ;) <. Component i is then created by
taking the subset of the audio array between indices z;_; and z; along the temporal axis. Figure
3.2 illustrates this approach. We point out that the number of generated components n varies

depending on the audio file and on +.
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Figure 3.2: Example loudness decomposition of a cough audio file with threshold 75 dB.

NMF decomposes a matrix V € RZF™ into two matrices W € R’%’gk and H € R’%%m such that
V = WH. As audio signals are not typically non-negative, a cough signal is first transformed to its
spectrogram using the discrete Fourier transform. Taking the magnitude of the spectrogram then
results in a non-negative matrix which can be decomposed into k& components using NMF. The
hyperparameter & is set by the user. We ensure the decomposed signal can be transformed back to
audio to generate listenable explanations by retaining the phase information when calculating the
spectrogram’s magnitude. The described decomposition is implemented using the Python packages
librosa and sklearn.decomposition. Figure 3.3 shows an example for the NMF decomposition of a

cough audio file into six components.

Shttps://github.com/glam-imperial/CoughLIME
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Figure 3.3: Example NMF decomposition of a cough audio file into 6 components consisting of
spectral profiles (a) and temporal activations (b).

Explanation Generation

Once the input cough audio is decomposed into interpretable components, explanations are gen-
erated according to the procedure from [Ribeiro et al., 2016]. The decomposed input is given
by a binary vector X' € {0,1} indicating the presence or absence of the individual components.
Hence, to obtain the representation of the original audio data, all entries in x” would be set to 1. To
generate the training data for the sparse linear surrogate model, the input audio is perturbed by
randomly setting entries in x’ to 0 resulting in n training samples z’ € {0,1}%. The loss function

of the linear surrogate model is given in Equation 3.2:

L(f,9,m0) = Y m(2)(f(2) — g(z)) (3.2)

2,2/ €2

with f the black-box model and ¢ the surrogate model [Ribeiro et al., 2016]. 7, (z) is a proximity
measure which takes the distance of the perturbed training samples z to the original data instance
X into account. As proposed in [Ribeiro et al., 2016], we use an exponential kernel with cosine
distance measure. The overall generated explanation is given by a dictionary associating the
weights w; € R of the different components with the component indices, sorted in descending order

according to the absolute value of the weights. An explanation is always generated for a certain
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class label. Negative weights correspond to components that tend the model towards predicting
that the component does not belong to the class whereas positive weights are associated with
components that tend the model towards predicting that the sample is part of the class. Sonified
explanations are obtained by factoring the k most important components together in the original
representation. Listenable explanations were the main focus of this work, however, complementing
them with visualised explanations can arguably be beneficial. It is therefore also possible to obtain a
visualised explanation highlighting the most important components of the input representation and
their respective weights w; € R. Hereby, focus was set on a modular implementation: CoughLIME
which extends the LIME base class can be used with different decompositions to explain the
predictions of any model taking audio as input data. We emphasise that the compatibility of the
CoughLIME with any COVID-19 detection algorithm from audio data enables the comparison of

different classifiers.

3.4 Experiments

3.4.1 COVID-19 Classification Results

The results from the array of experiments with CldeR and the 3 baseline models are detailed
in Table 3.3. ClIdeR performed strongly across all four sub-challenges, achieving AUCs of 0.799
and 0.787 in the DiCOVA Track 1 and 2 sub-challenges, respectively, and 0.732 and 0.787 in the
ComParE CCS and CSS sub-challenges. In the DICOVA cough sub-challenge, CIdeR significantly
outperformed all three baseline models based on 95 % confidence intervals calculated following
[Hanley and McNeil, 1982], and in the DiCOVA breathing and speech sub-challenge it achieved a
higher AUC although the improvement over the baselines was not significant. Conversely, while
CldeR performed significantly better than all three baseline models in the ComParE speech sub-
challenge based on 95% confidence intervals calculated following [Hanley and McNeil, 1982], it
performed no better than baseline in the ComParE cough sub-challenge. One can speculate that
this may have resulted from the small dataset sizes favouring the more classical machine learning

approaches which do not need as much training data.
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Table 3.3: Results for CIdeR and a range of baseline models for 4 sub-challenges across the Di-
COVA and ComParE challenges. Testing is performed on the held-out test fold once final model
decisions have been made on the validation sets. The Area Under Curve of the Receiver Operating
Characteristics curve (AUC(-ROC)) is displayed. A 95% confidence interval is also shown follow-
ing [Hanley and McNeil, 1982]. CIdeR scores which are statistically higher than the best baseline
results with a 95% confidence are in bold. The three baseline models are Logistic Regression
(LR), Multi-layer Perceptron (MLP), and Random Forrest (RF). All baseline models were trained
on MFCC features.

sub-challenge* CldeR Baseline
LR | MLP | RF
kk - -

DICOVA Track 1 .799 +.058 .699 +.068

Track 2 786 £.057 | .647 +.014 | .684 £.072 | .776 £.063

CCS 732 +£.068 | .722 +.069 | .765 +.065 | .753 £.066
ComParE

CSS LT87 £.060 | .583 £.072 | .656 £.070 | .628 £.070

*Track 1: coughing, Track 2: deep breathing + vowel phonation + counting, CCS: coughing, CSS: speech — hope
my data can help managethe virus pandemic’
** As the demographics were not provided for the Track 1 test set, when calculating the AUC confidence intervals,
it was assumed that there was an equal number of COVID-19-positive and COVID-19-negative recordings.

Limitations

A key limitation with both the ComParE and DiCOVA COVID-19 challenges is the size of the
datasets. Both datasets contain very few COVID-19-positive participants. Therefore, the certainty
in results is limited and this is reflected in the large 95 % confidence intervals detailed in Table 3.3.
This issue is compounded by the demographics of the datasets. As detailed in [Brown et al., 2020a]
and in [Muguli et al., 2021] for the ComParE datasets and the DiCOVA datasets, respectively, not
all demographics from society are represented evenly — most notably, there is poor coverage of age

and ethnicity and both datasets are skewed towards the male gender.

In addition, the crowd-sourced nature of the datasets introduces some confounding variables.
Audio is a tricky sense to control. It contains a lot of information about the surrounding environ-
ment. As both datasets were crowd-sourced, there could have been correlations between ambient
sounds and COVID-19 status, for example, sounds characteristic of hospitals or intensive care
units being more often present for COVID-19-positive recordings compared to COVID-19-negative
recordings. As the ground truth labels for both datasets were self-reported, presumably the par-
ticipants knew at the time of recording whether they had COVID-19 or not. One could postulate
that the individuals who knew they were COVID-19-positive might have been more fearful than
COVID-19-negative participants at the time of recording, an audio characteristic known to be

identifiable by machine learning models [Trigeorgis et al., 2016]. Therefore, the audio features
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which have been identified by the model may not be specific audio biomarkers for the disease.

We note that both the DICOVA Track 1 and ComParE CCS sub-challenges were cough record-
ings. Therefore, there was an opportunity to utilise both training sets. Despite having access to
both the DICOVA and ComParE datasets, training on the two datasets together did not yield a
better performance on either of the challenges’ test sets. Additionally, a model which performed
well on one of the challenges test sets would see a marked drop in performance on the other
challenge’s test set. We run cross dataset experiments to analyse this effect further. For these
experiments, we also included the COUGHVID dataset[Orlandic et al., 2021] in which COVID-19
labels were assigned by experts and not as a results of clinically validated test. The results in Table
3.4 show that the trained models for each dataset do not generalise well and perform poorly on
excluded datasets. This is a worrying find, as it suggests that audio markers which are useful in
COVID-19 classification in one dataset are not useful or present in the other dataset. This agrees
with the concerns presented in [Coppock et al., 2021c¢] that current COVID-19 audio datasets are
plagued with bias, allowing for machine learning models to infer COVID-19 status, not by audio
biomarkers uniquely produced by COVID-19, but by other correlations in the dataset such as

nationality, comorbidity and background noise.

Table 3.4: The results for cross dataset experiments.

Test Set
Train Set DiCOVA | ComParE | COUGHVID
DiCOVA .799 .554 .464
ComParE .512 732 .5h2
COUGHVID .395 518 .566
All .673 117 531

3.4.2 Explanation Results

To assess CoughLIME’s ability to faithfully explain COVID-19 prediction models, we generate
explanations for the CIdeR model trained on the publicly available data set from the DiCOVA
challenge. The data set consists of 1040 samples which can be split for a 5-fold cross-validation
with instance-per-fold lists provided by the challenge. CIdeR is a deep ResNet model specifically
developed for COVID-19 detection from audio data. It achieved an AUC of 79.9% on the blind
test set. We point out that CoughLIME is a model-agnostic approach — it is hence of minor

importance which COVID-19 classification model we explain for the purpose of this demonstration.
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As explained above, we focus on sonified explanations as they are the most intuitive way to explain

the behaviour of a model acting on audio data. Listenable examples can be found in our repository”.

To quantify the faithfulness of the generated explanations, we adopt pixel flipping to audio.
This evaluation method was originally proposed for image data and argues that if an XAI method
correctly highlights the important parts of the input representation, ‘flipping’ these components
to 0 should lead to a rapid decrease in performance [Samek et al., 2017]. To this end, we generate
explanations using CoughLIME with the loudness decomposition for all 218 files contained in fold
1 of the DICOVA data set. We then calculate the percentage of the predictions having flipped
the most significant components to 0 that lead to the same class prediction as the entire file. We
compare this percentage to the percentage of same class predictions having flipped the same number
of randomly chosen components. As the loudness decomposition generates a variable number of
components, we flip a percentage of all generated components n to establish a basis of comparison.
The results and the standard deviation over two runs are reported in Figure 3.4. All results were
generated with a threshold v = 75dB. For all k and all decompositions tested, the predictions on
the components found important by CoughLIME lead to superior results than the predictions on

random components.

Loudness (cider): percentage of predictions leading
to same class for k% flipped components
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Figure 3.4: Pixel flipping for audio for the loudness decomposition with v = 75dB shows Cough-
LIME is able to correctly identify the most important components. Results are averaged over 2
runs.

To establish a base of comparison for the pixel flipping results, we introduce a new metric, the

"https://github.com/glam-imperial /CoughLIME
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Delta-Area Under the Curve (AAUC), which is defined in Equation 3.3:

fccl yo(z) dx — fcclyl(x) dx

AAUC = .
fcl" 1dz

(3.3)

with ¢ being the percentages of components flipped, y; the curve generated by flipping the most
relevant components first and ys the curve generated by flipping random components. The AAUC
is given by the percentage of the entire graph area which is covered by the area between the curves
generated for the most relevant and the random components. The higher the AAUC, the better

the explanations. Table 3.5 compares the AAUC obtained for the proposed decompositions.

Table 3.5: Comparison of the AAUC achieved with different decompositions.

Decomposi- Temporal Spectral Loudness Loudness- NMF
tion Spectral
AAUC 13.26% 9.38% 19.48% 5.68% 4.13%

We argue that it can be beneficial to complement listenable explanations with visual or textual
ones to obtain a better overall understanding of the system. Therefore, we implement methods
to highlight the components found most important by the classification model together with their

relative weights (see Figure 3.5).

In summary, the exploration of explainability in the context of audio-based COVID-19 classifi-
cation presents a compelling research direction, particularly given its role in enabling trustworthy
decision-making in healthcare and ensuring transparent application by medical experts in this do-
main. However, as discussed in the limitations section, the classification model used in this task
raises concerns regarding generalisability, largely due to the limited and imbalanced datasets as
well as potential biases introduced through their crowd-sourced and self-reported nature. Since
explainability methods are only as reliable as the models they aim to interpret, building trust-
worthy explanations requires an underlying classifier that demonstrates consistent and robust per-
formance. Without this foundation, explainability results may risk being misleading, regardless
of their methodological soundness. While our findings provide valuable insights into how audio
decomposition techniques can enhance transparency in healthcare-oriented Al systems, the subse-
quent chapters extend this investigation to more generalisable tasks, specifically audio classification
and speech emotion recognition, where model performance is more robustly established. These do-
mains provide a more stable ground for validating and refining our explainability framework, as

presented in the following chapters.
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Figure 3.5: Example explanations for COVID-19 positive (a), (b) and COVID-19 negative (c),

(d) coughs generated with the loudness decomposition. Components highlighted in red (green)
account for a COVID-19 negative (positive) prediction.
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In this chapter, we present our proposed method for interpreting audio-processing transformer
models. Our approach leverages the attention mechanisms inherent in these models and combines

them with NMF to compute the relevance of audio inputs. By integrating these techniques, we
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aim to enhance the explainability of transformer-based audio models, providing deeper insights
into their decision-making processes. This chapter incorporates sections from our published work

[Akman and Schuller, 2024a].

4.1 Introduction

Generating audio explanations for audio processing AI models has been gaining importance due
to its intuitiveness on audio-based tasks and higher expressiveness over other modalities in spe-
cific scenarios, such as where understanding visual explanations needs expertise [Schuller et al.,
2021b]. Recent studies have adapted domain-agnostic XAI methods to specialise in providing au-
dio explanations [Becker et al., 2019, Frommholz et al., 2023, Vielhaben et al., 2024, Wu et al.,
2023, Haunschmid et al., 2020b]; however, they only provide feature importance maps as ex-
planations which are difficult to be interpreted by humans. Aiming to generate listenable and
interpretable audio explanations, [Wullenweber et al., 2022, Parekh et al., 2022] exploit NMF [Lee
and Seung, 2000] to decompose audio into meaningful components. However, both methods require

training a separate surrogate model around the original model.

Transformer models are extensively used in audio processing to obtain state-of-the-art per-
formance on various tasks such as automatic speech recognition, keyword spotting, and speaker
recognition [Gong et al., 2021, Hsu et al., 2021, Chen et al., 2021, Baevski et al., 2019, Chi et al.,
2021]. Certain studies target to explain transformer models by leveraging their attention mech-
anism and presenting attention weights as explanations [Vig, 2019, Yeh et al., 2024, Abnar and
Zuidema, 2020]. Although attention visualisation works well with tasks in a visual or textual

domain, there is still a need to explain audio transformer models more intuitively.

To address these issues, we propose AttHear, which combines the transformer’s attention mech-
anism with NMF to compute relevancy for audio inputs. We first apply NMF on input audio to
extract its spectral pattern dictionary with corresponding time activations. We then analyse the
attention behaviour of the transformer model for spectral component groups, which are created
depending on their similarity. These attention weights modify the original time activations of the
spectral pattern dictionary. In the final step, AttHear reconstructs the relevant audio part to the
model decision using the spectral pattern dictionary and the modified time activations. We verify
that AttHear can generate faithful explanations with high fidelity scores through experiments that

simulate removing relevant features and assess the original model’s performance on audio parts
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containing these essential features. The main contributions of this study are as follows:

e We propose a novel audio explanation method, AttHear, that targets audio transformers.
Our method combines the attention module in transformers and NMF without needing to

finetune the original prediction model or train a surrogate model.

e We introduce a new formulation for NMF reconstruction that incorporates attention weights
in NMF time activations. Using this formulation, AttHear generates audio explanations in a

listenable format that are interpretable to the end-user.

o We evaluate our model on keyword spotting and environmental sound classification tasks. We
show that while AttHear provides faithful explanations with high fidelity scores, it captures

meaningful high-level audio components for the investigated tasks.

4.2 Methodology

This section elaborates on the AttHear system’s design and the procedures we employ to generate
meaningful audio explanations. We begin by introducing NMF’s fundamentals and rationale for
incorporating it into our framework. Following this, we provide a detailed description of our ex-
plainer system, which involves the integration of NMF with an attention mechanism in transformer
audio models. Lastly, we outline the steps for producing meaningful audio explanations using our

system. We present an overview of AttHear in Figure 4.1.

4.2.1 NMF Fundamentals

NME’s ability to disentangle overlapping audio components while preserving the inherent non-
negativity of audio data allows it to effectively identify underlying sources such as instruments,

vocals, and background noise. The formulation for NMF is defined in Equation 4.1.

X ~WH (4.1)

In our audio decomposition case, X € RiXT represents the input audio spectrogram, where
F and T denote frequency bins and time points respectively, W & RiXK is a spectral pattern

dictionary with K components and H € Rf *T is a matrix for time activations. While each



4.2. METHODOLOGY o7

Prediction, y
+ T Explanation Generation
‘ Classification Head |
* w
inverse STEE Transformer Encoder M Allanton,suire
reconstruction

‘ NMF Reconstruction ‘ E] E] G E] B E] @ e -I ‘ ‘ H
kbt NEEEROOH

Time Relevance Calculation

[ . )
W 71| |22 |23 z z7| T
R CrEEEENENT
‘ NMF Decomposer ‘ |

T e Feature ;Extractor | _.[ an CID

X Set of audio [
Input audio ———> components
x i

(a) (b) (c)

oo [ L[] for)

]

&

Figure 4.1: An overview of AttHear: (a) Depicts NMF procedure for an input audio. (b) Indicates
the transformer model inference for an audio segment to compute corresponding attention weights
att and their gradients gr. (c) Represents the calculation of temporal relevance r where ® denotes
element-wise multiplication and the explanation generation.

column wy, in W embodies a spectral pattern extracted through NMF, each row hy in H captures
time activation information for each spectral pattern. Also, NMF enables an audio spectrogram
reconstruction from a selected group of spectral patterns. To reconstruct an audio spectrogram
X} using a single spectral pattern is formulated in Equation 4.2, where both / and ® denote

element-wise operations.

o X (4.2)

In AttHear, we employ NMF to decompose the input audio into meaningful components. Fur-
thermore, our intuition for utilising NMF lies in integrating attention weights extracted from
transformer models into the time activations during reconstruction in order to extract relevant

audio components.

4.2.2 AttHear Design

AttHear begins with decomposing the input audio into high-level components using NMF. Since
common audio-based transformer models accept input in standard waveform representation, we
convert the input audio into a spectrogram using the short-time Fourier transform (STFT). Sub-

sequently, we extract the spectral pattern dictionary with its corresponding time activation matrix
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as shown in Equation 4.1. To interpret NMF components in waveform representation, we initially
reconstruct the corresponding audio spectrogram for a set of similar spectral patterns using Equa-
tion 4.2. Then, we transform it back into the original waveform space through an inverse STFT

operation.

AttHear exploits the original transformer model in the second stage to extract its attention
behaviour on audio components from the NMF stage. Each audio component is fed into the
model to obtain its corresponding attention weights. Notably, the attention weights atty and the
time activations hy for a spectral component are aligned to contain information about temporal
significance. We combine them to create a unified vector with this knowledge. Furthermore, if
class-specific explanations are required based on the audio-processing application, we incorporate
attention gradients gradj, for each output class. We formulate the final temporal relevance 7 for

a spectral component in Equation 4.3.

T = hgy © atty, © {grad;,} (4.3)

s.t.atty, € [0,1], grad, € [—1,1]

In Equation 4.3, we use the normalised version of atty to keep time activations in the same
scale. Additionally, we apply interpolation to align the sizes of att;, and gradj with that of hy

depending on the transformer model parameters.

4.2.3 Explanation Generation

To produce listenable explanations for an input audio, AttHear modifies the NMF reconstruction
procedure in Equation 4.2, taking into consideration the temporal relevance r; as defined in Equa-
tion 4.3. This attention-aware NMF reconstruction is defined in Equation 4.4. Using proposed
novel reconstruction method, AttHear generates audio explanations that include relevant spec-
tral components and their corresponding time activations, harnessing information from NMF time
activations and attention weights from the original transformer model. Furthermore, it utilises
the inverse STEF'T operation to convert these explanations into a raw waveform to make these

explanations audible to the end-user.

WETE
WH
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4.3 Experiments

We evaluated our method on two datasets, Speech Commands V1-12 [Warden, 2018], and ESC-50
[Piczak, 2015], to assess its performance across different audio recognition tasks. This version of
Speech Commands dataset consists of over 60000 utterances of 10 different English words and
two additional unique labels for “Unknown Word” and “Silence”. It spans multiple speakers and
variations in pronunciation, offering a diverse set of challenges for audio classification algorithms.
On the other hand, ESC-50 comprises 2,000 environmental sound recordings, each belonging to one
of 50 distinct classes, such as dog barking, ocean waves, and car horns. In this section, we provide
implementation details of our method, followed by a comprehensive quantitative and qualitative

evaluation. The implementation code and sample audio explanations is available on our project

page .

4.3.1 Implementation Details

We choose wav2vec 2.0 [Baevski et al., 2020] as our classifier model due to its popularity and
proven performance on various audio tasks. Wav2vec 2.0 comprises two key components: a feature
extractor based on a CNN, and a transformer module that models long-range dependencies. While
AttHear leverages the transformer module to extract temporal relevance, the CNN architecture

allows it to linearly map this relevance to the input space.

We utilise 20 and 40 components, K, for implementing NMF on data points from Speech Com-
mands and ESC-50 datasets, respectively, as the latter contains more extended and complex audios.
We select the final layer to obtain attention weights from the transformer layer, as higher layers
tend to capture more global and abstract information [Lin et al., 2022]. To ensure compatibility
with the dimensions of the input audio, we compute the average attention scores across multiple
heads and cross-embeddings. Our classifiers achieve an accuracy of 98.0% on the test set for Speech

Commands and 76.4% on the final fold of the validation set for ESC-50.

4.3.2 Quantitative Evaluation

We conduct fidelity experiments to measure how well the prediction of the underlying model and

the generated explanation agree. Since AttHear investigates feature importance beyond the space

Thttps://github.com/glam-imperial / AttHear
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of the original input features by integrating NMF decomposition, it is not possible to select im-
portant features in this space. Thus, we design a novel strategy that involves selecting the highest
temporal relevances r; by a ratio of a and setting remaining relevances to 0. Following this, we
reconstruct the corresponding audio segments using Equation 4.4. We also propose a baseline that
uses the same reconstruction method but from randomly selected temporal relevances. Although
there is a random selection, note that our proposed baseline is “stronger” than a standard baseline
as it utilises the learnt spectral patterns in NMF. We compute the fidelity score as the fraction
of samples where the predicted class for generated explanations aligns with the original model’s
prediction. The results in Table 4.1 and 4.2 show that AttHear can generate high-fidelity expla-
nations compared to our proposed baseline for both datasets. The classifier model demonstrates
considerably improved performance when evaluated on the selected features, even with a small
selection ratio of @ = 0.1, using AttHear, compared to the baseline. Moreover, selecting important
features with higher ratios enables the model to converge to the original classification performance
more rapidly. For instance, when using half of the features (o = 0.5), the classification accuracy
becomes comparable to that of the original classifier, indicating the effectiveness of the feature

selection process in preserving model performance.

Table 4.1: Fidelity and faithfulness results on the Speech Commands dataset, with mean and
standard deviation over five runs.

Fidelity (%) Faithfulness (% drop)

Ratio, «  AttHear Baseline AttHear Baseline
a=01 301+28 284+1.7 232+35 54+13
a=03 659+26 190425 502418 132+25
a=05 857+12 51.7+35 684+29 284+45

Table 4.2: Fidelity and faithfulness results on the ESC-50 dataset, with mean and standard devi-
ation over five runs.

Fidelity Faithfulness

Ratio, &  AttHear Baseline AttHear Baseline
a=01 542+26 175420 146+3.1 82434
a=03 705+22 264+24 482422 221439
a=05 781+£37 3324+29 61.7+1.6 2744+ 3.0

In addition, we evaluate the faithfulness of AttHear to demonstrate that the generated ex-
planations are relevant to the model’s final decision. Since NMF reconstruction is additive, we

simulate faithfulness experiments by obtaining the remaining audio from subtracting a generated
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explanation from the original audio. We followed the same steps with fidelity experiments to pro-
duce explanations. Faithfulness is evaluated by measuring the accuracy drop for different « values
compared to our proposed baseline, which is shown in Table 4.1 and Table 4.2. In this setup, «
represents the ratio of removed important features, where a higher « is expected to result in a
greater accuracy drop. The classifier’s performance declines considerably when evaluated on the
remaining features, even with a small removal ratio of @ = 0.1, using AttHear, in comparison
to the baseline. Furthermore, removing important features at higher ratios causes the model to
approach random classification more rapidly. For instance, when half of the features are removed
(o = 0.5), the classification accuracy drops to a level comparable to that of a random classifier,
demonstrating the effectiveness of the feature selection process. Since the faithfulness metric pro-
posed in [Parekh et al., 2022] does not align with our metric and is also dependent on the original

model’s performance, which is not shared, we cannot present a fair comparison.

Frequency [Hz]

Time [s]

Figure 4.2: Sample spectrogram visualisations for the mixed audio experiments: (a) Original signal
(“Dog”), (b) Mixing signal (“Crying-Baby”), (c¢) Mixed signal to be explained (d) Explanation
audio generated for the target class (“Dog”). We notice that when generating the explanation, the
majority of the content comes from the target class, with only slight corruption from the other
class.
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4.3.3 Qualitative Evaluation

To evaluate the quality of generated explanations, we listen to and observe our model’s behaviour on
mixed audios from separate classes on the ESC-50 dataset. Ideally, we expect AttHear to capture
the separate classes in these mixed audios and generate explanations based on the segments of
the target class that we aim to explain. In Figure 4.2, we present an example of mixed audio,
including the classes of “Crying-Baby” and “Dog.” We observe that the generation on target class

“Dog” primarily consists of parts from the target class with minor corruption from the other class.
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In this chapter, we introduce a novel method for explaining audio foundation models by lever-
aging their generative capabilities. Our approach harnesses the intrinsic representational power of
the embedding space within these models, integrating established feature attribution techniques
to identify key features that contribute to their decisions. By doing so, we provide deeper insights
into how these models process and interpret audio data. The content of this chapter is based on

our published work [Akman et al., 2025b].
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5.1 Introduction

Generating explanations for large Al models has been gaining importance as they are used in
various domains such as audio processing and computer vision. Most existing XAI methods try
to extract important features in the input space towards the model’s final decision, that can be
categorised into perturbation-based [Ribeiro et al., 2016, Petsiuk et al., 2018, Zeiler and Fer-
gus, 2014, Fong et al., 2019] and backpropagation-based [Bach et al., 2015, Sundararajan et al.,
2017, Shrikumar et al., 2017, Selvaraju et al., 2017, Montavon et al., 2017] techniques [Ancona
et al., 2017]. These methods aim to identify relevant input features, such as pixels for computer
vision tasks and tokens for natural language processing tasks. On the other hand, providing audio
explanations is a useful method due to its intuitiveness on audio-based tasks and higher expressive-
ness over other modalities in specific scenarios, such as where understanding visual explanations
needs expertise [Schuller et al., 2021b]. Aiming to generate listenable and interpretable audio ex-
planations, [Wullenweber et al., 2022, Parekh et al., 2022] exploit NMF [Lee and Seung, 2000] to

decompose audio into meaningful components.

Foundation models are extensively used in audio processing to achieve state-of-the-art per-
formance on various tasks such as automatic speech recognition, keyword spotting, and speaker
recognition [Gong et al., 2021, Hsu et al., 2021, Chen et al., 2021, Baevski et al., 2019, Chi et al.,
2021, Ravanelli et al., 2020, Kharitonov et al., 2021]. In addition to that, these models offer a
generalised and meaningful embedding space due to their broad range of training data; some foun-
dation models such as EnCodec [Défossez et al., 2022] enable generation from this space. Although
certain studies target to explain transformer-based foundation models by leveraging their attention
mechanism and presenting attention weights as explanations [Vig, 2019, Yeh et al., 2024, Abnar
and Zuidema, 2020], they do not consider computing feature importance in the meaningful em-
bedding space to understand model behaviour. TCAV [Kim et al., 2018] and Network Dissection
[Bau et al., 2017] focus on explaining a model’s behaviour with provided concepts by exploiting
the model internal representation. However, these methods require user-defined concepts without
considering unleashing the learnt concepts which are already embedded in the latent space of a

foundation model.

To address these issues, we propose a method which combines prominent feature attribution
methods with foundation models to explain model behaviour in audio processing tasks. We first
exploit an audio foundation model as an encoder, and train an additional model on this backbone

depending on the type of the downstream task. To understand the behaviour of the final model
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on the task, we analyse important features for a decision in the latent space using a feature
attribution method. In the final step, we use the generative part of the foundation model to
construct the relevant audio in the input space. We verify that our method can generate high-
fidelity explanations through experiments that simulate removing relevant features and assess the
original model’s performance on these essential features. The main contributions of this study are

as follows:

e We propose a novel audio explanation method that integrates common feature attribution
methods into the latent space of foundation models. Our approach takes advantage of this
meaningful space for creating understandable explanations without mapping feature relevance

to the input space where individual features are difficult to interpret like audio frequencies.

e Our method leverages the generative capacity of foundation models from latent space to
produce meaningful audio explanations in the input space. In this way, our method generates

audio explanations in a listenable format that are interpretable to the end-user.

¢ We evaluate our model on keyword spotting and speech emotion recognition tasks. We show
that while our method provides high-fidelity explanations, it captures meaningful high-level
audio components for the investigated tasks. We also propose a strong baseline exploiting

NMF with random attention to validate the performance of AttHear quantitatively.

5.2 Methodology

This section elaborates on the design of our method to generate meaningful audio explanations.
We begin by introducing the general structure of audio foundation models and their usage for
downstream tasks. Following this, we provide a detailed description of our explainer system,
which involves assigning importance in the embedding space of a foundation model. Lastly, we
outline the steps for producing meaningful audio explanations using our approach. We present an

overview of our system in Figure 5.1.
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Figure 5.1: An overview of our method: The top row depicts the role of a foundation model with
autoencoder architecture. The bottom row shows the process of explaining a task-specific classifier
model including finding important features in the latent space and generating audio explanations
based on these features.
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5.2.1 Audio Foundation Models

Audio foundation models are typically pre-trained on large datasets of audio samples to learn
patterns from the audio signals, which can then be fine-tuned on specific tasks. They exploit self-
supervised learning strategies to discover general representations from large-scale data without
requiring expensive labels. To learn these representations which reflect meaningful patterns in
audio signals, they build a high-level embedding space using deep learning frameworks such as
autoencoders and Siamese Network. While the former framework uses an encoder-decoder pair
to project the audio input into the embedding space and then reconstruct it, the latter uses two
encoders projecting into the same space where one latent representation is seen as a pseudo-label for
the other. In this paper, we focus on audio foundation models using autoencoder architecture to be
able to generate listenable explanations using its decoder component. The standard autoencoder

architecture is defined in Equation 5.1.
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Z = Encoder(X) e RT*F . X = Decoder(Z), (5.1)

where X € [—1,1]P*Fs represents an audio signal input of duration D with sample rate Fj,
Z represents the latent vector with T' denoting the number of audio frames after down-sampling
in the encoder, L the feature dimension of the encoder, and X represents the reconstructed audio

signal.

5.2.2 System Design

We aim to understand the important audio features for a model decision by leveraging the high-
level embedding space of foundation models. For this purpose, we target explaining foundation
model-based audio models trained on specific audio tasks such as audio classification. Thus, our
system starts with finetuning a foundation model with an autoencoder style framework on a desired
task. To maintain the learnt representation space during finetuning, we freeze the weights of the
encoder part and only update the additional task-specific model part such as a classification head.
Then, our framework uses feature attribution methods to determine the most relevant features in
the latent space for a model decision. Without backpropagating feature attribution computation to
the audio input space, our method learns the important high-level components in the latent space,
which is not restricted with the dimensions of the input space. In Equation 5.2, we formulate our

feature attribution method in the latent space.

att = ©(Classifier(Z)) € RT*E, (5.2)

where O represents our explainer module that computes feature attribution, att, in the latent
space. Note that the classifier module is designed to process the latent representation of an audio

input extracted by the fixed encoder module.

5.2.3 Explanation Generation

To generate listenable audio explanations, our method first extracts the relevant latent vector
based on the computed feature attributions in Equation 5.2. While keeping the latent dimensions
with high importance by a ratio of « € [0, 1], it replaces less important dimensions with a base

latent vector which is obtained by encoding a noise audio with appropriate length. It then uses
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the decoder part of the foundation model of interest to transform the relevant latent vector into

audio explanations. The explanation generation is defined in Equation 5.3.

Xo = Decoder(Zo), (5.3)

where Zg represents the relevant latent vector for a specific prediction and Xg represents the
audio explanation in the input space. Although our method generates an audio explanation in the
input space, it goes beyond only selecting features in this space by the integration of meaningful

latent space.

5.3 Experiments

We evaluated our method on two datasets, namely, Speech Commands [Warden, 2018], and the
Toronto Emotional Speech Set (TESS) [Pichora-Fuller and Dupuis, 2020], to assess its performance
across keyword spotting and speech emotion recognition tasks. The Speech Commands dataset
consists of over 100000 utterances of 35 different English words by 2618 speakers recorded. It
spans multiple speakers and variations in pronunciation, offering a diverse set of challenges for
audio classification algorithms. On the other hand, TESS comprises 2800 stimuli in total. In
TESS, a set of 200 target words (*) were spoken in the carrier phrase “Say the word *” by two
actresses, and recordings were made of the set portraying each of seven emotions: anger, disgust,
fear, happiness, pleasant surprise, sadness, and neutral. In this section, we provide implementation
details of our method, followed by a comprehensive quantitative and qualitative evaluation. The

implementation code and sample audio explanations is available on our project page'.

5.3.1 Implementation Details

We choose the EnCodec neural audio codec [Défossez et al., 2022] as our foundation model to
learn the audio representations from the raw waveform, which is trained across diverse domains
including general audio, speech, and music. EnCodec comprises two key components: an encoder
that extracts features based on a CNN, and a decoder module that reconstructs the same audio.
While our method uses EnCodec’s encoder module to extract meaningful audio representations and

assign importance based on the classification model, its decoder module enables mapping these

Lhttps://github.com/glam-imperial / AudioXgen
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features back to the input space. In our experiments, we use the EnCodec version for 24 kHz audio

at 1.5 kbps bandwidth.

The EnCodec model is trained end-to-end to minimise reconstruction loss across both the time
and frequency domains while incorporating a perceptual loss through multi-resolution discrimina-
tors. The original EnCodec model utilises Residual Vector Quantisation (RVQ), as introduced by
[Zeghidour et al., 2021a], to map encoder outputs onto the closest entries in a codebook. How-
ever, to improve classification accuracy with higher-dimensional representations, we remove the
quantisation step. This modification preserves richer feature representations, leading to better
performance in classification tasks. A visual representation of the EnCodec model is shown in

Figure 5.2.
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Figure 5.2: An overview of the Encodec model: an encoder-decoder architecture trained with both
reconstruction and adversarial losses.

As our classification model, we train a transformer-based classifier on top of the embeddings
extracted by EnCodec. Note that we only train a base model without extra tuning. In the classifier
architecture for keyword spotting on Speech Commands, we use 3 layers of transformer with an 8
head multi-head attention module. We employ a dropout probability of 0.1 and the dimension of
the feed-forward network model is 512 for each transformer layer. For speech emotion recognition
on TESS, we use a Gated Recurrent Unit (GRU) based recurrent neural network with 2 layers and
128 hidden dimensions and employ a dropout of 0.2. Our classifiers achieve an accuracy of 85.4%
on the test set for Speech Commands and 96.4% on the arranged test set for TESS. To arrange the
TESS test set, we select random emotions from each spoken word using 0.2 split ratio and share
the test indices on our project page for reproducibility. To compute the feature attribution in the
latent space, we use IG [Sundararajan et al., 2017] which calculate the integral of the gradients of

the model’s output along the straight line path from the baseline to the input.
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5.3.2 Quantitative Evaluation

We conduct fidelity experiments to measure how well the prediction of the underlying model and the
generated explanation agree. Since our method investigates feature importance beyond the space of
the original input features by integrating Encodec latent space, it is not possible to select important
features in this space. Thus, our strategy involves selecting the latent dimensions with the highest
relevance with respect to the IG algorithm by a ratio of a. We set the remaining dimensions to a
base value using a base latent vector which is obtained by encoding a noise audio with appropriate
length. We compute the fidelity score as the fraction of samples where the predicted class for
provided explanations in the latent space aligns with the classifier’s prediction. We compare
our methodology with three approaches: (1) We propose a baseline that randomly selects latent
dimensions to obtain explanation embedding; (2) We select the most important features in the input
audio space by a ratio of a using the IG method and generate the explanation embedding with the
Encodec encoder — here, eliminating the quantisation part of Encodec enables us to backpropagate
the IG gradient calculation through the encoder safely; (3) We also implement the random feature
selection strategy in the input audio space and follow the same explanation embedding generation
steps with (2). The results in Table 5.1 and 5.2 show that our method can generate explanations
with higher fidelity compared to the two baselines (1) and (3) for both datasets. It also outperforms
the standard IG method (2) which validates our approach on providing explanations leveraging a

high-level embedding space.

Table 5.1: Fidelity results by measuring explanation classification agreement on the Speech Com-
mands dataset, with mean and standard deviation over five runs.

Latent Space Input Space
Ratio, @ Our Method  Random 1G Random
0.1 79.1 £ 0.0 6.6 +1.1 186+00 79+0.5
0.2 87.6 + 0.0 16.5 £ 1.8 2544+ 0.0 10.2+0.7
0.4 91.6 £ 0.0 46.0+19 273+00 159+0.8
0.6 939+00 696+16 284+0.0 23.0+1.1

0.8 971+ 0.0 848 =+13 31.2£00 399+19
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Table 5.2: Fidelity results by measuring explanation classification agreement on the TESS dataset,
with mean and standard deviation over five runs.

Latent Space

Input Space

Ratio, @« Our Method  Random 1G Random
0.1 21.9+£00 155+£00 57.7+00 528 +0.9
0.2 55,7+ 0.0 16.0+£09 59.8+0.0 54.2+04
0.4 625+ 0.0 283+15 623+0.0 550+£0.3
0.6 73.6 0.0 383£07 632+00 554+£0.8
0.8 904+ 0.0 7414+14 626=+00 60.6+0.7

In addition, we evaluate the fidelity of our method by analysing accuracy drop upon important

feature removal to demonstrate that the generated explanations are relevant to the model’s final

decision. We measure the accuracy drop for different 8 values which represent the ratio of most

important features to be removed. Then, we compare our method with the other methods by

following the same steps to produce the explanation embeddings.

As shown in Table 5.3 and

5.4, feature removal based on our method leads to highest accuracy drop outperforming the other

methods.

Table 5.3: Fidelity results by measuring accuracy drop over explanation removal on the Speech
Commands dataset, with mean and standard deviation over five runs.

Latent Space

Input Space

Ratio, 5 Our Method  Random 1G Random
0.01 20.4 £+ 0.0 8.0+ 04 5144+00 763=%1.1
0.1 1.0 £ 0.0 832+ 1.1 226 +0.0 56.2+0.7
0.2 0.7 £ 0.0 788 +23 104 +£0.0 37.7+0.6
0.4 0.6 £ 0.0 66.4+1.1 80+0.0 203+1.1
0.6 0.4 £0.0 43.8 £1.8 78+ 0.0 125404
0.8 0.4 £0.0 189 +23 74+£00 76+0.8
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Table 5.4: Fidelity results by measuring accuracy drop over explanation removal on the TESS
dataset, with mean and standard deviation over five runs.

Latent Space Input Space
Ratio, 8 Our Method  Random 1G Random
0.01 64.6 + 0.0 96.3+0.2 854+00 949+04
0.1 22.1 £0.0 90.6+0.7 552+£00 703+1.4
0.2 173 £ 0.0 74.7+1.8 43.6 0.0 59.6 £0.8
0.4 16.9 4+ 0.0 389+ 1.2 398+ 0.0 54.5+0.7
0.6 163 +00 282+1.1 39.6=+00 53.4+04
0.8 171 £ 0.0 154 +1.2 40.1 £0.0 552 =+0.7

5.3.3 Qualitative Evaluation

To evaluate the quality of generated explanations, we observe our model’s behaviour on audios from
the same spoken words and separate emotion classes on the TESS dataset. By following similar
procedures with quantitative evaluation experiments, we select an audio sample and generate the
audio explanation using our method by setting a = 0.2 in the first experiment. In the second
experiment setting, we removed the explanation from the original audio sample in the embedding
space with the same ratio. We then generate the irrelevant audio part by using our framework.
Ideally, we expect that while the generated audio in the first experiment can represent the emotion
in the original audio sample, the irrelevant audio in the second experiment represents a neutral
state of the same word spoken. In Figure 5.3, we present an example of audio from the class
“Happy” to conduct these experiments. We also present the audio of the same word from the
class “Neutral” to enable comparison for explanation-removed audio. We observe that while the
generated explanation can represent the emotion in the original audio, explanation-removed audio
looks more similar to the neutral version of the spoken word. We use spectrogram representation

to increase the interpretability of the visuals.

We also investigate the classifier model behaviour for the TESS dataset after explanation re-
moval by a ratio of § = 0.1 using our method. In Figure 5.4, we present the confusion matrix
of the classifier for each class in TESS dataset. The results show that majority of the audios are
classified as “Neutral” when explanation is removed by a small ratio which shows our explanation

generation method focuses on emotions.
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Figure 5.3: Sample spectrogram visualisations for the qualitative audio experiments: (a) Neutral
audio of the word (“Rain”), (b) Happy audio of the word (“Rain”), (¢) Explanation-removed audio
from (b), (d) Explanation audio generated from (b).
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Figure 5.4: Confusion matrix for the classifier for TESS dataset after explanation removal by a
ratio of g = 0.1.
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In this chapter, we propose a novel framework for explanation generation that offers an alter-
native to traditional feature removal methods, enabling a comprehensive understanding of model
behaviour. Our approach leverages the generative capabilities of audio language models to replace
removed features with contextually appropriate alternatives, preserving the integrity of the input
while providing deeper insights into the model’s decision-making process. This framework enhances
interpretability by ensuring explanations reflect how the model processes information in a more

holistic manner. The content of this chapter is based on our published work [Akman et al., 2025a].
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6.1 Introduction

Foundation models has become prerequisite for designing deep models for various applications.
By leveraging the principles of self-learning and large scale training data, they have established a
new state-of-the-art across various tasks. While they show outstanding performance on automatic
speech recognition [Baevski et al., 2020, Radford et al., 2023, Gong et al., 2021, Hsu et al., 2021,
Chen et al., 2021, Baevski et al., 2019] and emotion recognition [Ma et al., 2024b, Wang et al.,
2021, Chen et al., 2024] in audio domain, they are also primarily used for language tasks such
as text classification [Touvron et al., 2023, OpenAl et al., 2024]. In addition to their predictive
capabilities, foundation models, such as language models, also exhibit strong generative abilities,
producing both text and sound under various conditions, including text-to-sound generation [Kreuk

et al., 2023, Yang et al., 2023].

The growing popularity of foundation models, along with their complex and large-scale ar-
chitectures, has made interpretability an essential concern. Most existing XAI methods focus on
identifying important features in the input space that contribute to a model’s final decision. These
feature attribution methods can be categorised into perturbation-based [Ribeiro et al., 2016, Pet-
siuk et al., 2018] and backpropagation-based [Bach et al., 2015, Sundararajan et al., 2017, Selvaraju
et al., 2017] techniques [Ancona et al., 2017]. They aim to identify relevant input features, such
as tokens for natural language processing tasks time-frequency points in spectrograms for audio
processing tasks. However, extracting high-level insights from these features is often challeng-
ing, particularly in tasks like audio processing, where interpreting spectrogram features typically
requires domain expertise. In addition, focusing on low-level input features when generating expla-
nations limits the ability to capture and convey a model’s high-level behaviour. In [Wullenweber
et al., 2022, Parekh et al., 2022], the authors exploit NMF [Lee and Seung, 2000] to decompose
audio into meaningful components, aiming to generate listenable and interpretable audio explana-
tions. However, these methods primarily focus on computing relevance in the input space without

delving into the intermediate representations within a deep model.

Certain methods target to improve interpretability by leveraging the intermediate representa-
tions of deep models. TCAV [Kim et al., 2018] and Network Dissection [Bau et al., 2017] aim to
explain a model’s behaviour by utilising its internal representations with user-provided concepts.
However, these approaches rely on predefined concepts and do not account for discovering the
learned concepts already embedded within the latent space of a foundation model. In [Akman

et al., 2025b], generative foundation models are used to produce explanations from relevant em-
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bedding vectors computed by applying a feature attribution method in the latent space. However,
due to the simplistic feature selection strategy, which replaces less relevant parts of an embedding
vector with a base value, this approach has not explored the impact of less relevant dimensions of

the latent space on explanation generation.

To address these challenges, we propose a framework that leverages the generative capabilities of
ALMs, combined with feature attribution in the latent space of foundation models, to explain model
behaviour in audio processing tasks. Our approach first utilises an audio foundation model as an
encoder, and then trains an additional classification model on this backbone, tailored to the specific
downstream task. To interpret the behaviour of the final model, we identify important features in
the latent space using a prominent feature attribution method from the literature. Once the key
features are selected, ALMs are employed to fill in the less relevant feature dimensions, generating
a complete explanation that reflects the model’s decision-making process. In the final step, the
decoder of the foundation model is used to reconstruct the relevant audio in the input space. We
demonstrate that our method can generate high-fidelity explanations through experiments that
assess the model’s performance on relevant features. Additionally, we evaluate the interpretability
of the generated explanations by analysing speech recognition performance in relation to the speech

emotion recognition task. The main contributions of this study are as follows:

e We propose a novel audio explanation framework that integrates ALMs with foundation
model-based audio classifiers to provide a comprehensive understanding of important audio
features. Our method leverages the high-level latent space of foundation models to identify

meaningful audio features relevant to the model’s decisions.

e Our approach utilises the generative capabilities of ALMs to refine and complete the at-
tributed features within the latent space of foundation models, generating listenable and
interpretable audio explanations. This offers an alternative to traditional feature selection

strategies in the XAI literature, enabling richer and more coherent explanations.

¢« We evaluate our framework on keyword spotting and speech emotion recognition tasks,
demonstrating that, in addition to delivering high-fidelity explanations, our method enhances
the understandability of these explanations. This is evidenced by improved speech recogni-
tion performance on emotion-focused explanations, showing their effectiveness in conveying

the model’s decision-making process.
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6.2 Methodology

This section details the design of our framework, which harnesses ALMs to generate comprehen-
sive and meaningful audio explanations. We first outline the overall architecture of ALMs and
their application in generative tasks. Next, we elaborate on our explainer system, which assigns
importance to features within the embedding space of a foundation model-based classifier, while
augmenting these features with ALMs. Finally, we describe the process for producing full audio

explanations using our method. An overview of our system is illustrated in Figure 6.1.

Classifier

|
——WH . Explainer, © ALM Decoder
\
\‘

Input audio Audio explanation
X z Zg Zo Xg

Figure 6.1: An overview of our method: The process starts by computing feature attribution for
an input audio sample in the embedding space of a foundation model-based audio classifier. In the
second stage, Audio Language Models (ALMs) are employed to augment the important features,
generating a complete and coherent audio explanation.

6.2.1 Audio Language Models

Similar to large language models which are built on large textual datasets, ALMs try to utilise the
expressive power of audio modality including emotions and speaker timbre [Wu et al., 2024]. They
exploit neural audio codecs [Défossez et al., 2022, Zeghidour et al., 2021a, Borsos et al., 2023] as
suitable tokenisers for converting continuous audio representation into discrete codes. Using the
audio modality as their primary input type, certain studies also incorporate textual conditioning

as a secondary input type for their ALMs [Kreuk et al., 2023, Yang et al., 2023, Du et al., 2024].

A typical ALM consists of three components in order to obtain the generative capacity. First,
the tokeniser module, Enc, transforms a single channel audio signal into discrete audio codecs,
as described in Equation 6.1. Next, the decoder-only transformer module predicts the subsequent
audio token by training on a likelihood objective function, outlined in Equation 6.2. Finally, the
detokeniser module acts as a lookup table, mapping the generated token sequence back into the
audio waveform, as shown in Equation 6.3. The overall process of ALMs can be formulated as

follows:
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Z., = Enc(X) € RT (6.1)
T

Objective = Hp(Zut | Zuyy [Zo_,]) (6.2)
t=1

X = Dec(Z,), (6.3)

where X € [-1, 1]D *Fs represents an audio signal input of duration D with sample rate F,
Z,, represents the audio token sequence with T' denoting the number of audio frames after down-
sampling in the tokeniser, and Z, represents the text tokens that is optionally used for conditional

generation from text input.

6.2.2 Explainer Design

We aim to provide complete and listenable audio explanations using ALMs based on the extracted
important features by standard feature attribution methods. To achieve this, we focus on explaining
audio models that utilise the same tokeniser backbone as ALMs and are trained on specific audio
tasks, such as audio classification. Our system begins by training an audio classifier on top of the
EnCodec neural audio codec [Défossez et al., 2022], which serves as our tokeniser. To preserve
the learned representation space during fine-tuning, we freeze the weights of the tokeniser and
update only the additional task-specific components, such as the classification head. Subsequently,
our framework employs feature attribution methods to identify the most relevant features in the
latent space represented by audio codecs that contribute to model decisions. We backpropagate
the feature attribution computations only to this latent space, allowing our method to learn the
important high-level components. We formulate the process of feature attribution in the latent
space in Equation 6.4, where © represents a standard feature attribution method which produces
the relevant subpart of the latent vector, Zy, by selecting most important features by a ratio of
a € [0,1]. Note that a higher value of « corresponds to selecting a larger proportion of latent

features from the input for the explanation.

Zp = O(Classifier(Z),a) € RT, (6.4)
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By operating in the embedding space, our method aims to enhance important latent features
with complementary features using ALMs, which can generate audio from this tokenised represen-
tation. To achieve this, we designate the remaining dimensions of the resulting latent vector, Zy, as
unknown tokens and feed it into the ALM to fill in the complementary features: Zg = ALM (Zy).
Importantly, we do not utilise any text conditions in this process, even though the ALM model
supports this option. This approach allows our method to prioritise high-level important features
for the final prediction while providing a comprehensive understanding of the model’s behaviour
through the use of an ALM with the same tokeniser backbone. Finally, we leverage the decoder
component of the EnCodec model to transform the relevant latent vector into audio explanations.
Our explanation generation framework to produce audio explanations in the input space, Xg, is

defined in Equation 6.5.

Xg == DeC(Ze), (6.5)

6.3 Experiments

We evaluated our method using two datasets: Speech Commands [Warden, 2018] and the Toronto
Emotional Speech Set (TESS) [Pichora-Fuller and Dupuis, 2020], to measure its performance in
keyword spotting and speech emotion recognition tasks. In this section, we detail the imple-
mentation of our approach and present a thorough quantitative and qualitative evaluation. The

implementation code and sample audio explanations can be found on our project page .

6.3.1 Implementation Details

We choose AudioGen [Kreuk et al., 2023] as our ALM to generate complementary audio features in
the embedding space. AudioGen is trained on a diverse set of datasets that include various types of
audio and text annotations. For our experiments, we use the second version of AudioGen?, which
is trained on the same data but with longer audio samples, up to 10 seconds in duration, using
a retrained EnCodec model on environmental sound data, following the standard EnCodec setup
[Défossez et al., 2022]. This reimplementation of AudioGen is based on the ALM architecture from

MusicGen [Copet et al., 2023] and employs a single-stage, auto-regressive Transformer. It uses a

Lhttps://github.com/glam-imperial /AudioX LM
2https://github.com/facebookresearch /audiocraft
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16 kHz EnCodec tokeniser with four codebooks sampled at 50 Hz, having an embedding space of
dimension 128. This version maintains comparable audio quality to the original AudioGen while
achieving faster generation speeds due to its lower frame rate. A visual representation of the

AudioGen model is shown in Figure 6.2.

-

Audio
Decoder

Transformer Encoder nonoan... o1 Audio Tokens

f :[ Cross Attention ] \
[ xK

Causal Self -Attention]

[ Embedded Text ] Embedded Audio ]

Concat ~ [

\ [ Text Positional ] i [ Audio Positional ] /

oo ... 010 Audio Tokens

Text Audio
Encoder Encoder

A baby is crying. _‘/\/\/\

Figure 6.2: An overview of the AudioGen framework adapted from [Kreuk et al., 2023]: Both text
and audio embeddings are concatenated along the time dimension and processed through K causal
self-attention and cross-attention blocks, incorporating the embedded text.

Originally, AudioGen was designed for a variety of tasks, including text-to-sound generation,
text-to-music generation, audio continuation, and multi-stream modeling, enabling it to generate
audio content from textual input and model audio sequences in a multi-modal context. How-
ever, in our research, we adapted the AudioGen model for a novel task — audio completion. In
this modified approach, we preserve the critical audio features within the latent space, which are
extracted using our explainer pipeline, and complete the remaining latent dimensions that have
not yet been predicted. Notably, we do not use any text prompts, as our input consists solely
of explanation audio that needs to be completed. To implement this method, we introduced the
use of an unknown_ token = —1, a default value embedded within the model’s architecture to
represent positions in the latent space where audio content is incomplete. This token acts as a

placeholder, signaling to the model where it needs to generate the missing information. By using
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this approach, AudioGen is able to identify and generate complementary features for these missing
latent dimensions, ultimately producing more comprehensive, coherent, and contextually relevant

audio completions.

We train our classification models using the embeddings extracted from EnCodec, without
additional hyperparameter tuning, and eliminate the quantisation step in EnCodec to improve
classification accuracy by leveraging higher-dimensional representations. For each task, we train
two models with different architectures to capture both average and strong classification perfor-
mance. For the average classifier, used in keyword spotting on the Speech Commands dataset and
speech emotion recognition on TESS, we employ a CNN with 4 convolutional layers and 2 linear
layers. For the strong classifier on Speech Commands, we implement a transformer model with
3 layers, each containing an 8-head multi-head attention mechanism, a 0.1 dropout rate, and a
512-dimensional feed-forward network. On TESS, the strong classifier is a recurrent neural net-
work based on GRU, with 2 layers, 128 hidden units, and a 0.2 dropout rate. While our models
achieve test accuracy rates of 85.7%-89.7% on Speech Commands and 87.7%-99.6% on TESS, these
results may not reach state-of-the-art performance because our method is constrained to use the
same encoder as the ALM. For TESS, we create a test set by randomly selecting emotions for
each spoken word, with a 0.2 split ratio, and we provide the test indices for reproducibility. To
compute feature attribution in the latent space, we apply IG [Sundararajan et al., 2017], chosen
for its theoretical rigor and suitability for neural networks, though our framework is compatible

with any feature attribution method.

We conducted our timing experiments on a single NVIDIA TITAN Xp GPU, measuring the
explanation generation time for three methods: (1) a random baseline, (2) the approach proposed
by [Akman et al., 2025b] using IG, and (3) our ALM method. For CNN-based classifiers on the
SC-TESS dataset, explanation generation times were approximately 1.5-1.5 ms, 20-24 ms, and
3.6-7.5 s, respectively, exhibiting similar trends across both classifiers. For the transformer model
on the SC dataset, the measured times were 1.4 ms, 29 ms, and 3.7 s, while for the GRU model
on the TESS dataset, they were 1.4 ms, 34 ms, and 7.5 s. These results, summarised in Table
6.1, highlight the computational trade-offs associated with employing large language models for

explanation generation.
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Table 6.1: Explanation Generation Time for Different Methods

Dataset Model Random Baseline (ms) [Akman et al., 2025b] (ms) Our Method (s)
CNN 1.5 20 3.6
SC
Transformer 14 29 3.7
CNN 1.5 24 7.5
TESS
GRU 1.4 34 7.5

6.3.2 Quantitative Evaluation

We conduct fidelity experiments to evaluate how closely the predictions of the underlying model
align with the generated explanations. Similar to [Akman et al., 2025b], our framework begins
by assigning feature importance in the EnCodec latent space using the IG method. We then se-
lect the most relevant features from the latent dimensions based on a specified ratio, a. The key
contribution of our approach lies in the final step, where we aim to provide a more comprehen-
sive explanation by generating complementary features for the remaining latent dimensions. To
achieve this, we use AudioGen to generate these complementary features, thereby enhancing the
interpretability of the initially selected important features related to classification. We measure fi-
delity as the fraction of instances where the predicted class for the generated explanations matches
the classifier’s original prediction in the latent space. We validate our approach by comparing it to
two approaches: (1) a random selection baseline, which randomly selects latent dimensions based
on the « ratio to create explanation embeddings, and (2) the approach from [Akman et al., 2025b],
which selects the most important features using IG and zeros out the remaining dimensions. As
shown in Tables 6.2 and 6.3, our method consistently outperforms both approaches, producing
higher-fidelity explanations across both datasets. However, at low « values, the performance im-
provement of our method is less pronounced, particularly for the simpler convolutional model.
This may be expected, as ALMs tend to generate irrelevant tokens when given more flexibility
under weaker constraints. Note that the fidelity scores indicate alignment with the original model,
not accuracy, explaining cases like the stronger transformer model showing lower alignment with

a random selection strategy.
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Table 6.2: Fidelity results by measuring explanation classification agreement on the Speech Com-
mands dataset, with mean and standard deviation over five runs.

Random

Feature Attribution

Ratio, « Random

Random + ALM

[Akman et al., 2025b] Our Method

0.1 24.6 £ 2.5 119+14 65.8 &£ 0.0 574+ 14

0.2 46.5 £ 1.0 24.8 £0.8 68.2 £ 0.0 69.4 + 0.8

ConvNet 0.4 723 £ 1.6 62.4 £ 2.0 68.8 £ 0.0 84.0 £ 0.6
0.6 834 £ 1.1 83.9 £0.5 69.0 £ 0.0 91.2 £ 0.7

0.8 89.8 &+ 1.6 93.0 £ 1.1 73.8 £ 0.0 96.4 + 0.3

0.9 939 £ 1.2 96.1 £ 0.6 82.2 £ 0.0 98.0 £ 0.1

0.1 6.0£ 1.3 12.8 £ 0.8 95.6 £ 0.0 85.8 £ 1.0

0.2 19.3 + 2.1 273 £ 23 95.7 £ 0.0 91.8 £ 1.7

Transformer 0.4 525 £ 1.1 61.6 £ 2.5 96.3 £ 0.0 96.6 £ 0.7
0.6 729 £ 1.2 825 £ 1.1 97.0 £ 0.0 98.4 £ 0.3

0.8 85.1 £1.2 91.0 £ 0.6 97.4 £ 0.0 99.7 + 0.1

0.9 91.5 £ 0.8 94.5 £ 0.6 98.4 £ 0.0 99.8 £ 0.0

Table 6.3: Fidelity results by measuring explanation classification agreement on the TESS dataset,
with mean and standard deviation over five runs.

Random Feature Attribution
Ratio, «  Random  Random + ALM [Akman et al., 2025b] Our Method
0.1 61.1 £ 7.8 475 £ 1.6 87.3 £ 0.4 93.6 £ 0.5
0.2 84.4 £ 2.1 674 £ 1.7 90.7 £ 0.3 97.0 £ 0.6
ConvNet 0.4 93.6 £ 1.1 914 +£ 1.1 91.0 £ 0.3 98.4 + 0.3
0.6 96.7 £ 1.2 96.0 £ 0.4 91.3 £ 0.3 99.6 £ 0.1
0.8 98.3 £ 0.3 98.5 £ 04 94.4 £ 0.3 100.0 £ 0.0
0.9 98.8 = 0.4 99.3 £0.3 974 £ 0.1 100.0 £ 0.0
0.1 211 £1.6 35.0 £ 1.7 86.5 + 0.2 85.1 £ 1.7
0.2 32.7£29 51.6 £ 2.1 89.0 £ 0.2 96.1 £ 0.5
GRU 0.4 66.4 + 3.9 88.9 £ 0.9 91.3 £ 04 98.9 + 0.4
0.6 97.1 £ 0.8 98.4 £ 0.2 91.8 £ 0.2 99.9 +£ 0.1
0.8 99.3 £0.1 99.56 £ 04 94.7 £ 0.3 100.0 £ 0.0
0.9 99.6 £ 0.2 99.6 £ 0.2 97.5 £ 0.2 100.0 £ 0.0
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Additionally, we evaluate the audio quality of explanations generated by our framework using
quantitative metrics from an automatic speech recognition model. Since the keyword spotting task
is closely related to speech recognition, we focus our analysis on the speech emotion recognition
model trained on the TESS dataset to avoid redundant experiments. Our hypothesis is that
incorporating language context into emotion-related features improves interpretability compared
to generating explanation audios solely from abstract emotional concepts. Thus, we measure the
speech recognition performance of the explanations generated by our method and the two baseline
methods (1) and (2), using word error rate (WER). The results in Table 6.4 show that our method
produces more understandable explanations, with lower WER scores, demonstrating improved

clarity and interpretability for end-users.

Table 6.4: Automatic speech recognition results by measuring WER on the TESS dataset, with
mean and standard deviation over five runs.

Random Feature Attribution

Ratio, «  Random  Random + ALM [Akman et al., 2025b] Our Method

0.1 70.0 £ 0.8 41.0 + 3.1 772 £1.0 429 £ 1.3
0.2 89.8 £ 1.3 60.7 £+ 3.3 95.3 £ 0.8 64.0 £ 1.0
ConvNet 0.4 98.8 £0.3 97.1 £ 1.2 99.1 £ 04 99.1 £0.9
0.6 100.0 £+ 0.0 116.9 £ 0.8 100.0 £ 0.0 116.7 £ 0.9
0.1 70.0 £ 1.6 42.0 £ 2.3 68.1 £ 0.5 40.9 £ 0.5
0.2 89.8 £ 2.9 61.2 £ 2.6 93.2 £ 0.6 62.7 £ 1.0
GRU 0.4 98.8 + 3.9 96.9 + 0.4 99.5 £ 0.3 99.7 £ 1.0
0.6 100.0 £ 0.0 116.3 £ 0.8 100.0 £ 0.0 1177 £ 1.2

6.3.3 Qualitative Evaluation

We evaluate the quality of the explanations generated by our method for the speech emotion
recognition task using the TESS dataset. In this experiment, we set &« = 0.4 to generate audio
explanations. To evaluate the quality of the generated explanations, we compare them against
both the original audio and the explanations generated using the method from [Akman et al.,
2025b]. In addition, we generate audio explanations with our method using input text conditions
to examine their effect on the emotion recognition task. Initially, we tested using the full script
of the original audio sentence, e.g., “Say the word time” but observed no considerable changes in

the output. Given the known limitations of the AudioGen model in generating realistic vocals, as
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noted by its authors, we instead used a simpler text condition “Human speech” for the generation
process. As shown in Figure 6.3, while our method produces clearer audio explanations compared
to the noisier outputs from [Akman et al., 2025b], adding text conditioning helps improve the

quality in certain cases.

Original (a) (b) (c)

Sad
“Time”

P O

Happy
“Live”

Angry
“Door”

Figure 6.3: Sample audio waveform visualisations from the qualitative audio experiments. Each
row represents different spoken words and corresponding emotions, while the columns compare
various methods against the original audio input: (a) Method from [Akman et al., 2025b], (b) Our
method, and (¢) Our method conditioned with the audio script.
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7.1 Contributions Summary

Recent advancements in Al have transformed many fields, with audio processing models playing a
key role in applications like speech recognition, music recommendations, and medical diagnostics.
Unlike visual or textual data, audio has unique challenges, such as its continuous nature, temporal
dependencies, and varied representations like waveforms and spectrograms. These complexities
require specialised models to effectively analyse and interpret audio patterns, driving innovation

across diverse applications.

Explainable AI methods are essential for enhancing the decision-making processes of Al sys-
tems, offering insights into how models reach their predictions. Utilising XAl is crucial not only for
understanding a model’s behaviour but also for debugging and improving its performance. In au-
dio processing, explainability carries unique challenges and opportunities. Interpreting frequency-

based features, such as those in spectrograms, often requires domain expertise, while time points
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in raw waveforms may not directly correspond to meaningful events. Therefore, audio explana-
tions should enhance understandability by leveraging auditory perception and presenting insights
through significant and meaningful segments of the input audio. Additionally, these methods
can include sonification, where non-audio data from other modalities is transformed into sound,

enriching the interpretability experience.

In this thesis, we aimed to produce listenable and meaningful explanations for deep audio
processing models by approaching the challenge from multiple perspectives. First, we explored
data decomposition methods to create interpretable audio components, enabling the measure-
ment of their importance to the model’s predictions. Next, we utilised built-in attention values
in transformer models combined with NMF to identify and extract significant audio components.
Additionally, we leveraged state-of-the-art audio foundation model embedding spaces to obtain
high-level, meaningful features that enhance the interpretability of audio data. Finally, we incor-
porated audio-language models within these embedding spaces to further improve the quality and
coherence of the generated audio explanations, offering a more complete understanding of model

behaviour.

In Chapter 3, we explored the adaptability and interpretability of deep learning models for
COVID-19 detection from audio data. Cross-running CIdeR on the two 2021 Interspeech COVID-
19 diagnosis challenges highlighted the model’s ability to operate across multiple modalities with
minimal adjustments, achieving competitive results and underscoring the potential of end-to-end
deep learning for audio processing. However, cross-dataset experiments also exposed the technical
limitations of the datasets for joint usage, which hinder the creation of a unified COVID-19 classi-
fier. To address interpretability, we introduced CoughLIME, a model-agnostic method for generat-
ing sonified and visual explanations for predictions. By decomposing input audio into interpretable
components and fitting a surrogate model, CoughLIME faithfully identifies the most critical com-
ponents influencing CIdeR’s predictions. Quantitative evaluation using the novel AAUC measure
and pixel flipping for audio further verified its effectiveness, offering a valuable tool for enhancing

the transparency of COVID-19 detection models.

In Chapter 4, we presented AttHear, which explains audio-processing transformer models.
Unlike existing methods, AttHear integrates the attention module from transformers and NMF
without finetuning the original prediction model or training a surrogate model. We introduced a
novel formulation for NMF reconstruction, incorporating attention weights into NMF' time acti-
vations. AttHear produces audio explanations in a user-friendly and audible format, enhancing

end-user interpretability. The experiments demonstrate that AttHear delivers faithful explana-
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tions with impressive fidelity scores, effectively capturing meaningful high-level audio components

pertinent to the specific tasks.

In Chapter 5, we presented a novel audio explanation method which targets audio-processing
foundation models. Unlike existing feature attribution methods which assign importance in the
input space, our method integrates the latent space of a foundation model to generate mean-
ingful explanations. In addition, we showed that our method leverages the generative capacity
of foundation models to provide listenable audio explanations to the end-user. The experiments
demonstrate that our method delivers high-fidelity explanations, effectively capturing meaningful

audio components pertinent to the specific task.

In Chapter 6, we introduced a novel XAI method that enhances the quality of audio expla-
nations using ALMs. Our approach not only generates complete explanations but also redefines
existing feature attribution methods by modifying their feature selection strategy, incorporating
generated features via embedding space supervision from ALMs. The experimental results demon-
strated that our method produces high-fidelity explanations, accurately identifying important au-
dio components and meaningfully completing them for audio classification tasks. Furthermore,
we showed that our method leverages the generative capabilities of ALMs to create listenable and

more interpretable audio explanations for end-users.

To revisit the primary research questions explored in this thesis, we first examined RQ-1, which
asked about the best practices for explaining audio-processing models and how their explainability
differs from AI models in other major domains such as computer vision and natural language pro-
cessing. Through detailed analysis of both audio-processing models and the intrinsic properties of
audio data, we identified several unique characteristics that distinguish audio from other modal-
ities. These differences often limit the applicability of general XAI methods without adaptation,

highlighting the need for tailored approaches in the audio domain.

Building on this, RQ-2 explored the role of listenable explanations in improving interpretability
for end-users, as visual representations such as frequency interval visualisations, while informative
for experts, are often unintuitive for users from diverse backgrounds. We demonstrated that listen-
able explanations leverage the inherent strengths of audio as a communication medium, providing

a more intuitive and expressive way to convey model reasoning.

RQ-3 and RQ-4 addressed the identification and extraction of the “smallest meaningful units”
in audio signals. Across multiple chapters, we investigated a range of decomposition techniques,

from simple time—frequency masking to advanced matrix factorisation methods, to break down
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audio into meaningful components. In doing so, we considered both spectrogram-based and raw
waveform representations, assessing how these influence decomposition outcomes and the extraction

of explainable features.

RQ-5 and RQ-6 focused on the potential of advanced linear algebra methods, such as NMF, and
the use of transformer-based architectures for feature attribution. Although NMF can yield useful
components for audio source separation, their interpretability is not always guaranteed. However,
by combining NMF’s temporal components with transformer attention weights, we achieved high

fidelity explanations, as validated by experimental results.

In addressing RQ-7, we evaluated whether the rich representation spaces learned by audio
foundation models could serve as an alternative to manual decomposition methods. Our findings
suggest that high-level embeddings from such models not only facilitate the extraction of meaning-
ful features but can also be transformed into listenable explanations containing semantically rich
audio concepts. Finally, in RQ-8, we investigated the use of audio language models to enhance
explanations. Departing from conventional feature removal approaches, we utilised these models
to replace removed features with contextually appropriate alternatives. This yielded more compre-

hensive and understandable explanations, improving both fidelity and end-user interpretability.

The findings across these research questions demonstrate that advancing explainability in audio-
processing models requires a multifaceted approach that integrates tailored decomposition tech-
niques, leverages the architectural strengths of modern AT models, and embraces the unique com-

municative potential of audio-based explanations.

7.2 FEthics

Ethical considerations in Al are essential to ensuring fairness, accountability, and public trust
in its deployment. Key concerns include the responsible use of sensitive data, robust privacy
protection, transparency in model decision-making, and bias mitigation to prevent discriminatory
outcomes. Al systems must also be designed to avoid generating harmful, misleading, or unethical
outputs, particularly in high-stakes domains such as healthcare, finance, and law enforcement.
Furthermore, the potential misuse of AI, such as deepfakes spreading misinformation or biased
algorithms reinforcing societal inequalities, poses significant risks. To address these challenges, Al
research must adhere to rigorous ethical guidelines, prioritising fairness, safety, and compliance

with legal and societal norms to ensure responsible and beneficial Al development.
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In this thesis, we focus on the explainability of AI methods, positioning our work within the
broader effort to make Al systems more transparent and accountable. XAI research aims to
enhance various desirable properties, including transparency, trustworthiness, fairness, and under-
standability, as discussed in the background section. Our proposed XAI methods specifically target
the explainability of audio processing neural networks by providing intuitive and listenable audio-
based explanations. By making these models more interpretable, our approach not only improves
user trust and comprehension but also helps identify potential model failures. These explanations
can serve as valuable diagnostic tools, enabling researchers and practitioners to refine and improve

models based on insights gained from the explanations themselves.

Ensuring fairness is a fundamental ethical consideration in XAI, particularly in applications
like speech recognition, speaker identification, and medical audio analysis, where biased models can
lead to unfair or discriminatory outcomes. Bias may arise from imbalanced training data or from
the way explanations highlight model decision-making. To address this, our research prioritises the
use of diverse and representative datasets to minimise inherent biases in both model predictions and
explanations. Additionally, there is potential for the use of quantitative fairness metrics in future
research to systematically assess and mitigate bias, ensuring that explanations do not reinforce or

obscure unfair patterns in the data.

When used as assistive tools, XAI methods aim to support humans in making final decisions.
However, their role in decision-making processes can become significant and, in some cases, ir-
reversible, particularly in critical domains such as medical diagnosis and legal applications. In
areas like medical audio analysis, human oversight remains essential to ensure that Al-generated
explanations are correctly interpreted and appropriately acted upon. Therefore, it is crucial to pro-
vide clear and accurate explanations to guide human decision-making effectively in these critical
decision-making tasks. Additionally, the way explanations are presented, including their modality,
is an important factor in ensuring they convey the most relevant information. In this thesis, we con-
sider audio-based explanations as a means of enhancing interpretability and aiding decision-makers

in these critical applications.

While explainability methods aim to enhance trust in Al systems, they can also be exploited
for adversarial purposes, such as model inversion attacks or identifying sensitive speaker character-
istics. This research acknowledges these risks and promotes the responsible use of XAl techniques.

Future work should explore safeguards against such vulnerabilities while maintaining interpretabil-

ity.
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In this research, we focus on audio datasets, where sensitive features such as gender, age, and
racial information are often embedded in human audio signals. These features can unintention-
ally influence AI model predictions, potentially leading to biased outcomes. By employing XAI
methods, we aim to illuminate on how these sensitive features are being utilised by the model,
offering a deeper understanding of the model’s decision-making process. For example, explainabil-
ity techniques can reveal whether certain features, like voice pitch or tone, are disproportionately
contributing to the model’s predictions, which may correlate with gender or age. This insight can
help identify and address biases within the model, ensuring that decisions are made based on rele-
vant and fair criteria, rather than inadvertently reinforcing societal stereotypes or discriminatory

practices.

For instance, in our exploration of COVID-19 prediction based on audio, we utilise healthcare
data that includes audio recordings from participants. Given the sensitive nature of healthcare
information, all datasets are anonymised to protect patient privacy and ensure confidentiality. The
data collection process involves obtaining informed consent from participants, who are asked to
record four audio clips after agreeing to a privacy statement that outlines the ethical considerations
and data usage protocols. This process ensures that individuals are aware of how their data will be
used and reassures them that their personal information is safeguarded. By anonymising the audio
data and securing participants’ consent, we adhere to ethical standards that prioritise privacy while
still leveraging the valuable insights that can be derived from audio-based models in healthcare

applications.

In addition to the healthcare audio datasets, this thesis also makes use of several open-source au-
dio datasets that are publicly available for research purposes. These datasets, which are commonly
used in the AT community, contribute to the transparency and reproducibility of the research. All
datasets incorporated in this work were obtained in compliance with legal and ethical standards.
By using publicly accessible datasets or obtaining appropriate permissions, this work ensures that
it adheres to established best practices for data governance while also promoting the open and

transparent sharing of research resources within the AI community.

To promote transparency and reproducibility, we open-source the code for the experiments
presented in this thesis. Making our code publicly available ensures that other researchers can
validate our findings, conduct fair comparisons, and build upon our work. This openness not
only strengthens the integrity of our research but also encourages collaboration within the Al
community. By sharing our methods, we contribute to a more inclusive research environment

where individuals from diverse backgrounds, regardless of institutional affiliation or geographic
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location, can access, learn from, and contribute to the advancement of explainable Al.

Environmental sustainability is an increasingly important concern in Al, as the growing com-
plexity of models leads to higher energy consumption. Large language models, in particular, have
driven major companies to develop and continuously improve their computational hardware. While
significant computing power is necessary for training and deploying these Al models, both the re-
search and industry communities must prioritise energy efficiency in Al development. Excessive
energy consumption contributes to environmental challenges such as climate change, and these
resources could be allocated more effectively to areas of greater need. Given the finite nature
of global energy resources, Al data and computation centres should operate within sustainable
limits, and researchers should focus on optimising algorithms to reduce hardware demands. To
support future considerations of sustainability, we report the type of GPU hardware used and the

computation time required for our explanation method involving large language models.

The deployment of AI methods across various fields has a direct and significant impact on
human life, making ethical considerations crucial. In high-stakes domains such as healthcare and
autonomous driving, false negative cases can lead to severe consequences, potentially endangering
lives. A key ethical concern is determining responsibility for incorrect or harmful decisions made
by or influenced by AI. We argue that XAI should play a central role in addressing these chal-
lenges. Firstly, XAI methods can help clarify the technical sources of Al failures by identifying
specific training data points or input features that led to inaccurate or unjustifiable outcomes.
Secondly, XAI can assist in establishing appropriate trust in Al systems, ensuring that human
decision-makers remain actively involved in critical judgments. By maintaining human oversight

and accountability, XAl supports the ethical use of Al, safeguarding human values and well-being.

In addition to ethical considerations in this research, there are significant ongoing efforts to
regulate AI due to its potential risks. Institutions like the UK, the European Union, and the
US are working on frameworks to ensure Al is developed responsibly. For instance, the UK’s Al
Safety Institute (AISI) focuses on Al safety and accountability, while the European Commission has
introduced the AI Act to regulate high-risk AI systems. The US is also developing Al standards
through the National Institute of Standards and Technology (NIST). These initiatives aim to
address key issues like bias, privacy, and transparency, helping to build public trust and safety. It is
important for researchers to stay informed and contribute to these efforts, ensuring Al technologies

benefit society while minimising harm.
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7.3 Future Work

Our work enlightens the way to promising research in interpreting state-of-the-art audio models
as well as encompassing their application for model debugging and justification. In this section,
we highlight some major points for potential future work, exploring key areas where advancements
could be made, while also acknowledging that numerous other opportunities for innovation remain

underexplored.

In Chapter 3, we examined the interpretability of audio processing models within the medical
domain, focusing on an application for predicting COVID-19 from audio data. Given the criti-
cal role these models play in healthcare scenarios, building trust among patients and supporting
doctors in their diagnostic processes are essential objectives. Achieving this requires clear and ac-
tionable explanations of model behaviour that align with medical reasoning. To enhance trust and
efficacy, it is crucial to gather feedback from medical experts, particularly regarding the specific
audio features they consider important when making clinical decisions. Furthermore, to assess the
practical utility of the generated explanations, conducting extensive qualitative usability evalua-
tions is necessary. These evaluations should involve both medical professionals, who can provide
insights into the clinical relevance of the explanations, and non-expert users, who can offer perspec-
tives on the accessibility and interpretability of the information presented. This comprehensive
approach ensures that the explanations meet technical standards while also effectively serving their

intended purpose in real-world medical applications.

Human experimentation poses significant challenges in the evaluation of model interpretability,
as it requires considerable time, effort, and resources to gather meaningful feedback from users.
To address these limitations, automatic evaluation methods can serve as a valuable alternative
by leveraging other models to assess interpretability across related tasks. For instance, in the
context of speech emotion recognition, the quality and utility of explanations can be indirectly
evaluated by examining their impact on the performance of ASR or speaker identification systems.
By analysing how explanations derived from one task influence the outcomes of these auxiliary
tasks, we can gain insights into their broader applicability and effectiveness. This automated
approach not only provides a scalable solution for evaluation but also helps identify connections
between interpretability and performance across various domains, thereby promoting a deeper

understanding of how explanations can generalise to support multiple objectives.
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In our work, we explored data decomposition techniques from the literature, such as NMF,
which leverage the inherent mathematical properties of audio data to uncover meaningful struc-
tures. An exciting avenue for future research involves extending this approach to use audio explana-
tions for building more reliable audio-processing models that align closely with human expertise.
Achieving this requires defining high-level audio concepts that correspond to NMF-decomposed
segments, providing task-specific explanations that are both interpretable and actionable. From
a complementary perspective, incorporating supervision into the NMF decomposition process,
where the components are guided to represent meaningful, predefined audio concepts, could fur-
ther enhance the effectiveness of the explanations. By bridging data-driven decomposition with
human-centric conceptualisation, this approach has the potential to create audio models that not
only perform robustly but also offer insights that are accessible and valuable to human users across

various applications.

Model-dependent XAI methods have inherent limitations, particularly when explanations rely
on specific underlying architectures or foundation models. For example, in our work, we fine-tune
specific audio foundation models to develop classifiers tailored to the tasks under investigation.
While this approach is advantageous for aligning embedding spaces to uncover meaningful features
relevant to the audio task, it restricts the generalisability of the explanations, as they remain tied
to the specific foundation model. This dependency challenges the adoption of a model-agnostic
framework that can operate across diverse architectures and classifiers. A promising direction for
future research would involve modifying our method to provide explanations for any classifier,
regardless of whether it is built on a specific foundation model. This shift would broaden the
applicability of our approach, enabling insights into a wider range of audio models and enhancing

its versatility across varied audio-processing tasks.

Our work opens exciting avenues for exploring the use of language models to interpret state-of-
the-art audio models. By integrating audio-focused language models, we can enhance the quality of
audio explanations, particularly by capturing and completing critical high-level features that define
the audio task. This approach also enables the creation of counterfactual audio examples, offering a
novel way to explore global explanations by showing how modifications to the audio input influence
model decisions. Furthermore, our vision extends beyond merely identifying parts of the input
audio as explanations. We proposed generating explanations as coherent, interpretable concepts,
supported by creating entirely new audio examples that embody these concepts from scratch. This
approach could provide more intuitive and accessible explanations, aligning technical outputs with

human understanding and enabling deeper insights into model behaviour for future research.
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Future research in model compression should consider the role of XAl in enhancing the effi-
ciency and interpretability of compressed audio models. With the rapid advancements in deep
learning architectures, particularly transformers, large-scale Al models trained on vast datasets
have demonstrated state-of-the-art performance across diverse tasks with minimal fine-tuning.
However, the deployment of such models remains challenging due to hardware constraints on edge
devices, latency requirements in real-time applications, and the significant energy consumption
associated with their operation, raising environmental concerns. Consequently, model compres-
sion techniques, such as the teacher-student transfer learning paradigm, have gained increasing
attention, as they enable the development of smaller, more efficient models that, in some cases,
even outperform their larger counterparts. While traditional model compression primarily focuses
on aligning the performance of the student model with that of the teacher using accuracy-based
metrics, an emerging research direction involves leveraging XAl to ensure that compressed models
provide explanations similar to those of their larger counterparts. By aligning explainability across
teacher and student models, future work can improve the trustworthiness and transparency of
compressed models, which is particularly relevant for critical applications where model decisions

require human interpretability.

Drawing from the definition of explainability, it is evident that the concept entails ensuring that
the decisions of AI models are understandable to their intended audiences. The potential audience
for XAI methods is highly diverse, ranging from children engaging with audio-based applications
to medical experts working in healthcare. Consequently, XAl approaches should be tailored to
the specific needs, cognitive abilities, and levels of expertise of the end-users they are designed to
support. Developing specialised methods that align with the characteristics of different user groups
represents a promising research direction, as it would enable more effective communication of Al
decision-making processes and promote meaningful adoption. Future research could, therefore,
focus on systematically identifying the requirements of distinct audiences and determining the

forms of explanation that best facilitate their ability to utilise Al effectively.

The level of detail in explanations is another critical consideration in the development of XAI
methods. Explanations frequently serve as complementary tools that enable users to take more
informed actions in addition to interpreting the model’s output. Both the degree of detail and the
mode of presentation are central to their influence on the end-user’s decision-making. Although an
effective XAI method should provide accurate and transparent information regarding the model’s
reasoning, excessive detail may paradoxically reduce performance, for example by prompting ex-

perts to overtrust or unquestioningly accept all aspects of the model’s output. Consequently,
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maintaining human oversight and determining the most effective ways of integrating explanations

into decision-making processes constitute an important avenue for future research.

A promising direction for future research is the sonification of model explanations across dif-
ferent modalities, extending beyond the audio processing models examined in this thesis. While
visual and textual explanations are widely used to interpret deep learning models, audio-based
explanations could serve as a complementary or even more effective alternative in certain contexts.
For instance, in driver-assist systems, sonified alerts about potential obstacles could provide criti-
cal information without diverting the driver’s visual attention from the road. More generally, the
unique expressive capacity of audio signals offers an alternative means of conveying complex model
insights, potentially improving interpretability and accessibility for diverse user groups. Future
research could focus on designing effective sonified explanations for computer vision and natural

language models, ensuring that they enhance understanding while minimising cognitive load.
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Appendix

8.1 Codes

The code implementations for most of the methods proposed in this thesis are open-source and
available on their respective GitHub project pages. In this section, I provide descriptions of the
codebases for each part, originally prepared by me and, where applicable, my co-authors. These
project pages not only include implementation code to ensure reproducibility but also feature

listenable sample audio explanations generated using these methods.

8.1.1 CoughLIME (Used in Chapter 3)

Project webpage: https://github.com/glam-imperial/CoughLIME Extends LIME: https://github.com/mar-

coter/lime

CoughLIME generates explanations in listenable in visual form for the predictions of any
COVID-19 classifier from audio data and is specifically tailored to cough data. CoughLIME decom-
poses the input into different interpretable components and generates explanations by determining

the weights of each component towards the classifier’s prediction.

To generate the components, five decompositions are provided:

e Run main.py to generate sample explanations.

o “temporal”: Splits the audio array into equal segments along the temporal axis.
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e “Spectral”: Splits the audio array into equal segments along the spectral axis.

¢ “loudness”: Splits the audio along the temporal axis based on minima in the power array.
o “ls”: Combines loudness and spectral decompositions.

o “nmf”: Uses non-negative matrix factorisation to split the audio array.

Explanations can be generated for the predictions of the DICOVA baseline [Muguli et al., 2021]

and CldeR [Coppock et al., 2021a] models. The explanations can be evaluated using pixel flipping

for audio and the Delta-AUC metric.

8.1.2 AttHear (Used in Chapter 4)

Project webpage: https://github.com/glam-imperial/AttHear

Contents:

e audio__explanation__generation: Inference script for generating audio explanations using

AudioXgen.

o fidelity_ performance: Script to measure the fidelity score of explanations on the Speech

Commands and TESS datasets.

e« models: Folder containing classification models that predict on encoded datasets using

EnCodec.

« sample__explanations: Sample audio explanations generated by AudioXgen.

8.1.3 AudioXgen (Used in Chapter 5)

Project webpage: https://github.com/glam-imperial/AudioXgen

Contents:

o audio__explanation__generation: Inference script for generating audio explanations using

AudioXgen.

o fidelity_ performance: Script to measure the fidelity score of explanations on the Speech

Commands and TESS datasets.
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e« models: Folder containing classification models that predict on encoded datasets using

EnCodec.
o sample__explanations: Sample audio explanations generated by AudioXgen.
EnCodec Installation: Encodec has now been added to Transformers. For more information,
please refer to Transformers’ EnCodec documentation.

You can find both the 24KHz and 48KHz checkpoints on the Hugging Face hub.

8.1.4 AudioXLM (Used in Chapter 6)

Repository for Improving Audio Explanations using Audio Language Models
Contents
o audio__explanation__generation: Inference script for generating audio explanations using
AudioXLM.

o fidelity_ performance: Script to measure the fidelity score of explanations on the Speech

Commands and TESS datasets.

¢ ASR_ WER_ performance_ TESS: Script for evaluating automatic speech recognition

performance of AudioXLM explanations in the speech emotion recognition task.

e encode__dataset_ AudioGen__SC: Script for encoding datasets into the embedding space

of AudioGen for classifier models and AudioXLM, ensuring representation consistency.

¢ AudioGen_ update: Scripts for modifying the original AudioGen library. After installing

AudioGen, copy these scripts into the appropriate path in the AudioGen library.
e models: Folder containing classification models that predict on encoded datasets.

o sample__explanations: Sample audio explanations generated by AudioXLM.

AudioGen Installation Installation:

Follow the AudioGen installation instructions from the AudioCraft repository. AudioCraft

requires Python 3.9, PyTorch 2.1.0. To install AudioCraft, you can run the following:
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# Best to make sure you have torch installed first, in particular before
installing xformers.
# Don't run this if you already have PyTorch installed.

python -m pip install 'torch==2.1.0'

# You might need the following before trying to install the packages

python -m pip install setuptools wheel

# Then proceed to one of the

# stable release

python -m pip install -U audiocraft

# bleeding edge

python -m pip install -U
git+https://git@github.com/facebookresearch/audiocraft#egg=audiocraft
# or if you cloned the repo locally (mandatory if you want to train).
python -m pip install -e .

# if you want to train a watermarking model

python -m pip install -e '.[wm]' # if you want to train a watermarking model

It is also recommended having ffmpeg installed, either through your system or Anaconda:

sudo apt-get install ffmpeg

# Or if you are using Anaconda or Miniconda

conda install "ffmpeg<b" -c conda-forge

8.2 Datasets

In this section, I provide details about the datasets used in this thesis to validate the proposed
methodologies. The information is presented in a structure similar to that of the original pa-
pers, with appropriate citations, to accurately reflect the technical properties of the datasets.
These details include anonymity, copyright, data distribution, demographic information, collection

methodology, and data preprocessing.
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8.2.1 DiCOVA Challenge Dataset

The DiCOVA Challenge datasets [Muguli et al., 2021] were developed to analyse respiratory sound
recordings for COVID-19 detection. These datasets were derived from the Coswara [Sharma et al.,
2020] dataset, a global crowd-sourced collection of audio samples gathered through an online
platform. Launched in April 2020, this platform enabled volunteers to submit recordings of their

respiratory sounds along with self-reported health and demographic details.

Fach participant contributed a total of nine recordings, covering different types of respiratory
and vocal sounds. These included coughs (both shallow and heavy), breathing sounds (both shallow
and deep), sustained vowel phonations (seas in bat, [i] as in beet, and [u] as in boot), and number
counting (both at a normal and fast pace). Alongside the audio samples, participants provided

information on their COVID-19 status, symptoms, and any pre-existing respiratory conditions.

For the challenge, two distinct datasets were created: Track-1 and Track-2. This thesis focuses
on Track-1, which consists exclusively of cough sound recordings. Participants were categorised
into two groups based on their self-reported health status. The COVID group included individuals
who confirmed a positive COVID-19 diagnosis, regardless of whether they exhibited symptoms.
The non-COVID group comprised individuals who either had no symptoms or reported symptoms
associated with other respiratory conditions, such as asthma, pneumonia, or chronic lung disease,
but were confirmed as COVID-19 negative. The Track-1 dataset consists of 1,040 recordings,
including 965 from non-COVID subjects. A demographic breakdown of subjects by symptoms, age

group, and gender is presented in Figure 8.1.
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Figure 8.1: Distribution of subjects in the DICOVA Challenge dataset based on symptoms, age,
and gender. Adapted from [Muguli et al., 2021].

Since the Coswara dataset was collected via crowd-sourcing, the audio recordings exhibit vary-
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ing quality levels, reflecting real-world data variability. While most recordings are relatively clean,
informal listening confirms occasional background noise. Over 90% of the files were originally
recorded at a sampling rate of 48 kHz and stored in WAV format. To standardise the challenge
dataset, all recordings were resampled to 44.1 kHz and converted to FLAC format. The Track-1
dataset consists of 1,040 cough recordings, each from a unique subject, with an average duration of
472 seconds (7 seconds standard error). This dataset serves as a valuable resource for analysing

respiratory sounds in the context of COVID-19 detection.

8.2.2 Speech Commands

The Speech Commands dataset [Warden, 2018] is a standardised resource for training and evaluat-
ing keyword spotting models, enabling lightweight speech recognition with minimal false positives.
Designed for detecting a small set of predefined words, it is particularly useful for voice-activated
systems. Released under the Creative Commons BY 4.0 license [5], it is freely accessible for research

and commercial use without registration or special permissions.

The dataset was designed with a limited yet diverse vocabulary to ensure a lightweight collection
process while maintaining real-world applicability. Initially, twenty common words were selected,
including digits (e.g., zero to nine) and command words relevant to IoT and robotics (e.g., “Yes,”
“No,” “Up,” “Down”). In the second version, additional command words like “Backward,” and
“Learn” were added. To improve keyword recognition, the dataset also includes non-command
words as distractors, such as “Tree,” chosen for phonetic similarity to command words, and others
like “Dog,” “Happy,” and “House” to ensure phonetic diversity. Overall, the dataset contains

105,829 utterances covering 35 distinct words, categorised and distributed as shown in Table 8.1.

To meet the project’s requirements, an open-source, web-based application was developed to
record speech utterances. Users are prompted to grant microphone access, with the process of
granting permissions being more acceptable than the alternative of installing native mobile apps,
which users often resist due to privacy concerns. The application involves users consenting to
participate in the study, after which they can record random words displayed for a short duration.
Audio clips are stored locally on the user’s device before being uploaded to a server where they
are saved in cloud storage. To ensure diverse speaker representation, a cookie prevents users from
repeating the process after they’'ve completed a recording session. The collected audio underwent
quality control, with clips under 5 KB discarded as they were too short or silent. An “Extract Loud-

est Section” tool identified and removed quiet recordings, aligning the spoken word at the loudest



8.2. DATASETS 127

Word Number of Utterances
Backward 1,664
Bed 2,014
Bird 2,064
Cat 2,031
Dog 2,128
Down 3,917
FEight 3,787
Five 4,052
Follow 1,579
Forward 1,557
Four 3,728
Go 3,880
Happy 2,054
House 2,113
Learn 1,575
Left 3,801
Marvin 2,100
Nine 3,934
No 3,941
Off 3,745
On 3,845
One 3,890
Right 3,778
Seven 3,998
Sheila 2,022
Six 3,860
Stop 3,872
Three 3,727
Tree 1,759
Two 3,880
Up 3,723
Visual 1,592
Wow 2,123
Yes 4,044
Zero 4,052

Table 8.1: Word list and corresponding number of utterances.

part of the clip. Any remaining unclear or incorrect utterances were filtered through crowdsourc-
ing, where workers transcribed the clips, and any mismatches were excluded. To anonymise the
data, speaker IDs were hashed, removing any personally identifiable information. Additionally,
background noise recordings were included, some captured from real environments and others

synthetically generated, to aid in distinguishing speech from noise for keyword spotting.

8.2.3 Environmental Sound Classification (ESC-50)

The ESC-50 dataset [Piczak, 2015] is a collection of 2,000 labelled environmental sound recordings,

equally balanced across 50 classes with 40 clips per class, organised into five major categories as
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shown in Table 8.2: animal sounds, natural soundscapes and water sounds, human (non-speech)
sounds, interior /domestic sounds, and exterior /urban noises. The recordings, sourced from publicly
available contributions on the Freesound project [Font et al., 2013], were carefully selected to
maintain balance across sound event types while considering the limitations of available source
recordings. Sound samples were extracted by annotating relevant fragments from field recordings,
and these samples were then converted to a standardised format of 44.1 kHz, single-channel, Ogg
Vorbis compression at 192 kbit/s. The dataset is organised into five cross-validation folds, with
each fold containing clips from a single original source file, and it is available under a Creative
Commons non-commercial licence, along with an IPython notebook for further analysis and study

replication.

While the dataset aims to provide varied exposure to both common and distinct environmental
sounds, such as laughter, dog barking, and glass breaking, it has some limitations, including a
relatively small number of clips per class due to the high cost of manual annotation and extrac-
tion. Despite these constraints, the dataset offers a valuable resource for environmental sound
classification research and could be expanded upon in the future if there is sufficient interest from

the academic community.

Table 8.2: Categorisation of sound classes in the ESC-50 dataset, organised into five major groups:
animal sounds, natural soundscapes and water sounds, human (non-speech) sounds, interior/do-
mestic sounds, and exterior/urban noises. Each category contains ten representative environmental
sounds used for classification tasks.

Natural soundscapes, Human (non-speech) Interior/domestic Exterior/urban

Animal sounds

water sounds sounds sounds noises
Dog Rain Crying baby Door knock Helicopter
Rooster Sea waves Sneezing Mouse click Chainsaw
Pig Crackling fire Clapping Keyboard typing Siren
Cow Crickets Breathing Door, wood creaks Car horn
Frog Chirping birds Coughing Can opening Engine
Cat Water drops Footsteps Washing machine Train
Hen Wind Laughing Vacuum cleaner Church bells
Insects (flying) Pouring water Brushing teeth Clock alarm Airplane
Sheep Toilet flush Snoring Clock tick Fireworks
Crow Thunderstorm Drinking, sipping Glass breaking Hand saw

8.2.4 Toronto Emotional Speech Set (TESS)

The Toronto Emotional Speech Set (TESS) dataset [Pichora-Fuller and Dupuis, 2020] consists
of 2800 stimuli, modeled on the Northwestern University Auditory Test No. 6. It includes 200
target words spoken in the carrier phrase “Say the word *” by two actresses, aged 26 and 64
years, portraying seven emotions: anger, disgust, fear, happiness, pleasant surprise, sadness, and

neutral. The two actresses, both native English speakers from the Toronto area, are university-
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educated and have musical training. Audiometric testing confirmed that their hearing thresholds
are within the normal range. This dataset is available under a Creative Commons Attribution-
NonCommercial-NoDerivatives 4.0 International license, published by the University of Toronto,

Psychology Department, in 2010.

The TESS dataset includes the following words: back, bar, base, bath, bean, beg, bite, boat,
bone, book, bought, burn, cab, calm, came, cause, chain, chair, chalk, chat, check, cheek, chief,
choice, cool, dab, date, dead, death, deep, dime, dip, ditch, dodge, dog, doll, door, fail, fall, far,
fat, fit, five, food, gap, gas, gaze, germ, get, gin, goal, good, goose, gun, half, hall, hash, hate, have,
haze, hire, hit, hole, home, hurl, hush, jail, jar, join, judge, jug, juice, keen, keep, keg, kick, kill,
king, kite, knock, late, laud, lean, learn, lease, lid, life, limb, live, loaf, long, lore, lose, lot, love,
luck, make, match, merge, mess, met, mill, mob, mode, mood, moon, mop, mouse, nag, name,
near, neat, nice, note, numb, pad, page, pain, pass, pearl, peg, perch, phone, pick, pike, pole, pool,
puff, rag, raid, rain, raise, rat, reach, read, red, ring, ripe, road, room, rose, rot, rough, rush, said,
sail, search, seize, sell, shack, shall, shawl, sheep, shirt, should, shout, size, soap, soup, sour, south,
sub, such, sure, take, talk, tape, team, tell, thin, third, thought, thumb, time, tip, tire, ton, tool,
tough, turn, vine, voice, void, vote, wag, walk, wash, week, wheat, when, which, whip, white, wife,

wire, witch, yearn, yes, young, youth.
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