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Abstract

Deep neural networks have achieved strong performance across a wide range of auditory tasks, from
speech recognition to music classification. Despite this success, their internal decision-making pro-
cesses remain poorly understood, limiting both scientific insight and practical trust. In real-world set-
tings, models that rely on opaque or spurious cues can behave unpredictably, making interpretability a
central challenge in modern deep learning. This thesis addresses this gap by asking a central question:
do auditory deep neural networks organize sound in a hierarchical manner similar to human auditory
perception?

To test this hypothesis, we conduct a large-scale probing analysis of several widely used audio ar-
chitectures, including three CNN models (VGGish, CLAP, MobileNetV3), and an Audio Spectrogram
Transformer (AST). Using linear probes across six tasks of increasing abstraction, we examine how
different forms of auditory information are distributed across network depth. Across all convolutional
architectures, we observe a clear and consistent hierarchy. Low-level tasks such as note name classifi-
cation peak in early layers, while higher-level semantic tasks, including genre classification and speaker
count estimation, depend on deeper representations. Although this hierarchy is less sharply delineated
in the AST due to its global attention mechanism, the same overall progression remains evident. This
suggests that hierarchical organization is a robust property of effective auditory models, even when
architectural constraints differ.

Beyond identifying this structure, we also show complex auditory concepts emerge within a deep
neural network. Focusing on musical audio, we show that an AST trained solely for genre classifi-
cation develops explicit representations of musical instruments in intermediate layers. Steering vector
interventions further show that these instrument representations actively influence genre predictions,
demonstrating that they are causally involved in the model’s decisions. These findings collectively es-
tablish a principled framework for analyzing, comparing, and causally testing internal representations
in auditory deep neural networks, while also grounding modern audio models in theories of hierarchical
auditory perception.
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Chapter 1

Introduction

1.1 Deep learning and the need for interpretability

With the advent of deep learning [50], deep neural networks (DNNs) have shown a remarkable

ability to perform complex tasks across a wide range of domains. These successes span language mod-

eling [17, 29, 76], image classi�cation [30, 48], and automatic speech transcription [9]. In the domain

of non-speech audio speci�cally, DNNs have been deployed with great success to classify audio in-

stances, identifying sounds, instruments, and musical genres [8, 31, 44]. Furthermore, multi-modal

large language models (MLLMs) capable of processing both audio and text [24, 28, 37] have enabled

capabilities such as captioning and question-answering for audio inputs. Beyond analysis, DNNs are

now used to clone voices [5, 19] and generate music directly as raw waveforms [2, 25, 36, 53]. Collec-

tively, these advances highlight the growing breadth and sophistication of deep learning in processing

auditory information.

Despite their empirical success, the interpretability of DNNs remains a signi�cant challenge; the

internal mechanisms that give rise to model behavior are not yet fully understood. Because these models

build understanding through many layers of non-linear transformations on high-dimensional data, it

remains dif�cult to discern how their internal representations give rise to the behaviors we observe.

Studying how models arrive at their conclusions is often just as revealing as the conclusions them-

selves. A model might provide the correct output for a given task but rely on �awed reasoning hidden

beneath the surface. Consider an image classi�er that occasionally erroneously labels huskies as wolves,

as shown in Fig. 1.1. At �rst glance, this seems like an understandable error, given the visual similarity

between the two animals. However, a closer analysis shows that the misclassi�cation is not driven by

confusion in their physical features at all [64]. Instead, the model has learned to associate snow in the

background with the label `wolf'. This is a spurious correlation, a coincidental pattern in the training

set where wolves tended to appear in snowy environments. Because this cue was statistically reliable

during training, the model adopted it as a shortcut, even though it bears no meaningful relation to the

actual task of distinguishing between the animals.

While this example is relatively benign, the stakes can be markedly higher for other applications.

Consider a medical image classi�er that correctly diagnoses diseases, not by detecting patient features,

1



(a) An image of a husky. An image classi�cation model
mistakenly classi�es it as an image of a wolf.

(b) The parts of the image found to be most important
for the model's classi�cation.

Figure 1.1: An image classi�cation model might misclassify an image of a husky (1.1a) as that of a
wolf, solely on the basis of the presence of snow in the image (1.1b). This is an example of a spurious
correlation learnt by the model from the training data. Figure adapted from Ribeiro et al. [64].

but by identifying orientation markers like `left' or `right' on the X-ray scans (see Fig. 1.2). This is yet

another spurious correlation, a `shortcut' learned from the training data [27]. Such success is deceptive;

these shortcuts can fail catastrophically when the model is deployed in a new hospital or imaging setup

where those speci�c markers are absent.

Additionally, achieving greater mechanistic insight into DNNs does more than prevent failure modes;

it can advance our understanding of the domain itself. For instance, examining the features relied upon

by protein-folding models has helped biologists identify previously overlooked structural patterns in real

proteins [67]. The researchers originally aimed to apply interpretability tools to better understand the

internal representations of protein language models, yet this analysis unexpectedly uncovered coherent

biological features that highlighted missing or incomplete annotations in existing protein databases. By

applying supervised pruning to retain only the speci�c subspaces (subsets of features) that best match

human similarity ratings for a given category, Bavaresco et al. [10] were able to modify a deep image

classi�cation model to signi�cantly improve its performance at identifying AI-generated images that

aligned with human aesthetic and semantic preferences. The authors achieved this without any �ne-

tuning, demonstrating promise in the role of model interpretability in improving both alignment and

performance of deep learning models.

Thus, the ability to interpret the models we use is crucial both for trust and for gaining insight into the

tasks we use such models for. We see a clear need to understand the internal mechanisms of deep neural

2



(a) A chest X-ray scan of a COVID-19 positive patient.(b) Saliency map for the X-ray shown on the left (a).

(c) A chest X-ray scan of a COVID-19 negative patient.(d) Saliency map for the X-ray shown on the left (c).

Figure 1.2: On the left, we have the chest X-ray scans of two patients, one who tested positive for
COVID-19 (top), and one who tested negative (bottom). The orientation marker `R' is only present to
indicate the patient's right side on the X-ray. On the right, we see the corresponding saliency maps for
a classi�er trained to predict the COVID test result from the X-ray, with the darkest red spots being
the most important. We clearly see that in both cases, the orientation marker `R', (as highlighted with
a black arrow on the saliency maps) is in�uential in predicting the test result. Figures adapted from
DeGrave et al. [27].

3



networks better. Arising from this need, there has been increased interest in work on interpretability

methods to explain the behavior of DNNs.

1.2 A representational hierarchy for vision and audio

1.2.1 Vision

Interpretability studies in vision have demonstrated that convolutional neural networks (CNNs) de-

velop structured, human-interpretable representations that mirror a compositional hierarchy. Research

into the internal activations of these networks reveals that early layers form simple feature detectors (see

Fig. 1.3), sensitive to low-level primitives such as edges and curves [79]. As data progresses through

the network, higher layers encode increasingly complex concepts, such as shapes and textures [58].

Strikingly, this emergence of structure often occurs without explicit supervision for those speci�c

concepts. For example, CNNs trained strictly for scene classi�cation,i.e. identifying whether an im-

age depicts a bedroom, a hotel lobby, or a theater, have been found to spontaneously develop `object

detector' neurons [81]. A neuron might learn to activate strongly only in the presence of a bed, despite

the model never being told what a `bed' is. The model implicitly learns that a `bedroom' is a scene

composed of objects like beds and lamps, as shown in Fig. 1.4.

Quite notably, this computational hierarchy mirrors the hierarchical processing observed in human

vision. Once the information of a visual scene travels from the retina of the observer and through the

optic nerve, it eventually reaches the primary visual cortex. From there, processing splits into dorsal

and ventral pathways (see Fig. 1.5), dual pathways that are thought to specialize to information about

where something is (localization) and what it actually is (recognition and semantics) [57]. Neurons in

early areas respond to features relevant to object identi�cation (color, shape), with receptive �elds (i.e.

the region of visual space a neuron responds to) and feature selectivity (i.e. the speci�c visual attributes

a neuron is tuned to) progressively increasing along the pathway [34].

A strikingly similar compositional logic is visible in deep networks. As shown in Fig. 1.3, the

earliest CNN layers respond to simple edges and color contrasts; intermediate layers assemble these into

curves, textures, and recurring part-like motifs reminiscent of geons; while the deepest layers activate

for whole objects such as faces and animals. Prominent theoretical frameworks in human vision are

also consistent with this compositional view. Recognition by Components (RBC) [12] proposes that

we perceive objects by parsing them into volumetric primitives called “geons”. A mug, for instance, is

recognized as a cylinder joined to a toroidal handle (see Fig. 1.6).

Human visual processing also involves top-down in�uences such as feedback connections, atten-

tional modulation, and prior knowledge, but these do not diminish the substantial evidence for hierar-

chical processing and the important role of compositionality in vision.

Thus, prior work suggests that both deep vision models, much like the human visual system, learn

compositional hierarchies: they assemble low-level inputs into intermediate concepts, which in turn

inform high-level semantic decisions.
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