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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.

vi
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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 classification [30, 48], and automatic speech transcription [9]. In the domain
of non-speech audio specifically, 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 significant 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 difficult 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 flawed reasoning hidden
beneath the surface. Consider an image classifier that occasionally erroneously labels huskies as wolves,
as shown in Fig. 1.1. At first glance, this seems like an understandable error, given the visual similarity
between the two animals. However, a closer analysis shows that the misclassification 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 classifier that correctly diagnoses diseases, not by detecting patient features,



(a) An image of a husky. An image classification model (b) The parts of the image found to be most important
mistakenly classifies it as an image of a wolf. for the model’s classification.

Figure 1.1: An image classification 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 specific 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 specific 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
classification model to significantly improve its performance at identifying Al-generated images that
aligned with human aesthetic and semantic preferences. The authors achieved this without any fine-
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
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(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 classifier 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 influential in predicting the test result. Figures adapted from
DeGrave et al. [27].



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 specific
concepts. For example, CNNs trained strictly for scene classification, 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 identification (color, shape), with receptive fields (i.e.
the region of visual space a neuron responds to) and feature selectivity (i.e. the specific 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 influences 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.



Figure 1.3: Visualization of features learned by a convolutional neural network. Early layers detect
simple edges (top left), while deeper layers assemble these into complex geometries and object parts

(middle, bottom). Note how these features naturally form a hierarchy of composition. Figure from
Zeiler and Fergus [79].
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Figure 1.4: Individual neurons from a convolutional neural network trained for scene classification (i.e. identifying whether an image is of a
bedroom, a movie theater, a zoo efc.), often act as object detectors. These neurons learn to fire with high precision for instances of the same
object, contributing to the understanding of a larger scene. This phenomenon is observed even with no explicit training for object labels. Figure
from Zhou et al. [81].
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Figure 1.5: In the human brain, the processing of visual information is supported by two pathways:
the dorsal or the ‘where’ pathway, and the ventral or ‘what’ pathway. The processing of auditory
information is analogously supported by its own distinct dorsal and ventral pathways. Though these
pathways are not completely isolated from each other, each one specializes for its function.

1.2.2 Audio

We may then be tempted to think that such insights can readily carry over to other modalities like
that of audio, but we must consider carefully. While the domains of vision and audio share underlying
principles of pattern recognition, they differ fundamentally in their input modalities. Vision is primarily
spatial, whereas audio is intrinsically spectro-temporal, and the “primitives” of vision do not necessarily
translate directly to audio [49]. Biederman suggests that phonemes might serve as auditory primitives
analogous to geons [12], but speech represents only a fraction of the auditory experience. We experience
audio over multiple temporal scales, with a hierarchy defined by temporal scale as much as spectral
content. As noted in Griffiths and Warren [41], the identity of an auditory object depends on the level
of analysis. Individual notes or onsets can be our focus, but over wider temporal windows, they cohere
into motifs, phrases, and stylistic patterns, as illustrated in Fig. 1.7. Given these differences, seeing a
hierarchical structure emerge in vision models does not guarantee the same will occur in audio models.
This raises the natural question: Is there an analogous hierarchy in audio, and do we see evidence for it

in DNNs trained for audio tasks?

Understanding whether such hierarchies emerge in audio models is particularly compelling because
human auditory perception itself is largely understood to be hierarchically organized. Sound processing
in the brain begins at the cochlea, which creates a spectro-temporal representation [66], and travels to
the primary auditory cortex. The cochlea is known to have a tonotopic map, i.e. areas at various depths

within the cochlea specialize and respond to specific frequency regions, as shown in Fig. 1.8. From



Figure 1.6: The Recognition by Components (RBC) framework [12] suggests that visual objects are
recognized by parsing them into component parts, or “geons”. This includes objects like a cylinder, and
a toroidal segment (or a curved cylinder) as shown on the left, combining to form a mug as shown on
the right.

there, processing splits into dorsal and ventral pathways, dual pathways that are thought to specialize to
information about where the sound is (localization) and what it actually is (recognition and semantics),
much like the analogous pathways for visual processing. The various regions of the brain present in
these pathways are shown in Fig. 1.5b. fMRI studies have shown that the ventral pathway implements a
progression from acoustic features to perceptual and ultimately object- or category-level representations
[13, 18, 45]. Thus, there is evidence of hierarchical processing for auditory information in the human

brain.

As we discussed earlier, the perceptual ‘primitives’ of audio are not as immediately apparent as those
for vision. In the visual domain, geons provide a concrete vocabulary of elemental parts from which ob-
jects are composed; no equally established set of primitives exists for general audio, though the question
has received careful consideration in prior work. The principles of Auditory Scene Analysis (ASA) [15]
offer a useful framework for this purpose. ASA describes how ‘auditory streams’ are formed, i.e. dis-
tinct sequences of sounds that are perceptually grouped together and maintain a sense of identity over
time. Just as geons combine through spatial configuration to form visual objects, auditory elements
cohere into streams based on principles such as timbre, spectral proximity, and harmonicity. A series of
sounds sharing the same timbre (such as that of a saxophone) would be perceived as one stream. Those
with dissimilar timbre separate into different auditory streams, even despite any similarities in pitch
(see Fig. 1.9). As multiple auditory streams form and interact, they give rise to higher-level percepts
such as musical style or genre. Our understanding of a higher-level scene can then be attributed to the
integration of these streams, exhibiting a compositional hierarchy of audio perception analogous to the

one described for vision.

If human hearing relies on building up from these streams and temporal patterns to understand a

scene, it is plausible to hypothesize that effective deep learning models implicitly learn a similar strategy.
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Figure 1.7: Conceptual illustration of temporal integration and hierarchical auditory processing for
music. Low-level acoustic features (pitch, timbre) integrate over time to form intermediate objects
(melody, instruments), which further combine to form high-level semantic concepts (musical style or
genre). We only enlist concepts here directly relevant to our discussion; this is not an exhaustive list.



Figure 1.8: An image showing the tonotopic map of the human cochlea. The different regions of the
cochlea respond to specific frequency regions, as shown with different colors in the image. Figure from
Lietal. [51].
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Pitch

Time

Figure 1.9: Sequences of notes having the same timbre are perceived as belonging to the same auditory
stream. Differing timbres are perceived as separating the auditory streams (shown here in two different
colors), despite similarities in pitch.

In language, prior work has found evidence of hierarchical processing, with syntactic information
present in earlier layers and semantic information in later layers [62, 72]. In vision, the hierarchy from
edges to objects is well-documented [79, 81]. However, the internal organization of DNNs trained for

general audio tasks remains less explored.

Existing interpretability research in audio has primarily examined local explanations [3, 60] or pro-
duced post-hoc rationales for individual decisions [80], leaving open the broader question of whether
systematic, concept-level structures emerge in these models. While we know audio models perform
well, we lack a comprehensive understanding of whether they learn to disentangle low-level acoustics
from higher-order constructs like instrument identity, rhythm, or harmony, and whether these concepts
emerge in a specific order. A particularly unexplored question concerns whether instrument concepts
emerge within the internals of genre classification models, and whether manipulating these concepts

causally affects their predictions.

1.3 Thesis Objectives

The primary objective of this thesis is to investigate the internal representations of deep neural net-

works trained for audio tasks to determine if they exhibit a human-like hierarchical organization.
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1.3.1 Hypothesis

We hypothesize that DNNs trained on high-level audio classification tasks (such as genre recognition)
spontaneously learn a compositional hierarchy, where lower layers encode low-level acoustic features
and intermediate layers encode “auditory objects” (such as specific instruments) that support the final

high-level decision.

1.3.2 Key Contributions

In this thesis, we make the following key contributions -

* We provide a comprehensive layer-wise analysis of multiple CNN architectures trained for gen-
eral audio classification via different strategies, demonstrating a consistent trend where low-level

concepts are resolved in early layers and high-level semantic concepts in deeper layers.

* We extend this analysis to Transformer-based architectures, specifically an audio spectrogram
transformer (AST), showing that despite the global attention mechanism, a similar hierarchical

emergence of concepts occurs.

* We investigate the specific relationship between musical instruments and musical genres in an
AST trained solely for genre classification. By training linear probes on intermediate layers, we

show that instrument concepts emerge in genre classifiers without explicit supervision.

* We employ causal intervention techniques (steering vectors) to demonstrate that these emergent
instrument concepts are not just present but are causally relevant to the model’s genre classifica-

tion logic.

To our knowledge, this is the first time such a comprehensive study on concept probing in the inter-
mediate layers of DNNs trained for audio tasks has been performed, and the first time the lower-level
concept of instruments has been tested for its causal relevance in the classification of the higher-level

concept of genre through an intervention strategy.

1.4 Thesis Organization

The remainder of this thesis is organized as follows: Chapter 2 details our probing experiments
on convolutional neural networks (CNNs), analyzing the layer-wise performance of models trained
on various audio tasks to establish the existence of a hierarchy. Chapter 3 focuses on the emergent
relationship between instruments and genres. We utilize the audio spectrogram transformer (AST) to
investigate whether instrument concepts arise naturally in genre classifiers and use steering vectors to
test their causal validity. Finally, Chapter 4 summarizes our findings, discusses the limitations of our

current approach, and outlines directions for future research.
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Chapter 2

Probing deep neural networks for auditory task performance

2.1 Prior work in interpretability of deep neural networks for audio

Deep audio networks can be classified into two categories based on their input types: raw audio
waveforms or spectrograms. Among the former, interpretability has been studied specifically for speech
recognition models pre-trained in a self-supervised manner (e.g. Wav2vec 2.0 [8]). Notable contri-
butions from Pasad et al. [61] and Choi et al. [23] conduct layer-wise analyses of DNNSs, tracing the
evolution of acoustic and linguistic information, and revealing how phonetic and semantic content is
progressively organized for individual words across network depth.

For spectrogram-based models, the raw audio waveform is first converted into a (log-Mel) spectro-
gram, and popular 2D CNN architectures are adopted. In fact, CNNs trained on audio spectrograms
have shown state-of-the-art results on auditory tasks (e.g. contrastively trained CLAP [31] or the effi-
cient MobileNet architecture [65]).

A key early technique in interpretability of CNNs for vision was deconvolution. By sequentially
‘inverting’ the operations of layers, we can generate a synthetic input image, allowing us to visualize
the model’s internal processing at a given layer [79]. In Choi et al. [21], the authors use this technique
on spectrogram-based auditory CNN models and further auralize the resultant spectrogram. This allows
us to hear the processed version of the input audio at a given layer in the model. Using this technique,
the authors demonstrate the presence of onset detectors in earlier layers, and more complex detectors
of percussive patterns and harmonic textures in later layers. While this hints towards auditory CNNs
modeling the hierarchy in audio, it is presented for a single model trained on a specific downstream task
on music.

More recently, similar work for Transformer models in the audio domain has emerged as well, of-
fering new frameworks which can generate intuitive explanations have emerged, including listenable
interpretation methods for audio classifiers [59, 60]. These approaches generate sample-level (or lo-
cal) explanations by highlighting salient spectrogram regions, demonstrating clear value for improving
model transparency and trustworthiness in specific instances. The focus of these works lies more on the
technical novelty, and the discussion on the insight gained into the model itself from the application of

these techniques is limited.
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Despite these advances, such methods face significant scalability challenges: they require careful per-
instance analysis, and provide limited insight into the global organizational principles of the network.
Additionally, existing approaches remain limited in scope, confined either to a single domain (e.g.,
music). They fail to reveal whether the hierarchical organization hinted at in prior work holds across
different types of sounds and across tasks requiring varying levels of abstraction.

A concrete demonstration of such a hierarchical organization requires an approach that can system-
atically probe representations across tasks that explicitly target different levels of auditory complexity
from low-level acoustic features to high-level semantic concepts, and ask where in the network infor-

mation relevant to each task resides.

2.2 Probing intermediate layers in audio CNNs

For our work, we aim to show that the intermediate layers of an audio CNN trained for general audio
tasks implicitly learn representations that are well suited for different tasks. Additionally, we assess
intermediate layer representations on a variety of tasks and note if the representations at different layers
are better suited to different tasks.

Representations from intermediate layers may be evaluated on downstream tasks by training ad-
ditional linear classifiers [4] or using k-Nearest Neighbor (KNN). We perform KNN probing with Eu-
clidean distance, as it is a parameter-free approach that alleviates some challenges with learned probes [11],

and allows us to work with small datasets of ~1000-2000 instances.

2.2.1 Tasks and Datasets

We select a total of six tasks (and datasets) for our experiments, three each from the domains of
music and speech. These tasks are chosen to cover the range of sounds from low- to high-level in
auditory processing. This structure enables us to examine how representations behave as task complexity
increases and abstraction deepens. For each level, we choose benchmark datasets from prior literature
that are publicly available. Since kNN classification is susceptible to class imbalance, a class-balanced
subset of the dataset is considered. Table 2.2 summarizes the dataset size, number of classes, and audio

duration.

Tasks in music.

1. Note name classification, also known as chroma classification, involves correctly classifying a
single note into one of 12 pitch classes commonly used in Western music without differentiating
between octaves, and is considered a low-level task. We use the NSynth [32] dataset, which

contains recordings of single notes played on acoustic, electronic, and synthetic instruments.
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2. Instrument recognition is considered a mid-level to high-level task. We use the Medley-solos-DB
dataset [55], which contains short 3 s excerpts of monophonic instrumental sounds extracted from

various songs.

3. Genre classification is considered a high-level task, for which we use the GTZAN [75] dataset,

consisting of 30 s clips of audio from 10 popular genres.

Tasks in speech.

1. Consonant classification is our low- to mid-level task and is evaluated on the PCVC [56] dataset,

which consists of 23 Persian consonants spoken with different vowels by various speakers.

2. Keyword recognition is a mid-level task. We evaluate on the Speech Commands dataset [77],

consisting of 35 class of single word utterances.

3. Finally, speaker count estimation is a high-level task, for which we use the LibriCount [70] dataset
that consists of 5 s instances of audio with up to 11 distinct speakers speaking within the duration.

2.2.2 [Experimental setup
CNN Models

We analyze layer-wise properties of three CNN models trained via different strategies. They include
direct supervised training (VGGish), contrastive audio-language pre-training (CLAP), and training via
knowledge distillation from complex Transformer models (MobileNetV3). Irrespective of the training

strategy, we observe similar trends hinting towards CNNs exposing underlying hierarchies.

VGGish [42] is based on the principles of the VGG CNN [68] (3 x 3 convolutions), and is pre-trained
on the YouTube-100M dataset. We use a PyTorch port of VGGish [71].

CLAP [31] is initialized with pre-trained text and audio encoders. Representations from the two
encoders are passed through additional projection layers and the whole model is trained via the con-
trastive audio-text matching loss on audio-caption pairs. CLAP’s audio encoder is based on the CNN14
architecture [46] and pre-trained on AudioSet [38].

MobileNetV3 [43] is an efficient CNN architecture that uses depth-wise separable convolutions and
squeeze-and-excite layers. Schmid et al. [65] train the CNN through knowledge distillation from a
complex audio transformer teacher on AudioSet (PaSST [47]), which we utilize as our third model. For

our experiments, we use the mn40_as checkpoint provided by Schmid et al..
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Layer  VGGish CLAP MobileNetV3

convl features.1l conv_blockl features.l1
conv2 features.4 conv_block2 features.4
conv3 features.7 conv_block3 features.7
conv4d features.9 conv_block4 features.1l0
conv5 features.12 conv_block5 features.13
conv6e features.1l4 convblock6 features.l6
fcl embeddings.1l fcl classifier.1

Table 2.1: Specific layers at which the intermediate representations are extracted for each model and the
corresponding layer name used in Fig. 2.1. The layers are selected to be equally spread from the model
input up to the first fully-connected layer. For CLAP, the prefix audio_encoder.base is omitted
for brevity.

Extracting Layer-wise Intermediate Representations

For an input audio x € R*", with duration s and sampling rate r, we follow the preprocessing

as prescribed for each model to compute a log-Mel spectrogram s € R*T

with ' Mel frequency
bands and 7' time steps. For each layer [, we extract the output from the partial encoder ®; to obtain
fll e Raxtixfi_ g feature map with ¢; channels, ¢; width (time), and f; height (frequency). We flatten
h; to obtain h; € R%, where d; = ¢t fi. If L is a fully-connected layer, the flattening procedure is not
necessary.

We extract intermediate representations h; = ®;(x) at six equally spaced convolutional blocks
(conv1-6), and the first fully-connected layer in the model (fc1). For reproducibility, the precise

layer names from which we extract features are indicated in Table 2.1.

Further implementational details

We adopt a five-fold stratified cross-validation setup for all our experiments. Specifically, each fold

is also constructed to be class-balanced. We present some additional details.

GTZAN audio duration. While the original audio files are 30 s long, we crop and use the middle 5s

as we expect the central portion to clearly indicate the genre.

Class-balancing datasets. We report experiments on all datasets after class-balancing. Additionally,
Medley-solos-DB contains excerpts of instrumental solos from various songs, with multiple excerpts
belonging to the same song. To prevent spurious correlations from affecting results we need to ensure
that all excerpts from the same song lie in the same split. This results in approximately balanced classes.

Furthermore, the class ‘tenor saxophone’ has very limited samples and is discarded.
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VGGish processing details. While CLAP and MobileNet are able to process audio inputs of 55,
VGGish requires inputs of 960 ms. We split longer audio files longer into non-overlapping chunks and
compute h{, where the superscript denotes the chunk id. If an audio has more than one chunk, the last
one is ignored (as it is often small, e.g. 40 ms for audio of 1s). The other chunks are concatenated in

our experiments.

2.2.3 Results and discussion
Layer-wise Performance

The performance of layer-wise representations across all six tasks is presented in Fig. 2.1.

Low-level tasks. On note name classification (row 1 left), we observe that representations from the
first layer outperform later layers across all 3 models. While models are never trained with such category
labels, early layers implicitly learn to distinguish between them. Similar observations hold for consonant
classification (row 1 right) where both CLAP and MobileNetV3 peak at conv3.

Mid-level tasks. Keyword recognition (row 2 right) shows peak performance in intermediate layers
(conv4) for CLAP and MobileNetV3. Interestingly, both early and later layers perform worse. On
instrument recognition (row 2 left), we see a large performance improvement of 20-40% for the inter-
mediate layers (conv4 for CLAP, conv2 for MobileNetV3). However, as the AudioSet dataset has
instruments as categories, unlike keyword recognition, later layers preserve this information and highest

performance is seen at fc1.

High-level tasks. On genre classification (row 3 left), we see performance peak in the later layers for
all models. This is expected as AudioSet contains music genre classes, but the consistent performance
improvement across the layers (especially for CLAP) is indicative of more complex integration enabled
by the network with increasing depth. Differently, even though models are not trained on the task of
speaker count estimation (row 3 right), we see that peak performance on this complex task is achieved
in the later layers with early layers performing close to random.

In summary we observe that auditory CNNs (especially CLAP, MobileNetV3) show better perfor-
mance on low-level tasks in early layers and on high-level tasks in later layers. This hints that the model
is able to learn the underlying hierarchy of audio tasks.

VGGish shows trends different from CLAP or MobileNetV3, especially on the intermediate and
high-level tasks. We attribute this to the simple architecture where the final convolutional map is flat-
tened to a high-dimensional representation and the input to the fc1 layer is a vector in R'22%8_In fact,
the close-to-random performance of early layers on high-level tasks indicates that the final projection

(MLP) may be doing much of the heavy-lifting.
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Figure 2.1: Accuracy using intermediate representations extracted from convolutional layers of increasing depth. Gray dashed line represents
chance accuracy. Tasks are ordered in increasing abstraction for music (left) and speech (right). We observe that low-level tasks (row 1) are
likely to perform well at shallow layers while semantic high-level tasks (row 3) perform well at deeper layers.
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Dataset Type #Instances #C Dur. (s)

NSynth [32] il 1800* 12 4
Medley-solos-DB [55] [3 965* 7* 3
GTZAN [75] i 1000 10 5
PCVC [56] © 1794 23 2
Speech Commands [77] © 1750 35 1
LibriCount [70] © 1100* 11 5

Table 2.2: Datasets used in our work from music (J3) and human speech (©) domains. #C is the number
of classes and Dur. (s) is the typical audio duration in seconds. *The dataset is modified slightly to be
class-balanced when possible.

Ablations

100% -
90% -
80% -
70% -

60%

Accuracy

50%
40% -

30%

| | | | | | |
convl conv2 conv3 conv4 convh convé fcl

Layer

Figure 2.2: Effect of changing the value of k£ for CLAP on the Medley-solos-DB dataset. In general,
changing k does not have a major effect on the overall layer-wise trend, across all models and datasets.

Effect of & in KNN. We vary the value of k£ in kNN from {1,2,...,9,20,50,100} assuming each
dataset class has at least k samples in the training set. Comparing results for various values of k,
Fig. 2.2 shows that the general trends are largely independent of k. Thus, we select the k-value with the

best peak accuracy as representative of the layer-wise trends.

Do varying durations matter? Our datasets have differing audio durations (Table 2.2). While this

may act as a confounder to layer-wise effects discussed in the previous section, we rule out this possi-
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Figure 2.3: Effect of truncating all input audio files to 1 s on CLAP. The high-level tasks display an ear-
lier saturation, but the general trends remain. Similar results are observed for VGGish and MobileNetV3
as well. The six tasks are presented in the same order as Fig. 2.1.

bility by conducting experiments on all tasks with audio files truncated to 1s. In Fig. 2.3, we see that
the performance difference before and after truncation is minimal. The differences are most evident in

the later layers of high-level tasks that seem to experience a saturation with shorter audio clips.

2.2.4 Limitations

We note some limitations with our approach, due to the architecture of CNNs and issues with dis-

tances in higher-dimensions.

CNNss are built on the principle of aggregating information such that early feature maps have units
whose receptive fields are small with respect to the entire image, and subsequent feature maps are
generated further from these further maps. As a result subsequent feature maps are able to aggregate
information from larger and larger receptive fields. In the case of a CNN operating on a spectrogram,
this means integration over a larger spectral and temporal range, which naturally lends itself to better
performance on high-level tasks which often require longer temporal ranges to perform.

In higher dimensions, Euclidean distances between points can become less informative, reducing
their discriminative value [1]. Additionally, our feature maps have differing dimensionalities at different

layers. We note that our k-Nearest Neighbor probes show good performance on many tasks neverthe-
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less. This displays that representations and the distances between them retain sufficient discriminatory

information, despite these challenges.

2.3 Probing intermediate layers in AST

We address the issue of varying receptive fields in audio CNNs by probing another architecture which

is not affected by this limitation, i.e. the audio spectrogram transformer (AST).

2.3.1 Audio Spectrogram Transformer (AST)

The audio spectrogram transformer (AST) is a model architecture introduced in Gong et al. [40],
based on the popular vision transformer architecture [30]. The vision transformer architecture takes an
input image and splits it into patches of size 16 pixels x 16 pixels. After pre-processing, these tokens
are converted to embeddings by passing through an multi-layer perceptron (MLP) and then fed as an
input sequence to a Transformer encoder. Similar to BERT [29], a special [CLS] token is also a part of

the sequence, which is used as the input for training the model on a downstream classification task.

In the case of AST specifically, training task is general audio classification on AudioSet [38]. An
input audio waveform of ¢ seconds is first converted into a log-Mel spectrogram. This spectrogram is
computed with 128-dimensional log-Mel filterbanks, and with 25 ms Hamming windows 10 ms apart,
resulting in a 128 x 100t log-mel spectrogram as input to the AST. This is then split into a sequence of
N 16 x 16 patches with an overlap of 6 for both axes (time and frequency). Each patch is flattened and
passed through an MLP to result in a 768-dimensional embedding, to which positional embeddings are

added. The Transformer encoder used in AST embedding dimension of 768, 12 layers, and 12 heads.

AST further utilizes transfer learning by initializing its weights with those of a data-efficient image
transformer (DelT) [73], which was trained on ImageNet [48]. Using a strategy involving cutting and
then using bi-linear interpolation on the positional embeddings already trained from ImageNet, these
positional embeddings are adapted for use with AST. DelT also has two [CLS] tokens; in AST, these
are averaged as a single [C'LS| token and then passed to a new classification head for the audio pre-

training.

2.3.2 Experimental setup

We perform probing experiments on AST with the same six tasks and datasets specified in 2.2. We
follow the pre-processing steps as prescribed in Gong et al. [40], and then extract the [CLS] token at
various layers, using k-Nearest Neighbor probes with Euclidean distance on these tokens to perform

these experiments. We utilize the same dataset splits previously used for the audio CNN experiments.
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2.3.3 Results and discussion

The performance of layer-wise representations across all six classification tasks is presented in
Fig. 2.4.

Low-level tasks  On note name classification (row 1 left), we note that the best performance is achieved
using representations from the first layer, and the performance steadily decreases as we go to deeper
layers. For consonant classification (row 1 right), peak performance is close to the middle at layer 6,

continues to dip at layers 8 and 9 before increasing once again at the final layers.

Mid-level tasks On instrument recognition (row 2 left), the classification accuracy when using rep-
resentations from the middle layers is high, near the peak accuracy which we observe at the last two
layers. There is also a small dip in performance at layers 8 and 9. The performance at different layers
for keyword recognition follows a pattern nearly identical to that of consonant classification, with a peak

in performance at layer 6, a dip at layers 8 and 9, and an increase at the final layers.

High-level tasks For genre classification, classification accuracy peaks at the final layers, but reaches
high performance at the middle layers. Here too, there is a dip in performance at layers 8 and 9.
Surprisingly, we see little difference between early and later layers for speaker count estimation. The
performance remains largely unchanged at most layers, except a small but notable dip at layers 8 and 9.

Overall, the results are not as conclusive or convincing as what we see for the audio CNNs. The line
plots for consonant classification and keyword recognition are very similar, and we observe no notable
trend at all for speaker count estimation. The fact that we cannot as clearly observe the trends for AST
as we had for audio CNNs, implies that the architectural design of CNNss likely played a notable role in
the results we had seen previously. CNNs have a more explicit integration of elements across the two
axes of the image (in this case frequency and time in a spectro-temporal image), leading to a more direct
effect on a specific layer’s ability to discriminate between auditory objects.

The classification accuracies for all tasks are well above their chance accuracies, implying that the
pre-training still resulted in representations useful for all six tasks that we assess the model on. The
dataset used for pre-training (AudioSet), contains no annotated speech data, but does however contain
instrument and genre labels.

Additionally, we clearly see a pattern of a dip in performance for most tasks at layers 8 and 9.
Although potentially informative, a thorough exploration of this effect would require additional data

and methodological extensions that fall outside the scope of this thesis.

2.3.4 Limitations

We note the limitations of our approach due to the nature of the training tasks. The tasks of genre
classification and instrument recognition are already overlapping with the labels present in AudioSet,

which causes the later layers of our models to preserve a strong performance on these tasks.
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In order to confidently state there is a hierarchical relationship between concepts at different levels in
an AST, we therefore need more evidence with another approach. A model trained on both instrument
and genre labels then is not perhaps the most suitable to demonstrate the relationship between these
concepts. Consider however, if we train an AST model on a single higher-level concept. For this higher-
level concept, if there is a lower-level concept with a hierarchical and causal relationship, we should
be able to observe it as an emergent concept in intermediate layers of the model. The concepts of

instrument and genre are a natural choice for the lower-level and higher-level concepts.
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Chapter 3

Instruments as emergent and causally relevant concepts for genre

classification

3.1 Musical genre

Musical genre refers to the set of labels used to identify a piece of music as belonging to some shared
tradition or set of conventions. One of the main utilities of the notion of a musical genre lies in its ability
to convey expectations of the nature of a piece of music, and historically served as a practical tool for
marketing and selling recordings in the pre-streaming era [7].

At the same time, musical genre is a slippery concept informed by multiple factors. It is not deter-
mined solely by the auditory content of an excerpt, but also by cultural context, geographic origin, lyrical
content, efc. [14]. In our work, the terms musical genre and musical style are used interchangeably; we
focus on genre-characteristic elements present in the audio signal itself, excluding extra-musical factors.

Musical genre classification is a task with some subjectivity: what may be termed as a disco song by
some, would be called a techno song by others. Nonetheless, there is often consensus between human
listeners on what genre a specific excerpt should be labeled with [26]. In Lippens et al. [52], the authors
demonstrate that for a six-genre classification task (pop, rock, classical, dance, rap and other) with 160
tracks, an average of 20.6 participants out of 27 total voted for the same genre on a given track.

In Gjerdingen and Perrott [39], participants in a genre classification study were able to achieve above
chance classification with excerpts as short as 250 ms. This is a duration too short to ascertain melodic
or rhythmic motifs, and only allows for the timbre of the excerpt to be perceived clearly. Timbre is the
same spectro-temporal property of sound which allows us to distinguish one instrument from the other,
even when they play the same note at the same amplitude. With multiple instruments, a polyphonic
timbre emerges [35], which for different genres can form the ‘characteristic sound of a genre’. In
Tzanetakis et al. [75] as well, a set of feature vectors containing ‘musical surface’ information (timbre-
related and instrument-related features such as spectral mean centroid and mean rolloff) were found to
work nearly as well for genre classification as a larger set including additional rhythm features as well,
with a difference of less than 10% between the two sets.

Instrumentation is one of the most salient perceptual cues in these categorizations. Music cognition

research highlights the centrality of timbre and instrumentation in genre perception, with both behavioral
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and neurocognitive studies showing that listeners rely on instrument cues when categorizing music [6,
16, 35, 69].

Automatic music genre recognition systems have received considerable attention from the research
community [69, 75]. More recently, deep neural networks have shown remarkable performance in
music genre classification [22, 31, 74]. However, such models are opaque, and their internal mechanisms
have not received similar attention. As a result, we lack an understanding of what properties of audio
these models are sensitive to, and whether their internal mechanisms are at all similar to how humans

perceive sound and classify musical genres.

Previous work aiming to better understand deep neural networks performing music classification
is limited. Early work by Choi et al. [21] inspects a CNN trained for genre classification on audio
spectrograms and auralizes the processing at various intermediate layers for a given input. The au-
thors find interpretable filters are learned: early filters become effective onset detectors and filters in
later layers activate for more specific patterns of percussion or harmony, showing some evidence of
composable patterns learned for genre classification. However, they only consider four music pieces
in their investigation. More recent work from Parekh et al. [60] and Paissan et al. [59] allow for the
creation of ‘listenable explanations’, i.e. audio clips derived from the input audio which contain only
the information most salient to the classification decision. Such approaches provide intuitive feedback
for a model’s decisions, but are individual explanations isolated to each data point; gleaning general
patterns from such local explanations is a cumbersome task. To capture a clearer picture of model be-
havior at a larger scale, we need a concept-driven approach to understanding complex tasks like genre

classification.

As we discussed previously, deep neural networks often develop intermediate representations aligned
with intuitive sub-tasks: object detectors in scene classifiers in vision [81], phoneme-like units in
speech [20]. Extending this idea to music, instrument recognition can be viewed as an intermediate
task that supports genre classification. We therefore hypothesize that genre classifiers develop internal
representations that correspond to instrument concepts.

To this end, we train a genre classifier, and then further investigate the suitability of its intermediate
representations for instrument classification. We expect that such a genre classifier would learn inter-
mediate representations that have strong discriminatory ability on instruments. Further, we design an
experiment to identify whether there is a causal relationship between such instrument concepts if found,
and the downstream task of genre classification. We expect there to be such a relationship for specific
pairs of strongly associated instruments and genres, e.g. the violin and classical music. Testing such a
hypothesis also requires then, that we expose instrument concepts within a model in a manner amenable

to some sort of intervention, and we describe our methodology for the same in further detail below.
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Genre Count | Instrument Count

Blues 3,469 | Clarinet 1,340
Classical music 4,126 | Electric guitar 9,786
Country 4,317 | Female singing 6,743
Disco 3,097 | Flute 3,599
Hip hop music 5,952 | Piano 8,436
Jazz 3,169 | Saxophone 1,814
Heavy metal 3,591 | Trumpet 2,740
Pop music 6,589 | Violin, fiddle 23,175
Reggae 2,331

Rock music 5,170

Total 41,811 | Total 57,633

Table 3.1: Class counts for genres in GTZANLike and instruments in MedleySolosDBLike.

3.2 Training and probing a genre classifier

3.2.1 Training procedure

Model architecture. We adopt the audio spectrogram transformer (AST) [40] architecture, which
provides state-of-the-art results on audio classification. Further, we do not use audio pre-trained AST
checkpoints as they are typically trained on AudioSet [38] and contain instruments among their label
set. This explicit supervision impedes our study of emergence of instruments as intermediate concepts
in genre classifiers. Instead, following the AST paper’s original setup, we initialize with pre-trained
DEIT [73] image weights and use AST’s cut and bi-linear interpolate method to adapt positional em-

beddings. The model is only trained for genre classification.

Model training data. We adopt genre labels from GTZAN [75], a popular genre classification dataset
with 10 diverse genre labels. However, the dataset features 100 examples per class that are insufficient
to train the AST model. Thus, we create GTZANLike with the same 10 genre labels but with an order
of magnitude higher number of audio samples from AudioSet [38]. We choose only those samples that
are tagged with exactly one of the 10 genre labels. We obtain 41,811 audio samples and their distribution

is given in Table 3.1.

Data pre-processing. We follow a similar pre-processing pipeline as AST [40]. We resample all audio
to 22.5 kHz and compute spectrograms with ng; set to 1024, a window length of 25 ms, and a hop length
of 10 ms. These are then log Mel-scaled to 128 Mel bands. Most instances in the dataset are 10s long,
and we right pad instances with silence such that all computed spectrograms have a duration of 1024

frames, and normalize our data by subtracting 1 (mean) and dividing by 2¢ (standard deviation).
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Transform  Range p

Noise scale: [0.01,0.1] 0.50
Pitch mask size: [2, 4] 0.25
Time mask size: [4, 64] 0.25

Pitch shift  steps: [-0.5,0.5] 0.50

Table 3.2: Data augmentation configuration. size/rate/steps are drawn from a uniform distribution, and
then the augmentation is applied with probability p.

Training details. We adopt various data augmentation procedures indicated in Table 3.2. Training
hyperparameters are tuned via a mix of random and grid search, and the configuration yielding the best
validation macro average F1-score is adopted for all subsequent experiments. We train for 25 epochs
using cross-entropy loss, with the AdamW [54] optimizer and a learning rate of 107°. We use an

80/10/10 split for our train/validation/test sets resulting in unique samples across splits.

3.2.2 Evaluating genre classification

Our best model achieves a macro average F1-score of 58.0% on the validation set, and 58.5% on the
test set. From Fig. 3.1, we see that the model achieves strong performance on most genres, though some
genres like jazz and blues exhibit relatively poor performance. Genres like rock and metal share core
instrumentation (distorted guitars, drums, bass) and have overlapping timbral signatures. This makes
them perceptually confusing even for humans, and the model reflects that ambiguity. Further, pop as a
genre is dynamic and continually evolves, often absorbing stylistic features from whichever genres that
dominate a given era.

Finally, classifying genres is inherently difficult owing to the fuzziness of genre boundaries as noted
in [69] and misclassifications often occur in ways “similar to what a human would do,” for example,
classifying disco tracks as pop, or rock tracks as metal or blues. Nonetheless, we see sufficiently high
accuracy over chance performance to probe this model for presence of instrument concepts.

3.2.3 Probing for instrument concepts

To investigate whether instrument information is encoded in intermediate layers of the AST, we train

linear probes to classify between instruments at each layer of the network.

Probe training dataset. We adopt instrument labels from Medley-solos-DB [55], an instrument clas-
sification dataset with 8 labels. However, Medley-solos-DB only contains monophonic recordings re-
sulting in a distribution mismatch between the instrument probe training data and genre classifier data
that contains many polyphonic recordings. Thus, we follow a similar strategy as before and create Med-
leySolosDBLike, a new dataset with audio samples from AudioSet that are tagged with the 8 instrument
categories defined in Medley-solos-DB. Each instance contains exactly one of the eight instrument la-
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Figure 3.1: Normalized confusion matrix for our AST model on GTZANLike (test set). Model perfor-
mance is above chance across all genres, though slightly weaker for blues and jazz. All misclassifica-
tions > 10% are highlighted for brevity and often occur between closely related genres such as rock and
metal.

bels, and we ensure no overlap with audio samples used in GTZANLike to avoid data leakage. The
dataset contains 57,633 valid samples with the distribution reported in Table 3.1. This enables sys-
tematic evaluation of whether instrument concepts emerge in genre classifiers trained without explicit

instrument supervision, and whether such concepts can be isolated through linear probes.

Probe training setup. For an audio input converted to spectrogram x, our AST with L=12 layers

computes the audio representation as
h(zx) = hi1(hio(- - - (ho(x))---)). 3.1

We train layer-wise instrument probes using hl[CLS]’ the [CLS] token’s representation at the output of

each intermediate layer /.
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Figure 3.2: Macro average F1-score on MedleySolosDBLike (test set) for multi-class instrument probes.
Probes are trained on intermediate layer representations with balanced sampling. Performance peaks at
the middle layers.

3.2.4 Results and Discussion

We present the layer-wise linear probe Macro-average F1 scores for multi-class instrument classifi-
cation in Fig. 3.2. The peak in the middle indicates that intermediate layers are indeed better at encoding
instrument information. This suggests that while mid-level layers capture instrument features in a form
suitable to recognize them, later layers transform them into higher-level abstractions that emphasize

genre-relevant information without any instrument training.

3.3 Instruments as steering vectors

0.9
/‘_'_‘\
L o ¢==e—e  |pstrument
50-8 Se== T e | —e— guiitar
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507 / .
S & —e— piano
2 o
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Figure 3.3: Macro average Fl-score on MedleySolosDBLike (test set) for binary instrument probes.
Probes are trained on intermediate layer representations with 100 random subsamples (250 positives,
250 negatives); error bands show 95% confidence intervals. Performance rises from early layers and
peaks at intermediate layers. Results are shown for guitar, violin, and piano; similar results are observed
for other instrument probes.

Are the emergent instrument concepts identified in intermediate layers causally influential for genre

classification? From the genres learned by our model with a high F1-score, we specifically consider
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those which have strong associations with certain instruments. Rock and metal are both strongly asso-
ciated with the electric guitar, and classical music with the sound of the vio/in. Similarly, the sound of
saxophone is a mainstay in jazz music.

We hypothesize that these instruments strongly influence their corresponding genres, i.e. guitar has
an influence on rock and metal. We also note that some instruments, are associated with multiple genres.
For example, piano, which includes electric keyboard is commonly found in classical, pop, jazz and
rock. As a result, we hypothesize that piano would not have a strong influence on classical, jazz, rock
or metal.

To test our hypotheses, we design an experiment to steer model (genre) representations along instru-

ment vectors to see if predictions move toward the corresponding genres.

3.3.1 Experimental setup
Instrument vectors.

For a given layer, we train several binary linear probes (using hl[ ) with varying random seeds

CLS
and extract their weights. These weights correspond to the vector normal to the hyperplane separating
the instrument’s positive and negative samples, and thus encode the direction of the instrument in the
representation space. We denote the mean vector across seeds as v;, the instrument vector at layer
[. Using multiple seeds (100 in our case) helps identify statistically robust directions for instrument
vectors and also deal with the class imbalance in MedleySolosDBLike. Note that all vectors within
an instrument class are well aligned with an average pairwise cosine similarity of > 0.9 in all cases.
Fig. 3.3 shows similar trends for binary classification as the multi-class instrument probes (Fig. 3.2),
with peak performance at the middle layers.

ions.

Intervention experiments
We perturb hl[CLS] , the genre representation at the [CLS] token, as

v
—|—>\'7'th[

(3.2)
o]l

hl[CLS] = hl[CLS] CLS] I

where [ € {0,...,L—1} and A € [—1, 1] is a scalar that decreases or increases the contribution of the
instrument representation.
Similar to [33], we intervene on all layers of the model and consider two intervention strategies
based on the choice of the instrument vector v used to perturb model representations:
1. one-to-one uses the instrument vector v; computed from the same layer to affect the model repre-
sentation at each layer /.
2. one-to-all uses an instrument vector v, from a fixed layer £k to affect the model representation at

each layer [.
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Effect on classification probability for classical when intervening with violin
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Figure 3.4: Effect on the probability of being classified as a particular genre when intervened on with
the corresponding instrument. We intervene on instances from GTZANLike (test) labeled with the genre
(blue) as well as instances labeled with any of the remaining genres (orange). In all cases, we see that
adding the instrument vector has stronger effects on instances which are not from the corresponding
genre, and subtracting the instrument vector has stronger effects on instances which are from the corre-
sponding genre. We use the one-to-one steering strategy for these instruments.
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Effect on classification probability for classical when intervening with piano
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Figure 3.5: Effect on the probability of being classified as a particular genre when intervened on with
piano, an instrument not strongly associated with any one genre. We see classification probabilities for
classical (top), rock-metal (middle), and jazz (bottom). We intervene on instances from GTZANLike
(test) labeled with the genre (blue) as well as instances labeled with any of the remaining genres (or-
ange). In all cases, no strong trend is observed in terms of the changes in the probability on intervening.
We use the one-to-one steering strategy for these instruments.
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We demonstrate the effects of such interventions further with the classification task where we take
instances from each genre, focusing on the associated genre as one class, and all of the other genres as
the other class. For e.g., we take instances from classical and instances from the resr of the genres, and
intervene with the viol/in concept vector for both of them. We also show how piano, not associated with

any one genre exclusively, does not have strong effects when intervening on instances of various genres.

3.3.2 Results and discussion

We observe that both intervention strategies are effective at steering genre predict

One-to-one steering results are presented in Fig. 3.4. We observe that adding the guirar vector in-
creases the probability of an instance being classified as rock-metal, while subtracting the guifar vector
reduces the probability of an instance being classified as rock-metal.

When we use instances that already belong to the rock-metal genre, there is little effect of adding
the vector, and a stronger effect of subtracting it. We note that when using instances that do not belong
to the rock-metal, it is adding the vector that has a stronger effect. This makes sense; if the instance is
already being classified as rock-metal with high probability, adding the guitar concept cannot increase
the probability by much before saturating. We also note that intervening on instances from other genres
by adding the guirar vector has a relatively weaker effect. We see similar trends in the effects for violin
vectors on classical, and saxophone vectors on jazz as well.

For instruments that are not strongly associated with a single genre, e.g. the piano, we also see that
the interventions in either direction (add/subtract) have limited effect on genre classification, as seen
from Fig. 3.5. We largely observe no directional effect, and only a small decrease in some cases on
intervening, which we attribute to a loss in information fidelity from the interventions. There is a small
negative effect of piano on jazz, leading to a slight increase in the probability of being classified as jazz if
the piano vector is subtracted. This however, is negligible compared to the effects we see for instruments
and genres which we hypothesized to be correlated, such as violin and its effect on classical.

We see similar results when we extend the same experiments to the GTZAN dataset, which shares
the set of genre labels used in our pre-training dataset (by construction), but is completely unseen to
the model during the training phase. GTZAN has 30 second clips, from which we select the middle 10
seconds to maintain compatibility with our model’s pre-training on 10 second clips from GTZANLike.

The same trends are found, even slightly more pronounced for GTZAN. The probability of being
classified as a certain genre showing an effect corresponding to the instrument vector with which we
intervene on the model (Fig. 3.6). Here too, we see that piano does not have a strong directional effect
(Fig. 3.5). These results show our findings are robust, preserving trends even when applied to another
dataset.

One-to-all steering allows us to study the effectiveness of intervening with instrument vectors com-

puted from different layers. Fig. 3.8 shows that instrument vectors extracted from later layers are more
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Figure 3.6: Effect on the probability of being classified as a particular genre when intervened on with
the corresponding instrument. We intervene on instances from GTZAN labeled with the genre (blue)
as well as instances labeled with any of the remaining genres (orange). In all cases, we see that adding
the instrument vector has stronger effects on instances which are not from the corresponding genre, and
subtracting the instrument vector has stronger effects on instances which are from the corresponding
genre. We use the one-to-one steering strategy for these instruments.
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10 Effect on classification probability for classical when intervening with piano
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Figure 3.7: Effect on the probability of being classified as a particular genre when intervened on with
piano, an instrument not strongly associated with any one genre. We see classification probabilities
for classical (top), rock-metal (middle), and jazz (bottom). We intervene on instances from GTZAN
labeled with the genre (blue) as well as instances labeled with any of the remaining genres (orange). In
all cases, no strong trend is observed in terms of the changes in the probability on intervening. We use
the one-to-one steering strategy for these instruments.
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effective at steering the corresponding genre’s classification probability. Specifically, adding the guirar
vector increases probability of rock-metal for classical instances. Similar results are seen for the other
instrument-genre pairs as well. Thus, we show that vectors learned from emergent instrument concepts

can indeed be used to steer genre classification.

Are instrument vectors same as genre vectors? Lastly, a simple explanation for the observed steer-
ing effects is that instrument vectors are aligned with genre vectors (e.g. guitar with rock-metal.) We
refute this by first computing genre probe vectors from GTZANLike (val set), and comparing their
similarity to instrument vectors. From Fig. 3.9, we note that the instrument and genre vectors are some-
what similar at early-middle layers. However, intervening with instrument vectors computed from these
layers has limited effect on genre classification as discussed earlier (Fig. 3.8). The strongest steering
effects are observed at later layers, where the instrument vectors and genre vectors are not similar. This
suggests that, even though instrument vectors are dissimilar to genre vectors, they provide the model

with genre-relevant information that allows its predictions to be steered.

3.3.3 Limitations

Our analysis was limited to one architecture (AST) and a restricted set of instruments and genres;
further work is needed to establish how general these findings are across models. Also, we focused
on genres strongly associated with specific instruments, but other genres may be better characterized
by some other sonic properties such as rhythmic motifs or harmonic structure. Future research could
broaden the scope of probing and steering to capture these additional factors and to develop controllable

models that make such internal structure usable.
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Figure 3.8: The effect of intervening with the guifar vector on rock-metal using the one-to-all strategy.
We show results for guitar vectors extracted from different layers. Interventions using instrument vec-
tors from early layers have a negligible effect. In contrast, adding the guitar vector from later layers
increases the probability of classification as rock-metal, while subtracting it decreases this probability.
This behavior mirrors the results observed with the one-to-one strategy. Similar trends are observed for
other instrument—genre pairs.
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Figure 3.9: Cosine similarities between the vectors for guitar and rock-metal at different layers. Note
how the similarity is greatest at the earlier layers, but we see the effect of the intervention is strongest at
later layers (Fig. 3.8).
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Chapter 4

Conclusion

In this thesis, we posed the question: do DNNs trained on audio tasks develop a compositional hier-
archy analogous to the one observed in human auditory perception, progressing from low-level acoustic
primitives to high-level semantic representations? Drawing on prior work in vision, where convolutional
neural networks are known to develop structured representations mirroring the progression from edges
to objects, and on auditory scene analysis, which describes how listeners organize sound into coherent
streams and objects, we hypothesized that audio DNNs would exhibit a similar layered organization.

The results presented in this thesis provide strong evidence that they do.

Across multiple convolutional architectures, including VGGish, CLAP, and MobileNetV3, we ob-
served a consistent layer-wise pattern. Tasks grounded in basic acoustic properties, such as note name
classification, achieved peak performance in early layers, whereas higher-level tasks, including genre
classification and speaker count estimation, depended on the integrative capacity of deeper layers. This
mirrors the compositional logic discussed in the introduction: just as human listeners are understood to
build up from spectral primitives to auditory streams and ultimately to scene-level understanding, these
networks resolve low-level features before assembling them into the abstract categories required by their

training objectives.

We extended this analysis to the Audio Spectrogram Transformer (AST), comparing the results
against those seen for CNN architectures, and discovered that while architectural choices shape how
the hierarchy is expressed, the transition from acoustic primitives to semantic representations is a robust

property of effective audio models, not an artifact of any single architecture.

We also investigated the emergent relationship between musical instruments and genres. In the intro-
duction, we highlighted how vision models trained solely for scene classification spontaneously develop
neurons that act as object detectors, without explicit supervision for those categories. We observed a
notably similar phenomenon in the auditory domain. By training an AST model exclusively for genre
classification, we showed that representations corresponding to musical instruments emerge naturally in
intermediate layers, despite the absence of instrument-level supervision. Linear probing analyses indi-
cated that these layers are well suited for encoding auditory objects such as instruments, which in turn

support high-level genre decisions.
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Importantly, we demonstrated through causal intervention experiments that these emergent repre-
sentations are not merely correlational. Injecting instrument-specific steering vectors into the model’s
internal representations reliably shifted its predictions toward associated genres, for example steering
a sample toward jazz using a saxophone vector. These effects were strongest in later layers, where
instrument and genre representations are most clearly differentiated.

A compositional, hierarchical view of auditory processing provides a principled basis for under-
standing how complex sound is organized. Within this framework, it is worth noting that human au-
ditory perception is not purely bottom-up: top-down influences, including prior knowledge, attentional
modulation, and schema-driven expectations, play a role in how we process sound. Crucially, however,
these top-down effects operate over, and depend upon, an underlying hierarchy of representations, rather
than replacing it; the hierarchy is thus not a rigid pipeline but a dynamically modulated structure. In
this light, the feedforward models we study, despite lacking explicit top-down or recurrent connections,
nonetheless learn a clear compositional hierarchy. This supports the view that bottom-up structure is a
foundational organizational principle, and that a top-down analytical perspective remains both appro-
priate and informative.

In summary, this thesis demonstrates both the emergence of meaningful concepts and their causal
role in the intermediate representations of audio deep neural networks. We asked whether these models
organize sound in a way that parallels human auditory perception, and the results across multiple archi-
tectures and experiments support this view. Together, the findings suggest that audio DNNs organize
sound into structured and hierarchical representations of the acoustic world.

These insights have implications across audio applications. In music, the finding that genre judg-
ments build on instrument-level representations can inform the design of more interpretable systems for
music analysis and generation. More broadly, the framework developed here provides a way to study
whether similar hierarchies appear in other domains such as speech and language processing. While this
work focuses on specific architectures and musical concepts, it establishes a framework for studying in-
terpretability in auditory models. Future work could compare these representational hierarchies with
those observed in the human brain, extend the methods to broader audio domains, and explore practical

applications such as controllable audio generation through manipulation of internal representations.
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