
Ontologies of Sound in Neural Network Engineering

Riccardo Ancona
Dipartimento delle Arti
Università di Bologna

Bologna, Italy
riccardo.ancona@unibo.it

Abstract

Contemporary research on AI and sound is predominantly led by engineers and
computer scientists, often with non-music-related backgrounds. Their conceptual-
ization of sound and music directly influences the algorithms they design, making it
important to understand the ontological frameworks that inform their work. Using
mixed-methods linguistic analysis on a corpus of arXiv articles, this study examines
word occurrences and collocates in current neural network engineering literature,
focusing on key notions like sound, audio, music, listening, nature, originality, and
objectivity. The analysis reveals how machine learning practices tend to prioritize
quantitative language, performance metrics, and un-situated approaches to auditory
phenomena. In contrast to classical research on digital sound technologies, neural
network engineering currently appears to be less grounded on phenomenological
experience and more detached from artists and audiences.

1 Context

Engineers inscribe their worldview in the artifacts they build. Sociologist of AI Airoldi (2024) argued
that viewpoints are codified in the design of algorithms as deus in machina, cultural orientations
that determine the artifact’s behavior. Similarly, Actor-Network Theory believes that all artifacts are
inherently sociotechnical and that they ’transcribe and displace the contradictory interests of people
and things’ (Latour, 1992, p. 226). According to these theories, there must then be a culture in code
in neural network engineering applied to sound and music. Ontological notions on the nature and
constitution of sound, music, and listening are invoked by engineers when designing a model, whether
they are aware of them or not. In a period of intensive and extensive development in the field of sonic
computation, it is of paramount relevance to inspect what kind of assumptions underlie the research
and direct its trajectory. Applications of deep learning technologies are not just producing new forms
of sound synthesis, but also reconfiguring the way sound is categorized, interacted with, listened to –
and even understood, as psychoacoustics and computational musicology begin to rely extensively
on neural networks. The epistemology of audible media and the listening hermeneutics are being
reshaped by the way contemporary AI models are designed.1 This historical passage is also marked by
the arrival of new actors in the field of digital sound technology: countless researchers coming from
different domains, such as data science, artificial intelligence, and information engineering, from both
universities and business-oriented research centers, are contributing to the development of AI audio
technologies, bringing with them different interpretations of sound. Tracing down their categorization
of the audible is essential to better understand the culture they inscribe in the artifacts and reflect on
its aesthetic, as well as ethic, implications. Whether such implications differ significantly from those
of traditional digital audio engineering or not is something that needs to be assessed empirically. A
typical strategy of analysis borrowed from Science and Technology Studies consists in observing the
engineers’ enunciations in order to understand the meaning they attribute to their work (see Pinch and
Bijker, 1984, p. 414). One of the primary means of communication for researchers is the academic

1For a detailed description of the notion of ’listening hermeneutics’ and its relationship with technoscience,
see (Ihde, 2016).

Proceedings of the 6th Conference on AI Music Creativity (AIMC 2025),
Brussels, Belgium, September 10th-12th



article, a type of document that offers ample analytical opportunities, as it is characterized by the
use of carefully-selected language and a descriptive nature. Considering the abundance of papers
published every week on the topic of AI and sound, linguistic analysis offers a convenient method to
combine quantitative and qualitative approaches to pinpoint which ontologies of sound are mobilized
in neural network engineering.

2 Data collection

For this study, a corpus of 131 academic articles published on arXiv between the first of January
and the twenty-eighth of February 2025 has been compiled.2 ArXiv has been chosen as the source
because it is the leading open-access archive hosting the most research papers about deep learning
technologies. The time constraint of two months in the date of publication of the articles reflects the
will to sample the literature in its current state, while also allowing to perform future analyses by using
the same criterion. Among the articles tagged with the keyword ’cs.SD’, indicating research on sound
in the arXiv labeling system, a subset has been selected, ensuring that each paper involved the use of
some form of neural networks in the sound and/or music domain. As spoken voices typically entail a
specific ontology and distinct listening modalities, articles regarding speech synthesis and analysis
have been excluded, aside from those that treated the topic in a multi-modal setting. For the same
reason, medical-related papers have also been filtered out. The articles chosen for the corpus cover a
wide range of topics, such as music and sound analysis and generation, sound spatialization, music
information retrieval, music transcription, and multimodal audio and image generation, including
studies on datasets and benchmarks.
A significant aspect to take into account is the affiliation of the articles’ authors. The corpus contains
contributions from 635 researchers, coming from various fields and institutions: 22.52% of them
declare to be working on behalf of private companies, including both start-ups and large media
corporations; 21.1% are affiliated with computer science departments in universities; 17.64% come
from departments of information technology or technology in general; 10.87% from AI research
labs hosted in universities; 7.87% from departments of electrical engineering or engineering in
general; 5.35% work for departments of music informatics or sound engineering; 4.09% are receiving
state grants or work for state-funded research institutes outside of university; 2.83% come from
conservatories or art departments, while 2.52% come from the department of acoustics and/or
psychoacoustic and music cognition; 2.05% are researchers from other STEM disciplines, such as
maths and economy; 1.73% don’t mention any institution but declare to be members of the Institute
of Electrical and Electronics Engineers; 1.41% are either independent researchers or do not mention
any affiliation. Such proportions seem to confirm the hypothesis that the introduction of deep learning
technologies has involved many different actors in the field of digital sound engineering, with the
vast majority of researchers coming from university departments or private companies that are not
specifically dedicated to sound and music technology. The capability of deep neural networks to be
adapted to a variety of data types with minimal adjustments, from text to image and audio, may have
significantly contributed to this phenomenon, allowing researchers to work across multiple fields,
while using the same language and the same physical facilities – as well as the same set of abstract
notions, which may affect the way sound is conceived.
In order to assess if neural network engineering has produced specific ontologies of sound, diverging
from the traditional research on digital sound technologies, it is useful to compare the aforementioned
corpus with another collection of articles. A corpus containing all the written contributions from
the 2015 and 2016 editions of the International Computer Music Conference (ICMC) has been
compiled (ICMA, 2015, 2016). It contains approximately the same amount of text as the arXiv
corpus, which is convenient for comparing word occurrences. The ICMC is a conference organized
by the ICMA, the largest association dedicated to computer music research, reuniting audio engineers,
but also composers and practitioners, in a way that manifests the typical intertwining of practice-based
research and software design in the field of digital sound technology. The years 2015 and 2016 of the
conference have been chosen because they are far enough in time to have only a small minority of the
articles containing research on neural networks.

2The complete corpus of articles is listed on the references. Differently from the other sources, they include a
unique arXiv identifier. Last date of access: 3rd of March, 2025.
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3 Word frequency analysis

3.1 Objects, subjects, entities

A first significant indicator in linguistic analysis is word occurrences. The most frequently used
words in a corpus may reveal meaningful insights on the type of discourse that is articulated by
the enunciators – they reveal the recurrent subjects of interest of the writers, starting from which a
worldview is composed. Because the primary aim of this research is to inspect ontological notions, it
is appropriate to start by inspecting the lexical frequency of nouns, as it is the grammatical category
typically related to subjects, objects, and entities. Table 1 shows a comparison of the fifteen most
frequent nouns appearing in the arXiv and the ICMC corpora. Singular and plural occurrences are
summed, while terms related with the paper format, such as ’figure’ and ’table’, have been excluded
from the count. Terms that can be both understood as nouns and verbs, like ’control’ and ’order’,
have also been removed, except in cases in which the noun form is highly prevalent, as in ’model’.

Table 1: Top-15 noun occurrences

ArXiv Term n ICMC Term n

Audio 8534 Music 4804
Model 8340 Sound 3614
Music 5673 System 2221
Dataset 3288 Computer 2176
Speech 2780 Time 1796
Data 2627 Audio 1238
Text 1967 Data 1158
Language 1841 Instrument 1142
System 1679 Model 1138
Sound 1674 Performance 1098
Signal 1651 User 1026
Information 1488 Frequency 987
Input 1448 Score 847
Time 1425 Space 818
Source 1211 Parameter 817

Comparing the two corpora, seven out of fifteen of the most occurring nouns are in common,
highlighting a shared ground between them: sound, music, audio, data, system, model, and time
are fundamental ontological notions of sound computing. However, their occurrence rate differs
significantly. In particular, whereas ’music’ has a similar amount of instances among the two corpora,
the notion of ’audio’ seems to be remarkably more relevant in the arXiv corpus, while the term
’sound’ is only at the tenth position. The digital representation of sound as audio is therefore a
highly preferred subject than the sonic phenomenon itself. The arXiv corpus appears to dedicate
particular attention to entities that can be subjected of manipulation, as indicated by the presence of
the words ’dataset’, ’signal’, ’input’, and ’source’. The high frequency of the terms ’text’, ’speech’,
and ’language’, despite having filtered out articles about speech synthesis from the corpus, points to
the close relationship that audio neural network engineering bears with the field of natural language
processing. If we look instead at the terms that are exclusively present in the top fifteen of the
ICMC corpus, we can observe that it exhibits a larger variety of entities: there are humans (’user’),
devices (’computer’, ’instrument’), forms of inscription (’score’), activities (’performance’), and
metrics (’parameter’). Most interestingly, the presence of both ’space’ and ’time’ in the ICMC corpus
denotes a stronger phenomenological situatedness than in the arXiv corpus. In the latter, ’space’ is at
the 239th position in the list of the most occurring words. If one observes the top thousand word
frequencies in the arXiv corpus in detail, there is a lack of objects, agents, actions, and phenomena
grounded in the experiential, sensory domain, that would be typically associated to musicking and
sound research. Table 2 displays the number of occurrences of some of them in the two corpora.
Verbs are listed in gerund, but the corresponding value is cumulative of all their forms.
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Table 2: Comparison of word frequencies

Term ICMC ArXiv

Listening 296 197
Listener 240 117
Hearing 163 161
Perception 187 123
Playing 857 209
Creating 978 336
Performance 1098 2347
Performer 750 29
Composition 830 169
Composer 530 54
Improvisation 213 67
Improviser 54 0
Concert 269 53
Musician 327 89
Instrument 1142 473
Computer 2176 423
User 1026 463
Object 948 108
Interaction 488 131
Interface 814 53
Art 349 386
Artist 166 100
Body 234 36
Ear 88 35
Motion 422 55
Environment 469 203
Place 182 39
Material 434 148
Timbre 376 179
Gesture 862 13
Texture 1167 41

The arXiv corpus appears to be consistently distant from the embodied experience of sound and
music, both in the terminology referring to its practice and to that usually describing its fundamental
ontologies (objects, bodies, environments). The only exceptions are the words ’art’ – although,
its occurrence in the arXiv corpus is in the phrasing ’state of the art’ 75.4% of the times – and
’performance’, whose meaning most often refers to the measurement of the effectiveness of a system.
While the articles in the arXiv corpus contain numerous studies on the analysis and generation of
sounds and music, their language manifests sheer detachment from the physical conditions in which
such procedures are supposed to happen, not to mention the social and creative contexts in which they
are supposed to exist. In relation with the theme of this conference, ’The Artist in the Loop’, from
the data collected in this study it appears that neural network engineers tend not to be particularly
concerned with users, artists, musicians, performers, nor listeners. At least in this case, it is notable
that research on AI technology in the audio domain demonstrates less interest in human users and
artists than traditional audio engineering does. Artists are not in the loop.

3.2 Processes and parameters

The primary concerns of neural network engineering can be distinguished by looking at the
impressively rich vocabulary regarding procedures, as shown in Table 3.
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Table 3: Thirtyfive most occurring processes in the arXiv corpus. The ’range’ column indicates the
number of articles in which the word appears.

Term n Range

Training 4236 131
Learning 2928 131
Processing 1949 129
Generation 1761 123
Evaluation 1175 130
Classification 1030 99
Detection 946 78
Recognition 834 109
Representation 753 113
Diffusion 667 52
Analysis 661 111
Understanding 621 92
Modeling 539 89
Prediction 441 85
Inference 414 77
Synthesis 378 58
Separation 375 46
Tuning 356 64
Transcription 354 28
Estimation 332 53
Captioning 318 28
Matching 311 56
Extraction 308 63
Capture 296 85
Reasoning 281 25
Transfer 281 57
Query 276 38
Masking 259 30
Encoding 259 62
Augmentation 239 61
Reconstruction 224 32
Generalization 207 62
Identification 198 35
Optimization 195 64
Conditioning 191 38

Interestingly, many of these terms could be applied to any subfield of engineering, ranging from
industrial logistics to weapon manifacturing. Other terms are specific to neural architectures. The
universe described by audio neural network engineering is constituted by a plurality of types of
data and signals undergoing innumerable transformations to distill new types of data and signals. It
is a discourse on praxis in which, paradoxically, material contingencies are omitted. Its ontology
is characterized by the parcelling out of things into commensurable, divisible parts, as is made
apparent by the persistent presence of ’samples’ (1453 occurrences), ’tokens’ (1259), ’layers’ (1198),
’segments’ (562), ’components’ (409), ’modules’ (308), ’parts’ (287), ’elements’ (279), ’batches’
(236), and ’groups’ (199). Data and signals thus constitute an intricate mereology in which objects,
despite lacking locality and spatial determination, act as modules that can be split or grouped with
different degrees of granularity. Processes of data transformation call into account quantitative
measurement, as denoted by another class of terms that abounds in the arXiv corpus: ’features’
(1933), ’scores’ (1315), ’levels’ (1080), ’metrics’ (705), ’parameters’ (667), ’baselines’ (641), ’errors’
(485), and ’benchmarks’ (398). Machine learning engineers seem to be attentive to ’quality’ (1069),
’accuracy’ (749), ’rate’ (618), ’scale’ (596), ’size’ (562), ’similarity’ (407), ’alignment’ (368), ’length’
(350), ’ability’ (332), ’robustness’ (328), ’capabilities’ (323), ’effectiveness’ (314), ’duration’ (308),
’distance’ (294), ’resolution’ (289), ’efficiency’ (259), and all other sorts of parametrical judgments.
What is described here is a discourse in which functionality appears to be the fundamental property to
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inspect in objects and processes. To better understand how the effectiveness of an entity is assessed
in this context, it is useful to look at some of the most used adjectives, listed in Table 4.

Table 4: Occurrences of twenty prevalent adjectives in the arXiv corpus. The ’range’ column indicates
the number of articles in which the word appears.

Term n Range

High 1311 121
Different 1191 128
Large 1057 124
First 781 124
Multi 754 109
Low 729 92
Deep 614 118
Real 541 103
Original 463 96
Better 456 113
New 438 111
Long 432 84
Objective 429 88
Available 406 106
Efficient 406 106
Robust 371 84
Open 364 85
Diverse 361 90
Best 356 99
Complex 350 89

Such list is a curious mix of metrical definitions and expressions of primacy. None of them, though,
expresses a particular attachment to the sensorial domain that is usually related to judgement.
Interestingly, when comparing the frequency of adjectives with their binary opposites, the ratios
tend to consistently favour the term referring to the positive or greatest attribute in the dichotomy:
for instance, the frequency of ’high’ is 1.79 higher than ’low’, ’large’ occurs 4.02 times more than
’small’, ’new’ is 39.81 times over ’old’, ’better’ is 10.13 times over ’worst’, and ’long’ 2.16 times
over ’short’. In this sense, adjectivation is employed as a way to generically emphasize the efficacy of
technical procedures, rather than to describe their phenomenological effects.

4 Words in context

4.1 Sound, audio, music, listening

Analyzing the occurrence rate of terms gives an intuitive understanding of which ontologies constitute
the discourse of neural network engineering. However, to acknowledge how such ontologies are
conceived and employed requires to examine them within their context of use and to evaluate the
meanings that are attributed to them. The field of natural language processing offers several effective
methods. Collocation extraction algorithms and n-grams are able to retrieve relevant syntagmata,
valuable to study how words are grouped together to build larger structures of meaning. Key Word in
Context indexing (KWIC) is a practical procedure to align all the sentences containing a given word
or group of words and analyze them in their context. For this study, the AntConc corpus analysis
toolkit has been employed.
The most important words to dissect are undoubtedly the triad of sound, music, and audio. ’Sound’ is
the term that generally has the most broadly encompassing meaning among the three, although it is
by far the least occurring in the arXiv corpus. It appears in 78% of articles, the majority of the times
associated to the syntagma ’sound event(s)’, a definition that suggests a temporal attribution. In their
context of occurrence, sound events are usually phenomena that need to be detected, recognized, or
localized. This suggests that they are something out-there, already present in the world, to which
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neural network engineers relate by means of classification and detection. In fact, the word ’sound’
often occurs in the syntagma "sound source(s)". In its singular form, sound is sometimes associated
to the concepts of localization, positioning, separation, and distancing, suggesting a sense of locality
and situatedness of the phenomenon. However, the occurrence of such syntagmata is limited to the
subset of articles in the corpus dedicated to sound spatialization. In the other papers, this concept
of locality is usually not manifested. Much more frequent than ’sound’ is the term ’audio’, which
appears in 96% of the articles. The contexts of usage of the term encompass the entire semantic
field of the corpus, from ’audio generation’ and ’captioning’, to ’audiovisual’ and other forms of
multimodality. As sound, audio is also associated to ’events’, but it is more often thought in terms of
’audio data’, ’signals’, ’samples’, or ’recordings’. It has, therefore, a distinct objectual nature. A vast
vocabulary of operations are documented in the corpus: audio is sampled, used, converted, divided,
transformed, created, encoded, extracted, fused, generated, identified, mixed, observed, degraded,
sliced, standardized, trained, and transcribed. Judging from such phraseology, audio is an intrinsically
passive entity, understood and experienced by means of manipulations it is subjected to. Apparently,
audio has no agency on its own. Thus, in the ontology described in the arXiv corpus, sound and audio
are distinct in the sense that sound is a phenomenon that has a spatiotemporal determination, whose
nature has to be captured by means of information retrieval, whereas audio is a malleable material,
the recipient and the object that has to be transformed and refined.
Differently from sound and audio, the meaning of ’music’ is often made explicit by the researchers:
it is ’an art form centered on sound’ (Tian et al., 2025b, p. 1), whose enjoyment is ’a highly personal
experience’ (Harada et al., 2025, p. 1); music is ’an extremely specific modality’ (Zhu et al., 2025a,
p. 1), ’a universal medium [...] crossing cultural and linguistic boundaries’ (Wu et al., 2025a, p. 2).
Such definitions converge in attributing to music a strong cultural complexity, which, by the way
researchers describe it, seems to exceed the representational and hermeneutical capabilities proposed
by the engineers’ models. Nevertheless, some of the most occurring syntagmata suggest the attempt
to overcome these difficulties, engaging in ’music generation’, ’retrieval’, ’tagging’, ’transcription’,
’representation’, ’analysis’, and even ’understanding’. The phrasing ’music understanding’ occurs
134 times and it is generally intended as a subfield of music AI devoted to a variety of tasks, such
as ’genre classification, emotion prediction, and key detection’ (Zhu et al., 2025a, p. 1). The use
of ’understanding’ in this context is quite peculiar, as in common language this verb is generally
associated to a more nuanced intellectual and emotional grasping of reality than numerical tasks
such as detection and classification. Neural network engineers in the arXiv corpus often seem to
not recognize such nuance, as it is also attested by the usage of the verb ’reasoning’ associated
to algorithmic computation. This type of terminology appears to be in contradiction with the
aforementioned emphasis on the cultural and experiential complexity of music. In relation to sound,
audio, and music, another term would be useful to analyze. The word ’listening’ is present in 43%
of the articles in the arXiv corpus, with roughly 40% of them mentioning it only once. With the
exclusion of a handful of outliers, ’listening’ is hardly a relevant category in the corpus, revealing the
weak integration of phenomenological, subjective experience into the discourse of neural network
engineering.

4.2 Natural, real, original

Other notions worth of examining are those related to the oppostion between nature and artificiality.
Following the tradition of Actor-Network Theory, the focus is on observing how these notions are
constructed and employed in the agents’ enunciations, without giving them for granted. In the
analyzed articles, ’nature’ is never nature in itself but the nature of something – like, for instance, ’the
nature of the training process’. Nature is therefore not a subject but often an attribute, as the adjective
’natural’ is present in 69.5% of the papers. While often it is phrased in the syntagma "natural language
processing", it also assumes other meanings. ’Natural’ is a quality attributed to sounds and signals
coming from the preexisting world, either anthropic or not – as exemplified by the phrasing ’natural
characteristics of unaltered audio’ (Farooq et al., 2025, p. 4). ’Natural’ stands for intact, not yet
subjected to manipulation. At the same time, it is an attribute that the neural network models need to
achieve: engineers try to ’generate high-resolution, natural-sounding audio’ (Hong and Choi, 2025, p.
2), ’natural and high quality voices’ (Guo et al., 2025, p. 1), ’convincing levels of natural sounding
vocals’ (Sharma and Gupta, 2025, p. 1), ’speech that is natural and understandable’ (Xue et al., 2025,
p. 26), ’achieving natural and expressive audio’ (Chen et al., 2025a, p. 3), and ’more natural sound
reconstruction’ (Hong and Choi, 2025, p. 5). The resemblance of naturality is thus perceived as
an intrinsically positive characteristic. Another recurring adjective is ’real’, present in 78% of the
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articles, often in the syntagma ’real world’. There are ’real world applications’, ’real world scenario’,
’real world audio’, ’real world data’ – a recurrent referencing to a world outside the engineering
practice, to which, apparently, neural networks do not fully belong, but which need to imitate in the
most ’realistic’ fashion. The same kind of meaning is given to the adjective ’original’, appearing
in 73% of the texts, in relation with entities that have to be either transformed into something else
or reconstructed by models. The dichotomy between the natural and artificial world is therefore
considered an a priori condition, but at the same time the authors of the papers strive to bridge the
gap between the two worlds by means of technical enhancement. This, in turn, could mean that
such a priori distinction is not understood as essential, as mere improvement can dissolve it – or,
alternatively, that engineers believe that technoscience is capable of overcoming essential ontological
differences.

4.3 Objective and subjective metrics

A dichotomy also manifests in the opposition of ’objective’ and ’subjective’ judgements, this time in
a more epistemological rather than ontological sense. The word ’objective’ occurs 1.87 times more
than ’subjective’, although it is often intended as a noun, synonym of ’target’. Very often, ’subjective’
and ’objective’ occur as collocates as two parallel forms of assessment of the models’ results. The
dialectic between the two methodologies is best exemplified by the phrase in Liu et al. (2025a, p. 1):
objective metrics ’offer quick and convenient evaluations, yet they often show a weak correlation with
human-perceived quality. In contrast, subjective evaluations directly reflect human judgement, but
are time-consuming, labour-intensive, and lack reproducibility, making it difficult to compare results
across different works’. The limitations of objective metrics are often pinpointed, ’given the challenge
of establishing objective metrics that fully capture musicality’ (Wang et al., 2025b, p. 6). Engineers
seem to be fully aware of such limitations, yet the results of their work is way more often assessed by
means of objective metrics than subjective ones. ’Objective’, in this context, although it might mean
that the measurement is universally valid, has an ambiguous epistemological status, because objective
metrics are constantly contested and redefined in the discourse of machine learning engineering.
Reading the articles in the arXiv corpus, a proliferation of new units of measurement and benchmarks
are constantly negotiated, all of them equally defined ’objective’, as they all descend from statistical
inference. As in the case of bridging the gap between the natural and the artificial, the gap between
what quantitative measures are able to capture and the actual qualities that need to be grasped is
understood as a distance that can be progressively reduced to zero by gradual technical refinements.
This, in tandem with the aforementioned notions of machine ’reasoning’ and ’understanding’, might
suggest that some neural network engineers might be convinced that the capability of grasping the
qualitative side of sound is merely a task that can be fulfilled by a statistical algorithm, once it reaches
a certain perfectioning. Yet, at the current state of the art, such ability is pretended to be reached only
with many caveats on the apparently irreducible complexity of sound and music.

5 Discussion

The data collected and analyzed in the previous sections point to a peculiar technoscientific culture,
whose core values and methodologies diverge to the preexisting computer music culture. However, it
must be kept in mind that due to the type of analysis method employed and the chosen dataset, the
conclusions of this research are not necessarily generalizable to the entirety of neural audio literature.
The purpose of the analysis, in fact, is not to assert that all neural network engineering would align
with one and the same way of ontologizing the world, but rather to identify a specific subculture,
whose contribution to the discipline seems to be becoming, if perhaps only quantitatively, increasingly
relevant. While it is true that choosing other repositories of academic articles other than arXiv might
have revealed other perspectives on sound, it is impossible to ignore the amount of scholarly material
found on that platform. It is also difficult to overlook that a significant subset of these articles come
directly from AI labs belonging to some of the most important big tech companies, as well as from
some of the world’s most distinguished academic research centres. Hence, while this study does not
capture the totality of research in this area, it certainly highlights a way of thinking and manipulating
sound that seems to have a growing influence in the contemporary industrial-academic apparatus.
Neither did this study attempt to trace the causes of this transformation in sound ontologies. In
continuity with the Social Construction of Technology (SCOT), an attempt was made to describe
a specific social group – the audio neural network engineers who publish on arXiv – in order to
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understand the way in which they discuss their work. Other methodologies coming from other
disciplines can certainly try to trace back the genealogy of these ideas and how they are reinforced by
social and economic dynamics. Here, the aim was simply to draw attention to the language of those
working in this field, so as to instigate a conversation on the subject and invite other researchers to
engage with it, putting their expertise into practice. Notwithstanding all these caveats, it is significant
to observe some salient features of the articles examined. Firstly, it is noted that the type of neural
network engineering studied in this article manifests a culture of sound without a culture of listening.
The ontological category of sound is essentially subsumed by that of audio, which is seen as data
rather than cultural artefact. The mathematical inscription is conflated with the thing itself. From
this perspective, the direct sensory experience of the phenomenon is of no particular relevance to
these engineers: all that matters is latently encapsulated in the information, in the form of a hidden
statistical pattern. One consequence of this way of thinking is that the traditional actors of music
are less and less present. It is no coincidence that there is a growing interest in the literature for
the design of automatic sound generation systems in non-real time, according to a paradigm that
is increasingly detached from the spatial, temporal, and cultural contingencies within which music
generally emerges. This culture focuses on producing content in the most industrially optimal way,
rather than asking how deep learning can expand the potential of artists and practitioners. Not all the
articles in the corpus converge on this perspective: there are relevant exceptions, such as (Lee and
Pasquier, 2025) and (Pasquier et al., 2025). Nevertheless, the trend seems to follow a process that
philosopher Bernard Stiegler has called ’industrialization of the spirit’ (industralisation de l’esprit)
(Stiegler, 2018).

6 Conclusions

To shed light on the way machine learning engineers might conceive sound, music, and audio, a
linguistic analysis of a corpus of academic articles has been conducted. The data has been analyzed
in comparison with a corpus of older papers on classical audio technology, with the aim of noticing
differences among the fields. Compared to traditional research on digital sound, neural network
engineering seems to give larger priority to the notion of audio and its manipulation. Its ontology
of audio is consistently detached from phenomenological experience and it largely relies on purely
quantitative procedures and measurements, outlining an empirical science without perception as
its fundamental activity. The experience of listening is apparently absent from the practice of
neural audio design, as are absent the traditional agents of musicmaking, such as musicians and
musical instruments. However, the considerations formulated in the analysis of the corpus might not
necessarily generalize to the entirety of the research field – as is the case with every inductive study,
there might be significant outliers. Data has been curated and analyzed in a way that is replicable,
with the aim of encouraging future examinations of different corpora. Additionally, to improve the
depth of the research, the study of the engineers’ enunciations could be accompanied in the future by
other types of studies, including dataset analysis,3 post-phenomenological investigation of the neural
models, as well as participant observation of the practices of neural network engineering.
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