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Abstract

Neural audio synthesis technologies have rapidly become ubiquitous in the music and multimedia
industries, causing widespread sociocultural, economic, and aesthetic effects. The evaluation stage
is a particularly relevant phase of their development, as it defines the implicit aesthetic goals a
model should pursue. This study examines sixty-eight recently designed neural audio synthesis
models, critically inquiring into their objective and subjective evaluation criteria. Reductionist
assumptions, incomplete information, limited experimental replicability, and small sample sizes
significantly compromise the epistemic reliability of current evaluation practices. Similarity to pre-
existing music and vague notions of quality and musicality emerge as underlying, poorly articulated
aesthetic principles. Neural audio engineering inherits its evaluation methodologies from pre-existing,
non-creative research fields, uncritically applying them to aesthetic tasks such as automatic music
generation. Consequently, the role of listening is merely reduced to numerical grading, rejecting any
proper qualitative assessment and flattening the aesthetic experience into uni-dimensional quantitative
metrics. In order to overcome these epistemic inadequacies, engineers and musicologists should
cooperate to complement thorough objective measurements with phenomenologically-grounded

forms of listening.

1 CONTEXT

Neural audio synthesis is a set of deep learning techniques
aimed at the automatic generation of sound and music.
Most of current Al music is produced employing some
form of neural audio synthesis, which has largely replaced
previous methods based on the generation of symbolic in-
formation. It is an inherently referential and intermedial
technique: during the training of a neural audio synthe-
sis model, large datasets of pre-existing music — typically
unlicensed — are required, while the generation is condi-
tioned by user inputs in the form of sounds, texts, images,
or videos. The ease with which new music can be mass-
produced, even by unskilled users, makes it a highly at-
tractive technique for the contemporary media industry,
which is investing billions in its further development. Neu-
ral audio synthesis is rapidly entering in the workflow of
musicians and audio engineers, while also replacing pro-
ductive segments in the sector, such as in advertising and
library music. In reshaping what music-making and music
listening are, Al music based on neural audio synthesis is
stimulating the emergence of new musical cultures, as well
as attracting strong criticisms about its extractivist nature.'
There is an urgent need to develop critical frameworks to
assess the ethic and aesthetic implications in the adoption
of this practice (Sturm et al., 2024). The entire production
chain must be analyzed empirically, from data collection
to model development and distribution, complementing
the engineers’ work with sociological and musicological
insights. Whether in academia or industry, research groups
developing neural audio synthesis technologies tend to
consist solely of engineers and data scientists, rarely pos-
sessing an academic background in music studies (Ancona,
2025). Their vision of what music is and how it should be
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'See, for instance, how (Kanhov et al., 2024) analyzed the
impact of Al music on traditional Irish music.

conceived, created, and evaluated inevitably has a signif-
icant influence on the affordance of the technical objects
they devise. Following a Science and Technology Studies
approach, it is important to trace back the epistemic criteria
with which neural audio synthesis models are produced
and tested, observing underlying norms and assumptions.
Neural audio synthesis as a technique emerges at the in-
tersection of two larger research fields, Music Informa-
tion Retrieval and Deep Learning, from which it inherits
methodologies and worldviews. Both fields aim at de-
veloping models and techniques whose efficacy has to be
demonstrated objectively. Benchmarks and metrics are thus
constantly devised as a way to evaluate the capability of
old and new models to compete in specific tasks. There is,
as often happens in engineering, a socially-constructed ne-
gotiation on which metrics are supposed to better indicate
the quality of the models. Different benchmarks contend
the status of objectivity and measurement appropriateness
according to differing epistemic implications and empirical
tests. Metrics themselves are therefore technical objects
that have to be critically analyzed to understand how their
usage might affect musical cultures. At the current state,
the collective discussion surrounding the evaluation meth-
ods of neural audio synthesis is merely technical, lacking
aesthetic considerations on how the adoption of certain
methodologies might affect the sensible results of the mod-
els. This article is thus an attempt at critically examining
the current state of neural audio synthesis evaluation, find-
ing epistemological inconsistencies and methodological
issues, with the intention of stimulating a larger debate on
the matter through a humanistic lens.

2 METHODOLOGY

A corpus of sixty-eight neural audio synthesis models re-
leased between 2024 and 2025 has been examined, track-
ing down which evaluation metrics have been employed



in their development. Technical considerations and design
choices stated by the engineers authoring these models
have been annotated, in order to understand the motiva-
tions behind the adoption of evaluation criteria. The corpus
includes both academic and industrial research, whose re-
sults have been shared in international conferences. Fully
closed models to which there are no available technical
documents describing their design could not be taken into
account for lack of information. While the corpus does not
exhaust all the models that have been released or tested in
the two years analyzed, it is broad enough to provide a pic-
ture of the current state of neural audio synthesis research.
Whereas countless research papers are shared everyday on
platforms such as arXiv without peer review to show the
advancements in the field, this study is exclusively focused
on articles accepted on renowned conferences dealing with
information engineering, deep learning, and music infor-
mation retrieval. The acceptance of the research papers in
such conferences is a sign that the methodological criteria
employed for the evaluation process are considered appro-
priate to the neural audio research community. The corpus
is therefore composed of sixty-eight research articles on
neural audio synthesis presented at the International So-
ciety for Music Information Retrieval (ISMIR, 2024 and
2025), the IEEE International Conference on Acoustics,
Speech, and Signal Processing (ICASSP, 2024 and 2025),
the ACM International Conference on Multimedia (ACM
MM, 2024 and 2025), and the International Conference on
Artificial Intelligence and Machine Learning for Audio of
the Audio Engineering Society (AES AIMLA, 2025). The
complete list of sources is reported in section A. Given the
dynamism of this field, methodologies can radically change
in a short time span; thus the choice of studying only the
two most recent available years. A comprehensive variety
of neural audio tasks can be found in the corpus: some of
the most occurring are text-to-audio or text-to-music syn-
thesis (present in 25 papers), video-to-music (12), audio-to-
audio generation and accompaniment (10), symbolic data
to music (6), instrumental resynthesis (5), timbral transfer
(3), foley generation (3), and vocal synthesis (2). Some
articles focused on specific architectural issues related to
the application of neural networks to audio tasks (8 papers),
while others aimed at improving pre-existing techniques in
the direction of spatial audio (4), long-form generation (3),
and multi-stem control (3). Neural speech synthesis has
not been taken into exam in this research, as it typically
addresses communication tasks rather than creative sonic
processes. Regardless of the wide diversity of applications,
most of the papers in the corpus adhere to similar evalua-
tion standards and expose them in similar forms: articles
on audio engineering typically follow a very rigid formal
structure, which requires a section titled "evaluation" at
the end of the paper, right before optional ablation stud-
ies and the conclusion. This section is often remarkably
shorter than the ones that precede it and is meant to cor-
roborate the validity of the model by comparing it with
pre-existing ones (the so-called baseline), usually through
the use of tables to show promising numerical results. The
majority of the articles contain somewhere in the abstract
or in the introduction a sentence stating that the proposed
model outperforms the baseline in both objective and sub-
jective metrics — it appears as if every single model beats
its contenders, in a paradoxical competition in which every
model is entitled to be defined the best in its league. The
dichotomy between subjectivity and objectivity is also in-
teresting to note, as it seems to be a praxis of neural audio

research to divide the evaluation procedure in these two
categories. Objective metrics involve the use of algorithms
to automatically compare the output of a model with other
models or with studio recorded music; the status of objec-
tivity is thus seen to derive from the computational nature
of the process. Subjective metrics are based on listening
tests conducted with a group of participants, taken as a
representative sample of human listeners. They are typ-
ically limited to quantitative measurements, obtained by
the average scores given by the participants to sound ex-
amples according to predefined aesthetic criteria. They are
also inherently comparative, as they only track how much
a set of generated sounds is supposed to be better than
others, but not what those sounds are in themselves. Quali-
tative analysis is almost entirely absent, banished from the
field as it does not grant numerical objectivity. Given the
methodological differentiation between quantitative and
qualitative metrics, they have to be addressed separately
before drawing general conclusions.

Table 1: Most frequent evaluation metrics in the corpus

Metric n
Fréchet Audio Distance (FAD) 51
Kullback-Leibler Divergence (KLD) 28

Likert scale on aesthetic properties (e.g. 'quality’) 25
Contrastive Language-Audio Pretraining (CLAP) 24

Mean Opinion Score (MOS) 17
Fréchet Distance (FD) 15
Inception Score (IS) 14
Mel-cepstral distortion (MCD) 4
Visual assessment of spectrograms 3
Mean-Squared Error 3
Fréchet Inception Distance 3

3 OBJECTIVE METRICS

In the context of neural audio synthesis research, objective
metrics are seen as a form of computational objectivity: if
a given measurement on a set of sounds results in a value
lower or higher than the same measurement performed
on a different set of sounds, then there is an established
relation granting a mean of unbiased comparison. Deep
learning benchmarks usually assume a ground truth, an ob-
jective observation of external reality to which the inferred
data can be reasonably compared. However, generative
Al poses a significant challenge to this paradigm: what
is the ground truth when the task is creative generation?
In order to compare the product of their research with a
ground truth, engineers have to make a strong assumption
on what can be considered a good example of music cre-
ativity. Neural audio synthesis researchers solve this issue
by selecting a pool of studio recorded pre-existing music
as a comparative example to what the models are supposed
to generate. Any assertion of quality is thus based on the
similarity between the model’s results and the pre-existing
music. To find a ground truth, neural synthesis evaluation
sacrifices the possibility of conceiving musical creation
beyond an imitative paradigm. If the efficacy of a model
is based on its resemblance to an idealized prior example,
the way such resemblance is measured becomes extremely
relevant. The corpus analyzed in this article shows that the
establishment of metrics is the product of a constant nego-
tiation. At least sixty-five different metrics are employed,
six of which have been proposed by the authors themselves
as a way to reconfigure what the evaluation process entails.



An analysis of their frequency of employment across the
corpus shows that there are a few authoritative measures
and a long tail of less used techniques, some of which
are specific to the task they are assessing. The most used
metrics are the Frechét Audio Distance (FAD, computed
in 51 papers), the Kullback-Leibler divergence (KL, 28),
the Contrastive Language-Audio Pre-training score (CLAP,
24), the Frechét Distance (FD, 15), and the Inception Score
(IS, 14). They are all comparative metrics. FAD is by far
the most frequent one — while this could point to a col-
lective adherence to a well-defined and shared system of
measurement, looking at how it is computed in the corpus
rather suggests epistemic arbitrariness.

3.1 Fréchet Audio Distance and Kullback-Leibler
Divergence

Originally designed for the evaluation of music enhance-
ment algorithms (i. e. denoising), FAD has been inherited
by contemporary neural audio engineering, which keeps
using it for a substantially different task. Denoising can be
easily reduced to a matter of fidelity to a given standard,
while sound generation is a much wider and complex mat-
ter. The appeal of FAD in neural audio derives from its
capability of comparing similarity without requiring a spe-
cific ground truth reference, as it does not work at the level
of individual audio tracks. Instead, FAD compares how
different a set of Al-generated audio files is from another
set of possibly unrelated, non-Al-generated recordings, as-
suming that each set can be understood as a multivariate
Gaussian distribution. The authors of the original FAD
algorithm define it a "reference-free free metric” (Kilgour
et al., 2019), even though the measurement is always refer-
ential to another set of pre-existing audio files. FAD does
not directly analyze audio. It uses an embedding algorithm
that takes the audio sets as input and converts it into a set
of compact numerical vectors (embeddings). In the orig-
inal implementation, such embedding algorithm, called
VGGish, is the encoder of a neural network classifier.2
Once the audio sets have been converted into two groups
of vectors, FAD measures the Fréchet distance on their dis-
tribution, which is meant to compute the sonic similarity
between the two sets. Several authors in the corpus assume
that FAD is an objective measure of perceptual quality.® To
put it in the words of Maman et al. (2024), "the assumption
is that perceptually similar audio snippets yield closely
spaced embedding vectors". While a small distance be-
tween two sets might effectively mean that their signals are
somewhat similar, this does not grant that such similarity is
equated on a perceptive level. The similarity of two signals
does not necessarily correspond to a sonorous experience
of resemblance. A phenomenological experience of sounds
could quickly reveal that similar waveforms often sound
unrelated, while widely different signals might sometimes
be perceived as close, as they are framed similarly for
semantic and contextual reasons; yet, phenomenological
analysis is not an accepted method of evaluation in neural
audio synthesis, as it does not grant objectivity. Given that
perceptual similarity is intrinsically subjective, as sounds
are organized by individuals according to acquired onto-
genetic schemata 4, the assumption of objectivity of FAD

The original TensorFlow implementation of VGGish has
been in released in conjunction with Audio Set, a dataset for
object detection (Gemmeke et al., 2017).

3See, for instance, (Mancusi et al., 2025).

*The concept of schema has largely been explored on Audi-
tory Scene Analysis. It is based on neurobiological studies on the

is epistemically unsubstantiated. Subsuming qualitative
perception to a numerical metric is a reductionist opera-
tion. As empirically observed in relation to FAD and other
"distribution distance metrics”, although with methods that
will be criticized in the following section: "no previously
used objective metric captures the perceptual quality of the
synthesized sounds sufficiently well [...] any quality rank-
ing based on these objective metrics is questionable [... ]
measuring generator performance is insufficient to measure
audio quality"(Vinay and Lerch, 2022). The similarity be-
tween embeddings is only indirectly related to a similarity
between the audio signals: embedding algorithms are them-
selves neural networks trained on specific datasets, which
they learn to organize into a multidimensional latent space
in a way that is both ungraspable and contingent to the
training setting. The VGGish embedding algorithm origi-
nates from a past generation of machine learning research,
in which neural audio synthesis was just at its beginning;
it has therefore never observed Al-generated music in its
dataset, making it an improper choice as a classifier. It
has no notion of the type of signals it is fed to, and for
this reason it might reduce them to pre-existing categories
without great discerning capabilities. Gui et al. (2024)
highlighted the inadequacy of VGGish when in their tests
they observed that "four out of five samples with the high-
est FAD scores consist of bagpipe music", meaning that
"particularly recognizable classes may produce unique em-
bedding activations" resulting in higher FAD scores. For
this reason, many of the articles in the analyzed corpus
employ a different embedding algorithm, such as PANN,
Trill, and CLAP.> However, the majority of models still ex-
plicitly rely on VGGish, while twenty-four articles do not
specify which algorithms have been chosen, possibly point-
ing to the implicit use of VGGish. Gui et al. (2024) also
noted that regardless of the choice of embedding algorithm,
other parameters related to FAD measurement have a sig-
nificant impact on the results. Increasing the number of
samples included in the set tends to produce progressively
better FAD scores. Many articles in the corpus are not very
specific in explaining which parameters have been chosen
and for which reason. The extreme variability of sample
sizes, types of embeddings, and reference audio sets ren-
ders FAD scores mostly incomparable between different
measurements. Furthermore, most of the models are not
open source, so that other researchers cannot perform ad-
ditional empirical evaluations. This completely collapses
the fundamental notion of experimental replicability that
lies at the core of scientific research. The most widespread
and widely accepted objective metric in neural audio syn-
thesis evaluation is thus neither objective nor reliable. The
Kullback-Leibler divergence is not much different in this
sense: like FAD, it is a distribution distance metric based
on embedded data. Varying the embedding algorithm and
the other parameters it is possible to obtain more or less
favorable results. It still assumes that statistical similar-
ity equates perceptual quality. If a malicious researcher
decided to provide arbitrary values instead of FAD and
KL measurements to make it look like their closed source
model is superior to its competitors, there would be no easy

subjective, ontogenetic acquisition of top-down cognitive struc-
tures for source identification. See, for instance, (Yost, 2008).

3See (Tailleur et al., 2024) for experimental data on how
different embeddings affect FAD. Note that their assessment is
based on subjective evaluation methodologies criticized in the
following section. FAD has been further critiqued by (Huang
et al., 2025).



way to discover that. Metrics that can be so easily manipu-
lated do not convey objectivity and epistemic validity.

3.2 Contrastive Language-Audio Pre-Training Score

CLAP is a pre-trained multimodal algorithm that is able
to encode both text and sounds in a shared latent space
(Wu et al., 2023). The CLAP score of a sound with re-
spect to its textual prompt is the cosine similarity between
the two encoded vectors: the closer the two vectors are in
the latent space, the most semantically connected they are
supposed to be. Neural audio engineers use CLAP score
as an objective measure to assess the semantic adherence
between given textual prompts and the resulting sounds
in text-to-audio models. They assume that CLAP is in-
herently capable of capturing connotative nuances relating
sounds with their verbal descriptions. However, looking
at how CLAP is trained, some doubts might emerge re-
garding this assumption. Most of the data employed for its
training comes from LAION-Audio-630K, an open dataset
that collects online available sounds from multiple sources.
By far the most used source in the dataset is Freesound, an
online platform for sound sharing. Sounds scraped from
Freesound have textual descriptions given by the users
who uploaded them. An analysis suggests that the dataset
might be polluted by all sorts of improper captions, such
as promotional links and biographic data of the users (An-
cona, 2024). Other sources of training data employed for
CLAP include keyword-based datasets that have been arti-
ficially augmented to captions by language models. Given
the large amount of necessary data to train an algorithm
such as CLAP, it cannot rely on properly captioned data
produced by professional annotators; instead, it has to es-
tablish indirect, automated relationships, whose effective
semantic adherence might vary significantly across the
dataset. Using CLAP score as an objective metric can
thus be a generic way to assess the statistical similarity
between textual captions and sounds, but it does not grant
an epistemically grounded measure of semantic adherence
capable of representing connotative aspects of multimodal
relations.

4 SUBJECTIVE METRICS

While neural audio engineers seem to appreciate objective
metrics despite their epistemic limitations, they tend to be
much more skeptical with regards to subjective analyses.
In a recent paper, Meta researchers define human listeners
as "inconsistent and resource intensive", proposing instead
an automatic system of aesthetic assessment (Tjandra et al.,
2025). The incommensurability of subjective judgment
is perceived as an insurmountable limit to a metric-based
culture. If it is not computable, then it is not reliable.
Yet, aesthetic experiences are not so much a matter of
numbers than rather an entangled conundrum of neurobiol-
ogy, contingency, personal memory, and sociocultural con-
text. Engineers try to solve this tension by flattening down
the complexity of aesthetics and perception into statistical
quantities. The only type of subjectivity allowed in this
field of research is an aggregated average: a vague plurality,
rather than a real subjectivity. In order to obtain an average
of the aesthetic experience, neural audio researchers cannot
rely on qualitative, descriptive assessments from listeners,
opting instead to quantifiable metrics. Twenty-two out of
sixty-eight articles in the corpus do not attempt to perform
subjective evaluations, trusting only objective metrics to es-
tablish the efficacy of their models. The remaining forty-six

show a rather homogeneous context: with the exception of
three papers analyzing spectrograms, two conducting ABX
trials, and a paper listening to potential memorizations, the
remaining articles all employ the same family of subjective
evaluation methodologies. Likert scales and Mean Opin-
ion Scores are ubiquitous in neural audio synthesis. The
Likert scale is a classic psychometric measurement and
possibly the simplest form of quantification of perceived
features. It asks participants to rate a phenomenon in an
evenly spaced numerical scale, whose range can vary — the
most frequent chosen scales in the corpus being 5-point,
10-point, and 100-point. Given that the tests typically aim
at capturing multiple different parameters of the listening
experience, multiple Likert scales are used in parallel. The
Mean Opinion Score (MOS) is the arithmetic mean be-
tween multiple measurements, representing them with a
single scalar value. Neural audio research inherits this
type of testing from telecommunication engineering: sev-
eral articles in the corpus openly cite the ITU-R BS.1534
recommendation, also called MUSHRA, as a reference
(Union, 2015). MUSHRA is an assessment protocol of the
International Telecommunication Union (ITU) designed
to evaluate middle-quality encoding algorithms and it is
therefore meant to help to discriminate the effects of com-
pression to the fidelity of audio transmission. Even though
deep learning encoder-decoder architectures have much in
common with compression algorithms, what neural audio
engineers try to measure with MOS is profoundly differ-
ent to what ITU defined as the appropriate application of
MUSHRA. While telecommunication engineering is exclu-
sively interested in the fidelity of transmission, generative
tasks require to judge the quality and musicality of sounds.
The listening setting defined by MUSHRA is designed
for a specific necessity, which should not be translated
to neural audio synthesis without reconsidering some es-
sential issues. For instance, MUSHRA states that "where
the conditions of listening tests are tightly controlled [...]
no more than 20 assessors are often sufficient for draw-
ing appropriate conclusions from the test" (Union, 2015).
While this might be reasonable for audio fidelity, whose
only interest is understanding to which extent an average
listener is disturbed by minor distortions in a signal, it is
a strikingly small sample size to draw any conclusion on
more complex aspects of listening. Yet, the most frequent
number of participants to subjective evaluation tests con-
tained in the corpus is exactly twenty. Only six out of
forty-six tests enrolled more than thirty participants, and
twelve enrolled ten or less. Seven articles do not mention
the number of participants, compromising any type of epis-
temic reliability of their tests. In general, the small number
of listeners in subjective evaluation tests seems to be com-
pletely inadequate to the type of aesthetic parameters they
are required to judge. It is hard, if not impossible, to draw
any sort of reasonable generalization about qualitative lis-
tening experiences from such small samples. Researchers
often justify the restricted number of participants with a
lack of economic resources. While this might be true in
some occasions, Al research is currently the most funded
research field. Maybe it is not so much a matter of overall
available resources, but rather of resource allocation: read-
ing their research reports, engineers seem to invest only
a small amount of their available funds to subjective eval-
uation. Another aspect of testing inherited by MUSHRA
is the length of the audio files presented to the listeners,
which it recommends to be "approximately 10s [...] to
avoid fatiguing” (Union, 2015). This temporal range is



appropriate when the task is to discern minor timbral and
harmonic aberrations in a signal, but it is too short to as-
sess several aspects of music form and temporal coherence.
MUSHRA prescribes that the assessors should "have expe-
rience in listening to sound in a critical way", but neural
audio research rarely specifies the level of listening experi-
ence of the participants. In the entirety of the corpus, only
a handful of papers give any sort of information regarding
who the assessors are, how they have been selected, and
in which context the scoring is performed. This lack of
information strongly invalidates any attempt of generaliza-
tion. It is striking how articles can be so much detailed
about neural architecture, training parameters, and abla-
tion, while at the same time being incomplete with regard
to subjective evaluation procedures. If not intentionally
vague, surely such incompleteness manifests a lack of trust
or interest in listening tests: MOS measurements are there
because they have to, but they often seem to be perceived
as ancillary by the authors. Even if neural audio synthesis
engineering adopted more accurate subjective evaluation
methodologies, selecting larger numbers of assessors and
controlling the listening context more rigorously, a major
epistemic problem of subjective evaluation would remain
unresolved: the choice of subjective criteria to quantify.
When assessors are asked to score audio excerpts, they
are given predefined parameters, the most ubiquitous ones
being "overall audio quality" (present in 33 articles) and
"semantic alignment" (25). What overall audio quality
means is largely given for granted by the authors and re-
mains unexplained in the corpus, with a few exceptions.
Tian et al. (2025) recursively define it as "the rationality
and quality of the audio", while Zhang et al. (2025) state
that it "measures the naturalness and listenability of the
generated audio". The term "quality" therefore seems to
attract multiple conflicting attributes, all of which are even
more undefined than quality itself. "Semantic alignment” is
a much clearer parameter, as it is simply supposed to mea-
sure how much the generated audio adheres to the input,
being it text, audio, video, or symbolic data; while it is not
certain that it can be effectively represented in a linear scale
between zero and five, at least its meaning is univocal, even
if it requires hermeneutic skills to be interpreted. Quality,
as many other parameters selected for subjective evaluation
in neural audio synthesis, is inherently fuzzy. Engineers
ask assessors to rate "musicality" (3 occurrences), "expres-
siveness" (3), "plausibility" (2), "naturalness" (2). Even
assuming that such categories could be unambiguously
defined, reducing them into a linear scale is epistemically
inadequate. In no way quality can be reasonably flattened
to a uni-dimensional scalar value®; a reductionist, deter-
ministic epistemology would at least recognize that it is
a multidimensional concept. A musicologically-informed
perspective would reject the very possibility of reducing
quality to a number, as it is not univocal in its meaning and
it is not an inherently comparative measure. Asking if a
given sound is qualitatively better than another is a strange
request: listening is not measuring performance or efficacy,
listening is engaging in a relationship (Voegelin, 2010).
The way quality is framed in neural audio synthesis evalu-
ation reveals a lack of knowledge in aesthetics. If neural
audio engineering wishes to validate its empirical results
through aesthetic judgments, then a thorough education
in philosophy of sound, musical aesthetics, and listening
hermeneutics is indispensable in its curricula. Another
option would be to include musicologists in the research

bSee Wittgenstein (1966), lectures I-IV.

teams, opening the subjective evaluation process to a wider
range of possibilities, some of which would necessarily
exceed or refuse the domain of rational quantification. A
synergy between musicologists and engineers would also
help to reframe the underlying objectives of neural audio
synthesis research: what is the aim of these models? Which
aesthetic criteria are implied? Engineers always tend to opt
to some form of rational neutrality, but no criteria is neutral
when it comes to aesthetic judgment and subjectivity. Mu-
sicologists would also help to better define listening tests
when they are supposed to measure musical features such
as "temporal consistency" (12 occurrences), "similarity to
reference” (5), "harmonic consistency" (3), "spatial cor-
rectness"” (3), "vocal clarity" (2), "pitch accuracy” (2), and
"dynamics accuracy" (1). These concepts need to be thor-
oughly described before evaluation, and their assessment
requires specific hermeneutic skills.

5 CONCLUSIONS

To obtain a representative overview of how model out-
put is evaluated in the field of neural audio synthesis, this
study examined sixty-eight models presented at interna-
tional conferences between 2024 and 2025. The analysis
identified significant epistemic inadequacies in both objec-
tive and subjective assessment methodologies. Objective
metrics employed in the field are almost exclusively based
on distributional and comparative measures, obtained by
computing distances between embeddings; they represent
a significantly indirect way of assessing the similarity be-
tween generated audio and reference sounds, yet they are
incorrectly defined as measures of perceptual quality. The
Fréchet Audio Distance, by far the most common objec-
tive metric in neural audio synthesis evaluation, has been
inquired with respect to its technical limitations: outdated
embedding algorithms and parametric variability under-
mine its epistemic reliability, especially in the context of
closed source models and incomplete technical descrip-
tions. Measurements of Kullback-Leibler divergence suffer
from similar issues, while CLAP scores presume that con-
notative sonic features can be grasped by algorithms trained
on highly polluted data. Objective evaluation thus often
lacks empirical replicability and bases itself on question-
able epistemic assumptions. Subjective evaluation method-
ologies, on the other hand, are mostly limited to Likert
scale ratings represented as Mean Opinion Scores, which
are supposed to linearly represent quality and musicality.
A highly reductionist and simplistic understanding of mu-
sical aesthetics and listening hermeneutics is displayed
in how subjective evaluation is conducted. Multidimen-
sional, qualitative features are systematically flattened into
scalar uni-dimensional ratings, whose epistemic adequacy
is untenable under a musicologically-informed perspec-
tive. Qualitative evaluation also suffers from limited num-
bers of assessors, short listening formats, and vague re-
porting of essential contextual information. While some
research groups demonstrated to be more aware of the in-
herent methodological limitations of the current evaluation
paradigm, providing detailed descriptions of their measure-
ments and questioning important issues, the overall picture
observed in this study appears problematic. Neural audio
engineers tend to understand musical quality and meaning-
fulness more as a mere quantitative optimization problem
than as an aesthetic, contextual, situated sociocultural mat-
ter. Reductionism dominates the field, subsuming listening
to numerical grading. To find epistemically grounded eval-
uation methodologies, a new paradigm should emerge from



a close cooperation between engineers and musicologists.
A phenomenological, situated, critical, and discursive per-
spective needs to be included in the evaluation procedures
to complement and overcome reductionism. Neural audio
synthesis has yet to develop its own acoustemology’, a
way of knowing through sound — an endeavor that can only
be fulfilled by questioning the status quo and radically re-
thinking what evaluation means in the field of generative
Al and what it could mean for the cultures it is fostering.
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