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Abstract

While research in AI methods for music generation and analysis has grown in scope
and impact, AI researchers’ engagement with the ethical consequences of this work
has not kept pace. To encourage such engagement, many publication venues have
introduced optional or required ethics statements for AI research papers. Though
some authors use these ethics statements to critically engage with the broader
implications of their research, we find that the majority of ethics statements in the
AI music literature do not appear to be effectively utilized for this purpose. In this
work, we conduct a review of ethics statements across ISMIR, NIME, and selected
prominent works in AI music from the past five years. We then offer suggestions
for both audio conferences and researchers for engaging with ethics statements in
ways that foster meaningful reflection rather than formulaic compliance.

1 Introduction

AI music and audio models are gaining more traction and prominence in society every day. Confer-
ences like the International Society for Music Information Retrieval (ISMIR) and the International
Conference on Acoustics, Speech, and Signal Processing (ICASSP) have cited record high submis-
sions over the past couple years. Text-to-music commercial generative models like Suno and Udio
report tens of millions of users [61]. Big Tech firms like Google [2, 59] and Meta [15] continue
to release their own music models. What does not continue to grow at the same rate is an internal
reflection on ethical issues of these models from the creators of the works.

In recent years, computer science researchers have sought to address, engage with, and mitigate
the negative impacts of their work through a change to the peer review process [25]. NeurIPS even
implemented a mandatory broader impact statement in 2020 [36], but it is now defunct and instead
baked into a smaller aspect of a required checklist. Conferences such as ISMIR have recently begun
implementing an optional ethics statement that does not count towards the word limit, citing “the goal
of encouraging more discussion of ethical considerations in the ISMIR research community.”1 This
is in line with a larger trend of conferences encouraging ethical reflection by allowing or requiring an
extra page for ethics and broader impact statements, e.g., the International Conference on Machine
Learning (ICML) and the ACM Conference on Fairness, Accountability, and Transparency (FAccT).2

These statements are a valuable opportunity for authors and creators of these models to engage with
the ethical implications of their work. However, when optional, only a minority of people choose
to use them: for instance, only 28% of papers published at ISMIR in 2024 used the page, and often
they are not used for the designated purpose. This is reflective of a wider issue: a recent review of

1https://ismir2024.ismir.net/authors/call-for-papers
2https://icml.cc/Conferences/2025/CallForPapers, https://facctconference.org/2025/aguide
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generative audio works found that less than 10% of papers discuss any potential negative impacts
of their work [4]. This is not indicative of a lack of potential harm—the work also details a suite
of harms including climate impact, copyright infringement, deepfakes, and creativity stifling—but
rather a failure by the research community to ethically engage with their own work.

We see this moment as an opportunity: as ethics statements are increasingly incorporated into the
research process, there is space to support researchers in approaching them productively. We seek to
contribute to that effort by offering guidance, examples, and suggestions for engaging with ethics
statements in ways that foster meaningful reflection rather than formulaic compliance. In this work,
we analyze how authors in music-AI research are currently using these ethics statements, outline
key categories of potential harm that may warrant discussion, and provide calls to action to both
conferences and researchers. The goal of this work is not to encourage formulaic statements, but to
support authors in developing thoughtful, substantive accounts of ethical implications of their work
in order to become better scientists.

2 Current State of Ethics in AI Music: A Mix of the Good, Bad, and Ugly

2.1 ISMIR 2024: An Optional Bonus Page

The optional extra page ISMIR provides which we describe above (Sec. 1) gives researchers an
option to engage with the broader impact and ethical implications of their work without having to
cut any content from the main body of the paper. Even with this added bonus page option, only
n = 37/133(28%) of works wrote one. Further, the average statement was 1.8 paragraphs long,
and only 169 words long (median of 148)—relative to the larger paper, these are very short. Of
these 37 ethics statements, 6 (16%) limited their ethical discussion to a statement that their project
was approved by IRB. Two (n = 2; 5%) other works used this space not to engage ethically with
their work, but to state they did not see any potential for ethical issues or to describe the history
and ownership of the data they were using, without further elaboration of the ethical impact of their
own work. That leaves 29/133(22%) papers published in ISMIR proceedings that detailed potential
ethical implications of their work using this bonus page.

Across these 29 ethics statements, there were 17 unique harms discussed (detailed in the Appendix in
Table 1). The most prominent was the potential for copyright infringement (n = 13; 45%) through
use of released datasets or models trained on those datasets. The second most discussed was the
potential for labor displacement (n = 8; 28%) as a result of these tools being used in industry in
place of artists or other music and sound-related professions such as sound engineers. Tied for third
(n = 7; 24%) were general unspecified bias of the training data and the potential for misappropriation
of cultures through unknowingly using these tools. 5 (17%) papers each discussed the potential harm
for voice replication or impersonation through misuse of these models, as well as a Western bias of
music, sounds, and voices in the training datasets. Only three papers (10%) mentioned the climate
impact, which is likely relevant for the majority of these works. Similarly, only three works each
acknowledged data scraping and privacy as ethical issues. All other harms were mentioned only once
or twice and include sustainability of business models, questions of authorship in AI creations, stifling
of creativity, homogenization of music, memorization of training data, loss of agency, replicability of
scientific works, and the potential for false positives in a deepfake detection algorithm.

2.2 NIME 2024/2025: A Mandatory Statement in the Main Text

The International Conference on New Interfaces for Musical Expression (NIME) collects research
related to musical interface design as well as artistic performances using new musical interfaces.
The conference maintains a set of principles and a code of practice for maintaining ethical research
[35]. It also includes a strict requirement for ethics statements 3, using the following text to describe
guidelines for what authors should include:

“...information regarding sources of funding, potential conflicts of interest (financial
or non-financial), informed consent if the research involved human participants,
statement on welfare of animals if the research involved animals or any other
information or context that helps ethically situate your research.”

3https://github.com/NIME-conference/nime-template/releases/tag/v2024.12.02
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Of the 50 papers in the 2024 and 2025 NIME proceedings containing the phrases “artificial intelli-
gence,” “machine learning,” or “neural networks,” 49 papers included the required ethics statements.
However, without a dedicated page, many of the ethics statements stand as a single paragraph con-
forming to the exact wording of the guidelines, with few delving deeper than funding and recruitment
sources. Themes among these ethics statements include the use of the author’s own music as data
and the use of a system as a tool specifically designed for the author. More generally, these ethics
sections include conflicts of interest, participant informed consent, and ethical data sourcing (e.g.,
creating one’s own datasets or using appropriately licensed material). More detailed reflections tend
to arise in projects involving tangible hardware, where sustainability and materials are emphasized,
or in practice-based collaborations with artists, where authorship and participation are foregrounded.

Exceptions to this pattern occur in NIME papers related to the philosophical aspects of sustainability
and practice in musical interfaces. For example, an analysis of the challenges of preserving deep
generative models for NIMEs uses its Ethical Standards section to articulate the paper’s goals of
minimizing energy usage when recreating models, as well as to consider the authors’ inclusion of the
original authors of the systems compared [13].

It is important to note that NIME proceedings are diverse, spanning augmented instruments, in-
stallations, neural audio plugins, HCI analyses, and human–AI co-creation systems to name a few.
Compared to model- and system-driven venues like ICASSP or ISMIR, NIME papers often center
specific users (e.g., musicians, performers), practice-based methods, and artistic reflections. As a
result, ethical considerations are frequently discussed outside of the ethics section, either in separately
dedicated sections of the paper ([3, 31, 52]) or in the discussion/conclusion sections ([47]).

2.3 Prominent Music AI Works of the 2020s: A Mix of Everything

In addition to these two music conferences, we also surveyed prominent music generation papers from
the last five years starting with Jukebox [17] (2020) as the watershed moment for AI music generation
research. These papers were mainly produced by established academic research groups, Big Tech,
or collaborations between the two. We used as a starting point the 16 music generative modeling
papers recently assessed for openness by MusGO [6], which cover “a diverse set of music-generative
models” and “a variety of architectures commonly used within the field.” We bolstered this set with 9
additional papers identified by our team as high-impact or otherwise representative of state-of-the-art
methods, none of which overlapped with 2024 ISMIR or NIME. The final set can be found in Table 2.
Of these 25 works, n = 13; (52%) had some form of ethics statement. These were typically a short
paragraph or section after the conclusion (n = 10; 77%). Two were written as part of the discussion,
and one was written in the appendix. On average these were slightly longer than ISMIR statements
(1.9 paragraphs and 281 words), though this was driven by one much longer and more effective ethics
statement [60] (11 paragraphs and 1,576 words); the median was on par with ISMIR at 147 words.

Many of these ethics statements reflect a trend in which researchers seek to preemptively defend
their work from criticism rather than to acknowledge and reckon with potential harms. None of
these 25 papers mentioned the potential impact on the environment. Only two works (n = 2) in this
corpus discussed the potential for copyright infringement [51, 60], which is a stark contrast to the
45% of ISMIR ethics statements that discussed this. It is potentially indicative of industry wariness
to even acknowledge the potential for copyright infringement, seeing as n = 20/25(75%) of these
works had at least one industry author and n = 16/25(64%) had a majority of industry affiliated
authors. Thickstun et al. [60] assert “we are certain that generative models of music are similarly
capable of plagiarism,” citing works on memorization in text [11] and vision [55], which has now
been echoed by works in music [5, 7]. Works trained on massive amounts of data such as VampNet
[24] and Moûsai [51] notably lack this acknowledgment in their papers. VampNet used hundreds
of thousands of scraped songs for training data and had no ethics statement, and Moûsai scraped
roughly 50,000 songs from Spotify—though the authors disclose their data acquisition process and
open-source their scraping code. While this transparency is laudable, the authors do not use the ethics
statement to engage with the implications of their use of copyrighted data, but rather to defend this
use as technically legal or “exempted from copyright infringement.”

About half of these statements focused on stating in explicit terms that they acquired their data
through legal means (n = 6; 46%), sometimes without engaging critically beyond stating that
(n = 2). Similarly, two works (n = 2) only briefly mentioned that their training data has biases
without engaging beyond a vague description of what that means. The most commonly discussed harm
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was labor impact on artists, with n = 7; 54% of statements discussing this [15, 18, 44, 51, 58, 60, 66].
As [58] notes, “generative models could potentially create an unbalanced competitive environment
for artists, a problem that is yet to be solved;” this is a harm that could be mentioned in each and
every one of the 25 papers surveyed in this section.

Four of these works [15, 27, 58, 60] discussed the potential harm resulting from training on a
predominance of Western music data, which Thickstun et al. note “inevitably biases the model’s
predictions towards infilling completions that follow Western rules of composition” [60]. This is an
example of more critically engaging with the biases present in your dataset and discussing potential
implications of that, rather than just vaguely gesturing towards the idea of bias.

3 Call to Action: Changes to this Process

This review of the recent use of ethics statements has made two key aspects clear: (1) ethics
statements are underutilized both in terms of writing them at all and discussing a comprehensive
suite of relevant harms, and (2) researchers are frequently using these statements ineffectively by
not engaging with the ethical implications of their work. We believe there are a series of changes that
could right both of these wrongs, but they require collective action by the research community across
various stages of the research process.

Audio conferences should start requiring an extra page allotted for ethics statements instead of
including them as an optional page (or even not allowing space for them at all). However, these
statements should not be a regurgitation of the ethical guidelines provided by the conference. To
help avoid this, the call for papers pages should provide excellent examples of ethics statements from
previous years (such as Thickstun et al. [60], Batlle-Roca et al. [7], or Barnett et al. [5]), so as to call
attention to ethically conducted work and authors who properly engage critically with their work.
The ethics statements could also be required as part of the abstract registration a week before the
conference in order to encourage authors to write these statements thoughtfully and not just as an
afterthought. There could also be a separate set of reviewers for these ethics statements comprised of
authors who submit ethics-focused papers who already have domain expertise and ability to assess the
quality of ethical reflections; making this evaluation relevant to acceptance decisions would provide a
strong incentive for authors to engage more thoughtfully and substantively with ethical concerns.

Researchers in this field should start viewing these statements as an opportunity to begin meaningfully
engaging with the broader implications of their own work. Though they typically come at the end of
the work in reflection, one should begin thinking about the ethical implications of the work at the
start of the research process. In addition to detailing potential harms in ethics statements, one can
describe steps taken to actively mitigate potential harms or even harms the work may be actively
addressing. If it is unclear where to start, they should review a set of harms covered by other works in
the field (such as the ones described in Appendix Tables 1-2 or in a review of harms of these models
[4]). They should identify the harms that could be applicable and detail ways in which the work is
vulnerable to those harms, may perpetuate those harms, or has even taken action to fight against these
harms. Authors should not merely list these off as a checklist, but take the opportunity to engage
with them. For instance, if the researcher performed any training runs on GPUs they can estimate
the environmental cost of a training run: number of GPUs × energy output of GPUs (W) × hours
of training time to get an energy cost in kilowatt-hours (kWh); then the author can disclose this for
transparency and to encourage their peers to do so as well [26].

4 Conclusion and Future Work

In this work we examined the usage of ethics statements in music AI works across ISMIR, NIME, and
other prominent works in the domain. We found that though some authors are using these effectively
to critically engage with the broader implications of their work, there is a dearth of usage and even
more so proper usage of these statements. We identify harms that have been discussed which are
widely applicable, and we present suggestions to improve this process at large. We recognize we can
be a positive force in this domain as researchers intimately familiar with both the ethical implications
of these works and the domain itself. In the future we plan to release a more interactive, open,
and living document guide to assist authors with engaging with these harms. We envision doing so
through a decision-tree type mechanism (e.g., did you use training data in your work? If so these are
some potential harms.) If you would like to contribute, please reach out to the authors of this work.
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A Ethics Statement

In this section we write our own ethics statement for this work, demonstrating both what we believe to
be an effective ethics statement (A.1), which engages with the specific potential harms related to the
content of the work, and an ineffective ethics statement (A.2), which briefly addresses “boilerplate”
issues unrelated to the potential harms of this particular work.

A.1 An Effective Ethics Statement

The primary concern we have with writing this work is that though we encourage ethical engagement
with work, researchers may use our suggestions for harms to discuss in music AI papers as boxes to
check in writing a formulaic ethics statement. As a result, though we would be encouraging more
researchers to write ethics statements, we would be inadvertently contributing to the exact problem
identified in this work which is ineffective usage of these statements.

Another concern we have with this work is that our sample is biased in multiple ways. With regard to
ISMIR and NIME, we focused only on the ethics statements and did not include the main body of text
in the corpus which we analyzed—as a result, we may be categorizing works that critically engaged
with the broader implications of their work in the main text as not doing so in the manner we focused
on. The papers we selected to reflect a sample of 25 prominent music AI papers in the last five years
was certainly sampled to those we believe to be “prominent,” and that is inherently biased to our
own views. We attempted to circumvent this by basing the bulk of these works on those selected by
[6] because we both agreed with the selection and it was then verified my two independent sets of
authors, but this is a biased sample nonetheless.

Finally we acknowledge that calling to attention instances where researchers did not write an ethics
statement may make some authors of these works uneasy, and we are not attempting to shame anyone
by doing so. We are focusing on works that are already prominent in the field in terms of citations or
big names (e.g., Google and Meta), knowing this work will not have a deleterious impact on them
so as to not unjustly critique any nascent works. By doing so we highlight that all works in music
AI going forward should have ethics statements and these big names are no exception. Nevertheless
we acknowledge that this could be viewed in a negative light by our peers, and reiterate causing
discomfort was not our intent.

We believe these outlined risks are far outweighed by the potential benefit we view of conducting this
review.

A.2 An Ineffective Ethics Statement

We obtained all of the papers analyzed in this work through legal means because they were published
on conference proceedings or arXiv. There is likely bias in the sample we analyzed, and future work
should seek to mitigate this bias. We may have reproduced copyrighted content in part by quoting
these works, though it was likely not a legal infringement due to the research provision for fair use
under US copyright law.

This work did not have any human subjects so it was not necessary to obtain IRB approval.

B Technical Appendices and Supplementary Material
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Harms Discussed in ISMIR Ethics Statements
Harm Count Citation
Copyright 13 (45%) [5, 7, 9, 23, 30, 33, 38, 46, 49, 50, 56, 57, 65]
Labor 8 (28%) [30, 37, 48, 49, 50, 56, 58, 62]
General Bias 7 (24%) [7, 14, 20, 30, 32, 46, 56, 64]
Cultural Appropriation 7 (24%) [5, 7, 20, 30, 53, 64]
Voice Replication/Impersonation 5 (17%) [9, 33, 37, 54, 57]
Western Bias 5 (17%) [1, 8, 9, 58, 63]
Climate 3 (10%) [7, 26, 30]
Data Scraping 3 (10%) [7, 22, 58]
Privacy 3 (10%) [32, 57, 65]
Sustainability 2 (7%) [7, 37]
Authorship 2 (7%) [5, 7]
Other 6 (21%) [5, 16, 20, 48, 49, 62]

Table 1: Harms discussed in the 29 properly utilized ISMIR ethics statements, organized by count of
use, percent (of 29), and citations of papers discussing those harms.

Prominent Music AI Works of the 2020s Surveyed in this Work
Harm/Topic Discussed in Ethics Statement Count Citation
Labor/Economic Impact 7 (54%) [15, 18, 44, 51, 58, 60, 66]
Legal Acquisition of Data 6 (46%) [15, 34, 40, 44, 58, 66]
General Bias 6 (46%) [2, 15, 19, 20, 27, 58]
Western Bias 4 (31%) [15, 27, 58, 60]
Loss of Agency/Creativity Stifling 4 (31%) [18, 44, 60, 66]
Voice Replication/Impersonation 2 (15%) [18, 66]
Copyright 2 (15%) [51, 60]
Cultural Appropriation 2 (13%) [2, 27]

No Ethics Statement 12 [10, 12, 17, 21, 24, 28]
[29, 39, 43, 42, 41, 45]

Table 2: Harms (or topics) discussed in the 13 ethics/broader impact sections of the 25 prominent
Music AI papers surveyed in this work, organized by count of use, percent (of 13), and citations of
papers discussing those harms.
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