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Abstract

Audio AI models are increasingly used for a broad range of
applications including music and sound generation, text-to-
speech (TTS), voice cloning, emotion analysis, transcription,
and audio classification. However, we have little understand-
ing of the datasets used to create audio AI models, a gap that
leaves the field without a powerful tool for understanding po-
tential biases, toxicity, copyright violations, and other ethi-
cal and performance issues. We conduct a mapping literature
review of hundreds of audio datasets used in recent music,
sound, and speech AI papers. We first assess the sourcing,
size, and usage of these datasets, finding that while there are
hundreds of audio datasets, few are widely used. Next, we
identify nine representative datasets and conduct several anal-
yses to understand bias, toxicity, representation, and quality.
We find that these datasets are often biased against women,
have stereotypes about marginalized communities, and con-
tain significant amounts of copyrighted work. We also find
that audio datasets often come with scant documentation. To
address this gap, we extend Gebru’s datasheets for datasets to
audio data, providing domain-specific documentation guid-
ance. Finally, to facilitate public exploration of dataset con-
tents and accountability, we developed an audio datasets ex-
ploration web tool which is available below in our links, along
with our code and an extended version of our work including
the appendix and augmented datasheets for datasets.
Content warning: this paper contains discussions of offensive
language.

Web Tool — https://audio-audit.vercel.app/
Code — https://github.com/anniejchu/gen-audio-ethics
Extended version with appendix, including the

augmented datasheets for datasets —
https://arxiv.org/pdf/2410.13114

1 Introduction
Deep learning and ML-based techniques achieve state-of-
the-art performance on a broad range of audio process-
ing tasks, including speech transcription (Radford et al.
2023), pitch estimation (Kim et al. 2018; Liu et al. 2023b),
and acoustic event classification (Wang et al. 2022). Be-
yond solving foundational problems in audio processing,
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these technologies support an increasing number of higher-
level human-AI interactions. For example, virtual avatars,
assistive technologies for the visually impaired, and novel
UI paradigms use audio AI tools to improve user experi-
ences (Danielescu et al. 2023; Upadhyay et al. 2023; Yu,
Parde, and Chattopadhyay 2023). More recently, generative
AI has led to the development of audio-based technologies
for tasks including making reservations and generating mu-
sic from text (Jacques et al. 2019; Wu et al. 2024).

This said, Audio AI has also been implicated and the-
orized in a range of ethical and societal concerns. Emo-
tion analysis technologies have been deployed to make au-
tomated hiring decisions, with outcomes potentially wors-
ened by bias (Akselrod and Venzke 2023). Voice actors and
musicians have alleged their intellectual property (IP) is be-
ing improperly used in audio datasets, in particular by music
generation startups Suno and Udio (Newton-Rex 2024a,b),
the voice generation startup ElevenLabs (Soni 2024), and
OpenAI, which allegedly copied Scarlet Johansson’s voice
without permission (Allyn 2024). Relatedly, voice AI, cre-
ated using large and broad speech datasets, can accurately
clone voices and have been used in financial scams (Granda
2024) and misinformation campaigns (Bond 2024; ANI
2024).

Our paper contributes a broad analysis of audio data cur-
rently used to train AI models spanning the domains of mu-
sic, speech, and sound. This work is motivated by the fact
that while the downstream ethical risks and harms of gen-
erative text and vision models have been the subject of sig-
nificant prior work (Birhane et al. 2024a; Birhane, Prabhu,
and Kahembwe 2021; Bianchi et al. 2023; Hong et al. 2024),
there has been comparatively little focus and understanding
of these issues in the context of generative audio, leading to
a “documentation debt” (Bender et al. 2021) where widely
used audio datasets are often poorly documented and un-
derstood. Inspired by audits of vision and text datasets that
helped crystallize discussion of the ethical harms present in
those generative AI modalities, in this paper we make the
following contributions:
• We chart the recent landscape of audio datasets, sys-

tematizing their creation, size, usage, and submodality
through a mapping literature review of hundreds of au-
dio AI papers.

• We uncover issues with bias, representation, improper
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use of intellectual property, and toxicity in nine widely
used and representative audio datasets.

• We extend datasheets for datasets (Gebru et al. 2021) to
audio datasets to help address their longstanding docu-
mentation debt.

• We create a web-based searchable index of these datasets
to enable further exploration by the public.

2 Background

Before detailing the methods and results of our audio au-
dits, we first briefly describe prior work in audio AI, research
regarding ethical considerations of such developments, and
work in dataset audits more generally.

2.1 Audio AI

To derive models from audio datasets, a number of meth-
ods have been introduced in the audio domain, mirroring
developments in deep learning for text and images. This in-
cludes RNNs (Sturm et al. 2019), CNNs (Google Doodle
Team 2019; Huang et al. 2017), combinations of the two
(Donahue, Lipton, and McAuley 2017), and a recent turn to
techniques leveraging transformer architectures (Agostinelli
et al. 2023; Donahue et al. 2023; Garcia et al. 2023) and
diffusion (Forsgren and Martiros 2022; Wang et al. 2023),
especially as generative AI (GenAI) has captured public in-
terest. The main architectures used in audio modeling are
similar to those utilized in image and text, with adjust-
ments made to handle the specifics of audio or speech data,
such as the Audio Spectrogram Transformer (Gong, Chung,
and Glass 2021), which utilize frequency representations
of audio (e.g., spectrograms) to better model the different
audio modalities. Large audio language models often will
combine pre-trained large language models (LLMs) with
audio-specific encoders to extend LLM capabilities to au-
dio modalities (Tang et al. 2024; Gong et al. 2023; Chu
et al. 2023). Generative audio approaches often borrow from
LLMs (Borsos et al. 2023) or diffusion models that act on
spectrograms or waveforms directly (Liu et al. 2023a).

While there are many semantically distinct audio modal-
ities, they largely fall into three categories: music, speech,
and (environmental) sound—largely referred to as audio
by the community. While historically modeling in each of
these modalities has primarily fallen under separate fields,
recent advances in large audio language models have seen
these distinct modalities being united under single frame-
works (Ghosh et al. 2024; Gong et al. 2023). These models
aim to perform classical tasks, such as Automatic Speech
Recognition and Note Identification under a single model-
ing paradigm (Tang et al. 2024) and support applications
spanning accessibility technologies to music generation. For
more about audio AI, Civit et al. (2022) provide a review of
music generation, Mehrish et al. (2023) review AI for speech
processing, and Nogueira et al. (2022); Kelley and Dicker-
son (2020), and Palaniappan, Sundaraj, and Sundaraj (2014)
review AI for sound processing.

2.2 Ethics and Societal Implications of Audio AI
In light of the recent turn to GenAI and improvements of
other ML-based audio technologies, some researchers have
started to grapple with corresponding ethical concerns and
implications. However, as detailed by the literature review
conducted by Barnett (2023) surveying generative audio re-
search papers, few papers consider the potential negative im-
pacts of their work. Even further, Morreale, Sharma, and
Wei (2023) find that audio datasets are often created with-
out permission of audio owners and creators. Some of these
harms have started to be addressed, especially recently, such
such as training data attribution of generative audio models
(Barnett, Garcia, and Pardo 2024; Bralios et al. 2024).

Shelby et al. (2023) highlight the sociotechnical nature of
AI harms and emphasize that harms cannot exist indepen-
dent of societal norms and structures—they have to exist in
a set of systems. Benjamin (2019) sheds light on how tech-
nological harms (not unlike most societal harms) have a dis-
proportionate effect on people of color; technologies were
built for the people in power and “often adopt the default
norms and power structures of society.” Audio harms are
no exception; they can even be magnified when we do not
understand the contents of the data. Modern voice cloning
models boast of being able to capture diverse voices, but
both being able and being unable to model voice archetypes
like a “gay voice” comes with a host of both safety and rep-
resentational harms (Sigurgeirsson and Ungless 2024). Be-
ing unable to model a particular voice archetype could re-
sult in harms of not representing all types of voices, while
being able to could lead to harmful stereotyping and/or re-
quire data collection that could put participants at risk. Au-
dio AI has also raised concerns about representation, cul-
ture, and data rights. For example, the Māori people have
accused OpenAI’s Whisper transcription AI of training on
recordings of their language, te reo without permission, and
then incorrectly transcribing te reo, potentially damaging its
integrity (Mahelona et al. 2023a).

Audio deepfakes present a whole new set of harms sep-
arate from those already realized by visual and even video
deepfakes. In 2023 alone, music featuring deepfake voices
of popular artists went viral on social media (Coscarelli
2023; Feffer, Lipton, and Donahue 2023), prompting the
music industry to start grappling with intellectual property
concerns entailed by generative audio models (Hoover 2023;
Johnson 2023; Patel 2023; Sisario 2024) and even take down
online communities where deepfake audio was proliferat-
ing (Hook 2023). Audio deepfakes are particularly danger-
ous in the case of phishing and fraud, where bad actors
can impersonate voices with high believability and deceive
people or even bypass voice security systems (Habib et al.
2019; Sisman et al. 2020; Kim, Kim, and Yoon 2022). Many
audio papers, especially text-to-speech papers (TTS), note
the potential for misuse in form of audio deepfake (Wang
et al. 2020; Kim et al. 2020; Kim, Kim, and Yoon 2022)
and some even noted they had no plans to release their
models due to the strong potential for misuse via deep-
fake (Kim, Kim, and Yoon 2022). Hutiri, Papakyriakopou-
los, and Xiang (2024) detail the specific harms inherent
to speech generators such as voice clones of voice actors,
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“bringing back the dead,” and audio deepfakes of public
figures. Batlle-Roca et al. (2023) focus on the specific as-
pect of transparency within generative music and highlight
the link between transparency and creativity, originality, and
ownership of AI-generated music, suggesting that we should
move towards more transparent AI-based music generation.
Within TTS, there are questions with regards to liability of
harmful speech (Henderson, Hashimoto, and Lemley 2023)
as well as harms of the reverse—a high potential for hal-
lucination in speech-to-text (Koenecke et al. 2024) with an
estimate of about 1% of transcriptions being entirely hallu-
cinated.

Other ethical quandaries remain regarding the contribu-
tion of these models to climate change (Douwes, Esling,
and Briot 2021; Holzapfel, Kaila, and Jääskeläinen 2024),
speaker privacy and security (O’Reilly et al. 2024; Cham-
pion 2024), creativity (Khosrowi, Finn, and Clark 2023),
GenAI’s effect on music creators as a whole (Barnett 2023;
Lee et al. 2022) and the ethics of using voice synthesis on
deceased people (Feffer, Lipton, and Donahue 2023; Lee
et al. 2022). Beyond risks for misinformation and economic
harms to artists, recent high-profile instances of fraud (e.g.,
the transfer of millions of dollars to scammers leveraging
GenAI to deceive targets (Lo 2024; Milmo 2024)), physiog-
nomy (e.g., gender and sexual orientation classification (Lee
et al. 2024)), and surveillance (e.g., gunshot detection for
predictive policing (Crocco et al. 2016)) illustrate the real-
world privacy, security, and ethical risks of these technolo-
gies.

2.3 Dataset Audits
Audits of datasets have proven vital for understanding the
behavior and forecasting biases, toxicity, and other harms
of downstream models. Prabhu and Birhane (2021) found
that the 80 Million Tiny Images dataset contained racist and
non-consensual intimate imagery (NCII), (Johnson 2020),
and Birhane, Prabhu, and Kahembwe (2021) and Thiel
(2023) uncovered evidence of child sexual abuse material
(CSAM) in the LAION5B text-image dataset (Schuhmann
et al. 2022), leading to removal of these datasets (Johnson
2020; Cole 2023). While dataset audits incorporate a vari-
ety of methods and aims—representation, toxicity, privacy,
or copyright concerns—they all help determine how the tar-
geted dataset’s contents align with expectations in efforts to
achieve accountability (Birhane et al. 2024b). Paullada et al.
(2021) surveyed dataset audits and found they reveal repre-
sentational harms and the presence of problematic content
overlooked during data curation. Despite the impact of au-
dits, Bender et al. (2021) argue that machine learning faces a
dataset “documentation debt,” with popular datasets having
little if any documentation. Audio suffers acutely from docu-
mentation debt, with very few analyses of audio datasets out-
side of their suitability for increasing technical performance,
with the notable exceptions of bias and representation audits
of Mozilla Common Voice (Shuyo 2014) and Leschanowsky
et al. (2024)’s audit of speaker recognition datasets used be-
tween 2012 and 2021. Our paper builds on these analyses to
include recently used datasets across three major subgenres
of audio–music, speech, and sounds–and concerns including

bias, representation, stereotypes, data quality and quantity,
data sourcing, and copyright.

3 Mapping Review of Current Audio
Datasets and Models

To understand how many audio datasets exist, the distribu-
tion of their usage in the research community, and how these
datasets were sourced, we conducted a mapping review en-
hanced with systematic elements (Ferrari 2015) utilizing the
STAMP sampling method (Rogge et al. 2024) on audio mod-
eling papers submitted to arXiv, a preprint platform previous
studies have found to be an effective source for current and
important audio AI papers (Barnett 2023). We searched for
papers uploaded between May 1 2023 and May 1 2024 to
capture one year of data and annotated the datasets included
in these papers. We chose this time frame to capture con-
temporary usage of datasets in a field that has undergone
rapid changes in recent years given fast growing academic
and commercial interest in generative AI. We analyzed au-
dio modeling papers until we approached dataset saturation
(i.e., further analysis yielded few new datasets).

Our final corpus for the mapping review included 66 pa-
pers about music, 59 papers about speech, 19 papers about
general audio (either environmental non-music, non-speech
sounds, or general purpose audio), and five papers about
music and speech (typically singing voice synthesis)—these
categories are mutually exclusive. The authors then went
through these papers and identified any audio datasets used
for training or evaluation, yielding 175 unique datasets. Fig-
ure A5 in Appendix A.2 provides a visual representation of
this process.

3.1 Analysis of Current Audio Datasets
We analyzed the 175 datasets found through our mapping
review in order to understand practices, uses, and creation
methods. For each dataset, we noted the number of times it
was used by papers in our corpus, the number of times it had
been cited overall (beyond our sample), its size in hours, the
categorization of its contents (music/speech/general sound),
how its corresponding data was collected, and concerns re-
lated to potential copyright infringement (see Table 1). For
further detail on how we annotated and calculated these fea-
tures, see Appendix A.2.

Distribution and Usage of Datasets Of the 175 datasets,
the vast majority of them were only used in one (n = 99;
57%) or two papers (n = 45; 26%). The full distribution can
be found in Figure A6. Only a handful of datasets were used
more than 5 times. Speech datasets had the largest skew:
most datasets were only used by one paper, while VCTK
(Yamagishi et al. 2019) was used by 14. We find a wide
variation in length even among the most popular datasets:
the Mozilla Common Voice dataset is nearly two orders
of magnitude larger than VCTK dataset, despite both be-
ing speech datasets. Speech datasets were also the largest
by number of hours (see Appendix A.2) We documented
573,522 hours of speech data (median = 59 hours), the vast
majority of which came from VoxPopuli (Wang et al. 2021),
a 400,000 hour dataset consisting of European parliament
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Overview of Datasets
Overall Creation Method Size (Hours) Citations Copyright

Category Datasets Scraped Sum Median Mean Sum Median Mean Infringing
Music 61 36% 74,139 19 1,236 14,346 98 267 33%
Speech 80 24% 573,522 59 7,546 39,511 202 590 20%
Sounds 31 32% 37,178 64 1,377 11,998 159 461 35%

Music+Speech 3 0% 44 15 1 30 15 15 0%

Table 1: Descriptive statistics from 175 datasets identified in review. Split by music, speech and sound, we list the count of
datasets, percent that were scraped, size in hours, total number of citations (beyond our corpus), and conservative estimate of
the percent likely copyright infringing. This information was determined by two authors independently evaluating each dataset
by reading the original papers proposing the datasets (when present), investigating all possible information provided online
about the datasets, and lacking both of those downloading the dataset and assessing this information. For further detail on how
we calculated hours and decided which datasets had potential copyright issues, see Appendix A.2.

event recordings, and the Spotify Podcast Dataset (Clifton
et al. 2020), 100,000 hours of Spotify Podcasts that has been
removed from public access. Music datasets totaled 74,139
hours, with a similar skew (median of 19 hours) driven
by The Million Song Dataset (Bertin-Mahieux et al. 2011)
(50,000 hours), Irish Massive ABC Notation Dataset (Wu
et al. 2023) (7,200 hours), and Free Music Archive (Def-
ferrard et al. 2017) (5,920 hours). These findings stand in
contrast to text and image modalities, where there exist a
smaller number of very large, widely used datasets that have
significant source overlaps (Schuhmann et al. 2022; Gadre
et al. 2024; Raffel et al. 2020; Soldaini et al. 2024).

We also calculated the total citations these datasets had
received1 to gauge popularity relative to usage. As seen in
Figure 1, both usage and citations are quite fragmented,
but actual citations have a heavier focus on a few impor-
tant datasets. Similar to usage and hours, speech dominated
the total citation count receiving 39,511 cumulative citations
(median= 202), with LibriSpeech (Panayotov et al. 2015)
in the lead with 6,136 citations. Music was second with
14,346 cumulative citations (median= 98); GTZAN led mu-
sic datasets in citations with 4,345 citations. Datasets includ-
ing sounds were least cited with 11,998 cumulative citations
(median= 159), with AudioSet being most popularly cited
at 3,204 citations.

In contrast to citing public datasets, many papers in our
corpus did not release the data they used. Out of the 157
papers in our sample, 65 papers used at least one proprietary
dataset, and there were 77 proprietary datasets in total. Of
these 77 datasets, 79% (n = 61) were not released, often
without a rationale.

Language Contents of Datasets When considering the
linguistic diversity in speech datasets, the inclusion of un-
derrepresented languages is frequently not prioritized, with
many datasets predominantly featuring only one language.
Out of the 77 speech datasets we examined, the majority (61)
were monolingual, with 50 solely in English, followed by 7

1Citation data accessed from Google Scholar in Fall of 2024
and may not be exhaustive. Moreover, oftentimes when someone
cites a dataset, they are doing so in acknowledgment of the field
(e.g., in the related literature section) as opposed to actually using
that data for training or evaluation.

in Mandarin. In contrast, 16 datasets encompassed between
2-30 languages, while only two datasets included more than
50 languages.

Sources of Datasets The two most prominent audio data
sources were YouTube (n = 25 datasets) and LibriVox
(n = 13). Other standouts were freesound.org (n = 6), Spo-
tify (n = 4), and VCTK (Yamagishi et al. 2019) (n = 3).
Other popular sources for audio content included podcasts
(n = 6), marketplace websites (n = 4), TED talks (n = 4),
TV shows (n = 3), and parliament/public speeches (n = 3).
We found that LibriVox and its derivatives were referenced
in 35 out of the 59 speech papers included in our litera-
ture review. LibriSpeech (Panayotov et al. 2015), a dataset
comprised of public domain audiobooks read by volun-
teers across various languages, serves as a foundation for
13 derivative datasets, including both direct derivatives like
the LibriSpeech dataset(Panayotov et al. 2015) and Musan
(Snyder, Chen, and Povey 2015), as well as derivatives of
derivatives like LibriLight (Kahn et al. 2020).

The most cited derivative datasets include LibriSpeech
(n = 12) , LJSpeech (n = 9), LibriTTS (n = 9), and Libri-
Light (n = 6). This trend aligns with the overall popularity
of these datasets, gauged by citation numbers. It is crucial to
emphasize that LibriVox predominantly comprises century-
old texts, encompassing outdated and potentially problem-
atic language, cultural perspectives, and social norms, which
we corroborate in our audit in Section 4. Researchers utiliz-
ing LibriVox should be mindful of the potential introduction
of bias and toxicity inherent in this dataset.

Takeaways from the Mapping Review The composition
of audio datasets used by the research and commercial au-
dio community is vastly different than that of text and vision.
It is extremely fragmented—beyond a few notable datasets
(e.g., VCTK (Veaux, Yamagishi, and MacDonald 2017) and
AudioSet (Gemmeke et al. 2017)), researchers tended to
use one-off, idiosyncratic datasets. These datasets also come
with their own suite of problems; much of the contents in
these datasets were likely sourced without creators’ knowl-
edge or consent, potentially infringing copyright or distribut-
ing content at scales beyond the original understanding of
data providers. There is no standardized way to prepare,
create, release, or even discuss audio datasets used in re-
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Figure 1: Area charts displaying the proportion of all 175 audited datasets by (1) number of times used in our paper corpus,
(2) the cumulative total of citations received to date. Split into 4 categories: Speech, Music, Non-Music/Non-Speech sounds,
Music and Speech combined. When datasets were so small their font was illegible, we instead display a blank box.

search. Much of the work done in this literature review was
brute-force data diving to understand the composition of
datasets—future datasets should be prepared and released in
a more mindful and documented manner. We discuss a sug-
gested approach at the end of our paper, adapting datasheets
for datasets (Gebru et al. 2021) to the audio domain.

4 Audit of Audio Datasets
Given the lack of documentation and sheer number of audio
datasets in recent use, we next conduct deeper inspections
of nine audio datasets that we identified as representative.
We choose these datasets by identifying the five most fre-
quently used and the five largest datasets in each submodal-
ity: music, speech, and sound (n = 24 total after removing
duplicates). We removed datasets that are not freely acces-
sible (n = 3: Audiosparx, Million Song Dataset, and Spo-
tify Podcast), or that were drawn from the same sources as
larger datasets in our audit (n = 10: AudioCaps, Auto-ACD,
Clotho, Kinnectics 70, Librilight, LibriTS, LJSpeech, Mus-
icCaps, SLakh 2100, and VGG Sound). n = 5 datasets ap-
peared multiple times in the largest and most used rankings.
We exclude Voxpopulli (n = 1), as while it is very large,
only a small fraction of it is transcribed, limiting its useful-
ness for audio AI. We exclude musdb18 (n = 1) due to its
small size (150 tracks), and exclude the Irish ABC (n = 1)
due to its specificity and lack of live recordings limiting its
usefulness for training general purpose music or audio mod-
els. We are left with nine remaining datasets (n = 9), rep-
resentative of the largest and most popular audio datasets in
recent use across submodalities. We assess for bias, toxic-
ity, representation, presence of potentially copyrighted con-
tent, and other important features for predicting behavior of
downstream models.
1. AudioSet (Gemmeke et al. 2017), a dataset of 2 million

10-second YouTube clips, comprising a range of music,
speech, and sounds;

2. Mozilla Common Voice 17 (Ardila et al. 2020), a corpus
of crowd-sourced sentences read by volunteers;

3. VCTK (Veaux, Yamagishi, and MacDonald 2017), a
dataset of sentences read from the Herald, a Scottish
newspaper, and several shorter accent elicitation texts;

4. LibriVox (LibriVox 2025), a dataset of volunteer record-
ings of public domain books;

5. Free Music Archive (Defferrard et al. 2017), a music-
specific dataset scraped from an online repository;

6. Jamendo (Bogdanov et al. 2019), another scraped music-
specific dataset,

7. Wav-Caps (Mei et al. 2024), a dataset of sounds sourced
from AudioSet (Youtube), The BBC Sounds Effects li-
brary, FreeSound, and SoundBible;

8. GigaSpeech (Chen et al. 2021) a speech dataset sourced
from YouTube, audiobooks, and podcasts; and lastly

9. the Lakh MIDI Dataset (Raffel 2016), a MIDI subset of
the Million Song Dataset (Bertin-Mahieux et al. 2011), a
currently unavailable dataset of music taken by The Echo
Nest, a now defunct music analytics company.

4.1 Overview of Audio Datasets
Creation Dates Text-based audio datasets have two rel-
evant creation dates: audio creation date and text creation
date. VCTK was recorded in 2013 and features newspa-
per articles up to 2013 (Veaux, Yamagishi, and MacDon-
ald 2017). LibriVox recordings were made between 2005
and present day (LibriVox 2025), but rely on public do-
main texts that typically enter the public domain 70 years
after the death of their last living author (The University
of California 2024), and are thus often over a century old.
The Lakh MIDI dataset is derived from the Million Song
Dataset, composed of songs released before 2012 (Raffel
2016). Similarly, AudioSet is composed of YouTube videos
released before 2016 (Gemmeke et al. 2017). Of the au-
dited datasets, only Mozilla Common Voice features both
contemporary audio recordings and text, with creation dates
between 2017 and present. Training cutoff date, or the date
of the most recent training data, has emerged as a crucial
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concern of LLMs, determining which events they may pos-
sess knowledge (Cheng et al. 2024). The relative age of most
audio datasets could lead to downstream models performing
worse on new, or newly popular, words, sounds, and genres,
reflecting a bias towards the past (Birhane et al. 2022).

Identity Representation Who is represented in the
datasets is a central question of dataset audits with signif-
icant downstream impacts on bias. In Table 2 we summa-
rize available information about audio creator demograph-
ics. One notable finding is that audio datasets often have lim-
ited demographic information, and several important demo-
graphic categories—including sexual orientation, disabil-
ity, race, and ethnicity—are not documented in any of the
datasets we audited. To assess representation and bias of dif-
ferent demographics, we instead investigated identity key-
words in audio transcripts. In Figure 2, we present counts of
identity keywords, using keywords from prior work (Dodge
et al. 2021), for each dataset’s transcripts, with plurals and
common alternative spellings merged. With the exception
of Mozilla Common Voice, we find “man” is used 2-10x
more often than “woman” in these datasets. We also find
that many identity keywords have a very low count in many
datasets, with “Muslim” only appearing a thousand times
(3.5x less than “Christian”), and “Nonbinary” appearing
only 24 times. Gigaspeech and Mozilla Common Voice are
the only datasets that contains at least one instance of every
identity keyword studied. While this list of identity words
is not comprehensive, and some words have alternate non-
identity meanings, our results evidence low representation
of marginalized groups in audio datasets.

Language Representation In Figure 3, we show the ap-
proximate number of hours of audio in each dataset for
English and non-English languages, and in Table A5 we
break down by language for non-English languages. We find
that most audio datasets contain between 2x and 10x more
data in English than in non-English, with the exception of
Mozilla Common Voice, which contains 24,424 hours of
non-English data and 3,507 hours of English data.

Sociodemographic bias We assess binary gender bias by
comparing words with the highest pointwise mutual infor-
mation (PMI) difference between “woman” and “man” key-
words across all datasets (Appendix Figure A10). A higher
PMI indicates that words are more strongly associated with
each other. We find “woman”-related words are more asso-
ciated with terms about families and childcare than “man”-
related words, while “man”-related words are not corre-
lated with typically gendered terms. In addition, we find
that “woman”-related words have stronger associations with
“baby,” “beauty,” and “b*tch.” while “man”-related words
have stronger associations with “dead” and “power.” Over-
all, these associations provide evidence that women are com-
monly depicted in relation to families, childcare, and as sub-
jects of the male gaze (Bloom 2017; Mulvey 2013). Non-
binary genders were not represented well enough in these
datasets to assess bias. However, given the prevalence of bi-
ased and toxic content towards queer people online (Queeri-
nai et al. 2023), it is likely larger audio datasets will contain

biased and toxic content towards these groups.

4.2 Toxicity
In this section we assess toxicity in the representative audio
datasets. In Figure A8, we show the most common profane
words in the datasets. We note that profanity is not the same
as toxicity, and in some contexts these words are neither pro-
fane nor toxic. We find that, while all datasets contain at least
some profane words, FMA, GigaSpeech and LibriVox con-
tain by far the most, with many thousands of occurrences
of racist and queerphobic terms. This finding may be due to
LibriVox’s sourcing from public domain texts, which are at
a minimum 70 years old and generally much older, and rep-
resent times when toxic dialogues about marginalized popu-
lations were more overt.

In Figure 4, we present the number of hours of content
in each dataset classified as toxic by the pysentimento
toxicity classifier. This classifier considers not just profanity
but additional textual cues to assess whether a text is toxic.
Examples of and further discussion of sentences classified as
toxic are available in Appendix A.4. While we find that each
dataset has only approximately 1-3% of content flagged as
toxic, this still amounts to hundreds of hours of toxic con-
tent. While levels of toxicity are low relative to the size of
each dataset, LLMs have displayed an ability to recall text
encountered only a few times during training (Carlini et al.
2022), raising the possibility that large audio models will ex-
hibit similar behavior with even small amounts of profane or
toxic content.

4.3 Audio Datasets Licensing
In Table A6, we summarize licenses of audio datasets.
Mozilla Common Voice, VCTK, and LibriVox have per-
missive licenses that allow any use with minimal restric-
tions. The other six datasets all have licenses that poten-
tially impact the ability of these datasets to be used for
training or commercial applications. Lakh is derived from
the Million Song Dataset, itself derived from Echo Nest, a
music data service, which is subject to the Echo Nest Li-
cense (The Echo Nest 2015), which prohibits commercial
use. Lakh also contains many copyright tags, and we present
the most frequent tags in Appendix Figure A11. AudioSet
is derived from YouTube videos, which are licensed either
under Creative Common Licenses (YouTube 2024a) with
different levels of permissiveness, or the YouTube License
(YouTube 2024b), where the creator retains all ownership.
However, YouTube can use or modify videos in connection
with YouTube’s business, and users of YouTube can use or
modify videos only as a feature of YouTube. We present
the most common YouTube channel names in Figure A11
in our Appendix. Free Music Archive and Jamendo data
are covered under several Creative Commons and other li-
censes, including many that prohibit commercial use and
derivatives, require artist attribution, mandate that derivative
works carry the same license, and restrict use to personal use
only. Wav-Caps includes audio from YouTube under Cre-
ative Commons and Youtube licenses, and also content from
the BBC Sound Effects Library under a BBC license that
does not permit commercial use (BBC 2025). GigaSpeech
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Dataset Age Gender Sexual Orientation Language Locale/Country Accent Race/Ethnicity Disability
Mozilla Common Voice yes yes no yes yes no no no
VCTK yes yes (binary) no yes yes yes no no
LibriVox no yes (binary) no yes no yes no no
Lakh no no no no no no no no
AudioSet no no no yes yes no no no
Free Music Archive no no no yes yes no no no
Jamendo no no no no no no no no
Wav-Caps no no no no no no no no
GigaSpeech no no no yes no no no no

Table 2: Documentation of demographics in audited datasets.

Man

Wom
an Male

Fe
male

Europ
ea

n

Chris
tia

n
Jew

ish

Afric
an

La
tin

x
Gay

Muslim Asia
n

Tra
nsg

en
der

Le
sb

ian

Hom
ose

xu
al

Cau
ca

sia
n

Bise
xu

al

Hete
ros

ex
ual

Non
binary

10 4

10 2

Pr
op

or
tio

n

Identity keyword
AudioSet
FMA
GigaSpeech
Jamendo
LibriVox
Mozilla
VCTK
WavCaps

Figure 2: Proportion of identity keyword mentions for each dataset. Y-axis is in log-scale.
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Figure 4: Estimated duration and percent of toxic-predicted
English sentences split by dataset.

includes content from YouTube under Creative Commons
and YouTube licenses, and also a variety of different pod-
casts, each with different licenses (including the 99% In-
visible license (Visible 2025) and Australian Broadcasting
Company license(ABC 2025)), many of which do not per-
mit commercial use. In short, our analysis uncovers exten-
sive presence of copyrighted material in these datasets from
a broad range of artists and creators.

4.4 Audio Content: Listening Audit
Audio data is meant to be heard—so we conducted a “listen-
ing audit” of the selected datasets. Our descriptive review
offers a qualitative assessment of audio quality and con-
tent. Three authors independently reviewed samples from
the seven primary datasets analyzed in this paper. All three
evaluated samples from AudioSet (Gemmeke et al. 2017),
while at least two authors reviewed samples from each of
the remaining six datasets. After listening, authors discussed
their observations to reach consensus.

Quality Among the speech datasets considered, VCTK
(Veaux, Yamagishi, and MacDonald 2017) stood out as very
high quality, though exhibit minor issues, as some sam-
ples contain reverberation, muffling, or instances of speak-
ers stumbling over words. In contrast, the majority of other
datasets exhibit relatively low quality, often characterized
by significant background noise and, in some cases, record-
ings that are nearly unintelligible. Mozilla Common Voice
(Ardila et al. 2020) exhibited notably lower audio qual-
ity compared to VCTK and LibriVox. Frequent background
noise often overshadowed the speech, and environmental or
recording artifacts—such as audible keyboard clicks used to
stop recordings—were common, increasing the likelihood
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of these artifacts being learned by models. Wav-Caps and
GigaSpeech had varying levels of quality, with some clips
apparently created in recording studio, and others with low
quality microphones in noisy conditions.

In contrast, music datasets demonstrated considerably
higher audio quality, featuring stereo channels and a sam-
pling rate of 44.1 kHz. Both FMA and MTG-Jamendo
datasets included a mix of vocal and non-vocal tracks, with
a strong representation of samples having digital audio pro-
duction elements such as sampling, synthesizers, and ap-
plied audio effects. Among these, MTG-Jamendo (Bog-
danov et al. 2019) offered exceptionally high-quality audio,
while FMA (Defferrard et al. 2017) was of noticeably lower
quality, often exhibiting environmental noise and a grainy or
distorted sound. Another notable observation was the lack
of normalization, leading to significant variation in loudness
levels across samples. The Lakh MIDI (Raffel 2016) dataset
also demonstrated high quality, though it consists of MIDI
files rather than raw audio, limiting its direct comparison
with other datasets.

Content The source material for LibriVox—public do-
main books—primarily consists of older English texts, re-
sulting in a vocabulary set that is not representative of con-
temporary English usage. Moreover, utterance lengths vary
wildly—ranging from single-word utterances to fragmented
sentences. This abrupt splicing of sentences before their nat-
ural conclusion led to orators delivering them as though they
were complete, even when they ended mid-clause. These
recordings may misrepresent the natural flow of human
prosodic speech, reducing their suitability for tasks that rely
on realistic speech patterns. In addition, we found that the
Free Music Archive dataset (developed for music) contains
many environmental sounds.

AudioSet (Gemmeke et al. 2017) differs from the other
datasets in that it is a collection of URLs and 10 second time
stamps links to Youtube videos, each with associated con-
tent tags. Many clips are over a decade old, have under 1,000
views, and would seldom surface to contemporary Youtube
users. This practical privacy is disrupted by their inclusion
in AudioSet. This concern is especially pertinent given that
some of these videos had children or minors talking to cam-
era (e.g., vlogs), raising ethical questions surrounding con-
sent for using these data to train models. Categorizations
(tags) were frequently incorrect or inconsistent—for exam-
ple, a video tagged “bicycle” might include a bicycle in the
footage but no accompanying “bicycle”-like sound. Incon-
sistent tagging is also evident in instances where two audio
samples with similar content were assigned tags with dif-
ferent levels of detail, such as a produced song with vocals
being tagged as “Music” in one case and “Music, Singing,
female singing, musical instrument” in another. We found
some categorizations to be potentially offensive, in partic-
ular the category “funny music” which we found applied
to non-Western music. While “Speech” was a common tag,
there was no distinction for language nor differentiation
between background and foreground speech (e.g., speech
meant to be intelligible vs. background conversation). Sim-
ilarly, music is frequently tagged without differentiation be-

tween foreground music and incidental background music.

4.5 Privacy
Multiple datasets, including all datasets using YouTube,
Free Music Archive, and Jamendo to source data, often
contain metadata enabling determination of the names of
speakers. Additional personally identifiable information is
often available through metadata, audio, or–particularly on
YouTube–video, including faces and locations. We found
many instances of YouTube videos of children being in-
cluded in datasets. Most critically, voiceprints are founda-
tional to many of these datasets, and they contain voiceprints
of tens of thousands of people. Voiceprints present with
other PII, particularly names, are especially concerning,
raising the possibility audio AI models could inadvertently
learn to reproduce the voices of people in their training
datasets, or malicious actors could use these datasets to im-
personate the people within them.

5 Discussion
In this paper, we identified 175 audio datasets that have been
recently used for generative audio AI. The distribution of
their use is long-tailed, with a small number being used fre-
quently, and a majority being used only once or twice. Many
audio datasets were created specifically for research pur-
poses, but approximately one third were scraped from on-
line sources. These scraped datasets carry various licenses—
often Creative Commons versions that bar commercial use,
remixing, or require attribution—complicating their use for
AI training. The corpora also contain many instances of pro-
fanity and toxicity. Sparse documentation and metadata ob-
scure who is represented in audio datasets, highlighting a
need for better documentation practices. Through a content
analysis, however, we found that marginalized communities
were less likely to be explicitly mentioned in audio datasets.

5.1 Impacts of Bias and Toxicity in Audio
Datasets on Downstream Models

Our analysis indicates that the datasets we analyze in depth
are biased both statistically (i.e., skewed inclusion of cer-
tain types of data) and socially (i.e., certain keywords and
terms correlated with identity), in addition to containing
non-trivial amounts of profane and potentially toxic con-
tent. Given that models in other modalities have displayed
an ability to recall data encountered only a few times dur-
ing training (Carlini et al. 2022), this raises the possibility
that large audio models will exhibit similar behavior with
even small amounts of profane or toxic content. These is-
sues can also lead to disparate performance across socially
salient categories. For instance, we observe heavy empha-
sis on the English language across datasets. Downstream of
these datasets, Radford et al. (2023) note that while their
Whisper transcription model obtains state-of-the-art perfor-
mance on several tasks, they are limited in that “Whisper’s
speech recognition performance is still quite poor on many
languages” due to their “pre-training dataset [being] cur-
rently very English-heavy due to biases of [their] data col-
lection pipeline.” Disparate performance of transcription via
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audio models across languages, and by extension cultures, is
thus already documented as an impact of representation bias
in audio datasets (Fuckner et al. 2023; Nacimiento-Garcı́a,
Dı́az-Kaas-Nielsen, and González-González 2024).

Problems extend beyond transcription: translation, voice
recognition, and audio generation face similar risks. Our
PMI, identity keyword, and profanity analyses reveal gen-
der associations with certain words, virtual omission of key-
words pertaining to sexual orientation, and a high incidence
of profanity related to sexual anatomy and racial slurs. If
not properly addressed, these features of audio datasets may
yield downstream audio generation models that perpetuate
or even accelerate instances of social bias and toxicity that
echo harmful stereotypes found in the wild (e.g., models that
describe or portray women in a stereotyped way, models that
are unable to create outputs relating to the LGBTQ experi-
ence, models that degenerate into profanity based on sexual
anatomy or racial slurs without provocation, etc.).

Projects like the Common Voice corpus (Ardila et al.
2020), the Corpus of Regional African American Language
(Kendall and Farrington 2023), and the Mid-Atlantic Gender
Expansive Speech Corpus (Hope, Ward, and Lilley 2023)
aim to improve the diversity of speech datasets. However,
ethical dataset creation and use goes far beyond mere inclu-
sion, especially in the context of AI and big tech—it can of-
ten be predatory, harming included communities by expos-
ing them to data- and AI-intensified surveillance, poorly per-
forming AI, and loss of control over data and culture (Mah-
elona et al. 2023b). Auditing datasets to uncover biases and
a lack of representation is the start of the conversation, but
effective solutions must be led by those who own the data
(Mahelona et al. 2023b).

5.2 Scale of Audio Datasets
Audio datasets require considerably more storage per sen-
tence than text datasets. AudioSet totals nearly 2.5TB in
size and contains approximately 52 million spoken words.
In contrast, C4 (Raffel et al. 2020), a text dataset approxi-
mately 30% of the (file) size of AudioSet, contains 153 bil-
lion words (Soldaini et al. 2024). Including the same breadth
and depth of content in audio datasets as text datasets will
require significantly more storage and compute which can
both exacerbate known harms for large generative models,
and create new ones. In particular, the requirement for more
storage and compute limits which actors can train on such
datasets. While most of the datasets of corporations train-
ing the largest audio models remain closed to external audi-
tors, OpenAI Whisper (Radford et al. 2023) was trained on
680,000 hours of audio, and the BigSSL speech recognition
model (Zhang et al. 2022) from Google was trained on one
million hours of YouTube audio. Both of these datasets are
over an order of magnitude larger than the largest freely ac-
cessible dataset in our survey. Thus, generative audio mod-
els may impose significantly higher barriers for participatory
approaches to AI development than generative text models.

Finally, while the high carbon and water impacts (Crid-
dle and Bryan 2024) of LLM training (Luccioni, Viguier,
and Ligozat 2023) and inference (Everman et al. 2023; Luc-
cioni, Jernite, and Strubell 2024) are well known, the scale

of audio datasets raises concerns that audio and multimodal
models will have even higher pollution and resource costs
compared to purely text-based models (Douwes, Esling, and
Briot 2021).

5.3 Source of Audio Datasets
The existence of proprietary datasets vastly larger than open
datasets raises questions about the sources of these datasets.
Google has explicitly sourced massive audio datasets from
YouTube (Zhang et al. 2022), and Spotify released (and then
removed) a 100,000 hour transcribed dataset from hosted
podcasts (Clifton et al. 2020). While OpenAI has not indi-
cated how the Whisper dataset was sourced, nor are they
publicly known to host massive audio datasets, the few in-
dications of the source of massive audio datasets we have
point to existing commercial hosting and streaming corpo-
rations(Davis 2024).

Corporations once freely released massive audio datasets.
Google released AudioSet, over 5,000 hours of YouTube au-
dio, in 2017. However, AudioSet was released as links to
YouTube videos that could be independently downloaded
to obtain audio. When we tried to download this dataset in
May 2024, we found YouTube had rate limiters and crawler
IP blocking that would make downloading this dataset take
several months. Similarly, Spotify released 100,000 hours
of transcribed podcast audio in 2020, but then removed this
dataset in December 2023, citing “shifting priorities” (John-
son 2023). Most explicitly, Universal removed its music
from Tiktok in January 2024, partially citing concerns over
AI generated music and AI covers of its songs (Hoskins
2024). In our analysis of current audio datasets (Section 3.1),
there were 77 proprietary datasets utilized, of which 79%
(n = 61) were not released. We argue these events constitute
a pattern of increasing restrictiveness to proprietary audio
datasets, mirroring recent trends in text data sources (Long-
pre et al. 2024). These restrictions seem in part motivated by
the new value of massive audio datasets for training genera-
tive audio AI. As Ojewale et al. (2024) have noted, restric-
tions on dataset access is a major barrier auditors face, mak-
ing the trend towards closed-source and proprietary datasets
especially concerning.

5.4 Impacts to Rights and Intellectual Property
Any recording of a person’s voice is a biometric identifier
that can be misused for imitation, deception, or right-of-
publicity violations. We found major audio datasets con-
tained a wide array of content licensed under terms restrict-
ing commercial use, including audio from YouTube, the
BBC, and a wide array of podcasts. A generated voice in
an OpenAI product released in 2024 closely resembled that
of actress Scarlett Johansson; she has since threatened legal
action before the product, Sky, was quietly dropped (Allyn
2024; De Vynck 2024). The ability to mimic voice actors,
musicians, and other artists raises concerns of economic and
labor harms, where AI is used to undercut artists with their
own data. With the threat to right of publicity greatly in-
creased through GenAI, individuals in the US may seek re-
course in the precedent of Midler v. Ford Motor Co. which
ruled that voice may form part of an individual’s identity,
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and that imitation of voice without approval is unlawful,
though the specific boundaries of what consists of protected
“identity” remains murky (Lapter 2007). Recently proposed
US Senate legislation seeks to protect the public from gen-
erative AI; if passed, the bipartisan 2024 No AI Fakes Act
would serve to protect individuals’ voices and likenesses
from AI deepfakes (Salazar 2024).

6 Recommendations
As initial steps towards ensuring harms that have plagued
other modalities, including bias, toxicity, and intellectual
property concerns, are not also present in future audio AI,
we recommend (1) audio dataset developers adopt improved
documentation to enable better assessment of bias and rep-
resentation and (2) audio dataset developers only use data
that permits remixing and commercial use at a minimum,
but ideally seek active and informed consent for usage in AI.
Both of these aims may be achieved by continuing existing
practices of creating datasets in-lab specifically for AI.

6.1 Datasheets for Audio Datasets

To enable effective audio AI dataset documentation, we
adapt and extend Gebru et al.’s “datasheets for datasets” (Ge-
bru et al. 2021) and Papakyriakopoulos et al. (2023)’s aug-
mented datasheets for speech datasets to the context of audio
to guide ethical audio dataset development, documentation,
and use. In particular, we add several questions that specif-
ically speak to contents of and representation in audio data,
in addition to questions assessing data provenance, consent,
and copyright. This datasheet is intended to serve both as a
reflexive practice for audio dataset creators, documentation
standards for audio dataset publishers, and a guide for fu-
ture audio dataset auditors. We provide the full datasheet in
Appendix A1.

6.2 Educating and Mobilizing Data Workers

Documenting existing datasets is insufficient to improve
dataset practices. As Birhane et al. (2024b) note in their re-
view of audits, “Most of the academic work we reviewed fo-
cused on the process of evaluating AI systems for bias, fair-
ness, or disparate impacts. Conversely, these studies rarely
focused on other stages of auditing crucial to accountabil-
ity in non-academic work, such as discovering harms, com-
municating audit results, or organizing non-technical inter-
ventions and collective action.” Artists, creators, and other
data workers learning about inclusion of their data in AI
datasets have been a key catalyst for these communities
discussing their wants and needs in regards to inclusion
in AI datasets and subsequently organizing and advocating
(Marx 2024). To support this collective action, we created
https://audio-audit.vercel.app/, a website that enables any-
one to search for their inclusion in prominent audio datasets.
Modeled after dataset search tools used to assess inclusion
of data in AI datasets (Willison 2023a, 2022b,a, 2023b), this
website enables users to understand how their work is being
used in audio AI.

7 Conclusion, Limitations, and Future Work
In this paper, we conducted a large-scale survey of audio
datasets that are used in generative audio models: an au-
dit broadly inclusive of speech, music, and sound datasets.
We found that these datasets exhibit similar patterns of bias
and toxicity as text and image datasets, raising the con-
cern that audio models could, in turn, exhibit similar lev-
els of bias and toxicity as LLMs and image models if these
risks are not mitigated. We found that hundreds of audio
datasets are in use, with several open datasets being signifi-
cantly larger and more widely used than others. However, we
found indications that datasets have recently started becom-
ing more closed and commercial, with past sources of mas-
sive datasets, including YouTube and Spotify, taking down
datasets or implementing new measures to block crawling of
their audio repositories. The widespread presence of copy-
righted material in many of these audio data sources, fre-
quent use of proprietary audio datasets in research by corpo-
rations, and new commercial perceptions raise serious con-
cerns for musicians, voice actors, and other audio work-
ers releasing content online, especially on platforms like
YouTube or Spotify.

Our audit has several limitations and only begins to ad-
dress the dataset documentation debt (Bender et al. 2021)
in audio AI. We were unable to assess the demographics of
the people in audio datasets, and each of music, speech, and
sound require specific and unique audits and analyses. We
were only able to conduct high-level analyses of the con-
tents of a small number of datasets, and each submodality
has important distinctions that merit specialized treatment.
We hope future audits will provide a deeper understanding
of acoustic qualities of audio datasets, and that audio dataset
curators will take steps to diversify their datasets, mitigate
biases and toxicity, and remove copyrighted and other non-
consensually sourced material.
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