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Abstract
The performance of a voice anonymization system is typically
measured according to its ability to hide the speaker’s identity
and keep the data’s utility for downstream tasks. This means
that the requirements the anonymization should fulfill depend
on the context in which it is used and may differ greatly between
use cases. However, these use cases are rarely specified in re-
search papers. In this paper, we study the implications of use
case-specific requirements on the design of voice anonymiza-
tion methods. We perform an extensive literature analysis and
user study to collect possible use cases and to understand the
expectations of the general public towards such tools. Based
on these studies, we propose the first taxonomy of use cases
for voice anonymization, and derive a set of requirements and
design criteria for method development and evaluation. Using
this scheme, we propose to focus more on use case-oriented re-
search and development of voice anonymization systems.
Index Terms: voice anonymization, voice privacy

1. Introduction
The goal of voice anonymization is to modify a speech record-
ing in such a way that it does not contain any information that
allow to recognize the speakers in it. At the same time, it should
still be possible to use the audio for other purposes. These could
be the interaction with a voice assistant [1–3], a therapy ses-
sion [4] or the training of a text-to-speech (TTS) system [5]. As
these downstream applications have very different requirements
to an audio, the exact setup of a voice anonymization system de-
pends on its use case.

Most approaches follow the definitions of the Voice Privacy
Challenge (VPC) which has been held in biennial rhythm since
2020 [6]. In this challenge, the downstream tasks are specified
by models used for objective evaluation and by subjective an-
notations. The exact evaluation setup and thus the utility focus
changes each VPC edition which also affects the focus in the re-
search community. For example, in VPC 2020, utility was eval-
uated via speech recognition (ASR) and subjective naturalness
and intelligibility, whereas in 2024 [7], it was ASR and speech
emotion recognition (SER) without subjective evaluation.

While it is known in the research community that the down-
stream task affects the structure and requirements of the voice
anonymization system, in most publications, the downstream
task remains underspecified and needs to be deduced from the
evaluation metrics. The task is often framed as a downstream
machine learning model that is applied to the anonymized data
for example for ASR [6–8], SER [7, 9, 10], or health state de-
tection [11–14]. However, voice anonymization is not only rel-
evant if the audio is used for an automatic prediction method
but also in situations where no such model is applied, such as
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Figure 1: Methodology of this paper. We perform a use case
collection consisting of a literature analysis and user study to
develop a use case taxonomy for voice anonymization. Using
this categorization, we define use case-dependent requirements
and design criteria for anonymization systems.

online conversations between strangers. In such use cases, the
requirements for voice anonymization systems differ from the
one for downstream model applications.

Although the need for a taxonomy of use cases has been
expressed before [15], to our knowledge, there has not been an
extensive discussion of possible use cases for voice anonymiza-
tion and their implications for the design of such systems so
far. In this paper, we thus close this gap by creating a first tax-
onomy of voice anonymization use cases. As shown in Figure
1, we base this taxonomy on an extensive use case collection
consisting of a literature analysis and a user study. We analyze
how different use cases affect the requirements an anonymiza-
tion method needs to fulfill, and define system design criteria
based on these requirements.

Our contributions are the following:
• We propose a taxonomy of use cases for voice anonymiza-

tion based on expert and non-expert perspectives and expec-
tations. We collect these opinions using an extensive litera-
ture review and a large-scale international user study.

• We define requirements that an anonymization needs to fulfill
in different use cases and that influence the design of voice
anonymization approaches.

• Based on these requirements, we propose a use case-based
development scheme consisting of a list of design criteria that
help to decide how to develop and evaluate an anonymization
method for a specific use case.

2. Background and Related Work
2.1. Voice Anonymization as defined in the VPC

In the speech research community, the term Voice Anonymiza-
tion (speaker anonymization, de-identification) refers to the
task of manipulating a speech audio such that the identity of
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a speaker cannot be detected anymore while the audio is still
usable for a specific purpose, generally called the downstream
task. In 2020, after a few individual methods have been pro-
posed previously [16–25], the first common definitions and
standards for the task were defined by the first VPC [6, 26].
Since then, most publications follow these definitions or the ver-
sions of the VPC 2022 [8] or VPC 2024 [7].

In the VPC 2020 [6, 26], the task is described as a game
between users publishing data and attackers aiming to extract
private information from this data. To prevent attackers from
achieving this, users seek to remove personal, identifying infor-
mation from the data while ensuring that all downstream goals
can be achieved. For this, a voice anonymization method is
designed that should (a) return a speech waveform, (b) hide
the identity of the speaker, (c) not change other speech char-
acteristics, (d) keep the same pseudo-voice for all utterances of
a speaker, with different pseudo-voices for different speakers.
Condition (c) was changed to linguistic content and paralinguis-
tic attributes in VPC 2022 [8], and to linguistic and emotional
content in VPC 2024 [7]. The latter further dropped condition
(d). While the exact nature of the downstream goals is not spec-
ified in the VPC descriptions, (c) is evaluated using a range of
objective and subjective utility metrics, such as ASR, pitch cor-
relation, SER, or human annotations of naturalness and intelli-
gibility. The privacy condition (b) has been further evaluated
with different automatic speaker verification (ASV) methods.

These definitions lack a certain specificity, especially re-
garding condition (c). It is not clear if utility should only be
preserved for the specific models used during evaluation, or if
it is expected to e.g., keep all paralinguistic attributes that do
not correspond to speaker identity. In the case of the latter,
it is not clear how to separate identifying attributes from non-
identifying ones. These vague conditions lead to a mismatch
in expectations and assumptions between groups. For example,
it has been argued that a cascading system of ASR and TTS is
not suitable for voice anonymization [27,28], yet, this is not re-
flected in the task definitions and thus such systems have been
proposed by other researchers [29,30]. Without specifying a use
case for the anonymization, it is difficult to come to a consensus
about what approaches are suitable or even acceptable.

2.2. Use Cases in Voice Anonymization

The topic of use cases has been addressed briefly in previ-
ous voice privacy research. For instance, [31] states that the
main applications for speech technology are telecommunication
and human-computer interfaces, and discusses privacy for these
cases. However, the work stays only on a high level in sum-
marizing what kind of sensitive information is processed in a
specific application type (e.g., ASR), and how its processing in-
fluences privacy. By examining the legal and technical situation
of privacy in speech data, [15] describe how and when different
data sensitivity categories apply to speech data. They conclude
that there is a lack of common understanding between legal and
technical communities and thus a need for taxonomies across
several dimensions, including use cases. To our knowledge,
such a taxonomy has not yet been proposed. [32], however,
identified a lack of detail and consistency in papers presenting
voice anonymization approaches. They therefore propose a sce-
nario of use scheme to specify the attack and protection models
an approach has been designed for. While this scheme would
certainly facilitate the comparison of different approaches, it
does not support researchers in their decision on how to design
a system. On the other hand, [33] examine techniques and chal-
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Figure 2: Process of a recording in a general voice anonymiza-
tion application and actors involved in it. There are three op-
tions where to perform voice anonymization: (a) on the user
side, (b) on the service side, (c) on the recipient side.

lenges of content privacy in audio recordings. They identify a
need in specifying the downstream application when choosing a
masking technique because different factors influence the appli-
cability of and requirement for the privacy-preserving method.
While focusing on private information in speech content rather
than voice characteristics, their categorization of privacy threats
according to the way how data is transmitted between different
kinds of human or machine actors and how it can be intercepted
resembles our use case taxonomy in Section 5.

As addressed in Section 2.1 and further discussed in Section
4.1, most voice anonymization publications do not specify what
kind of use case they target. A few works, however, approach a
specific scenario and evaluate their anonymization for that, such
as psychotherapy sessions [4], civic dialogue networks [34],
various health diagnostic settings [11–14], and the anonymiza-
tion of training data for machine learning models [5,35]. These
approaches are still preliminary work for a few specific use
cases but they already show that there is a wide variety of dif-
ferent recording settings, target groups, and general objectives.
In this paper, we will address these issues in more detail.

3. General Application Scheme of Voice
Anonymization

In a general sense, a use case or application for voice
anonymization is a situation involving audio containing human
speech (speech recording), a reason for why this recording was
created and/or is shared (purpose), and one or several reasons
for why it should be anonymized (threats). Within such a sit-
uation, there are different actors interacting with the recording,
with different interests regarding its contents and modifications.
A simplified scheme of these actors is shown in Figure 2.

The first actor is the speaker whose speech is being
recorded and processed. We will use the terms speaker and user
interchangeably for this role, even if the speaker is not aware of
being recorded. Regardless of whether the speaker knows of or
has access to the recording, the first version of it exists on the
user side before then being given to some service. This service
might just transmit the recording to its final destination, e.g., as
an online meeting platform. It might also perform some simple
processing steps or store the audio for a while until it can be
further processed by the last actor, the recipient. The recipient
is closely linked to the purpose of the recording, and can be one
or several humans (listener), algorithms and models processing
the audio (machine), or a long-term storage of the recording.
Some actors are combined as the same entity, e.g., the transmis-
sion service might be the same as the recipient of the recording.
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Each actor has their own version of the recording. Voice
anonymization could be performed at any of those stages (A-C
in Fig. 2), depending on the use case and factors like trust into
each actor, security of the transmission, and device limitations.
It is commonly assumed that the anonymization should either
be performed on the user (A) or service side (B), due to a lack
of trust in the recipient or the requirement to not have to change
the downstream application. However, there could be a scenario
in which the anonymization on the side of the recipient (C) is
preferred, for example when creating a speech dataset.

When developing a voice anonymization method, it is nec-
essary to consider at which point the anonymization should be
performed. This affects technical restrictions but also which
party can influence the anonymization because each actor has
different interests in the recording. The user might want the
recording to be only usable for one specific purpose while the
recipient might have an interest in using it for several different
tasks. Thus, in the one case, anonymization should remove as
much information as possible and keep only what is necessary
for the downstream task, while in the other case, as much in-
formation as possible should be kept and only identifying infor-
mation should be removed. Which of these strategies to follow,
must be decided at an early stage of the system development.

4. Use Case Collection
Since no extensive examination of use cases for voice
anonymization has been performed yet, we first collect state-
ments about applications of such systems from voice privacy lit-
erature. This literature analysis gives insights into what kind of
scenarios and objectives research has been targeting so far, and
how the success of voice anonymization in these scenarios has
been evaluated. As the literature only mirrors the perspective
of experts on this task, we extend this analysis by performing a
large-scale user study. By including answers of members of the
general public across the globe, we aim to understand when and
why non-expert users of speech technology would want to have
voice anonymization being performed. We analyze and cate-
gorize the different statements about anonymization use cases,
motivations, and requirements from literature and user study us-
ing techniques of qualitative content analysis [36]. We start by
collecting all statements for a topic from a subset of publications
or responses, group them into categories according to their sim-
ilarity, and assign the remaining statements to these categories.
New categories are formed if necessary and the overall catego-
rization is checked and revised at the end.

4.1. Literature Analysis

In order to understand the research perspective on voice
anonymization, we analyze a collection of 110 publications [1–
14, 16–30, 32, 34, 35, 37–114]. Most papers present anonymiza-
tion approaches [1, 2, 11, 12, 16–25, 27, 29, 30, 37–97] but we
also include work focusing on evaluation techniques for voice
anonymization [3–5, 9, 10, 13, 14, 28, 98–112], papers describ-
ing the VPC [6–8,26] and other papers about voice anonymiza-
tion [32, 34, 35, 113, 114]. We analyze these papers according
to three aspects: (a) the anonymization situation (use case) and
reason (privacy threat), (b) the requirements for the anonymiza-
tion (i.e., which information to keep and which to remove dur-
ing the process), and (c) the evaluation that is either performed
or proposed for an anonymization system. We give the per-
centage of papers that mention a certain aspect to estimate its
relevance in the research community.

4.1.1. Anonymization Situation

Most papers (72%) mention one or several general use cases for
voice anonymization. Half of the papers (51%) highlight the au-
tomatic processing of speech data, e.g., to preserve user privacy
during their interactions with voice assistants and IoT, tools an-
alyzing the medical conditions of users, or for using speech as
training data in machine learning. 35% of papers see a benefit
in anonymizing data that is intended for human listeners, such
as in social media, medical consultations, customer service, or
court recordings. Another type of use cases includes the general
anonymization in data collections, mentioned in 22% of papers.

Although most papers state such use cases as motivations,
only 16% explicitly express which use case they are aiming for,
whereas the majority leaves this open. If it is specified explic-
itly, the approaches are mainly designed for health applications,
anonymizing model training data, or data sharing.

53% of papers also give one or several reasons for why
voice anonymization should be performed. These reasons are
generally divided into three attack categories. The main one is
protection against spoofing attacks (35%), usually in the form
of voice cloning to get access to personal information or to gen-
erate harmful fake content about a speaker. Another threat are
profiling attacks (26%) in which personal information about a
user (e.g., their age) is extracted, often from different sources,
in order to create a profile of that user, e.g., for targeted ad-
vertisement. Finally, linkage attacks (20%) describe a scenario
in which data is linked to a specific person, usually by using
speaker recognition.

4.1.2. Anonymization Requirements

The requirements of an anonymization system are usually spec-
ified along two dimensions: what information the system should
remove (i.e., anonymize) and what it should keep (i.e., preserve)
from the input audio. Naturally, the main type of information
that is aimed to be removed is anything related to speaker iden-
tity (94%). However, also other personal attributes could be
aimed to be removed, such as gender (4%), emotion (1%), or
sensitive speech content (4%).

There is less consistency when it comes to what information
needs to be kept. The preservation of linguistic information is
often seen as a natural requirement of voice anonymization [28]
but is only named in 65% of papers. Several papers state that
the intelligibility should be preserved (18%). Although simi-
lar, it is important to note that intelligibility and the preserva-
tion of linguistic content are distinct concepts. An anonymized
audio might be intelligible but of different linguistic informa-
tion than the original, or it might degrade the rate of intelligi-
bility while keeping the exact words. Other information that is
regularly targeted to be preserved are naturalness (24%), emo-
tions (14%), voice or audio quality (11%), voice distinctiveness
(10%), and prosody (10%). 4 papers [46, 49, 59, 92] aim for
asynchronous anonymization in which identity information is
only removed for machine inference but unchanged for human
perception, e.g., by adding adversarial noise to the audio.

4.1.3. Evaluation

Almost all papers present some form of objective evaluation
(96%) while a subjective evaluation is performed in 33% of
cases. The objective evaluation is often split into assessing
the privacy requirements (what is removed) and utility require-
ments (what is kept). For privacy evaluation, speaker verifica-
tion (76%) and identification (18%) are most often performed.
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Utility evaluation often includes the use of ASR (75%), SER
(15%), or metrics to assess voice distinctiveness (16%), pitch
correlation (13%), and audio or voice quality (15%). Subjective
evaluation is often measured as naturalness (17%), intelligibil-
ity (12%), speaker similarity (13%) or audio quality (10%).

We observed that not all papers are consistent in evaluating
all requirements that they mention in a paper. For example, 12
papers (11%) claim to keep naturalness during anonymization
but do not evaluate this.

4.2. User Study

The user study was performed on Prolific1 from September
2024 to May 2025. Besides demographic information, partic-
ipants were asked to answer in free text form in what scenar-
ios and why they could imagine voice anonymization should be
used, both in general and specifically for their personal voice.
Participation in the study took around 5-7 minutes and was com-
pensated according to minimum wage in Germany (12.80 Euro
per hour). In total, 170 participants from around the world who
were fluent in English were recruited. 25 had to be excluded
due to off-topic answers, resulting in a total of 145 participants.
The pool of participants was diverse in terms of gender (52%
female, 46% male, 2% other or unknown), and age (48% be-
low 30 years, 28% between 30 and 39, 13% between 40 and
49, 10% above 50 years). The participants came from a set of
24 countries (40% from Europe, 26% from Africa, 29% from
North America, 6% other), with the majority coming from the
US (28%), South Africa (24%), and United Kingdom (23%).
74% of participants stated that English was (one of) their na-
tive language(s), with 15% of participants giving multiple na-
tive languages. Most participants had a higher education (44%
Bachelor’s, 24% Master’s, 6% PhD as highest degree), and all
participants stated to have at least some basic knowledge about
artificial intelligence.

4.2.1. Anonymization Use Cases

Almost all participants named at least one use case for general
and personal scenarios. A few participants (9%) stated that
they would not want their voice to be anonymized, either be-
cause they do not trust the technology or because they would
find it confusing. Otherwise, there were no clear differences in
answers for general and personal situations, so we merge the
answers to both questions together and give the percentages of
participants naming a use case for either question.

The use case that has been mentioned most involves legal
situations, e.g., when a victim or witness gives a statement in
court (33%). Other frequently named situations are online in-
teractions with strangers (20%) and calls to customer service
(18%). Given that the participants are likely to frequently take
part in other studies on Prolific, 19% also mentioned research
situations involving speech.

Overall, a large variety of use cases were named which will
be discussed in more detail in Section 5. Most participants
(83%) listed at least one use case concerning the interaction be-
tween humans. Human-computer communication and data stor-
age scenarios were mentioned by 17% and 32%, respectively.

4.2.2. Reasons for Anonymization

80% of participants gave not only the use cases but also rea-
sons for why the voice should be anonymized in these scenar-

1https://www.prolific.com

ios. The main reason is the wish to simply hide the identity
or stay anonymous (51%), without further explanation of why
this should be necessary. Furthermore, safety (27%), like pro-
tection from retaliation, and protection from harassment (6%)
were given by several participants. Other important reasons are
to ensure the confidentiality of shared information (12%), es-
pecially when talking about medical or financial topics, and to
protect the voice from being cloned or used in model training
(9%). 8% of participants wish to increase the security of their
data through anonymization, e.g., in case of data leaks, and 6%
want to avoid a misuse of their data without consent.

Besides protecting their identity, several participants also
mentioned reasons that involved hiding certain attributes in their
voice, for example because they disliked their voice (3%), want
to generally hide how it sounds like (3%), or do not want to
reveal certain aspects about them like their gender or accent
(7%). 10% of participants further stated that voice anonymiza-
tion would give them confidence to speak freely and give can-
did responses. This shows that voice anonymization should not
only be seen as a technique for privacy protection, but also to
reduce bias, fear, and lack of confidence.

4.3. Comparison of Literature and User Study

When comparing the summaries of use cases described in lit-
erature and user study in Sections 4.1.1 and 4.2.1, it is clear
that there are certain differences in what researchers focus on
when developing a voice anonymization system and what users
expect from it. While use cases involving the interaction be-
tween humans and computers are given in 51% of papers and
most papers rely only on objective instead of subjective evalua-
tion, such use cases are only mentioned by 17% of participants
in the user study. On the other hand, 83% of participants list
use cases for human-human interactions, which are only named
in 35% of papers. This suggests that there are needs for voice
anonymization from the perspective of the general public that
are not addressed in research. We also observed a larger diver-
sity of use cases and reasons for anonymization given by partic-
ipants than in publications. While the literature analysis might
not fully reflect all assumptions and motivations of researchers
but only the ones explicitly stated in papers, it indicates that re-
searchers might need to broaden their perspective on possible
applications for voice anonymization.

5. Use Case Taxonomy
Based on the use cases named in the literature and user study,
we create 25 use case categories by grouping the single use
cases based on the purpose of the recording, the nature of its
contents, or the voluntariness of its creation. Following the dis-
tinction between recipients described in Section 3, we divide
the categories into three main groups (human-human inter-
actions, human-computer interactions, data storage) and 9
subgroups. The overall taxonomy is shown in Figure 3.

Note that some recordings can be used for several use cases,
e.g., the interaction with a voice assistant and the usage of that
data for model training. Since the categories are purely based on
the outcome of our use case collection, there might be use cases
that are not included here. Furthermore, some participants in the
user study stated that anonymization should always be possible
for any kind of recordings, either to have it as a personal choice,
or because certain user groups like children or people in witness
protection programs should always be protected.
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Use Cases

General
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Phone calls
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Voice tech in public
Machine-enhanced interactions

Research study
Dataset creation
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storage

Figure 3: Taxonomy of use cases for voice anonymization.

5.1. A: Human-Human Interactions

This category comprises situations in which speech data is
recorded and shared for a purpose in which people listen to
this data, mostly as a means of communication. The recipi-
ents might or might not be known to the user, and could be one
person or a group of people.

A1: General. These are use cases without a very spe-
cific purpose but just with a general communicative aim. This
includes online interactions where users want to keep the
anonymity of their online presence also in voice conversations.
Similarly, in phone calls, especially when the number of the
caller is suppressed or the caller is a stranger, users would like
to have the option to keep their voice anonymous in case the
other person is a scammer trying to record the user for future
voice cloning scams, or in other way untrusted. A third use
case in this group is voice messages. Some users are aware that
these voice messages would be saved on servers that might not
be secure enough and therefore want to keep their voice iden-
tity hidden. Others stated that they might not know or trust the
receiver of the voice message who could for example forward
the message to other people without the user’s consent.

A2: Testimony. This subcategory contains use cases in
which the user is giving some kind of testimony. The use cases
differ in their gravity and impact, and range from general feed-
back situations to crime revealings. As such, the lowest stakes
are in situations where users give feedback in an environment
in which they are known as a person. This could be at the work
place or in any other situation in which the user is known to the
receivers of the feedback, and wishes to stay anonymous in or-
der to be able to freely express their concerns or complaints. A
second scenario is the classic customer service situation. Here,
it is unlikely that the user is known personally to the customer
service employee but needs to be aware that other people might
listen to the call or might even record it. Depending on the kind
of service, serious complaints might result in disadvantages for
the user. Anonymity is crucial if the testimony reveals crimes
or ethical misconduct, and the user needs to be protected from
retaliation. This is the case for whistleblowing in which an
insider reveals secret information about an organization. An-
other situation are legal recordings which could be statements
by witnesses or victims about a crime. The main difference be-
tween whistleblowing and legal recordings is that whistleblow-
ers generally aim to reach the general public with their informa-
tion, while legal recordings are usually intended for a smaller
group of people such as the police or in court.

A3: Privacy at work. This category consists of scenarios
in which the user is at work and therefore might need to do or
say something that they do not want to be connected to their per-

sonal identity. This could be in a call center situation in which
the call center employee should be anonymous such that the
caller is not aware of their identity in case they want to express
their dissatisfaction with a company in the form of personal re-
taliation. It could also be in business meetings, with company
internal or external members, in which candid comments might
be discouraged unless voices are anonymized. It could also be
a work-related recording that is directed to the general public
in the form of a public relations task. Especially if the job is
controversial or even dangerous, it is important to give the op-
tion to hide the speaker’s identity. Even if the user themselves
agrees with the values of their own work, they might live in an
environment where it would be dangerous to admit to this.

A4: Public interactions. Related to the previous use case,
any recording that is intended for a large group of unknown peo-
ple can pose a certain privacy risk. A user cannot be certain that
the recording would not be listened to by someone they know
personally, or that the data will not be misused. Especially if the
contents of the recording are sensitive, for example in case of
public interviews or talks about specific topics that are broad-
casted to TV, radio or online platforms, anonymization might
be important. This could also apply to other public interactions,
such as radio calls in which the user calls a radio station (e.g., to
participate in a quiz) and this call gets broadcasted. In modern
times, online presence in social media is more prevalent. Sub-
jects stated that they would like to have their voice anonymized
in social media such that their audio cannot be used for threats
like voice cloning, that their personal contacts cannot identify
them, or that their voice cannot be used as background track in
other social media posts.

A5: Healthcare. Any situation that deals with sensitive
information about a person making them vulnerable requires
special protection. This is especially true in case of health-
care topics. One scenario are medical conversations such as
online medical consultations or therapy sessions. Another use
case are situations in which a person seeks for help, for example
in a support group or helpline setting. Offering the option to
anonymize the voice of such people or patients in general might
encourage more people to seek help without having to fear per-
sonal shame or legal consequences.

5.2. B: Human-Computer Interactions

In human-computer interactions, speech recordings are in-
tended to be processed by machines, for example to perform
ASR or analysis tasks. We distinguish between voluntary and
involuntary recordings in this category.

B1: Voluntary Interactions. Recordings in which the user
chooses to interact with a machine via voice count as voluntary
interactions. This includes voice assistants, IoT, and smaller
speech apps that are designed for a specific purpose (e.g., tran-
scription or language learning). These applications might pro-
cess the data on device or in the cloud, and differ in the kind of
information they process. Another use case in this category are
medical tools that are intended to support human practition-
ers in diagnosing and monitoring patients’ health states either
within or outside of medical sessions.

B2: Involuntary Interactions. This category consists of
use cases in which a user does not get to choose whether they
want to interact with a machine, and might not even be aware
that their speech is being recorded and processed. These are
generally situations of voice tech in public places. This com-
prises surveillance technology but also situations where there
was never an intention of processing the data of uninformed
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Figure 4: Requirements and design criteria for voice
anonymization systems that are influenced by its use case.

people, such as voice assistants in cafes or doctor’s offices. In
such cases, it would be necessary to detect and filter out which
interaction is intentional and should be kept, and which should
be discarded or at least anonymized. Another case are situations
that we refer to as machine-enhanced interactions. These are
typically interactions that are intended for a human recipient but
automatically enhanced with voice technology, even if the user
does not want this, e.g., phone calls that include an automatic
processing of the request before transferring them to a human.
Often, the user is forced to interact with the machine if they
want to continue the call and might not know how their speech
data is processed or stored.

5.3. C: Data storage

The third group consists of use cases of general data collection
and storage. There are no immediate goals that the user tries
to achieve with their recording but rather long-term storage or
future processing purposes. The data might later be used in a
use case from A or B, but this future application might not be
defined at the time of recording and storage. Thus, data in this
group generally require a broader utility than in the other cases.

C1: External data collection. These are use cases in
which the speech data is recorded or shared with an external
party, for example to create a voice dataset. This includes re-
search study situations such as voice-based surveys and inter-
views, or dataset creation scenarios in which the data is in-
tended for further analysis or model training. Another type are
interaction recordings which are intended for a different use
case but then stored by a company for quality improvement or
training purposes, such as recorded customer service calls.

C2: Private data storage. There are also cases in which
users might want to let external entities store their data but not
process or access it. This would for example occur in case of
voice messages or private videos stored in the cloud. Though
this could also be solved by encryption, anonymization might
be a viable option if the users do not care or even wish that the
data will be altered.

6. Implications for Voice Anonymization
Systems

The large number of diverse use cases shows that voice
anonymization is needed in a variety of situations and environ-
ments. These range from daily life scenarios that most people
experience on a regular basis to less common but particularly
sensitive circumstances such as whistleblowing. We also found
that hiding one’s identity is not always the only purpose of voice
anonymization. Sometimes, the feeling of being anonymous or
someone else, a protection against voice cloning, secure data
storage, or the reduction of attribute-based biases can be more
important than complete anonymity. Thus, depending on the

use case, there are different conditions that a voice anonymiza-
tion system needs to fulfill. As shown in Figure 4, these are first
reflected in different general requirements to the anonymized
data, and in turn influence how the model and evaluation need
to be designed. As a consequence, the choice of a target use
case leads to strong implications for the development of an
anonymization system.

6.1. Requirements for Voice Anonymization

Each anonymization method needs to fulfill certain require-
ments for its data to be considered as anonymous and suitable
for further processing. These requirements affect the general
applicability of a method in a specific scenario and are there-
fore defined by its use case.

6.1.1. Privacy requirement

The first requirement addresses the question of what informa-
tion to remove from the recording in order to achieve the re-
quired level of privacy. Generally, this defaults to all features
that could be used by a detection model or a human listener to
recognize the identity of any individual in an audio (identifying
information). However, depending on the use case, it might be
necessary to extend this to other personal attributes such as age,
gender, accent, or health state. For example, when anonymizing
a recording where potential listeners might know the original
speaker personally and where the pool of possible speakers is
limited (e.g., in feedback scenarios), the user’s accent might re-
veal their identity even if the voice attributes are changed. It is
therefore necessary to evaluate the exact privacy requirements
for a specific use case, and possibly even for a specific user.

6.1.2. Utility requirement

The question of what information should be kept during
anonymization is closely related to the purpose of the record-
ing and thus its utility. In some cases, only information strictly
necessary for a use case needs to be kept. For example, if an
audio is only intended for ASR (e.g., as part of a dictation app),
the anonymization might not need to preserve the naturalness or
voice diversity of the audio. On the other hand, especially in use
cases involving human-human interaction, it might be prefer-
able to keep more than what is strictly necessary. For example,
in a phone call, not only the linguistic content should be pre-
served and intelligible, but the voice should also be rather pleas-
ant to listen to. For some use cases, it might be beneficial to not
keep the respective property as displayed in the original audio
but to modify them in a way that they improve utility. For ex-
ample, if the speaker has a strong accent that the recipient might
struggle to understand, the anonymization could change the ac-
cent to a more familiar one. In a multi-speaker environment, in-
creasing the perceptual differences between voices might make
it easier for listeners to distinguish between different speakers.

6.1.3. Output requirements

One basic definition of voice anonymization is that the output
should be a waveform. However, the exact specifications for the
output format are not given. For example, it is rarely specified
if the audio should have the same length and speed as the orig-
inal, or if this could or should be changed. These decisions can
affect the privacy protection [112] but also depend on the pur-
pose of the recording or on other processing steps that are being
performed in parallel to voice anonymization. For instance, the
anonymized audio might need to be synced with a video that
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might itself have been anonymized [4]. It could also be that the
linguistic content needs to be anonymized [22,115] which might
need to happen before, during, or after voice anonymization.

6.2. System Design Criteria

Combined with the requirements, the use case further influences
criteria of anonymization model design and its evaluation.

6.2.1. Model Design Criteria

The use case and requirements affect different criteria for model
design, ranging from the design of the anonymization process
to inference limitations.

Target voice selection. Since anonymization typically
changes the appearance of the speaker’s voice, the selection of
the target voice is a big topic in the field. In some approaches,
a reference speaker from a dataset is used as target speaker
[47, 88], other works focus on creating voices that do not cor-
respond to real speakers, either as a combination of a pool of
reference speakers [25,39,56,58], a modification of the original
voice [55,70,94], or by using a generation model [62,63,68,95].
Besides impacting the performance of the anonymization, there
are several aspects that should be considered when implement-
ing a selection method:
• Voice Origin: The first question is where the target voice

should come from. Depending on the purpose, recipient and
ethical factors, it might be acceptable or even beneficial to re-
use or modify the voice of an existing speaker, or it might be
necessary to generate an artificial voice. Selecting an existing
speaker as the target voice is generally simpler but might be
harmful for that speaker or confusing, especially if the voice
is known to the recipient.

• Voice Diversity: Another aspect is the diversity of different
voices created by one anonymization system. In some cases,
it might be acceptable if several users are anonymized with
the same target voice, for example if the recordings are in-
tended for different recipients. However, especially in situa-
tions involving several users, it might be necessary to select
a new voice for each user or even each utterance. In those
cases, it has to be decided how different these voices should
be, and if this voice diversity should exactly match the diver-
sity of the original voices (e.g., in a conversation).

• Durability: A more technical question is how long the as-
signment of original voice to target voice should be kept.
This depends on if the target voice for one speaker should be
consistent for several utterances, sessions or even all times
the speaker uses the respective application. From a secu-
rity and performance point of view, choosing a new voice for
each utterance of a speaker is preferable because then speaker
mappings do not need to be tracked or stored, and in multi-
speaker recordings, speaker diarization only needs to separate
utterances but not speakers. Furthermore, it is more stable
against privacy attacks because the attacker cannot learn this
mapping. However, in most use cases it would be distracting
if the user’s voice would change with each new utterance, for
example in therapy sessions. Especially in recordings con-
taining the voices of several speakers, the information about
how many speakers and who speaks what could be lost.

• Voice Attributes: Since a voice is connected to several at-
tributes of a speaker, changing a voice would also affect how
the user is perceived. In some cases, this is preferred, e.g.,
to reduce attribute-specific biases, but it might also be rel-
evant to keep certain aspects, for example if they are given

by the context or content. For instance, in a legal or med-
ical recording, the gender of a speaker should generally be
kept, whereas it might be preferable to choose features of an
opposite or neutral gender for recordings at the work place.

Multi-speaker support. The handling of multiple voices
by different speakers in one recording has not been addressed
much in voice anonymization research yet [96]. However, sev-
eral use cases consist of multi-speaker interactions, especially
in cases of human-human conversations (e.g., online interac-
tions, business meetings, support groups) and general data col-
lections. If multiple voices are present in a recording, the first
question is if all of them need to be anonymized or if some
could or should stay unmodified (e.g., the therapist or inter-
viewer). Another question is if all voices are combined in one
audio channel, or if each voice comes from a different source
(e.g., in online meetings). Depending on this, speaker diariza-
tion might need to be performed. Multi-speaker anonymization
also affects the question of whether the anonymization or target
voice selection should be performed on user- or service-side. If
everything is performed on the user-side, it might be difficult to
ensure sufficient voice diversity in the anonymized result.

Language support. While voice anonymization research
often focuses on English-only data, several approaches for
language-independent or multilingual anonymization have been
proposed [58, 86, 97]. For a use case, it needs to be assessed
which languages might be present in the audios and whether all
of them need to be supported by the anonymization. Linguistic
phenomena like code-switching and the use of foreign words
should also be taken into account for this decision.

Run-time. The run-time of different voice anonymization
systems has been discussed in the context of designing meth-
ods that could be run in real-time or even streaming [59,77,90].
Such real-time anonymization systems are necessary for sev-
eral use cases, such as phone calls, business meetings or sup-
port groups. In other use cases, a run-time that is a bit slower
than real-time might be acceptable, such as the use of medical
tools or social media. There are even some use cases in which
anonymization could be slower and run in the background, e.g.,
the anonymization of datasets or legal recordings. One ques-
tion related to the run-time is if the anonymized audio should
be presented to the user for a check before it is sent to the recip-
ient. Such a check could give the user the possibility to make
sure that the anonymization worked correctly and produced au-
dio of sufficient privacy, utility and quality. This is obviously
not possible if the interaction is in real-time but could be useful
for example for social media or feedback scenarios.

Device limitations. The device that the anonymization
should run on restricts the space and resources that are avail-
able during the process. Thus, several lightweight approaches
have been proposed [41, 77, 89, 90]. The device limitations de-
pend on whether the anonymization should be performed on the
user-side or on a server. User-side often means that no GPU is
available and that memory is limited. There is more freedom
when performing the operation on a server, but this would re-
quire to transfer the non-anonymized audio to the server, pos-
ing additional privacy and security risks. A related question
is whether an internet connection needs to be available during
anonymization. These questions depend on the sensitivity of
the speech contents and the severity of a privacy leak.

Audio characteristics. A recording can include more than
just voices but information related to the environment in which
it has been created (e.g., background sounds, microphone type,
room reverberation). If this is the case, it should be discussed
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how to process this. The information might give indications
about the identity of the speaker and then needs to be changed
during anonymization. In some situations or use cases, how-
ever, it might be preferred to keep certain aspects of the original
audio characteristics. For example, if a person gives a state-
ment to an interviewer during a protest, they might not want
to remove or modify the background sounds as long as nobody
could be identified from them.

Reversibility. In the earlier works of voice anonymization,
the ability to reverse an anonymization process to retrieve the
original audio from it was seen as an requirement [17, 19, 21].
Nowadays, there is a consensus that anonymization should be
irreversible instead [113] to fully preserve speaker privacy. In
fact, from a legal perspective, anonymization is defined as
an irreversible process, while the reversible pendant is called
pseudonymization [116]. Especially in the case of private data
storage, a reversible modification has the benefit that the user
would be able to retrieve the data back in its near-original form.
While reversible pseudonymization shares certain similarities to
encryption, it might have some advantages over existing meth-
ods, and thus might be a preferred solution for a use case.

6.2.2. Evaluation Design Criteria

Another set of design criteria that depends both on the require-
ments and the model design concerns the evaluation of the
anonymization system. Generally, everything that is defined by
the requirements needs to be evaluated. Model design choices
need to be included in the evaluation if they are important for a
use case. For example, if the run-time is crucial for the suitabil-
ity of an anonymization method in a certain scenario, it must be
measured and reported.

Depending on the utility requirements, the utility evalua-
tion can be either performed objectively, subjectively or both.
Not every use case requires an objective and subjective utility
evaluation. For example, if the anonymized recording is only
intended for human recipients but not for machines, an objec-
tive utility evaluation such as ASR is not necessary and can only
be used as an approximation of the human perception. On the
other hand, if an audio should only be processed by a machine
and not by a human, the naturalness of the audio likely does not
matter and thus a subjective evaluation is not necessary.

Privacy evaluation should always be performed objectively
to test the worst case scenarios for privacy. In most cases, pri-
vacy evaluation should measure the ability of the anonymiza-
tion to hide speaker identity (e.g., using ASV) but it could be
extended to other privacy metrics such that different privacy
threats are considered, e.g., voice cloning. Privacy evaluation
should include a subjective component if it is relevant that the
anonymization can be perceived accordingly by human listen-
ers. Besides empirical metrics, theoretical measures can be used
to give mathematical proofs for privacy levels [31].

7. Future Perspectives
We are aware that the development and evaluation of voice
anonymization systems is already complicated and time-
consuming, and that even in simplified settings, the task is far
from being considered as solved. By proposing to target specific
use cases when developing a method, we do not aim to make the
task more complicated, but instead to increase openness about
assumptions and limitations underlying a technique. We do not
expect researchers to fulfill all criteria for a use case or to per-
form the perfect evaluation. Instead, it is important to address

the limitations of an approach or evaluation to raise the aware-
ness that this method might not perform in all situations as pre-
sented. Furthermore, just because an approach does not achieve
the perfect scores in privacy or utility evaluation, it is not auto-
matically unsuitable for an actual application. Other factors like
run-time, language support or perceptual quality might be more
important for a use case than perfect anonymity, and even some
imperfect anonymization might still be better than no protec-
tion at all. However, the (proven) performance and limitations
should always be communicated to the users.

By developing methods regardless of a concrete use case,
researchers tend to follow the evaluation framework of the VPC
in order to achieve comparability to other methods. In this way,
however, ideas that do not fit to this specific evaluation setup
are being discouraged even though they might be beneficial in
other anonymization scenarios. We therefore need to encour-
age researchers to explore different directions with different
objectives within the realm of voice anonymization. To facil-
itate this, we propose to split this task into several subtasks,
and to include separate tracks for each subtask in the VPC,
e.g.: (a) Voice anonymization for human-computer interactions
in which utility is defined by the performance of downstream
models, (b) voice anonymization for either only human recipi-
ents or human and machine processing, in which factors regard-
ing perceptual qualities of the audio need to be considered, (c)
asynchronous anonymization [92] in which the identifiability of
speakers should differ between human perception and automatic
recognition, and (d) (reversible) pseudonymization in which it
is possible to reconstruct the original audio, in part or in full.

During our user study, we observed that there is a need to
further educate the general public about the harm of generat-
ing false audio content (e.g., in the form of audio deepfakes)
and about ethical uses of voice anonymization tools. Almost
10% of participants stated that they would like to use voice
anonymization technology to either improve the voice in their
recordings or to prank other people. It is important to be aware
that voice anonymization might be misused for illegal or uneth-
ical purposes, but it is also our responsibility as researchers to
inform about what are and what are not the objectives of voice
anonymization. We should ensure that our technology is un-
suitable for generating deepfakes such that anonymized audios
should always be recognizable as manipulated audios.

8. Conclusion
In this paper, we presented the to our knowledge first analysis
of use cases for voice anonymization. Through an extensive
literature and user study, we examined the differences between
what users expect or want from an anonymization and what the
current research focuses on. We find that the people from the
general public have more interest in anonymization in scenarios
that involve human-human interactions such as online commu-
nication and legal testimonies, while the research focuses more
on situations involving human-computer interfaces. From the
outcome of this use case collection, we derive a taxonomy of 25
use cases in voice anonymization, divided into applications of
human-human and human-computer interaction, as well as data
storage. We identify different requirements to the anonymiza-
tion depending on the use case, and define criteria that need to
be considered during system development and evaluation in or-
der to meet these requirements. We hope that this scheme will
help researchers in making decisions for developing new meth-
ods and to support open communication about assumptions and
limitations of voice anonymization systems.
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N. Evans, T. Schneider, J.-F. Bonastre, B. Raj, I. Trancoso,
and C. Busch, “Preserving privacy in speaker and speech
characterisation,” Computer Speech Language, vol. 58, pp.
441–480, 2019. [Online]. Available: https://www.sciencedirect.
com/science/article/pii/S0885230818303875

[114] B. O’Brien, N. Tomashenko, A. Chanclu, and J.-F. Bonas-
tre, “Anonymous speaker clusters: Making distinctions between
anonymised speech recordings with clustering interface,” in In-
terspeech 2021, 2021, pp. 3580–3584.

[115] J. Williams, K. Pizzi, P.-G. Noe, and S. Das, “Exploratory eval-
uation of speech content masking,” in Speech Communication;
15th ITG Conference, 2023, pp. 215–219.

[116] P. Kamocki and I. Siegert, “Pseudonymisation of speech data as
an alternative approach to GDPR compliance,” in Proceedings
of the Workshop on Ethical and Legal Issues in Human
Language Technologies and Multilingual De-Identification of
Sensitive Data In Language Resources within the 13th Language
Resources and Evaluation Conference, I. Siegert, M. Rigault,
and V. Arranz, Eds. Marseille, France: European Language
Resources Association, Jun. 2022, pp. 17–21. [Online].
Available: https://aclanthology.org/2022.legal-1.4/

84


