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Abstract

Speech signals convey abundant speaker-
related metadata, yet current privacy re-
search predominantly focuses on identity-
centric voiceprint protection, leaving sensitive
Speaker Attribute Privacy (SAP) largely un-
derexplored. This paper introduces AudioPri-
vacy !, a large-scale Chinese dataset designed
to systematically evaluate SAP leakage in re-
alistic, everyday scenarios. Comprising 227.3
hours of audio from 1,000 speakers, it uniquely
encompasses four parallel modalities: speech,
singing, paralinguistic expressions, and non-
vocal acoustic signals (e.g., footsteps). Anno-
tated with 11 diverse attributes, including fine-
grained physiological traits often overlooked
in traditional corpora, AudioPrivacy enables a
granular analysis of acoustic privacy risks. Our
evaluations reveal significant leakage across
multiple attributes, even when inferred from
non-vocal signals. Furthermore, we demon-
strate that state-of-the-art Multimodal Large
Language Models (MM LLMs) can precisely
profile speakers and exacerbate these risks, un-
derscores the urgent need to rethink privacy-
preserving mechanisms in the era of powerful
audio foundation models.

1 Introduction

Speech signals serve as a multifaceted medium
conveying not only linguistic content but also abun-
dant speaker-related personal metadata (Cheng and
Roedig, 2022). With the rapid evolution of Al-
driven analysis, the extraction of such information
has become alarmingly precise, intensifying global
concerns regarding privacy leakage from acoustic
signals (Backstrom, 2025). While contemporary re-
search has predominantly prioritized voiceprint pro-
tection (Hanisch et al., 2025), this identity-centric
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Figure 1: The scenario of speaker attribute privacy leak-
age from audio: the smartphone is corrupted and eaves-
dropped by the hacker to inferences the users’ privacy.

paradigm is increasingly recognized as overly re-
strictive and insufficient to address the full spec-
trum of acoustic privacy risks (Miao et al., 2025).
Consequently, there is an urgent mandate to pivot
toward Speaker Attribute Privacy (SAP), a more
nuanced framework that characterizes speakers
through diverse sensitive traits. Compared to tra-
ditional identity threats, SAP leakage poses more
immediate and tangible risks; as SAPs are directly
tethered to real-world rights and social vulnerabili-
ties, their unauthorized inference can act as a cata-
lyst for systemic discrimination, unfair treatment,
and social exclusion (Ren et al., 2023).

The landscape of SAP extraction has been funda-
mentally reshaped by technological advancements.
Early research treated speaker profiling (SP) as a
series of isolated classification and regression tasks
relying on hand-crafted features (Nautsch et al.,
2019; Kalluri et al., 2020). However, the emer-
gence of large-scale foundation models—such as
wav2vec (Schneider et al., 2019; Baevski et al.,
2020), Whisper (Radford et al., 2023), and WavLM
(Chen et al., 2022), alongside the recent integra-
tion of multimodal large language models (MM
LLMs) (Chu et al., 2024), has significantly ampli-
fied audio understanding capabilities. Inspired by
the potential of CoLMbo (Baali et al., 2025), we
argue that MM LLMs are redefining the SP task
by unifying diverse audio modalities. Yet, despite
these powerful analytical tools, research into the
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Corpus I #Speakers Supporting Attributes

TIMIT (Garofolo et al., 1993) English 630 Gender, Age, American Dialect Regions
VCTK-RVA (Sheng et al., 2025) English 110 Gender, Voice Attributes Label
LibriSpeech (Panayotov et al., 2015) English 2484  Gender, Age, Reader Identity

Mixer 6 (Brandschain et al., 2010) English 594 Gender, Age, Native Speaker Identity
SonicSet (of SonicSet, 2024) English 2484  Gender, Movement Trajectory
WildElder (of WildElder, 2025) Chinese 200 Gender, Age Group, Accent Intensity, Health Status
CN-Celeb (Fan et al., 2020) Chinese 3000 Gender, Age, Occupation

KeSpeech (Tang et al., 2021) Chinese 27237 Gender, Age, Region, Dialect Type
3D-Speaker (Zheng et al., 2023) Chinese 10000+ Gender, Age, Dialect, Device Type
VoxCelebl (Nagrani et al., 2019) Multilingual 1251  Gender, Name, Nationality, Regions

VoxCeleb2 (Chung et al., 2018)

NISP (Kalluri et al., 2021)

HeightCeleb (Kacprzak and Kowalczyk, 2024)
VoxBlink (Lin et al., 2024)

VoxPopuli (Zhang et al., 2021)

SPGISpeech 2.0 (Grossman et al., 2025)

Multilingual (145)
Multilingual (6)
Multilingual
Multilingual
Multilingual (23)
Multilingual (2)

6112
345
1251
23137
4295
5000+

Gender, Age, Ethnicity, Accent

Gender, Age, Height, Shoulder Width, Weight, Accent
Gender, Age, Height

Gender, Region, Language

Gender, Nationality, Native Language

Gender, Professional Identity, Emotional Tendency

M3SD (Wu et al., 2025) Multilingual (10) 1000+ Gender, Dialogue Role

NIST SRE2021 (Sadjadi et al., 2022) Multilingual 5000+ Gender, Nationality, Language Proficiency

AudioRole (Li et al., 2025) Multilingual (2) 500+ Gender, Character Identity, Emotional State, Line Style
AudioPrivacy (Ours) Chinese 1000  Gender, Age, Height, Weight, Shoulder Width,

Waist Circumference, Wrist Circumference, Region,
Education, Shoe Size, Shoe Type

Table 1: The key information of the dataset used for the Speaker Profiling (SP) task, along with the included speaker
attributes. The unique attributes of AudioPrivacy are highlighted in bold.

systemic privacy risks they induce remains substan-
tially limited, hindered by a critical mismatch be-
tween existing datasets and real-world conditions.
As shown in Tab.1, most current corpora are col-
lected in controlled studio environments and focus
on restricted attribute sets, failing to reflect realistic
eavesdropping scenarios where speakers’ SAPs are
exposed via ubiquitous personal devices.

To bridge this gap and provide a rigorous bench-
mark for the MM LLM era, we present Au-
dioPrivacy, a large-scale Chinese dataset specifi-
cally designed for evaluating speaker privacy leak-
age risks in realistic settings. Comprising 227.3
hours of recordings from 1,000 speakers across 27
provincial-level regions, AudioPrivacy simulates
authentic eavesdropping scenarios using personal
smartphones. Distinct from previous datasets, it
captures a holistic acoustic profile of the speaker by
including four parallel audio types: speech (SPCH),
singing (SING), paralinguistic signals (PRLG),
and non-vocal acoustic signals (NVAS). Annotated
with 11 diverse speaker attributes, AudioPrivacy is,
to our knowledge, the most comprehensive dataset
in the SP domain in terms of both audio diver-
sity and attribute granularity. This multi-modal
approach allows for the investigation of privacy
leakage not only from voice but also from intrinsic
biological proxies and extrinsic physical contexts.

The contributions of this work are as follows:
(1) The AudioPrivacy Dataset, providing a largest-
scale, realistic benchmark for fine-grained SAP
research; (2) MM LLM-based Risk Assessment,
demonstrating that advanced models can precisely

profile speakers to achieve significantly heightened
prediction accuracy in over half of the annotated
SAPs; and (3) The RALG Metric, a novel measure
for standardized privacy risk comparison across
heterogeneous audio types and attributes. Our eval-
uations reveal a staggering reality: over half of the
annotated SAPs pose a high risk of leakage under
foundation models, highlighting the urgent need to
rethink privacy protection in the Al era.

2 Related Work

Most datasets used for SP were originally designed
for other tasks. As a result, in addition to common
attributes such as gender and age, which are typi-
cally annotated in many speech tasks, the availabil-
ity of additional attributes for SP varies, as does the
focus of the audio collection. The commonly used
datasets for SP can be classified based on their orig-
inally intended tasks. Representative datasets from
each category are introduced, which can be broadly
grouped into three types: Automatic Speech Recog-
nition (ASR), speaker recognition, and SP.

2.1 Datasets for Automatic Speech
Recognition

The TIMIT dataset (Garofolo et al., 1993), de-
signed for automatic speech recognition (ASR),
includes extensive speaker information, such as
American dialect labels, height, race, education,
and occupation. However, its audio is recorded
in a controlled studio environment, limiting the
diversity of recording conditions and equipment.
In contrast, KeSpeech (Tang et al., 2021) col-
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Figure 2: Overview of the AudioPrivacy data construction process, including overall design, detail design, data

collection, and annotation.

lects Mandarin and eight regional dialects from
27,237 speakers across various regions of China,
with additional annotations for speaker location and
dialect type. MIX6 (Brandschain et al., 2010), a
large-scale ASR-focused dataset, comprises 15,863
hours of audio recorded across 14 channels, includ-
ing interviews, transcribed readings, and conversa-
tional phone speech.

However, ASR-oriented datasets typically offer
sparse attribute annotations, which minimize the
differences between individual speakers. These
datasets are designed to focus on common speech
features, not personalized speaker traits. As a result,
their value in analyzing unique speaker attributes
is limited.

2.2 Datasets for Speaker Recognition

Datasets designed for Speaker Recognition (SR)
tasks can also be leveraged for speaker profiling.

The well-known VoxCeleb series (Nagrani et al.,
2019; Chung et al., 2018) includes over 10,000
voice segments from 1,251 celebrities in Vox-
Celebl (Nagrani et al., 2019), with annotations
covering age, gender, race, occupation, and accent.
VoxCeleb2 (Chung et al., 2018) expands this to
6,000 speakers and over 1,000,000 voice segments.
The NIST Speaker Recognition Evaluation (SRE)
dataset is another resource that can be applied to
speaker profiling.

CNCeleb (Fan et al., 2020), which collected 500
hours of audio from 3,000 celebrities on the Chi-
nese platform BiliBili, covers 11 complex acous-
tic conditions in various speech scenarios. While
these datasets offer a large speaker pool and suf-
ficient audio data, the range of annotated speaker
attributes remains limited. HeightCeleb (Kacprzak

and Kowalczyk, 2024), built upon VoxCelebl1, adds
height information to enhance the attribute variety.
Overall, these datasets primarily focus on iden-
tity differentiation and provide shallow attribute
annotations. Most data is sourced from celebrity
interviews and media appearances, which may not
reflect the everyday conditions of ordinary indi-
viduals. This discrepancy can pose challenges for
privacy-related tasks involving speaker data.

2.3 Datasets for Speaker Profiling

Datasets specifically designed for speaker profiling
are typically tailored to specialized domains.

NISP (Kalluri et al., 2021) designed 5 physi-
cal attributes and English accent information for
describing speakers. VCTK-RVA (Sheng et al.,
2025) is an extension of the VCTK (Yamagishi
et al., 2019) corpus, highlighting is the addition
of expert pairwise annotations for 18 fine-grained
voice attributes, such as "Bright" and "Coarse",
with some attributes also distinguishing by gen-
der. SPGISpeech 2.0 (Grossman et al., 2025) is
a multi-speaker transcription dataset designed for
the financial domain, offering dedicated resources
for speaker profiling applications in the financial
sector.

These datasets do not provide comprehensive de-
scriptions of speaker attributes and were not specif-
ically designed for speaker privacy, which leads
to challenges in adapting them for privacy-related
tasks.

3 Dataset Description

3.1 Dataset Introduction

This subsection follows the dataset construction
pipeline illustrated in Fig.2 and introduces the
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type content #utt #dur (h) avg(s/u)
SPCH topic 39027 122.19 11.27
SING  acappella 17381 48.09 9.96
"wei’ 7954 2.33 1.05
coughing 7975 2.85 1.28
laughing 7893 3.02 1.38
crying 7923 4.75 2.16
PRLG yawning 7810 422 1.95
“ah’ 7891 2.49 1.14
“eh’ 7884 2.53 1.16
sighing 7943 2.94 1.33
total 63431 25.20 1.43
walk 4966 12.51 9.07
jump 4984 1.86 1.34
NVAS clap 4968 2.08 1.51
upstairs 3000 7.99 9.59
downstairs 2991 7.34 8.84
total 20951 31.84 5.47
Total 140789 227.32 5.81

Table 2: Duration for each type of audio, where SPCH,
SING, PRLG, NVAS representing the audio type speech,
singing, paralanguage, and no-vocal acoustic signal re-
spectively.

dataset from four aspects.

3.1.1 Overall Design

The dataset presented in this work is designed for
speaker privacy leakage risk evaluation. It aims to
study and address privacy risk assessment arising
from potential audio eavesdropping in everyday
indoor environments encountered by the general
public. Audio data are collected from 1,000 native
Chinese speakers. Each speaker uses their own
smartphone for recording, as smartphones are the
most commonly used and easily accessible micro-
phone devices in daily life and, consequently, the
most likely sources of audio leakage.

3.1.2 Detail Design

Besides speech, the possibility that other types of
audio may leak SAP cannot be excluded. There-
fore, for each speaker, we collect four categories of
parallel audio data as described in Tab. 2: SPCH,
SING, PRLG, and NVAS.

Speech data are recorded by prompting speakers
to talk about topics they are interested in or familiar
with, without including the voice of the prompter.
Singing data consist of a cappella recordings of
songs that the speakers are familiar with or enjoy,
without instrumental accompaniment. Paralinguis-
tic audio includes eight basic vocal expressions:
"hello", coughing, laughter, crying, yawning, "ah",
"uh" and sighing. To ensure diversity in paralinguis-
tic expression, each sound is performed five times

split #spk #utt durations (h) avg dur (s/u)

train 800 112736 181.88 5.81
dev 100 14070 22.82 5.84
eval 100 13983 22.62 5.82

Table 3: Details of each dataset split

using different expressive styles. NVAS comprise
hand clapping and footsteps. For hand clapping,
speakers are instructed to clap consecutively from
one to five times, while footstep recordings include
walking and jumping on flat ground, as well as
ascending and descending stairs under different
motion conditions.

To cover a broader spectrum of potential SAP
leakage, the dataset annotates 11 speaker attributes.
In addition to age and gender, which are com-
monly included in existing datasets, we also col-
lect height, weight, shoulder width, waist circum-
ference, wrist circumference, province, education
level, shoe type, and shoe size. These speaker at-
tributes are all potentially correlated with acoustic
signals but remain insufficiently explored in prior
studies.

3.1.3 Data Collection

AudioPrivacy is recorded using the speakers’ own
Android and iOS smartphones and comprises
140,789 utterance-level audio samples, with a total
effective duration of 227.32 hours. To preserve
fine-grained acoustic details for future research,
all recordings are captured at a sampling rate of
44.1 kHz with 16-bit precision using PCM encod-
ing. During data collection, speaker information is
carefully curated to maintain a relatively balanced
distribution across different SAP dimensions.

3.1.4 Annotation

To enable broader applicability, AudioPrivacy pro-
vides content annotations not only for PRLG and
NVAS audio, but also for speech and singing au-
dio through multimodal large language models. In
the ‘extra_info* field of the audio metadata, speech
recordings are annotated with topic-related key-
words, while singing recordings are labeled with
the corresponding song titles. The semantic in-
formation contained in these audio samples may
further increase the risk of SAP leakage.

3.2 Dataset Splits

The dataset partitions the 1,000 speakers into train-
ing, validation, and evaluation sets with a ratio
of 8:1:1, as shown in Tab.3. Given that speaker
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Figure 3: The bar charts of utterance-level duration
distribution statistics of 4 types of audio

attributes span multiple dimensions and include
both discrete labels and continuous values, and
that their distributions need to be balanced, contin-
uous attributes are first discretized into intervals.
Subsequently, the speakers are split using the Mul-
tilabelStratifiedShuffleSplit *tool from scikit-learn,
ensuring that the attribute distributions across the
three subsets remain approximately independent
and identically distributed.

3.3 Statistics

Fig. 3 presents the utterance-level duration dis-
tributions for the four audio categories. Speech
durations approximately follow a normal distribu-
tion, with an average length of around 13 s. Singing
exhibits a bimodal distribution, with two prominent
peaks near 7.5 s and 12 s, which is likely caused by
the segmentation constraint enforcing a minimum
utterance length of over 5 s. PRLG audio durations
are generally short and concentrated around 1.5
s. In contrast, NVAS also display a bimodal pat-
tern: short-duration peaks correspond to transient
events such as clapping and jumping, while longer
durations arise from walking and stair-climbing
recordings, which require capturing the full motion
trajectory from near to far. The speaker distribution
statistics for each attribute are detailed in Sec.A.1.

4 Tasks and Baselines

This section experimentally validates the effective-
ness of AudioPrivacy for audio privacy leakage
evaluation. To align with common experimental
settings in audio research, all experiments are con-

2https://github.com/trent—b/
iterative-stratification

Baselines batch_size trainable parameters (M)

ECAPA-TDNN 128 20.9
ResNet-TDNN 32 15.7
WavLM-ECAPA 128 20.9

Table 4: The baselines’ configuration for the SV task on
AudioPrivacy

ducted after downsampling AudioPrivacy to 16
kHz. We design evaluation experiments to assess
the privacy leakage risks induced by two tasks: SV
and SP.

4.1 Speaker Verification

SV task aims to evaluate whether different types
of audio can be associated with speaker identity,
thereby leading to identity leakage. Since NVAS
are not produced by the vocal tract and are therefore
inherently independent of speaker identity, they are
excluded from the SV experiments.

4.1.1 Data Processing

For the SV task on AudioPrivacy, speakers from
the original training and validation sets are merged
and re-partitioned to construct new training and
evaluation sets. For each audio type, utterances
corresponding to the same speaker are split into
training and test subsets with a 9:1 ratio. Speakers
from the validation set are reserved for the verifi-
cation stage, where enrollment and trial sets are
constructed as follows: for each evaluation speaker,
the first utterance is used for enrollment, and all
remaining utterances are used as trials. The max-
imum duration of each utterance is limited to 3
seconds.

4.1.2 Baseline Configuration

Experiments are conducted using three net-
work architectures for speaker classification train-
ing: ECAPA-TDNN 3(Desplanques et al., 2020),
ResNet-TDNN “(Villalba et al., 2020), and
ECAPA-TDNN with WavLM °(Chen et al., 2022)
as the feature extractor (WavLM-ECAPA). Speaker
verification inference is then performed on enroll-
ment—trial pairs, with Equal Error Rate (EER) and
Minimum Detection Cost Function (minDCF) used
as evaluation metrics. Detailed model configura-
tions are provided in Tab. 4. The numbers of train-
able parameters for ECAPA-TDNN, ResNet, and
WavLM-ECAPA are 20.9M, 15.7M, and 20.9M,
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Audio Type Model EER (%) minDCF
ECAPA-TDNN 0.82  0.0007
SPCH ResNet-TDNN 0.26  0.0002
WavLM-ECAPA 0.97 0.0010
ECAPA-TDNN 229 0.0018
SING ResNet-TDNN 1.64 0.0011
WavLM-ECAPA 221 0.0019
ECAPA-TDNN 33.81 0.0099
PRLG ResNet-TDNN 32.09 0.0100
WavLM-ECAPA 20.65  0.0097

Table 5: The performance of three baselines evaluating
on AudioPrivacy for SV

respectively.

Following the SpeechBrain (Ravanelli et al.,
2021) recipe, ECAPA-TDNN and ResNet-TDNN
are initialized from pretrained models. For
WavLM-ECAPA, the WavLLM backbone is frozen
as a feature extractor, and an ECAPA-TDNN
backend is trained from scratch. The extracted
WavLM-Large features are obtained by averaging
the summed representations across all transformer
layers.

Softmax-AAM (Deng et al., 2019) is adopted
as the training loss, and CyclicLR is used as the
learning rate scheduler, with the learning rate vary-
ing from 1 x 1078 to 1 x 1073 and the step size is
65,000. Due to differences in data scale, models
are trained for 20, 30, and 50 epochs on the SPCH,
PRLG, and SING audio subsets, respectively.

4.1.3 Results of Speaker Verification

Based on the evaluation results Tab.5 on the SV
task, we draw the following conclusions: 1) The
ability of different audio types to convey speaker
identity follows the order: SPCH > SING > PRLG.
This trend may be partly attributed to differences
in corpus duration, as this ordering coincides with
decreasing average utterance length. 2) Despite
having an average utterance duration of less than
1.5 s, PRLG still achieves an EER of 20.65%, in-
dicating that paralinguistic information remains
susceptible to identity leakage when intercepted.
3) Audio types with richer semantic and phonetic
content, such as SPCH and SING, are more likely
to cause identity leakage. Although PRLG carries
partial identity cues, it is insufficient on its own to
pose a strong threat to speaker identity.

5https://huggingface.co/speechbrain/
spkrec-ecapa-voxceleb

5https://huggingface.co/speechbr‘ain/
spkrec-resnet-voxceleb

Shttps://huggingface.co/microsoft/wavlm-large

4.2 Speaker Profiling

SP tasks are conducted under three different
paradigms: traditional deep learning (DL) mod-
els, pretrained MM LLMs, and the fine-tuned
MM LLM, where the traditional DL and LLM
pipelines are implemented with SpeechBrain (Ra-
vanelli et al., 2021) and Swift (Zhao et al., 2024)
frameworks respectively.

Differences in task types and value ranges across
speaker attributes make it difficult to adopt a unified
risk evaluation metric. To enable cross-attribute
and cross-range assessment of audio privacy leak-
age, this paper proposes Relative Attribute Leakage
Gain (RALG), a metric designed to quantify the ad-
ditional privacy risk introduced by a target model
compared to random guessing in the absence of
audio input. Using RALG, SAP risks can be uni-
formly mapped to the ([0, 1)) range for direct com-
parison. The RALG metric is defined as follows:

1-F1
1-— ﬁltest, 1 f classification,
RALG = PR
1- % 1 f regression
MAEmed ’ g .

Here, F'ly, represents the Macro F1 score
achieved by predicting the majority class once the
set of class labels is known, while M AFE.q de-
notes the mean absolute error obtained by always
predicting the median value given only the lower
and upper bounds of the ground-truth values.

In the experimental results, tables are visualized
using color gradients. Higher RALG values, cor-
responding to a greater privacy leakage risk, are
highlighted with deeper shades of red to facilitate
intuitive comparison across SAP attributes.

4.2.1 Traditional Deep Learning Baselines

Traditional deep learning approaches typically
learn a mapping from a single audio category to a
single speaker attribute, treating discrete attributes
and continuous attributes as classification and re-
gression tasks, respectively. This paradigm re-
quires training separate predictive models for each
specific audio—attribute pair. While straightfor-
ward, this approach poses a stronger potential threat
in terms of SAP leakage, as each model is explic-
itly optimized to infer a particular speaker attribute
from the audio signal.

The experiments adopt two models: Fbank +
ECAPA-TDNN ©, representing the traditional hand-
crafted feature plus DNN paradigm, and WavLM
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Fbank + ECAPA-TDNN

WavLM + linears

SPCH

SING

PRLG

NVAS

SING

PRLG

age
height

weight

shoulder width
waist circumference
wrist circumference
shoe size

gender

region

education

shoe type

32.00
37.30

26.25
35.93

11.10
39.39

14.74
22.63

2535
40.47
BINE
18.00

11.29
33.75
29.65
34.26
44.53
52.57
27.02
74.71
29.42

0.00
10.78

Table 6: RALG evaluation of Traditional Deep Learning Baselines across audio types and SAPs.

MiMo-Audio-7B-Base

Qwen2.5-Omni-3B

Qwen2.5-Omni-7B

SPCH SING PRLG NVAS SPCH SING PRLG NVAS SPCH SING PRLG NVAS
age 551 532 6.10 6.03 0.00  0.00 0.00 0.00 21.30 3.64 0.00 0.00
height 28.69 28.64 30.14 2995 32.03 31.66 3022 2940 4056 29.70 34.01 29.40
weight 13.76 1341 1429 1437 13.17 2342 533 0.00 0.00 275 3458 18.92
shoulder width 35.67 3558 3511 3522 0.00  0.00 0.00 0.00 0.00  0.00 0.00 17.37
waist circumference 1044  11.55 1038  10.24 0.00  0.00 0.00 0.00 091  0.00 1.84 0.00
wrist circumference ~ 31.21  31.69 31.64 31.30 19.07 32.88 30.67 1098 3537 28.04 3333 0.00
shoe size 0.00  0.00 0.00 0.00 0.00  0.00 0.00 0.00 0.00  0.00 0.00 0.00
gender 0.00  0.00 0.00 0.00 | 8623 88.15 6921 2578 42.81 44.08 37.40 0.00
region 0.00  0.00 0.00 0.00 0.00  0.00 0.00 0.00 439 0.69 1.28 1.40
education 0.00  0.00 0.00 0.00 0.00  0.00 2.05 0.79 0.00  0.00 0.00 0.00
shoe type 0.00  0.00 0.00 0.00 0.00  0.00 0.11 0.00 0.00  0.00 4.12 3.65

Table 7: RALG evaluation of pre-trained MM LLM across audio types and SAPs

7, representing the end-to-end self-supervised pre-
training paradigm. To fully expose potential
privacy leakage risks, both ECAPA-TDNN and
WavLM are initialized from pretrained check-
points on large-scale speaker datasets. Specifically,
ECAPA-TDNN is initialized from a version pre-
trained on CN-Celeb, while WavLM uses a check-
point pretrained for speaker verification on Vox-
Celeb. For each model, separate downstream heads
are constructed for classification and regression
tasks, each consisting of four linear layers.

For each audio-attribute pair, ECAPA-TDNN
and WavLM are trained with learning rates of
1 x 1073 and 1 x 10~4, respectively. Models are
trained for 20 epochs on the training set, and the
checkpoint achieving the best performance on the
validation set is selected for evaluation on the eval-
uation set. The objective of these traditional deep
learning experiments is to investigate the feasibil-
ity of inferring SAP from acoustic information;
therefore, the maximum duration of audio input is
limited to 3 seconds. The experimental results lead
to the following valuable conclusions:

* SAPs such as height, weight, waist circumfer-
ence, and wrist circumference exhibit a high

7https://huggingface.co/LanceaKing/
spkrec-ecapa-cnceleb

7https://huggingface.co/microsoft/
wavlm-base-sv

level of leakage, with the RALG risk exceed-
ing 30% for nearly all audio categories.

* For SAPs like age, height, waist circumfer-
ence, wrist circumference, and shoe type,
more information can be extracted from
NVAS audio than from PRLG audio.

* Vocal acoustic features are more effective for
identifying physical attributes, whereas NVAS
audio shows a stronger correlation with shoe
type and waist circumference. This suggests
that the acoustic information in NVAS is more
closely related to the material and structure of
objects causing vibrations.

Notably, SPCH and SING outperform NVAS in
shoe size prediction, which seems counter-intuitive.
This suggests that speech serves as a reliable bio-
logical proxy; the vocal tract’s physiological cor-
relation with the skeletal frame provides stable la-
tent features for inferring physical dimensions. In
contrast, NVAS (especially footsteps) represents
extrinsic impact sounds confounded by material-
related noise (e.g., sole and flooring types), which
obscures intrinsic biological traits.

4.2.2 Pre-trained LLM Baselines

MM LLMs have already acquired rich acoustic
knowledge through large-scale audio pretraining
and can unify multi-attribute prediction via textual
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Qwen2.5-Omni-3B

SPCH SING PRLG NVAS
age 37.78 33.63 1349 1051
height 53.54 49.74 4259 1327
weight 4456 4286 36.13 2290
shoulder width 24.69 2560 2846 24.39

waist circumference  43.81 43.77 39.34 29.61
wrist circumference = 49.31  48.61 47.03 41.34

shoe size 47.76 45.99 39.38 0.00

gender 9490 94.68 87.56 31.54
region 41.29 3840 30.62 34.48
education 2839 27.71 1385 16.49
shoe type 20.67 19.59 17.67 14.08

Table 8: RALG evaluation of the SFT Qwen2.5-Omni-
3B model across four audio categories and eleven SAPs.

outputs. By analyzing their inference results on
the evaluation set of AudioPrivacy, we evaluate
whether state-of-the-art MM LLMs—representing
the current frontier of artificial intelligence—have
developed sufficiently strong speaker profiling ca-
pabilities and, consequently, whether they pose a
tangible threat to audio privacy.

The paper evaluates three multimodal LLMs on
the AudioPrivacy evaluation set: MiMo-Audio-7B-
Base 8, Qwen2.5-Omni-3B ?, and Qwen2.5-Omni-
7B 9. To ensure that the MM LLMs adequately
understand the audio inputs and produce outputs in
a standardized format, task-specific user prompts
are carefully designed for different audio types and
SAP inference tasks. Detailed prompt templates
are provided in Sec.A.2.1.

As expected, even without task-specific train-
ing, pretrained MM LLMs exhibit non-negligible
leakage risks for body-related SAPs, while their
inference performance for shoe size is the weak-
est. The results shown on Tab.7 suggest that LLMs
are already capable of perceiving certain aspects
of speakers physique based on the rich acoustic
and semantic knowledge acquired during pretrain-
ing. Nevertheless, the extent to which MM LLMs
pose a threat to SAP remains an open question and
requires further experimental investigation.

4.2.3 Fine-tuned LLM

Although pretrained MM LLMs do not appear to
exhibit strong SAP inference capabilities, it is still
necessary to investigate whether their performance
can be significantly improved after supervised fine-
tuning (SFT). In comparison with all aforemen-
tioned models, the highest RALG values achieved

Ohttps://huggingface.co/XiaomiMiMo/
MiMo-Audio-7B-Base

Yhttps://huggingface.co/Qwen/Qwen2.5-0mni-3B

Yhttps://huggingface.co/Qwen/Qwen2.5-0mni-7B

by SFT LLM:s are highlighted in bold font, empha-
sizing the potential risks that fine-tuned LLMs may
pose to speaker attribute privacy.

Under limited computational resources, we se-
lect the smallest model among the evaluated LLMs,
Qwen2.5-Omni-3B, and perform supervised fine-
tuning for only three epochs. During SFT, bot-
tleneck adapters with a hidden dimension of 256
and an adapter length of 128 are inserted into the
g,k,v, and out projections of the speech encoder’s
self-attention layers. In addition, LoRA adapters
with rank r» = 8§, scaling factor alpha = 32, and
dropout rate 0.05 are applied to the q, k, v, o, gate,
up, and down projection parameters within the self-
attention modules of the thinker LLM.

To further reduce computational cost, both train-
ing and inference are formulated such that a single
audio input corresponds to the prediction of all
SAP dimensions simultaneously, thereby avoiding
redundant audio modality inputs. Detailed configu-
rations are provided in Sec.A.2.2.

The experimental results in Tab. 8 highlight a
significant threat to SAPs posed by MM LLMs,
raising serious concerns. Fine-tuning the Qwen2.5-
Omni-3B model leads to substantial performance
improvements across nearly all SAP inference
tasks, outperforming traditional deep learning mod-
els in over half of the SAP inferences. This indi-
cates that large models are capable of modeling
both audio and multi-dimensional SAPs, creating a
more detailed, consistent, and interconnected repre-
sentation of the speaker’s profile. As a result, audio
privacy is confronted with an unprecedented level
of threat.

5 Conclusion

This paper introduces AudioPrivacy, a large-scale
Chinese dataset designed to support systematic
evaluation of speaker attribute privacy in realistic
audio leakage scenarios. By covering diverse audio
types and rich speaker attributes, the dataset en-
ables fine-grained analysis of privacy risks beyond
voiceprint-based identity protection. Comprehen-
sive experiments reveal that multiple speaker at-
tributes, including those inferred from non-speech
audio, are highly vulnerable to acoustic leakage.
The results further indicate that advanced multi-
modal models can exacerbate such risks under uni-
fied evaluation. Overall, this work highlights the
urgency of rethinking audio privacy protection in
the era of powerful foundation models.
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Limitations

Regarding speaker selection, the distribution of
speakers across individual provinces may not be
perfectly uniform. Given a dataset size of 1,000
speakers, ensuring an even distribution across all
34 provincial-level administrative regions is chal-
lenging. As a practical compromise, we instead
ensure that speakers are relatively balanced across
the seven major geographic regions of China.

Due to limited computational resources and the
large scale of the experiments, we were unable to
conduct sufficient repeated runs to fully mitigate
experimental variance. In addition, the scope of
model evaluation in this work remains relatively
constrained, and the inclusion of a wider variety of
architectures, training strategies, and model scales
may provide a more comprehensive characteriza-
tion of SAP leakage risks across different attributes.
In addition, the current analysis treats each audio
type in isolation, whereas real-world adversaries
may jointly exploit multiple recordings or heteroge-
neous audio sources from the same speaker. Such
multi-instance and cross-type audio fusion could
introduce complementary cues and further amplify
SAP leakage, warranting systematic investigation
in future work.

Ethics Statement

This study was conducted in accordance with strict
ethical guidelines to ensure the safety, privacy, and
well-being of all participants. All participants were
over 18 years of age, and all audio recordings were
collected with the informed consent of each individ-
ual. Data collection took place in the participants’
own living environments, using recording devices
provided by the participants themselves. During
the recording process, participants were free to
choose familiar or preferred topics and songs, with-
out pressure or exposure to sensitive prompts. Each
participant received appropriate compensation of
150 RMB (approximately USD 20) for their time
and contribution.

To ensure the appropriateness of the audio con-
tent and protect participant privacy, all recordings
were manually reviewed. Any audio containing

personally identifiable information, such as names
or contact details, was excluded from the pub-
licly released dataset. The final dataset is fully
anonymized, and all metadata or content that could
enable re-identification has been removed.

The dataset is distributed exclusively for aca-
demic and non-commercial research purposes, and
all users must formally agree to the Terms of Ac-
cess. These terms explicitly prohibit commercial
use, participant re-identification, data redistribu-
tion, and unethical applications. In particular:

* All recipients are required to delete the rele-
vant data upon a participant’s request for re-
moval;

* Researchers must comply with applicable in-
stitutional ethical review protocols (e.g., IRB)
and ensure that the dataset is not misused for
surveillance, profiling, or other harmful pur-
poses;

* Derivative works may not be distributed be-
yond the research group without explicit per-
mission.

The dataset is released under a non-commercial
research license (CC BY-SA-NC 4.0) and must
be properly cited in any derivative publications or
presentations. The data are provided “as is” without
warranty, and the maintainers reserve the right to
revoke access in cases of policy violation.

Through these measures, we aim to maximize
the dataset’s value to the research community while
upholding the highest ethical standards of data pro-
tection. Such safeguards are essential for responsi-
ble research on audio privacy.
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The authors employed Al assistants (e.g., Chat-
GPT/Claude) solely for language polishing and
the refinement of scientific illustrations and plots.
All core research components—including the con-
ceptualization, experimental design, data analysis,
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pendently by the authors. The authors have meticu-
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A Appendix

A.1 Statistics on Speaker Attribute
Distribution

We analyze both numerical and categorical speaker
attributes, visualizing their distributions using his-
tograms and bar charts, respectively. In Fig. 4,
numerical attributes are reported with height mea-
sured in centimeters (cm), age in years, and weight
in kilograms (kg). In Fig. 5a, categorical attributes
include gender, with two categories (M and F) de-
noting male and female; region, consisting of seven
categories corresponding to different geographic ar-
eas of China; education level, divided into five cat-
egories—P, J, S, U, and U+, representing primary
school, junior high school, senior high school, un-
dergraduate, and postgraduate or above; and shoe
type, which includes four categories: Y, L, X, and
P, denoting sneakers, sandals/slippers, casual shoes,
and leather shoes.

The region attribute information of the speak-
ers is collected by province. The distribution of
all speakers across provincial-level administrative
regions in AudioPrivacy is shown in Fig.5b

A.2 User Prompt for MM LLM

The user text prompts used for MM LLMs in this
study can be divided into two categories: the first
category is for pre-trained models, while the second
category is for model training and inference.

5745


https://arxiv.org/abs/2408.05517
https://arxiv.org/abs/2408.05517
https://arxiv.org/abs/2306.15354
https://arxiv.org/abs/2306.15354
https://arxiv.org/abs/2306.15354

175 250
175 289:9.0 ? H 175.5:5.9 200 034115 24835
3074110 50 1629:52 564189 400832
150 3 Male N 0 Male 1 3 Male 200 3 Male
0 Female 0 Femal 0 Female 0 Female
s s ) I . ‘
£ w 2 N Zons \ 2150
6] . S 100 i s 12 [} 6]
S 100 } 3 3 3
2 2 2 2
5 s 5 5 s P < %5 100 \ ﬂ
W " W W 7 ps
H \ » Ml k i ‘ 50 i
25 1 2
» Il R 2
i f NN o ) i i
’ 1107 L] Il Il AL [ | I | R
20 30 W 50 ) 70 150 155 160 165 170 175 180 185 190 40 50 e 70 80 9 100 10 30 35 0 a5 0 5
age (years old) height (cm) weight (kg) shoulder width (¢cm)
160 8134133 175 173021 0 21415
o 3113 152418 375414
£ Male 150 £ Male £ Male
120 i fl 3 Female M 0 Female 200 0 Female
o y v s { 2
Z 00 K] K] ‘
g S 100 g 1o
: | z
3 S 15 [ S
2 w0 i g ‘ 2 J‘ ] S
a0 | 0 ‘ 1
50
N \ﬂ 1 2 | Y
20 A | " 2
il el U [N INLL [
il IH M [0 I il i Nt nl ot [N I
0 60 70 s %0 100 10 120 012 4 16 18 20 2 2 3 36 38 40 4 a4 46

waist circumference (cm) wrist circumference (cm)

Figure 4: Histogram of speaker numerical attribute distributions, where the value distributions and the corresponding

fitted KDE curves are presented separately by gender.

Gender Distribution Region Distribution

T piE:
50 473% 200
175
% 160% 15 50,
- 150
£ ) 128% 1259,
%30 g 129 11.4%
g g 10.4%
g Z 100
& -4
20 25
50
10
0 ; o 00 Y =
LTI S
S &FTFTFEES
L o
F &7 & °
RN
A
Education Distribution Shoe Type Distribution
2007 P2
0 3
30.5%
30
50
- 25
5 40
g 30 g
= 3.6% S5
20
10
10 s 44%
479 3
L7 9
0 0 0
U B J U+ P Y L X P

(a) Bar charts of speaker categories attribute distributions.

4150

0

(b) The spatial distribution map of 1,000 Chinese speakers
across province-level administrative areas.

Figure 5: Distribution of categorical speaker attributes and geographical coverage in AudioPrivacy. (a) Statistical
breakdown of categorical attributes (Gender, Region, Education, and Shoe Type); (b) Spatial distribution of the
1,000 speakers across provincial-level administrative regions in China.

A.2.1 Pre-trained MM LLM

For the pre-trained MM LLMs, due to their lack
of prior exposure to relevant data, there is a high
demand for their zero-shot capabilities. In this con-
text, the inference of SAPs by MM LLMs requires
the construction of detailed text prompts for guid-
ance. To ensure that the outputs are interpretable
and standardized, we designed two different text
prompt templates: one for numerical attributes and
one for categorical attributes, which are used for
audio-to-SAP single-attribute prediction. The fol-
lowing format will be consistently used throughout:
<audio> is a placeholder for the audio token, and
${} contains variables executed during Python pro-
cessing.

Fig.6 presents the prompt template used for
categorical attribute inference. In this template,
spk_SAP_type’ refers to the SAP name to be
inferred, i.e., the attribute to be predicted; ’out-
put_space’ strictly controls the output space, and
“output_explanation’ provides an explanation for
each of the categorical options.

Fig.7 shows the prompt template used for nu-
merical attribute inference. Here, ’spk_SAP_type’
refers to the SAP name, i.e., the attribute to be pre-
dicted, while unit sets the unit for the predicted
numerical inference.
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< N

ser Prompt:
<audio>Your task is to infer the speaker's ${spk_SAP_type} from the audio material.

Allowed output space (strict): {{ ${output_space}}}

The outputs represents: ${output_explanation}

Constraints:

- Output must be exactly one of the allowed outputs.

- Just give the most simplified output. Do not output sentences, explanations, or
symbols.

- If the output is not one of the allowed outputs, it is considered INVALID.

\Now output the classification result: Y,

Figure 6: The user prompt of classification task used for evaluating pre-trained MM LLMs

- ™

User Prompt:
<audio>Your task is to infer the speaker's ${spk_SAP_type} from the audio material.

Output a single number (strict) in the unit ${unit} representing the speaker's
${spk_SAP_type).
Now output the regression result:
~ /

Figure 7: The user prompt of regression task used for evaluating pre-trained MM LLMs

A.2.2 SFT MM LLM

For the SFT MM LLM, since multi-dimensional
SAPs are output together, the prompt does not need
to be tailored for different types and can be pre-
written in full. The text prompt and the constructed
standardized output format are shown in Fig.8.
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/User' Prompt: \

<audio> Infer the speaker's information from the speech audio.
Gender output space: {M, F}, the choices representing: M. male, F. female

Region output space: {HUADONG, HUABEI, HUAZHONG, HUANAN, DONGBET,
XINAN, XIBEI}, the choices representing: HUADONG. Eastern, HUABET.
Northern, HUAZHONG. Central, HUANAN. Southern, DONGBEI. NorthEastern,
XINAN. SouthWestern, XIBEL. NorthWestern

Education output space: {P, J, S, U, U+}, the choices representing: P. primary
education, J. junior high school, S. senior high school, U. university, U+. post-
graduate

Shoe type output space: {X, P, Y, L}, the choices representing: X. Casual shoes, P.
Leather shoes, Y. Sneakers, L. Sandals and Slippers

Output a single number (in year) for the age.

Output a single number (in cm) for the height.

Output a single number (in kg) for the weight.

Output a single number (in cm) for the shoulder_width.

Output a single number (in cm) for the waist_circumference.

Output a single number (in cm) for the wrist_circumference.

Output a single number (in EVU) for the shoe_size."

Assistance output:
{ "gender": "F", "region": "XIBEI", "education": "U", "shoe_type": "X", "age": "39",
"height": "158", "weight": "52", "shoulder_width": "43", "waist_circumference":

Q9", "wrist_circumference": "16", "shoe_size": "36"} /

Figure 8: The data construction for evaluating multi-dimension SAP inference capability of SFT MM LLM
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