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Figure 1: Illustration of past VPC challenges and current edition
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For new participants — Executive summary

• This challenge runs in two tracks:

– Track 1 (English Anonymization): Develop a voice anonymization system for English
speech.

– Track 2 (Multilingual Anonymization): Develop a voice anonymization system for speech
in multiple languages: French, Spanish, English, and German.

Objective for both tracks: Conceal speaker identity while preserving linguistic content and
emotional states.

• The organizers provide development and evaluation datasets and evaluation scripts, as well
as baseline anonymization systems and a list of training resources. Participants choose to
complete either one or both of the two tracks, apply their developed anonymization systems, run
evaluation scripts, and submit evaluation results and anonymized speech data to the organizers.

• Results will be presented at a workshop held in conjunction with Interspeech 2026, to which all
participants are invited to present their challenge systems and to submit additional workshop
papers.

For readers familiar with the VoicePrivacy Challenge — Changes w.r.t. 2024

New in 2026: stronger ASV attacker; cross-gender trials in Track 1; multilingual Track 2 with
language-wise ASV attacker finetuning.

• Track 1 follows the previous challenge setting but, in addition to same-gender trials, cross-gender
trials are also considered, and a stronger attacker ASV model, pretrained on a massive amount
of voice-converted data and finetuned on anonymized data, is used for privacy evaluation.

• Track 2 requires a single anonymization system that anonymizes speech data in multiple lan-
guages. The privacy metric is the equal error rate (EER) calculated using an attacker ASV
model pretrained on a massive amount of voice-converted data and finetuned on language-
specific anonymized data; the utility metrics are the word error rate (WER) for automatic
speech recognition (ASR) and the unweighted average recall (UAR) for speech emotion recog-
nition (SER). All metrics are averaged over the four evaluation languages.

Note: Both tracks share the same pretrained attacker ASV model but use track-specific anonymized
data for finetuning.
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1 Challenge objectives
Speech data fall within the scope of major privacy regulations, such as the European General Data Protection
Regulation (GDPR). Indeed, speech signals encapsulate a wealth of personal (i.e., personally identifiable)
information, including the speaker’s identity, age, gender, health status, personality, racial or ethnic origin,
geographical background, social identity, and socio-economic status [1].

Formed in 2020, the VoicePrivacy initiative [2] has spearheaded efforts to develop privacy-preserving
solutions for speech technologies. To date, it has primarily focused on voice anonymization, i.e., the trans-
formation of speech signals to conceal voice identity while preserving speech utility. This objective has been
pursued through a series of competitive benchmarking challenges, providing common datasets, common
evaluation protocols and metrics for the fair comparison of competing anonymization solutions. The first
three editions of the VoicePrivacy Challenge (VPC) were held in 2020, 2022, and 2024 [2–9]. As illustrated
in Figure 1, the scope of the VPC has progressively evolved. While VPC 2020 established a foundational
evaluation framework for English voice anonymization, VPC 2022 extended this framework to assess prosody
preservation, while VPC 2024 further introduced explicit requirements to preserve the speaker’s emotional
state. Following VPC 2024, the Attacker Challenge [10–12] was introduced to foster the development of
stronger attacker models, evaluated against a selection of top-performing anonymization systems submitted
to VPC 2024, as well as strong baseline systems.

VoicePrivacy 2026, the fourth edition of the challenge, starts in March 2026 and culminates in the VPC
workshop held in conjunction with the 6th Symposium on Security and Privacy in Speech Communication
(SPSC)1, co-located with Interspeech 20262 in Sydney, Australia. In keeping with prior editions, the chal-
lenge focuses on the subtask of voice anonymization3, i.e., altering the speaker’s voice to conceal identity as
effectively as possible while preserving linguistic content and relevant paralinguistic attributes. In VPC 2026,
particular emphasis is placed on two key aspects. First, the challenge introduces stronger, domain-aware
attackers optimized using domain-related data. Specifically, since most state-of-the-art anonymization ap-
proaches are based on neural voice conversion (VC) techniques, attacker models are correspondingly trained
on diverse VC data to achieve stronger speaker re-identification performance. Second, VPC 2026 extends
evaluation to a multilingual setting beyond the anonyization of only English-language data. The challenge
is organised as two independent tracks.

• Track 1: English anonymization. This track largely follows the VPC 2024 setup and continues the
evaluation of voice anonymization systems for English-language data, with the objective of preserving
linguistic content and emotional information while concealing the original speaker identity. Utility is
assessed using the word error rate (WER) for an automatic speech recognition (ASR) model and the
unweighted average recall (UAR) for a speech emotion recognition (SER) model. The key difference
from previous editions lies in the privacy evaluation: 1) in addition to same-gender trials, cross-gender
trials are also considered. The attacker is assumed not to know whether the original speaker’s gender
has been preserved or changed, 2) the speaker verification (ASV) system is p re-trained on large-scale
voice-converted data and subsequently fine-tuned on anonymized English speech.

• Track 2: Multilingual anonymization. This track extends the challenge to a multilingual setting,
covering multiple languages: French, Spanish, English, and German. Utility is measured using the
word error rate (WER) for a multilingual ASR system and the unweighted average recall (UAR) for
a multilingual SER system, while privacy is evaluated using speaker verification systems trained on
voice-converted data and finetuned on language-specific anonymized data.

This document details the challenge tasks, datasets, pretrained models, and baseline systems provided
to participants, as well as the evaluation metrics, rules, and submission guidelines that will be used for the
assessment of submitted systems.

2 Task
Privacy protection is formulated as a game between a user who shares data for a desired downstream task
and an attacker who accesses this data or data derived from it and uses it to infer information about the
data subjects [2, 13, 14]. Here, we consider the scenario where the user shares anonymized utterances for
downstream ASR and SER tasks, and the attacker attempts to identify the speakers from their anonymized
utterances.

16th Symposium on Security and Privacy in Speech Communication: https://spsc-symposium.de/
2https://interspeech2026.org/en-AU
3For brevity, we henceforth use the term “anonymization” to refer specifically to voice anonymization.
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2.1 Voice anonymization task
Common to both tracks, the utterances shared by the user are referred to as trial utterances. In order
to hide the identity of the speaker within each utterance, the user passes the utterance through a voice
anonymization system prior to sharing. The resulting utterance sounds as if it was uttered by another
speaker, which we refer to as a pseudo-speaker. The pseudo-speaker might, for instance, be an artificial voice
not corresponding to any real speaker.

The task of challenge participants is to develop this voice anonymization system for each track. It should:

(a) output a speech waveform;

(b) conceal the speaker identity at the utterance level ;

(c) distort neither the linguistic contents nor emotional states.

Additionally, Track 2 has an extra requirement: anonymize inputs in languages other than English.
The utterance-level anonymization requirement (b) means that the voice anonymization system must

assign the voice of a pseudo-speaker to each utterance independently of any other utterances. The pseudo-
speaker assignment process (or algorithm) must be identical across all utterances and not rely on speaker
labels. When this process involves a random number generator, the random number(s) generated must
be different for each utterance, typically resulting in a different pseudo-speaker for each utterance. Voice
anonymization systems that assign a single pseudo-speaker to all utterances also satisfy this requirement.

The achievement of requirement (c) is assessed via utility metrics. For Track 1, we measure the WER
and UAR obtained from ASR and SER systems trained on original (unprocessed) English data. For Track 2,
multilingual ASR and multilingual SER systems pre-trained on original (unprocessed) data are used to
measure WER and UAR, respectively. Details of the evaluation models are provided in §4 and Table 5.

2.2 Attack model
For each speaker of interest, the attacker is assumed to have access to utterances spoken by that speaker,
which are referred to as enrollment utterances. The attacker then uses an automatic speaker verification
(ASV) system to re-identify the speaker corresponding to each anonymized trial utterance.

In this work, we assume that the attacker has access to:

(a) several enrollment utterances for each speaker;

(b) the voice anonymization system employed by the user;

(c) multiple training utterances that can be anonymized using a voice anonymization system and subse-
quently used to train a stronger attacker model.

Using this information, the attacker anonymizes the enrollment utterances to reduce the mismatch with the
trial utterances, and trains an ASV system on the training lists described in (c), adapted to the anonymization
system.

For Track 1, the training list is sampled from English-langauge data, whereas for Track 2, the training lists
are sampled from a multilingual dataset. Instead of an ASV system trained from scratch on anonymized data,
the attacker uses an ASV model pretrained on large-scale voice-converted speech. Under the semi-informed
attack, the ASV model is further fine-tuned on anonymized training data, and is used in deriving the final
submission rankings for both tracks. The semi-informed attack is the strongest threat model considered to
date, and is therefore regarded as the most reliable reference for privacy assessment. Identity protection is
assessed via a privacy metric, specifically the EER obtained by the attacker ASV system.

3 Data and pretrained models
Publicly available resources will be used for the training, development and evaluation of voice anonymization
systems. The development and evaluation data are fixed, while the choice of training resources is open to
the participants.

3.1 Training sources for both tracks

Table 1: Preliminary list of models, datasets, and software allowed for training anonymization systems
in VPC2026 (subject to change in later versions). Entries 1–15 (models), 71–86 (datasets) and 105–109
(software) are inherited from VPC2024; the remaining entries are new in VPC2026.
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# Model Link

1 WavLM Base and
Large [15]

https://github.com/microsoft/unilm/tree/master/wavlm

2 Whisper [16] https://github.com/openai/whisper

3 HuBERT [17] https://github.com/facebookresearch/fairseq/blob/main/exampl
es/hubert

4 XLS-R [18] https://github.com/facebookresearch/fairseq/blob/main/exampl
es/wav2vec/xlsr

5 wav2vec 2.0 [19] https://github.com/facebookresearch/fairseq/tree/main/exampl
es/wav2vec
https://dl.fbaipublicfiles.com/voxpopuli/models/wav2vec2_lar
ge_west_germanic_v2.pt

6 wav2vec2-large-robust-
12-ft-emotion-msp-
dim [20]

https://huggingface.co/audeering/wav2vec2-large-robust-12-f
t-emotion-msp-dim

7 ContentVec [21] https://github.com/auspicious3000/contentvec

8 w2v-BERT [22] https://github.com/facebookresearch/fairseq/tree/ust/example
s/w2vbert

9 ECAPA2 [23] https://huggingface.co/Jenthe/ECAPA2

10 ECAPA-TDNN [24] https://huggingface.co/speechbrain/spkrec-ecapa-voxceleb

11 NaturalSpeech 3 [25] https://huggingface.co/amphion/naturalspeech3_facodec

12 NVIDIA Hifi-GAN
Vocoder (en-US) [26] https://huggingface.co/nvidia/tts_hifigan

13 CRDNN on Common-
Voice 14.0 English

https://huggingface.co/speechbrain/asr-crdnn-commonvoice-1
4-en

14 Encodec [27] https://huggingface.co/facebook/encodec_24khz

15 Bark https://huggingface.co/suno/bark
https://huggingface.co/erogol/bark/tree/main

16 BigVGAN [28] https://github.com/NVIDIA/BigVGAN

17 Vocos [29] https://github.com/charactr-platform/vocos
https://github.com/gemelo-ai/vocos

18 kNN-VC [30] https://github.com/bshall/knn-vc

19 FreeVC [31] https://github.com/OlaWod/FreeVC

20 SpeechT5 [32] https://github.com/microsoft/SpeechT5

21 seed-vc [33] https://github.com/Plachtaa/seed-vc

22 OpenVoice [34] https://github.com/myshell-ai/OpenVoice

23 ReDimNet [35] https://github.com/IDRnD/redimnet

24 TitaNet-Large [36] https://huggingface.co/nvidia/speakerverification_en_titanet
_large

25 MFA-Conformer
SV [37]

https://github.com/zyzisyz/mfa_conformer

26 ResNet-SE-34 (vox-
celeb_trainer) [38]

https://github.com/clovaai/voxceleb_trainer

27 Canary-1B-Flash https://huggingface.co/nvidia/canary-1b-flash

28 SeamlessM4T v2 [39] https://github.com/facebookresearch/seamless_communication

29 emotion2vec [40] https://github.com/ddlBoJack/emotion2vec

30 IMS Toucan [41] https://github.com/DigitalPhonetics/IMS-Toucan

31 XTTS-v2 [42] https://huggingface.co/coqui/XTTS-v2
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32 Parler-TTS [43] https://github.com/huggingface/parler-tts

33 VibeVoice-1.5B https://huggingface.co/microsoft/VibeVoice-1.5B

34 F5-TTS [44] https://github.com/SWivid/F5-TTS

35 AudioLDM 2 [45] https://github.com/haoheliu/AudioLDM2

36 DiffWave [46] https://github.com/lmnt-com/diffwave

37 Grad-TTS / DiffVC
[47,48]

https://github.com/huawei-noah/Speech-Backbones/tree/main/Gra
d-TTS
https://github.com/huawei-noah/Speech-Backbones/tree/main/Dif
fVC

38 NaturalSpeech 2 [49] https://speechresearch.github.io/naturalspeech2

39 Voicebox-style flow
matching [50]

https://github.com/lucidrains/voicebox-pytorch

40 DAC (Descript Audio
Codec) [51]

https://github.com/descriptinc/descript-audio-codec

https://huggingface.co/descript/dac_16khz

41 SNAC [52] https://github.com/hubertsiuzdak/snac

42 Moshi [53] https://github.com/kyutai-labs/moshi

43 PESQ [54] https://github.com/ludlows/PESQ

44 STOI [55] https://github.com/mpariente/pystoi

45 ViSQOL [56] https://github.com/google/visqol

46 CREPE [57] https://github.com/maxrmorrison/torchcrepe

47 FCPE [58] https://github.com/CNChTu/FCPE

48 AutoVC [59] https://github.com/auspicious3000/autovc

49 Qwen2-Audio [60] https://huggingface.co/Qwen/Qwen2-Audio

50 ChatTTS https://github.com/2noise/ChatTTS

51 StarGANv2-VC [61] https://github.com/yl4579/StarGANv2-VC

52 CosyVoice 2.0 [62] https://huggingface.co/FunAudioLLM/CosyVoice2-0.5B

53 StyleTTS 2 [63] https://github.com/yl4579/StyleTTS2

54 Matcha-TTS [64] https://github.com/shivammehta25/Matcha-TTS

55 VoxCPM2 [65] https://github.com/OpenBMB/VoxCPM

56 UUVC [66] https://github.com/b04901014/UUVC

57 Vevo [67] https://github.com/open-mmlab/Amphion/blob/main/models/vc/vev
o

58 Granite 4.0 1B Speech
[68]

https://huggingface.co/ibm-granite/granite-4.0-1b-speech

59 Qwen3-TTS https://qwen.ai/blog?id=qwen3tts-0115
https://huggingface.co/collections/Qwen/qwen3-tts

60 CapSpeech [69] https://huggingface.co/OpenSound/CapSpeech-models

61 Fish-Audio [70] https://github.com/fishaudio/fish-speech
https://huggingface.co/fishaudio/s2-pro

62 MeanVC [71] https://github.com/ASLP-lab/MeanVC

63 WeNet [72] https://github.com/wenet-e2e/wenet

64 Fast-U2++ [73] https://github.com/cdliang11/fast-u2pp

65 SyllableLM https://github.com/AlanBaade/SyllableLM

66 JHCodec https://huggingface.co/jhcodec/jhcodec

67 SW2V https://huggingface.co/jhcodec/sw2v_120k
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68 StreamVoice (unofficial
impl.)

https://github.com/hrnoh24/stream-vc

69 StreamVoiceAnon https://github.com/Plachtaa/StreamVoiceAnon

70 WavLM–ECAPA
(SSTC)4

https://duke.app.box.com/shared/static/na6grb7akap4ze66stiaz
p2azw4zb1f1

# Dataset Link

71 ESD [74] https://hltsingapore.github.io/ESD/download.html

72 LibriSpeech [75]: train-
clean-100, train-clean-
360, train-other-500

https://www.openslr.org/12

73 CREMA-D [76] https://github.com/CheyneyComputerScience/CREMA-D

74 RAVDESS [77] https://datasets.activeloop.ai/docs/ml/datasets/ravdess-datas
et/
https://zenodo.org/records/1188976

75 VCTK [78] https://datashare.ed.ac.uk/handle/10283/2651
https://huggingface.co/datasets/vctk

76 SAVEE [79] http://kahlan.eps.surrey.ac.uk/savee/
https://www.kaggle.com/datasets/ejlok1/surrey-audiovisual-exp
ressed-emotion-savee

77 EMO-DB [80] http://emodb.bilderbar.info/download/

78 LJSpeech [81] https://keithito.com/LJ-Speech-Dataset/

79 Libri-light [82] (only
train part)

https://github.com/facebookresearch/libri-light/blob/main/dat
a_preparation/README.md

80 VoxCeleb-1,2 [83] https://www.robots.ox.ac.uk/~vgg/data/voxceleb/index.html#ab
out

81 LibriTTS [84]: train-
clean-100, train-clean-
360, train-other-500

https://openslr.org/60/

82 CMU-MOSEI [85] http://multicomp.cs.cmu.edu/resources/cmu-mosei-dataset/

83 MUSAN [86] https://www.openslr.org/17/

84 RIR [87] https://www.openslr.org/28/

85 VGAF [88] (from https://sites.google.com/view/emotiw2023
EmotiW challenge) https://www.kaggle.com/datasets/amirabdrahimov/vgaf-dataset

86 MSP-Podcast [89] https://ecs.utdallas.edu/research/researchlabs/msp-lab/MSP-P
odcast.html

87 LibriTTS-R [90] https://www.openslr.org/141/

88 LibriHeavy [91] https://huggingface.co/datasets/pkufool/libriheavy
https://github.com/k2-fsa/libriheavy

89 Multilingual Lib-
riSpeech (MLS) [92]

https://www.openslr.org/94

90 VoxPopuli [93] https://github.com/facebookresearch/voxpopuli

91 GigaSpeech [94] https://github.com/SpeechColab/GigaSpeech

92 Hi-Fi TTS [95] https://www.openslr.org/109/

93 CaFE [96] https://zenodo.org/record/1478765

94 PAVOQUE [97] https://github.com/marytts/pavoque-data

95 EmoV-DB [98] https://github.com/numediart/EmoV-DB

96 MEAD [99] https://github.com/uniBruce/Mead

4Same model as the lazy-informed ASV attacker; permitted for anonymization development but risks overfitting to this
attacker.
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https://github.com/facebookresearch/voxpopuli
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Table 2: Statistics of the LibriSpeech development and evaluation sets for ASV and ASR evaluation in
Track 1. F–F and M–M denote gender-dependent trials, while Mixed (F–F, M–M, F–M and M–F) denotes
gender-independent trials. The EER is calculated using the Mixed trials.

# Speakers #Utt. # ASV trials

Subset F M Sum Label F–F M–M Mixed

LibriSpeech
Dev Enrollment 15 14 29 343 Same-speaker 704 644 1,348

Trial 20 20 40 1,978 Different-speaker 14,566 12,796 54,094

Test Enrollment 16 13 29 438 Same-speaker 548 449 997

Trial 20 20 40 1,496 Different-speaker 11,196 9,457 40,807

97 TESS https://doi.org/10.5683/SP2/E8H2MF

98 JL-Corpus [100] https://github.com/tli725/JL-Corpus

99 EmoBox (exclude
IEMOCAP) [101]

https://github.com/emo-box/EmoBox

100 Emilia [102] https://huggingface.co/datasets/amphion/Emilia-Dataset

101 WenetSpeech [103] https://github.com/wenet-e2e/WenetSpeech

102 Common Voice (En-
glish v23.0) [104]

https://datacollective.mozillafoundation.org/organization/cm
fh0j9o10006ns07jq45h7xk
https://commonvoice.mozilla.org/

103 AISHELL-3 [105] https://www.openslr.org/93

104 TidyVoice [106] https://mozilladatacollective.com/datasets/cmihtsewu023so207
xot1iqqw

# Software with pre-
trained models

Link

105 Resemblyzer https://github.com/resemble-ai/Resemblyzer
Model: https://github.com/resemble-ai/Resemblyzer/blob/maste
r/resemblyzer/pretrained.pt

106 VITS [107] https://github.com/jaywalnut310/vits/
Models: https://drive.google.com/drive/folders/1ksarh-cJf3F5e
KJjLVWY0X1j1qsQqiS2

107 PIPER pretrained on https://github.com/rhasspy/piper/?tab=readme-ov-file
VITS Models: https://huggingface.co/datasets/rhasspy/piper-checkpo

ints/tree/main

108 RVC-Project https://github.com/RVC-Project
Models: https://huggingface.co/lj1995/VoiceConversionWebUI/t
ree/main

109 DISSC [108] https://github.com/gallilmaimon/DISSC

110 3D-Speaker [109] https://github.com/modelscope/3D-Speaker

In addition to the training data used in previous challenge editions and the baseline anonymization
systems, participants were allowed to propose additional datasets and pretrained models for anonymization
system development before the deadline (30 April). Based on participant submissions, this version of the
evaluation plan publishes the final list of permitted training data and pretrained models for anonymization
systems, shown in Table 1.

Unless otherwise stated, all model versions available on the corresponding webpages before 7th May 2026
may be used for anonymization system development and training. Participants may also use any existing
software. If the software relies on pretrained models, those models must be explicitly listed in the table.

3.2 Development and evaluation data
Track 1: The development and evaluation data used in Track 1 are identical to those employed in
VPC 2024, comprising subsets of LibriSpeech [75] and IEMOCAP [110]. In addition to same-gender trials,
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Table 3: Statistics of the MLS development and evaluation sets for ASV and ASR evaluation in Track 2.
F–F and M–M denote gender-dependent trials, while Mixed (F–F, M–M, F–M and M–F) denotes gender-
independent trials. The EER is calculated using the Mixed trials.

# Speakers #Utt. # ASV trials

Subset F M Sum Label F–F M–M Mixed

French
(fr)

Dev Enrollment 9 9 18 371 Same-speaker 1,043 1,002 2,045

Trial 9 9 18 2,045 Different-speaker 8,344 8,016 34,765

Test Enrollment 9 9 18 372 Same-speaker 1,026 1,028 2,054

Trial 9 9 18 2,054 Different-speaker 8,208 8,224 34,918

Spanish
(es)

Dev Enrollment 10 10 20 368 Same-speaker 1,000 1,040 2,040

Trial 10 10 20 2,040 Different-speaker 9,000 9,360 38,760

Test Enrollment 10 10 20 368 Same-speaker 946 1,071 2,017

Trial 10 10 20 2,017 Different-speaker 8,514 9,639 38,323

English
(en)

Dev Enrollment 21 21 42 587 Same-speaker 1,588 1,632 3,220

Trial 21 21 42 3,220 Different-speaker 31,760 32,640 132,020

Test Enrollment 21 21 42 582 Same-speaker 1,574 1,613 3,187

Trial 21 21 42 3,187 Different-speaker 31,480 32,260 130,667

German
(de)

Dev Enrollment 15 15 30 534 Same-speaker 1,451 1,484 2,935

Trial 15 15 30 2,935 Different-speaker 20,314 20,776 85,115

Test Enrollment 15 15 30 525 Same-speaker 1,429 1,440 2,869

Trial 15 15 30 2,869 Different-speaker 20,006 20,160 83,201

we also include cross-gender trials. Together, these are referred to as mixed. Table 2 summarizes the
corresponding statistics.
Track 2: Table 3 summarizes the speaker and utterance statistics for multilingual development and evalu-
ation datasets used in Track 2 for EER and WER calculation. The datasets are derived from Multilingual
LibriSpeech (MLS) [92], a large multilingual corpus of read speech derived from LibriVox audiobooks. For
this challenge, we select four high-resource languages from the MLS development and test sets: French (18
speakers), Spanish (20 speakers), English (42 speakers), and German (30 speakers), where each language
contains at least 9 female and 9 male speakers. The original development and test splits provided by MLS
are preserved. Table 4 shows emotion distribution in Track 2 development and evaluation sets (denoted as
EmoTrack2 ). The data is sampled from four corpora: Oreau (French) [111], MESD (Spanish) [112], EMNS
(English) [113], and EmoDB (German) [114]. Each subset contains four emotion categories: angry (ang),
neutral (neu), happy (hap), and sad (sad). The development set consists of 1,047 utterances, while the
evaluation set contains 994 utterances, with a relatively balanced distribution of emotions across languages
and splits.

4 Privacy and utility evaluation
Figures 2a and 2b illustrate the evaluation pipelines and ranking criteria for Track 1 (English anonymization)
and Track 2 (multilingual anonymization), respectively. In both tracks, privacy and utility are evaluated
using objective metrics derived from ASV, ASR and SER systems.

4.1 Track 1: English anonymization
Track 1 follows the evaluation protocol of the previous challenge edition. Privacy evaluation is conducted
using anonymized enrollment and trial utterances, while utility evaluation for both ASR and SER is per-
formed only on anonymized trial utterances, as illustrated in Figure 2a. The evaluation models and their
details are summarized in the middle column of Table 5.

Attacker ASV model. Privacy is evaluated using an ECAPA-TDNN speaker verification system with
WavLM-large weighted features combined with filter-bank (Fbank) features. Instead of concatenating the
two features before feeding them into ECAPA-TDNN [115], the current attacker model performs mid-level
feature fusion before the attentive pooling layer. The WavLM-large front end is initialized using a pre-
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Table 4: Construction and statistics of EmoTrack2 development and evaluation set for SER evaluation in
Track 2.

Corpus Language
Development Evaluation

ang neu hap sad Total ang neu hap sad Total

Oreau1 French (fr) 74 79 74 77 304 66 62 60 57 245
MESD2 Spanish (es) 71 71 72 72 286 72 72 72 72 288
EMNS3 English (en) 66 84 66 74 290 60 65 91 73 289
EmoDB4 German (de) 60 43 34 30 167 67 36 37 32 172

Total 271 277 246 253 1047 265 235 260 234 994
1 https://zenodo.org/records/4405783
2 https://data.mendeley.com/datasets/cy34mh68j9/5
3 https://www.openslr.org/136
4 https://www.kaggle.com/datasets/piyushagni5/berlin-database-of-emotional-speech-emodb/data

Table 5: Models and training data used for objective privacy and utility evaluation in both tracks.

Task Track 1 (English anonymization) Track 2 (Multilingual anonymization)

ASV (EER)
WavLM–ECAPA (WavLM-large weighted features + Fbank). WavLM1is pre-trained on 94k h
of speech from LibriLight, VoxPopuli, and GigaSpeech, and further trained on ∼9k h of voice-
converted data from the Source Speaker Tracing Challenge (SSTC)2. It is then fine-tuned on
language-specific anonymized speech.

ASV anon
en finetuned on anonymized

LibriSpeech-train-clean-360
ASV anon

mls-en, ASV anon
mls-fr, ASV anon

mls-de, ASV anon
mls-es

finetuned on per-language anonymized
MLS [92] subsets:

Lang. Spk Utt/Spk Total
mls-en 3,930 5 18,986
mls-fr 142 50 4,658
mls-de 176 50 6,915
mls-es 86 50 3,587

ASR (WER)

ASRen: wav2vec2-based
Training data: LibriSpeech-train-960

ASRmls: Whisper-large-v33

Training data: Trained on 1M hours of
weakly labeled audio and 4M hours of pseudo-
labeled audio

SER (UAR) SERen: wav2vec2-based
Training data: IEMOCAP

SERmls: emotion2vec-large4

Training data: over 40K hours
1 https://huggingface.co/microsoft/wavlm-large
2 https://sstc-challenge.github.io
3 https://huggingface.co/openai/whisper-large-v3
4 https://huggingface.co/emotion2vec/emotion2vec_plus_large

trained checkpoint. It is then jointly updated with the random initialized ECAPA-TDNN using 9k hours
of voice-converted data from the Source Speaker Tracing Challenge (SSTC) [116].5 This serves as the base
attacker model (training details in [124]). It is further fine-tuned on anonymized LibriSpeech-train-clean-360
data, i.e. semi-informed attacker (denoted ASV anon

en ). All reported EER results are computed using this
final fine-tuned model. The higher the EER, the greater the privacy.

Utility models. Speech content preservation is evaluated using a wav2vec2-based ASR model trained
on LibriSpeech-train-960 (denoted ASRen). Emotion preservation is evaluated using the unweighted average
recall (UAR). A wav2vec2-based SER model trained on IEMOCAP is employed (denoted SERen), with
performance averaged across five cross-validation folds. The lower the WER and higher the UAR, the
greater the utility.

4.2 Track 2: Multilingual anonymization
Track 2 considers the same objective privacy metric and utility metric as Track 1. Privacy is evaluated using
the ASV EER, and utility is evaluated using the ASR WER. Both metrics are computed separately for each
language and then averaged to obtain the final EER and WER scores6. The evaluation models and their

5The voice-converted data were created using multiple voice conversion (VC) systems, including AGAIN-VC [117], FreeVC
[118], MediumVC [119], StyleTTS [120], TriAAN-VC [121], VQMIVC [122], and KNN-VC [123]. The input speech to the VC
is from the LibriSpeech (1,172 speakers) dataset, and the VC target speakers are from VoxCeleb [83].

6We intentionally average the EERs across languages without any weight, which treats all the involved languages equally.
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(a) Track 1

(b) Track 2

Figure 2: Illustration of evaluation and ranking schemes.

details are summarized to the right side of Table 5.
Privacy evaluation follows the ASV protocol described in Table 3. Similar to Track 1, the same pretrained

ASV system is used, but fine-tuned on language-specific anonymized training data as shown in Table 5,
resulting in four language-specific evaluation models ASV anon

mls-fr, ASV anon
mls-es, ASV anon

mls-en, ASV anon
mls-de separately.

For utility evaluation, Track 2 uses the Whisper-large-v3 ASR model [16]7 (denoted ASRmls) and the
emotion2vec SER model [40] (denoted SERmls).

4.3 Objective assessment of the privacy–utility tradeoff
As in the 2024 edition, multiple evaluation conditions are defined using a set of minimum target privacy
requirements specified by N target EER values: {EER1, . . . ,EERN}. Each target EER corresponds to a
separate evaluation condition.

7During decoding, the ground-truth language label is explicitly provided to the Whisper.
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Table 6: Summary of baseline systems for Track 1 and Track 2. B2–B5 are the same as the VPC 2024
baselines, while BM1-BM3 are newly introduced multilingual anonymization systems used for Track 2.

Track ID Prosody
extractor

Content
encoder

Speaker
encoder

Synthesis
model

Speaker
anon.

1

B2 McAdams coefficients-based (DSP-based anonymization)

B3 Phone aligner + Praat E2E ASR GST
FastSpeech2 +

HiFi-GAN GAN

B4 HuBERT Base (quantized semantic enc.) + EnCodec Select

B5 YAAPT wav2vec2 + TDNN-F + VQ one-hot vector HiFi-GAN Select

2
BM1 YAAPT SSL ECAPA HiFi-GAN Select

BM2 Phone aligner + Praat Whisper ECAPA IMS Toucan +
HiFi-GAN GAN

BM3 —

Submissions that satisfy a given privacy requirement are ranked according to their utility performance.
For both tracks, rankings are produced separately based on WER and UAR. In VoicePrivacy 2026, N = 4
evaluation conditions are considered, with minimum target EERs of 10%, 20%, 30%, and 40%.

Lower WER and higher UAR indicate better utility at a given privacy level. Example system rankings
under this evaluation framework are illustrated at the bottom of Figures 2a and 2b, respectively. Note that
the averaged EER and WER across all languages are used for ranking in Track 2.

5 Baseline voice anonymization systems

Input speech

Content
features

Pool of x-vectors

HuBERT-
based soft 

content 
encoder
Speaker 
vector

extractor

F0
extractor

HiFi-GAN 
model

F0

Anonymized 
speaker 
vector

Anonymized 
speech

Speaker
vector Anonymization

1

2

3

5

4

Figure 3: Baseline anonymization system BM1.
.

5.1 Track 1 English anonymization
The baselines, presented in the upper part of Table 6, are inherited from the 2024 challenge edition [8],
but we remove the legacy system B1 and excluded B6, as it is similar to B5 but not better. Table 7 lists
the corresponding privacy and utility results on the development and evaluation sets. More specifically, B2
is a purely signal-processing approach based on McAdams coefficients, B3 is a TTS-based anonymization
system that extracts speaker embeddings, phonetic transcriptions, F0, energy and phone durations, replaces
the original embedding with an artificial one generated by a Wasserstein GAN, randomly modifies F0 and
energy per phone, and then synthesizes anonymized speech with a FastSpeech2 + HiFi-GAN pipeline, while
B4 is a neural audio codec (NAC) language modeling system that uses HuBERT-based semantic tokens and
EnCodec acoustic tokens to render the input content with the voice of a pseudo-speaker from a predefined
pool, and B5 is an ASR-BN-based anonymization system that uses a wav2vec 2.0 + TDNN-F acoustic model
with a vector-quantized bottleneck (VQ-BN) to extract linguistic features, which are combined with F0 and
a target speaker one-hot vector and passed to a HiFi-GAN vocoder to generate anonymized speech. These
baselines span a range of architectures and design strategies, from lightweight DSP methods to more complex
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Figure 4: Baseline anonymization systems BM2 and BM3. BM2 follows the complete pipeline (steps 1–7).
BM3 excludes steps 1 and 4, i.e., no prosody extraction or F0/energy modification is applied.

Table 7: Track1: Privacy (semi-informed EER,%) and Utility (WER,% and UAR,%) on anonymized data
vs. original (Orig.). The values highlighted in grey will be used for ranking.

Metric
Development Evaluation

Orig. B2 B3 B4 B5 Orig. B2 B3 B4 B5

EER 7.34 6.97 19.14 17.96 24.20 3.91 4.71 16.85 14.33 21.28
WER 1.80 10.44 4.31 6.16 4.91 1.84 9.96 4.31 5.90 4.44
UAR 69.08 55.66 38.08 41.97 40.08 71.06 53.49 35.24 42.78 38.25

Table 8: Track2: Privacy (semi-informed EER,%) and Utility (WER,% and UAR,%) on anonymized data
vs. original (Orig.) for different languages. The values highlighted in grey will be used for ranking.

Language Metric
Development Evaluation

Orig. BM1 BM2 BM3 Orig. BM1 BM2 BM3

MLS-fr
EER 6.15 1.86 16.68 46.65 7.51 2.49 16.64 46.53
WER 6.40 12.71 63.21 24.82 5.67 10.07 44.22 22.47

MLS-es
EER 8.97 1.77 12.35 46.12 4.86 1.74 10.02 45.66
WER 4.44 6.39 24.17 16.89 4.14 7.18 34.12 16.34

MLS-en
EER 2.24 1.37 6.58 23.69 4.75 3.67 8.46 22.69
WER 5.30 8.05 16.48 12.65 6.28 9.34 17.11 13.61

MLS-de
EER 3.00 1.47 11.41 47.19 11.39 1.57 12.10 47.26
WER 5.72 10.00 28.05 30.89 5.88 11.62 32.38 31.34

MLS-Avg.
EER 5.09 1.62 11.76 40.91 5.54 2.37 11.81 40.54
WER 5.68 9.56 30.06 22.33 5.71 10.00 30.99 21.97

EmoTrack2 UAR 72.09 41.04 26.87 26.24 78.90 32.40 29.04 24.84

neural pipelines, and are intended to provide representative operating points along the privacy-utility trade-
off curve for English speech.

The results of Track 1 baselines are listed in Table 7.

5.2 Track 2 Multilingual anonymization
Track 2 baselines are listed in the lower part of Table 6.

• BM1 is an HuBERT-based system designed for language independent anonymization [125]. It is similar
to the legacy B1 system from the previous challenge editions but replaces the English-oriented ASR
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model with the pre-trained HuBERT [17] for extracting the content vectors (see Fig. 3).

• BM2 and BM3 are multilingual extensions of the B3 in Track 1. They replace the ASR model and
the FastSpeech2-based speech synthesis model with the pre-trained Whisper [16] and IMS Toucan
multilingual synthesis model [126], respectively, and are similar to the anonymization system proposed
in [127]. Instead of GST-based embeddings, ECAPA-TDNN is used to encode the speaker. Compared
with BM2, BM3 removes the prosody extractor and does not feed the original F0, energy and phone
durations into the synthesis model, instead they are estimated based on the transcription (see Fig. 4).

The results of Track 2 baselines are listed in Table 8.

6 Challenge rules
• Participants are free to develop their own anonymization systems, using components of the baselines

or not. These systems must operate on the utterance level (§ 2.1) and language labels are permitted
at both training and inference time for anonymization.

• Participants are strongly encouraged to make multiple submissions corresponding to different privacy-
utility tradeoffs.

• Participants can use only the training and development datasets and models specified in Section 3 (the
full list of the allowed training data will be updated on 7 May 2026 in the version v1 of the evaluation
plan) in order to train their system and tune hyperparameters. The use of any additional speech data
is strictly prohibited.

• Participants must anonymize all the required datasets using the same anonymization system, i.e., the
development, evaluation, and training data that will be used to fine-tune the attacker ASV evaluation
model. See the bottom of the Table 9 and Table 10.

– For both tracks, they must fine-tune the attacker ASV evaluation model on the anonymized
training data and compute the evaluation metrics (EER, WER, UAR) on the development and
evaluation sets using the provided scripts. Modifications to the training or evaluation recipes (e.g.,
changing the ASV model architecture or hyperparameters, retraining the ASR and SER models,
etc.) are prohibited.

7 Registration and submission of results

7.1 Registration
Participants/teams are requested to register for the evaluation. Registration should be performed once
only for each participating entity using the registration form. Participants will receive a confirmation email
within ∼24 hours after successful registration, otherwise or in case of any questions they should contact the
organizers:

organisers@lists.voiceprivacychallenge.org.

Also, for the updates, all participants and everyone interested in the VoicePrivacy Challenge are encour-
aged to subscribe to the group:

https://groups.google.com/g/voiceprivacy.

Note: All wav files should be 16 kHz, 16-bit signed integer PCM format. These data will be used by the
challenge organizers to verify the submitted scores, perform post-evaluation analysis with other metrics and
subjective listening tests. All anonymized speech data should be submitted in the form of a single compressed
archive.

A summary of the WER and UAR results of Track 1 on the development and evaluation sets is saved in
exp/results_summary/track18 and Track 2 in exp/results_summary/track29.

8Example results files for the baseline systems in Track 1:
• B2: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track1/r

esult_for_rank_mcadams

• B3: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track1/r
esult_for_rank_sttts

• B4: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track1/r
esult_for_rank_nac

• B5: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track1/r
esult_for_rank_asrbn_hifigan_bn_tdnnf_wav2vec2_vq_48_v1

9Example results files for the baseline systems in track 2:
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Table 9: Required submission files for Track 1.

Category Item Path / Description

Result files Ranking file exp/results_summary/track1/result_for_rank<suffix>
Submission archive exp/results_summary/track1/result_for_submission<suffix>.zip

CSV files

ASR exp/asr/results*<suffix>.csv
SER exp/ser/results*<suffix>.csv
ASV (lazy-informed)‡ exp/asv_ssl/results*<suffix>.csv
ASV (semi-informed)∗ exp/asv_anon<suffix>/ (all files at maxdepth 1)

Anonymized speech
Dev & Test LibriSpeech dev & test (en)
Emotion data IEMOCAP dev & test
Training data train-clean-360

∗Semi-informed EER is used for official ranking.
‡Lazy-informed EER is collected for post-evaluation analysis only and is not used for ranking.

Table 10: Required submission files for Track 2.

Category Item Path / Description

Result files Ranking file exp/results_summary/track2/result_for_rank<suffix>
Submission archive exp/results_summary/track2/result_for_submission<suffix>.zip

CSV files

ASR exp/openai/whisper-large-v3/results*<suffix>.csv
SER exp/ser_emotion2vec/results*<suffix>.csv
ASV (lazy-informed)‡ exp/asv_ssl/results*<suffix>.csv
ASV (semi-informed)∗ exp/asv_anon_track2*/results*<suffix>.csv (all files at maxdepth 1)

Anonymized speech
Dev & Test Multilingual dev & test (fr, en, es, de)
Emotion data emodata_track2_dev, emodata_track2_test
Training data train_english, train_french, train_german, train_spanish
Additional data cn, ja†

∗Semi-informed EER is used for official ranking.
‡Lazy-informed EER is collected for post-evaluation analysis only and is not used for ranking.
†Mandarin (cn) data sampled from AISHELL-3 [128] and Japanese (ja) data sampled from [129] are downloaded and anonymized
together with other languages using the default scripts. They will be used for post-evaluation analysis and future VoicePrivacy
Attacker Challenge. They are not used for official ranking.

Each participant should also submit a single, detailed system description. All submissions should be made
according to the schedule below. Submissions received after the deadline will be marked as ‘late’ submissions,
without exception. System descriptions will be made publicly available on the Challenge website. Further
details concerning the submission procedure will be published via https://groups.google.com/g/voicep
rivacy, by email, or via the VoicePrivacy Challenge website.

8 VoicePrivacy Challenge workshop at Interspeech 2026
The VoicePrivacy 2026 Challenge will culminate in a joint workshop held in Sydney, Australia, in conjunc-
tion with Interspeech 2026 and in cooperation with the ISCA SPSC Symposium.1 VoicePrivacy 2026
Challenge participants are encouraged to submit papers describing their challenge entry according to the
paper submission schedule (see Section 9). Paper submissions must conform to the format of the ISCA SPSC
Symposium proceedings, detailed in the author’s kit10, and be 4 to 6 pages long excluding references. Papers
must be submitted via the online paper submission system. Submitted papers will undergo peer review via
the regular ISCA SPSC Symposium review process, though the review criteria applied to regular papers will
be adapted for VoicePrivacy Challenge papers to be more in keeping with systems descriptions and results.
Nonetheless, the submission of regular scientific papers related to voice privacy and anonymization are also
invited and will be subject to the usual review criteria. The same paper template should be used for system
descriptions but may be 2 to 6 pages in length.

Accepted papers will be presented at the joint ISCA SPSC Symposium and VoicePrivacy Challenge
Workshop and will be published as other symposium proceedings in the ISCA Archive. Challenge partici-
pants without accepted papers are also invited to participate in the workshop and present their challenge
contributions reported in system descriptions. More details will be announced in due course.

• BM1: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track2
/result_for_rank_BM1

• BM2: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track2
/result_for_rank_BM2

• BM3: https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-2026/blob/main/results/track2
/result_for_rank_BM3

10https://interspeech2026.org/en-AU/pages/author-resources/resources
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In addition to workshop paper submissions, the organizers plan to propose a special journal issue on voice
privacy. If approved, participants will be invited to submit extended versions of their work. Confirmation
will be announced in a later update.

9 Schedule
The result submission deadline is 30th June 2026. The paper submission deadline is to be confirmed and
may be updated in the next (v1) version of the evaluation plan. All participants are invited to present
their work at the joint SPSC Symposium and VoicePrivacy Challenge workshop that will be organized in
conjunction with Interspeech 2026.

Table 11: Important dates

Deadline for participants to submit a list for training data and models 30th April 2026

Publication of the full final list of training data and models 7th May 2026

Deadline for participants to submit objective evaluation results, anonymized data, and system descriptions 30th June 2026

Submission of challenge papers to the joint SPSC Symposium and VoicePrivacy Challenge workshop TBC

Author notification for challenge papers TBC

Joint SPSC Symposium and VoicePrivacy Challenge workshop TBC
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