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In Memory of Emmanuel Vincent (1979-2020)

VoicePrivacy 2026 is dedicated to the memory of Emmanuel
Vincent, whose pioneering work and leadership were central to
the creation of the VoicePrivacy initiative and to advances in voice
anonymization and privacy in speech technology
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VPC: where we started and where we are

https://www.voiceprivacychallenge.org/
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VPC: where we started and where we are
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X Formal definition « Task definition + Emotional content: anonymized
X Benchmark v Metrics speech maintains the emotional
X Database v Database attributes of original speech
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2020 2022 2024
Defender VPC 2020 VPC 2022 VPC 2024
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* Speaker privacy protection:
anonymized speech sounds ==
dissimilar from original speech to
hide the original speaker's identity

=)
Speech intelligibility
Anonymized speech preserves the
speech content and remains
understandable.

* Speech naturalness & 2025: attacker challenge

Anonymized speech sounds natural Attackers
and human-like

Attacker 2025 @ ICASSP2025
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VPC: where we started and where we are
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Challenge task and requirements

- Task: Develop a voice anonymization system

/\

Track 1: English Anonymization English

en

Track 2: Multilingual Anonymization E”g;{Sh Spanish German French

es de fr
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Participants:
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1. training, development & evaluation data

2. baseline anonymization systems
3. evaluation scripts and metrics

1. apply their anonymization systems
2. run evaluation scripts

3. submit results & anonymized speech data
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Track 1: English voice anonymization evaluation

e [ Speaker Verification )
| G Privacy evaluation Enrollment :
e LR e il — English

= — : _ Anonymization |- '“‘“"“ I“'"M“”"
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o data Anonymization English data Trial

English anonymized ASV training data generation

______________________________________________________________________

............ - English
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Trial Trial
English English
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_______________________________________________________________
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Track 2: Multilingual voice anonymization evaluation

( Speaker Verification )

—————————————————————————————————————————————————————————————————————————————————————

Multilingual anonymized; Privacy evaluation during

Privacy evaluation during . -~
training data generation .
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Attacker model for privacy evaluation

- Semi-informed attacker:
L. New attacker[1]:
- has access to the anonymization system ASV pre-trained on

- anonymizes enrollment & training data on the voice-converted data
utterance level and fine-tuned on anon
data for each language

Pre-trained FC + Classifier
SSL-based ASV attacker] SSL-based ASV attacker x
-Original speech dataset | Weighted sum SSL feature Attentive pooling layer

(VoxCeleb2)

TMid-IeveI feature fusion

Post-trained = ECAPA-TDNN ECAPA-TDNN
| SSL-based ASV attacker ] ) C Transformer Layer 24 ) -, |_Frame encoder Frame encoder
. Weighted sum Fbank

Voice-converted dataset SSL feature

(SSTC) GHIBNEEE D)
Transformer STFT + Mel Filter
Fine-tuned T Transformer Layer 2 ; layers Bank
SSL-based ASV attacker 1 T
- al CNN Feature \ _ H “““l
‘ Target anonymized Transformer Layer 1 Encoder
dataset

[1] Ridwan Arefeen, Xiaoxiao Miao, Rong Tong, Aik Beng Ng, Simon See, Timothy Liu, DAST: A Dual-Stream Voice Anonymization

Attacker with Staged Training, Interspeech 2026 14



Ranking Policy

- 4 evaluation conditions with minimum target privacy EERs: 10%, 20%,
30%, and 40%

- Within each EER threshold condition, eligible systems are ranked separately
by WER (lower is better) and UAR (higher Is better).

- Track 2: averaged EER and WER across all languages are used for

ranking
W ,% Condition-1 Condition-2 Condition-3 Condition-4 UAAR’% Condition-1 Condition-2 Condition-3 Condition-4
/"%_— ————— o 8 Original
S e ® )
15 (S o 0 o 60 B2
0 sjg
B2 @J 1)
10 @:
B4 -
@O B3
5 B5
Original
10 20 30 40 EER,%)
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Data and Pretrained Models

Open training resources Fixed development and evaluation data
Most used Training resources Development & Evaluation
Track 1
—~
Data E Models ’}I;' LibriSpeech ¥ Speaker verification
v Speech recognition

CAMEO Whisper-large-v3 IEMOCAP : 1Ssee
CREMA-D Whisper med.en _ 7 Emot .\
MSP-Podcast — with 4 classes: motion recognition
MEAD SMOIETZATES neutral, sadness, anger & happiness
EMO-DB VoxCPM2
RAVDESS 8}/_\|l_esn3-'lTS Track 2
LibriTTS : Multilingual LibriSpeech

eSOl (English, French, German, Spanish)
VoxCeleb-1,2 IMSToucan ! ! !
VoxPopuli UUVC v Speaker verification

SeedVC v Speech recognition

wav2vec2

HUBERT Oreau French, MESD Spanish,

ECAPA-TDNN EMNS English, EmoDB German

— with 4 classes:
HiFI-GAN neutral, sadness, anger & happiness
BigVGAN v Emotion recognition

Full list can be found at: https://www.voiceprivacychallenge.org/vp2026/docs/VPC 2026 sept01.pdf



https://www.voiceprivacychallenge.org/vp2026/docs/VPC_2026_sept01.pdf

Baselines - Track 1

- Inherited from the 2024 challenge edition, but remove the legacy system B
and excluded Bo, as it is similar to B5 but not better

McAdams coefficient

phonetic transcriptions and a generative

adversarial network

poles (Im==0)
___________ LPC poles
| Coefficients —  to to
""" T T poles LPC
] LPC poles (Im~=0) :_A ----- '__d__l
' Speech frame — . = Resynthesis |—» Anonymized .
| ! analysis Qb ! speech frame !

o

! Residuals

1

neural audio codec language modeling

_ Decoder
| transformer

@ 3 v @
S
Semantic I—f f_l Acoustic Converted y
tokens tokens acoustic tokens NAC
[ Semantic / NAC /  decoder
encoder encoder 4
T
< Anonymized
Input | "'Ill I"'I" ¢
-1y nh- =aijijl{insfs- Speaker
speech I Illl I l I I e

Pool of

speakers

extractor Energy ,* Random FO and Modified energy
FO FO energy modification | Modified FO
extractor
L) Phone Phor)e
|_ aligner duration ®) 1 (7)
— | S5 model THIFCGANS) |
3) Mel | Vocoder
N Phonetic spectrogram
Input speech ASR model transcription Anonymized
5 Anonymizaton: speech
< S generation of artificial|_Anonymized
embedding L
P speaker' embeddings speaker
T using GAN embedding
Speaker fembeddmg Anonymized speaker embedding
*
77777 Cosine distance
ASR-BN with VQ and a pretrained wav2vec2 model
./"]:"—4
(l ————
< FO FO
extractor
fjéi\ o\ v
\ ] ]
<’ ASR AM VO-BN 2/
§ Q -  SSmodel (——
with VQ features
r'
Target one-hot .
Input speech Anonymized
speech
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Baselines - Track 2

(1)
1 | FO FO
extractor
(2) HuBERT- ©) |
based soft || Content =" HiFi-GAN
—p > >
content features model
encoder (4) t
e Speaker ./ Anonymized -
Input speech "' 3 - Speaker ————— [Anonymization Anonymized
= vector speaker h
vector ‘ speec
extractor vector
Pool of x-vectors
7o)
1®\.
[~
Do — excludes steps 1 and 4, i.e., no
Prosody Energy (4 - .
extractor el ERAE Modified energy prOSOdy extraction or FO/
FO FO et — e e .
extractor B Modified FQ energy modification is applied.
Phone Phone : .
aligner duration 6 Multilingual TTS 7
< model using IMS 7 HiFi-GAN .
:|2'Multilingual ext transcrinion Toucan I:/Iel Vocoder
' i a ' spectrogram
Input speech AV?I }:\i‘;s I:rg Language ID Anonymized
> 3ﬁ (5) Anonymizaton: speech
\E)ector Speaker | generation of artificial | _Anonymized
T vector spealfer vectors speaker vector
3 using GAN
' t

Cosine distance
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Participants

Registered teams: 40 (101 participants) 2020 2022 2024 2026
from 1/ countries Registered teams 25 43 40 40
Team submitted results: 13 Participants >45 >79 107 101
12 in Track 1 Countries 13 17 16 17
-8 in Track 2 Submitted systems 16 16 36 23
>48
Submitted anonymization systems: 23 Teams 7/ 6 13 13
13 in Track 1
10 in Track 2
Registered teams by country / region Organization type
China I 1 4 ® Academic
United States | 4 32 (79%)
France I 2 ® Non-academic
Germany N ? 5 (13%)
India N 2 Both
Netherlands I ? .3068%)
Russia 1IN 2

South Korea 1M 2
0

19



Teams and systems

See teams ids also at: https://spsc-symposium.de/#program

Team ID Team Affiliation Track 1 Track 2

ASR + SER + TTS cascades

T3 Voicecode Voicecode Technology, Singapore, China 1 1

T7 AISRC Soongsil University, South Korea 1 1

T15 Radboud-Aalto (ZZ2) Radboud University (NL); Aalto University (Fl) 2 0

T18 RocknRiver JAIST, Japan 1 2

T24 Caramelo UFG; Unicamp; UFMT; Unesp, Brazil 1 1

T32 Chameleos ShanghaiTech University, China 1 0

137 SHIVA Orange Research, France 1 2

Disentanglement VC

Tl Xihua-Voice-Processing |Xihua University, China 1 0

T2 PSST1 Aalto (FI); Ruhr Bochum & TU Berlin (DE); INESC- 1 0
ID/IST (PT)

T11 Al4Al Beijing University of Posts and 0 1
Telecommunications, China

T12 M-PSlvacy UGA; CNRS; Grenoble INP; LIG; LIK, France 1 0

T13 SpeechTek Fondazione Bruno Kessler, Italy 1 1

Generative VC (hors concours)

T23+ DKU Duke Kunshan University; Xiaomi; CUHK 1 1
Shenzhen, China

Total 13 teams 12 teams | 8 teams
23 systems 13 systems | 10 systems

20
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Submitted systems

Track 1

13 systems:
8 cascades + 4
disentanglement VC
+ 1 generative VC

Track 2

10 systems:
/ cascades + 2
disentanglement VC
+ 1 generative VC

1

T3, T7
whisper + emotion2vec + VoxCPM2

T15-1, T15-2

Emotion-gated processing: Whisper + VITS for
neutral speech.

Non-neutral: UUVC reconstruction (T15-1) or
unchanged speech (T15-2)

T18
Whisper + emotion2vec + IMSToucan + HiFi-
GAN

T24, 132, T37
Whisper + emotion2vec + Qwen3-TTS,
VoxCPM2 or CosyVoice2

1

T3
Whisper + VoxCPM2 voice design

T7

Whisper + emotion2vec + VoxCPM2 with
CAMEO references

T18-1, T18-2
Whisper + emotion2vec + IMSToucan + HiFi-
GAN

T24,7137-1,T37-2
Whisper + VoxCPM2 or Qwen3-TTS, language-
aware prompts or references

T1

wav2vec2 bottleneck + VQ + HiFi-GAN

T2*

HuBERT-soft + ECAPA-TDNN + flow-matching
speaker anonymization + HiFi-GAN

T12
wav2vec2 + content quantization + HiFi-GAN

T13

Whisper features + ECAPA-TDNN + adversarially
fine-tuned HiFi-GAN

3 |
T23 not ranked
Seed-VC v2 with projected classifier-free guidance

T11
Soft-HUBERT + ECAPA + HiFi-GAN

T13

mMHUBERT-147 + ECAPA + emotion2vec + HiFi-
GAN,

Both systems preserve multilingual content
through VC features.

3

T23 not ranked
Seed-VC v2 with projected classifier-free guidance



Track 1 results

- ASR + SER + TTS cascades dominate privacy, with all cascade systems

exceeding 31%

- Emotion preservation varies substantially, so stronger privacy does not

guarantee better utility

Better
utility
7'}
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70- ‘
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X 601 1o e
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§‘11523 (org.]
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101 * ASR + SER + TTS cascades
£2 Disentanglement VC
* Generative VC (organizer, not ranked)
=~ Noncompliance with requirements
8 O Aim: perfect privacy & utility
X
- 18
i »
= 67 BEom
s
3 > T32*
]
= j{&iz_;%org.) 4 124
o 4 £ ey 5*/
O K152
T12 7
s
NS GE 137
| @i e ®
O‘ T T T T T .
Bett&r 10 20 30 40 50 Better
utility EER, % privacy



Track 1 results

- T3 is the only system in the =40% EER category and records the lowest
WER (1.29%)

Recognition

ASR: Whisper large-v3

— Paralinguistic Analysis —

Pseudo-speaker control

'

Generation: zero-shot TTS ——
SER: emotion2vec  |4» Voice-design prompt builder || .l Voice-design: text prompt
attribute prompts VoxCPM2
Better Attributes extraction: [|-{»
utility Gender, pitch
4
@ Original speech
rig A Baseline
701 ‘ @ 10 * ASR + SER + TTS cascades
T32% EZ Disentanglement VC
*%15 > * Generative VC (organizer, not ranked)
) =~ Noncompliance with requirements
81 O Aim: perfect privacy & utility
o\o 60 1 T2* *T3 o\C>
- D T15-1 -
o TJA,) o w18
< > W L]
= £ = 6 8471
S 50 % BS T32%
4
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S T12 S 4 7 sy
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T13 B3 PTl 2% 5113 K T37
2| @rig ., ©
{18 *r
301
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Track 1 results

- T37: Whisper + emotion2vec + Qwen3-TTS VoiceDesign with emotion

Instructions

- the lowest WER (2.45%) among systems with 30% < EER < 40%

- T7: Whisper + emotion2vec + VoxCPMZ2 with emotion-matched CREMA-D
references and emotion instructions
- the highest UAR (55.78%) among eligible systems with 30% < EER < 40%

Better
utility
'}
@ Original speech
rig ] A Baseline
701 ‘ @ 10 * ASR + SER + TTS cascades
T32% EZ Disentanglement VC
ﬁ*"{is 5 * Generative VC (organizer, not ranked)
) =~ Noncompliance with requirements
81 O Aim: perfect privacy & utility
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2 11/5-1 <’ 18
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30+
. . ; . . > (0 o : + + . , >
0 10 20 30 40 50 Better Bettlr 10 20 30 40 50 getter
EER, % privacy utility EER, % privacy



Emotion: UAR, %

Track 2 results

- Cascaded systems achieve the strongest multilingual privacy, with several
systems exceeding 40% EER

- Privacy does not ensure utility: WER and UAR vary substantially across
systems and languages

Better
utility
t 307 @ Original speéech
801 ‘rlg @ ABMZ A Baseline
* ASR + SER 4 TTS cascades
5 Disentanglement VC
70- * Generative VC (organizer, not ranked)
=~ Noncompliance with requirements
O Aim: perfect privacy & utility
# S
60 - o 201
*I'24 L
w3 = 23 (org.) 182+
50+ T 15; ﬁ
)
T13 e T11
4BM1 N S 3
1 BM3,T18-1
401 w181 101 BM1 * KT AK
‘/
AT18-2% axHL3 Rell w24
| T11 BgM2 , *‘F37-1
30 37-1 51 @ @
*’3 (org.) -
3
7 7 7 7 » a 7 7 7 7 »
0 10 20 30 40 Bdtter Bett8r 10 20 30 40 Bdtter
EER, % privacy utility EER, % privacy
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Track 2 results

- T24: Whisper + emotion2vec + VoxCPM?2 with language-matched emotional
references

- the highest UAR (56.34%) among systems with EER = 40%

- T37-1: Whisper + Qwen3-TTS VoiceDesign with voice descriptions
- the lowest WER (6.28%) among systems with EER = 40%.

- T7: Whisper + emotion2vec + VoxCPM2 with language-matched CAMEO
references and emotion instructions

- the highest UAR (62.22%) among systems with EER = 30%

Better

Emotion: UAR, %

utility
t 307 @ Original speech
801 ‘rlg @ ABMZ A Baseline
% ASR + SER + TTS cascades
5 ] Disentanglement VC
70- * Generative VC (organizer, not ranked)
=~ Noncompliance with requirements
O Aim: perfect privacy & utility
X
. 201
00 1 o
L
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ASR + SER + TTS cascades

gen. VC Dis. VC

Emotion preservation by system

- Emotion preservation varies substantially across emotion classes and

systems

- Several systems show particularly low recall for sadness

Track 1 emotion recall

Orig |

T3 m| B0
T7 O m| |
T15-1 |
T15-2 O
T18m m |
T24 =B O
T32* O OO
T37 B O m
Tlm m| 0
T2* O |
T12 O |
| T13 O OO
[ T23m m| l

Sad
Angry
Happy
Neutral

ooom O

0 20 40 60 80 100
Class recall, % (IEMOCAP test)

ASR + SER + TTS cascades

gen. VDis. VC

Orig

T3
T7
T18-1
T18-2*
T24
T37-1
| T37-2
T11
T13

T23

Track 2 emotion recall

[ O—0
O o0
L1 O
B O 0
B O 0
B O 0
B-O O
[ -0
[ | o
B Sad
a O 'O Angry
Ll Happy
[0 Neutral
20 40 60 80 100

Class recall, % (EmoTrack?2 test)
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Content preservation by language

- Most cascaded systems show lower EER on English than on the other

evaluated languages

- WER is generally higher in German and French than in English

(a) EER by language

Oorig @O
B T3 O ©
(7))
()}
- T7 ® o©
()
(7))
S T18-1 o CO
(7))
= .
A T18-2* O O-00
('
v T24 o®
+
g T37-1 O (0
<
| T37-2 O O
 T11 @>O
Dis. VC | ® English
B T13 @ O German
— O Spanish
gen. VC B T23 . Jo) O French
0 10 20 30 40 50

Semi-informed EER, % (test, mixed)

(b) WER by language

o-@ ® English
O German
O Spanish
@ OO C O French
® o)
@ O
® 000
@O O
oO-@0
@ O
® OO
c»
@ O

00 25 50 7.5 10.0 12.5 15.0 17.5 20.0
WER, % (MLS test)
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Content preservation by language

- For TTS-based cascades, content preservation is more challenging in

German and French in these results

- e.9. T3's WER is 4.51% in English, 12.40% in German, and 14.74% in French;
original-data WERs were more similar across languages

Original WER: 5.46%

English

original +5.46
T3 .:4-51
T7 i ®7/.65
T18-1 i @3.84
T18-2* i @13.41
|
T24 - @7.27
T37-1 506.30
T37-2 i.6.30
T11 i ®11.87
T13 i ©09.68
T23 i ®12.08
0 5I 10 15
WER (%)

Dashed line: original speech baseline in each language. Lower WER is better.

German

Original WER: 5.39%

6:)5.39
012.40
011.56
08.92
016.40
010.75
06.33
07.45

013.45

09.22

5 10 15 20

WER (%)

018.57

Spanish

Original WER: 3.75%

03.75
010.79
07.41
09.26
015.44

05.38
05.17
05.48

08.99
05.49

012.54

5 10 15 20

WER (%)

| MLS test

French

Original WER: 5.13%

¢5.13

014.74

010.91
013.33
017.43

08.00
07.33
07.92

014.98

08.70

5 10 15 20
WER (%)

018.66



Additional evaluation - attacker training data

- What if an attacker fine-tunes on the same team’s English data from the

other track, given that Tracks 1 and 2 contain different amounts of English
ASV training data

data?

ID Track 1 system
(1) ASR + SER + TTS cascades

Track 2 system match (official)

ASV training data

Track 1 (LibriSpeech)

Track 2 (English)

ASV FT: train-clean-360, 23 GB

ASV FT: train-english, 4.3 GB

921 spk / 104,014 utt (~113/spk)

Cross

A

3,930 spk / 18,986 utt (~5/spk)
match (official)

Cross

T3 [voxcpm2 vd voxcpm?2 vd 49.74 49.07 -0.67 19.33 11.84 -7.48
emotts emotts
feats8 T18-1 (final_6)
T18 |feats8 T18-2 (final_3) 34.70 47.14 | +12.44 25.42 22.81 -2.61
T24 |ensemble2 voxcpm2_top50 36.82 47.54 | +10.72 45.21 45.06 -0.15
T37 |VD-E2V-T1 VD-E2V-T2 34.18 40.64 | +6.46 27.99 15.53 | -12.46
T37 |VD-E2V-T1 VD-Pool-T2 34.18 41.04 | +6.86 30.09 15.72 | -14.37
(2) Disentanglement VC
T13 |adv _epl70 unit_ml 12.56 47.54 | +34.98 4.30 14.84 | +10.54
(3) Generative VC (hors concours)
T23 [smooth21 global 22.35 23.75 +1.40 9.26 9.66 +0.41

A = cross — match, Negative A indicates a stronger cross-track attacker (lower EER)
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Additional evaluation - attacker training data

- Attacker training data has a substantial and asymmetric effect
on privacy evaluation

- For Track 1, the official attacker, fine-tuned on Track 1 anonymized
data, 1s usually stronger than the cross-track attacker

- For Track 2, the Track 1 attacker is often stronger than the official
Track 2 attacker

- Differences in training-data volume and per-speaker coverage may

contribute to the observed attacker performance
Track 1 (LibriSpeech) Track 2 (English)
ASV FT: train-clean-360, 23 GB ASV FT: train-english, 4.3 GB
921 spk / 104,014 utt (~113/spk) 3,930 spk / 18,986 utt (~5/spk)

- T13 is a notable exception: the official attacker is stronger in both tracks
possibly because its Track 1 and Track 2 anonymization systems differ

ID Track 1system Track 2 system match (official) cross A match (official) cross

b)

T13|adv_ep170 unit_ml 12.56 47.54 | +34.98 4.30 14.84 | +10.54
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Additional evaluation - content leakage analysis

- Why do ASR + SER + TTS cascades fail to achieve an EER close to 50% ?
Can linguistic content support speaker linking in VPC 20267

- Prior studies have demonstrated speaker linking from linguistic content and
its use in multimodal attacks [2-4]

- We revisit text-only speaker verification on VPC 2026 using a BGE encoder
with language-specific speaker-classification heads and cosine scoring on

the official trials,
- similar to [2], using BGE instead of BERT and evaluating both English and

multilingual VPC 2026 data
Text representation 6 Language-specific training e VPC trial scoring

BGE encoder with a One class per training Use the official trial pairs
language-specific speaker and original enrollment/test
speaker-classification Track 1: train-clean-360 texts; cosine similarity
head. Track 2: train_{english, produces the EER.

german, spanish, french}

[2] Unal Ege Gaznepoglu, Anna Leschanowsky, Ahmad Aloradi, Prachi Singh, Daniel Tenbrinck, Emanuél A. P. Habets, and Nils
Peters, “You Are What You Say: Exploiting Linguistic Content for VoicePrivacy Attacks,” in Proc. Interspeech, 2025, pp. 4238—-4242.

[3] Ahmad Aloradi, Unal Ege Gaznepoglu, Emanuél A. P. Habets, and Daniel Tenbrinck, “VoxATtack: A Multimodal Attack on Voice
Anonymization Systems,” in Proc. IEEE WASPAA, 2025, pp. 1-5.

[4] Ashi Garg, Cristina Aggazzotti, Leibny Paola Garcia-Perera, and Nicholas Andrews, “Multimodal Speaker Verification as a Threat 32
to Speaker Anonymization,” Proc. Interspeech, 2026



Additional evaluation - content leakage analysis

- Why do ASR + SER + TTS cascades fail to achieve an EER close to 50% ?
Can linguistic content support speaker linking in VPC 20267

Track 1 English  text-based EER

34.81%

(Track 2 - Text-based EER by language

Language‘ English ‘German‘ Spanish ‘ French
EER (%) | 19.1 \ 25.6 \ 26.3 \ 26.1

- [deally, text-only speaker linking should give an EER near 50%,
Indicating no remaining link to speaker identity

- The VPC evaluation data contain linguistic cues that leak speaker
iIdentity. Even after acoustic voice resynthesis, speaker-specific text
and trial patterns can remain linkable.

The experiments were conducted with Junyi Peng from Brno University of Technology 33



Findings

- From participants results
- ASR + SER + TTS cascades achieved the strongest privacy, but
emotion preservation varied

- All submitted disentanglement VC systems achieved EERs below 20%
under the official attacker

- Performance varied across emotion classes and languages

- From additional analysis

- Changing the attacker’s training data substantially changed EER for
several systems.

- Text-only verification revealed speaker-correlated linguistic content in
the evaluation data
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Congratulations!

T3 — Voicecode

Overall / Best trade-off — Track 1

Whisper + VoxCPM2 voice design with emotion-guided prompts and SER-aware candidate selection.
VOICECODE TECHNOLOGY PTE. LTD.

Sheng Zhao, Yibo Duan, Zihan Chai, Xuyang Xing, Maquan Yang, Shengchen Li

T24 - Caramelo

Overall / Best trade-off — Track 2
Whisper + VoxCPM2 with language-matched references, sampled from the top-50 emotion-similar

candidates.
Federal University of Goids (UFG), Unicamp, Federal University of Mato Grosso (UFMT), and Sao Paulo State

University (Unesp), Brazil
Alef lury Siqueira Ferreira, Lucas Hideki Ueda, Lucas Rafael Stefanel Gris, Frederico Santos de Oliveira,
Augusto Seben da Rosa, Alexandre Costa Ferro Filho, and Victor Moreno

T37 -—SHIVA

Best content preservation — Tracks 1 & 2
Whisper + Qwen3-TTS VoiceDesign: emotion instructions (Track 1);

random voice-description prompts (Track 2, T37-1).
Orange Research, France

Rachid Benhsina, Olivier Le Blouch, Rayane Bakari, and Nicolas Gengembre

T7  —AISRC

Best emotion preservation — Tracks 1 & 2
Whisper + emotion2vec + VoxCPM2 with emotion-matched references

(CREMA-D for English; CAMEO for the other languages).
Soongsil University, South Korea

Ngoc Hung Le, Kyujin Kim, Sangjun Park, and Souhwan Jung
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Feedback on future challenges

- To help us organize future editions of the VoicePrivacy
Challenge, we would greatly appreciate your feedback on
participation in the VoicePrivacy Challenge 2026
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Track 1 results

- T3 is the only system in the =40% EER category and records the lowest WER (1.29%)

- 137 (SHIVA): Whisper + emotion2vec + Qwen3-TTS VoiceDesign with emotion instructions
- the lowest WER (2.45%) among systems with 30% < EER < 40%

- T7 (AISRC): Whisper + emotion2vec + VoxCPM2 with emotion-matched CREMA-D references and emotion

instructions

- the highest UAR (55.78%) among eligible systems with 30% < EER < 40%
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Track 2 results

- T24 (Caramelo): Whisper + emotion2vec + VoxCPMZ2 with language-matched
emotional references

- the highest UAR (56.34%) among systems with EER = 40%

- T37-1(SHIVA): Whisper + Qwen3-TTS VoiceDesign with voice descriptions
- the lowest WER (6.28%) among systems with EER = 40%.

- T7(AISRC): Whisper + emotion2vec + VoxCPMZ2 with language-matched CAMEQO
references and emotion instructions

- the highest UAR (62.22%) among systems with EER = 30%
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