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Abstract

Voice anonymization systems must conceal speaker identity
while preserving linguistic content and paralinguistic attributes.
We present an enhanced selection-based voice-anonymization
pipeline built on the VoicePrivacy Challenge BM1 frame-
work. Soft-HuBERT extracts linguistic-content features, and
ECAPA-TDNN extracts speaker embeddings. We introduce a
log-domain Z-score FO transformation toward a target regis-
ter and speaker pooling with Gaussian perturbation, comparing
weighted farthest and uniform random selection. We evaluate
the system on four Multilingual LibriSpeech languages under
the VoicePrivacy 2026 protocol. We conduct speaker verifica-
tion experiments to assess privacy protection, speech recogni-
tion experiments to measure content preservation, and emotion
recognition experiments on the EmoTrack2 benchmark. Results
show substantial privacy gains over BM1, with a clear trade-off
in ASR and emotion-recognition performance.

Index Terms: voice anonymization, speaker privacy, Soft-
HuBERT, ECAPA-TDNN, pitch transformation

1. Introduction

Speech is a natural and information-rich form of human com-
munication. Beyond linguistic content, speech carries par-
alinguistic attributes—emotion, intonation, speaking style—
and speaker-specific traits such as age, gender, accent and vo-
cal tract physiology. These cues form a voiceprint for bio-
metric identification, making speech data a privacy concern
under GDPR. Voice anonymization aims to suppress speaker-
identifiable information while preserving linguistic and paralin-
guistic content for downstream applications.

The VoicePrivacy Challenge, abbreviated here as VPC, has
driven progress since 2020 [1, 2, 3, 4]. VPC 2026 intro-
duces two tracks: Track 1 continues the English-only task with
stronger attackers, while Track 2 extends to a multilingual set-
ting covering four languages. This work targets Track 2 ex-
clusively; the English-only Track 1 is outside the scope of this
work. Systems are evaluated along three axes: privacy via the
equal error rate, or EER, of an automatic speaker verification,
or ASV, attacker; content preservation via the word error rate,
or WER, of an automatic speech recognition, or ASR, model;
and emotion preservation via the unweighted average recall, or
UAR, of a speech emotion recognition, or SER, model.

The privacy metric assumes a semi-informed adversary,
the strongest attacker defined by the challenge: it knows the
anonymization system, uses it to anonymize the designated
training data, and fine-tunes the ASV model on that anonymized
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training speech. The fine-tuned attacker is then evaluated on
anonymized enrollment and trial utterances. A system that
displaces speaker identities into a fixed region of the embed-
ding space offers little protection, because the retrained attacker
learns that displacement. Track 2 makes this challenge more
difficult. The anonymizer must remain language-independent,
whereas the attacker is retrained separately for each language
and can exploit language-specific regularities. Thus, privacy
protection must rely on properties that remain effective after
adaptation.

Existing approaches fall into several categories. Signal-
processing methods such as the McAdams coefficient base-
line [5] require no training data but offer limited protec-
tion against modern attackers. Neural voice conversion ap-
proaches [6, 7, 8] disentangle speech into speaker, content and
prosodic representations, anonymize the speaker component
and resynthesize the waveform. The text-to-speech pipeline [9]
reduces linguistic content to phonetic transcriptions, and the
neural audio codec approach [10] uses semantic and acoustic
tokens with a language model. TTS-based pipelines suffer from
information loss through textual bottlenecks, whereas the SSL-
based BM1 [8] offers a promising alternative: it replaces the
language-dependent ASR acoustic model with a self-supervised
HuBERT soft content encoder [11, 12], achieving language in-
dependence and strong utility.

Yet BM1’s privacy protection remains weak. Its semi-
informed Anon-vs-Anon EER averages 1.64% across the four
development languages—below 2% for English, German and
Spanish, and 2.10% for French. We hypothesize that this weak-
ness is related to two properties: the fundamental frequency,
denoted FO, is a strong speaker-identifiable cue that is passed
to the vocoder unchanged; and the anonymous x-vector is gen-
erated from a similarity-defined subset of the speaker pool, so
its construction remains explicitly conditioned on the source x-
vector.

To address these limitations, we develop an enhanced
selection-based pipeline based on BM1. Our contributions are
fourfold. First, we introduce a log-domain Z-score transfor-
mation for FO that remaps pitch distributions toward a target
register under an explicit strength factor, thereby disrupting a
key speaker-identifiable cue. Second, we introduce a speaker-
pooling stage with additive Gaussian perturbation, instantiated
with two selection rules—temperature-scaled weighted selec-
tion from the farthest candidates and query-independent uni-
form random selection—to compare source-conditioned and
source-independent pooling policies. Third, we conduct a com-
plete Track 2 evaluation for four MLS languages, reporting both
development and test partitions with comparisons against the
official BM1, BM2, and BM3 baselines [4]. Finally, we con-



Soft-HuBERT Replicate-pad + align

— —> Feature fusion
768-d SSL—200-d content frame-synchronous content
Log-domain Z-score transform Anon.
YAAPT Fo HiFi-GAN V1
-III'IlIIIl — —_ =@a-) + — —H — -||||I||I|-
source log-FO == ) + q BMI1 vocoder
Input Speech voiced Output speech
Pool selection + perturbation Anon. x-
ECAPA-TDNN vector
— W-Far: =—20C) — —
192-d x-vector =t ,i ) per
U-Rand : A utterance

Figure 1: Overall framework of the proposed selection-based voice-anonymization system. The input waveform is decomposed into
content, FO, and speaker-embedding streams. The content stream is aligned and retained, whereas the FO and speaker-embedding

streams are anonymized before concatenation and HiFi-GAN synthesis.

duct a controlled comparison of the two selection rules to ex-
amine whether farthest-neighbor selection provides a benefit.

2. Methodology
2.1. The BM1 baseline

BM1 [4, 8] is the SSL-based baseline of the VoicePrivacy
Challenge. Unlike TTS-based pipelines that convert speech
to discrete text and back, BM1 operates directly on continu-
ous SSL representations, avoiding the information loss inher-
ent in textual bottlenecks. The input waveform is decomposed
into three parallel streams. A HuBERT-based soft content en-
coder [11, 12] extracts 200-dimensional linguistic features at
a frame rate of 50Hz. The YAAPT algorithm [13] extracts
an FO contour. An ECAPA-TDNN speaker encoder [14] ex-
tracts a 192-dimensional utterance-level x-vector. The source
x-vector is replaced with an anonymous x-vector drawn from a
pool constructed from LibriTTS-train-other-500 [15]. The three
streams are then concatenated into a 393-dimensional represen-
tation and fed to a HiFi-GAN vocoder [16].

We choose BM1 as our foundation for two reasons. First, its
SSL-based content encoding is language-independent, making
it directly applicable to multilingual Track 2 without language-
specific ASR models. Second, its direct feature-to-waveform
synthesis preserves finer acoustic detail than cascaded TTS
pipelines, which matters for emotion preservation. We retain
the content encoder, pitch extractor, and vocoder unchanged,
modifying only the FO and speaker-embedding streams. Fig-
ure 1 distinguishes the inherited components from the compo-
nents introduced in this work.

2.2. Feature extraction

We retain BM1°s three-stream extraction. The input audio is
resampled to 16kHz. The Soft-HuBERT predictor extracts
768-dimensional SSL features, which are projected to a 200-
dimensional continuous space by cosine similarity against 200
learned prototype vectors. The ECAPA-TDNN model produces
a 192-dimensional x-vector. YAAPT extracts FO with a 10 ms
frame step; only voiced frames, defined as frames with FO above
50Hz, are used for the statistical computation. For temporal

consistency, content features are replicate-padded, and all three
streams are explicitly aligned to the same number of frames be-
fore concatenation.

2.3. Statistical FO transformation

Fundamental frequency is one of the strongest speaker-
identifiable cues, and BM1 passes it through unchanged, al-
lowing an ASV attacker to exploit pitch patterns for re-
identification. Our transformation operates in the logarithmic
domain, where log-FO is often approximately Gaussian. For
each utterance we compute the mean us,c and standard devia-
tion oy Of the log-FO over voiced frames.

Rather than mapping each utterance directly to the target
moments, we interpolate between the source and target mo-
ments using a strength factor A, which controls the extent of
the displacement:
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Unvoiced frames are left unchanged. After exponentiating the
transformed log-FO values, we clip the resulting FO to the range
0 to 600 Hz to keep it within a plausible human-speech range.
This largely preserves the relative pitch contour within an utter-
ance while shifting its absolute register.

Two design choices deserve comment. Operating in the log
domain rather than in the linear-frequency domain matches the
approximately logarithmic relation between fundamental fre-
quency and perceived pitch: a constant offset in log f corre-
sponds to a constant interval shift regardless of the speaker’s
register, whereas an equivalent linear shift would distort low-
register voices much more than high-register voices. The in-
terpolation in Eq. (1) makes the transformation partial rather
than forcing a complete remapping. At A = 1, every utter-
ance would be assigned the same target mean and variance, re-
moving speaker-dependent register differences and suppressing



moment-level variation that may carry prosodic and emotional
information; at A < 1, a fraction of the original moments is
retained, so \ provides a single continuous control over how
much pitch identity is altered.

The target moments are fixed constants rather than corpus-
estimated quantities. We take two reference registers of
120 Hz and 210 Hz for typical male and female voices, respec-
tively; with FO measured in hertz, their natural logarithms are
In(120) ~ 4.787 and In(210) ~ 5.347. We set a single gender-
neutral target near their midpoint: jitgt = 5.06, corresponding
to a median FO of roughly 158 Hz, with the target standard de-
viation fixed at o¢g; = 0.20. The same gender-neutral target is
applied to every utterance without gender detection or gender-
conditioned target pools. The target moments and the strength
factor A = 0.8 were fixed a priori: the former from the two
reference registers above and the latter to retain a partial trans-
formation. No parameter sweep was performed.

2.4. Speaker pooling with perturbation

BM1 [8] generates an anonymous Xx-vector by identifying the
200 pool vectors farthest from the source x-vector, randomly
selecting 100 of them, and computing their unweighted average.
We add a stochastic perturbation, and instantiate the selection
stage with two alternative rules, compared in Section 3.4.

Weighted farthest selection (W-Far). For a source x-
vector v, we rank the pool by cosine similarity, keep the
N = 50 least similar candidates, and randomly sample k£ = 10
of them. Let s; denote the cosine similarity between v, and the
i-th sample. We combine the samples using temperature-scaled
softmax weights:

exp(7si)
k )
2 j—16xp(Ts5)

which emphasizes the less extreme members of the farthest-
selected set.

Uniform random selection (U-Rand). We discard the
similarity ranking entirely and draw k& = 10 entries uniformly at
random from the whole pool, independently of the query, with
uniform weights w; = 1/k. Under this rule, the candidate-set
size N and temperature 7 have no effect.

In both cases, we define the weighted mean as v =
Zle w;V;, perturb it with zero-mean Gaussian noise with per-
dimension scaling, and then renormalize it:
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with a = 0.01. Here 014cal,q 1S the standard deviation of dimen-
sion d computed over the k=10 selected vectors—not over the
N =50 candidate set—so the perturbation adapts to how tightly
that particular draw clusters. The pool vectors enter the average
and this standard deviation in their raw form; L2-normalized
copies are used only for the similarity ranking, and unit norm is
restored by Eq. (4). The result is layer-normalized before enter-
ing the vocoder, as in BM1. We set 7 = 5 and o = 0.01.

Following the official protocol, anonymization is applied
at the utterance level: the pooled vector is resampled indepen-
dently for every utterance, including enrollment and trial seg-
ments. This utterance-level configuration is also used by BM1,
BM2 and BM3.

2.5. Speech synthesis

The three processed streams—200-dimensional content fea-
tures, a 1-dimensional transformed FO, and a 192-dimensional

anonymous x-vector—are concatenated into a 393-dimensional
representation. We use the same HiFi-GAN V1 generator [16]
as BMI1, comprising a multi-receptive-field fusion module
and five transposed-convolution upsampling stages with rates
5,4,2,2,2.

3. Experiments and results
3.1. Experimental setup

We evaluate on the MLS [17] development and test partitions
for English, German, French, and Spanish. These partitions
contain 42, 30, 18, and 20 speakers per language, respectively,
with enrollment and trial lists defined by the VPC 2026 pro-
tocol [4]. For emotion recognition, we use the EmoTrack2
benchmark, which comprises the categories angry, happy, neu-
tral, and sad. The benchmark samples French utterances from
Oreau, Spanish utterances from MESD, English utterances from
EMNS, and German utterances from EmoDB, totaling 1,047
development and 994 evaluation utterances. Our baselines are
the three official Track 2 systems [4]: BM1 [8] and the TTS-
based BM2 and BM3 [18]. BM2 transplants prosody from the
source utterance, whereas BM3 does not.

Three metrics follow the official protocol [4]. We measure
privacy by the EER of an ECAPA-TDNN ASV system using
WavLM-large and filter-bank, or Fbank, features [19, 4] un-
der the semi-informed Anon-vs-Anon scenario. The ranking
metric ASViyy' is computed affer the attacker has been fine-
tuned on language-specific anonymized training data. We mea-
sure content preservation by the WER of the official Whisper-
large-v3 model [20, 4] and emotion preservation by the UAR
of the official emotion2vec_plus_large checkpoint [21,
4], whose model ID is iic/emotion2vec_plus_-large.
Anonymization runs at approximately 1.2 s per utterance on a
single NVIDIA RTX 3090. Of the two selection rules, U-Rand
is our primary configuration.

3.2. Privacy

Table 1 reports Anon-vs-Anon EER. Both variants improve pri-
vacy over BMI in every language on both partitions. W-Far
increases the four-language development average from 1.64%
to 5.68% and the test average from 2.49% to 6.21%; U-Rand
reaches 6.56% on development and 7.05% on test. For U-Rand,
the per-language development gains range from an increase of
1.3 percentage points for English to an increase of 9.0 percent-
age points for Spanish. The smaller gain for English may re-
flect the larger amount of attacker fine-tuning data available in
that language. Both variants have lower EER than BM3 across
all languages. BM3 approaches chance-level EER in German,
French, and Spanish, whereas its English EER is substantially
lower.

3.3. Utility and emotion preservation

Table 2 reports WER. U-Rand achieves an average development
WER of 12.81%, and W-Far achieves 13.26%, compared with
8.44% for BM1, 26.52% for BM2, and 10.20% for BM3. The
test-set averages follow the same ordering. For U-Rand, degra-
dation relative to BM1 is largest for French on the development
partition, where it increases by 7.2%, and for German on the test
partition, where it increases by 6.9%. French nevertheless re-
mains the language on which every system, including BM1, per-
forms comparatively poorly. Both variants are markedly more
intelligible than BM2, particularly on French and Spanish.



Table 1: Privacy: semi-informed Anon-vs-Anon EER (%) under
ASVoar, following fine-tuning of the attacker. Higher is better.

System en de fr es Avg.
Development

BM1 1.40 143 210 1.63 1.64
BM2 6.34 1138 1693 1191 11.64
BM3 2349 46.84 47.09 46.23 40091

Ours (W-Far) 295 474 592 912 5.68
Ours (U-Rand) 2.68 579 7.19 10.59 6.56

Test

BM1 373 1.75 2.63 1.83 249
BM2 8.82 11.88 16.11 10.23 11.76
BM3 2225 47.02 46.54 46.46 40.57

Ours (W-Far) 546 523 741 674 6.21
Ours (U-Rand) 5.08 624 954 734 7.05

Table 2: Content preservation: ASR WER (%) from Whisper-
large-v3. Lower is better.

System en de fr es Avg.
Development

BM1 740 7.81 1242 6.15 8.44
BM2 1429 19.28 52.17 20.37 26.52
BM3 6.71 9.74 13.77 10.56 10.20

Ours (W-Far)  11.75 11.55 19.75 10.01 13.26
Ours (U-Rand) 11.30 11.31 19.59 9.04 12.81

Test

BMI1 854 938 993 6.21 8.51
BM2 1541 2440 4224 2892 27.74
BM3 7.73 10.10 11.99 10.12 9.98

Ours (W-Far) 1293 16.66 1641 12.15 14.54
Ours (U-Rand) 1293 1625 1597 11.67 14.21

Table 3 reports emotion-recognition performance. Both
variants achieve substantially lower UAR than BM1, but higher
UAR than BM3 and comparable UAR to BM2. For U-Rand,
the per-class development recalls are 43.7% for neutral, 34.3%
for angry, 20.3% for happy, and 18.2% for sad.

Table 3: Emotion preservation: UAR (%) on EmoTrack2.
Higher is better.

System Dev Eval.
BM1 4130 42.63
BM2 27.13  29.04
BM3 26.24 24.84

Ours (W-Far) 28.93  28.21
Ours (U-Rand)  29.13  29.57

3.4. Comparison of the two selection rules

Because W-Far and U-Rand share the same FO transforma-
tion, perturbation, and utterance-level anonymization, their dif-
ferences provide a controlled comparison of the candidate-
selection and weighting policies.

In the reported evaluation, U-Rand achieves higher EER,
lower WER, and higher UAR than W-Far, although the margins
are modest. Its EER is higher by 0.88 points on the development
partition and by 0.84 points on the test partition. It also achieves
slightly lower WER on both partitions and slightly higher UAR.
The per-language results are not uniform. On the development

partition, U-Rand achieves an EER of 5.79% for German, com-
pared with 4.74% for W-Far; 7.19% for French, compared with
5.92%; and 10.59% for Spanish, compared with 9.12%. English
marginally favors W-Far, with an EER of 2.95% compared with
2.68% for U-Rand.

Selecting candidates according to their distance from the
source makes the pooling policy explicitly source-dependent,
whereas U-Rand is independent of the query. Under the semi-
informed attack setting, U-Rand achieves higher privacy and
lower WER than W-Far in our comparison. Because the two
policies differ in both candidate selection and weighting, the
experiment measures their combined effect and does not isolate
the effect of similarity ranking. We therefore use U-Rand as the
primary configuration.

4. Discussion and conclusion

We presented an enhanced selection-based  voice-
anonymization pipeline for VPC 2026 Track 2, adding a
strength-controlled statistical FO transformation and a per-
turbed speaker-pooling stage to the BM1 framework. Both
selection variants consistently improve privacy over BMI
across four languages and both partitions, at the cost of higher
WER and lower emotion UAR. Relative to BM2, the proposed
variants are substantially more intelligible and provide inter-
mediate privacy performance; relative to BM3, they preserve
more emotion but provide lower privacy.

Because the two enhancements are not evaluated separately,
their individual contributions cannot be quantified. The compar-
ison in Section 3.4 keeps the FO transformation active in both
conditions and therefore evaluates the combined effect of the
two pooling policies. Component-wise ablations are left to fu-
ture work.

Future work should evaluate component-wise ablations
and a broader range of the strength factor A to character-
ize the privacy—utility trade-off. Further extensions include
gender-conditioned targets and emotion-adaptive transforma-
tion strengths.
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