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Abstract

Voice anonymisation aims to conceal speaker identity while
preserving linguistic content. Most approaches target predom-
inantly timbral cues and often overlook non-timbral cues such
as prosody, rthythm, speaking style and accent, which may still
leak speaker-specific information related to voice identity af-
ter anonymisation. With this paper, we propose a speaker
anonymisation system that explicitly obfuscates both timbral
and non-timbral cues. Extensive experiments conducted within
the VoicePrivacy Challenge framework show improved protec-
tion against attacks exploiting non-timbral information com-
pared to state-of-the-art systems. For evaluation, we use a
pair of complementary automatic speaker verification models to
demonstrate improved anonymisation robustness by 32% rela-
tive to attacks which target either timbral and non-timbral cues.
Results also show stronger anonymisation comes at the cost of
only moderate degradation to intelligibility and naturalness.
Index Terms: voice privacy, anonymisation, speech disentan-
glement, non-timbral

1. Introduction

Voice recordings contain sensitive information that can be
used to identify individuals or infer personal traits, a concern
that has grown with the rapid expansion of always-listening
voice-activated and voice-interactive services [1]. In response,
voice anonymisation techniques have been developed to sanitise
speech recordings of the voice identity while preserving linguis-
tic and paralinguistic attributes that are essential for communi-
cation and downstream tasks [2].

Given the assumption that voice identity is encoded primar-
ily in timbral cues, most anonymisation systems [3, 4, 5, 6]
function by substituting timbral characteristics within a speech
recording with those of another, possibly pseudo voice. How-
ever, recent studies have shown that the obfuscation of timbral
cues alone is insufficient. Other voice identity cues, e.g. in the
form of non-timbral characteristics, persist after anonymisation
and can still be exploited to re-identify the original speaker [7].
As aresult, anonymisation methods that focus solely on timbral
information often remain vulnerable to re-identification attacks.

The VoicePrivacy Attacker Challenge [8] was launched to
study such anonymisation vulnerabilities, to stimulate progress
in evaluation, and hence to improve anonymisation robustness.
Attack techniques reported in [9, 10, 11, 12] show that previ-
ous approaches to evaluation result in exaggerated estimates of
anonymisation performance [13]. Results from the Attacker
Challenge and other recent work all confirm that non-timbral
cues such as prosody, rhythm, speaking style, and accent are
among the most dominant source of speaker information after
anonymisation [7].

Among these cues, phoneme duration and temporal speech
patterns have recently been shown to carry strong speaker-
discriminative information [14, 15]. This suggests that effective
anonymisation requires a broader strategy that addresses both
timbral and non-timbral sources of voice identity information.

We propose a joint timbral and non-timbral speaker
anonymisation framework designed to better mitigate identity
leakage. Relying on discrete speech units as also proposed
in [16, 17] combined with a phoneme-duration predictor and
a Unit HiFi-GAN vocoder, our approach supports controlled
modification of the temporal speech structure while preserving
to some extent linguistic and paralinguistic attributes.

For a more comprehensive evaluation of privacy, we use
a pair of complementary automatic speaker verification (ASV)
systems designed to capture either timbral or non-timbral
cues [18]. In addition, since automatic speech recognition
(ASR) performance alone does not reliably reflect perceptual
speech quality [19], we complement an objective evaluation of
intelligibility using ASR with objective evaluation of natural-
ness using a pair of approaches to predict the mean opinion
score (MOS). This evaluation, using a broader set of metrics,
allows for a more nuanced comparison of the privacy—utility
trade-off for different anonymisation strategies. To the best of
our knowledge, this work is the first to systematically evaluate
anonymisation robustness using ASV systems sensitive to both
timbral and non-timbral voice characteristics.

The main contributions of this work are as follows:

* we introduce a joint speaker anonymisation framework that
reduces identity leakage by explicitly targeting the obfusca-
tion both timbral and non-timbral voice characteristics;

* we show that modifying phoneme durations yields +6-9%
absolute EER gains against non-timbral attacks;

* we highlight that conditioning the vocoder on non-timbral
(NT) speaker embeddings improves obfuscation of non-
timbral cues, enhancing anonymisation robustness while
helping preserve perceptual naturalness;

* our extensive evaluation shows stronger protection against
non-timbral attacks with only moderate, controlled impact on
intelligibility and naturalness.

The remainder of the paper is organised as follows. In Sec-
tion 2, we review existing anonymisation baselines and current
state-of-the art system relevant to our non-timbral obfuscation
approach. We describe our approach to joint timbral and non-
timbral speaker anonymisation in Section 3. We present our
evaluation methodology in Section 4, followed by experimental
results, ablation study, and analysis in Section 5, Section 6 and
7. Conclusions are presented in Section 8.



2. Speaker Anonymisation Baselines

In this section, we present a review of representative speaker
anonymisation systems used as baselines in our experiments.
First, we describe the Voice Privacy Challenge (VPC) baseline
systems, and then, the nearest neighbours-based approaches
which serve as baseline for comparing our proposed methods.

2.1. VPC Baselines

A set of six baseline anonymisation systems were made avail-
able to the community for the third VPC edition. Among these,
systems B4 and B5 were the most competitive with the state
of the art at the time. Baseline B4 leverages the capabili-
ties of neural audio codecs (NACs) to encode speech into dis-
crete, quantised bottleneck representations which provide for
the inherent disentanglement of voice identity, linguistic infor-
mation, and prosody. Anonymisation is performed by substi-
tution of the voice identity component at the bottleneck level,
while retaining content and prosodic cues to ensure natural-
ness and intelligibility in reconstructed, anonymised speech.
Baseline BS incorporates vector quantisation (VQ) to enhance
the disentanglement of linguistic and voice information [20].
The system extracts fundamental frequency (FO) features us-
ing a Torch-based implementation of YAAPT [21], and acous-
tic vector-quantised bottleneck (VQ-BN) features from an ASR
acoustic model trained to recognise left-biphones. These VQ-
BN features, together with FO and a target voice identity en-
coded as a one-hot vector corresponding to the voice of one spe-
cific speaker observed during training, are fed to a HiFi-GAN
vocoder, which synthesises an anonymised speech output.

2.2. kNN-VC

kNN-VC [22] is an any-to-any voice conversion system based
on a k-nearest neighbour (kNN) retrieval mechanism. Speech
representations are first extracted from both source and refer-
ence (target) utterances using WavLM [23]. Voice conversion
is then performed by replacing each frame of the source rep-
resentation with the nearest neighbour extracted from the ref-
erence representation space. In practice, converted representa-
tions are the average of four nearest target representations se-
lected according to cosine similarity. This approach is effec-
tive because the representation space of WavLM is structured by
phonetic content [24]. A HiFi-GAN vocoder [25] is then used to
synthesise an anonymised output from the resulting converted
representations. To simulate the KNN conversion process, the
vocoder is trained on data where representations are replaced
with those from other utterances of the same speaker

Previous studies have shown that continuous representa-
tions learned by self-supervised speech models such as WavLM
or HuBERT encode both contextual and voice information [26],
which is problematic for anonymisation tasks requiring the dis-
entanglement of linguistic content and voice identity. One ap-
proach to reduce the capture of voice-related information is
the application of k-means clustering to HuBERT representa-
tions, thereby obtaining representations of discrete speech units.
However, the use of overly discretised representations degrades
pronunciation accuracy [27], a phenomenon that we also ob-
serve in our experiments.

2.3. Private kNN-VC

Private kKNN-VC [15] extends kNN-VC with explicit mech-
anisms designed to mitigate voice identity leakage through
prosodic cues. While the original system replaces spectral char-

acteristics via kNN retrieval in a WavLM feature space, it pre-
serves the temporal structure of the source utterance, includ-
ing phone durations and phonetic variability, which may encode
speaker-specific information.

To address this, Private kKNN-VC introduces a phone predic-
tor and a duration predictor, both based on the FastSpeech2 [28]
convolutional variance predictor architecture. The phone pre-
dictor assigns a phonetic label to each frame of the WavLM
feature sequence, while the duration predictor estimates the du-
ration of each phone in a phonetic transcript. The transcript
is obtained by removing consecutive occurrences from the se-
quence of predicted phones.

Anonymisation strength is controlled in two ways. First,
predicted durations can partially or fully replace the original
ones, allowing control of source speaker temporal characteris-
tics. Second, phonetic variability in retrieved target represen-
tations is controlled by clustering of the target speaker repre-
sentations based on their predicted phones, and then the cluster
centroids are used for the conversion instead of the target fea-
tures. Finally, the remaining processes are identical to those of
the original kNN-VC algorithm. In this study, we use the (7-
8) configuration with random gender conversion, as proposed
in [15], which is representative of realistic anonymisation set-
tings without prior speaker information. Although other con-
figurations may produce better performance, this choice was
validated by the author of Private kKNN-VC to avoid overesti-
mation, as these configurations from [15] are prone to bias in
performance evaluation [29].

However, the effectiveness of these mechanisms for sup-
pressing non-timbral identity cues has not been extensively
evaluated using dedicated privacy metrics. Previous studies re-
port ASV performance [15], with no explicit analysis of the
contributions of temporal or prosodic cues to residual identity
leakage. This motivates our evaluation framework, where com-
plementary ASV systems are used to assess the relative contri-
butions to anonymisation from timbral and non-timbral cues.

3. Proposed Speaker Anonymisation
Method

Figure 1 illustrates the complete anonymisation pipeline. The
method relies on the independent representation of linguistic
content and voice identity using discrete speech units and mod-
ification of both the temporal speech structure and speaker con-
ditioning used during waveform synthesis. The system consists
of two main components: (1) a phoneme duration predictor;
(2) a unit HiFi-GAN vocoder;

3.1. Phoneme duration predictor

The phoneme duration predictor follows the architecture pro-
posed in [17] and is trained using the LibriSpeech train-clean-
100 dataset [30]. Given an input waveform, a pretrained Hu-
BERT model' followed by a k-means clustering step is first
used to extract discrete speech units (DUs). The vocabulary
size corresponds to the number of centroids, with K = 200,
inspired from [26]. In practice, a unit corresponds to a phonetic
segment of 20 ms.

Let the resulting sequence of DUs be denoted by d =
(di,...,dr) with d¢ € {1,...,K} and T the number
of frames. To estimate phoneme durations, the sequence

! Available at: https://huggingface.co/facebook/
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is deduplicated by collapsing consecutive repetitions, e.g.,
(20,20,20,11,25,25) — (20,11,25). This deduplicated
sequence is denoted by d. = (df,...,d7) where di €
{1,..., K} and L is the sequence length. The number of repeti-
tions removed during deduplication reflects the rhythmic struc-
ture of the speech signal.

The duration predictor estimates the duration associated
with each unit in d., conditioned on speaker embeddings. Con-
ditioning the duration predictor on a target speaker embedding
enables rhythm conversion consistent with the speaking style of
the target speaker. Two types of embeddings are considered:
non-timbral (NT) embeddings from [18] and ECAPA embed-
dings [31]. The model is trained as a regression task using a
Mean Squared Error (MSE) loss between predicted and ground-
truth durations. Because discrete units do not perfectly align
with phonemes, neighbouring units may still correspond to the
same phoneme after deduplication. To account for this mis-
match, an additional MSE loss is applied to the total duration of
four neighbouring units, encouraging local errors to compensate
for each other [17].

During inference, predicted durations are rounded to obtain
integer repetitions of each unit. To reduce rounding bias, round-
ing remainders are accumulated and propagated to subsequent
predictions.

3.2. Unit HiFi-GAN Vocoder

We follow the approaches in [27, 32] to train a variation of the
HiFi-GAN vocoder. The generator is adapted to accept a se-
quence of discrete units (DUs) together with a speaker embed-
ding used for speaker conditioning during waveform synthesis.

Each unit index d; is first mapped to a continuous vector
through a learned embedding table, producing a sequence of
unit embeddings. To condition the vocoder on speaker identity,
the speaker embedding z is concatenated with the unit em-
bedding at each frame of the upsampled DU sequence, yielding
the conditioning representation:

€t = [dt, Zspk]~ (1)

The resulting sequence {e; }th1 is provided as input to the HiFi-
GAN generator, which produces the speech waveform through
a stack of convolutional layers.

During training, the vocoder is trained independently for
waveform reconstruction using DUs extracted from real speech.
At inference time, the input consists of the deduplicated unit
sequence d. expanded according to the predicted durations, to-
gether with a target speaker embedding.

To support the two types of speaker representations used
in this work, we train two separate Unit HiFi-GAN mod-
els: (i) a vocoder conditioned on ECAPA embeddings [31]
(192-dimensional), which capture global speaker characteris-
tics, and (ii) a vocoder conditioned on NT embeddings [18]
(250-dimensional), which encode prosodic and stylistic traits
while being less sensitive to timbral information.

Each vocoder is trained using the corresponding speaker
representation. Both Unit HiFi-GAN models are trained on the
LibriTTS train-clean-100 subset using two RTX 4090 GPUs.

3.3. Speaker anonymisation technique

To perform anonymisation with the system illustrated in Fig-
ure 1, an input utterance from a source speaker is first con-
verted into a sequence of discrete units (DUs). The resulting
unit sequence is then deduplicated to obtain a compact repre-
sentation of the phonetic content. This deduplicated sequence
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Figure 1: Overview of the proposed speaker anonymisation sys-
tem based on discrete speech units, duration prediction, and a
Unit HiFi-GAN vocoder.

d. is provided to the phoneme duration predictor together with
a randomly sampled target speaker embedding (either ECAPA
or NT) drawn from LibriTTS-train-other-500 [33]. Conditioned
on this embedding, the duration predictor generates new dura-
tions for each unit that reflect the rhythmic characteristics of the
target speaker. The unit sequence is subsequently expanded ac-
cording to the predicted durations and passed to the correspond-
ing Unit HiFi-GAN vocoder, which synthesises the anonymised
speech waveform while being conditioned on the same target
speaker embedding.

By jointly modifying the rhythmic structure through the
duration predictor and conditioning the vocoder on a target
speaker representation, the system may alter speaker-specific
characteristics while preserving the linguistic content of the
original utterance.

4. Evaluation

We evaluate the proposed anonymisation system using the of-
ficial 2024 Voice Privacy Challenge (VPC) framework [2]. To
obtain a comprehensive assessment, we employ complementary
automatic speaker verification (ASV) systems targeting timbral
and non-timbral cues, along with utility metrics capturing both
intelligibility and perceptual naturalness.

4.1. Attack models

We report experiments performed using the usual three VPC-
defined attack models described in [2, 34, 35], also illustrated in
Figure 2. All three models involve comparisons between a pair
of utterances, an original or anonymised enrolment utterance
and an anonymised trial utterance.

For the ignorant (I) attack model [34], the adversary com-
pares original enrolment and anonymised trial utterances with-
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Figure 2: Privacy evaluation in ignorant (1), lazy-informed (L)
and semi-informed (S) attack models. In the S attack model, the

attacker uses a retrained ASV system, ASV " which is fine-
tuned on anonymised data.

out any compensation for anonymisation. Under the lazy-
informed (L) attack model, the adversary makes a nominal ef-
fort to compensate for the use of anonymisation. To reduce
domain mismatch, the adversary anonymises the enrolment ut-
terance so that comparisons are made between anonymised en-
rolment and anonymised trial utterances. The adversary is as-
sumed to have access to the same anonymisation system, but not
the specific configuration [2]. The third, strongest model is the
semi-informed (S) attack. In an effort to further reduce domain
mismatch, the adversary now uses the same anonymisation sys-
tem to produce anonymised data with which to retrain the ASV
system, referred as ASV2a" in [2].

Results for I and L attack models are included to show
the benefit to the adversary of focusing on non-timbral cues or,
more specifically, information that remains after anonymisation
is applied to remove predominantly timbral information. These
two attack models are particularly informative because, unlike
for the semi-informed S model, they support the evaluation of
model robustness without the need for costly retraining using
anonymised data.

4.2. Experimental Setup

We adopt the usual VPC metrics. These include the equal er-
ror rate (EER) as the privacy metric which reflects the potential
to re-identify the original speaker using an ASV system. The
utility metric is the word error rate (WER) which reflects the
ability of the anonymisation system to preserve linguistic con-
tent. An effective anonymisation system should maintain WER
close to that of original (non-anonymised) speech.

The EER is computed with two complementary ASV sys-
tems: (i) E-VPC which is the standard VPC evaluation sys-
tem based on ECAPA-TDNN [31] and which captures primar-
ily global speaker characteristics; and (ii) W-NT * [7], based
on WavLM [23], which is designed to capture predominantly
non-timbral speaker cues. The use of both systems allows us to
determine the degree to which anonymisation removes timbral
and residual non-timbral information.

The ASR model used to assess WER is the official fine-
tuned wav2vec2-large-960h-Iv60-self model * implemented us-
ing a SpeechBrain recipe.

In addition to the standard VPC-defined WER utility metric
which might better reflect intelligibility, we adopt an additional
metric with which to estimate the perceived naturalness of the
anonymised speech. Instead of conducting large-scale listening

2https://huggingface.co/Orange/
Speaker-wavLM-pro

3https://huggingface.co/facebook/
wav2vec2-large-960h-1v60-self

tests, which are costly, and time-consuming, we estimate per-
ceptual quality using two Mean Opinion Score (MOS) predic-
tion models: WhiSQA [36] and UTMOS [37]. WhiSQA esti-
mates MOS from feature representations extracted using Whis-
per [38]. UTMOS adopts a self-supervised framework that fine-
tunes pretrained speech representations for direct MOS regres-
sion using large-scale subjective datasets.

Using both predictors allows cross-validated estimates of
perceptual quality, which provides complementary insights to
those provided by use of the standard EER and WER. This
multi-metric evaluation enables a more comprehensive analy-
sis of the privacy—utility trade-off.

5. Results & Analysis

Each proposed system, denoted as DU-X-Y, operates discrete
speech units (DU) from HuBERT, refers to a speaker anonymi-
sation system that jointly modifies speaker identity and rhythm.
X indicates the speaker embedding for the phoneme duration
predictor (NT or ECAPA), and Y the embedding for the Unit
HiFi-GAN vocoder. When X = orig, no duration prediction is
applied and the original phoneme durations are preserved and
when X = pred, no speaker embedding is used for duration pre-
diction. For example, DU-pred-ECAPA applies no conditioning
in duration prediction and uses ECAPA for waveform synthesis.

Table 1 reports anonymisation performance for the most
competitive VPC baselines and our proposed DU systems. Pri-
vacy is measured using the EER (the higher the better; an EER
of 50% corresponds to chance-level speaker verification), while
utility is assessed using the WER (the lower the better) and the
two MOS predictors, UTMOS and WhiSQA (the higher the bet-
ter, maximum 5).

5.1. VPC baselines and kNN Variants

E-VPC EERs (first results block) are substantially higher for
all anonymisation systems than for original data (4.6%). Most
systems achieve 44-49% EER for I/L attacks, approaching the
50% perfect privacy target. For W-NT (second results block),
which emphasises non-timbral cues, EERs are generally lower
and system differences become more apparent.

The kNN-VC baseline achieves high E-VPC EERs
(42-44%) for 1/L attacks while maintaining low WER (2.77%)
and strong MOS scores (3.80-4.05). However, for W-NT, EERs
drop to 17-19%, indicating that residual non-timbral informa-
tion remains exploitable. Private KNN-VC improves W-NT
EERs to 41-44%, confirming that privacy can be enhanced by
explicitly targeting temporal and prosodic features. This im-
provement comes at the cost of a higher WER (5.00%) and the
lowest MOS scores (2.69-3.10) among all models, reflecting
the expected trade-off between stronger privacy and degraded
utility.

5.2. Proposed DU Systems

Under I/L attack models, which show how well residual speaker
information can be exploited without retraining, the proposed
DU systems (second block of four rows) achieve consistently
high EERs. For E-VPC, EERs remain around 46-49%, com-
parable to the strongest baseline systems (B4, BS, and Private
kNN-VC), Under S attack model, DU-pred-nt surpasses Private
kNN-VC by 7 absolute points in E-VPC EER.

When considering W-NT, EERs of between 33-43% are
substantially higher than for KNN-VC (17-19%) and lower than
Private kNN-VC (42-44%) in I/L attacks. However, In S at-



Table 1: EER (%) for ignorant (1), lazy-informed (L) and semi-informed (S) attack models under E-VPC and W-NT, and WER (%) on
LibriSpeech test set, and MOS evaluation (UTMOS, WhisQA). Higher EER and lower WER indicate better anonymisation performance.
DU-X-Y is a speaker anonymisation system based on discrete speech units, X is the speaker embedding used for the phoneme duration

predictor (NT or ECAPA), while Y for the Unit HiFi-GAN synthesis.

Anon. system E-VPC (EER 1) W-NT (EER 1) WER | MOS 1
I L S I L | s UTMOS WhiSQA

Original 4.6 7.8 1.8 4.11 4.08
B4 47.8 49.5 27.3 38.2 34.7 17.4 5.90 3.42 3.87
B5 49.1 48.7 343 425 42.0 23.2 4.37 3.31 3.65
kNN-VC 42.1 43.8 11.0 19.0 17.6 5.9 271 3.80 4.05
Private KNN-VC 47.4 49.7 279 41.6 43.9 18.6 5.63 2.62 2.92
DU-orig-nt 47.6 472 359 33.1 33.6 22.6 4.48 3.59 3.70
DU-orig-ecapa 473 46.6 24.3 34.0 339 11.5 4.66 3.30 3.17
DU-pred-nt 472 479 34.8 39.9 42.3 24.6 7.41 3.63 3.69
DU-pred-ecapa 47.1 47.6 31.6 39.9 42.4 20.5 8.10 3.32 3.18
DU-nt-nt 48.2 48.1 34.1 40.5 425 23.7 7.73 3.63 3.69
DU-ecapa-ecapa 46.9 48.9 41.1 40.4 40.7 222 7.63 3.27 3.19
DU-ecapa-nt 47.6 479 36.6 40.3 43.0 24.1 7.59 3.60 3.70
DU-nt-ecapa 47.1 47.6 35.1 40.1 42.4 229 7.55 3.32 3.16

tack model, DU-pred-nt exceeds Private kKNN-VC by 6 absolute
points (32% relative). Such results highlight the DU systems’
ability to generalise privacy protection beyond fully I/L attacks,
a key consideration for real-world deployment.

Among DU variants, DU-pred-nt provides the strongest pri-
vacy protection for W-NT, suggesting that the prediction of
rhythmic structure without conditioning on the original speaker
embedding contributes to the removal of identity-related tempo-
ral cues. Variants using NT embeddings for vocoder synthesis
tend to maintain slightly better perceptual quality, suggesting
that embedding selection in this module critically impacts the
balance between privacy and utility.

5.3. Privacy-Utility Trade-off

The improvements in non-timbral privacy come with ex-
pected trade-offs in utility. DU systems show higher WERs
(7.41-8.10%) compared to Private kNN-VC (5.63%), and
perceptual quality (MOS) is moderately reduced (UTMOS:
3.32-3.63, WhiSQA: 3.16-3.69 vs. 2.62-2.92 for Private KNN-
VC). Notably, the gap in MOS between DU and Private kKNN-
VC is considerable, indicating that DU systems better preserve
naturalness even when stronger anonymisation is applied. This
illustrates that DU systems strike a favourable privacy—utility
balance: they achieve higher W-NT EERs under S attack while
maintaining reasonable intelligibility and perceptual quality,
outperforming Private KNN-VC on both fronts. The results con-
firm that discrete speech unit-based anonymisation is particu-
larly effective at mitigating non-timbral privacy risks, making
it a strong candidate for applications where moderate utility re-
duction is acceptable in exchange for robust privacy.

Methods with higher W-NT EERs, reflecting stronger sup-
pression of non-timbral cues, generally show increased WER
and slightly lower MOS, while systems with low WER and high
perceptual quality (e.g., KNN-VC) remain vulnerable to non-
timbral attacks. Overall, DU systems deliver a consistent bal-
ance between privacy and utility, making them well-suited for
applications demanding stronger anonymisation.

6. Ablation study

To better evaluate the relative contributions of each system
module, we perform an ablation study focusing on two key com-
ponents: (i) rhythm conversion through duration prediction, and
(ii) the type of speaker embeddings used to condition the dura-
tion predictor and Unit HiFi-GAN vocoder.

6.1. Impact of duration modification

Temporal characteristics such as speaking rate, rhythm, and
phonetic variability encode non-timbral speaker identity cues.
Their modification is hence expected to enhance robustness to
W-NT attacks. To quantify this effect, we compare the full sys-
tem with variants that retain original temporal characteristics
during synthesis. These correspond to DU-orig-nt and DU-orig-
ecapa in Table 1, for which deduplicated discrete units are ex-
panded using original, instead of predicted durations.

Results show that the use of original durations reduces pri-
vacy in the case of W-NT. For instance, DU-orig-nt achieves
EERSs of 33.1% and 33.6% for the I and L attacks, respectively,
while the rhythm-converted system DU-pred-nt reaches 39.9%
and 42.4%. This represents an improvement of 6-9% in abso-
lute EER, demonstrating that duration modification effectively
suppresses residual non-timbral speaker information. A similar
trend is observed for ECAPA-conditioned systems, for which
DU-orig-ecapa (/=34%) is outperformed by DU-pred-ecapa
(=40%) for the L attack, confirming the importance of rhythm
conversion to the suppression of speaker-dependent temporal
patterns. The use of original durations yields lower WERs com-
pared to systems with predicted durations, illustrating a clear
privacy—utility trade-off: rhythm conversion strengthens pri-
vacy at the cost of slightly degraded utility. These results con-
firm that duration prediction is critical to improve robustness to
attacks exploiting non-timbral cues.

6.2. Effect of speaker embeddings

We analysed four embedding combinations:  NT-NT,
ECAPA-ECAPA, ECAPA-NT, and NT-ECAPA. Results in



Table 1 (last four rows) show that all configurations achieve
similar privacy for E-VPC (47-49% EER), indicating effective
removal of global speaker information regardless of embedding
type. Systems using NT embeddings for the vocoder tend to
achieve slightly higher W-NT EERs. In particular, DU-pred-nt
reaches and EER of 42.3% for the L attack, which is among
the best results for embedding-conditioned variants. This
confirms again that NT embeddings better capture non-timbral
characteristics and facilitate stronger obfuscation of rhythmic
and prosodic identity cues during synthesis. However, the
impact of the embedding used for the duration predictor
appears relatively limited. Systems conditioned with ECAPA
or NT embeddings show comparable W-NT EERs, and the
differences are smaller than those observed when no speaker
embedding is used.

In terms of speech utility, slightly higher MOS scores are
observed when conditioning the vocoder with NT embeddings,
suggesting NT embeddings may help preserve perceptual natu-
ralness, implicitly improve subjective intelligibility while mod-
ifying speaker identity. Overall, results shows that performance
of the proposed systems is agnostic to the choice of embed-
ding. Nevertheless, NT embeddings provide a modest advan-
tage when targeting non-timbral speaker cues, particularly when
used to condition the vocoder.

7. Discussion

A central motivation of this work is the knowledge that voice
identity is not encoded solely in timbral characteristics, but also
in non-timbral attributes such as rhythm, speaking rate, and
prosodic patterns. Results presented in Table 1 confirm this.
While most anonymisation systems achieve EERs close to the
50% privacy target for E-VPC, which primarily captures global
speaker characteristics, performance drops substantially for W-
NT, which emphasises non-timbral cues.

Our approach addresses this drop by explicitly modifying
the temporal structure of speech via duration prediction and
modification. By predicting phoneme durations, the system
performs rhythm conversion, replacing the temporal charac-
teristics of the source speaker with those of a randomly se-
lected target speaker. Our ablation study demonstrates that this
component is critical to anonymisation performance. Systems
using duration conversion consistently achieve higher W-NT
EERs (40—43%) compared to variants using original durations
(33-34%), confirming that temporal modification effectively
obfuscates speaker-specific information encoded in rhythm and
speaking style.

Depending on the target embedding used during inference,
the duration predictor is expected to generate phoneme dura-
tions that follow different rhythmic speaking styles. In practice,
however, our results indicate that the influence of the speaker
embedding on rhythm generation remains limited, as predicted
durations show only minor differences across embedding types.
This behaviour may stem partly from the limited variability of
speaking styles in the LibriSpeech test set. When no speaker
embedding is used, the duration predictor produces an average
rhythm learned from multispeaker training data, consistent with
prior observations [15] that training on a single-speaker dataset
reproduces that speaker’s characteristic rhythm.

Results also illustrate the inherent trade-off between pri-
vacy and utility in voice anonymisation. Methods that pro-
vide better privacy by strongly modifying speech characteristics
may also degrade intelligibility and naturalness. Results show
that stronger protection against non-timbral attacks achieved

through rhythm-conversion, are accompanied by increases to
the WER, from ~24.5% for systems using original durations to
~7.6% using predicted durations. This may likely arise from
temporal misalignments between discrete units and the recon-
structed waveform. Even so, WERs remains within a range ac-
ceptable for most speech processing tasks.

Interestingly, despite higher WERs, objective MOS predic-
tions suggest that perceptual quality remains relatively stable.
This indicates that ASR-based intelligibility metrics and per-
ceptual quality metrics are complementary and that moderate
temporal distortions may affect automatic recognition without
substantially degrading perceived naturalness. The higher natu-
ralness reflected in MOS scores when conditioning the vocoder
on NT embeddings rather than ECAPA embeddings may stem
from the ability of NT embeddings to capture fine-grained
phoneme-level information, including duration, stress, and in-
tonation patterns. By preserving these subtle speech character-
istics, the vocoder can generate smoother transitions and more
natural speech contours, directly contributing to the observed
increase in perceived quality.

We also acknowledge some limitations of our work. First,
the duration predictor relies on discrete speech units obtained
through k-means clustering. These units may not correspond
perfectly to phonemes. As a consequence, predicted durations
may occasionally produce imperfect temporal alignments, po-
tentially contributing to increases in the WER. Second, our
focus upon rhythm-based anonymisation targets only a subset
of non-timbral speaker cues. Other non-timbral cues may re-
main and still reveal the speaker identity. Third, while per-
ceptual quality appears to be preserved, we did not evaluate
the preservation of other higher-level expressive attributes, such
as emotion. However, preliminary observations suggest that
emotional content is retained at levels comparable to Private
kNN-VC. Fourth, W-NT-based privacy evaluation may disad-
vantage our anonymisation framework due to shared NT fea-
tures; however, this constitutes a conservative setting, and the
observed EER results still indicate effective non-timbral obfus-
cation. Anonymisation behaviour for spontaneous or more di-
verse speaking styles remains to be explored. In these cases,
non-timbral speaker cues may be more prominent, more reveal-
ing of identity, and also more challenging to suppress.

8. Conclusion

In this paper, we introduce a joint speaker anonymisation frame-
work that addresses a critical and often overlooked vulnerabil-
ity in voice privacy: identity leakage through non-timbral cues.
While timbral obfuscation is necessary, it is fundamentally in-
complete if non-timbral remain unchanged. Our results show
that rhythm conversion via phoneme duration prediction is es-
sential, providing a substantial 6-9% absolute EER gains un-
der non-timbral attacks compared to systems that retain origi-
nal durations. The proposed approach also achieves competitive
performance under standard evaluation protocols, even outper-
forming Private kNN-VC by 6% absolute EER points when the
focus is on non-timbral cues under the strongest attack model.
Importantly, these privacy gains are achieved with only mod-
erate reductions in intelligibility and perceptual naturalness, as
confirmed by MOS predictors. Future work will focus on fur-
ther reducing the impact on intelligibility while maintaining
strong privacy guarantees. Extending the framework to the ex-
ploration of privacy leaks from alternative non-timbral charac-
teristics, such as accent or higher-level prosodic patterns, are
also promising directions for further research.
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