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Abstract

We describe and compare multiple approaches
for using voice conversion techniques to
mask speaker identities in low-resource
text-to-speech. We build and evaluate
speaker-anonymized text-to-speech systems
for two Canadian Indigenous languages,
nêhiyawêwin and SENĆOTEN, and show that
cross-lingual speaker transfer via multilingual
training with English data produces the most
consistent results across both languages. Our
research also underscores the need for better
evaluation metrics tailored to cross-lingual
voice conversion. Our code can be found
at https://github.com/EveryVoiceTTS/
Speaker_Anonymization_StyleTTS2

1 Introduction

Modern speech synthesis is being used in a grow-
ing number of applications. Early neural systems
like Tacotron2 (Shen et al., 2018) and FastSpeech2
(Chien et al., 2021) transformed the speech syn-
thesis landscape. But, with the increased level of
naturalness brought by neural TTS systems, there
has been growing concern about the extent to which
these modern TTS systems clone a person’s voice,
and what the privacy and ethical considerations of
this might be (Hutiri et al., 2024).

The work in this paper is related to the Speech
Generation for Indigenous Language Education
project (Pine et al., 2025), which is focused on
building TTS systems to support Indigenous lan-
guage education in Canada. In many Indigenous
language communities, the people who have cre-
ated recordings are well known to the community.
Creating generative speech models capable of say-
ing anything presents a number of unique risks
to those individuals. For example, if the model
makes mistakes, their reputation as a language ex-
pert might be in jeopardy; if the model is misused
for illegal or nefarious purposes, the person’s like-
ness might lend credibility to those attacks and

make people more likely to believe a scam attack.
One possible mitigation for these risks lies in the
ability to mask or anonymize the identity of the
speaker. Anonymization is by no means a compre-
hensive solution for all risks posed by neural TTS
models, but it would mitigate some of the poten-
tial harms for the individuals who contribute their
voices to these types of projects.

The goal of this paper is to investigate a vari-
ety of voice conversion strategies that conceal the
original identity of the speaker(s) whose record-
ings were used during training while maintaining
high-quality synthesized speech with respect to nat-
uralness. We use StyleTTS2 (Li et al., 2023) for our
experiments since it has been demonstrated to be
highly effective at few-shot cross-lingual speaker
adaptation (Li et al., 2023; Pine, 2025). We sepa-
rate our experiments into three distinct categories:
(1) voice conversion techniques that modify pre-
trained StyleTTS2 models without any fine-tuning
(§3.2); (2) off-the-shelf voice conversion models
(§3.3); and (3) cross-lingual speaker transfer from
a higher-resource language seen during training
(§3.4).

2 Data

Languages We focus on two languages:
nêhiyawêwin (CRK) and SENĆOTEN (STR)1.
The first language, nêhiyawêwin, is an Algonquin
language also known as Plains Cree spoken
throughout a vast area primarily in the prairies of
Alberta and Saskatchewan. The second language,
SENĆOTEN, is a Salish language spoken in
W
¯

SÁNEĆ territory on the Saanich peninsula. It
is notable for TTS for having a significantly large
consonant inventory.

Data partition To create our multilingual
datasets, we mix the nêhiyawêwin and SENĆOT

1Abbreviations adopted from ISO639-3 (https://
iso639-3.sil.org/code_tables/639/data)
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Split # Utterances Duration (hours) # Speakers

Total
Train 43801 64.58 257
Validation 300 0.37 81
Test 300 0.38 85

SENĆOT EN
Train 6931 3.94 2
Validation 100 0.05 2
Test 100 0.06 2

nêhiyawêwin
Train 5516 8.17 8
Validation 100 0.16 7
Test 100 0.15 7

LibriTTS-R
Train 31358 52.69 247
Validation 100 0.16 72
Test 100 0.18 76

Table 1: Summary statistics of data we use for this
project. For nêhiyawêwin, there is a speaker who only
has two samples. We only included those two samples
in the training set.

EN data with the 53 hours from the LibriTTS-
R-train-clean-100 partition (Koizumi et al., 2023)
which intersects with the phonemized LibriTTS
filelist provided by StyleTTS2. We randomly sam-
ple 100 samples for validation and 100 samples
for testing for each dataset and reserve the rest for
training. The duration of each split is listed in Ta-
ble 1. Note that in our evaluations, we only use
the nêhiyawêwin and SENĆOTEN test sets, as we
only care about anonymizing speech in these lan-
guages. All speakers in the test set of nêhiyawêwin
and SENĆOTEN are exposed to the model during
training.

3 Experiments

An important feature of StyleTTS2 that is relevant
to our experiments is that it uses self-supervision to
learn style and speaker characteristics from audio
during training. During inference, reference audio
must be provided to the model to guide the style
and speaker quality of the generated audio.

3.1 No Conversion Baseline
We begin by not changing the voice of any
speaker. On a monolingual model trained with
the nêhiyawêwin or SENĆOTEN dataset, we
take a random sample from each nêhiyawêwin or
SENĆOTEN speaker as style reference audio to
generate the corresponding style embeddings to
guide the speech generation of that speaker.

3.2 Inference-Time Experiments
We also conduct experiments that can be accom-
plished without any training solely by modify-
ing StyleTTS2’s style embeddings: the embed-

dings learned by the acoustic and prosodic style
encoders. On a baseline model trained with only
the nêhiyawêwin dataset, we perform the following
modifications:

Average for each speaker, we take all his/her sam-
ples to generate a list of style embeddings, then take
the mean of these style embeddings.

Gender Steering we compute the mean style em-
beddings for male and female speakers and take
their difference ( ¯female − ¯male). At inference,
we add this offset to male embeddings (and vice
versa) to shift styles between genders.

Gender Average we use the average embedding
of male speakers to replace the style embeddings
for male data points, and vice versa for female data
points.

Noise we add Gaussian noise to the style embed-
dings of each speaker.

Custom we randomly pick 5 male speakers and
5 female speakers from LibriTTS-R to extract style
embeddings for guiding the generation of the mono-
lingual model. Results are taken as the average of
all 10 runs.

For the SENĆOTEN model, we only conduct
baseline and custom settings.

3.3 Voice Conversion Experiments
Additionally, we conduct voice conversion exper-
iments with SeedVC (Liu, 2024). Using four pre-
trained SeedVC models from Liu (2024) (v1-base,
v1-small, v1-xlsr, v2)2, we perform voice con-
version on the no-conversion generations of the
nêhiyawêwin model, with similar procedure as the
above Custom setting. For SeedVC v1, we use
the default configurations. Since SeedVC v2 also
reports to convert accents, we experiment with the
accent-related hyperparameters. Details can be
found in Appendix A. For SeedVC v2, we exper-
iment with either not converting style, or α% of
similarity to the reference speech.

3.4 Training-Time Experiments
Other than the above inference time experiments,
we also train multilingual models from scratch.
The goal is to train a StyleTTS2 model that has
been exposed to many more speakers than the low-
resource baseline models. Then, at inference, we
use a sample from the LibriTTS-R dataset as the

2https://github.com/Plachtaa/seed-vc
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Figure 1: Architecture of the multilingual model with language embedding. We optimize only the modules inside
the green box in the first stage, then all modules jointly in the second stage (details in Appendix B). We add language
embeddings to the style encoders, the prosodic text encoder, and the text encoder to facilitate multilingual training.
Other modules of the original StyleTTS2 architecture are not changed.

style reference to convert the voice of the target lan-
guage. To disentangle language information from
the StyleTTS2 style encoder module, we adapt the
model to include language embeddings. The model
design with language embedding is presented in
Figure 1. Training details can be found in Appendix
B. We train and include the results for both vari-
ants, one with language embeddings and one with-
out. Like the ‘Custom’ setting described in §3.2,
we convert using 10 random speakers of LibriTTS-
R, 5 male and 5 female, and take the average of
their calculated style embeddings. We train a to-
tal of 6 multilingual models with 3 combinations
of datasets: nêhiyawêwin + LibriTTS-R (CRK-
ENG), SENĆOTEN + LibriTTS-R (STR-ENG),
and nêhiyawêwin + SENĆOTEN + LibriTTS-R
(CRK-STR-ENG).

4 Results

Metrics Standard objective evaluation metrics
like PESQ and SI-SDR require comparing to a
ground truth waveform. However, since we have
produced speech in another voice, these standard
metrics cannot be applied. We report the quality
results with predicted PESQ, and SI-SDR using
torchaudio-squim (Kumar et al., 2023), and MOS
prediction using UTMOS (Saeki et al., 2022), as
we were unable to perform human evaluation due to
the difficulty of human evaluation in low-resource
settings (Pine et al., 2022). For evaluating voice

similarity, we use Resemblyzer 3 to generate a pair-
wise similarity score between the generated audio
and the ground truths. We then take the mean of
all pairwise scores as a measure of speaker em-
bedding cosine similarity (SECS). In addition to
SECS, we also want to evaluate our models in terms
of accent, since high SECS may be heavily influ-
enced by speaker timbre and provide insufficient
evidence for evaluating accent; this is particularly
important in evaluating cross-lingual voice conver-
sion using model variants that have no language
embedding. To this end, we use Massive Multilin-
gual Speech - Finetuned LID (MMS-LID) (Pratap
et al., 2024) to evaluate accent by assessing the con-
fidence with which MMS-LID predicts the audio is
nêhiyawêwin (CRK-Conf). Since there is no exist-
ing language classifier that is trained on SENĆOT
EN, we only evaluate accent on nêhiyawêwin.

Discussion We present our results for
nêhiyawêwin and SENĆOTEN in Tables 2
and 3. Additional results are available in Appendix
C. We may first observe from Table 2 that almost
all inference-time experiments perform similarly,
yielding high naturalness and high speaker
similarity (i.e., poor anonymization), despite the
different strategies we use. The two exceptions to
this are the ‘average’ and ‘custom’ inference-time
strategies, which have both the highest MOS scores
and lowest SECS scores among all inference-time

3http://github.com/resemble-ai/Resemblyzer
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Model Setting PESQ↑ SI-SDR↑ MOS↑ SECS↓ CRK-Conf↑
- Ground Truth 3.58 25.48 3.27 1.00 0.53
CRK No Conversion 3.83 27.28 3.43 0.87 0.67

Inference-time experiments
CRK Average 4.09 30.40 4.02 0.64 0.70
CRK Steering Male to Female 3.74 25.92 3.73 0.81 0.61
CRK Steering Female to Male 3.82 27.11 3.70 0.85 0.63
CRK Gender Average 4.01 28.43 3.89 0.72 0.64
CRK Noise 3.78 26.74 3.76 0.86 0.69
CRK Custom 3.91 27.56 4.06 0.63 0.62

Voice conversion experiments
CRK + SeedVC-v1-base Default 2.46 7.99 2.34 0.54 0.12
CRK + SeedVC-v1-xlsr Default 3.71 25.62 3.98 0.58 0.51
CRK + SeedVC-v1-small Default 3.45 19.76 3.76 0.55 0.25
CRK + SeedVC-v2 Similarity = 0 3.33 19.00 3.84 0.53 0.02
CRK + SeedVC-v2 Similarity = 0.3 3.32 18.96 3.79 0.53 0.02
CRK + SeedVC-v2 Similarity = 0.5 3.29 18.98 3.77 0.52 0.03
CRK + SeedVC-v2 Similarity = 1 3.23 18.07 3.64 0.53 0.02
CRK + SeedVC-v2 Not converting style 3.23 17.98 3.67 0.54 0.17

Train-time experiments - with language embedding
CRK-ENG Custom 3.92 29.57 4.03 0.63 0.67
CRK-STR-ENG Custom 3.92 28.81 3.76 0.61 0.55

Train-time experiments - without language embedding
CRK-ENG Custom 3.91 30.03 4.25 0.52 0.003
CRK-STR-ENG Custom 4.05 29.98 4.23 0.54 0.06

Table 2: Evaluation results for nêhiyawêwin experiments. The best performances are highlighted for each sub-
category. Lower SECS values indicate better performance, as the objective is speaker anonymization rather than
speaker similarity.

Model Setting PESQ↑ SI-SDR↑ MOS↑ SECS↓
- Ground Truth 3.29 23.05 3.17 1.00
STR No Conversion 3.40 23.75 3.21 0.87

Inference-time experiments
STR Custom 3.55 24.64 3.29 0.74

Train-time experiments - with language embedding
STR-ENG Custom 3.53 24.50 3.43 0.69
CRK-STR-ENG Custom 3.57 25.16 3.40 0.69

Train-time experiments - without language embedding
STR-ENG Custom 3.82 28.26 3.93 0.56
CRK-STR-ENG Custom 3.87 28.37 3.87 0.56

Table 3: Evaluation results of SENĆOTEN experiments.
The best performances are highlighted for each sub-
category.

experiments. However, the ‘custom’ setting on
our SENĆOTEN model does not perform as
well, which indicates that these inference-time
approaches might be less robust either across
languages or the number of speakers in a dataset.

The voice conversion experiments achieved
lower speaker similarity (i.e., better anonymiza-
tion), but in exchange for worse overall quality.

While models trained without language embed-
dings gave slightly better measures in terms of
quality and similarity compared to models with lan-
guage embeddings, we find them having a strong
English accent due to the entanglement of speaker
and language. This is quantified by the substan-
tially lower MMS-LID confidence scores (CRK-
Conf) for models without language embeddings.
In Table 3, we observe that when mixed with

LibriTTS-R, multilingual models were able to pro-
duce speech with much lower similarity compared
to the monolingual model. We also impressionis-
tically find that models without language embed-
dings produced SENĆOTEN speech in a strong
English accent.

In general, we find our trained models with
language embeddings to be the most robust so-
lution. Models without language embeddings al-
ways produce speech with a strong English accent;
inference-time experiments worked well on the
nêhiyawêwin model but not on the SENĆOTEN
model; and off-the-shelf voice conversion systems
sacrifice too much quality for lower similarity. Pre-
training with more languages is not always better,
however, as we see that the CRK-ENG model per-
forms better than the CRK-STR-ENG across most
metrics.

5 Conclusion

This paper explored cross-lingual voice conversion
methods as a way of masking speaker identities in
low-resource TTS systems, with a focus on Indige-
nous languages such as nêhiyawêwin and SENĆOT
EN. We evaluated inference-time and training-
time approaches using StyleTTS2, finding that
inference-time methods, while capable of produc-
ing high-quality speech, struggled with fully mask-
ing speaker identities in SENĆOTEN. Training-
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time methods, especially those with language em-
beddings, showed improved anonymization by re-
ducing speaker similarity while preserving natural-
ness and intelligibility for both languages, though
challenges like accent entanglement persisted. Our
findings underscore the need for better evaluation
metrics tailored to cross-lingual voice conversion
and highlight future directions, including conduct-
ing human evaluations, and exploring model archi-
tectures and training routines that balance privacy
with speech quality.

Limitations

Due to the limited number of speakers, we were
unable to perform human evaluations on our mod-
els. We also adopted predicted evaluation metrics
from pretrained models, which could contain bias
or errors.
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A Voice Conversion Experiment Details

We present the configurations of voice conver-
sion models in Tables 4 and 5. According to
the authors of SeedVC, SeedVC-v1-base is for
singing voice conversion, for which it is best to
set diffusion-steps to 30 to 50.

Config SeedVC-v1-base SeedVC-v1-xlsr SeedVC-v1-small

diffusion-steps 50 30 30
length-adjust 1.0 1.0 1.0
inference-cfg-rate 0.7 0.7 0.7
f0-condition False False False
auto-f0-adjust False False False
semi-tone-shift 0.0 0.0 0.0

Table 4: Configurations for SeedVC-v1’s default set-
tings.

B Training Details

StyleTTS2 adopts a two-stage training where they
first pretrain the acoustic module, then jointly train
the entire model. All first-stage trainings are done
on two A100-40GB GPUs, and all second-stage
trainings are done on one A100-40GB GPU. Hy-
perparameters and optimization details are listed in
Table 6.

C Additional Results

We trained a 32-component PCA and a logistic
regression to classify the gender of speakers for
the nêhiyawêwin model, using the style embed-
dings, in hopes of finding certain dimensions that
are the most important to the style by looking at the
highest-valued dimensions in PCA’s first compo-
nent and logistic regression’s weight. We selected
the top 32 dimensions of the entire style embedding
or only the acoustic style embedding from the PCA
and logistic regression to perform all experiments
listed in §3.2. Results are listed in Table 7. In gen-
eral, we find the results here being similar to all
other inference-time methods.
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Config Not Converting Style Similarity=0 Similarity=0.3 Similarity=0.5 Similarity=1

intelligibility-cfg-rate 0.7 0.7 0.7 0.7 0.7
similarity-cfg-rate 0.7 0.0 0.3 0.5 1.0
top-p 0.9 0.9 0.9 0.9 0.9
temperature 1.0 1.0 1.0 1.0 1.0
repitition-penalty 1.0 1.0 1.0 1.0 1.0
convert-style False True True True True
anonymization-only False False False False False

Table 5: Configurations for SeedVC-v2’s settings.

Model # Parameters Optimizer Learning Rate (Model / BERT / Acoustic Module) Epochs (1st stage / 2nd stage) Batch Size Language Embedding Size

CRK 190,454,891 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 -
STR 190,454,891 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 -
CRK-ENG 198,065,195 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 64
CRK-ENG (no language embedding) 190,454,891 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 -
CRK-STR-ENG 198,065,259 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 64
CRK-STR-ENG (no language embedding) 190,454,891 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 -
STR-ENG 198,065,195 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 64
STR-ENG (no language embedding) 190,454,891 Adam 1e-4 / 1e-5 / 1e-5 150 / 100 4 -

Table 6: Training Details

Setting PESQ↑ SI-SDR↑ MOS↑ SECS↓ CRK-Conf↑
PCA-top32/Average 3.78 26.40 3.73 0.85 0.67
PCA-top32/Steering Male to Female 3.85 27.50 3.80 0.87 0.68
PCA-top32/Steering Female to Male 3.82 26.98 3.74 0.87 0.67
PCA-top32/Gender Average 3.80 26.24 3.73 0.86 0.66
PCA-top32/Noise 3.84 26.70 3.77 0.87 0.68
PCA-top32/Custom 3.90 28.14 4.05 0.63 0.62
LR-top32/Average 3.86 26.81 3.75 0.85 0.68
LR-top32/Steering Male to Female 3.82 27.07 3.79 0.87 0.66
LR-top32/Steering Female to Male 3.87 27.11 3.75 0.87 0.66
LR-top32/Gender Average 3.82 26.47 3.78 0.86 0.67
LR-top32/Noise 3.79 26.38 3.74 0.87 0.66
LR-top32/Custom 3.87 27.67 4.06 0.63 0.62

Table 7: Additional evaluation results of the nêhiyawêwin model experiments. The best performances are high-
lighted.
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