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Abstract

Voice conversion (VC) has emerged as an essential tool for
speaker anonymization providing privacy in speech data. Re-
cent reconstruction-based voice conversion (VC) frameworks
learn to reconstruct speech by disentangling content, pitch, and
speaker representations. Often these methods show poor con-
tent and prosody preservation. Furthermore, these models are
constrained in their ability to execute cross-lingual voice con-
version, where the source and target speech are from differ-
ent languages due to the inherent coupling of the encoder and
decoder components to specific languages within the model
architecture. We propose the decoder-only reconstruction-
based VC framework Speecher, trained with perceptual losses,
and demonstrate that speech features can be extracted from
pre-trained networks without additional encoder training. A
thorough objective and subjective study using German speech
data reveals that our framework improves prosody and content
preservation while maintaining anonymization capabilities.
Index Terms: voice conversion, speech anonymization, speech
reconstruction, Speech representation disentanglement

1. Introduction

In recent years, the remarkable increase in the general usage
of speech data and a proliferation of use of voice-based ser-
vices and devices can be attributed to rapid advances in human-
computer interaction, specifically speech processing research.
However, the expanding usage of voice data has brought sig-
nificant privacy and security concerns, as sensitive information,
particularly speaker identification, might be exploited to further
malicious intent if not protected adequately. The urgent need
to provide security and privacy for spoken data has prompted
academics to propose solutions. Speaker anonymization is a
solution promising to protect speaker anonymity while speak-
ing to cloud-based voice-enabled services, protecting whistle-
blowers, providing anonymous statements to legal aspects, or
even archiving medical speech data as per guidelines by General
Data Protection Regulation (GDPR) guidelines [1]. Speaker
anonymization reduces the risks associated with illegal iden-
tification and profiling by obscuring a speaker’s unique voice
features. At its core, speaker anonymization strives to im-
prove privacy by preventing individuals from being identified
via their voice data. This is especially important in online
speech-based communications, where voice data is vulnera-
ble to illegal access and manipulation. Speaker anonymization
technologies contribute to the protection of individual privacy
rights by making it more difficult to link voice data to the orig-

inal speaker. However, excessive distortion can render speech
incoherent, thereby making it unusable for downstream applica-
tions. Hence a careful consideration between privacy and utility,
also known as privacy-utility trade-off is essential based on the
use of anonymized speech data.

In speech processing research, voice conversion (VC) is a
problem that involves changing the speaker’s identity of an ut-
terance while retaining the linguistic content and prosody intact,
such that an utterance from one speaker i.e. the source speaker
sounds like another i.e. the target speaker [2]. This makes a VC
system a suitable and important tool for speaker anonymization.
In a pathological use case, the anonymized speech data can also
be utilized for further analysis. To execute the task, VC sys-
tems require reference utterances from the target speaker. In our
research, we concentrate on any-to-many VC systems, which
may convert utterances from any arbitrary speaker to a prede-
termined set of target speakers.
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Figure 1: Schematic diagram of the proposed method.
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The pursuit of high-quality, natural-sounding VC systems
is a very active and ongoing research area. Early VC sys-
tems [3, 4] relied on parallel training data in which the source
and target speakers utter identical linguistic material. Parallel
training data was also used in early deep learning-based voice
converter systems [5, 6]. Although the introduction of deep
learning enhanced the quality of these systems, they remain far
from flawless. Not only is gathering parallel training data time-
consuming and costly, but it does not reflect the real-world sce-
nario in which these systems might be employed with arbitrary



source speakers [7]. In addition, these systems are noted for
having issues with mispronunciation and unreliable training [8].
To alleviate the problem of data acquisition, non-parallel VC
systems were proposed. Most recent non-parallel VC systems
[9, 10, 11, 12] use different variants of the generative adversar-
ial network (GAN) [13]. The essential premise of GAN-based
techniques is to treat any individual speaker and their voice fea-
tures as a style domain, and to re-frame the task of VC as a do-
main transfer problem [7]. Though these approaches can yield
good quality samples, they are criticized for the harder train-
ing process since GAN training has an ill-defined convergence
criterion [7]. Furthermore, to produce more natural-sounding
samples, more and more loss objectives are incorporated [12],
making tuning of each component extremely difficult.

Another paradigm to VC systems is to learn a task of re-
constructing speech from disentangled speaker and content rep-
resentations rather than approaching the task of VC as an ex-
plicit domain transfer problem. During inference, the source
speaker’s representation is altered with the target speaker’s rep-
resentation to accomplish VC or anonymization while retain-
ing linguistic content. Several approaches have been proposed
over time to obtain disentangled speech representations while
preventing information leakage across them. In line with this
concept, [14] proposed a method that uses vector quantized
variational auto-encoder (VQ-VAE) to learn disentangled con-
tent and timbre features from an utterance. In [7], the au-
thors introduced a trainable temporal and dimensional informa-
tion bottleneck to disentangle different speech features and pro-
posed an auto-encoder-based model for audio reconstruction.
Alternatively, [15] introduces adaptive instance normalization
(AdalN) as a technique for accomplishing feature disentangle-
ment. The techniques proposed in [16, 17], combined mutual
information (MI) upper bound minimization between different
pairs of speech representations and VQ to achieve disentan-
gled content, speech, and pitch features. In this reconstruction-
based paradigm, [16] shows through comprehensive objective
and subjective results that their proposed method, VQMIVC, is
superior to several other predecessor methods in all aspects, in-
cluding prosody and content preservation as well as naturalness.
All of these reconstruction-based VC frameworks train auto-
encoder architectures with two or more encoders. Furthermore,
most research on VC frameworks employs English/Chinese
datasets to illustrate their results, making it difficult to assess
their efficiency in low-resource European languages.

This paper introduces a novel decoder-only, reconstruction-
based any-to-many VC framework “Speecher” that combines
trainable bottleneck layers with AdaIN [18] without training
feature-specific encoders. Content, pitch, and speaker embed-
dings are extracted from disjoint pre-trained task-specific su-
pervised models, which are not re-trained as part of the decoder
training procedure. This way, we open up new research per-
spectives towards cross-lingual voice conversions without re-
quiring training auto-encoder frameworks hard-coupled to a sin-
gle language which is especially helpful for underrepresented
languages. For experimentation, we train our model merely on
~ 39.5 hours of German speech data from seven individuals,
reflecting its efficacy in low-resource settings where availabil-
ity or training data is scarce. We thoroughly compare our pro-
posed method both objectively and subjectively to VQMIVC
[16] baseline. Additionally, we propose to use perceptual losses
to improve prosody and linguistic content preservation. Experi-

mental results demonstrate that our proposed strategy consid-
erably increases overall quality by ~ 10%, intelligibility by
~ 17%, content preservation by ~ 13%, and pitch correlation
by ~ 9% while maintaining similar anonymization capabilities.
Our results demonstrate that different speech features obtained
from supervised pre-trained networks tailored to specific tasks
are adequate to reconstruct speech with high content and preser-
vation of prosody.

2. Method
2.1. Architecture

A schematic architecture diagram of the proposed decoder-only
framework is presented in Figure 1.

Decoder: For a source mel-spectrogram X,eq:, the decoder
D learns to reconstruct the mel-spectrogram from disentan-
gled content, pitch, and speaker embeddings such that X,eco =
D(Cfea,t: Fofeat7 Sfeat)’ where Cfeaty Fofeat and Sfeat are
the outcome of the content bottleneck C'y, pitch bottleneck
FOpnN and speaker embedding bottleneck Sgn layers respec-
tively. Trainable bottleneck layers serve the purpose of dynamic
feature selection to achieve disentanglement.

Content feature: Linguistic content features Cyeq: are ex-
tracted from a phoneme-based supervised automatic speech
recognition (ASR) framework [12] pre-trained on German data.
As suggested by [19] the features are obtained from the interme-
diate layers before the LSTM layers Creqt = ASRint(Xreat).
These content features are passed through the trainable content
bottleneck layer to output C teat before passing on to D.

Pitch feature: Pitch features F'Of.,; are obtained from a pre-
trained supervised joint detection and classification (JDC) FO
prediction network [20]. Similar to content features, F0feqr is
the output of the intermediate convolution layer before the re-
current layers FOfcqr = JDCint(Xrear). Subsequently, the
disentangled FO feature is extracted by passing F'0 ¢, through
the pitch bottleneck layer F0fcqr = FO5N(FOfeqr). The tem-
poral dimensions for content and pitch features are identical.

Speaker Embedding We use 192-dimensional ECAPA-TDNN
[21] global speaker embedding Sscq: directly retrieved from the
speech utterance using SpeechBrain toolbox [22]. Afterward,
the dimensionality of the speaker feature is reduced by passing
it through Sg v, which outputs Stear = S (Sfeat)-

Cpn and FOp N layers consists of residual convolution blocks
whereas Spn is stacked linear layers with ReLU activations.
We use a similar decoder architecture that is proposed in [12]
that uses several upsampling blocks comprising AdaIN. During
inference, the speaker embedding Syeq: is extracted from an
utterance from the target speaker, while C'cq; and F'Ofeq¢ are
from the source utterance. The generated mel-spectrogram is
converted to a waveform by a HiFi-GAN [23] vocoder.

2.2. Training objective

In the training phase, we jointly train the bottleneck lay-
ers along with the decoder to learn to generate X,.., from
{Cfeat, FOfeat, Sfeat }. Hence reconstruction loss is an es-
sential part of the overall training objective. In addition, we use



adversarial loss to improve the quality of reconstructed speech,
and perceptual pitch and content loss to improve linguistic in-
formation and prosody retention.

Reconstruction loss: Given a source mel-spectrogram X,.ca;
the decoder outputs a reconstruction X ..., then the reconstruc-
tion loss is a combination of mean absolute error (MAE) and the
mean square error (MSE) as depicted in Eqn. 1.

£reco =Ex |:| |Xreco - AXr'real”1 + ||X1"eco - XrealHQ] (1)

Content loss: In addition to reconstruction loss, we also mini-
mize a perceptual content loss which is an L1 loss between the
intermediate ASR feature extracted from the source and recon-
structed mel-spectrograms as depicted in Eqn. 2.

Lasr =Ex |:| |ASR'Lnt (X'reco) - AsRint(Xreal)| |1:| (2)

Pitch loss: As suggested by [12], to enhance overall prosody
preservation in the reconstructed speech we also penalize the
network by L1 loss between the predicted normalized absolute
FO of source and reconstructed speech as shown in Eqn. 3 where
JDChorm(X) = % and ||JDC(X)||1 refers to the
per instance temporal mean .

ﬁFO =Ex |:| }JDCnoT"m(X'Peco) - JDCnorm(Xreal)| |1i|
3)

Adversarial loss: Together with the decoder, we also train a
Discriminator G that classifies between real and reconstructed
mel-spectrograms given a speaker identifier y. We train our re-
construction network by minimizing the adversarial loss as de-
picted in Eqn. 4.

Ladw = IEX,y [log(g(xreah y) + log(l - g(Xr'ecm y)] “4)

The overall training objective is to minimize the weighted sum
of all individual losses as presented in Eqn. 5, where a, 3,7y, A
are hyper-parameters.

E = Ofcreco + ﬂ[/asr + ’Y[/FO + A‘Cadv (5)

Superficially, it may seem that our proposed method is sim-
ilar to existing methods that explore feature disentanglement
techniques for VC, such as VQMIVC, but fundamentally, it is
not. VQMIVC learns to disentangle features by jointly training
feature-specific encoders along with decoders which makes the
encoders hard coupled with the decoder and forces the encoders
and decoder to be hard coupled. Hence where the training data
is scarce it fails to achieve good-quality results. In contrast,
our method provides the flexibility of using any pre-trained en-
coders, as those are not re-trained as part of decoder training.

3. Datasets and experiments
3.1. Dataset

We train the baseline model and our proposed method on ap-
proximately 40 hours of German speech data from the multi-
lingual LibriSpeech (MLS) corpus [24] which is derived from

read audiobooks. The training set includes approximately 9550
utterances from seven speakers, four female and three male.
Gender parity is achieved by including more utterances from
male speakers than female speakers. The length of the train-
ing utterances ranges from 10 to 20 seconds. The validation
set includes another 2660 utterances from the same speakers.
For training our proposed method, the utterances are upsampled
from 16 to 24 kHz whereas for the baseline training, it remains
at 16 kHz. We evaluate both the models on in-domain utter-
ances from MLS and on out-of-domain utterances from HUI-
Audio-Corpus-German [25] clean dataset. The HUI dataset
also comprises high-quality read audiobooks downloaded from
LibriVox'. The phoneme-based ASR and the vocoder are pre-
trained with the German subset of the MLS dataset. Addition-
ally, the vocoder is also trained with English utterances from
VCTK [26], ESD [27], and RAVDESS [28] datasets.

3.2. Training details

We named our framework “’Speecher” and consider VQMIVC
as the baseline for comparison. We train our model for 100
epochs on an NVIDIA H100 GPU with a batch size of 32, for
a total training time of approximately 26 hours. To optimize,
we use AdamW [29] with a fixed learning rate of 10~* and
weight decay of 10™*. We perform hyper-parameter tuning on
the validation set and choose o = 3.0, 8 = 10.0, v = 0.75 and
A = 2.0. The baseline is trained for 500 epochs. The code can
be found online 2.

3.3. Evaluations

We evaluated the proposed framework both subjectively and ob-
jectively.

Objective evaluations: To objectively evaluate our proposed
any-to-many framework, we randomly selected four source un-
seen speakers from the MLS dataset and four target speak-
ers from the seen speaker set, yielding 16 conversion pairs.
The source and target testing speaker groups are gender bal-
anced. We chose around 108 test utterances per source
speaker, leading up to 1732 MLS—MLS test conversions.
We calculate the character error rate (CER) to assess content
preservation. The converted utterances are automatically tran-
scribed with Whisper [30] ASR. Additionally, as a measure
of prosody preservation evaluation we report the pitch corre-
lation coefficient (PCC) [31]. A higher PCC value indicates
better prosody preservation whereas for CER a lower value
is desirable. Additionally, we compute the speaker distance
score (SDS) between the converted and the source utterances
using ECAPA-TDNN speaker embeddings, where SDS =
1—CosineSimilarity(Sfeat (Source), Syeat (Converted)).
Furthermore, to assess our model on out-of-domain data, we
perform objective evaluation on 764 HUI—-MLS conversions,
randomly selecting one male and one female source speaker
from the HUI dataset while keeping the four target speakers the
same as before, yielding eight conversion pairs.

Subjective evaluations: We conducted a detailed subjective
user survey on the Crowdee® platform, where a total of 130 na-

Thttps://librivox.org/
Zhttps://github.com/arnabdas8901/speecher.git
3https://www.crowdee.com/



Table 1: Objective evaluation results. Each cell contains mean values and in brackets 95% confidence interval. The Group column

denotes gender-dependent conversion subgroups for the source and target speakers.

Source - Group PCC[x10*1t CER[ %]\ SDS?T
Target Speecher | VQMIVC Speecher | VQMIVC Speecher | VQMIVC
All 82.51 (0.31) 73.85(0.4) | 6.53(0.46) | 19.55(0.65) | 0.57(0.01) | 0.76(0.01)
MLS—s M2M 85.23(0.39) | 77.16 (0.74) | 5.66 (1.01) | 17.54 (1.19) - -
MLS M2F 86.06 (0.38) | 77.69 (0.57) | 6.37 (1.16) | 18.01 (1.18) - -
F2M 78.24 (0.65) | 69.94 (0.85) | 7.76 (0.79) | 22.32(1.41) - -
F2F 80.72 (0.66) | 70.82(0.72) | 6.29 (0.68) | 20.23 (1.38) - -
All 80.86 (0.46) | 75.66 (0.57) | 5.34 (0.62) | 12.87(0.74) 0.7(0.01) 0.8(0.01)
HUL | M2M | 79.47(1.06) | 753 (0.97) | 549 (1.55) | 14.52 (1.75) 5 -
MLS M2F | 81.04 (0.9) | 71.72(1.26) | 6.37(1.58) | 16.56 (1.75) 5 5
F2M 80.85 (0.91) | 78.59 (1.01) | 4.97 (0.66) 9.94 (0.88) - -
F2F 82.14 (0.7) 77.25(1.02) | 4.46 (0.78) | 10.17 (1.01) - -

tive German speakers participated. For the subjective study, we
randomly choose two unseen source speakers and two seen tar-
get speakers, both the source and target speaker set comprise
one male and one female speaker, resulting in four conversion
pairs. Each conversion pair is evaluated for 15 converted ut-
terances, totaling 60 converted utterances. Each of these is
assessed by at least 12 participants. We subjectively measure
the overall quality of the stimuli and intelligibility in a continu-
ous scale mean opinion score (MOS) ranging [1, 5] with 1:bad
(’Mangelhaft’), 2:poor ("Mdpfig’), 3:fair ('Ordentlich’), 4:good
(’Gur’), S:excellent ("Ausgezeichnet’). Alongside, the partici-
pants are also asked to mark the source and target speaker sim-
ilarity of the converted samples in a continuous scale ranging
[1,5], with 1:different (’Unterschiedlich’) and 5:same (’Der-
selbe’) speaker. As a quality control measure, we presented
hidden trapping questions (not recognizable to the participants)
and removed annotations and participants upon failure.

Source vamive

Speecher

Figure 2: Spectrogram comparison between source and con-
verted utterances by VOMIVC and Speecher.

4. Results and discussion

Table 1 summarizes the results from our objective evaluations.
Our proposed method Speecher outperforms the VQMIVC
baseline in terms of linguistic content and prosody preservation
objective metrics for all conversion groups, whether in-domain
MLS—MLS or out-of-domain HUI—-+MLS. The table includes
both mean values and a 95% confidence interval (CI). For PCC,
Speecher archives a mean value of 82.51 for all MLS—MLS
conversions and 80.86 for HUI—-MLS conversions. The base-
line results range clearly lower, i.e. with average PCC score

of 73.85 and 75.66 for MLS—MLS and HUI—+MLS conver-
sions respectively, which is significantly (p < 0.05 on paired t-
test) lower than our proposed method. Improvement in prosody
preservation can also be validated by inspecting and compar-
ing the mel-spectrograms of converted utterances to the source
mel-spectrogram. Figure 2 illustrates one such example, with
white rectangles indicating noteworthy segments. The con-
verted speech by VQMIVC fails to keep harmonic nuances,
resulting in over-smoothed intonation, whereas our proposed
Speecher framework is capable of preserving more of the har-
monic pattern.

5.0
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Figure 3: Subjective evaluation results. Mean and 95% confi-
dence interval values are reported.

In terms of CER, the baseline archives a score of 19.55%
for MLS—MLS, whereas the same for Speecher is signifi-
cantly (p < 0.05) lesser, 6.53%. For HUI—-MLS, our method
archives a low CER value of 5.34% compared to the baseline’s
CER of 12.87%. The scores obtained by VQMIVC are compa-
rable to those reported in [16] for the English (VCTK) dataset,
with slight degradation. Table 1 also presents PCC and CER
results for gender-specific conversion subgroups, and the trend



remains consistent, in every case, the performance of our pro-
posed framework surmounts that of the baseline. Both the mod-
els achieve comparatively high PCC scores for MLS—MLS
conversions when the source speaker is male, but the trend is not
observed for HUI—+MLS conversions. The proposed perceptual
pitch and content loss help our method achieve better PCC and
CER results compared to the baseline without any such losses.
To support our claim we have also performed an ablation study
and the results are reported in Table 2.

Table 2: Ablation study results for pitch and content preserva-
tion. Mean and 95% confidence interval values (in brackets)
are reported.

| Model | PCC[x10°]" | CER[%]| |
\ Speecher \ 82.51 (0.31) \ 6.53 (0.46) \
‘ No Pitch Loss (v = 0) ‘ 71.85 (0.51) ‘ - ‘
‘ No Content Loss (8 = 0) ‘ - ‘ 13.08 (0.54) ‘

In terms of SDS, our method achieves a mean score of 0.57,
which is a bit lower than that of the VQMIVC baseline (0.76)
for in-domain MLS—MLS conversions. However, the mean
SDS scores for HUI+MLS conversions are 0.7 and 0.8 for
Speecher and VQMIVC respectively, hence seem to be com-
parable. A higher average SDS score indicates a further sep-
aration between the source and converted utterance’s speaker
embeddings. However, according to [32], a cosine distance of
> 0.3 between the speaker embeddings of the source and target
speaker is sufficient for an effective anonymization.

Subjective evaluation results are depicted in Figure 3. The
source refers to the annotations received by the original stimuli
from the dataset without any processing, which is indicative of
the upper bound score for the respective evaluation dimensions.
For overall quality, the VQMIVC baseline archives a MOS
score of 1.95 whereas our proposed method gets 2.44, which is
significantly (p < 0.05 on a two-sided paired t-test) higher than
the baseline. A hearing test, conducted by us, also demonstrates
that VQMIVC introduces a persistent low-intensity background
noise into converted utterances. In terms of spoken content in-
telligibility, our method Speecher archives a mean score of 3,
significantly outperforming VQMIVC which achieves a mean
intelligibility score of 2.17. Proposed additional discriminator
loss could be contributing towards the improved overall quality
results, which is consistent with the findings by [33].

In terms of similarity to the source speaker, the mean
scores of Speecher and VQMIVC are 2.65 and 1.66 respec-
tively. This score is expected to be as low as possible for the
speech anonymization use case. This subjective evaluation re-
sult corroborates the SDS scores presented as part of the objec-
tive examination. In terms of similarity with the target speaker,
VQMIVC achieves a mean score of 2.5 in comparison to a mean
score of 1.94 by Speecher. A higher score in this aspect is de-
sirable for the use case of voice conversion.

The objective and subjective evaluation results demonstrate
the privacy-utility trade-off [31] for reconstruction-based voice
converter systems. A larger degree of disentanglement between
the speaker, content, and pitch features improves inference time
similarity to the target speaker while sacrificing content and
prosody preservation. On the other side, better overall speech

Table 3: Objective study results demonstrating privacy-utility
trade-off. Mean and 95% confidence interval values (in brack-
ets) are reported.

| Model | PCC[x10°] | SDS |
‘ Speecher with v = 0.75 ‘ 82.51 (0.31) ‘ 0.57 (0.01) ‘
| Speecher with v = 0.25 | 79.58 (0.38) | 0.63 (0.01) |

quality, intelligibility, and prosodic similarity reduce the target
speaker similarity of the converted utterance. To support our
claim, a separate objective study is performed and the results
are reported in Table 3. The results show that when the percep-
tual pitch loss coefficient is reduced from 0.75 to 0.25, mean
PCC goes down and SDS goes up indicating a higher privacy
score at the cost of lower utility.

5. Conclusion

In this paper, we propose a decoder-only speech reconstruction-
based any-to-many VC framework named Speecher, suitable for
performing speech anonymization. Additionally, we propose to
use perceptual losses for better prosody and linguistic content
preservation. Extensive objective and subjective evaluation re-
sults reveal that our proposed method can significantly improve
overall quality, intelligibility, and intonation preservation while
converting utterances without compromising its anonymization
capability for both in-domain and out-of-domain source speak-
ers. Although being superior in many dimensions, our proposed
method shows marginally lower target speaker similarity com-
pared to the baseline. In our future work, we will further work
on improving the target speaker similarity for our framework.
We also work towards extension to other underrepresented Eu-
ropean languages. Moreover, we aspire to broaden the scope of
our methodology by incorporating cross-language sources and
target utterances, facilitating one-shot any-to-any voice conver-
sion use cases.

Speaker anonymization is a crucial tool for protecting
speakers’ identities and upholding their right to privacy, how-
ever, it can also be abused by malicious individuals who may
take advantage of this technological advancement. Anonymiza-
tion technologies may be used to elude law enforcement, trick
identity verification systems, or commit fraud. For example,
voices that have been anonymized may be exploited in social
engineering schemes or to spread disinformation by enjoying
anonymity and avoiding accountability. Furthermore, since it
becomes increasingly difficult to distinguish between a real
speaker and a converted speech, VC systems may have a pro-
found and varied social impact. The widespread deployment
of VC systems may damage people’s confidence and trust in
voice-based communication services. To address these issues,
appropriate legal frameworks and ethical guidelines for using
anonymization technologies must also be put in place to re-
duce these risks of misuse. With the introduction of the Digital
Services Act (DSA) and Al-Act on European level, the Euro-
pean Union is pioneering these guidelines by imposing con-
cepts of transparency, labeling and marking obligations, and
human oversight to AI components suitable to cause harmful
social impact. However, as national lawful guidelines are just
being conceived and scripted at the moment, concrete restric-
tions and applied methods can be expected in the upcoming 1-2
years only.
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