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Abstract—Given the speech generation framework that rep-
resents the speaker attribute with an embedding vector, asyn-
chronous voice anonymization can be achieved by modifying the
speaker embedding derived from the original speech. However,
the inconsistency between machine and human perceptions of
the speaker attribute within the speaker embedding remains
unexplored, limiting its performance in asynchronous voice
anonymization. To this end, this study investigates this incon-
sistency via modifications to speaker embedding in the speech
generation process. Experiments conducted on the FACodec and
Diff-HierVC speech generation models discover a subspace whose
removal alters machine perception while preserving its human
perception of the speaker attribute in the generated speech.
With these findings, an asynchronous voice anonymization is
developed, achieving 100% human perception preservation rate
while obscuring the machine perception. Audio samples can be
found in https://voiceprivacy.github.io/speaker-embedding-eigen
-decomposition/.

I. INTRODUCTION

Advancements in speech technologies have intensified secu-
rity risks related to the misuse of speaker attributes, necessitat-
ing the development of voice privacy protection techniques. In
this context, voice anonymization, originating from the 1980s
[1], has regained the interest of the community as it provides
a viable solution to protecting speaker attributes from being
extracted by speaker models. To date, voice anonymization can
be realized in both synchronous[2]–[4] and asynchronous[5]–
[7] manners. Synchronous voice anonymization alters both
machine-discernible and human-perceivable speaker attributes.
Asynchronous voice anonymization modifies the machine-
discernible attribute while preserving the human-perceivable
attribute.

Facilitated by the speech generation framework wherein
the speaker attribute is disentangled and represented with an
embedding, voice anonymization can be realized by replac-
ing the original speaker with a pseudo-speaker [2], [7]. In
asynchronous voice anonymization, the construction of the
pseudo-speaker forms a critical challenge. An asynchronous
voice anonymization method was proposed in [7], where
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the pseudo-speaker embedding was generated by introduc-
ing adversarial perturbation to the speaker embedding. In
this approach, stronger perturbations provided better protec-
tion against machine perception with larger alteration of the
machine-discernible speaker attribute, whereas weaker pertur-
bation better preserves the human-perceivable attribute. Due
to the lack of differentiating between machine and human
perceptions in the speaker embedding, the adversarial method
exhibits limitations in protecting machine perception of the
speaker attribute while preserving its human perception.

This paper investigates the differences between machine and
human perceptions of speaker attributes. Given a speech gen-
eration model that incorporates speaker attribute disentangle-
ment and its representation via an embedding vector, speaker-
modified speech utterances are generated through modifica-
tions to the speaker embedding. Specifically, the modification
is performed in a subspace of the speaker embedding by
eliminating its contribution from the embedding. Machine and
human perceptions of the speaker attribute within the speaker-
modified utterances were examined individually in the exper-
iments. To our knowledge, this is the first investigation of the
differences between the machine and human perceptions within
the speaker embedding in the context of speech generation. Our
contributions are as follows:

1) Experimental findings in two speech generation mod-
els, FACodec[8] and Diff-HierVC[9], demonstrate that
a speaker variability subspace exists, whose removal
exclusively influences machine perception of the speaker
attribute without affecting its human perception. This
reveals the inconsistency between machine and human
perceptions of speaker attributes within the speaker em-
bedding.

2) An asynchronous voice anonymization method is devel-
oped, in which the pseudo-speaker vector is obtained
by removing the subspace contribution from the orig-
inal speaker vector. It achieves a 100% human per-
ception preservation rate while obscuring the machine-
discernible speaker attributes in the anonymized speech.

II. BACKGROUND

Fig. 1 illustrates the framework for information disentangle-
ment, facilitating the generation of speaker-modified speech.
The disentanglement-based speech generation framework and
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Fig. 1: Speech generation framework based on information
disentanglement. Colored boxes represent embeddings of dis-
entangled attributes: red (prosody), yellow (linguistic content),
green (original speaker x). The gray box represents the modi-
fied speaker embedding x̃. The blue and gray rectangular boxes
with dotted lines, along with the corresponding arrowed lines,
indicate speech regeneration and speaker-modified speech gen-
eration processes, respectively.

its application in generating speaker-modified speech are de-
tailed in the following.

A. Disentanglement-based speech generation

Fig. 1 presents the speech generation framework based
on information disentanglement and waveform generation. In
the information disentanglement phase, given an input speech
utterance O, three distinct attributes, including prosody, lin-
guistic content, and speaker characteristics, are disentangled
and represented by separate embedding vectors. A specific con-
figuration is illustrated where prosody and linguistic content
attributes are extracted from speech frames and represented
with sequences of embedding vectors. Besides, the speaker
attribute is encoded for the entire utterance using a single
vector x. In the waveform generation phase, x is replicated
to match the length of the prosody and content embedding
sequences. The embedding vectors of the three attributes
are input into the waveform generation module, producing a
speech waveform O′, which is a regenerated version of O. The
disentanglement-based speech generation mechanism enables
control over generated speech by facilitating the manipulation
of speech attributes, especially prosody [10], [11] and speaker
characteristics[8], [9], [12], [13].

B. Anonymized speech (asynchronous) generation

In the asynchronous voice anonymization method [7] built
upon the speech generation framework depicted in Fig. 1,

given an original utterance, the prosody, linguistic content,
and speaker attributes were disentangled and represented with
separate embedding vectors. The speaker embedding vector x,
denoted with the green square box, was subsequently modified
to x̃ as the pseudo-speaker vector (the gray square box in
Fig. 1). Thereby, the anonymized speech Õ was generated by
the waveform generation module and used as the anonymized
speech, utilizing the original prosody and linguistic content
embedding vectors and the modified speaker vector x̃.

III. SPEAKER MODIFICATION

Given the speech generation framework depicted in Fig. 1,
our investigation into the differences between machine and
human perceptions of speaker attributes in speaker embedding
is conducted through modifications to the original speaker
embedding x, followed by experimental evaluations of both
perceptions within the speaker-modified utterances Õ. The
modification is performed within the variability subspaces of
speaker embedding as detailed in the following.

A. Variability space

A speaker embedding vector x is hypothesized to be de-
composible with a basis matrix V as follows:

x = V c. (1)

Assume x to be a D-dimensional vector, V is composed
of D orthogonal unit vectors as V = [v1, ...,vD], with the
vectors {v1, ...,vD} serving as the basis vectors. The vector
c = [c1, ..., cD]

T is the coefficient vector, with each element
quantifying the contribution of the corresponding basis vector
in constructing x. The space spon by V captures the variability
of x, and is referred to as variability space.

Given N speech utterances, the speaker embedding vectors
are extracted and denoted as X = ∪N

n=1xn. Firstly, the
covariance matrix Σ is calculated from X .

Thereafter, V is derived via eigen-decomposition of Σ as
follows:

Σ = V ΛV T, (2)

where V = [v1,v2, . . . ,vD] is obtained as the matrix of
eigenvectors, and Λ = diag(λ1, λ2, . . . , λd) is a diagonal
matrix with eigenvalues on the diagonal. Particularly, the
eigenvalues are sorted in descending order as λ1 ≥ λ2 ≥ . . . ≥
λD. An identical mechanism for variability space derivation is
utilized in principal component analysis (PCA) [14]. Readers
are referred to it for mathematical details.

B. Speaker embedding modification

Given the speaker vector xn extracted from the n-th utter-
ance, the coefficient vector in space V is obtained as follows:

cn = V Txn, (3)

where cn consists of D elements as {cn,1, ..., cn,D}. The
modification of xn is achieved by altering c to c̃n which is
conducted on the subspaces of V . Specifically, a subspace is
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Fig. 2: Sorted logarithmic eigenvalues and their differentials of
the speaker variability space within the open-source FACodec
model. The speaker embedding is of dimension D=256. The
arrows in Fig. 2(b) indicate the three modification subspaces
Sp, Ss and Sr, starting from their initial dimensions and
directing along their spans, respectively.

characterized by three parameters: initial dimension i, subspace
size K, and the span direction (forward or backward). It
is represented as S = {i,K,direction}, indicating that the
subspace spans K dimensions from the i-th dimension in the
designated direction. The contribution of S is eliminated from
x by setting the coefficients associated with its basis vectors
to 0 as follows:

cn,i, ..., cn,i+K−1 = 0, if direction = +
cn,i−K+1, ..., cn,i = 0, if direction = -

, (4)

where “+” (forward) and “-” (backward) are the span direction
of the subspace. Combined with the remaining coefficients, the
modified coefficient vector c̃n is obtained. Finally, the modified
speaker embedding vector x̃n is obtained as follows:

x̃n = V c̃n. (5)

C. Modification subspaces

For presentational clarity, the variability space of the speaker
embedding in the open-source FACodec model is adopted
for description. Derived from the speaker embedding vector
set extracted from the speech utterances in the LibriSpeech
train-clean-360[15] dataset, the logarithmic eigenvalues, i.e.,
{logλ1, ..., logλD}, are plotted in Fig. 2(a). Fig. 2(b) illustrates
the delta of the logarithmic eigenvalues, computed as follows:

ai = logλi+1 − logλi, (6)

for i = 1, ..., D− 1. Particularly, the FACodec model employs
speaker vectors of dimension D=256.

As shown by the arrows in Fig. 2(b), given the delta
log-eigenvalue, three subspace region are investigated for the
modification of the speaker embedding: primary, secondary,
and residual subspaces. The primary subspace starts from the
1st dimension and spans in the forward direction of size Kp,
denoted as Sp = {1,Kp,+}. It is composed of the dominant

https://huggingface.co/spaces/amphion/naturalspeech3 facodec

basis vectors of the variability space. The secondary subspace
is defined at the turning point where the differential oscillates
slightly before and increases monotonically after. The point
is marked by the red dot in Fig. 2(b) with the dimension
is. The secondary subspace starts from is and spans in the
backward direction with size Ks, denoted as Ss = {is,Ks,−}.
The residual subspace spans from the last dimension D in the
backward direction with size Kr, denoted as Sr = {D,Kr,−}.
Between them, Sr represents the least important subspace in
the variability space. The importance of Ss is higher than
Sr while lower than Sp. In these subspaces, the subscripts
p, s, and r are short for primary, secondary, and residual,
respectively.

IV. EXPERIMENTS

A. Dataset & speech generation models

Our evaluations were conducted on the dev-clean subset
of the LibriSpeech [15] dataset, including 2,703 utterances
from 20 female and 20 male speakers. All recordings were
resampled to 16 kHz. The speaker embedding variability space
was obtained from the LibriSpeech train-clean-360 dataset.
The open-source FACodec and Diff-HierVC models were
examined as the speech generation model. The dimensions
of the speaker vectors in both models are 256. The turning
dimensions is are 200 and 218 in FACodec and Diff-HierVC,
respectively.

B. Evaluation Metrics

Evaluations were conducted to assess the machine and
human perceptions of the speaker attributes in the utterances
generated with the modified speaker embedding vectors. Given
the degradation introduced by the speech generation model,
the original utterance O was regenerated using its extracted
speaker vector x, giving O′. It served as the reference for a fair
comparison with the speaker-modified speech Õ. Additionally,
in line with the requirement of the voice anonymization task
[3], [4], [16], the linguistic content preservation capability was
measured.

• Machine perception modification: Automatic speaker ver-
ification (ASV) evaluation was conducted to assess the
modification of machine-perceivable speaker attributes.
Three speaker embedding extractors were employed:
ECAPA-TDNN[17], ResNet[18], and a lightweight
ECAPA-TDNN. Specifically, the ECAPA-TDNN and
ResNet extractors were trained with the VoxCeleb1 &
2 datasets[19], [20] using the ASVSubtools open-source
toolkit[21]. The lightweight ECAPA-TDNN extractor was
trained on the regenerated speech of the LibriSpeech
train-other-500 subset. The modified speech Õ was used
for both enrollment and testing. Cosine similarities be-
tween speaker embeddings extracted by the three models
were used for scoring. ASV performance was measured
in terms of equal error rate (EER), where a higher

https://github.com/hayeong0/Diff-HierVC
https://github.com/Snowdar/asv-subtools
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(b) Diff-HierVC

Fig. 3: Machine perception, human perception, and linguistic content evaluation results across the primary, secondary, and residual
subspaces under varying sizes. The results of FACodec and Diff-HierVC are shown in Fig. 3(a) and Fig. 3(b), respectively. The
machine perception (measured by EER(%)) and human perception (measured by human perception rate(%)) of the primary and
secondary subspace configurations are shown in the first row, in the first and second columns, respectively, while the results
for the residual subspace are presented in the left column of the second row. The EERs obtained with the ECAPA-TDNN,
ResNet, and lightweight ECAPA-TDNN trained with regenerated (regen) speech are included. The WERs(%) obtained in the
three configurations are presented in the right column of the second row. The EER and human perception preservation rate
obtained by the adversarial method (Adv) [7] are included in the plots of secondary subspace with solid and dotted black lines,
respectively.
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EER indicates a stronger alteration of machine-discernible
speaker characteristics. The ASV evaluations were con-
ducted on the trials provided by VPC 2024[16], with
scores from male and female trials pooled together for
EER calculation.

• Human perception preservation: Subjective listening tests
were conducted to assess the preservation of human
perception. In each test, 200 utterances were randomly
selected from the evaluation dataset. For each test utter-
ance, given the pair of its regenerated version O′ and
the speaker-modified version Õ, five listeners were asked
to decide whether the speakers were indistinguishable.
Listeners gave a yes (indistinguishable) or no (distinguish-
able) for each utterance pair. A pair was decided to be
perceived as the same speaker if it got a minimum of
three yes.

• Linguistic content preservation: The preservation of the
linguistic content of the original speech was measured
with automatic speech recognition (ASR) evaluations.
The Whisper model[22] provided by OpenAI was called.
The performances were measured with word error rates
(WERs).

C. Experimental configurations
Our study investigated various subspaces by varying the

sizes of the three subspace types. In the experiments on the
primary subspace, the size Kp was examined from 0 to 80 with
step 5 for both the FACodec and Diff-HierVC models. In the
secondary subspace experiments, the size Ks was examined
from 0 to 80 with step 5 for the FACodec model. For the
Diff-HierVC model, Ks was examined from 0 to 200 with
step 5. In the residual subspace experiments, size Kr was
examined from 0 to 40 with step 5 for the FACodec model.
For the Diff-HierVC model, Ks was examined from 0 to 80
with step 5. Notably, in these experiments, the sizes of 0
indicate no modifications applied to the speaker embedding,
resulting in the speech being the regenerated speech O′.
For comparison, the EER obtained in the ASV evaluation
and the human perception preservation rate achieved by the
adversarial method proposed in [7] are presented together with
the secondary subspaces, represented with Adv. The ECAPA-
TDNN speaker extractor was utilized in its ASV evaluation.

D. Results
In the primary subspace experiments, as Kp increased from

0, the ASV EERs rose rapidly to approximately 25% on
the three speaker extractors, i.e., ECAPA-TDNN, ResNet,
lightweight ECAPA-TDNN. This indicates an obvious modifi-
cation in the machine-discernible speaker attributes. However,
the human perception rates decreased sharply from 46.00%
to 0% at Ks = 20, indicating its incapability of preserving
the human perception of speaker attributes. These observations
indicate that the removal of the contribution of the primary

https://github.com/Voice-Privacy-Challenge/Voice-Privacy-Challenge-202
4

https://platform.openai.com/docs/api-reference/introduction

subspace alters both of speaker attributes in speaker-modified
speech. This suggests that it is associated with both machine-
discernible and human-perceptible speaker attributes.

The secondary subspace results show that the EER increased
as the subspace size increased. Besides, in the FACodec model,
the human perception rate remained at 100% up to Ks = 45.
Similar results are observed in the Diff-HierVC model with
Ks ranging from 5 to 170. These observations demonstrate
the removal of these secondary subspaces did not change the
human perception while obscuring the machine perception of
speaker attributes, indicating the inconsistency between the two
perceptions. Moreover, the speaker-modified speech attained
comparable WERs with the regenerated speech (Ks = 0),
indicating that such alterations to the speaker embedding did
not compromise the linguistic content.

In the residual subspace experiments, the WER significantly
increased in the FAcodec model. Besides, a notable rise
is found in the Diff-HierVC model, increasing from 4.17%
to 10.96%. These observations suggest the influence of the
residual subspace on linguistic content, demonstrating that the
removal of this subspace is incapable of voice anonymization,
which requires the preservation of linguistic content.

Seeing from the evaluations with the ECAPA-TDNN
speaker extractor, comparing with the regenerated speech
(Ks = 0), the removal of the secondary subspace Ss =
{200, 45,−} in FACodec achieved an increase in EER from
4.79% to 8.76%. Similarly, the subspace Ss = {218, 170,−}
in Diff-HierVC yielded an EER increase from 4.22% to
6.65%. Both modifications preserved human perception at the
100% rate and did not cause degradation to the linguistic
content. These results demonstrate that an asynchronous voice
anonymization method can be developed by removing the
contribution from the subspace in the speaker embedding.
Particularly, in the FACodec model, it outperformed the ad-
versarial approach [7] at Ks = 45, achieving a higher EER
(8.76% vs. 6.50%) and a higher human perception preservation
rate (100% vs. 60.71%).

V. CONCLUSIONS AND DISCUSSIONS

This paper investigated the inconsistency between the ma-
chine and human perceptions on speaker attributes in the
speech generation framework. It was conducted within the
speaker variability subspaces of the speech generation models
FACodec and Diff-HierVC. Experimental findings reveal that
in both models, a subspace within the speaker embedding
variability space exists, whereby the removal of its contribution
from the speaker embedding alters machine-detectable speaker
attributes while preserving human perception. Based on the
investigation, an asynchronous voice anonymization method
is developed through the removal of the subspace from the
speaker embedding.

In addition to enhancing voice privacy protection, future
research will focus on comprehensive evaluations of techniques
for preserving speaker-independent attributes of the original
speech, including speech quality and prosody, etc.
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