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Abstract

Pseudonymized speech data make it possible to effectively
utilize the information contained in the speech data(content,
emotion, etc.) while protecting the speaker’s privacy. One
method for protecting privacy is speech anonymization using
x-vectors that embed one’s spectral features. However, since
humans also use prosodic information to distinguish between
speakers, there is a risk that some people will guess the
speaker from the prosodic information by converting only
speaker features. In this paper, along with converting the
x-vector as speaker features, we also propose pseudonymizing
prosodic information by converting each phoneme in the
utterance and its duration. Furthermore, in this experiment,
in order to evaluate the performance of Baseline System 1
on the VoicePrivacy Challenge, we used a Japanese speech
dataset instead of the traditional English corpus and analyzed

the distribution of x-vectors.
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Fig.1: Overview of Previous Speaker Anonymization using
x-vector. This method is proposed by Fang et al.
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Fig.2: Overview of Proposed Speaker Pseudonymization Using Phoneme Embedding
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Table 1: Structure of the speech rhythm embedding model
implemented using Pytorch.  The prosodic information
embedding is (271,512), and 271 is the type of phoneme

confirmed at the time of alignment acquisition.

Output
Layer et Configuration
Shape
Ph
Encoder Input 512 oneme
Phoneme Duration
NonD icall
MultiHead Attention 512 on ynarnlczim Y
QuantizableLinear
Linearl 2048
Linear2 512
eps:le-5

LayerNorm X 2 )
elementwise_affine: True

probability:0.2

inplace:False

Dropout X 2
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Table 2: Example of getting an alignment. ”sentence” is the correct string of input speech, ”phoneme” is the phoneme to be

aligned, ”start” is the start time of the target phoneme, and ”"end” is the end time of the target phoneme.The unit of time is

seconds. The unit of time is seconds.

sentence phoneme  start end
HANR->THh S, 2heh, Hit2 L TwaETrTh o 7. = 0.499 0.599
HEANR- T2 6, Zzheh, HEE2 L TwatkFTHo 7. v 0.559  0.999
ZORDPVBIFARNTT. a 0.979 1.059
4 ZAIRE 25 DERAIDINNT T D, A 0.560 0.700

Table 3: Results of Baseline System 1

EER T WER |
Libri dev 12.31 4.19
test 8.64 4.43
dev 8.17 10.98
VCTK
test 10.49 10.69
Loss/Train ]?

4.638

4.636

4634

0 20 40 60 80 99 x

Run Value Step Relative
® 20240125141959 4.6329 99 23.84 hr
@ 20240127113841 4.6329 99 23.76 hr
® 20240128175458 3.0968 33 7.857 hr

Fig.5:  Learning curve of the Speech Rhythm-Based
Embedding extraction model. The lower the Loss, the more
At first glance, this

learning seems to be progressing well, but the output size

correctly the learning has been done.

is (batch_size,num_of _speakers,num_of _speakers), making
obtaining speaker embeddings with appropriate prosodic

information impossible.
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*3 https://pytorch.org/docs/stable/generated/torch.nn.
Embedding.html
*4 https://github.com/sarulab-speech /xvector_jtubespeech
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