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ABSTRACT: In this paper, we propose a system to extract effective speaker representations from a speech signal
using a deep learning method. Based on the fact that speech signal contains identity unrelated information such
as text content, emotion, background noise, and so on, we perform a training such that the extracted features only
represent speaker-related information but do not represent speaker-unrelated information. Specifically, we
propose an auto-encoder based disentanglement method that outputs both speaker-related and speaker-unrelated
embeddings using effective loss functions. To further improve the reconstruction performance in the decoding
process, we also introduce a discriminator popularly used in Generative Adversarial Network (GAN) structure.
Since improving the decoding capability is helpful for preserving speaker information and disentanglement, it
results in the improvement of speaker verification performance. Experimental results demonstrate the
effectiveness of our proposed method by improving Equal Error Rate (EER) on benchmark dataset, Voxcelebl.
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Fig. 1. Overview structure of the proposed system. E , means residual encoder

which encodes speaker unrelated information. D indicates decoder network and Dis indicates discriminator which
determines that input is real or fake and speaker id.
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Table 1, Details of Encoder architecture (Thin Res
Net34),
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Table 2. EER results on Voxceleb1 testset, S: Soft—
max, AM: Angular Margin Softmax, : all experiments
are reimplemented.

Model Network Loss | EER (%)

Xie et al"™ Eqgi S 5.02
S 441

Tai et al.P! EytEgtD
AM 3.12
S 4.01

Proposed EtE+D+Dis

AM 2.98

Table 3. Ablation study of proposed system,

Losses
Ly

Model EER (%)

I,
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429
401
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