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A method of synthetic spoofing speech detection using self-
supervised contrastive learning

YANG Man, JIAN Zhihua, LIANG Chenghan

School of Communication Engineering, Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: In order to eliminate the impact of the imbalance of the sample size of bonafide speech and fake speech in
the training dataset on the performance of synthetic speech detection system and further improve the accuracy of syn-
thetic speech detection, a method of synthetic speech detection was proposed based on self-supervised contrastive
learning. In this method, the samples after pitch transformation were regarded as negative samples, and the neural net-
work was trained to make the anchor sample features different from the negative sample features, so that the network
could extract the features sensitive to pitch transformation. And the deep residual network was used as the back-end
classifier to judge the authenticity of the speech. Experimental results show that, compared with the traditional hand-
crafted acoustic features, the deep learning-based and the end-to-end spoofing speech detection systems, the proposed

method significantly reduces the equal error rate of the system. The synthetic forged speech detection method based
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on self-supervised contrastive learning can train the network to extract features sensitive to pitch transformation and

will not affect the accuracy of synthetic speech detection because of the imbalance of bonafide and fake speech in the

dataset, so the accuracy of synthetic forged speech detection is significantly improved.

Key words: spoofing speech detection, synthesized speech detection, self-supervised contrastive learning, deep re-

sidual network, pitch transformation
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thetic speech detection, SSD) g JFHF 5t H A4 4k
W R

SSD A JR P 3 EOEARYE & OE & 5 H R
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AR L IAIRE 2 dFZ I, 5 MFCC—#¢,
K N H XA G, (H CQCC A I FA s #
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PREAREF T EARG 2B LRI, KA R
IEFT R B AN R, IR HEl
SRR IEAREARS, S BONGRCRA
BART, 5@ 0 MBS L IR, ARSORT
DR AN F mAR SR WA R, iE
LY 22 R0 48 R A Bl R RE AN RFALE 55 R AR AIE
FAX 3, AT A58 19X 28 $i B H 6T 5 7 A e Bk
(RIRFAE, TS i B B R Il (R 1

1 EERE

ATCHR W) SSD 5 iR B B X B (mo-
mentum contrast, MoCo) ME Ayxf b2 SR
MoCo J5 A< (1) 15 v FELAR A 38 1t I 25 X 8% A 4 4
A FRVRHAIE 5 28 5 R 8 A2 i S 1 TERE AR R AE AH 1B
AT 12 A58 ] £ 3 A i EDHH XoF T4 e A8 46 65 e T
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