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科学问题：从时间序列
中提取弱信息



一、技术前沿
深度神经网络的改进、联合识别及对抗学习



历史回顾
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主要参考：NIST SRE19/20、VoxCeleb
IEEE ASLP、IEEE SPL、SC、CSL、EURASIP ASMP、IS20、ICASSP20、Odyssey20和arXiv
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技术前沿

• 声纹识别基本框架

预处理/频谱特征
提取

声纹矢量特征，
TDNN/Resnet

匹配验证
PLDA/Norm/Calib

预处理/频谱特征
提取

声纹矢量特征，
TDNN/Resnet
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技术前沿

• X-vector分析

数据扩充
目标：尽可能覆盖训练测试条件

深度神经网络结构
目标：凸显帧层面声纹特征

池化方法
目标：凸显段层面声纹特征

损失函数
目标：最小类内最大类间

Xvector
Cosine (E2E) vs PLDA (Domain)
抗领域失配、分数校准
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技术前沿

• 数据扩充：从抗信道失配到抗说话方式失配

• 1. 根据Xvector论文/Kaldi脚本扩充

• 2. 随机删除

• 3. Speaking style：朗读、对话和陈述等

1. A. Afshan, J. Guo, S. J. Park, V. Ravi, A. McCree, and A. Alwan, “Variable Frame Rate-Based Data Augmentation to Handle Speaking-Style Variability for Automatic 
Speaker Verification,” in Interspeech 2020, Oct. 2020, pp. 4318–4322.
2. S. Shahnawazuddin, W. Ahmad, N. Adiga, and A. Kumar, “In-Domain and Out-of-Domain Data Augmentation to Improve Children’s Speaker Verification System in 
Limited Data Scenario,” in ICASSP 2020 - 2020 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, May 2020, pp. 
7554–7558.

UCLA和JHU，针对
speaker-style 
variability，基于交叉
熵，提出基于变帧速率的
数据增强方法

NIT，通过VC方法生成语音，
解决失配问题
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技术前沿

• 深度神经网络结构

• 评测验证的技术：

• SRE19：(F-E) TDNN-SE，

LSTMP/OPGRU

• VoxCeleb20：ECAPA-TDNN

• 设计出发点：时序、多

尺度和注意力机制

1. R. Li, D. Chen, and W. Zhang, “Voiceai Systems to NIST Sre19 Evaluation: Robust Speaker Recognition on Conversational Telephone Speech,” in ICASSP 2020 - 2020 
IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, May 2020, pp. 6459–6463.
2. J. Thienpondt, B. Desplanques, and K. Demuynck, “The IDLAB VoxCeleb Speaker Recognition Challenge 2020 System Description,” arXiv:2010.12468 [cs, eess], Oct. 
2020, Accessed: Nov. 12, 2020. [Online]. Available: http://arxiv.org/abs/2010.12468.
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技术前沿

• 深度神经网络结构

• ECAPA-TDNN：19% Vox

Res2Net：层
内多尺度

SE Block：
信道注意力

残差设计

跨层聚合，层
面的多尺度

注意力统计池
化：时间的选
择性

1. B. Desplanques, J. Thienpondt, and K. Demuynck, “ECAPA-TDNN: Emphasized Channel Attention, Propagation and Aggregation in TDNN Based Speaker 
Verification,” Interspeech 2020, pp. 3830–3834, Oct. 2020, doi: 10.21437/Interspeech.2020-2650.

时序信息？
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技术前沿

• 池化方法：从点到向量

• Attentive, Multi-head -> Vector-based

1.  Y. Wu, C. Guo, H. Gao, X. Hou, and J. Xu, “Vector-Based Attentive Pooling for Text-Independent Speaker Verification,” in Interspeech 2020, Oct. 2020, pp. 936–940, doi: 
10.21437/Interspeech.2020-1422.
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技术前沿

• 损失函数：静态间距到动态间距，点到中心

• DAM、GE2E和AMCL

1. D. Zhou et al., “Dynamic Margin Softmax Loss for Speaker Verification,” in Interspeech 2020, Oct. 2020, pp. 3800–3804.
2. L. Wan, Q. Wang, A. Papir, and I. L. Moreno, “Generalized End-to-End Loss for Speaker Verification,” in 2018 IEEE International Conference on Acoustics, Speech 

and Signal Processing (ICASSP), Calgary, AB, Apr. 2018, pp. 4879–4883, doi: 10.1109/ICASSP.2018.8462665.
3. Y. Wei, J. Du, and H. Liu, “Angular Margin Centroid Loss for Text-Independent Speaker Recognition,” in Interspeech 2020, Oct. 2020, pp. 3820–3824, doi: 

10.21437/Interspeech.2020-2538.
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技术前沿

• 损失函数：单中心到多中心

• Sub-center ArcFace

1 J. Deng, J. Guo, T. Liu, M. Gong, and S. Zafeiriou, “Sub-center arcface: Boosting face recognition by large-scale noisy web faces,” in Proceedings of the IEEE 
Conference on European Conference on Computer Vision, 2020 
2. J. Thienpondt, B. Desplanques, and K. Demuynck, “The IDLAB VoxCeleb Speaker Recognition Challenge 2020 System Description,” arXiv:2010.12468 [cs, eess], 
Oct. 2020, Accessed: Nov. 12, 2020. [Online]. Available: http://arxiv.org/abs/2010.12468.



16    /30

技术前沿

• 后端处理：E2E的效果并不鲁棒，倾向于将PLDA融入E2E

• 领域失配：COREL/PLDA的插值

• Neural PLDA, Noisy Labels

[1] S. Ramoji, P. Krishnan, and S. Ganapathy, “Neural PLDA Modeling 
for End-to-End Speaker Verification,” in Interspeech 2020, Oct. 2020, pp. 
4333–4337, doi: 10.21437/Interspeech.2020-2699.
[2] B. J. Borgstrom and P. Torres-Carrasquillo, “Bayesian Estimation of 
Plda with Noisy Training Labels, with Applications to Speaker 
Verification,” in ICASSP 2020 - 2020 IEEE International Conference on 
Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, 
May 2020, pp. 7594–7598,
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技术前沿

• 语音内容联合识别

• 真实标签->伪标签

1. S. Sreekanth, S. M. Rafi B, K. Sri Rama Murty, and S. Bhati, “Speaker Embedding Extraction with Virtual Phonetic Information,” in 2019 IEEE Global Conference on 
Signal and Information Processing (GlobalSIP), Ottawa, ON, Canada, Nov. 2019, pp. 1–5, doi: 10.1109/GlobalSIP45357.2019.8969551.



联合学习、对抗学习和潜在类别分析



多任务学习

• 动机：语音内容和说话人信息被听者共同感知，知悉一个维度的

信息对另一个维度信息的识别与理解有显著提升

• 历史工作：Multi-task learning + Phonetic adaptation
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多任务学习

• 改进

• MTL和PA对音素的利用层面不同

• Factorized-TDNN

Phonetic adaptation Multi-task learning
FC-vector
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多任务学习

• 实验结果

• VoxCeleb和SRE18

1. Liu Yi, Liang He, Jia Liu and Michael T. Johnson, “Introducing phonetic information to speaker embedding for speaker verification,” Eurasip Journal on Audio, Speech, 
and Music Processing, vol. 2019, no. 1, 2019. 

2. Tianyu Liang, Yi Liu, Can Xu, Xianwei Zhang and Liang He, “Combined Vector Based on Factorized Time-delay Neural Network for Text-Independent Speaker 
Recognition,” Odyssey 2020 The Speaker and Language Recognition Workshop, 01-05, Nov 2020, Tokyo, Japan, 428-432.
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对抗学习

• 动机：

• 深度神经网络提取的embedding应尽可能保持Fbank与声纹信息

VAE

GAN
Triplet 
Loss

Softmax Loss



23    /30

对抗学习

• 实验：

训练集：Librispeech（1252人，每人20段）

测试集：TIMIT（630人，3段注册，7段测试）

1

1
2

1
3

1 测试各个模块贡献
1
2 比较采样方法的区别

1
3 比较训练人数的区别
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对抗学习

1 五种算法的DET曲线 2 embedding维度的影响 3 随训练轮数的ACC & EER 变化4

• 分析：模块复用，多策略强化学习内容；帧层面对抗学习有效

1. Wenhao Ding and Liang He, “MTGAN: Speaker Verification through Multitasking Triplet Generative Adversarial Networks,” INTERSPEECH 2018, 19th Annual 
Conference of the International Speech Communication Association, 2-6 September 2018, Hyderabad, 3633-3637.
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说话人标记

• 如何看待说话人标记问题

• 分割-聚类

• 概率估计

• 问题的描述

• 假设：

• X是语音，Y是说话人模型

• 已知：

• 段长M与说话个数S

• 估计：

• 概率矩阵I，
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说话人标记

• 目标函数：

• 困难：Y与I是隐含变量

• 解决方案： • 分析：

• 我们关心的是：p(ims|Xm，Ys)

• Xm是以m时刻为中心的语音片段，是

已知确定的

• Ys取决于说话人统计建模方法，是未

知变化的

• p(ims|Xm，Ys)正比于p(ims ，Ys | Xm )
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说话人标记

• 步骤1：通过引入辅助分

布A和Jensen不等式，有

其中

故而，使用a更新q

• 步骤2：

给定语音X和概率矩阵Q，估

计说话人模型Y

• 步骤3：

给定说话人模型Y、语音段X

和概率矩阵Q，估计Xm属于

Ys的概率，典型的短语音说

话人闭集识别任务
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说话人标记
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说话人标记

• 具体实现：混合迭代，VB-Ivec-PLDA和VB-Ivec-SVM
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说话人标记

• 实验结果：NIST RT09、CallHome00 
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说话人标记
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团队工作

• 联合学习

• 在深度神经网络不同层面利用音素信息可提升声纹识别性能

• 对抗学习

• 帧层面对抗学习有效

• 模块复用与重复学习有利于强化目标信息（声纹信息）

• 说话人标记

• 该任务近似等价于短时说话人识别任务

• 全概率框架可融合多说话人标记结果，为避免局部最优、系统融合提供

了很好的解决方法



超大规模说话人识别、自训练与预训练、和图神经网络



超大规模说话人识别

• 常见的声纹数据库规模

Dataset 人数 文件/人数 时长(h)
SWB 2594 10.9 1139
SRE04 310 26.4 197
SRE06 2228 15 946
SRE08 1328 20.2 724
SRE10 506 15.4 286
SRE16 221 53.5 121
SRE18 213 10.8 x
SRE19 195 11.1 x
SRE-ALL 5001 18.4 x
VOXCELEB 7146 23.2 2420
TIMIT 630 10 x
SITW 299 9.36 x

当说话人个数达到百万级以上，面临的挑战：

1、可训练问题？Softmax + Triplet Loss

2、性能是否显著下降？

1. P. Matějka et al., “13 years of speaker recognition research at BUT, with longitudinal analysis of NIST SRE,” Computer Speech & Language, vol. 63, p. 101035, Sep. 2020, 
doi: 10.1016/j.csl.2019.101035.
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自训练与预训练

• 极少量标注数据+大量无标注数据 = SOTA声纹识别系统？

问题：

1、如何通过自训练和预训练，通过极少量标注

数据和大量无标注数据，构建声纹识别系统

1.  Q. Xu et al., “Self-training and Pre-training are Complementary for Speech Recognition,” arXiv:2010.11430 [cs, eess], Oct. 2020, Accessed: Nov. 20, 2020. [Online]. 
Available: http://arxiv.org/abs/2010.11430.
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图神经网络

• 现状：判断两段语音是否属于同一个说话人，

Cosine/Inner Product/PLDA

• 未来：从网络视角看待声纹识别

1. J. Wang, X. Xiao, J. Wu, R. Ramamurthy, F. Rudzicz, and M. Brudno, “Speaker Diarization with Session-Level Speaker Embedding Refinement Using Graph Neural 
Networks,” in ICASSP 2020 - 2020 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Barcelona, Spain, May 2020, pp. 7109–7113.

2. J. Wang, X. Xiao, J. Wu, R. Ramamurthy, F. Rudzicz, and M. Brudno, “Speaker Attribution with Voice Profiles by Graph-Based Semi-Supervised Learning,” in 
Interspeech 2020, Oct. 2020, pp. 289–293.

3. J.-L. Li and C.-C. Lee, “Using Speaker-Aligned Graph Memory Block in Multimodally Attentive Emotion Recognition Network,” in Interspeech 2020, Oct. 2020, pp. 
389–393.
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