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INTRODUCTION

• What is “speaker verification”
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Whose voice it is? Does the voice match?

Speaker Recognition

Speaker Identification SpeakerVerification

Text
Dependent

Text
Independent

Text
Dependent

Text
Independent

Is this Allen’s voice?

Allen



INTRODUCTION

• Deep learning-based speaker verification
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INTRODUCTION

• Threats to ASV system
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INTRODUCTION

• Challenges of ASV
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INTRODUCTION

• Issue 1: Channel Mismatch of ASV (Testing stage)

• Channel variation leads to a mismatch between enrollment and evaluation utterances, referred to as channel mismatch, which is a prevalent 
issue for ASV systems. Note: both enrollment and evaluation utterances are provided by users.

• Examples of channel variation

• Communication channel (microphone, telephone, …)

• Acoustic environment (vlog, speech, interview, …)

• Recording device (Android, iPhone, …)

• Language (Chinese, Japanese, …)
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INTRODUCTION

• Challenges of ASV
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INTRODUCTION

• Issue 2: Spoofing Attacks to ASV (Testing stage)

• Spoofing attacks generated by speech synthesis methods, including text-to-speech (TTS) and voice conversion make ASV system vulnerable.

• Examples of spoofing attacks

• Multi-speaker TTS

• Multi-speaker Tacotron

• FastSpeech 1&2

• VITS 1&2

• VALL-E

• Voice conversion

• Voice clone

• StyleGAN 1&2
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INTRODUCTION

• Challenges of ASV
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INTRODUCTION

• Issue 3: Domain Mismatch of ASV (Training stage and testing stage)

• Domain mismatch is a prevalent concern within the machine learning community, denoting a disparity between training and testing data 
distributions.

• ASV systems also suffer from the challenges posed by domain mismatch.

• Examples of domain mismatch

• Cross-age[1]

• Cross-genre[2]

• Cross-microphone[3]
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INTRODUCTION

• Summary: channel mismatch, spoofing attacks, domain mismatch

• These issues have been studied independently

• Channel mismatch

• NIST Speaker Recognition Challenge[1, 2] series have explored the channel mismatch of speech from the microphone and telephone.

• Spoofing attacks

• ASVspoof Challenge[5,6,7,8] series has explored the countermeasures (CMs) resisting the spoofing attacks for the ASV model. 

• Spoof-Aware Speaker Verification Challenge (SASVC)[9] attempts to integrate the CMs sub-model and ASV sub-model to make the ASV 
system spoof-aware.

• Domain mismatch

• Far Field SpeakerVerification Challenge[3,4] series have explored the cross-microphone speech from the far and near field.
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RESEARCH QUESTION

• Issue 4: Integration (robust against three threats simultaneously)

• Can we build an ASV system

• Q1: Robust against channel mismatch

• Q2: Robust against spoofing attacks

• Q3: Robust against domain mismatch

• Q4: simultaneously (integration)?
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• Motivation and Importance

• It is common that multiple threats may be present simultaneously in practical ASV applications. An ASV system that is robust to only one 
threat may fail when multiple threats are combined.

• Building such a system is important for deployable and reliable ASV applications. It ensures the reliability of ASV is maintained in practical 
conditions with multiple variability factors.

RESEARCH QUESTION
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Channel mismatch scenarioSpoofing attack scenarioDomain mismatch scenario

• Yes, we can build an ASV system robust against three threats simultaneously!



THESIS OUTLINE
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THESIS SETTINGS

• Trial: the tuple of the evaluation utterance and the claimed enrolled speaker’s identity constitutes a trial.

• Testing trial

• Training trial -> Sampling from training dataset to simulate the testing stage!

• Evaluation metrics

• EER: False Accept Rate (FAR) = False Reject Rate (FRR)

• SV-EER (speaker verification EER)

• SASV-EER (spoof-aware speaker verification EER)

• minDCF

• Cost coefficients and

• Prior probability
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THESIS SETTINGS

• Study case in this thesis

• Using the “genre” as an example to illustrate channel and domain mismatch

• (Testing) Channel mismatch: The genres between enrollment and evaluation utterances are distinct.

• (Training-Testing) Domain mismatch: The testing dataset has unseen genres that don’t exist in the training dataset.

• Difference: In terms of channel mismatch, all data are provided by users. However, for domain mismatch, training data are collected by the 
system creator, and testing data are provided by users.

• Using the “copy-synthesis” method to create spoofing attacks via vocoders based on real Mel spectrogram

• WORLD

• Griffin-lim

• Parallel WaveGAN

• Multi-band MelGAN

• HiFiGAN
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ISSUE 1: CHANNEL MISMATCH
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ISSUE I: CHANNEL MISMATCH

• Background

• Channel variation leads to mismatch between enrollment and evaluation utterances

• Example of the same signal recorded simultaneously with different devices

20

Speaker A + ChannelY ≠ Speaker A + Channel X

This figure comes from a lecture given by Prof. Kong Aik Lee.



ISSUE 1: CHANNEL MISMATCH

• Related work

• Learning disentanglement representation[1,2]

• Purifying the speaker embedding by removing channel information

• Probabilistic Linear Discriminant Analysis (PLDA)

• Pair-wise learning paradigm[3]

• Simulating channel mismatch scenarios in the training stage for robustness.

• Metric learning

• Fusion of disentanglement representation and pair-wise learning[4]

• NPLDA

• The limitation of the previous work

• For multiple enrollment case, simply average or concatenate speaker embeddings of multiple enrollment utterances

• There is no work to consider how to make good use of multiple enrollment utterances -> multiple enrollment utterances can cover more
variations!
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APPROACH: ATTENTION BACK-END

• Motivation:

• Using multiple enrollments to cover more variations.

• Pair-wise learning paradigm to simulate channel mismatch.

• Model architecture
• Extract enrollment speaker embeddings and 

testing speaker embedding !
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• Score calibration
• Logistic regression (LR) for score calibration

• Exploring intra-relationships among all enrollment 
speaker embeddings
• Scaled-dot self-attention (SDSA)

• Stacking all enrollment speaker embeddings as 
matrix ".

• Aggregating a varying number of enrollment speaker 
embeddings by adaptive weights
• Feed-forward self-attention (FFSA)
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APPROACH: ATTENTION BACK-END

• Trials sampling method for training

• Why: 

• Simulate channel mismatch

• Introduce multiple enrollment process in the training stage

• How: 
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§ Negative pair: pairs marked by evaluation =
, enroll=(                 ) of other speakers 
included in a mini-batch.

§ Load speaker-balanced min-batch from 
dataset

§ Rearrange the mini-batch to form trial pairs 
(evaluation, enrollments)

§ Positive pair: evaluation and enrollment data 
are from the same speaker, one evaluation
utterance is selected from the speaker’s 
data, and the rest are left for enrollment. 



APPROACH: ATTENTION BACK-END

• Loss functions

• A weighted sum of binary cross-entropy (BCE) loss and generalized end-to-end (GE2E) loss 

• Binary cross-entropy loss

• Generalized end-to-end loss
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APPROACH: ATTENTION BACK-END

• CNCeleb dataset

• Contains 11 different genres of utterances, 2800 speakers

• Official protocol has multiple enrollments

• The number of enrollments is varying

• Experimental result

• For Concat or Mean operation, we give the performance of PLDA model.

• Despite the criterion, our proposed attention back-end realizes the best performance.
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• Evidence for robustness to channel mismatch

• New evaluation protocol with channel mismatch case based on CNCeleb test data;

• Comparing the resistance to channel mismatch of PLDA and attention back-end

• Conclusion: Attention back-end is more robust than PLDA against channel mismatch!

APPROACH: ATTENTION BACK-END

26

dr: drama
en: entertainment
in: interview
lb: live broadcast
re: recitation
si: singing
sp: speech
vl: vlog

Enrollment genres

Evaluation genres



APPROACH: ATTENTION BACK-END

• More results from my journal paper (Fully E2E ASV model)[1]

27

1. Chang Zeng, Xiaoxiao Miao, Xin Wang, Erica Cooper, and Junichi Yamagishi. 2022. Joint Speaker Encoder and Neural Back-end Model for Fully End-to-End 
Automatic Speaker Verification with Multiple Enrollment Utterances. arXiv preprint arXiv:2209.00485 (2022). Submitted to Computer Speech & Language.
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APPROACH: ATTENTION BACK-END

• Summary

• The pair-wise learning paradigm can mitigate channel mismatch;

• Attention back-end can better fuse multiple speaker embeddings with different channel information by attention mechanism to improve the
channel robustness.
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ISSUE 2: SPOOFING ATTACKS

• Spoofing attacks
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ISSUE 2: SPOOFING ATTACKS

• Background

• Traditional ASV system is vulnerable when considering the scenario with spoofing attacks.

• Speech synthesis is abused by criminals.
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Model
（EER）

wo/ spoof attacks w/ spoof attacks

Dev Eval Dev Eval

ECAPA-
TDNN[2]

1.88 1.63 17.38 23.83

1. Jee weon Jung, Hemlata Tak, Hye jin Shim, Hee-Soo Heo, Bong-Jin Lee, Soo-Whan Chung, Ha-Jin Yu, Nicholas Evans, and Tomi Kinnunen. SASV 2022: The First Spoofing-Aware Speaker Verification Challenge. 
In Proc. Interspeech 2022, pages 2893–2897, 2022.

2. Brecht Desplanques, Jenthe Thienpondt, and Kris Demuynck. ECAPA-TDNN: Emphasized Channel Attention, Propagation and Aggregation in TDNN Based Speaker Verification. In Proc. Interspeech 2020, 
pages 3830–3834, 2020.

SV-EER SASV-EER



ISSUE 2: SPOOFING ATTACKS

• Related work

• Cascade[1,2]: Independently training CMs and ASV module for two-stage decision

• Fusion[3]
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APPROACH: SPOOFING-AWARE ATTENTION BACK-END

• Motivation

• Improving robustness to both zero-effort impostor access attempts and spoofing attacks.

• Evaluation protocol for spoof-aware ASV scenario[1]

• Positive case: test utterance matches enrollment utterance and test utterance is real

• Negative cases:

• Non-target (zero-effort imposter): the speaker of evaluation utterance is different from the speaker of enrollment utterance

• Spoofing attacks: evaluation utterance is spoofed regardless of the similarity
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APPROACH: SPOOFING-AWARE ATTENTION BACK-END

• Spoof-aware attention back-end[1]

• Model architecture
• Attention back-end

34

• Calculate CM score Pcm and ASV score Pasv

• Binary cross-entropy with N hardest negative samples

• Loss function

• Fusion module

1. Chang Zeng, Lin Zhang, Meng Liu, and Junichi Yamagishi. Spoofing-Aware Attention based ASV Back-end with Multiple Enrollment 
Utterances and a Sampling Strategy for the SASV Challenge 2022. In Proc. Interspeech 2022, pages 2883–2887, 2022.



APPROACH: SPOOFING-AWARE ATTENTION BACK-END

• ASVspoof19 dataset

• Unbalanced real and spoof data

• Provide ASV protocol with spoof evaluation data

• Multiple enrollments

• Experimental result

• Conclusion

• After integrating CM information, attention back-end is much more robust than the one without CM information in the spoof-aware ASV
scenario.
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Model (EER)
wo/ spoof
attacks w/ spoof attacks

Dev Eval Dev Eval

Attention back-end 1.54 1.42 16.78 22.91

Spoof-aware version 1.41 1.32 0.81 1.19

SV-EER SASV-EER



APPROACH: SPOOFING-AWARE ATTENTION BACK-END

• Summary

• Attention back-end is a neural network, easily integrated with other modules.

• Spoofing-aware attention back-end is an approach to issue1&2 by simulating both spoofing attacks and channel mismatch scenarios in the 
training stage
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ISSUE 3: DOMAIN MISMATCH
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ISSUE 3: DOMAIN MISMATCH

• Background of domain mismatch

• Domain distribution shift is a general problem in machine learning

• Independently identically distributed assumption

• P(source domain or seen domain) ≠ P(target domain or unseen domain)

• As one of the most efficient, convenient, natural, and non-intrusive biometric characteristics, reliability is crucial and must be maintained in 
the face of domain mismatch scenario for the ASV system[1].
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SV-EER

System Spk encoder Back-end CNCeleb.E

TDNN[2]
VoxCeleb[3,4] VoxCeleb 16.59

VoxCeleb CNCeleb 13.44

CNCeleb[5,6] CNCeleb 12.52

Domain mismatch!

testing datatraining data



ISSUE 3: DOMAIN MISMATCH

• Related work of domain mismatch (in ASV)

• Data augmentation: music, babble, noise, reverberation

• Domain adaptation[1,2]

• Supervised or unsupervised learning on in-domain data -> closer distribution to target domain

• Methods: Adversarial-training-based, Reconstruction-based, Discrepancy-based

• Target-domain data is required

• Domain generalization[3,4,5]

• Learning closer distribution to target domain directly from training data, without further adaptation on target-domain data.

• Methods: Gradient-based data manipulation, Representation disentanglement, Meta-learning paradigm

• No target-domain data is required!
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TASK

• Anti-spoofing

• The successful application of the meta-learning algorithm in ASV tasks is evidenced by prior works[1,2,3].

• Given the widespread nature of domain mismatch across various machine learning tasks, the method’s effectiveness for fake audio detection 
is anticipated to extend successfully to the ASV task.
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DATA PREPARATION

• CNSpoof dataset: Using the “copy-synthesis” method to create spoofing attacks via vocoders based on real Mel spectrogram

• Griffin-Lim[1]

• WORLD[2]

• Parallel WaveGAN[3]

• Multi-band MelGAN[4]

• HiFi-GAN[5]

• Cross-genre protocols (CGP)

• CNCeleb 1&2 + CNSpoof

• Training data: only contains seen genres

• Testing data: contains seen and unseen genres
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PRELIMINARY ANALYSIS

• LCNN with simple supervised learning based on CGP 1
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META-LEARNING PARADIGM FOR ANTI-SPOOFING TASK

• Domain (Genre) sampling to construct a task set, which comprises T tasks

• These tasks are created by randomly selecting data from the training dataset with G domains (genres)

• Each task consists of two essential components

• Meta-train dataset

• Meta-test dataset

44

Training
dataset with

G genres

A subset with
G genres for

a task

Meta-train
dataset with
(G-1) genres

Meta-test
dataset with
one genre



META-LEARNING PARADIGM FOR ANTI-SPOOFING TASK

• Bilevel optimization

• Anti-spoofing with meta-learning paradigm

45

On task sets

On meta-train sets



META-LEARNING PARADIGM FOR ANTI-SPOOFING TASK

• Experimental results
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META-LEARNING PARADIGM FOR ANTI-SPOOFING TASK

• Summary

• The meta-learning paradigm exhibits the potential to enhance the generalization capabilities of machine learning models.
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ISSUE 4: INTEGRATION

• We have addressed

• Issue 1: Channel mismatch by pair-wise learning paradigm

• Issue 2: Spoofing attacks by simulating spoofing attacks

• Issue 3: Domain mismatch by meta-learning paradigm

• The remaining Issue 4

• How can ASV systems be robust against these three threats simultaneously?
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ISSUE 4: INTEGRATION

• Revisiting meta-learning paradigm from the bilevel optimization perspective
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DATA PREPARATION

• A new testing dataset is required. It should contain:

• Channel mismatch scenario

• Spoofing attacks scenario

• Domain mismatch scenario

• CNComplex testing dataset based on the official CNCeleb testing dataset

• The enrollment utterances remain unchanged

• The evaluation utterances are subject to random substitution with re-vocoded data sourced from the CNSpoof dataset
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spk1 utt1 target
spk1 utt2 nontarget
spk2 utt3 target
…
spkN uttM nontarget
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spk2 utt3-HiFiGAN nontarget
…
spkN uttM-WORLD nontarget

Evaluation protocol
w/o spoofing attack

Evaluation protocol
w/ spoofing attack



PRELIMINARY EXPERIMENT AND ANALYSIS

• Re-vocoded data can slightly improve the ASV performance

• SOTA ASV model is vulnerable when facing these threats
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META-LEARNING PARADIGM: OUTER LOOP

• Backbone: asymmetric dual-path transformer-based model (illustrated on next page)
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META-LEARNING PARADIGM: INNER LOOP

• Feature extractor: two branches

• Attention block to extract information for anti-spoofing task

• ECAPA block to extract information for ASV task

• Speaker classifier

• Spoof classifier

• SASV binary classifier

• Pair-wise learning paradigm

• Simulation of spoofing attacks
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EXPERIMENTAL RESULTS AND ANALYSIS

• Robust against channel mismatch
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Enrollment genres

Evaluation genres

dr: drama
en: entertainment
in: interview
lb: live broadcast
re: recitation
si: singing
sp: speech
vl: vlog



EXPERIMENTAL RESULTS AND ANALYSIS

• Robust against spoofing attacks
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EXPERIMENTAL RESULTS AND ANALYSIS

• Robust against domain mismatch
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CONCLUSIONS AND FUTURE WORK

• Primary objectives 

• Improve the robustness of ASV systems to channel mismatch -> pair-wise learning paradigm

• Improve the robustness of ASV systems to spoofing attacks -> simulation of spoofing attacks

• Improve the robustness of ASV systems to domain mismatch -> meta-learning paradigm

• Address these three threats jointly in an integrated manner -> incorporating pair-wise learning paradigm and spoofing attacks simulation
into meta-learning paradigm
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CONCLUSIONS AND FUTURE WORK

• Future work

• Advanced architectures of neural network

• Variants of the transformer model

• Objective functions

• Verification-based loss function vs Classification-based loss function

• Learning paradigm

• Test-time adaption, which is more flexible in the real-world setting

• Self-supervised pretrained model

• Transfer learning

• Distillation of generative model

• SpeechGPT

• Audio foundation model
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APPENDIX

• XiaoiceSing2:A High-Fidelity Singing Voice Synthesizer Based on Generative Adversarial Network
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APPENDIX

• CrossSinger:A Cross-Lingual Multi-Singer High-Fidelity SingingVoice Synthesizer Trained on Monolingual Singers
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Thanks for attention
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