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Domain Mismatch
• When training data and test data of speaker recognition 

systems have a severe mismatch, the performance degrades 
rapidly. 

• The mismatch can be caused by languages, channels, noises, 
and genders. 

• Collecting more data to retrain the system is time-consuming 
and computationally-expensive.

• We need to adapt existing systems to new environments or 
create a domain-invariant feature space.  
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Domain Adaptation
• Can be performed during system training by 

1. making the speaker embedding network domain-invariant
2. transforming the speaker embedding to domain-invariant space
3. adapting the PLDA model
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Speaker-embedding Adaptation
• Goal: Train the speaker embedding network to produce 

domain-invariant feature vectors.
• Minimize domain discrepancy at both frame-level and 

utterance-level
• Apply consistency regularization to leverage unlabeled target-

domain data.
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Maximum Mean Discrepancy (MMD)
• MMD is a nonparametric approach to measuring the distance 

between two distributions.
• The basic idea is to non-linearly map the input to an RKHS and 

compute the distance between the means of the two 
distributions in that space. 
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Maximum Mean Discrepancy (MMD)
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Maximum Mean Discrepancy (MMD)
• Quadratic kernel: 

• With a quadratic kernel, MMD can measure the distance 
between two distributions up to their second order stats. 

• Multi-RBF kernels: 



Consistency Regularization
• Exploit the unlabeled data for domain adaptation by applying 

data augmentation on them.
• Consistency training is to regularize a network such that the 

predictions are consistent even if the network’s input is 
subjected to noise perturbation.

• Achieved by minimizing the KL divergence

where q( ) is a data augmentation transformation, e.g., adding 
noise or reverb effect. 

• We propose minimizing the discrepancy between the 
embeddings produced by the clean data and the embeddings 
produced by the augmented data. 
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Consistency Regularization
• Achieved by minimizing the MMD between target-domain data 

and unlabeled augmented data: 
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Experiments
• Training data for DNN and PLDA: 4808 speakers from SRE04-10 

and Switchboard
• Consistency Regularization: SRE16 and SRE18 unlabeled
• Test data: SRE16-eval and SRE18-eval-cmn2
• Kernel of MMD: 19 RBF kernels with width ranges from 2!"𝜎#

to 2"𝜎#, where 𝜎# is the median pairwise distance from 
training data.

• Acoustic vectors: 23-dim MFCC with mean norm
• VAD: Kaldi’s energy-based VAD
• PLDA adaptation and CORAL: SRE16 and SRE18 unlabeled
• Hyperparameters for DNN Objective: 𝛼 = 𝛽 = 𝜆 = 1
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Experiments
• DNN Architecture
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Results

• All the results are without backend adaptation.
• Our DNN adaptation performs significantly better than the 

previously proposed methods.
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Results

• Combining the proposed method with backend adaptation 
further improves the performance.
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Results

• Multi-level adaptation significantly improves the performance 
in both SRE16 and SRE18.

• Consistency regularization also helps.
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Conclusions
• Domain mismatch loss can be applied at both both frame-level 

and utterance-level
• Apply MMD at frame level performs significantly better than at 

utterance-level alone
• Data augmentation can be utilized in the unlabeled target-

domain through consistency regularization.
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