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1. Introduction

• ASV framework
• Front-end speaker encoder

• TDNN, ECAPA-TDNN

• ResNet series

• Back-end model
• Cosine similarity

• Probabilistic linear discriminant analysis (PLDA)

• Neural PLDA (NPLDA) [1]

• Single enrollment VS Multiple enrollments
• The case of multiple enrollments is more robust in real world setting;

• Multiple enrollments contain more acoustic variations of enrolled speaker.

• Common operation for Multiple enrollments case
• Concatenate waveforms or acoustic features

• Average speaker embeddings
3
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1. Introduction

• Can we use multiple enrollments more efficiently in a neural back-end?
• Learning intra-relationships among speaker embeddings of multiple enrollments;

• Aggregating a varying number of enrollment speaker embeddings by adaptive 
weights.
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2. Conventional Back-end Models

• Multiple enrollments case, where enrollment speaker has an enrollment 
set                               including 𝐾 utterances. Note 𝐾 is a varying number.
• Concatenating all enrollment utterances as a long waveforms
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• Extracting speaker embedding from each utterance, then averaging all 
speaker embeddings

Note: The scoring method of PLDA can be extended to 
adapt the case of multiple enrollments in theoritically 
except concatenation or average operation. As for the 
detail, please refer to [2,3]
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3. Attention Back-end Model

• Model architecture
• Extract enrollment speaker embeddings

and testing speaker embedding 𝒒 
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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) [3]

• Stacking all enrollment speaker embeddings as 
matrix 𝑬.

• Aggregating a varying number of enrollment speaker 
embeddings by adaptive weights

• Feed-forward self-attention (FFSA) [4]
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▪ Negative pair: pairs marked by test trial=
, enroll=(                 ) of other speakers 
included in a mini-batch.

3. Attention Back-end Model

• Trials sampling method for training
• Why: Introduce multiple enrollment process in 

training stage

• How: ▪ Load speaker-balanced min-batch from 
dataset
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▪ Rearrange the mini-batch to form trial pairs 
(testing, enrollments)

▪ Positive pair: test trial and enrollment data 
are from the same speaker, one test trial is 
selected from the speaker’s data, and the 
rest are left for enrollment. 



Attention Back-end for Automatic Speaker Verification with Multiple Enrollment Utterances Chang Zeng, Xin Wang, Erica Cooper, Xiaoxiao Miao, Junichi Yamagishi Paper ID: 2742

3. Attention Back-end Model

• 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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• Single enrollment case

            VoxCeleb1&2 [5,6]

• Multiple enrollments case
        CNCeleb1&2 [7,8]

4. Experimental Results

• Datasets

source:https://www.robots.ox.ac.uk/~vgg/data/voxceleb/

source:http://cnceleb.org/dataset
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Note: The number of enrollment utterances of the 
evaluation protocol in CNCeleb dataset is varying!
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4. Experimental Results

• Speaker encoders
• TDNN with statistics pooling (TDNN)

• ResNet34

• TDNN with attentive statistics pooling (TDNN-ASP)

• ECAPA-TDNN
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Speaker encoder without frame-level attention

Speaker encoder with frame-level attention
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4. Experimental Results

• Result and analysis
• Single enrollment case on VoxCeleb

• Our back-end model is comparable with PLDA in term of EER, even if 
there is no intra-relationship in enrollment utterance;

• As for minDCF, the proposed model slightly outperforms PLDA, which 
proves that our model works reasonably well for the single enrollment 
case.
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• Multiple enrollments case on CNCeleb
• For Concat or Mean operation, we give the best performance of cosine similarity or PLDA model.

• Despite of the criterion, our proposed attention back-end realizes the best performance.



Attention Back-end for Automatic Speaker Verification with Multiple Enrollment Utterances Chang Zeng, Xin Wang, Erica Cooper, Xiaoxiao Miao, Junichi Yamagishi Paper ID: 2742

4. Experimental Results

• Ablation study

• From the second and the third lines of the table, two self-
attention mechanisms both contributed to the improvement.

• From the fourth line, we can also see that LR for calibration 
was another essential component of the proposed model

• From a comparison of the fifth and sixth lines, we see that
the proposed model using BCE loss only had a lower EER than 
that using GE2E loss only, while one using GE2E loss resulted 
in a lower minDCF(0.001) value. Combining BCE and GE2E 
thus resulted in the lowest values for all the metrics.
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5. Conclusion

• Conventional back-end model like cosine similarity and PLDA cannot 
work well in multiple enrollments scenario.

• Utterance-level attention mechanism can improve the performance 
further, even if frame-level attention mechanism and spatial attention 
mechanism have been applied in speaker encoder.
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