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Abstract: MFA-conformer methods are widely used in English and Chinese speaker recognition. Theoretically language-
independent but practically language-related, Tibetan speaker recognition currently relies on traditional models with poor
performance. To address this, we adopt MFA-conformer as the basic framework and propose improvements: integrating
1D depth-wise separable convolution and channel attention into the conformer feed-forward network, fusing multi-block
features, and adding an intra-class correlation regularizer to GE2E loss. Experiments show the improved model reduces the

equal error rate (EER) compared with the conformer baseline.
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1. Introduction

Speaker recognition technology achieves automated identity verification by analyzing voice parameters,
representing a key breakthrough in the security field "', Since the rise of deep learning, significant progress has
been made in speaker verification technology. A keyword-based text relevance speaker verification system has
explored various attention mechanisms. Research indicates that self-attention models can effectively integrate
relevant information within input sequences . As a revolutionary new approach, the transformer model proposes
an innovative solution that disrupts traditional recurrent and convolutional layer structures . The transformer
relies entirely on attention mechanisms, replacing the recurrent layers in traditional encoder-decoder architectures
with multi-head self-attention. This self-attention mechanism serves as the core component of the transformer,
enabling powerful modeling of global interactions between speech frames '**. However, global self-attention
still appears to be insufficient in capturing local information that is critical for speaker embedding. To address
this problem, convolutional neural networks (CNNs) were introduced. A study have proposed the conformer
model, which cleverly fuses components of CNN and transformer to achieve end-to-end speech recognition with
the ability to extract both local and global contextual information . In addition, another study further proposes
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the multi-scale feature aggregation conformer (MFA-Conformer), which is a simple and effective backbone for
automated speaker verification based on a convolutionally enhanced transformer (conformer) ”'. MFA-conformer
is able to capture global and local features more efficiently by connecting the frame-level outputs of all conformer
blocks and achieves more significant improvements in speaker feature extraction compared to traditional
conformers. Speaker verification technology has progressed in the era of deep learning by introducing end-to-end
modeling, transformer, conformer, and other techniques. Several studies have conducted cross-language speaker
verification studies on the English-Mandarin-Viennese dialect dataset and the English-Mandarin-Taiwanese dialect
dataset, respectively ™"\ Theoretically, speaker recognition technology captures acoustic features independent
of language or content. However, experimental results indicate that matching rates remain low when the same
speaker registers and tests using different languages "”. Proposed modeling spoken language or dialects as speaker
features through neural networks, and completed verification based on this approach. This study employs a Tibetan
corpus for speaker recognition tasks. Tibetan belongs to the Tibeto-Burman language family and is classified as
a low-resource language due to its unique phonological and syntactic structures """'*.. This paper aims to extract
more individualized Tibetan speaker features using Tibetan corpus, get better validation results, and propose an
improved model by exploring the structure of the MFA-conformer model, multi-scale feature aggregation new
conformer (MFA-NConformer).

2. Research methodology

2.1. Tibetan speaker verification system framework

Figure 1 shows the framework for Tibetan speaker verification, which consists of training and testing phases.
The core goal is to verify whether an audio sample comes from the target speaker. In the training phase, acoustic
features are extracted from enrolled speakers’ audio data and input into a neural network for training to establish a
voiceprint database. In the testing phase, acoustic features are extracted from the test speaker’s audio data, and the
extracted voiceprint features are matched against those in the database to confirm the speaker’s identity.
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Figure 1. Tibetan speaker recognition system framework.

2.2. Loss function

2.1.1. GE2E loss

Generalized end-to-end loss (GE2E loss) is a loss function for speaker recognition tasks *\. It maps speech
feature vectors to a speaker-specific embedding space during training and leverages the Euclidean distance
between embedding vectors for speaker verification. The optimization goal is to minimize intra-class distances
and maximize inter-class distances. Its calculation involves the Euclidean distance comparison and a contrastive
loss function to pull positive sample pairs closer and push negative sample pairs apart, thereby optimizing speaker
recognition performance. The mathematical expression is given as follows:
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Loy =— 3 log—22
r2E =~ 2, log ST )
Where GE2E loss creates a phase matrix that defines the cosine similarity between each embedding and all

centers of mass:

Sjik = w - cos (xj,i, c)+b )

o and b are learnable scales and biases.

2.1.2. GE2Eicr loss
The “Intra-class Correlation Regularizer” (ICR) introduces the concept of intra-class sample similarity into the loss
function. Through increasing the similarity among samples within the same class, it enhances the model’s ability
to distinguish between samples of the same category.

The formula for the ICR regularization term is as follows:

Licp =— %Zévzl j-vﬂ cos (Sii Sij) 3)

Where cos(*) denotes the cosine similarity, s, denotes the feature vector (embedding vector) of the i sample
within the same category; and s; denotes the feature vector of the i sample and the j sample within the same
category.

In combining the effects of both GE2E Loss and ICR, we define the overall loss:

Liotal = Lge2e + Wicr X Licr (4)

Where ¢ is the hyperparameter used to adjust the effect of the ICR regularization term by adjusting the
weights.

We can balance the contribution of the ICR regularization term to the overall loss. This loss function aims to
improve the similarity of samples within the same category while driving the model to learn a more discriminative

feature representation, which helps optimize speaker recognition performance.

3. Model structure

In this experiment, we introduced the structure of the MFA-conformer model. Figure 2 outlines the MFA-
NConformer model architecture. Fbanks features undergo convolutional subsampling to cut computational costs,
then go through Linear and Dropout layers, and are further processed by NConformer blocks for global and local
feature extraction. Features from each NConformer block are fused via a Concat layer; an Attention Pooling layer
assigns differentiated weights to outputs to extract speaker features, which are finally converted into speaker
embedding through batch normalization.

NConformer Block
NConformer Block
P xL

Fhbank Convolution Linear Concat Global Context Speaker
anks Subsampling Drop out Attention embeddings

NConformer Block

Figure 2. Structure of the MFA-NConformer model.
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As shown in Figure 3, NConformer is an optimization model based on the conformer model. Adding one-
dimensional deep separable convolution and channel attention mechanisms to the feedforward neural network of
the conformer block. The resulting NConformer blocks act in the same way as the traditional conformer model.
That is, the spatial and temporal features of the input data are learned and feature representations are extracted

through multilayer convolution and self-attention mechanisms "'\

|
|
Feed Forward

102 x 71

Attentio)

B
:
3

|

i
1
1
1
1
1
1
1
1
1
1
1
1
i
1
i
1
1
!
[

Convolution Module ! /
;
:
i
1
1
!
1
4L
T
1
1
1
1
1
i

1D Depth-wise Conv

1

'

i

1D Depth-wise !
Separable Conv ! l

.

i

1

I

]

»] y
»(] ;

/o
Feed Forward
12 N

LayerNorm
|
v

1D Point-wise Conv

v

Figure 3. Block diagram of NConformer.

4. Experimental setup and evaluation

We compare the performance of GE2E loss and GE2Eicr loss on the MFA-conformer and MFA-NConformer
models, respectively, and contrast 1D convolution with 1D separable convolution in the feedforward layer.
Notably, our goal is not SOTA performance but to verify the validity and effectiveness of the “right” margin.

4.1. Tibetan speaker dataset

The experiment’s Tibetan corpus was recorded with a professional microphone. Its audio follows a 16 kHz
sampling rate, 16-bit mono and WAV format. The corpus contains 47 speakers, each with 500 audio clips, totaling
23,500 clips. The average clip duration is 3 seconds, and the total recording time is over 19 hours. We divide the
dataset into a training set of 40 speakers and 20,000 clips, and a test set of 7 speakers and 3,500 clips (Table 1).

Table 1. Tibetan speaker dataset

Aspects Speaker Utterance/speaker Utterance
Train 40 500 20000
Test 7 500 3500
Total 47 23500

4.2. Experimental configuration

This experiment used the PyTorch framework, running on CentOS Linux with an Intel Xeon E5-2680 v4 CPU and

an 11 GB GeForce RTX 2080 Ti.
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4.3. Evaluation indicators
Speaker recognition typically evaluates system performance using three metrics: false acceptance rate (FAR), false
rejection rate (FRR), and equal error rate (EER). FAR refers to the proportion of incorrectly accepted data, while

FRR denotes the proportion of incorrectly rejected data.
FP

FAR = FN+TN (%)
FRR = —~
TP+FN

5. Results and analysis

This experiment compares the MFA-conformer model with its improved variants, models employing the GE2E
loss function and the GE2Eicr loss function. Under the same corpus, the equal error rate (EER) was evaluated
using different optimizers and pooling layer configurations. Table 2 shows balanced data, with FBank = 40,
batch size = 32, learning rate = 0.001, and a 400-epoch training process. It compares two models’ performance
under two metric loss functions, with hyperparameter M (fixed at 2, words per speaker). The MFA-NConformer
with GE2Eicr loss achieves a 2.6% EER, outperforming the conformer and MFA-conformer. GE2Eicr loss also
outperforms GE2E loss, reducing the MFA-NConformer’s error rate by 28.96%. We therefore selected this model-

loss function combination for subsequent experiments.

Table 2. Comparison of the effects of three models using two loss functions (Adam)

Model Optimizer Hyperparameters EER
GE2E 4.10
MFA-Conformer
GE2Eicr 2.80
M=2

GE2E 3.61

MFA-NConformer
GE2Eicr 2.65

According to Table 3, when M = 2, the model performs optimally with an EER of 1.90%. However, as M
increases, the model’s performance declines. A smaller M value allows the loss function to reduce intra-class

distances more effectively, resulting in better performance.

Table 3. Effect of M-value on model performance (1D depthwise separable convolution)

Loss Hyperparameters EER
M=2 1.90

GE2Eicr M=3 2.15
M=4 2.55

Table 4 compares the results under two different optimizers (Adam and SGD). The results indicate that
the SGD optimizer outperforms the Adam optimizer with an EER of 1.77%, making SGD more suitable for this

improved model.
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Table 4. Effect of M-value on model performance (1D depthwise separable convolution).

Aspects Optimizer EER
Sgd 1.90
1D Depthwise Conv
Adam 3.12
Sgd 1.77
1D Conv
Adam 2.65

6. Conclusion

This experiment improves Tibetan speaker recognition based on the MFA-conformer model. Introducing 1D

separable convolutions (which reduce parameters and computational complexity while ensuring robust feature

extraction) and channel attention mechanisms into the feedforward network, integrating multi-conformer block

features, and adding an intra-class correlation regularization term to the GE2E loss function, all effectively

enhance model performance. These improvements collectively promote the advancement of Tibetan speaker

recognition.
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