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ABSTRACT

As speaker verification (SV) technology is applied to
various fields with the development of deep learning, robust-
ness against noise is becoming more prominent. A common
approach for suppressing the noise effect is to jointly train
SV system along with a front-end enhancement module as
pre-processing. However, in this paper, we explore a training
method for a noise-robust system that focuses on enhancing
the single SV system. In particular, we introduce the feature-
robust loss to exploit the embeddings extracted from the
pre-trained model, which is jointly trained with the enhance-
ment module. Experimental results showed that our proposed
method can mitigate the noise effect in various noisy con-
ditions using only a single SV system, demonstrating its
potential for further development.

Index Terms— speaker verification, speech enhance-
ment, joint framework, noise robustness, security system

1. INTRODUCTION

Speaker verification (SV) is the task of authenticating the
claimed identity of the enrolled speaker using an audio sam-
ple. In recent years, the performance of SV systems has
significantly improved with the rapid development of deep
neural networks (DNNs) to extract speaker-specific embed-
ding [1-3]. At the same time, the demand for SV systems is
increasing, and these systems are being widely used in many
security applications such as smart door locks, IoT devices,
and financial services.

While SV systems have made significant progress with
clean audio recordings, the performance could be dramat-
ically degraded in noisy and reverberation environments.
In real-world scenarios, recorded speech signals are always
interfered by various types of background noise and rever-
berations, which can increase both the false acceptance ratio
(FAR) and false rejection ratio (FRR). Thus, ensuring noise
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robustness is crucial for SV systems especially when they are
utilized for biometric authentication.

In order to mitigate the noise effect, there are two main-
stream approaches: data augmentation and integrating an
enhancement module. Firstly, SpecAugment [4] and multi-
condition training (MCT) are the most prevalent data aug-
mentation methods, which are commonly used to boost the
robustness of SV systems. SpecAugment is a method for
augmenting audio data, which utilizes time warping and
masking techniques across both the frequency and time axes.
For MCT, the SV system is trained with different kinds of
signal-to-noise ratio (SNR) conditions, which helps improve
its generalization ability and robustness. The second method
is integrating the speech enhancement (SE) module at the
front-end as pre-processing step. Generally, the SE mod-
ule and back-end speaker classifier can be jointly trained to
optimize the whole system. Since SE aims to improve the
speech’s perceptual quality and intelligibility by suppressing
noise, it can be beneficial in reducing the impact of noise on
SV systems. However, speech distortions caused by speech
enhancement loss may lead to performance degradation in
downstream tasks, particularly in scenarios with high SNR
levels.

In this paper, we explore a joint training framework that
aims to further enhance the single SV system to mitigate the
impact of speech distortion in low SNR conditions. We utilize
the combined model of SE and SV as a pre-trained model,
employing it for the extraction of noise-robust embeddings.
Moreover, we introduce the feature-robust loss, which can
compensate for the shortcomings of the MCT-based single SV
systems by utilizing the embeddings extracted from the pre-
trained model. Experimental results confirmed that our pro-
posed method can alleviate the noise effect in various noisy
conditions compared to the MCT-based single SV system.

2. PROPOSED METHOD

We propose a joint training approach that focuses on alleviat-
ing the noise effect and speech distortion, enhancing a single
SV system as shown in Figure 1. First, we pre-train the com-
bined system g¢(-) with a set of weights £ that consist of a
speech enhancement network and a speaker verification net-
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Fig. 1. Overall structure of our proposed system for noise robustness. At the end of training, the pre-trained system ge(-) is
discarded, and the speaker classifier fy(-) is only used for evaluations.

work, which employ SEANet [5] and ECAPA-TDNN [6], re-
spectively. To mitigate the adverse effect in noisy conditions,
we train the combined SE and SV system g¢(-) with joint
training. The output of the enhancement module, which is
the enhanced speech signals, is fed into the back-end speaker
classifier. During the training of the main pipeline, we freeze
the parameters of the pre-trained model and use it only for
extracting noise-robust speaker embedding.

Secondly, a single speaker classifier fy(-) with a set of pa-
rameters 6, is trained to optimize the SV loss in an end-to-end
manner. From the noisy speech signal x, the single speaker
classifier outputs embeddings fp(x), and the pre-trained sys-
tem outputs embeddings g¢(x). To enhance the noise robust-
ness of the SV system, we introduce a feature-robust loss that
minimizes the distance in the latent embedding space between
both embeddings. Here, we define the mean squared error
(MSE) between the ly-normalized embeddings in two paths
as the feature-robust loss:

fox) — ge(x)
1fo(x)lly  llge(x)ll, 1l

Lastly, our proposed system is trained to discriminate the
speaker-specific characteristic and alleviate the distortion of
speech information by jointly optimizing the final objective
as follows:

L(x;0)

Lrr(x;6,8) = ey

:ﬁsv(x;a)—‘r)\EFR(X;e,f) 2)

where A is a weight coefficient to balance the speaker veri-
fication loss and the feature robust loss. During the training
stage, we perform to optimize £ with respect to 6 only, not .
At the end of the training, we only keep the single SV systems
fo(+) which is then used for evaluations.

3. EXPERIMENTAL SETUP

3.1. Datasets

Experiments were conducted on the VoxCeleb1 [7] datasets.
The development set contained 148,642 utterances from
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1,211 speakers, and the test sets consist of 4,874 utterances
from 40 speakers. The performance was evaluated with
37,720 enrollment-verification trial pairs. In training, we
used the original VoxCelebl training dataset D along with
the noise dataset D, which was synthesized using the MU-
SAN corpus [8] with a SNR randomly selected between 0 and
20 and the simulated room impulse response (RIR). For the
evaluation under noise conditions, we used the VoxCelebl
testset and synthesized the test data for each noise type with
SNRs in the set {0, 5, 10, 15, 20} using the MUSAN corpus.

3.2. Implementation details

For training the joint framework, we randomly cropped 2-
second chunks from each utterance. The 80-dimensional
log mel-filterbank energies with a 25ms window and a 10ms
frame shift were used as input for SV systems. In the all
experiments, we used the Adam optimizer with a cyclical
learning rate of 0.001. The objective function for SV was
AAM-Softmax [9] with a margin of 0.2 and a scale of 30.
We set the weight factor A to 1. Both the pre-trained cascade
system and a single SV system were trained for 300 epochs.
The performances were measured in terms of equal error rate
(EER). We set the channel size C to 512 for ECAPA-TDNN.
For SEANet as an enhancement module, we only used the
generator and set the channel size of the initial convolution
layer to 16.

4. RESULTS

In Table 1, we carried out the ablation studies for noisy condi-
tions on the VoxCelebl testset. The evaluation was repeated
10 times, and we report the mean and standard deviation
of the experiments. We observed that the performance of
the ECAPA-TDNN trained only with clean dataset D drops
sharply in noisy conditions. When compared with the main-
stream approaches to enhance the noise robustness, in the
case of a single SV system, the data augmentation strategies
greatly improved the performance in noisy conditions and



Table 1. Speaker verification performances obtained on Vox-
Celebl testset. We report the evaluation results for the mean
and standard deviation of the 10 repeated experiments. Here,
we use the jointly trained SEANet and ECAPA-TDNN to ex-

tract the embeddings in the process of training.

Training dataset Original (D) Original and noise augmentation (D + D)
(oint) Proposed
Noise type | SNR | ECAPA-TDNN | ECAPA-TDNN SEANet+ Syst
ECAPA-TDNN ystem
Original test set 3.50 2.55 2.63 2.54
0 23.36 +0.20 7.42+£0.27 5.77 £ 0.14 7.08 £0.23
5 11.84 £ 0.11 429 +£0.12 4.13 +0.08 4.26 + 0.09
Babble 10 6.42 £+ 0.10 3.35+£0.05 3.46 £ 0.05 3.32 + 0.06
15 4.55 £0.08 2.93 +£0.06 3.03 £ 0.06 2.90 + 0.02
20 3.82 +£0.06 2.67 = 0.04 2.84 £ 0.05 2.72 £+ 0.05
0 21.13 £0.18 7.32 +£0.09 6.80 + 0.11 721 £0.10
5 11.23 £0.16 4.68 +0.13 4.61 +0.08 4.53 +0.08
Music 10 6.66 = 0.13 3.62 £0.06 3.65 £0.08 3.49 £0.07
15 4.65 £ 0.10 3.02 £ 0.07 3.14 £ 0.06 3.00 £+ 0.04
20 3.91 +£0.05 2.76 +0.04 2.85+0.05 2.74 £ 0.04
0 21274033 7.35 £0.10 7.32 +£0.07 7.23 £0.13
5 12.97 +£0.20 5.06 £0.10 5.01 £0.07 4.87 £ 0.09
Noise 10 8.30 £0.11 3.93 £0.08 3.95 +0.08 3.81 +0.05
15 5.89 £0.14 3.29 +0.06 3.32+£0.05 3.23 £0.07
20 4.67 £0.10 2.95 +£0.05 3.00 £ 0.03 2.90 £ 0.05
Average 10.04 4.30 4.19 4.22

also improved the clean scenarios. Similarly, the system that
was jointly trained with the enhancement module showed
significant performance improvement. In particular, we con-
firmed that the jointly trained system was effective at low
SNR conditions. However, the performance improvement
was slightly lower compared to the MCT-based single SV
system because of the speech distortion generated during the
de-noising process at high SNR conditions. Note that we
used this system as the pre-trained model for extracting the
embeddings, as mentioned in the previous section. As shown
in the table, by utilizing the embeddings of pre-trained model
combined with feature-robust loss, our proposed method can
mitigate the effect of noise in low SNR conditions better
than MCT-based single SV system and it can improve the
performance in various SNR conditions. From the results, we
demonstrate the possibility of developing robustness to noise
using only a single SV model.

5. CONCLUSION

In this paper, we investigate a training method that aims to
optimize a single noise-robust SV system. In order to learn
useful information against noise from the pre-trained model,
we introduce the feature-robust loss, which minimizes the dis-
tance in the latent embedding space. Experiments on the Vox-
Celeb] dataset show that the proposed method improves the
performance under various noise conditions and boosts the
noise robustness even when using only a single SV system.
Our future research will aim to explore the potential for ap-
plying this technology to blockchain systems and enhancing
speaker authentication security in noisy conditions.
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