> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 1

Generalization Ability Improvement of Speaker
Representation and Anti-Interference for
Speaker Verification

Qian-Bei Hong, Chung-Hsien Wu, Senior Member, [EEE, and Hsin-Min Wang, Senior Member, IEEE

Abstract—The ability to generalize to mismatches between
training and testing conditions and resist interference from other
speakers is crucial for the performance of speaker verification. In
this paper, we propose two novel approaches to improve the
generalization ability to deal with the mismatched recorded
scenarios and languages in test conditions and to reduce the
influence of interference from other speakers on the similarity
measurement of two speaker embeddings. First, parent
embedding learning (PEL) is used for model training, which
exploits the generalization ability of the shared structure to
improve the representation of speaker embeddings. Second,
partial adaptive score normalization (PAS-Norm) is used to reduce
the influence of interference from other speakers on embedding-
based similarity measures. In the experiments, the speaker
embedding models are trained using the VoxCeleb2 dataset, and
the performance is evaluated on four other datasets under
different conditions, including VoxCelebl, Librispeech, SITW,
and CN-Celeb datasets. In the experiments on VoxCelebl,
evaluation results considering a large number of verification
speakers and identity restrictions show that the proposed PEL-
based system reduces the EER by 6.0% and 4.9% in these two
cases, respectively, compared to the state-of-the-art (SOTA)
system. Furthermore, in the experiments evaluating speaker
verification in mismatch conditions on SITW and CN-Celeb, the
proposed PEL-based system also outperforms the SOTA system.
In the language mismatched conditions, the EER is reduced by
8.3%. For the evaluation of the influence of interference from
other speakers, the EER is significantly reduced by 24.4% when
PAS-Norm is used instead of the baseline AS-Norm score
normalization method.

Index Terms—Speaker verification, parent embedding learning,
partial adaptive score normalization

[. INTRODUCTION

PEAKER recognition has been an important task for

artificial intelligence applications [1]-[3] for years.
Traditional methods for speaker recognition typically use the
Gaussian mixture model-universal background model (GMM-
UBM) and i-vector to represent the short-term spectral
characteristics of a speaker [4]-[6]. Villalba et al. [7] presented
a framework based on the variational autoencoder paradigm to
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deal with the latent variables between i-vectors. Kinnunen et al.
[8] adopted i-vector as the basic unit for voice conversion. In
recent years, deep neural networks (DNNs) have been widely
used to generate features for speaker recognition [9]-[14]. In
these studies, DNN was applied to directly capture speaker
characteristics and produce speaker embeddings as speaker
representations. Many speaker verification (SV) systems have
recently been developed that are based on x-vector features
[15]-[16], with an architecture that includes frame-level and
segment-level feature transformations. The frame-level feature
transformation was based on the time-delay neural network
(TDNN) structure [17]. It has been proven that using TDNN,
speech features extracted from multi-frame signals with shift-
invariance are more effective than those extracted from single-
frame signals [18]. The segment-level feature transformation
applies statistics pooling to aggregate variable-length frame-
level features to obtain a fixed-dimensional vector. In [19], a
statistics pooling TDNN was proposed to improve the x-vector
learning ability by capturing more robust speaker
characteristics.

Nowadays, many studies are devoted to improving SV
performance through model design and loss correction. For
model design, Tang et al. [20] integrated TDNN and long short-
term memory (LSTM) to capture speaker information at
different levels. Zhu et al. [21] proposed a self-attention
mechanism for DNN-based embedding and computed the
embedding as a weighted average of the speaker’s frame-level
features. For loss correction, Liu et al. [22] proposed the angular
softmax (A-Softmax) loss to learn angularly discriminative
features in convolutional neural networks (CNNs) for face
recognition. Later, it was applied to SV in [23]. Wang et al. [24]
proposed the additive margin softmax (AM-Softmax) loss,
which simplifies the calculation cost of the A-Softmax loss and
has better performance than the A-Softmax. Generally, most
SV studies evaluate the model under specific conditions, such
as clear pronunciation, high sound quality, and no interference.
These studies often ignore the importance of model
generalization ability, and models with poor generalization
ability will degrade performance in complex real-world
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environments. More specifically, the ability to generalize to
differences in training and testing conditions is critical for SV
performance. Therefore, several studies have tried to ensure the
model’s generalization ability. For example, Kye et al. [25]
combined the episodic classification loss with the global
classification loss to obtain well-matched and discriminative
speaker embeddings. Wan et al. [26] proposed a metric
learning-based loss to improve the generalization ability of the
model. Kim et al. [27] applied the mean teacher network to
produce highly accurate and stable representations to improve
the generalization performance of open-set SV tasks.

From the perspective of neural networks, multi-task learning
(MTL) [28] was proposed to deal with multiple tasks through a
single shared structure. From this viewpoint, MTL has also
been used to improve the model’s generalization ability. For
example, Zhang et al. [29]-[30] indicated that MTL can be
regarded as the generalization of multi-label learning and multi-
output regression, which can leverage useful information

contained in different tasks to improve the generalization ability.

However, if the training dataset does not have multiple types of
labels, MTL cannot be used for model training. Meyerson et al.
[31] proposed pseudo-task augmentation (PTA) to simulate
MTL performance when only a single task is available for
training. The idea of PTA is to construct multiple decoders to
solve the same problem in multiple ways, which can achieve
performance improvements similar to MTL. On the other hand,
in practical applications, the recorded signal often contains
various interferences, which reduce the quality of speaker
embedding, especially the interference from other speakers,
which is difficult to detect and remove. Therefore, the anti-
interference performance of SV remains to be solved.

In this study, we aim to improve the model generalization
ability to deal with mismatches of recorded scenarios and
languages between training and testing conditions, and to
improve the anti-interference ability from other speakers in
embedding similarity measurement. To achieve the goal, we
propose three new approaches.

1) Parent Embedding Learning (PEL): We train the
speaker identification model using two classifiers for the
same training task to leverage the generalization ability
of the shared structure to improve speaker embedding
extraction.

2) Residual Block PEL: We add a shortcut connection or
Res2Net structure between two consecutive segment-
level layers to improve speaker embedding extraction.

3) Partial Adaptive Score Normalization (PAS-Norm): We
introduce a novel strategy in the similarity comparison
of speaker embeddings to reduce the influence of
interference from other speakers.

The remainder of this paper is organized as follows. A state-
of-the-art (SOTA) system for SV is described in Section II. The
PEL-based speaker embedding extraction method and the PAS-
Norm process are presented in Section III. In Section IV, we
introduce the datasets and provide the experimental results in
detail. Finally, conclusions are given in Section V.

II. SPEAKER EMBEDDING LEARNING FOR SV

One of the most popular speaker embedding learning systems
is the x-vector model. In the x-vector model, first, each
utterance is fed to the frame-level layers to obtain low-level
features, where TDNN is commonly used to encode time-
varying signals by operating with multiple interconnected
layers. Second, as each utterance is recorded in a variable length
of time, a pooling (such as statistics pooling) layer is applied to
aggregate variable-length frame-level features into a fixed-
dimensional segment-level feature vector. Then, the feature
vector is passed through one or two fully-connected layers to
obtain the non-linear features as the speaker embedding, which
is used to train a speaker classifier. Generally, a speaker
discriminative network is trained by a large amount of speech
data from multiple speakers to learn the diversity of speech
characteristics of different speakers. In SV, the SOTA method
for speaker discrimination is based on the probabilistic linear
discriminant analysis (PLDA) backend, which takes into
account the intra-speaker variation and inter-speaker difference.

A. Extended TDNN

In the VoxCeleb Speaker Recognition Challenge (VoxSRC)
2019, the BUT system [32] and JHU-HLTCOE system [33]
utilized the extended TDNN (E-TDNN) x-vector architecture
[34] for speaker embedding extraction, and both won the top
three in the challenge. The x-vector model is composed of
frame-level and segment-level feature transformations. E-
TDNN is applied to frame-level transformation, in which a
fully-connected layer is added between two 1D convolutional
layers for additional feature transformation.

B. ECAPA-TDNN

The ECAPA-TDNN architecture emphasizes channel
attention, propagation, and aggregation in frame-level feature
transformation [35]. First, instead of standard statistics pooling
(global mean and standard deviation), ECAPA-TDNN utilizes
channel- and context-dependent statistics pooling to aggregate
all frame-level features to form a fixed dimensional vector.
Second, the Res2Net module [36] and the squeeze-excitation
(SE) block [37] are combined into SE-Res2Block, which may
be beneficial for rescaling frame-level features, processing
multi-scale features through hierarchical residual connections,
and reducing the number of network parameters. Third, multi-
layer feature aggregation (MFA) is introduced to combine the
output features of all the SE-Res2Blocks for each frame. In
VoxSRC 2020, the ECAPA-TDNN model won first place in the
challenge. This architecture has become a standard
configuration for speaker embedding extraction in many
speaker-related tasks. In VoxSRC 2021, the IDLab team
introduced the ECAPA CNN-TDNN [38] and ResNet-based
models, which ranked third in the challenge.

C. Additive Margin Softmax Loss

The speaker classifier training for SV tasks is about how
many distinguishing characteristics of speakers can be learned.
The softmax function is most commonly used for probability
prediction in classification tasks. In recent years, some studies
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have tried to improve the performance of softmax loss by
increasing the angular distance of the inter-class feature vectors
and decreasing the angular distance of the intra-class feature
vectors [22]-[24]. In [24], the cosine-based AM-Softmax loss is
formulated as,
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where 6, is the angle between W, and £, Wy € RP*! is the
weight vector used to predict the likelihood of the target speaker
W, of the n-th training sample, #4, € RP*! is the speaker
embedding, K is the number of training speakers, and N is the
number of training samples in a mini-batch. In order to follow
the cosine definition, L2 normalization is applied to the features
and weights. For all classes, a scale value s is used to avoid the
large loss caused by the smaller feature norms. For the target
class, a margin value m is used for angular margin adjustment
in the training stage. The AM-Softmax loss can effectively
improve the classification performance by constraining the
learned features to be discriminative on a hypersphere manifold.

D. Backend for Scoring

Cosine similarity and PLDA [40]-[41] are the most
commonly used scoring methods in SV tasks, in which the
cosine similarity score is normalized using adaptive score
normalization (AS-Norm) [39] to obtain a more discriminative
score as
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where p(Sy) and o(Sy) are the mean and standard deviation of
scores calculated by matching ¢, against a given impostor
cohort set.

III. PROPOSED METHODS

As mentioned in the previous section, a robust embedding
extractor must have the ability to distinguish the voices of
different speakers. One method is to adjust the characteristics
of the embedding model, such as using the AM-Softmax loss
for model training to effectively increase the inter-class feature
angular distance and decrease the intra-class feature angular
distance. However, when applied to SV tasks, the pre-trained
embedding model is always used to evaluate speech signals
with mismatched conditions in practical applications. Therefore,
the generalization ability of the embedding model is very
important, but it is rarely studied. Moreover, the observation
signal in the real-life environment often contains various
interferences, which seriously affect the SV performance.
Therefore, we propose a parent embedding learning (PEL)
approach to improve the generalization ability of the
embedding model and a partial adaptive score normalization

(PAS-Norm) method to solve the weakness of SV under
interference conditions.

A. Parent Embedding Learning (PEL)

MTL is one of the methods to improve the model’s
generalization ability. A standard architecture is to solve the
problems of multiple tasks simultaneously by constraining the
shared structure learning, thereby effectively improving the
processing ability of the held-out data. However, most datasets
do not meet the requirements of MTL, and the most important
factor is the cost of labeling. In contrast, pseudo-task
augmentation (PTA) [31] uses multiple decoders to perform a
single task to approximate the MTL performance.

Classical MTL is based on the use of a shared low-level
structure and multiple high-level decoders to solve multiple
tasks. The multiple decoders that obtain corresponding results
can be defined as

Bjn = Dj(W (up; O); 0p)) 3)

where W denotes the shared structure with parameters 0y, u,
is the n-th input data, and the decoder D is used to predict the

result of the j-th task. In PTA, all the J decoders are trained to
solve the same task to simulate MTL performance.

Inspired by the better model generalization ability of MTL
and PTA, we propose a parent embedding learning (PEL)
method for the segment-level layer in the classification model
to improve the generalization ability of the speaker embedding
extractor. This study differs from MTL and PTA applied in the
same layer because a neural network contains variant attributes
between different hidden layers [55]-[56]. PEL leverages
different attributes of different embedding layers to improve
speaker discriminative ability. The proposed architecture is
shown in Fig. 1. In addition to the original speaker classifier
connected to the last fully-connected layer, we use the second
speaker classifier to connect to the penultimate fully-connected
layer. In other words, the last two fully-connected layers are
trained by two separate speaker classifiers to produce two
corresponding embeddings (i.e., Parent Embedding and Child
Embedding). In our setting, Parent Embedding is forwarded not
only to Speaker Classifier 1, but also to Speaker Classifier 2.
Because Parent Embedding is related to the training of two
classifiers, it should have better generalization ability as
suggested by PTA.

Suppose two losses are obtained from Speaker Classifiers 1
and 2,
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Fig. 1. The architecture of parent embedding learning. The fundamental architecture is the same as that of the baseline ECAPA-TDNN x-vector model, except

that we use an additional speaker classifier for Parent Embedding training.
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Fig. 2. The segment layers of Parent Embedding and Child Embedding in different PEL structures.
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where 7 is the learning rate. For the n-th training sample, the
gradient can be written as,

2
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On the other hand, Child Embedding 4, ,, is formed by the last
fully-connected layer with parameters ©, . ,, optimized by

B. Residual Block PEL

Residual connection [42] not only effectively avoids the
vanishing gradient problem in many deep neural networks, but
also maintains the relationship of features in the interconnection.
In the previous section, PEL aims to improve the generalization
ability of Parent Embedding. As shown in Fig. 2(a), we can add
a shortcut connection between Parent Embedding and Child
Embedding to obtain different but closely-related
representations, which may allow the model to learn more
robust speaker embeddings. In this way, the Child Embedding
layer is defined as follows.

fy = a(hy;0142) + A4, ©)
where a(-) denotes a non-linear activation function. With the
residual mapping structure, the output of the feedforward neural
network is added to the original input (i.e., element-wise
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Fig. 3. The PAS-Norm process. There are two steps to obtain the similarity score of a pair of speech signals. The first step is to find the largest similarity score
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from all candidate embedding pairs (i.e., get “score

addition) to form a closely-related output.

In recent studies, multi-scale feature extraction has largely
replaced layer-wise feature extraction in ResNet [57]-[59].
Models based on Res2Net [36] exploit the multi-scale
capability to increase the range of the receptive field and reduce
the number of parameters. For PEL, we can simplify Res2Net
from a convolutional operator to a fully-connected operator for
embedding layer training, as shown in Fig. 2(b). The Child
Embedding is computed by

d’q q=1
a(d’q; ®Z+2)

5q = q=2
a(dq +34-1;014,) 2<q<?, (10)
31
hz = : +/ﬁ'1:
Z, (11)

where d, is the g-th subset of /4, G)Z +» denotes the parameters
of the g-th fully-connected block in Res2Net, and # is the scale
dimension. £ was set to 8 in this study.

C. Partial Adaptive Score Normalization (PAS-Norm)

Most SV studies are conducted on speech data without
interference, and good performance can usually be obtained.
However, in a real-life environment, the recorded signal often
contains various interferences, which greatly decrease the

), the second step is to normalize the largest similarity score by the impostor cohort (i.e., get “score™'”).

performance of SV. Therefore, how to improve the anti-
interference ability of an SV system is a big challenge. As a
result, we propose the partial adaptive score normalization
(PAS-Norm) method to improve SV performance under
interference conditions.

A time-domain speech signal X = {x, : 1 <t < T} can be
decomposed into three component sets,

Xtarget ={x;:ix € Otarget} ’ (12)
Xnontarget = {x¢:xc € Onontarget} , (13)
Xovertap = (Xt * Xt € Oarger YU Onontarget} » (14)
X= {Xtarget:Xnontarget:Xoverlap} , (15)

where Xiq,g0¢ denotes the signal from the target speaker
Otarget » Xnontarger denotes the signal from the non-target
speaker Opontarget> a0d Xoperiap denotes the mixed signal from
the target and non-target speakers. X, ontarger May also cover
non-speech components such as noise and silence. Ideally,
removing Xpontarger aNd Xoperiap from X can effectively
avoid the influence of interference and improve the quality of
speaker representation.

In practical applications, when the target speaker’ voice is
not fully collected, Xnontarger and Xoperiap are difficult to
distinguish from X;4,4¢¢. Therefore, in this study, we adopt a
simple equal division method to divide the input signal into N
segments (partial ranges). For example, when N=3, the input
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signal is divided into the first half, the second half, and the
middle half, as shown in Fig. 3. Given a pair of signals [X;, X;]
with interference, when the speaker embedding is extracted
using the full signal, the quality of the speaker embedding will
be corrupted by the interference, which in turn affects the
similarity measure. Similarity comparison of partial signals
may reduce the influence of interference.

Suppose C; = {q,’)l(o), 1(1), 1(2), ...,q,’)l(N)} is the candidate
embedding set of X; and C, = {(],’)2(0), 2(1), 2(2), ) q,’)z(N)} is the
candidate embedding set of X,, where qbl(o) and qbz(o) are the

embeddings extracted from the full signals X; and X,, and the
remaining embeddings represent the N partial ranges of the

signals. If qﬁl(') and 4)5) are from the same speaker, then

O 2OV o O 2OV o O 40
F(b 1) = F(dy",¢,°) = F(by”,¢57) (16)
where F is a similarity comparison function. Otherwise, we
will observe the relationship as,

Flo) ¢0) = F(@,00) » F(9.07). am)

When there is interference, we will see that most candidate
embedding pairs have low similarity scores, even if the two
speech signals are from the same speaker. In other words, only
a few candidate embedding pairs corresponding to the
unperturbed partial signals of the same speaker can get high
similarity scores. Therefore, when the speech signal contains
more than two speakers, the similarity comparison of partial
signals reduces the possibility of being interfered with by other
speakers, and the maximum similarity score of two candidate
embeddings can be considered as a reliable similarity measure
for speech signal pairs. In the proposed PAS-Norm process, the
first step is to find the highest scoring candidate pair among all
candidate pairs as the similarity comparison score of two speech
signals, i.e.,

o tey ® 40
@J )—argr(rg§§<f(¢1 &2 )

score” = F (d)li*), z(j*)) .

(18)
(19)

Then, the second step is to normalize the similarity
comparison score by the impostor trials as
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where Sl(i*) and Sz(j 7 are the scores of the top M most similar
cohorts for ¢1(i*) and ¢§j *), respectively. All terms in Eq. (22)

depend on the representation pair [ 1(i*),¢>§j *)] with the least
interference influence on the embedding, so the final score is
more stable than that of AS-Norm and other commonly used
normalization methods.

IV. EXPERIMENTAL RESULTS

A. Datasets

In this study, the speaker embedding models were trained on
the VoxCeleb2 dataset [43] and evaluated on four other datasets
under different conditions, including the VoxCelebl dataset
[44], the Librispeech dataset [45], the Speakers in the Wild
(SITW) dataset [46], and the CN-Celeb dataset [47].

1) Training data
The VoxCeleb2 dataset contains over 1 million utterances
(mostly English) collected from 6,112 speakers on YouTube,
and is divided into two subsets for SV: DEV and TEST. The
DEYV set contains 1,092,009 utterances from 5,994 speakers
and has no overlap with the speakers in the VoxCelebl
dataset. In this study, the DEV set of the VoxCeleb2 dataset
was used to train the embedding extraction models. We
followed the popular data augmentation strategy of the
Kaldi [48] recipe to generate extra samples for model
training. In Kaldi /egs/voxceleb/v2/ recipe, the MUSAN
dataset (babble, noise, music) [49] and the RIR dataset
(reverb) [50] were combined with the original utterances to
generate 4 extra samples for each utterance. It should be
noted that only 1,000,000 samples were chosen at random
from the 4,368,036 extra samples to train the model with the
original 1,092,009 utterances in the Kaldi recipe strategy.
2) Testing data
¢ The VoxCelebl dataset contains 153,516 utterances
collected from 1,251 speakers on YouTube. In this
dataset, three trial lists formed by different conditions
[51] are commonly used for SV evaluation experiments.
¢ The Librispeech dataset contains approximately 1,000
hours of read English speech. We manually generated a
trial list using the train-clean-100 subset of 28,539 audio
files from 251 speakers and evaluated the SV
performance under clean speech conditions.
¢ The SITW dataset contains samples of about 300 people
in different scenarios, and there are often multiple
speakers in the recordings. The EVAL subset contains
2,883 audio files from 180 speakers, and is divided into
four trial lists to evaluate SV under interference from
other speakers.
¢ The CN-Celeb dataset contains 130,109 utterances from
1,000 Chinese speakers across 11 different genres. It can
be used to evaluate SV in different genres in real-life
settings, such as interviews, singing, and advertising.

B. Experimental Setup

In the experiments, all audio files were labeled with speaker
identities, and silent intervals were removed using energy-
based voice activity detection. The input feature vector contains
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80-dimentional Mel-frequency cepstral coefficients (MFCCs)
extracted based on a 25ms window with a stride of 10ms. The
training data consists of randomly sampled 2 to 4 second
segments from the training utterances. All models were trained
with a cyclical learning rate [52] between 0.01 and 0.1. The
duration was set to 130k steps for each cycle, and each model
was trained for 10 cycles. The learning rate decayed by a factor
of 0.75 per cycle. Early stopping was used to avoid overfitting.
All models were trained by AM-Softmax with a margin value
0f 0.2 and a scale value of 30. Stochastic gradient descent (SGD)
with a momentum of 0.9 was applied for model optimization.
All weights used L2-regularization with a Lagrange multiplier
of 2e-5 for weight decay. The mini-batch size was set to 128.

The E-TDNN x-vector architecture in [32] was replicated as
the baseline. For the frame-level layers, each hidden layer had
1,024 output channels, except for the last hidden layer, which
had 3,072 output channels. The statistics pooling layer had
6,144 output nodes (3,072 nodes for mean and 3,072 nodes for
standard deviation). For the segment-level layers, the two
consecutive fully-connected layers had 192 output channels
(i.e., the dimension of the resulting speaker embedding was
192). The leaky rectified linear unit (Leaky ReLU) [53]
activation function with a negative reserve ratio of 0.2 and batch
normalization (BN) were applied to each transformation layer
for non-linear mapping. The final softmax layer had 5,994
output channels because there were 5,994 training speakers.
The baseline ECAPA-TDNN x-vector architecture was copied
from [35]. Each SE-Res2Block had 1,024 output channels. The
scale dimension in Res2Block was set to 8. The bottleneck
dimension in SE-Block was set to 128. The two consecutive
embeddings had 192 channels, which were also trained by
predicting the probabilities of 5,994 speakers. In the proposed
PEL-based models, an additional speaker classifier was used to
train the first embedding on the E-TDNN and ECAPA-TDNN
x-vector architectures (named E-TDNN-PEL and ECAPA-
TDNN-PEL). To further improve speaker representation
learning, we added a shortcut connection between the two
consecutive embeddings of the ECAPA-TDNN-PEL x-vector
architecture (named ECAPA-TDNN-ResPEL) and a Res2Net
between the two consecutive embeddings of the ECAPA-
TDNN-PEL x-vector architecture (named ECAPA-TDNN-
Res2PEL).

Two similarity measures were used to compare a pair of
embeddings in this study, including the cosine distance and the
two-covariance PLDA score. For score normalization, the
impostor cohorts were generated by averaging the speaker
embeddings for each speaker in the VoxCeleb2 DEV set (i.e.,
the number of impostor cohorts was 5,994). For AS-Norm and
the proposed PAS-Norm methods, the scores of the top 200
most similar cohorts were used for score normalization (i.e.,
M = 200). In PAS-Norm, three ranges were used to generate
the partial signals (i.e., N = 3), including 1~T/2, T/2 ~T,
and T/4~3T/4. The training and testing datasets were
prepared by the Kaldi toolkit, and all neural network models
were implemented by the TensorFlow playform.

We reported SV results in term of equal error rate (EER) and
minimum detection cost function (minDCF) with prgrger =

0.01.

C. Joint Parent Embedding Learning

Firstly, we evaluated the effectiveness of PEL in model
training. The E-TDNN and ECAPA-TDNN architectures were
used, and the differences in embedding learning were compared.
The baseline E-TDNN and ECAPA-TDNN architectures were
trained with a single classification layer. The E-TDNN-PEL
and ECAPA-TDNN-PEL architectures were trained with an
additional classifier to obtain Parent Embedding, which was
expected to have better speaker discriminative ability than the
embeddings learned in E-TDNN and ECAPA-TDNN.

Table I shows the results of SV experiments on the
VoxCelebl-E (cleaned) and VoxCelebl-H (cleaned) trial lists.
All models compared are based on the E-TDNN architecture.
E-TDNN-PTA was trained with two decoders connected to the
Child Embedding layer. For the task involving a large number
of verification speakers (i.e., the VoxCelebl-E (cleaned) trial
list), the proposed PEL-based embedding systems significantly
outperformed the baseline systems. Compared with E-TDNN,
E-TDNN-PEL reduced the EER by 7.6% (1.57% vs 1.7%).
Compared with E-TDNN-PTA, E-TDNN-PEL reduced the
EER by 6.5% (1.57% vs 1.68%). For the task with identity
restrictions (i.e., the VoxCelebl-H (cleaned) trial list), the
proposed E-TDNN-PEL systems also outperformed the E-
TDNN and E-TDNN-PTA systems and reduced the EER by
53% (2.67% vs 2.82%) and 3.6% (2.67% vs 2.77%),
respectively. Obviously, using an additional speaker classifier
connected to the penultimate fully-connected layer increases
the representation ability, and PEL that captures different
attributes at different layers effectively improves the SV
performance, compared with PTA that captures different
attributes at the same layer. On the other hand, in E-TDNN-PEL
Plus, three separate speaker classifiers were respectively
connected to the last three fully-connected layers for training.
The experimental result showed that the Parent Embedding 4,
of E-TDNN-PEL Plus obtained similar performance to the
Parent Embedding £, of E-TDNN-PEL. The reason may be
that Parent Embedding /., is mainly learned through Speaker
Classifier 1 and the second fully-connected layer with
parameters ©; ,, (as shown in Fig. 1), so using more additional
embedding layers in PEL does not improve its performance.

Table II shows the results of SV experiments using ECAPA-
TDNN with PEL architectures. For evaluation on the
VoxCelebl-E (cleaned) trial list, compared with ECAPA-
TDNN, ECAPA-TDNN-PEL reduced the EER by 6.0% (1.25%
vs 1.33%). For evaluation on the VoxCeleb1-H (cleaned) trial
list, ECAPA-TDNN-PEL achieved the best performance, and
the EER was reduced by 4.9% (2.14% vs. 2.25%) compared
with the ECAPA-TDNN systems. Furthermore, the PEL-based
embedding systems were also superior to the baseline
embedding systems in terms of minDCF, which means that the
PEL-based embedding systems had better performance than the
baseline embedding systems in achieving a low false positive
rate. On the other hand, we can see that the baseline embedding
systems achieved higher performance on Child Embedding (the
traditionally commonly used layer), but the PEL-based
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TABLE I
PERFORMANCE OF SPEAKER VERIFICATION EXPERIMENTS ON THE VOXCELEB1-E AND VOXCELEB1-H TRIAL LISTS USING E-TDNN WITH DIFFERENT SPEAKER
EMBEDDING LEARNING PROCEDURES

VoxCelebl-E (cleaned) VoxCelebl-H (cleaned)

System Backend EER (%) minDCF EER (%) minDCF
E-TDNN Parent Embedding /4, Cosine 2.20 0.2181 3.60 0.3045
PLDA 1.73 0.2184 3.12 0.3445
Child Embedding 4, Cosine 1.70 0.1791 2.82 0.2582
PLDA 1.88 0.2263 3.29 0.3442
E-TDNN + PTA Parent Embedding /4, Cosine 241 0.2346 3.94 03111

(the two decoders connected PLDA 1.71 02174 3.06 0.3374
to the child embedding layer  Chjld Embedding A 4, Cosine 1.68 0.1743 2.77 0.2444
are trained by two separate PLDA 213 02331 3.62 03397
speaker classifiers) Child Embedding B 4,5 Cosine 1.68 0.1745 2.77 0.2442
PLDA 1.89 0.2265 3.30 0.3433

E-TDNN-PEL Parent Embedding £, Cosine 1.59 0.1639 2.67 0.2427

(the last two fully-connected PLDA 1.57 0.1968 2.83 0.2960
layers are trained by two Child Embedding 4, Cosine 1.78 0.1856 2.95 0.2645
separate speaker classifiers) PLDA 181 0.2074 3.17 0.3092
E-TDNN-PEL Plus Parent Embedding £, Cosine 1.59 0.1657 2.69 0.2433
(the last three fully-connected PLDA 1.56 0.1978 2.83 0.2967
layers are trained by three Child Embedding £, Cosine 1.75 0.1878 2.94 0.2649
separate speaker classifiers) PLDA 176 0.2108 321 03164
Child Embedding /3 Cosine 1.91 0.2023 3.20 0.2952
PLDA 1.94 0.2259 3.54 0.3385

TABLE I
PERFORMANCE OF SPEAKER VERIFICATION EXPERIMENTS ON THE VOXCELEB1-E AND VOXCELEB1-H TRIAL LISTS USING ECAPA-TDNN wITH PEL
ARCHITECTURES

VoxCelebl-E (cleaned) VoxCelebl-H (cleaned)

System Backend EER (%) minDCF EER (%) minDCF
ECAPA-TDNN Parent Embedding £, Cosine 1.50 0.1509 2.51 0.2165
PLDA 1.42 0.1777 2.59 0.2828

Child Embedding /4, Cosine 1.33 0.1398 2.25 0.2005
PLDA 1.67 0.1931 2.96 0.2969

ECAPA-TDNN-PEL Parent Embedding £, Cosine 1.25 0.1383 2.14 0.1940
(the last two fully-connected PLDA 131 0.1591 2.39 0.2480
layers are trained by two Child Embedding £, Cosine 1.41 0.1510 2.44 0.2219
separate speaker classifiers) PLDA 1.73 0.1811 3.03 0.2771

embedding systems achieved higher performance on Parent
Embedding; and the baseline and PEL-based embedding
systems achieved similar performance on Child Embedding,
but PEL-based Parent Embedding was more effective than
baseline Parent Embedding. Therefore, the results confirmed
that the PEL-based method can effectively improve the
representation learning ability of speaker embeddings.

D. FEvaluation under Different Signal Conditions

Although previous experimental results have demonstrated
that the proposed PEL-based embedding systems can achieve
superior performance on the down-stream SV task on the
VoxCelebl dataset, the performance in real-world
environments may be disturbed in mismatched conditions. In
this experiment, three datasets were used to evaluate the impact
of mismatched conditions on the SV task, including Librispeech,
SITW, and CN-Celeb. The Librispeech dataset was used to
evaluate SV performance under clean conditions. Since
Librispeech does not provide a trial list for SV evaluation, we
selected audio files with IDs from 0001 to 0005 in audio
Chapters to generate a simulated trial list by exhaustive pairing.
Without pairing the same audio files, the selected 2,925 audio
files yielded 8,552,700 trial pairs (i.e., #pairs = 29252 —

2925). Table IIT shows the EER performance of SV on the trial
lists of these three evaluation datasets. Evaluated on the
Librispeech simulated trial list consisting of clean speech pairs,
ECAPA-TDNN-PEL reduced the EER by 10.9% compared
with ECAPA-TDNN (0.49% vs 0.55%). Evaluated on the
SITW EVAL core-core trial list consisting of pairs without
interference, ECAPA-TDNN-PEL reduced the EER by 17.9%
compared with ECAPA-TDNN (1.42% vs 1.73%). Evaluated
on the SITW EVAL core-multi and SITW EVAL assist-core trial
lists that contain interference in one of the paired audios,
compared with ECAPA-TDNN, ECAPA-TDNN-PEL reduced
the EER by 6.9% (2.96% vs 3.18%) and 7.4% (3.12% vs
3.37%), respectively. Evaluated on the SITW EVAL assist-
multi trial list, where both audios contain interference, ECAPA-
TDNN-PEL reduced the EER by 7.6% compared with ECAPA-
TDNN (3.91% vs 4.23%). Evaluated on the CN-Celeb trial list
consisting of pairs with different genres and language
mismatched conditions, ECAPA-TDNN-PEL reduced the EER
by 8.3% compared with ECAPA-TDNN (12.22% vs 13.32%).
Obviously, the ECAPA-TDNN-PEL embedding systems
consistently outperformed the baseline ECAPA-TDNN
embedding systems on all three datasets. From Table III, we can



> REPLACE THIS LINE WITH YOUR PAPER IDENTIFICATION NUMBER (DOUBLE-CLICK HERE TO EDIT) < 9

TABLE III
EERS (%) OF SPEAKER VERIFICATION EXPERIMENTS ON THE TRIAL LISTS OF THREE EVALUATION DATASETS
Trial List Backend E-TDNN E-TDNN-PEL ECAPA-TDNN ECAPA-TDNN-PEL
0 Fr 0 #, Ay #, Ay #,
Librispeech Cosine 0.83 0.57 0.54 0.65 0.60 0.55 0.49 0.57
PLDA 0.81 0.79 0.68 0.72 0.70 0.75 0.64 0.65
SITW core-core Cosine 4.69 2.53 2.38 2.48 1.92 1.74 1.60 1.68
PLDA 2.65 2.77 2.16 2.36 1.73 1.95 1.42 1.68
core-multi Cosine 9.11 4.26 3.64 3.90 391 3.18 2.96 3.23
PLDA 4.90 5.39 3.50 3.73 3.81 4.14 3.02 3.56
assist-core Cosine 9.34 4.41 3.88 4.12 4.34 3.37 3.12 349
PLDA 4.84 5.37 4.00 4.16 4.09 4.33 3.38 4.06
assist-multi Cosine 11.47 5.22 4.75 4.93 6.01 4.23 391 4.38
PLDA 6.17 6.99 4.73 5.06 5.14 5.44 4.20 5.00
CN-Celeb Cosine 15.91 13.61 13.63 14.47 15.58 13.32 12.22 13.11
PLDA 14.81 14.70 13.46 14.05 13.52 13.74 12.84 13.57
VoxCele6bl—E (cleaned) VoxCele6b1—E (cleaned)
5 5
4 4
SITW assist-multi 3 VoxCelebl-H (cleaned) SITW assist-multi 3 VoxCelebl-H (cleaned)
T e
0 e 0 e

SITW assist-core SITW core-core

SITW core-multi

—o—E-TDNN E-TDNN-PEL

SITW assist-core SITW core-core

SITW core-multi

—o—ECAPA-TDNN ECAPA-TDNN-PEL

Fig. 4. EERs of PEL-based and baseline embedding systems evaluated on various datasets (based on the best EERs in each trial list).

95

90

85

80

Accuracy (%)

75

70

# Enroll utterance

«+M--E-TDNN, Parent Embedding
E-TDNN-PEL, Parent Embedding E-TDNN-PEL, Child Embedding

—#—ECAPA-TDNN, Parent Embedding ~#—ECAPA-TDNN, Child Embedding

~—4— ECAPA-TDNN-PEL, Parent Embedding ==#==ECAPA-TDNN-PEL, Child Embedding

E-TDNN, Child Embedding

Fig. 5. Performance of speaker identification on varying numbers of enrollment
utterances from 1,251 speakers on the VoxCeleb! dataset.

also see that the E-TDNN-PEL embedding systems were
superior to the baseline E-TDNN embedding systems on all
three datasets. In addition, it is worth noting that the
performance improvement of the PEL-based embedding
systems over the baseline embedding systems in out-of-domain

was greater than that in in-domain, as shown in Fig. 4. The
results confirmed that PEL can effectively increase the
generalization ability of speaker embedding.

E. Evaluation under Different Duration Conditions

In this experiment, we analyzed the effect of the number of
enrollment utterances on the speaker identification task. We
used the VoxCelebl speaker identification labels of 1,251
speakers (see iden_split.txt on the VoxCelebl webpage) for
audio enrollment and evaluation. As shown in Fig. 5, as the
number of enrollment utterances increases, the accuracy of all
models continues to improve. ECAPA-TDNN-PEL (Parent
Embedding) achieved the best performance regardless of the
number of enrollment utterances, even if the speaker provided
only one utterance for enrollment. The results showed that the
PEL-based embeddings show reliable representation ability,
and it can be applied to situations with less enrollment data to
achieve minimal recognition errors.

F. Residual Block PEL

As described in Section III-B, different but closely-related
Parent Embedding and Child Embedding can be learned by
residual mapping. Furthermore, multi-scale feature extraction
between Parent Embedding and Child Embedding can be
implemented by the Res2Net structure. In this experiment, we
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TABLE IV
PERFORMANCE OF PEL-BASED AND RESPEL-BASED EMBEDDING SYSTEMS ON THE VOXCELEB1-E AND VOXCELEB1-H TRIAL LISTS USING COSINE SIMILARITY

10

Input Feature

VoxCelebl-E (cleaned) VoxCelebl-H (cleaned)

System (Dim.-Type) #Aug. Samples  #Params Loss Function EER (%) minDCF__EER (%) minDCF
ECAPA-TDNN (C=1024) [35] 80-MFCCs v 6,552,054 14.7M AAM-Softmax 1.12 0.1318 2.12 0.2101
MFA-TDNN (Standard) [61] 80-FBanks v 5,460,045 7.3M AAM-Softmax 1.08 0.1175 2.05 0.1897
ARET-25 [63] 161-Spec. x 0 12.2M AAM-Softmax 1.52 - 2.61 -
ResNet18 [35] 80-MFCCs Y 6,552,054 13.8M AAM-Softmax 1.60 0.1789 2.88 0.2672
ResNet34 [35] 80-MFCCs v 6,552,054 23.9M AAM-Softmax 1.33 0.1560 2.46 0.2288
ResNet160 [32] 40-FBanks v 5,000,000 - AAM-Softmax 1.38 - 2.50 -
ResNet256 [32] 40-FBanks v~ 5,000,000 - AAM-Softmax 1.35 - 2.48 -
Res2Net-26w8s [57] 80-FBanks v - 9.3M Softmax 1.47 0.1692 2.72 0.2717
H/ ASP [60] 64-FBanks % 0 8.0M AP+Softmax 1.42 - 2.77 -
H / ASP [60] 64-FBanks v - 3.0M AP+Softmax 1.07 - 2.21 -
ECAPA-TDNN (Re-implemented)  80-MFCCs ¥ 1,000,000 14.7M AM-Softmax fq 1.50 0.1509 2.51 0.2165
h, 1.33 0.1398 2.25 0.2005
concat 1.35 0.1404 2.30 0.2041
ECAPA-TDNN-PEL 80-MFCCs v~ 1,000,000 15.8M* AM-Softmax #y 1.25 0.1383 2.14 0.1940
h, 1.41 0.1510 2.44 0.2219
concat 1.30 0.1393 2.26 0.2042
ECAPA-TDNN-ResPEL 80-MFCCs ¥ 1,000,000 15.8M* AM-Softmax #y 1.17 0.1223 2.03 0.1895
h, 1.17 0.1234 2.05 0.1895
concat 1.16 0.1229 2.04 0.1882
ECAPA-TDNN-Res2PEL 80-MFCCs v~ 1,000,000 15.8M* AM-Softmax fq 1.17 0.1260 2.05 0.1882
h, 1.29 0.1423 2.29 2.2061
concat 1.17 0.1259 2.05 0.1882

* Compared with ECAPA-TDNN, the proposed ECAPA-TDNN-PEL, ECAPA-TDNN-ResPEL and ECAPA-TDNN-Res2PEL models used an additional
classifier with about 1.15M parameters (i.e., #Params = 192 x 5994) for Parent Embedding learning. In the evaluation stage, the additional classifier was not
used, and the total number of parameters remained the same as the ECAPA-TDNN model.

investigated whether the ECAPA-TDNN-PEL embedding
system can be improved by introducing a residual connection
or Res2Net structure between Parent Embedding and Child
Embedding. As shown in Table IV, evaluated on the
VoxCelebl-E (cleaned) and VoxCeleb1-H (cleaned) trial lists,
ECAPA-TDNN-ResPEL outperformed ECAPA-TDNN-PEL
and reduced the EER by 6.4% (1.17% vs 1.25%) and 5.1%
(2.03% vs 2.14%), respectively. The proposed systems were
also compared with other SOTA systems in Table IV. Because
the amount of data augmentation in [35] was about six times the
amount used in this study, ECAPA-TDNN (Re-implemented)
performed worse than ECAPA-TDNN (C=1024) [35]. Kwon et
al. [60] revealed that data augmentation helps to significantly
improve performance and reduce overfitting. But we can see
that ECAPA-TDNN-ResPEL outperformed ECAPA-TDNN
(C=1024) in most cases (e.g., EER: 2.03% vs 2.12% and
minDCF: 0.1895% vs 0.2101% on the VoxCeleb1-H (cleaned)
set), and both ECAPA-TDNN-PEL and ECAPA-TDNN-
ResPEL always outperformed ResNet systems. Therefore, the
experimental results showed the robust speaker representation
ability of the PEL-based systems. Furthermore, ECAPA-
TDNN-ResPEL performed slightly worse than the MFA-
TDNN (Standard) [61] and H / ASP [60] systems on the
VoxCelebl-E (cleaned) trial list, but achieved the best
performance on the VoxCelebl-H (cleaned) trial list. In
addition,  ECAPA-TDNN-Res2PELL  achieved  similar
performance to ECAPA-TDNN-ResPEL. Although ECAPA-
TDNN-Res2PEL did not further improve SV performance over
ECAPA-TDNN-ResPEL, it still achieved a significant
performance improvement compared to conventional ECAPA-
TDNN (Re-implemented). It is worth noting that the proposed

Parent Embedding learning does not change the backbone
structure and can be effortlessly combined with different
embedding-based model architectures (e.g., E-TDNN,
ECAPA-TDNN, and MFA-TDNN). On the other hand, an
encouraging result was that Parent Embedding and Child
Embedding of ECAPA-TDNN-ResPEL had  similar
performance, while Child Embedding was worse than Parent
Embedding for ECAPA-TDNN-PEL. The results confirmed
that adding a residual connection between Parent Embedding
and Child Embedding can learn closely-related and more robust
representations. Finally, we further analyzed the SV
performance of the concatenated Parent Embedding 4, and
Child Embedding #,. The results show that the concatenated
embedding (cf. concat in Table IV) did not significantly
improve the SV performance.

G. PAS-Norm for Anti-Interference

In previous experiments, although the proposed PEL-based
embedding systems can achieve superior SV performance
compared with the baseline systems, the performance dropped
significantly when the testing data contained interference. In
view of this, the proposed PAS-Norm method was dedicated to
dealing with the influence of interference on SV. Table V shows
the results of SV experiments using PAS-Norm with different
partial score aggregations. As described in Section III-C, the
largest similarity score of two candidate embeddings was
selected to measure the normalization score. We compared the
performance of PAS-Norm based on maximum, average, and
minimum. The average-based PAS-Norm is similar to the AS-
Norm over test time augmentation (TTA) [43]. From Table V,
we can see that the maximum-based PAS-Norm performed
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TABLE V
EERS (%) OF SPEAKER VERIFICATION EXPERIMENTS ON THE TRIAL LISTS OF VOXCELEBI1, SITW AND CN-CELEB DATASETS WITH DIFFERENT PARTIAL SCORE
AGGREGATIONS OF PAS-NORM USING PARENT EMBEDDING OF ECAPA-TDNN-RESPEL

(w/o interference)

(w/ interference from other speakers) (multi-genre)

Norm. Type Aggr. Type VoxCelebl-E VoxCelebl-H SITW SITW SITW SITW
. . . . CN-Celeb
(cleaned) (cleaned) core-core core-multi assist-core assist-multi
Original - 1.31 2.37 1.74 3.27 3.39 4.29 13.91
AS-Norm - 1.17 2.03 1.56 3.02 3.16 4.02 12.80
PAS-Norm /AVerage (similar to AS-Norm 1.30 2.26 1.66 3.24 3.25 4.12 13.37
+TTA)
Maximum 1.31 2.26 1.48 2.51 2.49 3.04 12.58
Minimum 231 3.83 3.88 7.29 6.79 8.54 19.24
TABLE VI

EERS (%) OF SPEAKER VERIFICATION EXPERIMENTS ON THE TRIAL LISTS OF VOXCELEBI1, SITW AND CN-CELEB DATASETS WITH DIFFERENT SCORE
NORMALIZATION METHODS

(w/o interference)

(w/ interference from other speakers) (multi-genre)

System / Embedding Norm. Type VoxCelebl-E VoxCelebl-H SITW SITW SITW SITW
. . . . CN-Celeb
(cleaned) (cleaned) core-core core-multi assist-core assist-multi
ECAPA-TDNN-PEL / Original 1.38 243 1.83 3.16 3.20 4.09 13.12
Parent Embedding £, Z-Norm 1.35 2.39 1.63 3.02 3.35 4.10 13.12
T-Norm 1.35 2.40 1.68 3.14 3.16 4.01 12.46
S-Norm 1.31 232 1.55 3.04 3.18 3.98 12.68
AZ-Norm 1.28 222 1.68 297 3.10 4.02 13.04
AT-Norm 1.29 221 1.64 2.97 3.09 3.92 11.72
AS-Norm 1.25 2.14 1.60 2.96 3.12 391 12.22
PZ-Norm 1.55 2.74 1.67 2.58 2.85 3.37 13.18
PT-Norm 1.58 2.75 1.76 2.71 2.71 3.29 12.36
PS-Norm 1.50 2.63 1.59 2.54 2.69 3.27 12.61
PAZ-Norm 1.44 2.46 1.76 2.58 2.52 322 13.08
PAT-Norm 1.48 2.50 1.86 2.65 2.68 3.27 11.34
PAS-Norm 1.39 2.36 1.65 2.51 2.55 3.12 12.04
ECAPA-TDNN-ResPEL / Original 1.31 2.37 1.74 3.27 3.39 4.29 13.91
Parent Embedding /4, Z-Norm 1.27 231 1.49 3.00 3.46 4.28 13.65
T-Norm 1.27 2.30 1.57 3.24 3.18 4.05 13.12
S-Norm 1.23 221 1.45 3.08 3.27 4.14 13.31
AZ-Norm 1.20 2.11 1.48 2.98 3.24 4.15 13.50
AT-Norm 1.20 2.11 1.66 3.08 3.10 3.99 12.46
AS-Norm 1.17 2.03 1.56 3.02 3.16 4.02 12.80
PZ-Norm 1.48 2.66 1.53 2.49 2.83 3.32 13.75
PT-Norm 1.49 2.66 1.75 2.74 2.55 322 13.16
PS-Norm 1.41 2.52 1.43 2.53 2.65 322 13.25
PAZ-Norm 1.35 2.35 1.53 2.51 2.64 3.25 13.48
PAT-Norm 1.38 242 1.81 2.74 251 3.08 12.13
PAS-Norm 1.31 2.26 1.48 2.51 2.49 3.04 12.58
ECAPA-TDNN-Res2PEL/  Original 1.31 2.30 1.64 3.03 3.37 4.19 13.59
Parent Embedding /4, Z-Norm 1.29 2.29 1.56 2.94 3.30 4.05 13.53
T-Norm 1.28 228 1.61 3.01 3.36 4.04 12.98
S-Norm 1.25 222 1.52 2.86 3.30 4.03 13.12
AZ-Norm 1.21 2.11 1.53 2.89 3.18 4.03 13.44
AT-Norm 1.20 2.12 1.60 2.87 3.23 3.97 12.11
AS-Norm 1.17 2.05 1.54 2.80 3.21 4.03 12.60
PZ-Norm 1.48 2.64 1.59 246 2.77 3.28 13.53
PT-Norm 1.51 2.67 1.72 2.62 2.67 3.24 12.77
PS-Norm 1.44 2.53 1.57 2.44 2.64 3.24 13.01
PAZ-Norm 1.37 2.35 1.57 2.40 2.67 3.28 13.54
PAT-Norm 1.39 2.40 1.77 2.65 2.64 3.09 11.66
PAS-Norm 1.33 227 1.54 2.43 2.58 3.11 12.25

worse than AS-Norm when evaluated on two VoxCelebl trial
lists consisting of pairs without interference, but achieved
significant performance gains on other trial lists, especially
those with pairs interfered by other speakers. The average-
based PAS-Norm also had some effect, but performed worse
than the AS-Norm, while the minimum-based PAS-Norm
performed even worse than the baseline without normalization.

The results show that the proposed maximum-based PAS-Norm
with partial score aggregation can provide robust speaker
discrimination and effectively improve SV under interference
conditions and different genres.

Table VI shows the results of SV experiments on the
VoxCelebl, SITW and CN-Celeb trial lists with different score
normalization methods. We compared our maximum-based
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Fig. 6. EERs of average score fusion of AS-Norm and PAS-Norm evaluated with PEL-based Parent Embedding.

PAS-Norm method with several classical score normalization
methods [54][62]. We also applied partial score aggregation to
these normalization methods, yielding PZ-Norm, PT-Norm,
PS-Norm, PAZ-Norm, and PAT-Norm. From Table VI, we can
see that across all 12 test cases with interference or different
genres, the best performing normalization method is always the
normalization method with partial score aggregation. We can
also see that PAS-Norm outperformed other score
normalization methods in 5 out of 9 cases with interference,
including ECAPA-TDNN-PEL Parent Embedding on the
SITW EVAL core-multi (EER=2.51%) and SITW EVAL assist-
multi (EER=3.12%) trial lists, ECAPA-TDNN-ResPEL Parent
Embedding on the SITW EVAL assist-core (EER=2.49%) and
SITW EVAL assist-multi (EER=3.04%) trial lists, and ECAPA-
TDNN-Res2PEL Parent Embedding on the SITW EVAL assist-
core (EER=2.58%) trial list. In the rest of the cases with
interference, PAS-Norm performed the second best in 4 cases,

including ECAPA-TDNN-PEL Parent Embedding on the
SITW EVAL assist-core (EER=2.55%) trial list, ECAPA-
TDNN-ResPEL Parent Embedding on the SITW EVAL core-
multi (EER=2.51%) trial list, and ECAPA-TDNN-Res2PEL
Parent Embedding on the SITW EVAL core-multi (EER=2.43%)
and SITW EVAL assist-multi (EER=3.11%) trial lists. On the
other hand, we can see from Table VI that AS-Norm performed
the best in 6 out of 9 test cases without interference, while S-
Norm performed the best on the SITW EVAL core-core trial list.
We can also see that PAS-Norm performed only slightly worse
than S-Norm on the SITW EVAL core-core trial list (1.65% vs
1.55%, 1.48% vs 1.45%, and 1.54% vs 1.52%). Obviously, the
performance degradation caused by PAS-Norm on this dataset
is relatively smaller than the performance gain provided by
PAS-Norm on other datasets. Taken together, the results in
Table VI confirm both partial score aggregation and PAS-Norm
are effective in dealing with interference.
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H. Integration of AS-Norm and PAS-Norm

As shown in the above section, PAS-Norm based on partial
score aggregation outperformed AS-Norm on all trial lists with
interference, but performed worse than AS-Norm on two
VoxCelebl trial lists without interference. The major reason is
that candidate embedding pairs corresponding to partial signals
may have increased similarity scores due to the comparison of
unvoiced segments, even if the two speech signals are from
different speakers. In this experiment, we integrated AS-Norm

and PAS-Norm by average score fusion to achieve stable results.

The results of SV are shown in Fig. 6. Evaluated on two
VoxCelebl trial lists, average score fusion effectively reduced
the instability of PAS-Norm and achieved similar performance
to AS-Norm. Evaluated on the SITW trial lists, average score
fusion performed slightly worse than PAS-Norm, but much
better than AS-Norm. Evaluated on the CN-Celeb trial list,
average score fusion was superior to AS-Norm and PAS-Norm.
In summary, the average score fusion of AS-Norm and PAS-
Norm achieved stable results, demonstrating robust comparison
capabilities in SV under recording conditions without or with
interference (such as interference from other speakers or
different genres).

V. CONCLUSIONS

A robust speaker embedding model must have good
generalization ability and anti-interference ability to be applied
to complex real-world environments. In this paper, we have
proposed a parent embedding learning (PEL) method for
training the speaker embedding extractor, so that the extracted
speaker embeddings have better generalization ability when
applied to down-stream SV tasks. The main idea is to connect
each embedding layer to an individual speaker classifier when
training the speaker embedding extractor to learn discriminative
representations. Furthermore, we have proposed a partial
adaptive score normalization (PAS-Norm) method to reduce the
influence of interference on speaker embedding similarity
comparisons. The results of experiments on the VoxCelebl
dataset show that the PEL-based embeddings can achieve better
SV performance than the SOTA ECAPA-TDNN x-vector
embeddings. The results of experiments on the SITW and CN-
Celeb datasets show that PAS-Norm outperformed AS-Norm
and other classical score normalization methods in the presence
of interference from other speakers and different recording
situations. From the experimental results, the proposed PEL and
PAS-Norm have the potential to improve the applicability of
SV in complex real-world environments.

In our future work, several issues will be considered to
generate reliable speaker embeddings, including emotional
speech, mixed speech, far-field scenarios, and various noisy
environments.
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