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Abstract: Recently, there has been a significant surge of interest in Self-Attention Networks (SANs)
based on the Transformer architecture. This can be attributed to their notable ability for parallelization
and their impressive performance across various Natural Language Processing applications. On
the other hand, the utilization of large-scale, multi-purpose language models trained through self-
supervision is progressively more prevalent, for tasks like speech recognition. In this context, the
pre-trained model, which has been trained on extensive speech data, can be fine-tuned for particular
downstream tasks like speaker verification. These massive models typically rely on SANs as their
foundational architecture. Therefore, studying the potential capabilities and training challenges of
such models is of utmost importance for the future generation of speaker verification systems. In
this direction, we propose a speaker embedding extractor based on SANs to obtain a discriminative
speaker representation given non-fixed length speech utterances. With the advancements suggested in
this work, we could achieve up to 41% relative performance improvement in terms of EER compared
to the naive SAN which was proposed in our previous work. Moreover, we empirically show the
training instability in such architectures in terms of rank collapse and further investigate the potential
solutions to alleviate this shortcoming.

Keywords: speaker recognition; self-attention networks; transformer; speaker embeddings

1. Introduction

The use of Deep Learning (DL) to extract a single low dimensional vector representa-
tion of the speaker characteristics from speech signal has become the de facto technique in
many Speaker Recognition (SR) systems. These vector representations, often called speaker
embeddings, can be constructed in an unsupervised (e.g., [1,2]), supervised (e.g., [3–6]),
and self-supervised (e.g., [7–9]) regime. In the supervised approach, using speaker labels
from the development set, a neural network is typically trained for classification purposes.
Then, during the inference, the output layer is dropped, the network is fed by a sequence
of feature vectors from an unknown speaker, and the combined representation from one or
more hidden layers is considered as the speaker embedding [4,5].

On the other hand, the success of sequence-to-sequence (seq2seq) models in tasks
like Neural Machine Translation (NMT) or Automatic Speech Recognition (ASR) is mostly
due to attention mechanisms [10–12]. These techniques are used in seq2seq models to
assist the decoder in determining which portion of the sequence has to be translated or
recognized. There are different methods to apply the attention mechanism, one of which
is self-attention. In self-attention, the attention mechanism is applied to every position
of the input itself. This kind of attention has shown promising results in a variety of
tasks, such as NMT [11], semantic role labeling [13], language representations [14], and
recently in vision [15] for image recognition. The use of self-attention in networks like
Transformer [11] has become very common because of its strong parallelization capacity for
computation and adaptability in modeling dependencies regardless of distance. Multi-head
attention is a recently developed attention mechanism that was first put forth in [11] for

Appl. Sci. 2023, 13, 6410. https://doi.org/10.3390/app13116410 https://www.mdpi.com/journal/applsci

https://doi.org/10.3390/app13116410
https://doi.org/10.3390/app13116410
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-5916-8575
https://orcid.org/0000-0002-1730-8154
https://doi.org/10.3390/app13116410
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/article/10.3390/app13116410?type=check_update&version=1


Appl. Sci. 2023, 13, 6410 2 of 14

a Transformer architecture and showed great promise in a number of downstream tasks,
including [11,15–17].

During the last few years, discriminative models based on attention for speaker
embedding extraction became popular in the SR community. Typically, this attention
mechanism is employed in the pooling layer as a substitute for statistical pooling. Its
purpose is to extract a single, condensed vector representation of the speaker characteristics
from a speech signal [6]. Attention is utilized in [18–20] to consolidate hidden states of
a Recurrent Neural Network (RNN) and create speaker embeddings for text-dependent
speaker verification. A unified approach that combines attention for both speaker and
language recognition is presented in [21]. In [22], a multi-attention mechanism is introduced,
inspired by [23], which employs multiple attention models to capture diverse information
from encoder features. Additional studies such as [24,25] have investigated different
adaptations of multi-head attention for the pooling layer. Even though there are various
attempts in employing the self-attention mechanism for speaker embedding extraction, only
a few works tried to show the efficiency of models that are solely relied on Self-Attention
Networks (SANs) to extract speaker embeddings [26,27].

Despite the attempts in employing the SANs, there are difficulties in applying these
architectures to different downstream tasks. There are several studies to enhance the
efficiency of Multi-Head Attentions (MHAs), such as [28,29]. It is usually believed that
the efficiency of transformer-based architectures is rooted in their ability to jointly attend
multiple positions mainly due to the MHA mechanism. However, there are multiple
studies that try to answer this question, is MHA really necessary for SANs? Michel et al.
in [30] observed that in models trained with multiple attention heads, a considerable
number of heads can be removed during the inference without substantially affecting the
model’s performance. Interestingly, it was shown that in practice some layers can even
be reduced to a single head. In another attempt, Voita et al. in [31] showed that for an
NMT task, translation relies on only a limited number of heads that are crucial. They
also conclude that significant heads possess specific and interpretable functionalities in
the model. These functionalities are associated with attention toward adjacent words and
tokens in specific syntactic dependency relations. It is also demonstrated in [32], that
attending multiple positions at once is not exclusively a characteristic of MHA. They have
shown that multi-layer single-head attention also attends multiple positions and yields
better results. However, they claimed that the primary advantage of multi-head attention
lies in its training stability, as it requires fewer layers compared to single-head attention
while attending the same number of positions. For instance, a 24-layer 16-head Transformer
(BERT-large) and a 384-layer single-head Transformer have equivalent total attention head
numbers and about the same model size, but the multi-head approach is considerably
less deep. Since due to the recent advances in DL, the obstacle of training difficulty is
no longer a limiting factor, it is possible to achieve consistent performance improvement
without tuning hyper-parameters by going for a deeper single-head Transformer. In other
words, single head attention with more layers is more efficient than MHA with less number
of layers.

However, stacking more layers in SAN-based architectures introduces another com-
mon problem in neural networks, namely rank collapse. It was demonstrated in [33] that in
the absence of residual connections, the rank of the sequence representation in Transformer
collapses in a doubly exponential manner with increasing depth. In the presence of a rank
collapse, the model fails to differentiate between the representations of different tokens.
The rank collapse and the conditions to alleviate such a problem are heavily studied in [34]
for an NMT task. It was shown that stacking self-attention layers during initialization can
lead to the rank collapse of token representation. The intensity of this phenomenon makes
it even more difficult for the model to learn meaningful attention weights. Additionally, a
technique called DeepNorm that modifies both initialization and the residual connection
was put forth in [35].
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The main contributions of this work are two-fold. We first introduce a speaker embed-
ding extractor for speaker verification, which is designed based on inspiration from SANs,
operating in an end-to-end manner. We present architectural advances to improve the
performance compared to our previous SAN-based approach. It is demonstrated that self-
attention mechanisms effectively capture time-invariant features from speech, leading to a
discriminative representation of the speaker. The proposed end-to-end architecture consists
of a pre feed-forward feature extractor, an encoder, a pooling layer, and a Deep Neural
Network (DNN) classifier. The encoder and pooling layer exclusively utilize self-attention
and feed-forward networks to generate discriminative speaker embeddings. The difference
between the newly proposed architecture and our previous work in [26] can be summarized
into (1) the addition of the pre feed-forward feature extractor, (2) the placement of the layer
normalization, and (3) the replacement of ReLU activations by Gaussian Error Linear Unit
(GELU) [36] in the position-wise feed-forward network of the encoder. Unlike our prior
work where the focus was on mobile devices and the lightness of the model [26], here we
focus on the performance of the model considering that the model is hosted on a cloud or
more powerful devices compared to mobiles. In order to show the efficacy of the proposed
approach, the speaker verification system is evaluated on Voxceleb1-O, VoxCeleb1-E, and
VoxCeleb1-H protocols [37].

Second, we empirically show the training instability in the framework of rank collapse
and further study DeepNorm strategy as a potential mechanism to alleviate this shortcom-
ing. Rank collapse is introduced as a source of the problem that results in performance
degradation in SAN-based architectures. This is of utmost importance, especially while
trying to take advantage of large language models pre-trained on huge amounts of speech
data for other speech-related tasks and then fine-tuned for speaker verification.

The rest of the paper is organized as follows. Section 2 introduces the Self-Attention
Networks and their formulation in this paper. The system architecture is presented in
Section 3, where you can find all the building blocks of the proposed network. There is an
introduction to rank collapse and its analysis in SAN architectures in Section 4. Section 5
presents the experimental setup such as the dataset and training hyper-parameters for
all the experiments conducted in this paper. The results and discussion are explained in
Section 6. Finally, the conclusions are provided in Section 7.

2. Self Attention Networks

Self-Attention Networks are built by stacking one or more blocks of SAN. Each block
of SAN usually comprises two sub-layers. A Multi-Head Self-Attention mechanism makes
up the first sub-layer, while a position-wise feed-forward network makes up the second [11].
Around each of the two sub-layers, a residual connection is used, and it is either followed
(Post-LN) or preceded (Pre-LN) by a layer normalization [38]. The attention is applied to
every position of the input sequence to produce representations. This is accomplished by
employing a series of linear projections. Consider an input sequence X = [x1, x2, . . . , xL]

T

of length L, with xl ∈ Rdm , and a set of parameters {WQ, WK} ∈ Rdm×dk , WV ∈ Rdm×dv , the
model transforms the input into namely queries Q ∈ RL×dk , keys K ∈ RL×dk , and values
V ∈ RL×dv :

Q = XWQ, K = XWK, V = XWV (1)

The calculation for the output of each time instance, represented as ol in the attention
layer, is as follows:

ol = (Attn(ql , K)V)WO (2)

where Attn(·) is a function that for a given query ql and the keys K returns the attention
value. Additive attention [10] and dot-product attention [39] are the two most often
employed attention functions. The attention mechanism used here is a scaled-down
variation of the dot-product attention mechanism, which was first put forth in [11]. In
comparison to additive attention, it is in practice significantly faster and more space-
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efficient. The additive attention performs better than the dot-product attention when the
dimension dk increases [39]. In order to bridge the performance difference between the two
while maintaining its benefits, the scaling factor is useful. The formulation of the attention
mechanism’s ultimate output representation O is as follows:

O =

(
So f tmax(

QKT
√

dk
)V

)
WO (3)

where WO ∈ Rdv×dm is a linear layer that projects the final output into O ∈ RL×dm . The
output of the attention mechanism is passed on to the position-wise feed-forward net-
work. It is applied to each position separately and identically. This includes two linear
transformations with a GELU [36] activation in between:

FFN(u) = gelu(uW1 + b1)W2 + b2 (4)

where u and FFN(u) are the input and output of the feed-forward network, respectively.
Although these linear transformations vary from layer to layer, they are the same across
different positions. W1 ∈ Rdm×d f f and W2 ∈ Rd f f×dm can be considered as two convolutions
with kernel size of 1, while d f f is the feed-forward dimension. The GELU non-linearity
is defined as the expected transformation of the stochastic regularizer on an input. This
statement, roughly speaking, says that we scale x according to how much greater it is
than other inputs. Since the error function is frequently used to calculate the cumulative
distribution function Φ(x) of a Gaussian, we define the GELU as:

gelu(x) = xP(X ≤ x) = xΦ(x) = x · 1
2
[1 + er f (

x√
2
)] (5)

We can approximate the GELUs with:

gelu(x) ' 0.5x(1 + tanh(
√

2/π(x + 0.044715x3))) (6)

The placement of the layer normalization is important for both performance and
training stability in Transformer based architectures. The original Transformer used Post-
LN while people in [40] found Pre-LN more useful for their task. Both placements were
studied in [41] and was shown that the Pre-LN residual connections improve the stability
of Transformers. However, as shown in [42] Pre-LN performs worse than Post-LN because
its gradients in the bottom layers frequently tend to be larger than those at the top layers.
In order to address the aforementioned problem, the optimization of deep Transformers
has been improved through better initialization [43–45], or better architecture [42,46–48].
In this work we considered the Pre-LN to more stabilize the training process.

3. System Architecture

As depicted in Figure 1 the system described in this study can be broken down into
four main components, namely a pre feed-forward feature extractor, an encoder, a pooling
layer, and a DNN classifier. The very first layer is a linear feed-forward neural network
which is applied on the frequency dimension of the input utterance. The encoder is a
stack of N identical SAN blocks with a single-head self-attention mechanism as proposed
in [32]. The encoder network produces a sequence of feature vectors as its output. These en-
coded features are subsequently transformed into a comprehensive speaker representation
through the pooling mechanism. The fourth stage of the network involves a DNN classifier,
which generates speaker posteriors. The output from the pooling layer serves as speaker
embeddings, which can be utilized for tasks like speaker verification using methods such
as cosine scoring or more advanced back-end techniques.
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Figure 1. The architecture diagram of the proposed system. It shows that the encoder consists of N
layers, where each layer is composed of a sequence of attention mechanisms followed by position-
wise feed-forward networks. Residual connections and layer normalization are employed for each
sub-layer.

The encoder based on SAN generates a sequence of speaker representations at the
short-term frame level. To transform these frame-level features into an utterance-level
vector, a self-attention pooling layer is utilized, following the approach outlined in [26].
This pooling layer employs an additive attention mechanism that calculates the compati-
bility function using a feed-forward network featuring a single hidden layer. Given the
sequence of encoded features H = [h1, h2, . . . , hL]

T ∈ RL×dm , we compute the segment-level
representation C as:

C = So f tmax(Wc HT)H (7)

where Wc ∈ Rdm is a trainable parameter. This self-attention mechanism can be interpreted
as a dot product attention, where the keys and values represent the same representation,
while the query is a trainable parameter. Consequently, C is calculated as a weighted aver-
age of the encoder sequence of features. These weights reflect the alignment learned by the
self-attention mechanism. It is important to note that unlike [22,49], here the attention is not
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used to extract the statistics necessary for the pooling. Rather, the entire statistical pooling
process is substituted with a straightforward additive attention mechanism, resulting in
reduced computational overhead.

The pooling layer produces a fixed-length vector, which is then passed into a DNN
classifier to generate speaker posteriors. However, unlike [26] we only consider a softmax
layer as our classifier to calculate a multi-class cross-entropy objective during training.
Once the network is trained, there can be one or multiple points where we can extract the
speaker embeddings. For example in [26], embeddings are derived from one of the DNN
layers after the application of a non-linearity function. Instead of utilizing the previous
layer prior to the softmax operation as the speaker embedding, the authors opted for the
second previous layer, as done in [50]. This choice is motivated by the findings of [4], which
suggest that the second previous layer exhibits improved generalization and contains
speaker-discriminative information that is less specific to the training data. However, in
our recent experiments, we directly extract the embeddings after applying the pooling.
There are other studies such as [51], where people considered more than one layer for the
embeddings and they combine multiple speaker embeddings to shape a single embedding
for a speaker.

4. Rank Collapse in Self-Attention Networks

It is widely recognized that the expressive power of neural networks is enhanced by
increasing the depth of the network [52]. However, increasing the depth in gradient-based
methods it is usually led to a slowdown of the learning process which is commonly a
consequence of unstable gradient norms in deep networks [53]. The initialization of the
layer weights is one of the key players in training neural networks. The common practice
in random initialization of layer weights involves selecting i.i.d entries from a zero-mean
Gaussian or uniform distribution. It is sometimes accompanied by a scaling factor to
maintain a constant variance of the layer activation across different layers [54,55]. Saxe et al.
in [56] observed that such initialization for linear neural networks causes the majority
of singular values in the last layer’s activation to collapse toward zero with increasing
depth. In other words, this initialization approach cannot avoid spectral instabilities in
deep networks [57]. Additional methods such as residual connections and normalization
layers are required to enhance the stabilization of the training process of deep architectures
with such standard i.i.d initialization schemes as for example appeared in [55,57–59].

It was demonstrated in [33] that when there are no residual connections in the Trans-
former model, the rank of the sequence representation decreases rapidly by increasing
depth. It was also shown that layer normalization and fully connected layers can to some
extent mitigate the rate of degeneracy. This shows the importance of the initialization
step in Transformer-based architectures. When there is a rank collapse, the model fails to
differentiate between representations of distinct tokens, as they become perfectly aligned
in the feature space during initialization.

Noci et al. in [34] showed for an NMT task that stacking self-attention layers can bring
about the rank collapse in tokens’ representation at the start of the training process by caus-
ing the known vanishing (small) gradients phenomenon in the keys and queries’ parameter
matrices. This issue significantly hampers the model’s ability to acquire meaningful atten-
tion weights, and its impact is amplified with increasing depth. As the rank deficiency and
consequent vanishing gradient problem of the queries and keys manifest across multiple
layers, the problem is further exacerbated. The conditions under which the rank collapse
can be avoided were also investigated in [34] at initialization. Their findings revealed
that scaling the residual branches in a manner dependent on the depth, not only does it
stabilize the activation norms during initialization, but it also approximately preserves the
cosine of the angle between tokens. Consequently, this stabilization also helps maintain the
rank of the propagating sequence. They also highlighted a different dependence on the
input dimension dm and the length of the input sequence, which suggests that the gradient
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norm of a subset of parameters has the potential to differ significantly in magnitude. This
observation aligns with previous empirical evidence from related studies [47].

In another attempt, Wang et al. proposed a method in [35] called DeepNorm which
modifies both initialization and residual connection. It combines the residual connections
in each attention and feed-forward layer for training a Transformer. In order to avoid large
parameter updates, it scaled up each residual connection’s computation by a constant α.
Mathematically, residual connections usually output x + f (x), where f (x) is the function
computed by the previous layer. However, in DeepNorm the output of the residual
connection is computed using αx + f (x). It also scaled down the initial parameter values
to avoid large updates in the early stages of training. Using this approach they were able to
train Transformer models with 1000 layers.

Before going further we first give the formal definition of the rank collapse in matrices.
Assuming our weight matrix W ∈ RN×M, the Singular Value Decomposition (SVD) can be
formulated as:

W = UΣVT (8)

with νi = Σii for i = 1, · · · , M as singular values. The hard rank of this matrix is simply
defined as the non-zero singular values, νi > 0. If all the singular values are non-zero, we
say W is full rank. If one or more νi ∼ 0, then we say W is singular. It loses expressiveness,
and the model is undergone rank collapse.

5. Experimental Setup

The VoxCeleb datasets [37,60,61] are used in all of our experiments. They consist of
speech segments extracted from a wide range of YouTube videos, encompassing diverse
scenarios such as clean studio interviews, red carpet interviews, outdoor environments
with background noise, and situations involving multiple speakers. The videos comprise a
mixture of professionally recorded content as well as footage captured using handheld or
unrefined recording devices, without any editing. The VoxCeleb datasets were obtained
through an automated pipeline that relied on computer vision techniques. The noise,
reverberation, compression, and other artifacts in the corpus have not been removed
from the original recorded speech. Since speech signals are extracted from interviews,
the segments are usually short and the speech is conversational. The segments come in
different duration and may include background speech from other identities. There may be
several speech signals per speaker available in the corpus.

For all the experiments the systems are evaluated on the fixed-condition VoxSRC 2019
training restrictions [62]. The fixed training condition mandates training exclusively on the
VoxCeleb2 dev dataset [37], which includes 1,092,009 utterances from a total of 5994 speak-
ers. During the test time for the VoxCeleb1 protocol, it is evaluated over the VoxCeleb1
test pairs. The VoxCeleb1-E test protocol consists of a collection of 581,480 random pairs
extracted from the complete VoxCeleb1 dataset, which includes both the development
and test subsets. These pairs encompass 1251 different speakers. The VoxCeleb1-H test
protocol involves a set of 552,536 pairs sampled exclusively from the VoxCeleb1 dataset.
All pairs within this set share the same nationality and gender. The list comprises a total of
18 combinations of nationality and gender, with each combination containing a minimum
of 5 individuals.

A small subset of about 10% of the data is reserved as a validation set for the best
model selection. For all the trained systems in our study, SpeechBrain [63] is employed for
the whole training/test pipeline. It is used to extract the 128-dimensional (unless otherwise
stated) Mel-Frequency Cepstral Coefficients (MFCCs) with the standard 25 ms window
size and 10 ms shift to represent the speech signal. To form the input for the networks, the
deltas and double deltas of the MFCCs are combined, resulting in a 384-dimensional repre-
sentation. Before training, all features undergo sentence-level Cepstral mean normalization.
The models are then trained using speech feature chunks consisting of 300 frames. During
testing, embeddings are extracted from the entire speech signal.
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For the models trained with data augmentation, a total of 5 extra samples are generated
for each utterance. The first two augmentations are provided using speed perturbation by
slightly speeding up or slowing down an audio signal. This is accomplished via resampling
the audio signal at a rate that is similar to the original rate, to achieve a slightly slower or
slightly faster signal [64]. The remaining three augmentations are generated by adding a
mix of noise and reverberation using the RIR dataset provided in [65].

During the training process, all models are trained using the cyclical learning rate
technique, which varies between 1 × 10−8 and 1 × 10−3. The learning rate follows a
triangular policy as described in [66]. The Adam optimizer [67] is utilized. Each cycle
consists of 130,000 iterations. Additive Angular Margin softmax (AAM-softmax) [68,69]
is employed with a margin of 0.2 and softmax prescaling of 30. To mitigate overfitting, a
weight decay of 2× 10−6 is applied to all model weights. The mini-batch size for training
is 64. All models are trained for 150 epochs and the best model is chosen according to the
error rate of the validation data. To compute singular values we take advantage of the
linear algebra routine of the NumPy package [70].

For all experiments including SAN architectures proposed in this work, we use a
stack of N = 2 identical layers with dk = dv = 768 (double the feature input size), and
position-wise feedforward dimension of d f f = 3072 (eight times the feature input size).
In the encoder network, a dropout rate of 0.1 is applied, while the remaining parts of the
network utilize a fixed dropout rate of 0.2. The speaker embedding dimension is considered
to be equal to the key-value pair which is 768. There have been no conducted experiments
to investigate the optimal size for the embedding. The pre feed-forward feature extractor is
a single layer of size 768.

6. Results and Discussion

Although some state-of-the-art methods for speaker verification are based on convolu-
tion operation [5,6], attention-based architectures are clearly state-of-the-art in speech recog-
nition, Natural Language Processing (NLP), and many other deep-learning tasks [11,13–17].
In particular, this approach is very convenient in our domain because of multi-purpose
large language models, which are trained for a mother task such as speech recognition
and can be fine-tuned for a specific downstream task such as speaker verification. For this
reason, we focus our experiments and discussion on SANs to improve the performance of
such models in speaker recognition.

The results for the text-independent speaker verification task for three different proto-
cols are reported in Table 1. In all these models comprise two blocks of SAN, N = 2, which
are stacked on top of each other. The scoring of different systems is based on the cosine
distance. The performance of these systems has been assessed using the Equal Error Rate
(EER) metric. The newly proposed SAN-based architecture, A-SAN (Advanced SAN), is
compared with the one originally proposed in [26]. There is more than 41% and 38% relative
improvement in VoxCeleb1-O, and VoxCeleb1-E protocols, respectively, without any Data
Augmentation (DA). There is an additional 25% and 29% performance improvement in
both VoxCeleb1-O and VoxCeleb1-E protocols, respectively, by employing DA techniques.
For the VoxCeleb1-H which is the hardest protocol for the verification, we achieve 27%
relative improvement by adding DA to the training pipeline.

Table 1. Comparison of the evaluation results reported on VoxCeleb datasets with and without Data
Augmentation (DA). A-SAN is referred to the SAN model proposed in this work. The results reported
for SAN model from [26] are without any DA. Cosine distance is employed for scoring.

Architecture VoxCeleb1-O EER (%) VoxCeleb1-E EER (%) VoxCeleb1-H EER (%)

SAN [26] 5.44 5.62 -
A-SAN w/o DA 3.20 3.43 5.54
A-SAN w/ DA 2.41 2.42 4.02
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Figure 2, compares the singular values of the classifier layer in descending order for
the three different systems from Table 1 for the VoxCeleb1-E protocol. For a matter of
clarity, only the first 200 singular values are depicted in the figure. The singular values for
each system are normalized with respect to their corresponding maximum value in order
to be in the same dynamic range (between 0 and 1). As is shown all systems suffer from
rank collapse. This rank collapse in the case of SAN in [26] is very severe and it becomes
smoother with the modifications proposed in this work. In other words, the proposed
changes directly affect the rank collapse, which also impacts the EER performance of the
embedding extractor system.

Figure 2. Comparison of the singular values of the classifier layer for different models with and
without Data Augmentation (DA). The evaluation is performed over VoxCeleb1-E protocol.

Let us now focus on the experiments without any DA to only show the efficiency
of the architectural and training modifications. The performance of SAN architectures in
terms of different numbers of SAN layers is illustrated in Figure 3. As it is observed, the
performance of the original A-SAN architecture is decreased by increasing the depth. In
order to stabilize the performance, a DeepNorm [35] training mechanism is applied. As
it is shown, the performance does not change substantially by stacking more layers on
top of each other. In the following, we discuss this stabilizing effect in the framework of
rank collapse.

Figure 4 compares the rank collapse of the pooling layer for the A-SAN systems with
different numbers of layers, with and without the DeepNorm method. Note that, the
pooling layer is the uppermost layer of the embedding extractor during the inference phase.
From the figure, it appears that the rank collapse follows a similar trend for all numbers
of layers when DeepNorm is used, while the rank collapse depends on the number of
layers without DeepNorm. In general, these figures suggest that the use of DeepNorm can
stabilize the training process and reduce rank collapse in A-SAN systems, regardless of
the number of layers. This may lead to improved performance of the model while adding
more layers.
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Figure 3. Performance evaluation for A-SAN architectures with different numbers of SAN layers
with and without applying DeepNorm method. All experiments are conducted without any data
augmentation over VoxCeleb1-E protocol.

Figure 4. Comparison of the singular values of the pooling layer for different numbers of SAN layers.
All experiments are conducted without any data augmentation over VoxCeleb1-E protocol.

Figure 5 illustrates the rank collapse for the self-attention output matrix WO in the first
layer. It is observed that for all the systems rank collapse is more severe than uppermost
layers. However, this deterioration of the rank is much more dramatic for systems without
DeepNorm strategy. On the other hand for these systems, the rank degrades faster by
increasing the number of layers. This can justify the performance degradation in these
systems (Figure 3) by stacking more layers of SANs. This can support the idea that rank
collapses much faster in the lower layers than in the upper ones.
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Figure 5. Comparison of the singular values of the first self-attention output layer WO (first layer) for
the different number of SAN layers. All experiments are conducted without any data augmentation
over VoxCeleb1-E protocol.

7. Conclusions

In this paper, we introduced a SAN-inspired end-to-end speaker embedding extractor
for text-independent speaker verification. A pre feed-forward feature extractor, an encoder,
a pooling layer, and a DNN classifier were all included in the end-to-end suggested
design. All these building blocks rely on self-attention and feed-forward networks. We
evaluated its performance by applying it to three different VoxCeleb protocols, namely
VoxCeleb1-O, VoxCeleb1-E, and VoxCeleb1-H. Our proposed modifications resulted in 41%
and 38% relative improvement for VoxCeleb1-O and VoxCeleb1-E, respectively, compared
to naive SAN architecture. Moreover, it was shown that employing data augmentation
during training can lead to additional improvements in performance. Having used data
augmentation, we achieved 25%, 29%, and 27% relative improvement for VoxCeleb1-O,
VoxCeleb1-E, and VoxCeleb1-H protocols, respectively. In addition, we studied the training
instability in terms of the rank collapse phenomenon. All SAN models trained for this
task suffered from rank collapse in different layers and it was empirically shown that there
is a correlation between rank collapse and the performance of the verification system in
terms of EER. Finally, we have shown that it is possible to improve the training stability
while adding more layers of SAN by employing DeepNorm method. Although DeepNorm
strategy stabilized the training, it could not improve the performance of the network by
adding more layers of SAN. Potential future research directions can be to further study
more advanced attention techniques such as Double MHA [25] to improve the performance
of the network while stacking more SAN layers in the encoder.
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DL Deep Learning
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RNN Recurrent Neural Network
SAN Self-Attention Network
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LN Layer Normalization
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