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Abstract

Over the recent years, various deep learning-based embedding methods have been
proposed and have shown impressive performance in speaker verification. However,
as in most of the classical embedding techniques, the deep learning-based meth-
ods are known to suffer from severe performance degradation when dealing with
speech samples with different conditions (e.g., recording devices, emotional states).
Also, unlike the classical Gaussian mixture model (GMM)-based techniques (e.g.,
GMM supervector or i-vector), since the deep learning-based embedding systems are
trained in a fully supervised manner, it is impossible for them to utilize unlabeled
dataset when training.

In this thesis, we propose a variational autoencoder (VAE)-based embedding
framework, which extracts the total variability embedding and a representation for
the uncertainty within the input speech distribution. Unlike the conventional deep
learning-based embedding techniques (e.g., d-vector or x-vector), the proposed VAE-
based embedding system is trained in an unsupervised manner, which enables the
utilization of unlabeled datasets. Furthermore, in order to prevent the potential
loss of information caused by the Kullback-Leibler divergence regularization term
in the VAE-based embedding framework, we propose an adversarially learned in-

ference (ALI)-based embedding technique. Both VAE- and ALI-based embedding



techniques have shown great performance in terms of short duration speaker verifi-
cation, outperforming the conventional i-vector framework.

Additionally, we present a fully supervised training method for disentangling
the non-speaker nuisance information from the speaker embedding. The proposed
training scheme jointly extracts the speaker and nuisance attribute (e.g., recording
channel, emotion) embeddings, and train them to have maximum information on
their main-task while ensuring maximum uncertainty on their sub-task. Since the
proposed method does not require any heuristic training strategy as in the con-
ventional disentanglement techniques (e.g., adversarial learning, gradient reversal),
optimizing the embedding network is relatively more stable. The proposed scheme
have shown state-of-the-art performance in RSR2015 Part 3 dataset, and demon-
strated its capability in efficiently disentangling the recording device and emotional

information from the speaker embedding.

Keywords: Robust speaker recognition, speech embedding, speaker verification,

unsupervised representation learning, supervised disentanglement.

Student number: 2014-21697
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Chapter 1

Introduction

Speaker recognition is the process of recognizing a user’s identity using the charac-
teristics extracted from their voices, which can be classified into two tasks: speaker
identification and verification. More specifically, speaker verification is a task of ver-
ifying the claimed speaker identity given the voice sample. As depicted in Figure
1.1, the speaker verification process usually consists of three stages: acoustic fea-
ture extraction, utterance-level feature modeling, and decision. The acoustic feature
extraction stage analyzes the speech in a short duration frame. In practice, a mel
frequency cepstral coefficient (MFCC) or spectrogram feature is extracted from each
frame to capture the instantaneous vocal tract characteristics. The utterance-level
feature extraction, or embedding stage summarizes the frame-level information into
a fixed dimension vector. The extracted utterance-level feature, or embedding vector
represents the overall pattern of the speaker’s vocal tract shape. Finally, the decision
stage measures the similarity between a given pair of embedding vectors.

Many previous studies on embedding focused on efficiently reducing the dimen-

sionality of the Gaussian mixture model (GMM) supervector, which is a concate-

1



Input speech | Acoustic ‘ ~ Utterance- | Speaker
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| ; | ; ‘ identity
extraction modeling

Figure 1.1: Basic process of speaker verification.

nation of the mean vectors of each mixture component [1], while preserving the
speaker relevant information via factorization (e.g., eigenvoice adaptation and joint
factor analysis) [2, 3]. Particularly the i-vector framework [4, 5], which projects the
variability within the GMM supervector caused by various factors (e.g., channel and
speaker) onto a low dimensional subspace, has become one of the most dominant
techniques used in speaker recognition. The i-vector framework is essentially a linear
factorization technique which decomposes the variability of the GMM supervector
into a total variability matrix and an i-vector (i.e. total factor). Due to its linear
nature, the i-vector, along with most of the other utterance-level representations
driven via factorization, is not considered to fully capture the whole variability of

the given speech utterances.

In recent years, various methods have been proposed utilizing deep learning ar-
chitectures for extracting embedding vectors and have shown better performance
than the i-vector framework when a large amount of training data is available [6]. In
[7], a deep neural network (DNN) for frame-level speaker identification was trained
and the averaged activation from the last hidden layer, namely, the d-vector, was
taken as the embedding vector for text-dependent speaker verification. In [6, 8], a
speaker identification model consisting of a frame-level network and a segment-level
network was trained and the hidden layer activation of the segment-level network

(i.e. x-vector) was extracted as the embedding vector. In [9], long short-term mem-

2



ory (LSTM) layers were adopted to capture the contextual information within the
d-vector, and the embedding network was trained to directly optimize the verifica-
tion score (e.g., cosine similarity) in an end-to-end fashion. The end-to-end d-vector
framework was further enhanced in [10] by applying different weight (i.e. atten-
tion) to each frame-level activation while obtaining the d-vector, which enables the
embedding network to attend more on the frames with relatively higher amount
of speaker-dependent information. In [11], a generalized end-to-end loss function,
which optimizes the embedding vector to move towards the centroid of the true
speaker while departing away from the centroid of the most confusing speaker, was
introduced to train the end-to-end d-vector system more efficiently. In [12] and [13],
a variational autoencoder (VAE)-based architecture was trained in an unsupervised
manner to extract an embedding vector for short-duration speaker verification. De-
spite their success in well-matched conditions, the deep learning-based embedding
methods are vulnerable to the performance degradation caused by mismatched con-
ditions (e.g., channel, noise) [14]. Moreover, since most of the previously proposed
deep learning-based feature extraction models are trained in a supervised manner,
it is impossible to use them when little to no labeled data is available for training.

In real life applications, numerous factors can contribute to the mismatches in
speaker verification [15]. Especially in forensic situations, channel mismatch often
occurs since police officers usually acquire voice recordings using various recording
devices (e.g., hidden microphones, mobile phones) [16]. Such variation in recording
devices is known to cause variability to the speech distribution, which leads to low
speaker identification or verification performance.

Furthermore, due to the increasing demand for voice-based authentication sys-

tems, verifying users with randomized pass-phrase with constrained vocabulary has

3



become an important task [17]. This particular task is called the random digit strings
speaker verification, where the speakers are enrolled and tested with random se-
quences of digits. The random digit strings task highlights one of the most serious
causes for feature uncertainty, which is the short duration of the given speech samples
[18]. The conventional i-vector is known to suffer from severe performance degra-
dation when short duration speech is applied to the verification process [19]. It has
been reported that the i-vectors extracted from short duration speech samples are
relatively unstable [19, 20, 16]. The short duration problem can be critical when it
comes to real life applications since, in most practical systems, the speech recording
for enrollment and trial is required to be short.

This dissertation proposes several embedding methods to tackle the following

issues:

e unsupervised deep learning based embedding techniques for short durational

speaker verification,

e supervised training method for disentangling the nuisance attribute (e.g., record-

ing channel) information from the speaker embedding.

In Chapter 3, we propose a novel technique for extracting an i-vector-like fea-
ture based on the variational autoencoder (VAE) which summarizes the variability
within the Gaussian mixture model (GMM) distribution through a non-linear pro-
cess. Analogous to the conventional i-vector framework, the proposed VAE is trained
to generate the GMM supervector according to the maximum likelihood criterion
given the Baum-Welch statistics of the input utterance. The proposed framework
is compared with the conventional i-vector method using the TIDIGITS dataset.

Experimental results show that the proposed method can cope with the uncertainty

4



caused by the short duration.

In Chapter 4, we propose a novel technique for extracting an i-vector-like feature
based on an adversarially learned inference (ALI) model which summarizes the vari-
ability within the Gaussian mixture model (GMM) distribution through a non-linear
process. Analogous to the VAE-based feature extractor, the proposed ALI-based
model is trained to generate the GMM supervector according to the maximum like-
lihood criterion given the Baum-Welch statistics of the input utterance. However,
in order to prevent the potential loss of information caused by the Kullback-Leibler
divergence (KL divergence) regularization term in the training criterion of the VAE-
based model, the newly proposed ALI-based feature extractor exploits a joint dis-
criminator to ensure that the generated latent variable and the GMM supervector
are realistic. The proposed framework is compared with the conventional i-vector
and VAE-based methods using the TIDIGITS dataset. Experimental results show
that the proposed method can represent the uncertainty caused by the short dura-
tion better than the VAE-based method. Furthermore, the proposed approach has
shown great performance when applied in association with the standard i-vector
framework.

In Chapter 5, we propose a novel fully supervised training method for extract-
ing a speaker embedding vector disentangled from the variability caused by the
nuisance attributes. The proposed framework was compared with the conventional
deep learning-based embedding methods using the RSR2015 and VoxCelebl dataset.
Experimental results show that the proposed approach can extract speaker embed-
dings robust to channel and emotional variability.

The rest of this thesis is organized as follows: The next chapter introduces the

conventional embedding techniques (e.g., i-vector, d-vector, and x-vector) and disen-

5



tangling methods (e.g., gradient reversal, adversarial training strategy). In Chapter
3, we propose a VAE-based total variability embedding method for short duration
speaker verification. In Chapter 4, we propose a ALI-based total variability em-
bedding method which replaces the KL-divergence regularization of the VAE-based
embedding framework with a adversarial training strategy. In Chapter 5, we propose
the joint factor embedding (JFE) framework for disentangling the nuisance attribute
information from the speaker embedding. Finally, conclusions are drawn in Chapter

6.



Chapter 2

Conventional embedding
techniques for speaker

recognition

2.1 1i-vector Framework

Once a universal background model (UBM) is provided, which is a GMM represent-
ing the utterance-independent distribution of the frame-level features, an utterance-
dependent GMM can be attained by adjusting the UBM parameters using the max-
imum a posteriori (MAP) adaptation algorithm [21]. By concatenating the mean
vector of each Gaussian mixture component, a GMM supervector can be obtained,
which summarizes the overall pattern of the frame-level feature distribution. How-
ever, using the GMM supervector as an utterance-level feature may limit the overall
speaker recognition performance due to its high dimensionality.

To solve this problem, various methods for reducing the dimensionality of the

7
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Figure 2.1: Flow chart of the i-vector framework.

GMM supervector have been proposed [2, 3, 4]. Specifically, the i-vector framework

is now widely used to represent the idiosyncratic characteristics of the utterance in

speaker and language recognition [22]. The extraction of an i-vector can be viewed

as a factorization process decomposing the GMM supervector as

m(X) = u+ Tw(X)

(2.1)

where m(X), u, T, and w(X) indicate the ideal GMM supervector dependent on a

given speech utterance X, UBM supervector, total variability matrix, and i-vector,

respectively. The i-vector framework aims to find the optimal w(X) and T to adapt

the UBM parameters to a given speech utterance X. Given X, the zeroth- and the

8



first-order Baum-Welch statistics are obtained as

L

n(X) = > (e) (2.2)

=1
L

fo(X) =D wile)(x — ue) (2.3)

=1

where for each frame [ within X with L frames, 7;(c) is the posterior probability
that the [ frame feature x; is aligned to the ¢! mixture component of the UBM, u,
is the mean vector of the ¢** mixture component of the UBM, and n.(X) and f.(X)
are the zeroth- and the centralized first-order Baum-Welch statistics, respectively.
As shown in Fig. 2.1, the i-vector framework can be considered as an adaptation
process where the mean of each UBM mixture component is adjusted to maximize
the likelihood with respect to a given utterance, and the estimated i-vector is served
as the adaptation factor. Let X. denote the covariance matrix of the ¢ UBM
mixture component and F' be the dimensionality of the frame-level features. The
log-likelihood given an utterance X conditioned on w(X) can be obtained as

C

1
logP(X|T, w(X)) = ;(nc(X) log SRS
L
- %Zw@(w - m(X))'E (% - me(X))), (2.4)
=1

where m.(X) is the mean of the ¢! mixture component of m(X) and the superscript
t indicates matrix transpose. The log-likelihood given X is obtained by marginalizing
(4) over w(X) as

log P(X|T) =logTw [P(X|T, w)]

:log/P(X|T,W)N(W|O,I)dW. (2.5)

9



The total variability matrix T is trained to maximize the log-likelihood (5) via

the expectation-maximization (EM) algorithm. Interested readers are encouraged to

refer to [4] and [5] for further details of the i-vector framework.

2.2 Deep learning-based speaker embedding

2.2.1 Deep embedding network

Two of the most widely used speaker embedding techniques are the LSTM-based

d-vector [9] and the TDNN (time-delay DNN)-based x-vector system [6]. In both

frameworks, given a speech utterance X with 71" frames, a sequence of frame-level

acoustic features {x1, ..., xp} extracted from X is fed into the frame-level network. In

the d-vector system, one of most widely used technique for text-dependent speaker

recognition, the frame-level network is composed of LSTM layers, which helps cap-

ture the temporal correlation. On the other hand, the frame-level network of the

x-vector system consists of TDNN layers, which is often used for text-independent

speaker recognition. Once the frame-level outputs {hy,...,hy} are obtained, they

are aggregated to obtain an utterance-level representation. One way of aggregating

the frame-level outputs is to compute the weighted average as

T
W = E atht
t=1

where a;€[0,1] is a normalized weight, which is computed by

_ exp(et) .
ZtT:1 exp(eq)

In (2.7), the frame-level score (i.e. attention) e; is computed as follows:

Qi

e = V;tanh(Wtht + bt)

10
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Figure 2.2: (a) LSTM-based d-vector system trained with softmax loss. (b) LSTM-

based d-vector system trained with end-to-end loss.
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where v, Wy, and by are trainable parameters and superscript T indicates transpose
operation. By using different weight for each frame, speech frames with relatively
higher speaker-relevancy can contribute more to the embedding vector.

The embedding network is trained by either minimizing the speaker identifi-
cation loss [7] or directly optimizing the verification performance (i.e. end-to-end
speaker verification) [10, 11]. In the first case (i.e. embedding network trained for
identification), as shown in Fig. 2.2a, a feed-forward neural network for classifying
the speakers in the training set is trained jointly with the embedding network. The
speaker classification network takes the utterance-level representation w as input and
has an N-dimensional softmax output y(w) where N corresponds to the number of
training speakers. Given the one-hot speaker label y, the embedding and classifica-

tion networks are trained to minimize the following cross-entropy loss function:
N
Lspkr = - Z YnlOgyn(w) (2'9)
n=1

where y,, and ¥, (w) are the n'” components of y and §(w), respectively.

For training the end-to-end speaker verification system (i.e. embedding network
trained for verification), a mini-batch of Jx K utterances is fed into the embedding
network where the mini-batch is composed of J speakers, and each speaker has
K utterances. As depicted in Fig. 2.2b, the scaled cosine similarity between each
embedding vector and the centroid of the embedding vectors from each speaker are
computed by

Sjk,i = a-cos(wjk, c;) +d (2.10)

where a and d are trainable parameters, and cos(wjx,c;) is the cosine similarity
between the utterance-level representation extracted from the k' utterance of the

Gt speaker wjx and the centroid of the ith speaker’s utterance-level representations

12



c; (1 <j,i<Jand 1 <k < K). For each utterance-level representation wjj, in the
mini-batch, the embedding network is trained to maximize the following end-to-end

loss function:
J

Lege = Sjkj —log Y exp(Sjk,)- (2.11)
i=1,i#j

The end-to-end system is known to outperform the softmax method when a large
amount of dataset is used for training [8], [10].

Once the embedding network is trained, the utterance-level representation w [9],
or the hidden layer activation of the speaker classification network [6] can be used

as the speaker embedding vector.

2.2.2 Conventional disentanglement methods

Recently, disentangling various non-speaker factors (e.g., channel type, noise type,
noise-level) from the embedding vector has become an important issue in speaker
verification [14, 23, 24]. Most of the techniques developed to address this issue are
based on the multi-task learning (MTL) approaches [25] where the embedding net-
work is trained to optimize in two tasks: main task (i.e. speaker classification) and
subtask (e.g., channel classification) as shown in Fig. 2.3a. The objective of the
MTL-based disentanglement technique is to achieve the best performance in the

main task while degrading the performance in the subtask.

Gradient reversal strategy

One way to achieve this is the gradient reversal strategy, which has shown mean-
ingful performance in channel-robust [23] and noise-robust [14] speaker verification.

As shown in Fig. 2.3b, the gradient reversal strategy adds a gradient reversal layer
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(GRL) [26] between the subtask network and the embedding network. Let O¢pp,
Omain, Osup denote the parameters for the embedding, main task, and subtask net-
works. The GRL performs identity transformation on the input during forward prop-
agation and reverses the gradient by multiplying a negative scalar —\ during back-
propagation. When jointly training the networks, the parameters are updated as

aLmain 8Lsub

eem eem —1- - A , 2.12
b ’ ( 8eemb 8eemb) ( )
L .
OLgy,
esub <~ esub —1- (80 :) (214)

where [, Lyqin, and Lg,, are the learning rate, loss functions for the main task
and subtask, respectively. For extracting a channel-robust embedding for speaker
verification, Ly,qin would be the speaker cross-entropy Lgyk, defined in (2.9), and

L. would be the channel cross-entropy which can be computed as follows:

M
Lehan = — Z rmlogf‘m(w) (215)

m=1
where M is the number of different channels (e.g., recording devices) in the training

h

set, Ty, and Ty, (w) are the m!"* component of the one-hot channel label r and channel

classifier’s softmax output r(w), respectively.

Anti-loss strategy

Another way to achieve disentanglement is by training the embedding network and
the subtask network in a competitive manner via adversarial training [24]. The sub-
task network is trained to classify the channel identity correctly given the embedding
vector as in (2.15). On the other hand, the main task and embedding networks are

trained to discriminate the speaker by minimizing (2.9) but not to perform well
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on the subtask. In order to ensure high uncertainty on the subtask, [24] introduces
anti-label when computing the cross-entropy for the subtask. The anti-label is ob-
tained by flipping each bit in the one-hot label vector. This indicates that for channel

disentanglement, the anti-loss can be computed as follows:

M
Lonti—dev = — Z (1 - rm)logfm(w)' (2'16)

m=1
By minimizing Lgyti—dey and Ligpeqker simultaneously, the embedding network would
be trained to produce a speaker discriminative embedding vector which is robust to

channel variability.
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Chapter 3

Unsupervised learning of total
variability embedding for
speaker verification with

random digit strings

3.1 Introduction

Many previous studies on utterance-level features focused on efficiently reducing
the dimensionality of the Gaussian mixture model (GMM) supervector, which is a
concatenation of the mean vectors of each mixture component [1], while preserving
the speaker relevant information via factorization (e.g., eigenvoice adaptation and
joint factor analysis) [2, 3]. Particularly the i-vector framework [4, 5], which projects

the variability within the GMM supervector caused by various factors (e.g., channel
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and speaker) onto a low dimensional subspace, has become one of the most dominant
techniques used in speaker recognition. The i-vector framework is essentially a linear
factorization technique which decomposes the variability of the GMM supervector
into a total variability matrix and an i-vector (i.e. total factor). Due to its linear
nature, the i-vector, along with most of the other utterance-level representations
driven via factorization, is not considered to fully capture the whole variability of

the given speech utterances.

Recently, various studies are being carried out for non-linearly extracting utterance-

level features via deep learning. In [7], a DNN for frame-level speaker classification is
trained and the activations of the last hidden layer, namely the d-vectors, are taken
as a non-linear speaker representation. In [8] and [6], a TDNN-based utterance em-
bedding technique is proposed, where the embedding is obtained by statistically
pooling the frame-level activations of the TDNN. In [10] and [11], the speaker em-
bedding neural networks are optimized to directly minimize the verification loss in
an end-to-end fashion. However, since most of the previously proposed deep learning-
based feature extraction models are trained in a supervised manner, it is impossible
to use them when little to no labeled data is available for training.

Nowadays, due to the increasing demand for voice-based authentication systems,
verifying users with randomized pass-phrase with constrained vocabulary has be-
come an important task [17]. This particular task is called the random digit strings
speaker verification, where the speakers are enrolled and tested with random se-
quences of digits. The random digit strings task highlights one of the most serious
causes for feature uncertainty, which is the short duration of the given speech samples
[18]. The conventional i-vector is known to suffer from severe performance degra-

dation when short duration speech is applied to the verification process [19]. It has
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been reported that the i-vectors extracted from short duration speech samples are
relatively unstable [19, 20, 16]. The short duration problem can be critical when it
comes to real life applications since, in most practical systems, the speech recording
for enrollment and trial is required to be short.

In this paper, we propose a novel approach to speech embedding for speaker
recognition. The proposed method employs a variational inference model inspired
by the variational autoencoder (VAE) [27, 28] to capture the total variability of the
speech in a non-linear fashion. The VAE has an autoencoder-like architecture which
assumes that the data is generated through a directed graphical model driven by a
random latent variable. Analogous to the conventional i-vector adaptation scheme,
the proposed model is trained according to the maximum likelihood criterion given
the input speech. By using the mean and the variance of the latent variable as the
utterance-level features, the proposed system is expected to take the uncertainty
caused by short duration utterances into account. In contrast to the conventional
deep learning-based feature extraction techniques, the proposed approach exploits
the resources used in the conventional i-vector scheme (e.g., universal background
model and Baum-Welch statistics) and remaps the relationship between the total
factor and the total variability subspace through a non-linear process. Therefore
the proposed feature extractor can substitute the conventional i-vector extraction
module without any difficulty. Furthermore, since the proposed feature extractor
is trained in an unsupervised fashion, no phonetic or speaker label is required for
training.

In order to evaluate the performance of the unsupervised embedding techniques
in the random digits task, we conducted a set of experiments using the TIDIG-

ITS dataset. Experimental results show that the proposed method outperforms the
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standard i-vector framework in terms of equal error rate (EER), classification er-
ror, and decision cost function (DCF) measurements. It is also interesting to see
that a dramatic performance improvement is observed when the features extracted
from the proposed method and the conventional i-vector are augmented together.
This indicates that the newly proposed feature and the conventional i-vector are

complementary with each other.

3.2 Variational autoencoder

VAE is a variant of an autoencoder aiming to reconstruct the input at the output
layer [27]. The main difference between VAE and an ordinary autoencoder is that the
former assumes that the observed data x is generated from a random latent variable
z which has a specific prior distribution such as the standard Gaussian. The VAE
is composed of two directed networks: encoder and decoder networks. The encoder
network outputs the mean and variance of the posterior distribution p(z|x) given
an observation x. Using the latent variable distribution generated by the encoder
network, the decoder network tries to reconstruct the input pattern of the VAE at
the output layer.

Given a training sample x, the VAE aims to maximize the log-likelihood which

can be written as follows [27]:

logpy(x) = Drr(qs(2]x)[pe(2[x)) + Z(0, 3 %). (3.1)

In (3.1), ¢ denotes the variational parameters and 6 represents the generative pa-
rameters. The first term in the right hand side (RHS) of (3.1) means the Kullback-
Leibler divergence (KL divergence) between the approximated posterior g4 (z|x) and

the true posterior pg(z|x) of the latent variable, which measures the dissimilarity
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between these two distributions. Since the KL divergence has a non-negative value,
the second term in the RHS of (3.1) becomes the variational lower bound on the

log-likelihood, which can be written as

logpg(x) >=2(6, $;x)
= — Dg1.(qy(2]x)||po(2))

+ Eq, (21 [10g po (x|2)] (3.2)

where g4(z|x) and pg(x|z) are respectively specified by the encoder and decoder

networks of the VAE.

The encoder and the decoder networks of the VAE can be trained jointly by max-
imizing the variational lower bound, which is equivalent to minimizing the following

objective function [29]:

Evag(x) =Dk1(q4(z(%) | pe(2))

- Eq¢(z\x) [logpg(x\z)]. (33)

The first term in the RHS of (3.3) implies the KL divergence between the prior
distribution and the posterior distribution of the latent variable z, which regularizes
the encoder parameters. On the other hand, the second term can be interpreted as
the reconstruction error between the input and output of the VAE. Thus the VAE
is trained not only to minimize the reconstruction error but also to maximize the

similarity between the prior and posterior distributions of the latent variable.
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Figure 3.1: Proposed VAE for non-linear feature extraction. Blue shows the loss

terms. Red shows the sampling operations.

3.3 Variational inference model for non-linear total vari-

ability embedding

In the proposed algorithm, it is assumed that the ideal GMM supervector corre-
sponding to a speech utterance X is obtained through a non-linear mapping of a
hidden variable onto the total variability space. Based on this assumption, the ideal

GMM supervector is generated from a latent variable z as follows:
m(X) =u+ g(z(X)) (3.4)

where g is a non-linear function which transforms the hidden variable z(X) to the
adaptation factor representing the variability of the ideal GMM supervector m(X).
In order to find the optimal function g and the hidden variable z(X), we apply a

VAE model consisting of an encoder and a decoder network as shown in Figure 3.1.
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In the proposed VAE architecture, the encoder network outputs an estimate of the
hidden variable and the decoder network serves as the non-linear mapping function
g.

Analogous to the i-vector adaptation framework, the main task of the proposed
VAE architecture is to generate a GMM so as to maximize the likelihood given
the Baum-Welch statistics of the utterance. The encoder of the proposed system
serves as a non-linear variability factor extraction model. Similar to the i-vector
extractor, the encoder network takes the 0t and 1% order Baum-Welch statistics of
a given utterance X as input and generates the parametric distribution of the latent
variable. The latent variable z is assumed to be a random variable following Gaussian
distribution and each component of z is assumed to be uncorrelated with each other.
In order to infer the distribution of the latent variable z(X), it is sufficient for the
encoder to generate the mean and the variance of z(X). The decoder of the proposed
system acts as the GMM adaptation model, generating the GMM supervector from

the given latent variable according to the maximum likelihood criterion.

3.3.1 Maximum likelihood training

Once the GMM supervector m(X) is generated at the output layer of the decoder,

the log-likelihood conditioned on the latent variable z(X) can be defined as

C
1
logP(X]¢,0,z(X)) = ;(nc(X) log W
L
— 13 () — 10(X)) B (x — 10e(X))) (3.5)
2
=1
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where .(X) denotes the ¢! component of ri(X). Using the Jensen’s inequality,

the lower bound of the marginal log-likelihood can be obtained as follows:

logP(X|¢,0) =logE,[P(X|¢,0,2)]

>E,[logP(X], 6, 2)]. (3.6)

The marginal log-likelihood can be indirectly maximized by maximizing the expec-
tation of the conditioned log-likelihood (3.5) with respect to the latent variable z.
The reparameterization trick in [27] can be utilized to compute the Monte Carlo

estimate of the log-likelihood lower bound as given by

S
E,llogP(X[9,0, )¢ > logP(X]o, 0, 2,(X)) (3.7)
s=1

where S is the number of samples used for estimation and z4(X) is the reparame-

terized latent variable defined as follows:
z5(X) = u(X) 4+ o(X)es. (3.8)

In (3.8), €5 ~ N(0,1) is an auxiliary noise variable, x(X) and o(X) are respectively
the mean and standard deviation of the latent variable z(X) generated from the
encoder network. By replacing the reconstruction error term of the VAE objective
function (3.3) with the estimated log-likelihood lower bound, the objective function
of the proposed system can be written as

Eprop(X) =Dkr(qs(zX)||ps(2))

S
&> IogP(X6,0,27,(X)). (3.9)
s=1

From (3.9), it is seen that the proposed VAE is trained not only to maximize the

similarity between the prior and posterior distributions of the latent variable, but
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Figure 3.2: Flow chart of the speaker verification process using the proposed feature

extraction scheme.

also to maximize the log-likelihood of the generated GMM by minimizing Ep,,, via
error back-propagation. Moreover, we assume that the prior distribution for z to be

po(z) = N (z|0,I) analogous to the prior for w in the i-vector framework.

3.3.2 Non-linear feature extraction and speaker verification

The encoder network of the proposed VAE generates the latent variable mean p(X)
and the log-variance log 0?(X). Once the VAE has been trained, the encoder network
is used as a feature extraction model as shown in Figure 3.2. Similar to the conven-
tional i-vector extractor, the encoder network takes the Baum-Welch statistics of
the input speech utterance and generates a random variable with a Gaussian distri-
bution, which contains essential information for modeling an utterance-dependent
GMM. The mean of the latent variable p(X) is exploited as a compact representa-

tion of the speech’s distributive pattern. Moreover, the variance of the latent variable
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02(X) is used as a proxy for the uncertainty caused by the short duration of the given
speech samples. The features extracted by the proposed VAE can be transformed via
feature compensation techniques (e.g., linear discriminant analysis, LDA) in order
to improve the discriminability of the features.

Given a set of N(p) enrollment speech samples spoken by an arbitrary speaker p

X(p) = {X1(p), X2(p), - -+ , Xnpy (0} (3.10)

the speaker model for p is obtained by averaging the features extracted from each
speech sample. To determine whether a test utterance Xy is spoken by the speaker
p, analogous to the i-vector framework, PLDA is used to compute the similarity
between the feature extracted from X5 and the speaker model of p.

Unlike the conventional i-vector framework, which only uses the mean of the
latent variable as feature, the proposed scheme utilizes both the mean and variance
of the latent variable to take the uncertainty into account. Providing the speaker
decision model (e.g., PLDA) with information about the uncertainty within the input
speech, which is represented by the variance of the latent variable, may improve the

speaker recognition performance.

3.4 Experiments

3.4.1 Databases

In order to evaluate the performance of the proposed technique in random digits
speaker verification task, a set of experiments were conducted using the TIDIGITS
dataset. The TIDIGITS dataset contains 25096 clean utterances spoken by 111 male,

114 female, 50 boy and 51 girl speakers [30] For each of the 326 speakers in the
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TIDIGITS dataset, a set of isolated digits and 2-7 digit sequences were spoken. The
TIDIGITS dataset was split into two subsets, each containing 12548 utterances from
all the 326 speakers, and they were separately used as the enrollment and trial data.
In the TIDIGITS experiments, TIMIT dataset [31] was used for training the UBM,

total variability matrix, and the embedding networks.

3.4.2 Experimental setup

The acoustic features used in the experiments were 19 dimensional Mel-frequency
cepstral coefficients (MFCCs) and the log-energy extracted at every 10 ms, using
a 20 ms Hamming window via the SPro library [32]. Together with the delta and
delta-delta of the 19 dimensional MFCCs and the log-energy, the frame-level acoustic
feature used in our experiments was given by a 60 dimensional vector.

We trained the UBM containing 32 mixture components in a gender- and age-
independent manner, using all the speech utterances in the TIMIT dataset. Training
the UBM, total variability matrix, and the i-vector extraction were done by using
the MSR Identity Toolbox via MATLAB [33]. The encoder and decoder of the VAEs
were configured to have a single hidden layer with 4096 ReLLU nodes, and the di-
mensionality of the latent variables were set to be 200. The implementation of the
VAEs was done using Tensorflow [34] and trained using the AdaGrad optimization
technique [35]. Also, dropout [36] with a fraction of 0.8 and L2 regularization with a
weight of 0.01 were applied for training all the VAEs, and the Baum-Welch statistics
extracted from the entire TIMIT dataset were used as training data. A total of 100
samples were used for reparameterization shown in (15).

For all the extracted utterance-level features, linear discriminant analysis (LDA)

[15] was applied for feature compensation and the dimensionality was finally reduced
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to 200. PLDA [37] was used for speaker verification, and the speaker subspace di-
mension was set to be 200.

Four performance measures were evaluated in our experiments: classification er-
ror (Class. err.), EER, minimum NIST SRE 2008 DCF (DCF08), minimum NIST
SRE 2010 DCF (DCF10). The classification error was measured while performing
a speaker identification task where each trial utterance was compared with all the
enrolled speakers via PLDA, and the enrolled speaker with the highest score was
chosen as the identified speaker. Then the ratio of the number of wrongly classified
trial samples to the total number of trial samples represents the classification error.
The EER and minimum DCFs are widely used measures for speaker verification
where the EER indicates the error when the false alarm rate (FAR) and the false
reject rate (FRR) are the same [15], and the minimum DCF's represent the decision
cost obtained with different weights to FAR and FRR. The NIST 2008 DCF [38§]
gives the same penalty for both FAR and FRR, whereas the NIST 2010 DCF [39]

gives more penalty to FRR.

3.4.3 Effect of the duration on the latent variable

In order to investigate the capability of the latent variable for capturing the uncer-
tainty caused by short duration, the differential entropies of the latent variables were
computed. The differential entropy, or the continuous random variable entropy, mea-
sures the average uncertainty of a random variable. Since the latent variable z(X)
in the proposed VAE has a Gaussian distribution, the differential entropy can be

formulated as follows:
1 1 K
h(z(X)) = §log(27re)K + 2logk1:[10—,3(X). (3.11)
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Figure 3.3: Average differential entropy computed using the latent variable variance

extracted from the proposed VAE on different durations.

In (3.11), K represents the dimensionality of the latent variable and o2(X) is the
k" element of ¢2(X). From each speech sample in the entire TIDIGITS dataset,
200 dimensional latent variable variance was generated using the encoder network
of the proposed framework and used for computing the differential entropy.

In Figure 3.3, the differential entropies averaged in 6 different duration groups
(i.e. less than 1 second, 1-2 seconds, 2-3 seconds, 3-4 seconds, 4-5 seconds, and more
than 5 seconds) are shown. As shown in the result, the differential entropy computed
using the variance of the latent variable gradually decreases as the duration increases.
Despite a rather small time difference between the 15 duration group (i.e. less than 1
second) and the 6" duration group (i.e. more than 5 seconds), the relative decrement
in entropy was 29.91%. This proves that the latent variable variance extracted from
the proposed system is capable of indicating the uncertainty caused by the short

duration.
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Figure 3.4: Network structure of the baseline VAE Classify.

3.4.4 Experiments with VAEs

To verify the performance of the proposed VAE trained with the log-likelihood-based
reconstruction error function, we conducted a series of speaker recognition exper-
iments over the TIDIGITS dataset. For performance comparison, we also applied
various feature extraction approaches. The approaches which were compared with

each other in these experiments are as follows:

e i-vector: standard 200 dimensional i-vector,

o Autoencode: VAE trained to minimize the cross-entropy between the input

Baum-Welch statistics and the reconstructed output Baum-Welch statistics,
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Figure 3.5: DET curves of the speaker verification experiments using the i-vector

and the mean latent variables extracted from VAEs trained for different tasks.

e C(lassify: VAE trained to minimize the cross-entropy between the softmax out-

put and the one-hot speaker label,

e Proposed: the proposed VAE trained to minimize the negative log-likelihood-

based reconstruction error.

Autoencode is a standard VAE for reconstructing the input at the output, which was

trained to minimize Eyag (3.3) given the Baum-Welch statistics as input. On the

other hand, Classify is a VAE for estimating the speaker label, which was trained

to minimize the following loss function:

Eciass(x) =Dxr(as(2lx) [po(2)) — Ex[log Y]

(3.12)

where Y denotes the one-hot speaker label of utterance X and Y is the softmax
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Table 3.1: Comparison of results between using the i-vector and the mean latent

variables extracted from VAEs trained for different tasks.

Class. err. (%] | EER [%] | DCF08 | DCF10
t-vector 12.62 3.36 2.00 0.07
Autoencode 24.59 6.06 2.69 0.09
Classify 40.01 8.13 4.21 0.10
Proposed 11.89 3.61 2.09 0.07

output of the decoder network. The network structure for Classify is depicted in
Figure 3.4. In this experiment, only the mean vectors of the latent variables were

used for Autoencode, Classify, and Proposed.

The results shown in Table 3.1 tell us that the VAEs trained with the conventional
criteria (i.e. Autoencode and Classify) perform poorly compared to the standard i-
vector. On the other hand, the proposed VAE with likelihood-based reconstruction
error was shown to provide better performance for speaker recognition than the
other methods. The feature extracted using the VAE trained with the proposed
criterion provided comparable verification performance (i.e. EER, DCF08, DCF10)
to the conventional i-vector feature. Moreover, in terms of classification, the proposed
framework outperformed the i-vector framework with a relative improvement of 5.8%
in classification error. Figure 3.5 shows the DET curves obtained from the four tested

approaches.
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Figure 3.6: DET curves of the speaker verification experiments using 400 dimensional
i-vector and combinations of two features out of 200 dimensional i-vector, latent

variable mean, and the log-variance of the latent variable.

3.4.5 Feature-level fusion of i-vector and latent variable

In this subsection, we tested the features obtained by augmenting the conventional i-
vector with the mean and variance of the latent variable extracted from the proposed

VAE. For performance comparison, we applied the following six different feature sets:

o i-vector(400): standard 400 dimensional i-vector,

e i-vector(600): standard 600 dimensional i-vector,

o LM+LV: concatenation of the 200 dimensional latent variable mean and the

log-variance, resulting in a 400 dimensional vector,
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Figure 3.7: DET curves of the speaker verification experiments using 600 dimensional

i-vector and combined feature of 200 dimensional i-vector, latent variable mean, and

the log-variance of the

latent variable.

e i-vector(200)+LM: concatenation of the 200 dimensional i-vector and the 200

dimensional latent variable mean, resulting in a 400 dimensional vector,

o i-vector(200)+LV: concatenation of the 200 dimensional i-vector and the 200

dimensional latent variable log-variance, resulting in a 400 dimensional vector,

e i-vector(200)+LM+LV: concatenation of the 200 dimensional i-vector and the

200 dimensional latent variable mean and log-variance, resulting in a 600 di-

mensional vector.

As seen from Table 3.2 and Figure 3.6, the augmentation of the latent variable

greatly improved the performance in all the tested cases. By using only the mean and

log-variance of the latent variable together (i.e. LM+LV'), a relative improvement of
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Table 3.2: Comparison of results between various feature-level fusions of the con-
ventional i-vector, mean and log-variance of the latent variable extracted from the

proposed VAE.

Class. err. (%] | EER [%] | DCF08 | DCF10
i~vector(400) 7.67 2.68 1.54 0.06
LM+LV 6.94 2.03 1.23 0.05
i-vector(200)+LM 5.36 1.78 0.97 0.05
i-vector(200)+LV 4.99 1.65 0.94 0.04
i-vector(600) 5.07 2.17 1.29 0.05
i-vector(200)+LM+LV 2.75 0.97 0.61 0.03

24.25% was achieved in terms of EER, compared to the conventional i-vector with the
same dimension (i.e. i-vector(400)). The concatenation of the standard i-vector and
the latent variable mean (i.e. i-vector(200)+LM) also improved the performance.
Especially in terms of EER, i-vector(200)+LM achieved a relative improvement
of 33.58% compared to i-vector(400). This improvement may be attributed to the
non-linear feature extraction process. Since the latent variable mean is trained to
encode the various variability within the distributive pattern of the given utterance
via a non-linear process, it may contain information not obtainable from the linearly
extracted i-vector. Thus by supplementing the information ignored by the i-vector

extraction process, a better representation of the speech can be obtained.

The best verification and identification performance out of all the 400 dimen-
sional features (i.e. i-vector(400), LM+LV, i-vector(200)+LM, and i-vector(200)+LV")

was obtained when concatenating the standard i-vector and the latent variable log-
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variance (i.e. i-vector(200)+LV). i-vector(200)+LV achieved a relative improvement
of 38.43% in EER and 34.94% in classification error compared to i-vector(400). This
may be due to the capability of the latent variable variance in capturing the amount
of uncertainty, which allows the decision score to take advantage of the duration
dependent reliability.

Concatenating the standard i-vector with both the mean and log-variance of
the latent variable (i.e. i-vector(200)+LM+LV') further improved the speaker recog-
nition performance. Using the i-vector(200)+LM+LV achieved a relative improve-
ment of 55.30% in terms of EER, compared to the standard i-vector with the same
dimension (i.e. i-vector(600)). Figure 3.7 shows the DET curves obtained when i-

vector(200)+LM+LV and i-vector(600) were applied.

3.4.6 Score-level fusion of i-vector and latent variable

In this subsection, we present the experimental results obtained from a speaker
recognition task where the decision is made by fusing the PLDA scores of i-vector

features and VAE-based features. Given a set of independently computed PLDA

scores Sy, r = 1,---, R, the fused score Sy,scq Was computed by simply adding
them as
R
Stused = Y Sr- (3.13)
r=1

We compared the following scoring schemes:
e j-vector: PLDA score obtained by using the standard 200 dimensional i-vector,
e LM: PLDA score obtained by using the 200 dimensional latent variable mean,

e LV: PLDA score obtained by using the 200 dimensional latent variable log-

variance,
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Figure 3.8: DET curves of the speaker verification experiments using various score-

level fusions of the conventional i-vector, mean and log-variance of the latent variable

extracted from the proposed VAE.

e j-vector+LM: fusion of the PLDA scores obtained by using the 200 dimensional

i-vector and the 200 dimensional latent variable mean,

e j-vector+LV: fusion of the PLDA scores obtained by using the 200 dimensional

i-vector and the 200 dimensional latent variable log-variance,

o LM+LV: fusion of the PLDA scores obtained by using the latent variable mean

and log-variance,

e j-vector+LM+LV: fusion of the PLDA scores obtained by using the stan-

dard 200 dimensional i-vector, 200 dimensional latent variable mean and log-

variance.
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Table 3.3: Comparison of results between various score-level fusions of the con-
ventional i-vector, mean and log-variance of the latent variable extracted from the

proposed VAE.

Class. err. (%] | EER [%] | DCF08 | DCF10
i-vector 12.62 3.36 2.00 0.07
LM 11.89 3.61 2.09 0.07
LV 17.78 4.65 2.57 0.08
i-vector+LM 7.03 2.63 1.63 0.06
1-vector+LV 7.39 2.76 1.69 0.06
LM+LV 10.26 3.50 2.02 0.07
i-vector+LM+LV 5.75 2.49 1.57 0.06

Table 3.3 and Figure 3.8 give the results obtained through these scoring schemes.
As shown in the results, using the latent variable mean and log-variance vectors as
standalone features yielded comparable performance to the conventional i-vector
method (i.e. LM and LV). Also, fusing the latent variable-based scores with the
score provided by the standard i-vector feature further improved the performance
(i.e. i-vector+LM and i-vector+LV). The best score-level fusion performance was
obtained by fusing all the scores obtained by the standard i-vector, the latent variable
mean and log-variance vector (i.e. i-vector+LM+LV'), achieving a relative improve-
ment of 25.89% in terms of EER compared to i-vector. However, the performance
improvement produced by the score-level fusion methods was relatively smaller than
the feature-level fusion methods presented in Table 3.2. This may be due to the fact

that the score-level fusion methods compute the scores of the i-vector and the la-
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tent variable-based features independently, and as a result the final score cannot be

considered an optimal way to utilize their joint information.

3.5 Summary

In this Chapter, a novel deep learning model-based utterance-level feature extractor
for speaker recognition was proposed. In order to capture the variability that has not
been fully represented by the linear projection in the traditional i-vector framework,
we designed a VAE for GMM adaptation and exploited the latent variable as the
non-linear representation of the variability in the given speech. Analogous to the
standard VAE, the proposed architecture is composed of an encoder and a decoder
network where the former estimates the distribution of the latent variable given
the Baum-Welch statistics of the speech and the latter generates the ideal GMM
supervector from the latent variable. Moreover, to take the uncertainty caused by
short duration speech utterances into account while extracting the feature, the VAE
is trained to generate a GMM supervector in a way to maximize the likelihood. The
training stage of the proposed VAE uses a likelihood-based error function instead of
the conventional reconstruction errors (e.g., cross-entropy).

To investigate the characteristics of the features extracted from the proposed
system in a practical scenario, we conducted a set of random digits sequence exper-
iments using the TIDIGITS dataset. We observed that the variance of the latent
variable generated from the proposed network apparently demonstrates the level of
uncertainty which gradually decreases as the duration of the speech increases. Also,
using the mean and variance of the latent variable as feature provided comparable

performance to the conventional i-vector and further improved when used in con-
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junction with the i-vector. The best performance was achieved by feature-level fusion

of the i-vector, mean and variance of the latent variable.
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Chapter 4

Adversarially learned total
variability embedding for
speaker recognition with

random digits strings

4.1 Introduction

In Chapter 3, we successfully exploited the variational autoencoder (VAE) frame-
work [27], [28] to extract an utterance-level feature to capture the total variabil-
ity and the uncertainty of the speech in a non-linear fashion. The VAE has an
autoencoder-like structure and assumes that the input data is generated through
a directed graphical model induced by a latent variable. The latent variable of the

VAE-based feature extraction model in [12] serves as an utterance-level represen-
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tation and has shown better performance than the conventional i-vector in coping
with the uncertainty caused by the short duration. Moreover, we could observe that
the variance of the latent variable can be used as a proxy for the uncertainty caused
by the short duration of the given speech samples. However, as mentioned in [40]
and [41], since the Kullback-Leibler divergence (KL divergence) regularization term
in the VAE objective function encourages the variational posterior to be closer to
the prior, which leads to less informative latent variable representations. Due to
this limitation, the embedding extracted from the VAE-based feature extractor may
lack crucial speaker-dependent information, resulting in limited performance of the

overall speaker recognition system.

In order to overcome this problem, we propose a novel approach to train a deep
learning-based embedding network using the adversarial learning framework. The
proposed method adopts an adversarially learned inference (ALI) model [42] to non-
linearly express the total variability and uncertainty of the given speech. Analogous
to the VAE-based feature extractor in [12], the proposed model is trained according
to the maximum likelihood criterion and the latent variable serves as the utterance-
level feature representation. However instead of simply regularizing the latent vari-
able via KL divergence, the proposed method uses a discriminator network to make
sure that the generated latent variable and GMM supervector are close to the latent
prior distribution and the GMM obtained through maximum a posteriori (MAP)
adaptation, respectively. While training the proposed network, the parameters of
the feature extraction and the discriminator networks are updated competitively;
the feature extraction network tries to generate a more realistic GMM supervec-
tor and latent variable while the discriminator network focuses on distinguishing

the generated GMM and latent variable from the real ones. By training the feature
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extraction network in this adversarial fashion, the proposed system is expected to
provide utterance-level features which can capture more prominent speaker relevant
characteristics and the uncertainty within the given speech utterance. Similarly to
the VAE-based feature extractor, the utterance-level features extracted from the
proposed model can substitute the conventional i-vector extraction module without
any difficulty.

To evaluate the performance of the proposed method, along with the VAE-based
feature extraction scheme and the conventional i-vector framework, we conducted a
set of speaker verification experiments using the TIDIGITS dataset. Experimental
results show that the proposed method outperforms the standard i-vector frame-
work and the VAE-based method in terms of equal error rate (EER). It is also
interesting to see that impressive performance improvement is observed when the
features extracted from the proposed method and the conventional i-vector are aug-
mented together. This implies that the feature extracted using the proposed method

is complementary to that extracted from the conventional i-vector framework.

4.2 Adversarially learned inference

Alike other variants of the generative adversarial network (GAN) [43], ALI aims to
train a network for generating a realistic data sample with the help of a discriminator
network, which tries to predict whether the input data is real or generated [42].
However, unlike the ordinary GAN framework which cannot analyze the data at an
abstract level, ALI integrates an inference network for estimating the random latent
variable z from the input data. As depicted in Fig. 4.1, ALI is composed of three

directed networks: encoder, decoder, and joint discriminator networks. Analogous
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D(x,z)

Joint
discriminator

Z(x) X(z)
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X z~p(z)

Figure 4.1: Flow chart of the ALI framework.

to the VAE network, the encoder network outputs the mean and variance of the
posterior distribution p(z|x) given an observation x. On the other hand, the decoder
generates the data sample from a latent variable sampled from a prior distribution
p(z).

The encoder and decoder networks represent the joint probability distributions

of the latent variable z and the observed data x as follows:

16(%,2) = qp(x)q4(2[%),

po(x,2z) = po(2)pe(x|2). (4.1)
In (4.1), ¢, 0, g4(x,2) and pg(x,z) denote the encoder parameters, decoder parame-
ters, and the joint distributions represented by the encoder and decoder, respectively.
The encoder marginal probability g,(x) represents the real data distribution and the

decoder marginal probability pg(z) is the prior distribution of the latent variable,

usually specified as a standard normal distribution. The conditional probability dis-
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tributions gy (z|x) and pg(x|z) represent the inferred latent distribution output by
the encoder and the distribution of the data generated by the decoder, respectively.

The joint discriminator takes a joint pair of the data and the latent variable as
input and distinguishes between the samples from the encoder (x,z(x))~gqy(x,2z)
and the ones from the decoder (X(z),z)~py(x,z). The discriminator output D(x, z)
is sigmoidal, ideally having a value close to 0 if the samples are drawn from py(x, z)
and 1 if drawn from gy (x,z).

The encoder, decoder and the joint discriminator networks of the ALI are trained

adversarially by minimizing the following objective functions:

Ep =— IE’(x,z)wqd)(x,z) [lOg(D(X, Z))]

— E(x,2)~po(x,2) [log(1 — D(x,2))], (4.2)

Eg=- E(x,z)~q¢(x,z) [log(l - D(Xa Z))]

— Ex2)~po(x.2) [108(D (%, 2))]. (4.3)

In (4.2) and (4.3), Ep denotes the discriminator loss function and E¢ is the generator
loss function. The joint discriminator network is trained to minimize Ep, which
decreases as the network distinguishes between the samples from the encoder and
the decoder better and the parameters 6, ¢ of the generator (i.e. encoder and decoder

networks) are updated to minimize Fgq.

4.3 Adversarially learned feature extraction

The proposed algorithm assumes that the variability of the utterance-dependent

GMM supervector of the UBM can be represented by a non-linear projection of a
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Figure 4.2: Maximum likelihood training scheme for the proposed non-linear feature

extractor. Red shows the sampling operation. Blue shows the loss term.

hidden variable onto the variability space as follows:
m(X) =u+ g(z(X)) (4.4)

where g is a non-linear function which transforms the hidden variable z(X) to the
total variability of the GMM supervector m(X). As shown in Fig. 4.2, the proposed
scheme employs an encoder network for inferring the hidden variable z(X) from the
observed speech X and a decoder network for non-linearly mapping z(X) onto the
total variability space to generate an ideal utterance-dependent GMM supervector.

As with the i-vector adaptation framework, the main task of the proposed ap-
proach is to generate an utterance-dependent GMM that maximizes the likelihood

given the Baum-Welch statistics of the utterance. The encoder network takes the
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zeroth- and first-order Baum-Welch statistics of the input utterance X and esti-
mates the posterior distribution, namely the mean p and the variance o2 of the
latent variable through variational inference. The latent variable z is a random vari-
able assumed to follow a Gaussian distribution and its components are uncorrelated
with each other. The decoder network generates the GMM supervector given the

latent variable according to the maximum likelihood criterion.

4.3.1 Maximum likelihood criterion

The log-likelihood of the GMM supervector m(X) generated from the decoder net-
work conditioned on the latent variable z(X), which is sampled from the posterior
distribution ¢4(z|X) generated by the encoder network given input observation X,

can be written as

C
1
logP(X|¢,0,2(X)) = ;(nC(X) log On PRS2
L
— I3 (@) — 0(X)) B (x — 1he(X))) (45)
2
=1

where m.(X) denotes the ¢'* component of 1 (X). Instead of directly maximizing
the marginal log-likelihood log P(X|[¢, 0) = logE, x)~q, (zx) [P (X][¢, 0, 2(X))], which
is practically intractable, the proposed algorithm maximizes its lower bound which

can be obtained via Jensen’s inequality as follows:

log P(X|¢, 0) =10gE(x) gy (zx) [P (X|0, 0, 2(X))]
ZEZ(X)NQ¢(Z|X) [IOgP(X’¢, 0, Z(X))] (46)
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Figure 4.3: ALI-based training scheme for the proposed non-linear feature extractor.

Red shows the sampling operations.

Using the reparameterization trick [27], the Monte Carlo estimate of the marginal

log-likelihood lower bound can be computed as

Ep(X) gy (z1x) l0g P (X|0, 0, 2(X))]

S
Q%ngp(xm,e, z,(X)), (4.7)

s=1

where S is the number of samples used for the estimation and zs(X) is the repa-

rameterized latent variable defined by
z5(X) = u(X) + o(X)es. (4.8)

In (4.8), u(X) and o(X) are respectively the mean and standard deviation of the
latent variable z(X) generated from the encoder network, and e, ~ N(0,I) is an

auxiliary noise variable.
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4.3.2 Adversarially learned inference for non-linear i-vector extrac-

tion

In order to ensure that the generated latent variable z matches its prior distribu-
tion and the GMM supervector m well preserves the distributive structure of the
GMM driven from the UBM, the proposed scheme utilizes a joint discriminator for
regularizing the encoder and decoder parameters. As shown in Fig. 4.3, the joint
discriminator of the proposed algorithm takes the GMM supervector and the la-
tent variable and tries to determine whether the input pairs are generated from the

encoder or the decoder networks.

However, since the decoder output m(z) does not match the encoder inputs
n(X) and f (X), the joint discriminator cannot be applied directly. To alleviate this
difficulty, the proposed scheme first estimates the GMM mean vectors via maximum

a posteriori (MAP) adaptation [21] given as follows:

_Yuex _ f(X)
Y (e)  me(X)

m. rap(X) + ue, (4.9)

where m. pr4p(X) is the estimated cth Gaussian mixture mean given the input
speech utterance X. The mean vectors m. yrap(X) for ¢ = 1,..., C are concatenated

to form a GMM supervector mys4p(X).

The joint discriminator takes the joint pair either from the encoder (msap(X), 2)~qy(m, z)

or from the decoder (M(zsump); Zsamp)~Po(M,z) as input, where z and zg,m, are
the latent variables sampled from N (u(X),logo?(X)) and py(z), respectively, and
M (Zsqmp) is the GMM supervector generated by the decoder given zggm,. We as-
sume that the prior distribution for the latent variable pg(z) to be N(z|0,I), akin

to the prior for w in the i-vector framework. As in (4.2), the discriminator network
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parameter is trained to minimize the following objective function:
EPTop,D = E(m7z)~q¢(m,z) [log(D(mv Z))]
- E(m,z)fvpg(m,z) [log(l - D(ma Z))] (410)

By combining the generator loss function of ALI (4.3) and the marginal log-
likelihood lower bound (4.6), the objective function of the encoder and decoder

networks of the proposed framework can be written as
EProp,G = - IE(m,z)wq¢(m,z) [10g(1 - D(m7 Z))]

~ E(m,2)~py(m =) [log(D(m, 2))]

S
> IogP(X[9, 0, (X)) (4.11)
s=1

From (4.11), it is seen that the encoder and decoder networks are trained not only
to generate latent variables and GMM supervectors from g4(m, z) or py(m, z) that
are identical to each other, but also to maximize the log-likelihood of the generated
utterance-dependent GMM by minimizing Fp;.p . through error back-propagation

[29].

4.3.3 Relationship to the VAE-based feature extractor

The VAE-based feature extraction network [12] focuses on maximizing the log-

likelihood of the generated GMM by minimizing the following objective function:

By ap/re(X) =Dk1(q4(21X)[|pe(z))
S
_ %ZlogP(Xkb, 0, 24(X)). (4.12)

s=1

The first term in the RHS of (4.12) is the KL divergence between the prior and the
posterior distribution of the latent variable z, which can be viewed as the regulariza-

tion term. The regularization term forces the encoder network to generate a latent
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variable distribution that is compatible with py(z). However, the KL regularization
term stretches the latent space over the entire training set to avoid assigning small
probability to any training samples [40], [41]. Due to such problem of the KL regu-
larization term, the VAE tends to generate conservative outputs, which usually lack
in variety. Especially in the image processing community, it has been reported that
the VAE-based image generators result in blurry image samples [42]. In the same
manner, the KL regularization term may lead the VAE-based feature extractor to
produce utterance-level features with insufficient idiosyncratic representation for the
speaker.

The proposed ALI-based feature extraction framework, in contrast, does not
regularize the latent variable distribution with a KL divergence term. Instead, the
proposed scheme employs a joint discriminator network, which encourages the en-
coder and decoder networks to generate realistic latent variables and GMM super-
vectors. Thus the distinctive information within the latent variables generated by
the ALI-based feature extractor is less likely to be tightly constrained by its prior

distribution.

4.4 Experiments

4.4.1 Databases

In order to evaluate the performances of the baseline systems and the proposed
scheme in a condition similar to real-life application where the speech data for
training and enrolling are limited and usually have short durations, we performed
experiments using the TIMIT dataset [31] as the development set and TIDIGITS

dataset [30] as the enrollment and trial sets. The TIMIT dataset contains 6,300
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Figure 4.4: Network structure for the discriminator of the ALI-based feature extrac-

tor.

clean recorded utterances, 10 utterances spoken by each of 438 male and 192 female
speakers. Each utterance in the TIMIT dataset has an average duration of 3 sec-
onds. The TIMIT dataset was used for training the UBM and also used for training
the total variability matrix. The TIDIGITS dataset contains 25,096 clean recorded
utterances spoken by 111 male, 114 female, 50 boy and 51 girl speakers. Each of the
326 speakers in the TIDIGITS dataset spoke a set of isolated digits and 2-7 digit
sequences. The TIDIGITS dataset was split into two subsets, each containing 12,548
utterances from all 326 speakers, and they were separately used as the enrollment

and trial data.
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4.4.2 Experimental setup

The acoustic features used in the experiments were 19-dimensional Mel-frequency
cepstral coefficients (MFCCs) and the log-energy extracted at every 10 ms, using
a 20 ms Hamming window via the SPro library [32]. Together with the delta and
delta-delta of the 19-dimensional MFCCs and the log-energy, the frame-level acoustic

feature used in our experiments was a 60 dimensional vector.

We trained a UBM containing 32 mixture components in a gender-independent
manner, using all the speech utterances in the TIMIT dataset. Training the UBM,
total variability matrix, and the i-vector extraction were done by using the MSR
Identity Toolbox via MATLAB [33]. The encoder and decoder of the experimented
VAE- and ALI-based networks were configured to have a single hidden layer with
4096 ReLU nodes, and the dimensionality of the latent variables was set to be
200. As depicted in Fig. 4.4, the discriminator network of the ALI-based feature
extraction model was configured to follow a similar structure to the multimodal
network [44]. The first few hidden layers model the higher-level representation of the
GMM supervector and latent variable, and the last hidden layer models the joint
information between them. The implementation of the experimented networks was
done using Tensorflow [34] and trained using the AdaGrad optimization technique
[35]. Also, dropout [36] with a fraction of 0.8 and L2 regularization with a weight of
0.01 were applied for training all the VAESs, and the Baum-Welch statistics extracted
from the entire TIMIT dataset were used as training data. A total of 100 samples

were used for reparameterization to approximate the expectations in (15).

For all the extracted utterance-level features, linear discriminant analysis (LDA)

[15] was applied for feature compensation and the dimensionality was finally reduced
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to 200. Probabilistic linear discriminant analysis (PLDA) [37] was used for speaker
verification, and the speaker subspace dimension was set to be 200.

Two performance measures were evaluated in our experiments: classification er-
ror (Class. err.) and EER. The classification error was measured while performing
a speaker identification task where each trial utterance was compared with all the
enrolled speakers via PLDA, and the enrolled speaker with the highest score was
chosen as the identified speaker. Then the ratio of the number of falsely classified
samples to the total number of trial samples represents the classification error. The
EER is a widely used measure for speaker verification which indicates the error when

the false alarm rate (FAR) and the false reject rate (FRR) are the same [15].

4.4.3 Effect of the duration on the latent variable

In order to evaluate the effectiveness of using the latent variable variance as a mea-
sure for uncertainty caused by short duration, the differential entropy, which mea-
sures the average uncertainty of a random variable, was computed. Since the latent
variable z(X) is assumed to follow a Gaussian distribution, the differential entropy

can be formulated as follows:
1 1 K
_ K 2
h(z(X)) = 510g(27re) + 210gk|_|10k(X). (4.13)

In (4.13), K represents the dimensionality of the latent variable and o (X) is the
k" element of 02(X).

From each speech sample in the entire TIDIGITS dataset, the variance of the
200-dimensional latent variable was obtained using the encoder network and used
for computing the differential entropy. As shown in Fig. 4.5, we experimented with

the latent variables extracted from three different feature extraction models:
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Figure 4.5: Average differential entropy computed using the latent variable variance

extracted from the VAE- and ALI-based systems on different durations.

o VAE: the VAE-based feature extraction network trained to minimize (4.12),

o ALI: the ALI-based feature extraction network trained to minimize the stan-

dard GAN objective function (4.3),

e ALI/NLL: the proposed ALI-based feature extraction network trained to min-

imize the negative log-likelihood-based objective function (4.11).

The differential entropies are averaged in 6 different duration groups (i.e. less than 1

second, 1-2 seconds, 2-3 seconds, 3-4 seconds, 4-5 seconds, and more than 5 seconds).

As shown in the result, the differential entropies computed using the variances
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of the latent variables extracted from VAE and ALI/NLL gradually decrease as
the duration increases. However, the differential entropy computed using the latent
variable from ALI does not decrease dramatically compared to the other methods.
This may be due to the fact that ALI is trained only to generate a GMM supervector
similar to the one obtained via MAP adaptation (4.9), which is determined by the
input Baum-Welch statistics. Therefore the latent variable of AL will only be able to
preserve information needed for reconstructing a deterministic distribution. On the
other hand, VAFE and ALI/NLL is trained to generate a GMM distribution according
to the maximum likelihood criterion, thus their latent variables may capture more
information about the variability within the generated GMM distribution.

Another interesting observation from Fig. 4.5 is that the relative decrement in
entropy was much greater in ALI/NLL than VAE. While the change in entropy is
rather conservative in the VAE case, where the relative decrement between the first
duration group (i.e. less than 1 second) and the sixth duration group (i.e. more
than 5 seconds) was 29.91%, the entropy in ALI/NLL changed dramatically with a
relative decrement of 330.17%. This shows that regularizing the latent variable with
a joint discriminator network is more effective than using the KL divergence-based

regularization for capturing the uncertainty.

4.4.4 Speaker verification and identification with different utterance-

level features

In this subsection, we evaluated the performance of the features extracted from
various techniques. More specifically, we compared the performance of the conven-
tional i-vector and the latent variable mean (LM ) and log-variance (LV')) extracted

from the VAE- and ALI-based feature extractors (i.e. VAE, ALI, ALI/NLL). In ad-
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Table 4.1: EER comparison between various feature-level fusions of the conventional
i-vector, mean and log-variance of the latent variables extracted from the VAE- and

ALI-based feature extractors [%)]

LM LV LM+LV i-vector+LM i-vector+LV i-
vector+LM+LV
i-vector(200) 3.36
i-vector(400) 2.68
i-vector(600) 2.17
VAE 3.61 4.65 2.03 1.78 1.65 0.97
ALI 4.39 4.56 2.32 1.59 1.55 1.03
ALI/NLL 3.64 3.46 1.91 1.55 1.51 0.94

dition, we conducted feature-level fusion between different features and evaluated
their performance. For feature-level fusion, we simply concatenated the different fea-
tures together to create a supervector. The i-vector features used in this experiment

were:
o i-vector(200): standard 200-dimensional i-vector,
o i-vector(400): standard 400-dimensional i-vector,
e i-vector(600): standard 600-dimensional i-vector,
and the latent variable features were:

e LM: 200-dimensional latent variable mean,

e LV: 200-dimensional latent variable log-variance.
The fusion features used in this experiment were:

o LM+LV: concatenation of the 200-dimensional latent variable mean and the

log-variance, resulting in a 400-dimensional vector,
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Table 4.2: Classification error comparison between various feature-level fusions of
the conventional i-vector, mean and log-variance of the latent variables extracted

from the VAE- and ALI-based feature extractors [%)]

LM LV LM+LV i-vector+LM i-vector+LV i-
vector+LM+LV
i-vector(200) 12.62
i-vector(400) 7.67
i-vector(600) 5.07
VAE 11.89 17.78 6.94 5.36 4.99 2.75
ALI 16.62 17.31 8.54 5.10 4.79 2.79
ALI/NLL 12.56 12.38 6.76 3.97 4.18 2.49

e i-vector+LM: concatenation of the 200-dimensional i-vector and the 200-dimensional

latent variable mean, resulting in a 400-dimensional vector,

e j-vector+LV : concatenation of the 200-dimensional i-vector and the 200-dimensional

latent variable log-variance, resulting in a 400-dimensional vector,

o j-vector+LM+LV: concatenation of the 200-dimensional i-vector and the 200-
dimensional latent variable mean and log-variance, resulting in a 600-dimensional

vector.

Tables 4.1 and 4.2 respectively give the EER and classification error results ob-
tained by using these features. As depicted in Fig. 4.6, the latent variable mean
vector extracted from the VAE- and ALI-based feature extractors (i.e. VAE, ALI,
ALI/NLL) shows promising performance. In particular the performance yielded by
the latent variable mean of VAE and ALI/NLL (i.e. VAE-LM, ALI/NLL-LM) seem
to be comparable to the conventional i-vector. On the other hand, as shown in Fig.

4.7, the latent variable log-variance of VAE and ALI (i.e. VAE-LV, ALI-LV') shows

58



20 I,} —— i-vector(200) | | 20 s ——i-vector(200) | |

N ALI-LM RS ALI-LV
— = ALUNLL-LM W = = ALINLL-LV

False Negative Rate (FNR) [%]
o

o
(9]
False Negative Rate (FNR) [%]
(6]

o
3

0.2 0.2
0.1 . 01
0102 05 1 2 5 10 20 40 0102 05 1 2 5 10 20 40
False Positive Rate (FPR) [%] False Positive Rate (FPR) [%]
Figure 4.6: DET curves of the speaker Figure 4.7: DET curves of the speaker
verification experiments using latent verification experiments using latent
variable mean as feature. variable log-variance as feature.

relatively poor performance compared to the latent variable mean features. How-
ever, as shown in Fig. 4.7, the latent variable log-variance extracted from ALI/NLL
(i.e. ALI/NLL-LV') outperformed the latent variable log-variance features extracted
from all three networks (i.e. VAE, ALI, ALI/NLL) in terms of EER. This shows
that the proposed network ALI/NLL is capable of generating latent variable vari-
ance which not only implies the uncertainty within the input speech but also encodes
a sufficient amount of speaker-dependent information. Using the latent variable to-
gether (i.e. LM+LV') as a combined feature further improved the performance, and
the best performing feature was obtained from ALI/NLL, which achieved a relative
improvement of 28.73% in terms of EER compared to that of i-vector(400). Fig. 4.8
shows the DET curves obtained from the experiments using LM+LV.

As shown in Fig. 4.9, augmenting the standard i-vector and the latent variable

mean (i.e. i-vector+LM) further improved the speaker verification performance. This
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Figure 4.8: DET curves of the speaker Figure 4.9: DET curves of the speaker
verification experiments using the verification experiments using the i-
concatenation of the latent variable vectors augmented with the latent
mean and log-variance as feature. variable mean as feature.

improvement may be attributed to the non-linear feature extraction process of the
VAE- and ALI-based methods. Since the latent variable mean is trained to capture
the variability within the distribution of the input utterance via a non-linear process,
it is likely to encompass information not attainable in the standard i-vector. Espe-
cially the one augmented with the latent variable mean extracted from ALI/NLL
(i.e. ALI/NLL-(i-vector+LM)) showed better performance than the ones extracted
from VAE and ALI, achieving a relative improvement of 42.16% in terms of EER
compared to i-vector(400). The reason behind this may be due to the fact that the
latent variable of ALI/NLL can preserve the distinctive information much better
by incorporating a joint discriminator instead of regularizing the latent variable

distribution via KL divergence.

Likewise, using the i-vector in conjunction with the latent variable log-variance
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feature.

(i.e. 4-vector+LV') also showed improvement in performance. Similar to the i-vector+LM

experiments, the i-vector augmented with the latent variable log-variance extracted

from ALI/NLL (i.e. ALI/NLL-(i-vector+LV)) outperformed the other methods (i.e.

VAE-(i-vector+LV), ALI-(i-vector+LV)), achieving a relative improvement of 34.66%

compared to i-vector(400) in terms of EER. This may be due to the capability of

the latent variable variance extracted from ALI/NLL in capturing the amount of

uncertainty, which has been discussed in the previous subsection. Fig. 4.10 shows

the DET curves obtained from the experiments using i-vector+LV.

Further improvement was observed when augmented with both the latent vari-

able mean and log-variance (i-vector+LM+LV'), which can be seen in Fig. 4.11. The

standard i-vector used in conjunction with the latent variable mean and log-variance
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extracted from ALI/NLL (i.e. ALI/NLL-(i-vector+LM+LV)) showed a relative im-
provement of 56.68% in terms of EER compared to the conventional i-vector with

the same dimension (i.e. i-vector(600)).

4.5 Summary

In this Chapter, a novel utterance-level feature extractor using an adversarial learn-
ing framework for speaker recognition is proposed. Analogous to the previously
proposed VAE-based feature extractor, the architecture proposed in this paper is
composed of an encoder and a decoder network where the former estimates the dis-
tribution of the latent variable given the speech and the latter generates the GMM
from the latent variable. However, in order to prevent the potential loss of distinc-
tive representation for the speaker within the extracted latent variable, the newly
proposed feature extractor is trained according to the ALI framework where a joint
discriminator network is exploited to ensure that the latent variable and the gen-
erated GMM are close to their prior distribution and the GMM obtained through
MAP adaptation, respectively.

To evaluate the performance of the features extracted from the proposed system
in a short duration scenario, we conducted a set of experiments using the TIDIG-
ITS dataset. From the results, we observed that the variance of the latent variable
extracted from the proposed ALI-based feature extractor is more useful to represent
the level of uncertainty caused by the short duration of the given speech than the
one extracted from the VAE-based feature extractor. Moreover, using the features
extracted from the proposed ALI-based method in conjunction with the standard

i-vector was shown to be far more effective than the VAE-based method.
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Chapter 5

Disentangled speaker and
nuisance attribute embedding

for robust speaker verification

5.1 Introduction

In recent years, various methods have been proposed utilizing deep learning architec-
tures for extracting embedding vectors and have shown better performance than the
i-vector framework when a large amount of training data is available [6]. In [7], a deep
neural network (DNN) for frame-level speaker identification was trained and the av-
eraged activation from the last hidden layer, namely, the d-vector, was taken as the
embedding vector for text-dependent speaker verification. In [6, 8], a speaker identi-
fication model consisting of a frame-level network and a segment-level network was
trained and the hidden layer activation of the segment-level network (i.e. x-vector)

was extracted as the embedding vector. In [11], long short-term memory (LSTM)
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layers were adopted to capture the contextual information within the d-vector, and
the embedding network was trained to directly optimize the verification score (e.g.,
cosine similarity) in an end-to-end fashion. The end-to-end d-vector framework was
further enhanced in [10] by applying different weight (i.e. attention) to each frame-
level activation while obtaining the d-vector, which enables the embedding network
to attend more on the frames with relatively higher amount of speaker-dependent
information. In [11], a generalized end-to-end loss function, which optimizes the em-
bedding vector to move towards the centroid of the true speaker while departing
away from the centroid of the most confusing speaker, was introduced to train the
end-to-end d-vector system more efficiently. In [12] and [13], a variational autoen-
coder (VAE)-based architecture was trained in an unsupervised manner to extract
an embedding vector for short-duration speaker verification. Despite their success in
well-matched conditions, the deep learning-based embedding methods are vulnera-
ble to the performance degradation caused by mismatched conditions (e.g., channel,
noise) [14].

In real life applications, numerous factors can contribute to the mismatches in
speaker verification [15]. Especially in forensic situations, channel mismatch often
occurs since police officers usually acquire voice recordings using various recording
devices (e.g., hidden microphones, mobile phones) [16]. Such variation in recording
devices is known to cause variability to the speech distribution, which leads to low
speaker identification or verification performance.

Recently, many attempts have been made to extract an embedding vector robust
to mismatched conditions. Conventionally, various researches focused on adapting
the back-end scoring model (e.g., PLDA) [45] or training the embedding network

with an augmented dataset containing various nuisance variability [46]. These meth-
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ods are proven to be effective when the dataset for the target condition (e.g., noisy
evaluation domain) is scarce, but since these methods do not intervene during the
embedding extraction, their performance may be bottlenecked by the speaker dis-
criminative capability of the embedding network. Unlike the aforementioned domain
adaptation techniques, there have been several methods which aim to directly disen-
tangle the undesired variability while extracting the speaker embeddings. In [14, 23],
inspired by the usage of gradient reversal strategy in image classification [26], [47]
and robust speech recognition [48, 49], the embedding networks were trained to min-
imize the speaker classification error while maximizing the error of the subtask (e.g.,
noise or channel type classification) with the use of gradient reversal layer. Although
the gradient reversal strategy has shown meaningful improvement in performance,
domain adversarial training using gradient reversal layer is known to be very unsta-
ble and sensitive to hyper-parameter setting [50]. In [24], the embedding network was
trained to maximize the error of a subtask (i.e. noise type classification) by using an
adversarial training strategy similarly to the generative adversarial network (GAN)
[43]. The speaker embedding network and the noise classification network are trained
competitively; the noise classification network is trained to discriminate the noise
type correctly, and at the same time the embedding network is trained to discrim-
inate the speaker while having high uncertainty on the noise type. When training
the speaker embedding network, bit-inverted one-hot labels (i.e. anti-labels) were
used for noise classification, which would force the embedding network to output a
wrong noise label equally. Though the anti-label strategy has proven its strength in
noise-robust speaker embedding [24], adversarial training is known to be extremely

unstable and difficult [51].
In this paper, we propose a novel approach to disentangle the nuisance attribute
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information from the speaker embedding vector without the use of gradient rever-
sal or adversarial training. The proposed method employs an embedding network
similar to the conventional methods (e.g., d-vector and x-vector). However, unlike
the conventional embedding networks, which produce a single embedding vector per
utterance, the proposed embedding network simultaneously extracts a speaker- and
nuisance attribute-dependent (e.g., recording device-, emotion-dependent) embed-
ding vectors, hence we call the proposed technique joint factor embedding (JFE).
In the JFE technique, the embedding network is trained in a fully supervised man-
ner simultaneously with the speaker and nuisance attribute (e.g., channel, emotion)
discriminator networks where each discriminator is trained to take the embedding
vector as input and identify their respective targets. Analogous to the conventional
speaker embedding systems, the proposed embedding network is trained to produce
a speaker embedding vector with high speaker discriminability. On the other hand,
to disentangle the non-speaker information from the speaker embedding vector, we
propose two different ways to increase the nuisance attribute uncertainty inherent
in the speaker embedding vector. One way is to train the embedding network to
extract a speaker embedding vector to maximize the entropy in nuisance attribute
identification, and the other is to decrease the relevancy between the speaker and

nuisance embedding vectors by minimizing the mean absolute Pearson’s correlation

(MAPC) [52].

In order to evaluate the performance of the proposed system in a realistic sce-

nario, we conducted a set of experiments using two datasets:

e RSR2015 Part 3 dataset: a random digits strings speaker verification corpus

consisting of speech samples recorded from 6 different hand-held devices [53],
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[54].

e VoxCelebl dataset: a text-independent speaker verification corpus consisting

of speech samples with 8 different emotional states [55].

The experimental results show that the proposed method outperforms the conven-
tional disentanglement methods (i.e. gradient reversal, anti-label) in terms of equal
error rate (EER). Moreover, the proposed system performed better than the conven-
tional x-vector on short duration speech samples, which is likely to lack significant
phonetic information.

The contributions of this paper are as follows:

e We propose a new method to train a speaker embedding network robust to
nuisance attributes, which can be done easily without the use of adversarial

training or gradient reversal learning.

e We compared the proposed speaker embedding technique with conventional

methods for multi-device and emotional speaker verification.

e We experimented the proposed speaker embedding technique on speech utter-

ances with various durations.

5.2 Joint factor embedding

5.2.1 Joint factor embedding network architecture

Analogous to the conventional disentanglement techniques [14, 23, 24], the proposed
method is based on the MTL framework. However, as depicted in Fig. 5.1, unlike the
standard MTL embedding system, the embedding network of the proposed frame-

work extracts two different embedding vectors simultaneously: speaker embedding
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Figure 5.1: The architecture of the proposed joint factor embedding system.

wWepkr and nuisance embedding wyyis. The speaker embedding vector wgyy, is trained
to be dependent solely on the speaker variability while the nuisance embedding vec-
tor wpyis is trained to be dependent on the nuisance (e.g., channel, emotion) variabil-
ity only. When obtaining wgpr, and wpyis, different weights are used for aggregating

the frame-level outputs as

T
Wspkr = Z aspkr,thta (51)
t=1
T
Wnuis = Z Olnuis,tht (52)
t=1

where ogprr ¢ and apyise are the speaker and nuisance weights for attention, respec-
tively, which are obtained as in (2.7). The reason why we use separate attention
weights for obtaining wgpr, and wpys is that we assume that frames with high
speaker-dependent information are not always guaranteed to have high nuisance
attribute-dependent information. For instance, speaker-dependent information will

be high on speech frames, while channel-dependent information will be rather con-
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sistent across all frames since even non-speech frames are affected by the recording
channel. Once the embedding vectors are extracted, both wgpr, and wyyis are fed

into the speaker and nuisance classification networks.
5.2.2 Training for joint factor embedding

Discriminative training

As described in Table 5.1, the embedding vectors wgpr, and wyy;s are trained with dif-
ferent main task and subtask specifications. In order to maximize the discriminability

on their main tasks, the following cross-entropy loss functions are minimized:

N
Ls—s,CE = - Z anOgyn(wspkr)v (53)
n=1
M
Le coB=— Y tmlogim(Wnuis)- (5.4)
m=1

By minimizing (5.3) and (5.4) simultaneously, the embedding network is trained to
produce wgpk, with high speaker-dependent information and wy;s with high nuisance
attribute-dependent information. Moreover, the attention weights agprrs and apyis,¢
will be trained to focus on the frames with more meaningful information on their

main tasks.

Table 5.1: Main tasks and subtasks for the embedding vectors of the joint factor

embedding scheme.

Main task Subtask

Wepkr | Speaker classification | Nuisance classification

wnuis | Nuisance classification | Speaker classification
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Disentanglement training

In this paper, we propose two types of loss functions to perform disentanglement in
the subtasks of the embedding vectors wgpr, and wpyis. One way for disentanglement
is to directly maximize the entropy (or uncertainty) on their subtasks while training.

For wgpkr and wpuis, the entropies [56] on their subtasks can be computed as

N

Ls—c,E = - Z S’n(wnuis)IOgyn(wnuis)y (5'5)
n=1
M

chs,E = - Z f'm(wspkr)logf'm(wspkr)‘ (56)
m=1

By maximizing (5.5) and (5.6), the uncertainty of the outputs in the subtasks will be
maximized, leading the conditional distribution of the subtask classes to approach
uniform.

Another way to perform disentanglement is to regularize the embedding vectors
Wepkr and wpyis S0 as to have low correlation instead of directly maximizing the
uncertainty on their subtasks. This can be achieved by maximizing the negative

MAPC [52], which can be computed across the mini-batch by

F
1 Z |CO’U(w5pkr,f,Wnuis,f)‘ (5 7)

L =%
nMAPC F std(wspkr, £ ) Std(Wnuis, )

f=1

where cov is the covariance, std is the standard deviation, and F', Wgpkr, £, Wnuis,f

are the dimensionality of the embedding vectors, f* element of Wepkr aNd Wrys,

respectively. Since zero correlation indicates that the two variables are not related,

by minimizing the MAPC between wgyr, and wpyis, the relevancy between the two
embedding vectors can be reduced.

The proposed JFE system is trained by simultaneously minimizing the discrim-

inative losses (i.e. cross-entropy) depicted in (5.3) and (5.4), while maximizing the
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disentanglement loss in (5.5), (5.6), (5.7). In short, the embedding network is trained

to minimize the following loss function:

Lyreg =Ls_scE + Le—ccE
(5.8)

—Ls g —Les,g — Lumarc.

By optimizing the JFE network, the speaker embedding vector wgpy, is trained to be
speaker discriminative while having high uncertainty on the nuisance attribute, and
the nuisance embedding vector wy,,;s aims to be nuisance attribute discriminative

while having high uncertainty on the speaker.

5.3 Experiments

5.3.1 Channel disentanglement experiments
Database

In order to evaluate the performance of the proposed technique for a real-life ap-
plication of speaker verification where multiple recording devices are involved for
enrollment and testing, a set of experiments were conducted based on the RSR2015
dataset [53], [54], which is a speaker verification dataset recorded using 6 different
hand-held devices (i.e. 1 Samsung Nexus, 2 Samsung Galaxy S, 1 HTC Desire, 1
Samsung Tab, 1 HTC Legend). For training the embedding networks, we used the
background and development subsets of the RSR2015 dataset Part 3, consisting of
utterances (recorded from all six devices) spoken by 194 speakers (100 male and 94
female speakers).

The evaluation was performed according to the RSR2015 Part 3 (random digits

string) protocol [54] where 106 speakers (57 male and 49 female speakers) are in-
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volved. From the RSR2015 Part 3 evaluation dataset, the 10-digits strings of sessions
1, 4, 7 were used for enrollment and the 5-digits strings of sessions 2, 3, 5, 6, 8, 9

were used for testing.

Experimental Setup

To investigate the effects of the proposed JFE strategy on different embedding archi-
tecture, two types of frameworks were used for embedding extraction: d-vector and
x-vector. For the d-vector-based systems, a single 512-dimensional unidirectional
LSTM layer with a projection layer [57] (projected to 256-dimension) was used.
By aggregating the LSTM outputs via a weighted average as described in (2.6),
256-dimensional embedding vectors were obtained. Each classification networks (i.e.
speaker and channel identifier) consisted of a single 256-dimensional rectified lin-
ear unit (ReLU) hidden layer and a softmax output layer where the output size
corresponds to the number of speakers or devices within the training set (e.g., 194-
dimensional softmax output for speaker classifier and 6-dimensional softmax output
for channel classifier). The acoustic features used in the d-vector-based systems were
19-dimensional Mel-frequency cepstral coefficients (MFCCs) and the log-energy ex-
tracted at every 10 ms, using a 20 ms Hamming window. Together with the delta
and delta-delta of the 19-dimensional MFCCs and the log-energy, the frame-level
feature used in our experiments was a 60-dimensional vector.

For the x-vector-based systems, 5 TDNN layers were used as the frame-level
network as in the Kaldi x-vector recipe [6]. The frame-level output of the last TDNN
layer were aggregated via attention pooling (2.6) and followed by a ReLU layer,
resulting in a 512-dimensional embedding vector. The classification networks in the

x-vector-based systems consisted of a single 512-dimensional rectified linear unit
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(ReLU) hidden layer and a softmax output layer. The acoustic features used in the
x-vector-based systems were 30-dimensional MFCCs extracted at every 10 ms, using
a 20 ms Hamming window.

The implementation of the embedding systems was done via Tensorflow [34] and
trained using the ADAM optimization technique [58] with 8; = 0.9 and B2 = 0.999.
All the experimented networks were trained with learning rate 0.001 and batch size
32 for 12,000 iterations. Cosine similarity was used for computing the verification
scores in the experiments.

In our experiments, EER was evaluated as the performance measure. The EER
indicates the error when the false alarm rate (FAR) and the false reject rate (FRR)

are the same.

Comparison between different disentanglement loss terms

In this experiment, we compare the performance of the speaker embeddings obtained
from the d-vector-based JFE system trained with different disentanglement loss

terms discussed in Section 5.2. The experimented methods are as follows:

e Only discriminative: speaker embedding vector extracted from the JFE net-
work trained only with the discriminative loss functions in (5.3) and (5.4)
(which is essentially a multi-task learning for the embedding network to en-

code speaker and nuisance discriminative information),

e Entropy: speaker embedding vector extracted from the JFE network trained
with the discriminative loss functions in (5.3), (5.4) and the entropy-based

disentanglement losses in (5.5) and (5.6),
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e nMAPC: speaker embedding vector extracted from the JFE network trained
with the discriminative loss functions in (5.3), (5.4) and the negative MAPC-

based disentanglement losses in (5.7),

o Entropy + nMAPC: speaker embedding vector extracted from the JFE net-
work trained with the discriminative loss functions in (5.3), (5.4) and both the
entropy-based and the negative MAPC-based disentanglement losses in (5.5),
(5.6) and (5.7).

Table 5.2 gives the EER results obtained by using these embeddings. As shown in
the results, the embedding extracted from the JFE networks trained with either En-
tropy or nMAPC for disentanglement greatly improved the performance compared
to Only discriminative, which is essentially a standard MTL embedding technique.
This implies that both nMAPC and Entropy are capable of training the embed-
ding network to produce speaker embedding vectors disentangled from non-speaker
factors. Especially the nMAPC showed relative improvement of 17.99% compared
to Only discriminative. The best verification performance was achieved by using
both disentanglement loss terms (i.e. Entropy + nMAPC), yielding a relative im-
provement of 25.27% in terms of EER. From this, we could assume that nMAPC
and Entropy are useful for disentangling the channel variability from the speaker

embedding.

Training Analysis

In order to check if the training scheme of the proposed JFE system achieves our
objective (i.e. maximizing the speaker discriminability and channel uncertainty in

Wspkr ), We analyzed the training loss described in (5.3)-(5.6) of the d-vector-based

74



s-s,CE c-s,E

c-¢CE ~— MsCE |

Training set cost
w &

N
T

0 2000 4000 6000 8000 10000 12000
[terations

Figure 5.2: The joint factor embedding training loss values on each iteration.
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Figure 5.3: t-SNE plot of the speaker and channel embedding vectors extracted from

10 speakers and 3 devices. (a) and (c) are the t-SNE plots of the speaker embedding

vectors, and (b) and (d) are the t-SNE plots of the channel embedding vectors.

Different colors in (a) and (b) indicate different speakers, and different colors in (c)

and (d) indicates different devices.
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Figure 5.4: Attention weights of d-vector (JFE) for utterances speaking the sentence
“only lawyers love millionaires”. (a) Attention weights for the speaker embedding

vector. (b) Attention weights for the channel embedding vector.
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JFE system. As shown in Fig. 5.2, due to the large difference in the unique num-
ber of speakers and devices (i.e. 194 speakers and 6 devices), the initial values for
L;_s.cr and L,_. g were higher than L._.cg and L._ . The cross-entropy losses
(i.e. Ly—scr and L._.cg) decreased quickly toward 0 when the training iteration
increases. On the other hand, the entropy losses (i.e. Ls_. g and L._ g) stayed
near at their initial values throughout the training. This indicates that the proposed
training scheme increases the discriminability of the speaker and channel embed-
dings on their main tasks while keeping their uncertainty on the subtasks high as
expected.

In Fig. 5.3, the t-SNE plots [59] of the speaker and channel embedding vectors
of 10 speakers and 3 devices are shown. As can be seen in Figs. 5.3a and 5.3c, the
speaker embedding vectors wgpr, were well separated between different speakers but
were highly overlapped when it comes to different devices. Meanwhile, as shown
in Figs. 5.3b and 5.3d, the channel embedding vectors wg,, were separately dis-
tributed in terms of the device, while they were inseparable in terms of speakers.
This confirms that the embedding vectors extracted from the proposed JFE sys-
tem are discriminative on their main tasks, but are invariant with respect to their
subtasks.

Moreover, in Fig. 5.4, the attention weights for the utterance speaking the
sentence “only lawyers love millionaires” (i.e. 1% sentence of the RSR2015 Partl
dataset) are shown. It is interesting to see that the difference between speaker at-
tention weights o, across the frames were quite dramatic, which indicates that
agpr are likely to attend to certain frames. On the other hand, the channel atten-
tion weights .pqn Were relatively consistent across all frames. These results strongly

support our assumption that the frames with high speaker-dependent information
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are concentrated on specific frames while channel-dependent information is similar

across the speech segment.

Comparison between the joint factor embedding scheme and conventional

disentanglement methods

In this experiment, we compared the embedding vectors obtained from the proposed
joint factor embedding scheme, with those obtained from the conventional disentan-
glement techniques discussed in Section 2.2. The experimented training strategies

are as follows:

e Softmax: embedding extracted from an embedding network trained with soft-

max objective in (2.9),

e Gradient reversal: embedding extracted from an embedding network trained
with gradient reversal strategy as described in (2.12) where A was set to be 0
in the beginning and linearly increased every iteration, reaching 1 at the end

of the training as in [48],

o Anti-loss: embedding extracted from an embedding network trained with anti-
loss as described in (2.16) using the same adversarial training strategy de-

scribed in [24],

e JFE (proposed): speaker embedding extracted from the proposed JFE system
trained with the discriminative loss functions in (5.3) and (5.4) and both the
entropy-based as shown in (5.5) and (5.6) and the negative MAPC-based dis-

entanglement losses in (5.7).

Table 5.3 show the performance of the d-vector and x-vector-based systems
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trained with the methods described above. From the results, it could be seen that
the overall performance in female speaker was worse than the male speaker. This
may be attributed to the fact that the MFCC features are known to be less beneficial
in female speech since it does not sufficiently capture the spectral characteristics in
high formant frequency region [61]. Generally, the Anti-loss disentanglement strategy
has shown performance enhancement, achieving a relative improvement of 35.39%
in terms of EER in the d-vector-based experiment. On the other hand, Gradient
reversal method, showed only slightly improved or worse performance over softmaz.
Meanwhile, the speaker embedding extracted from the proposed JFE scheme yielded
the best performance in all architectures (i.e., d-vector and x-vector), achieving a
relative improvement of 18.39% in EER compared to that of d-vector (softmaz). This
indicates that the proposed JFE system is capable of disentangling complicated cor-

ruptions (i.e. corruption via channel) introduced by different recording devices.

In addition, Table 5.4 show the performance comparison between the state-of-
the-art embedding techniques for random digit strings speaker verification (i.e., DNN
i-vectors and Uncertainty normalized HMM /i-vector) [60] and the x-vector-based
embedding network trained with the proposed JFE scheme. As shown in the results,
Uncertainty normalized HMM /i-vector performs better than the z-vector (softmax)
by a large margin. This is mainly attributed to the fact that the Uncertainty normal-
ized HMDM /i-vector is trained to model the within-digit variability and scored with
prior knowledge on the set of digits being uttered within the test set. Therefore it is
not surprising that the z-vector (softmaz) performs worse than the HMM /i-vector
system, since it is trained and evaluated with no information on the context. How-
ever, despite the innate disadvantage of the x-vector framework in random digits

strings speaker verification, the proposed z-vector (JFE) outperformed the Uncer-
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tainty normalized HMM /i-vector with an relative improvement of 46.05% in terms

of male trial EER.

Device disentanglement in domain-mismatch scenario

In this experiment, we compared the performance of the conventional x-vector and
the proposed JFE system in a cross-domain text-independent speaker verification
scenario. More specifically, both embedding systems were trained using the entire
RSR2015 dataset and evaluated on the VoxCelebl evaluation subset, which is a
dataset collected from Youtube videos recorded from a wide variety of channel and
environmental conditions (e.g., videos shot on hand-held devices, interviews from
red carpets).

As depicted in Table 5.5, the embeddings extracted from systems trained with
RSR2015 showed severe performance degradation. Such degradation was likely caused
by the vast variety of channel and environmental conditions within the VoxCelebl,
which are known to cause high within-speaker variability of the extracted speaker
embedding vectors. Although the RSR2015 dataset is recorded from multiple dif-
ferent devices, the number of recording devices is limited (i.e. 6 devices) and the
speech samples are relatively noise-free since they were recorded in an office envi-
ronment [53, 54]. Therefore training the embedding system using only the RSR2015
dataset may be insufficient to tackle the challenging condition of the VoxCelebl
evaluation set. Hence the z-vector system trained only for speaker discrimination
using RSR2015 showed a relative decrement of 94.83% in terms of EER compared
to the network trained with the VoxCelebl training set. On the other hand, the
degredation of the JFE system trained to disentangle the device factor from the

speaker embedding was 71.55%, which outperformed the z-vector trained with the
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same dataset with a relative improvement of 11.95%. This indicates that even in a
domain-mismatch scenario, the proposed JFFE is able to alleviate the performance

degradation caused by recording device variability.

5.3.2 Emotion disentanglement

Emotion variability can cause severe performance degradation in speaker recogni-
tion [62], but emotion disentanglement has not been investigated as much as other
nuisance attributes, such as noise or channel distortion. This may be due to the chal-
lenging nature of emotion disentanglement since unlike noise or channel, emotional
variability is caused by the speaker’s vocal tract, which also creates speaker vari-
ability. In this subsection, we apply the proposed JFE framework for disentangling

the variability induced by the speaker’s emotional state.

Dataset

In order to evaluate the performance of the proposed technique for emotion disen-
tanglement, a set of experiments were conducted based on the VoxCelebl dataset
[55] and the emotion labels provided by the EmoVoxCeleb teacher system [63] !. For
training the embedding networks, we used the development subset of the VoxCelebl
dataset, consisting of 148,642 utterances collected from 1,211 speakers. According to
the emotion labels in EmoVoxCeleb, total 8 emotions are observed in the VoxCelebl
dataset (i.e., neutral, happy, surprise, sad, angry, disgust, fear, contempt).

The evaluation was performed according to the original VoxCelebl trial list,

which consists of 4,874 utterances spoken by 40 speakers. The duration of the trial

!The emotion labels provided by the EmoVoxCeleb teacher system can be downloaded from

here: http://www.robots.ox.ac.uk/ vgg/research/cross-modal-emotions/.
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utterances was between 3.97 seconds and 69.05 seconds.

Experimental Setup

The acoustic features used in the experiments were 30-dimensional MFCCs extracted
at every 10 ms, using a 20 ms Hamming window. The embedding networks are
trained with segments consisting of 250 frames, using the ADAM optimization tech-
nique.

For the baseline x-vector framework and joint factor embedding system, 5 TDNN
layers were used as the frame-level network according to the Kaldi x-vector recipe [6].
The TDNN outputs are aggregated as described in (2.6), and fed into the utterance-
level classification network (i.e. speaker and emotion identifier). Each utterance-level
classification network consisted of two 512-dimensional LeakyReLU hidden layers
and a softmax output layer where the output size corresponds to the number of
speakers or emotions within the training set. All the experimented networks were
trained with learning rate 0.001 and batch size 256 for 74,321 iterations. Cosine

similarity was used for computing the verification scores in the experiments.

Comparison between the joint factor embedding scheme and conventional

embedding techniques

In this experiment, we compare the embedding vectors obtained from the proposed
joint factor embedding scheme and the conventional x-vector framework along with
techniques reported in recent studies including VGG-M, ResNet-34 and end-to-end

verification systems [64, 65]. The experimented methods are as follows:

e i-vector [64]: the i-vector performance reported in [64],
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Figure 5.5: EER performance of the proposed joint factor embedding scheme and

conventional x-vector on different duration utterances.

VGG [64]: the performance of the embedding extracted from VGG-M, which is
a CNN architecture known to perform well on image and speaker classification,

reported in [64],

e Generalized end-to-end [65]: the performance of the ResNet-34-based end-to-
end speaker verification system trained with the generalized end-to-end loss

(2.11) reported in [64],

o All-speaker hard negative mining end-to-end [65]: the performance of the ResNet-
34-based end-to-end speaker verification system trained with the all-speaker
hard negative mining loss, which is a modified version of the softmax loss for

robust verification, reported in [64],
o z-vector (softmax) [64]: the x-vector performance reported in [64],

e z-vector (our implementation): the performance of our implementation of z-

vector (softmax),

e CNN-embedding [64]: the performance of the embedding extracted from a
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CNN-based architecture reported in [64],

e z-vector (JFE): the performance of the speaker embedding extracted from the
proposed JFE system trained to disentangle the emotional factor using loss

functions (5.3)—(5.7).

As shown in Table 5.6, the proposed JF'FE outperformed the conventional methods
with both cosine similarity and PLDA backends. Especially when using PLDA as
backend, the JFE achieved a relative improvement of 8.16% compared to the z-vector
(our implementation) in terms of EER. Moreover, training the JFE with augmented
training data described in [64] (i.e., noise and reverberation augmentation) further
improved the performance. The results demonstrate that although the proposed
JFE is composed of a simple x-vector-like network, it can provide embedding with
higher speaker discriminative information than the systems with more complicated

architecture.

In addition, we evaluated the conventional x-vector framework and the proposed
joint factor embedding scheme on short duration speech samples. Each evaluation
was done using randomly truncated trial utterances and the average EERs computed
over three evaluations for each duration group are depicted in Fig. 5.5. As shown in
the results, both the performance of the joint factor embedding framework and the
conventional x-vector were degraded as the duration decreased. This may be due to
the lack of phonetically informative frames since a critical amount of speaker relevant
information is contained in the phonetic characteristics [19]. However, the emotion
disentangled speaker embedding obtained by the proposed JFE outperformed the

conventional z-vector even with short duration speech segments.
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5.3.3 Noise disentanglement

In this subsection, we apply the proposed JFE framework for disentangling the noise

variability.

Dataset

In order to evaluate the performance of the proposed technique for noise disentan-
glement, we conducted an experiment based on the SITEC dataset [66], where each
utterance was mixed with 4 different background noises (i.e., restaurant, office, cafe-
teria, construction) from the ITU-T P.501 dataset [67] on 3 different SNR conditions
(i.e., 0, 5, 10dB). For training the embedding networks, we used 187,470 utterances
from 300 speakers which were mixed with cafeteria and restaurant noises .

The evaluation was performed based on the 2,000 utterances from 100 speakers.
The evaluation set was split into two, where the first half was used as enrollment
and the rest was used for trial. The enrollment set was mixed only with office noise,

while the trial set was mixed with construction noise.

Experimental Setup

The acoustic features used in the experiments were 30-dimensional MFCCs extracted
at every 10 ms, using a 20 ms Hamming window. The embedding networks are
trained with segments consisting of 250 frames, using the ADAM optimization tech-
nique.

For the baseline x-vector framework and joint factor embedding system, 5 TDNN
layers were used as the frame-level network according to the Kaldi x-vector recipe [6].

The TDNN outputs are aggregated as described in (2.6), and fed into the utterance-
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level classification network (i.e. speaker and emotion identifier). Each utterance-level
classification network consisted of two 512-dimensional LeakyReLU hidden layers
and a softmax output layer where the output size corresponds to the number of
speakers or emotions within the training set. All the experimented networks were
trained with learning rate 0.001 and batch size 256 for 74,321 iterations. Cosine

similarity was used for computing the verification scores in the experiments.

Comparison between the joint factor embedding and x-vector

In this experiment, we compare the embedding vectors obtained from the proposed
joint factor embedding scheme and the conventional x-vector framework. As shown
in Table 5.7, the proposed JFE outperformed the conventional methods in all noise
conditions. Especially in the SNR 0dB condition, the JFE achieved a relative im-
provement of 12.93% compared to the z-vector in terms of EER. This indicates
that the proposed JFE system is capable of disentangling corruptions introduced by

different background noises.

5.4 Summary

In this Chapter, a novel approach for extracting an embedding vector robust to
variability caused by nuisance attributes for speaker verification is proposed. In or-
der to disentangle the nuisance variability from the speaker embedding vector, we
introduce a JFE scheme where two types of embedding vectors are extracted, each
dependent solely on the speaker or nuisance attribute, respectively. The proposed
JFE network is trained simultaneously with the speaker and nuisance attribute clas-

sification networks where the speaker and nuisance embedding vectors are optimized
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to have good discriminability for their main task while having high uncertainty on
their subtask.

To evaluate the performance of the embedding vector extracted from the pro-
posed system in a realistic scenario, we conducted a set of speaker verification ex-
periments using the RSR2015 dataset, which is composed of utterances recorded
using multiple different hand-held devices, and VoxCelebl dataset, which is com-
posed of various emotional speech utterances. From the results, it is shown that the
proposed JFE scheme is capable of obtaining speaker embedding vectors with high
speaker discriminability while showing robustness to channel and emotional vari-
ability. Moreover, we observed that the proposed embedding vector performs better

than the conventional embedding technique with short duration speech segments.
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Table 5.2: EER (%) comparison between the speaker embedding vectors extracted
from the joint factor embedding networks trained with various disentanglement

losses.

Loss EER [%]

Only discriminative 11.28

Entropy 9.61

nMAPC 9.25

Entropy + nMAPC 8.43

Table 5.3: EER (%) comparison between the speaker embedding vectors extracted

from the proposed joint factor embedding and the other embedding techniques.

Objective EER [%]

Softmazx 10.72

Gradient reversal 10.37

d-vector
Anti-loss 10.47
JFE (proposed) 8.43
Softmax 2.26
Gradient reversal 5.87
xX-vector
Anti-loss 1.46

JFE (proposed) 1.07
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Table 5.4: Gender-dependent EER (%) comparison between the speaker embedding
vectors extracted from the x-vector-based embedding systems and the state-of-the-

art i-vector-based systems.

EER [%]
Methods
Male | Female
z-vector (Softmaz) 2.09 2.48
DNN i-vectors [60] 1.70 | 2.69

Uncertainty normalized HMM /i-vector [60] | 1.52 1.77

z-vector (GRL) 3.75 | 4.7
x-vector (Anti-loss) 1.25 1.66
z-vector (JFE) 0.82 | 1.29

Table 5.5: EER (%) comparison between the speaker embedding vectors extracted
from the proposed joint factor embedding and the conventional x-vector framework

evaluated on the VoxCelebl evaluation set.

Objective Training data | EER [%]
VoxCelebl 11.6
z-vector (softmax)
RSR2015 22.6
z-vector (JFE) RSR2015 19.9
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Table 5.6: EER (%) comparison between the speaker embedding vectors extracted

from the proposed joint factor embedding and the conventional methods.

Methods Scoring Data augmentation | EER [%)]

i-vector [64] PLDA X 8.8

VGG [64] Cosine similarity X 7.8

Generalized end-to-end [65] Cosine similarity X 10.7

All-speaker hard negative mining end-to-end [65] | Cosine similarity X 5.6

Cosine similarity X 11.3

z-vector (softmax) [64] X 7.1
PLDA

(0] 6.0

x-vector (our implementation) PLDA (0] 4.9

Cosine similarity X 7.3

CNN-embedding [64] X 5.9
PLDA

(0] 5.3

Cosine similarity X 6.8

z-vector (JFE) X 5.4
PLDA

o 4.4
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Table 5.7: Comparison between the speaker embedding vectors extracted from the

proposed joint factor embedding and the x-vector system.

Methods Accuracy [%] | EER [%] | DCF08
SNR 0dB | x-vector 92.90 3.79 0.40

JFE (proposed) | 94.10 3.30 0.35

Methods Accuracy [%] | EER [%] | DCF08
SNR 5dB | x-vector 94.90 3.25 0.34

JFE (proposed) | 95.20 2.89 0.27

Methods Accuracy [%] | EER [%] | DCF08
SNR 10dB | x-vector 95.30 3.21 0.32

JFE (proposed) | 95.60 2.84 0.22
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Chapter 6

Conclusions

This dissertation addresses the limitations of the conventional deep embedding tech-
niques for speaker verification. In order to tackle the problem of utilizing unlabeled
datasets for training the deep embedding systems and performance degradation when
dealing with speech samples with different conditions, we proposed several embed-
ding methods.

Firstly, we have proposed a variational autoencoder (VAE)-based embedding
framework, which extracts the total variability embedding and a representation for
the uncertainty within the input speech. Unlike the conventional deep learning-based
embedding techniques, the proposed system is trained in an unsupervised manner.
From a number of experiments, it has been shown that the proposed method outper-
forms the conventional i-vector framework in a short duration speaker verification
scenario.

Secondly, in order to prevent the potential information loss caused by the Kullback-
Leibler divergence regularization term in the VAE-based embedding system, we have

proposed an adversarially learned inference (ALI)-based embedding framework. Ex-
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perimental results show that the proposed method can represent the uncertainty
caused by the short duration better than the VAE-based method.

Finally, we proposed a new fully supervised method for extracting a speaker
embedding vector disentangled from the variablility caused by the non-speaker nui-
sance attributes. The proposed framework was compared with the conventional deep
learning-based embedding methods, and experimental show that the proposed ap-
proach can extract the speaker embeddings robust to channel and emotional vari-

ability.
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