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Abstract

Voice Activity Detection Based on Deep Neural Networks

Runze Wang

Various ambient noises always corrupt the audio obtained in real-world environments, which
partially prevents valuable information in human speech. Many speech processing systems, such
as automatic speech recognition, speaker recognition and speech emotion recognition, have been
widely used to transcribe and interpret the valuable information of human speech to other formats.
However, ambient noise and different non-speech sounds in audio may affect the work of speech
processing systems. Voice Activity Detection (VAD) acts as the front-end operation of these sys-
tems for filtering out undesired sounds. The general goal of VAD is to determine the presence and
absence of human speech in audio signals. An effective VAD method can accurately detect human
speech segments under low SNR conditions with any noise. In addition, an efficient VAD method
meets the requirements of fewer parameters and computation. Recently, deep learning-based ap-
proaches have impressive advancements in detection performance by training neural networks with
massive data. However, commonly-used neural networks generally contain millions of parameters
and require large amounts of computation, which is not feasible for computationally-constrained
devices. Besides, most deep learning-based approaches adopt manual acoustic features to highlight
characteristics of human speech. But manual features may not be suitable for VAD in some specific
scenarios. For example, some acoustic features are hard to discriminate babble noise from target
speech when audio is recorded in a crowd.

In this thesis, we first propose a computation-efficient VAD neural network using multi-channel
features. Multi-channel features allow convolutional kernels to capture contextual and dynamic in-
formation simultaneously. The positional mask provides the features with positional information

using the positional encoding technique, which requires no trainable parameter and costs negligible
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computation. The computation-efficient neural network contains convolutional layers, bottleneck
layers and a fully-connected layer. In bottleneck layers, channel-attention inverted blocks effec-
tively learn hidden patterns of multi-channel features with acceptable computation cost by adopting
depthwise separable convolutions and the channel-attention mechanism. Experiments indicate that
the proposed computation-efficient neural network achieves superior performance while requiring a
fewer amount of computation compared to baseline methods.

We propose an end-to-end VAD model that can learn acoustic features directly from raw audio
data. The end-to-end VAD model consists of three main parts: a feature extractor, dual-attention
transformer encoder and classifier. The feature extractor employs a condense block to learn acoustic
features from raw data. The dual-attention transformer encoder uses dual-path attention to encode
local and global information of learned features while maintaining low complexity by utilizing the
linear multi-head attention mechanism. The classifier requires few trainable parameters and few
amounts of computation due to the non-MLP design. The proposed end-to-end model impressively
outperforms the computation-efficient neural network and other baseline methods by a considerable

margin.
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Chapter 1

Introduction

1.1 General background

Spoken language is one of the most important communication tools for human beings to convey
high-level concepts and ideas. Speech is the concrete carrier of spoken language and physically
produced by human vocal organs. It involves multiple complex information: the message, the
speaker’s identity, and physical and emotional state. It has been a scientific research hotspot to
develop machines that can automatically process complex information in speech. For example,
automatic speech recognition (ASR) systems are invented to translate speech into text; speaker
recognition (SR) systems are introduced to recognize people from their speech; speech emotion
recognition (SER) systems are developed to analyze human emotions, moods and stress through
speech features. In recent years, with the rapid development of computers and artificial intelligence,
speech research has been converted to real-life applications such as smart homes, dialogue robots,
and smart speakers. They gradually change the way of human-machine interaction from touch to
voice, which simplifies people’s lives and reflects speech’s importance.

In speech processing systems, models are supposed to process audio containing human speech.
Otherwise, processing non-speech parts will cause unnecessary computation costs. Besides, non-
speech parts can result in models’ outputs being inaccurate. For example, models predict human
emotion based on speech features in an SER system. The models will take ambient noise as a

part of human speech, like TV noise in a living room, potentially causing large biases in emotion



predictions. Another example is that ASR systems are engineered to translate human speech into
text. However, unexpected background noises may be translated into random English sentences,
resulting notable reduction in recognition accuracy.

To reduce the impact of non-speech parts on speech processing systems, the input audio is sup-
posed to contain human speech only. Voice activity detection (VAD), also known as voice endpoint
detection, is a technique to detect human speech segments in audio signals. VAD models usually
act as preprocessors to downstream speech processing systems, directly filtering out non-speech
segments or providing downstream systems with segmentation information instead.

VAD is a crucial upstream filtering technique for speech processing systems on efficiency im-
provement. An effective speech processing system usually requires large computation resources that
computationally-constrained Internet of Things (IoT) devices can not satisfy. For example, Amazon
Echo and Google Home are typical IoT devices in a smart home, which deploy their ASR systems
on external high-performance servers. If local-collected speech audio is completely sent to servers
from IoT devices, there will be a massive load on servers and networks. Local-deployed VAD al-
lows IoT devices to transmit audio that needs processing to servers exclusively. The followings are
concrete examples describing the impact of VAD on other systems.

In an ASR system, an accurate VAD can reduce the amount of computation and processing
time by skipping non-speech parts and improve recognition accuracy by effectively avoiding noise
inference. Experiments show that if the VAD-judged starting point of speech is delayed by five
frames, the speech recognition accuracy will drop by 4.3%; if the starting point is delayed by ten
frames, the speech recognition accuracy will drop by 10.8%; If the endpoint is advanced by five
frames, the speech recognition accuracy will decrease by 1.5%; if the endpoint is advanced by 10
frames, the speech recognition accuracy will decrease by 6.3% [1]. If the VAD misjudges the speech
as noise, the speech recognition accuracy will then be greatly reduced. Suppose the starting point
of the VAD judgment advances or the endpoint lags too much. In that case, the computation of the
recognition system will be increased, resulting in the prolongation of the system response.

In a voice communication system, the VAD technique is used to improve the utilization rate
of transmission channels. Because if we can separate valid speech from background noise and

silence, it will be possible to transmit speech data only, which can greatly reduce the amount of



information transmitted. The third-generation mobile communication system standard suggests that
voice generally accounts for 40% of the total call duration. Thus, considerable wireless resources
can be saved by reducing the number of encoded bits of non-voice segments. Worldwide mobile
communication systems adopt the VAD technique to detect non-voice segments and only transmit
comfort noise in these segments. This discontinuous transmission mode (DTX) can improve channel
capacity. The G.729 speech coding algorithm adopted by the international telecommunication union
is to combine a VAD module with a DTX module. This method can theoretically increase the system
capacity by 1.5 times and increase the number of cellular network users by 60% [2].

The above examples demonstrate that VAD is a valuable research topic. Audio signals have
the short-time steadiness characteristic, and their spectral features remain unchanged in the range
of 10 to 30 ms. Thus, audio signals can be divided into overlapped short-time frames, as shown
in Fig. 1.1, maintaining the continuity of speech signals and achieving a smooth transition between
frames. The duration of each frame is called frame length, and the overlapped length between two
frames is called frame shift. Then VAD models classify these audio frames as containing speech or
not, which is considered a binary classification problem. The input of VAD models can be raw data
of audio frames, but typically some manual feature representations of audio frames. These feature
representations highlight discriminatory information of human speech to ambient noise from one or

more specific perspectives. The VAD problem can be formulated as

X —Y where XYcR? and Y€ {0,1} (1)

where d is the dimension of an audio frame or its feature representation. Values in ) are O for
non-speech and 1 for speech.

Two major considerations occur when designing VAD models: performance and efficiency.
Performance evaluates how well the model predicts speech segments of audio; efficiency reflects
how much computation the model requires to make a decision. Since the VAD technique was
invented, researchers have proposed many detection approaches based on acoustic features, such
as short-term energy, zero-crossing rate, double threshold, cepstral feature, and spectral entropy.

Although these VAD methods have achieved considerable high accuracy in a quiet environment,
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Figure 1.1: Frame length and frame shift.

there is a notable dilution of performance when they are affected by the low signal-to-noise ratio
(SNR) real-world noise. This problem hinders the development of noise-robust speech processing
systems. More recently, although machine learning and deep learning-based VAD models achieve
high detection accuracy in noisy environments, the enormous computation load and model size
make them unable to run on computationally-constrained devices. There is still no ideal VAD
method which can ensure a high detection accuracy under low SNR conditions while keeping its
computation-related requirements as less as possible. Therefore, engineering a VAD method that
can achieve a reasonable trade-off between performance and efficiency is a topic worthy of future

research.

1.2 Literature review

Since the concept of VAD was first proposed by Bell laboratory in 1959 to improve commu-
nication transmission efficiency, it has been developed and applied in many other speech signal
processing systems. We can roughly classify VAD methods based on their development process

into traditional and machine learning-based methods.

1.2.1 Traditional VAD methods

Traditional VAD methods separate speech from background noise based on quantifiable au-

dio characteristics. Noisy speech audio consists of pure speech and additive noise. From this



perspective, VAD is to determine audio segments with valid speech. These methods assume that
we know noisy speech audio and additive noise so that speech can be obtained without difficulty.
For example, if we know the energy of speech and noise, we can use energy subtraction to deter-
mine non-zero speech segments. Many audio characteristics have been developed to discriminate
speech from noise, and most methods make decisions by comparing audio characteristic values with
thresholds. And Thresholds are set empirically. Such a mechanism brings the benefit of training
and estimating-model free.

In 1975, the Bell laboratory proposed the first VAD method, which chose short-time energy and
zero-crossing rate (ZCR) as audio characteristics [3]. The method assumed that the first 100 ms of
audio would be totally background noise so that the short-time energy of pure noise could be calcu-
lated. The energy was then referenced to set energy thresholds. The authors also employed ZCR to
monitor how an audio signal fluctuates across the zero point because unvoiced speech generally has
higher ZCR than voiced speech. This characteristic was used to increase the accuracy of VAD by
detecting low-energy unvoiced parts. The authors designed a two-level threshold decision-making
mechanism for short-time energy and ZCR. Although the method performs satisfactorily in a nearly
noise-free environment (SNR at 30 dB or even higher), many assumptions are difficult to achieve in
practical applications. The first is that the additive noise is stationary, and the first 100 ms of audio is
pure noise; the second is that audio segments with speech must have higher short-time energy than
audio segments with only noise. These ideal assumptions make settings of thresholds improper for
whole audio-long decision-making.

Based on the analysis of assumptions mentioned above, dynamically estimating the short-time
energy of background noise is a robust choice. If we accurately estimate noise, an SNR can be
derived by normalizing the audio energy by estimated noise energy. Then we can make decisions
based on thresholds that are set empirically. Specifically, speech exists if the calculated SNR is
above the threshold. From this perspective, [4—6] have contributed different noise estimation meth-
ods. The method in [4] calculated every frame’s short-time energy to estimate background noise,
which is not feasible for real-time VAD. The authors of [5] propose to use two VADs. The first VAD

makes the final decision based on dynamical thresholds, while the second VAD provides the first



one with interval information so that thresholds can be updated based on non-speech parts. The sec-
ond VAD detects non-speech intervals based on an assumption: segments containing speech have
higher short-time energy than segments with only non-speech. The authors of [6] proposed a new
spectral-based thresholds updating method, which explicitly reflects changes within each frequency
band.

Tokyo University introduced frequency domain features to VAD in 1980 [7]. Unlike time-
domain features, frequency-domain features can better distinguish between speech and non-speech
segments. The frequency-domain features are extracted from the frequency-domain signal obtained
by applying the fast Fourier transform (FFT) to audio signals. Since then, researchers have explored
many features extracted from transformed domains of the speech signal, such as pitch variations
[8], spectral entropy [9], sub-band energy [10], multi-band modulation energy [11], harmonicity
and modulation frequency [12]. In 1993, the cepstral distance was proposed as a novel feature for
VAD [13]. It achieved effective detection under negative SNR conditions with stationary Gaussian
noise. Long-term signal variability [14] was another feature designed in 2011. VAD adopted this
feature can achieve high detection accuracy in low-SNR environments. Low-frequency ultrasound
[15] and single-frequency filtering [16] techniques for VAD were developed later. These designed
features only reflect partial speech characteristics, making them unable to distinguish speech from
background noise in complex environments.

Another branch of traditional VAD methods is the statistical method. They build models from
local observations and accumulated historical information distribution. Statistical methods first
make model assumptions on the spectral distribution of speech and background noise and then use
statistical algorithms to estimate the model parameters dynamically [17]. Typical model assump-
tions include the Gaussian distribution [18, 19], Laplace distribution [20], Gamma distribution [21],
or their combinations [21]. The estimation methods of model parameters include minimum statistic
and minimum mean square error estimation (MMSE) [22]. Since statistical methods refer to the
long-term speech context information in the parameter updating process, they perform better than
threshold-based methods in most cases. However, statistical approaches also have limitations. First,

they make assumptions about the distribution of speech and noise, which may not fit the actual data



distribution accurately; secondly, the model can only estimate parameters in limited local obser-
vations, and the parameters of the model are relatively less. In addition, most statistical methods
perform parameter initialization estimation in the pure noise stage, which may cause a delay in

speech estimation and perform poorly in non-stationary noise scenarios.

1.2.2 Machine learning-based methods

As the computing performance of computers has been drastically improved, machine learning-
based VAD methods have been vigorously developed. Machine learning methods can be divided
into two categories: supervised and unsupervised, where unsupervised machine learning methods
explore numerous features and train models from large amounts of data. Dimension reduction and
clustering are two common unsupervised learning techniques. Dimension reduction methods ex-
tract robust low-dimensional features from high-dimensional observations and then apply them to
classifiers, including principal component analysis (PCA) [23], non-negative matrix factorization
(NMF) [24] and the spectral decomposition of graph Laplacian [25]. Clustering algorithms are ma-
chine learning methods that group data according to observed characteristics, including K-means
and Gaussian mixture models (GMM) [26, 27]. Since unsupervised machine learning-based meth-
ods do not require massive labelled data, it is easy to obtain training data. However, these methods
do not perform well when the SNR is low.

Another research branch of machine learning-based VAD is supervised-learning methods. Su-
pervised learning methods treat VAD as a binary classification problem, and they need to classify
audio frames as speech or non-speech. Although supervised methods require a large amount of
labelled data and computation resources for model training and testing, existing data resources and
the computing power of modern computers are sufficient to support these purposes. Common su-
pervised machine learning-based methods used for VAD include support vector machines (SVM)
[28], sparse coding [24], hidden markov model (HMM) [29].

Since the last decades, deep neural network (DNN) has been an indispensable part of machine
learning. Their unprecedented effectiveness has also been recognized in many areas, such as com-
puter vision and natural language processing. Many researchers have proposed DNN-based VAD

methods that have extraordinary performance on detection accuracy in severe SNR scenarios. These



approaches can learn hidden patterns by implicitly modelling extensive labelled data, which do not
require prior knowledge and assumption of the explicit model. This characteristic is attributed to
the non-linear transformation ability of DNN methods, which enables them to capture speech vari-
ability.

There have been several classic and groundbreaking DNNs that are the foundation of other
famous models. The multilayer perceptron (MLP) is the simplest neural network that maps inputs
to output non-linearly. As shown in Fig. 1.2, an MLP has input, output and one or more hidden
layers with many neurons stacked together. In the perceptron, the neuron must have an activation
function that imposes a threshold, such as ReLLU and sigmoid. Inputs are combined with initial
weights in a weighted sum and subjected to the activation function. The linear combinations feed to
the next layer until the output layer, and this process is called forward propagation. Backpropagation
is an indispensable learning mechanism that allows the MLP to adjust weights iteratively, with the

goal of minimizing the cost function.
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Figure 1.2: Multilayer perceptron [30].



Recurrent neural network (RNN) is a classic model for sequence data learning, its structure is
shown in Fig. 1.3. It consists of input neurons x;, hidden states s; and output neurons o;, where ¢
represents timesteps. From the observation, we can find that calculating the output at time step ¢
requires completing calculations of all previous time steps, which is a sequence computing process.
Every hidden state is calculated using the input of the current timestep and the hidden state of the

previous timestep, as the formula shown

st=f(u-zy+w-st—1+Db) (2)

where u, w and b are weights and biases constantly updated during training. The f represents an ac-
tivation function, such as ReLLU or sigmoid. This unique sequential structure allows the hidden state
at any time step to always remember previous information, which means the final output integrates

all previous information.

»
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Figure 1.3: Recurrent neural networks.

Deep belief networks were first employed for the VAD task in [31] and were proven to per-
form better than SVM. The idea of boosting contextual information was applied to an MLP to
form boosted deep neural networks in [32]. A new acoustic feature multi-resolution cochleagram
(MRCG) proposed in [33] was also first introduced to the VAD task. Compared with simple MLP,
this method was reported to have better detection accuracy in complex noise environments. RNNs

were adopted for VAD to memorize historical contextual information of speech signals in [34].



They suffered from state saturation and long inference problems when the input utterance was too
long [35]. Methods in [36, 37] had a common fault of weak generalization ability when the train-
ing and test noises types are not matching. Due to the great success of the attention mechanism
in sequence learning [38, 39], it has been attempted to solve the VAD problem in [40-42]. The
authors of [40] applied attention mechanism to temporal feature while authors of [41] applied it to
spectral-temporal feature. The authors of [42] applied the idea of boosted contextual information
in [32] to a transformer encoder, which showed outstanding performance in extensive real-world

scenarios testing.

1.3 Contribution of the thesis

Even though existing DNN-based methods have achieved sufficiently high detection accuracy,
the model size and computation cost still impede their practical application. DNN models requiring
millions of parameters and calculations are difficult to run on computers with limited computation
resources.

The generalization capability is indispensable for all supervised VAD methods, so research on
improving the detection accuracy in unseen noisy scenarios with different SNRs is critically vital.
One of the key points that affect model performance is acoustic features. Existing deep learning-
based methods generally extract manual features from audio at the beginning, such as mel-frequency
cepstral coefficient, gammatone frequency cepstral coefficient, MRCG or their combination. How-
ever, these features are not best suited for the VAD task and all kinds of neural network models.

To solve the first problem, we designe a computation-efficient VAD neural network that con-
sumes less computation and keeps a small model size while achieving superior performance. The
model’s good performance is partially attributed to the multi-channel acoustic features. The fea-
tures contain MRCG with its dynamic information Delta and Delta-Delta, and these components
are channel-wise arranged with positional information.

We suggest that neural networks can learn how to extract acoustic features for the VAD task

rather than using manual features. Therefore, we propose an end-to-end VAD model, in which a
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feature extractor network learns to extract features from raw audio data during training and a dual-
attention transformer encoder encodes and understands patterns in extracted features. To reduce
the computation and model size, we employ the group convolution technique and linear multi-head
attention mechanism in the feature extractor and encoder, respectively. Finally, a classifier without
fully-connected layers is presented to produce prediction results.

Comparison and analysis of experiments demonstrate that our proposed methods achieve su-
perior performance than baseline methods, including state-of-the-art statistical and deep learning-
based methods. In addition, our computation-efficient model’s size and amount of computation are
significantly less than baseline methods. The performance of our end-to-end VAD model advances

all comparison methods by a considerable margin.

1.4 Organization of the thesis

The rest of the thesis is organized as follows:

Chapter 2: This chapter proposes a computation-efficient VAD neural network using multi-
channel features. We first introduce background knowledge of our computation-efficient VAD
model, including commonly-used acoustic features, standard and depthwise separable convolutions,
and channel attention mechanism. Then, we present the flowchart of the proposed model with a brief
illustration of modules. We elaborate on the calculation process of proposed multi-channel features
step by step. We then describe the structure of the channel-attention inverted block, which enables
the CNN framework to be computation-efficient while keeping extraordinary performance.

Chapter 3: This chapter proposes an end-to-end VAD model. Related knowledge of previous
works is introduced first, including CondenseNet, Transformer and Linformer. We then provide an
overview flowchart of the proposed model. The model comprises a feature extractor, dual-attention
transformer encoder and classifier. Rather than calculating manual acoustic features, we design
the feature extractor for learning acoustic features from massive data during training. Following,
we elaborate on the dual-attention transformer encoder, which employs dual-path linear multi-head
attention to process local and global information of extracted features. The classifier with only a

convolutional and pooling layer is shortly explained.
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Chapter 4: This chapter first introduces the experimental setup, including datasets, baseline
methods, parameter settings and evaluation metrics. Experimental results and related discussions
are then presented.

Chapter 5: This chapter summarizes the thesis work and suggests directions for future research.
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Chapter 2

Computation-efficient voice activity
detection based on convolutional neural

network

In this chapter, we propose multi-channel acoustic features that incorporate contextual and dy-
namic information of audio frames. Besides, we design a novel computation-efficient VAD model
using convolutional neural networks (CNN) with the channel-attention mechanism. This chapter
is organized as follows. In Section 2.1, we first introduce background knowledge related to our
computation-efficient VAD model, including acoustic features, convolutional operations and chan-
nel attention mechanism. Section 2.2 first provides a flowchart of our proposed model. We then
elaborate on the proposed acoustic features and the core of the proposed model, channel-attention

inverted blocks.

2.1 Introduction

CNN has been one of the most classic DNN models other than MLP and RNN. CNN was first
applied in computer vision tasks and then in speech processing tasks, including speech enhance-

ment, VAD, etc. In speech processing tasks, the input of CNN-based models is generally acoustic

13



features extracted from raw audio data. Thus, we will introduce several commonly-used acous-
tic features and their arrangements. To reduce the computational complexity of CNN, we present
depthwise separable convolutions and compare them with the standard convolution. Furthermore,
we explain the channel attention mechanism that has been proven to enhance the performance of

CNN-based models.

2.1.1 Commonly-used acoustic features and arrangements

Most deep learning-based VAD methods need to select acoustic features to highlight speech
characteristics. Because acoustic features extracted from a noisy mixture are crucial for correct
classification in very low SNR conditions. There are several commonly used and promising acous-
tic features for speech-related classification problems, such as mel-frequency cepstral coefficient
(MFCC) [43, 44], gammatone frequency cepstral coefficient (GFCC) [45] and multi-resolution
cochleagram (MRCG) [33]. We will explain and compare these features in the following.

MFCC has been widely used in speech-related tasks, such as automatic speech and speaker
recognition, speech separation, and VAD. They are coefficients that collectively make up a mel-
frequency cepstrum (MFC), where the MFC represents the short-term power spectrum of a sound.

The followings are general steps for calculating MFCC.
(1) Divide the signal into short frames
(2) Take the short-time fourier transform (STFT) of each frame to get the power spectrum
(3) Apply mel filterbank to the power spectra and add up the energy in each filter
(4) Take the logarithm of all filterbank energies
(5) Take the DCT of the log filterbank energies.
(6) Keep DCT coefficients in a specified range and discard the rest.

GFCC is an auditory feature first used in the speech domain. A bank of gammatone filters
is used to improve the triangular filters conventionally used in mel-scale filterbanks and MFCC

features. To compute GFCCs, we need to pass the signal through a gammatone filterbank to get
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sub-band signals. And each sub-band signal is decimated to a specified frequency. Then the cubic
root compression is performed on the magnitude of the decimated signals. Finally, take the DCT of
the previous output to get GFCCs.

MRCG is a recently proposed acoustic feature compared to MFCC and GFCC. However, it has
shown promising performance in many classification-based speech tasks, including speech separa-

tion [33] and VAD [17, 42]. The steps for MRCG calculation are described as follows

(1) Compute the cochleagram of the signal with specified frame length and frame shift, then take

the logarithm of each time-frequency (T-F) unit to get CG1
(2) Compute CG2 in a similar process but with a larger frame length and the same frame shift
(3) Smooth each unit of CG1 by applying a square window to get CG2
(4) Similarly, smooth units of CG1 but with a larger size of the square window to get CG3
(5) Concatenate CG1, CG2, CG3 and CG4 to form a complete MRCG

CGl1, CG2, CG3 and CG4 represent four cochleagrams at different resolutions. The high-resolution
cochleagram CG1 captures the local information while three low-resolution cochleagrams, CG2,
CG3 and CG4, provide spectro-temporal contexts at different scales.

In [33], a classification-based speech separation experiment was conducted to demonstrate the
superior performance of the MRCG feature. In the experiment, the classification accuracy of the
same method using different features was compared under -5 dB SNR with different noises. Ta-

ble 2.1 gives the comparison results of MFCC, GFCC and MRCG.

Table 2.1: Classification accuracy (%) for six noises at -5 dB [33]

Factory | Babble | Engine | Cockpit | Vehicle | Tank | Average
MFCC | 86.5 71.5 90.2 91.1 88.8 88.6 87.1
GFCC 87.7 78.3 91.3 91.9 89.2 | 89.7 88.0
MRCG | 88.0 79.5 92.2 924 89.9 | 90.5 88.8

The excellent performance of the MRCG feature on classification problems under low SNR

conditions makes it a proper choice for the VAD task, which has also been proven in [17, 42].
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Fig. 2.1 describes the calculation process of the MRCG feature. The first 32-D cochleagram feature
is produced by inputting the time domain noisy speech into a 32-channel gammatone filterbank
with frame length and frame shift set to 20 ms and 10 ms. The last 32-D cochleagram feature is
generated using the same scheme with the frame length changed to 200 ms. Two different sizes of
square windows are employed to smooth time-frequency units of the first cochleagram feature to
get the other two 32-D cochleagram features. We concatenate these four 32-D cochleagram features

to get a complete MRCG feature.

Noisy Speech in Time Domain

|
v v

32-Channel 32-Channel
Cochleagram Cochleagram
Frame Length=20ms Frame Length=200ms
Frame Shift=10ms Frame Shift=10ms
Y A 4
Smooth Each Smooth Each
Unitina 11x11 Unitin a 23x23
Square Window Square Window
A 4 \ 4 A 4 A4
32-D Feature 32-D Feature 32-D Feature 32-D Feature

128-D MRCG 128-D Delta 128-D Delta-Delta
Feature Feature Feature

32-Channel Calculate the
Speech gammatone energy of each - 32-D
Signal filter frame in each 109100 Feature
(frequency range: h 1
[80,5000] Hz) channe

Figure 2.1: Generation of MRCG feature [32].

The MRCG only reflects the static characteristics of speech. However, it turns out that the com-

bination of dynamic and static features can effectively yield better performance [46]. The dynamic
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characteristics of speech can be calculated by the first-order and second-order differences of MRCG,

delta (A) and delta-delta (AA). Delta is calculated by

Ag, — Ent1l = Tn1) T02<:cn+z — )

3)

where x,, is the nth unit of MRCG in a given channel. The delta-delta can be derived by applying
Eq. 3 to the obtained delta. The MRCG, delta and delta-delta are generally concatenated to form the
complete feature of a frame, as shown in Fig. 2.2. The feature vector and ground truth of the frame

are written as

Tp = [MRCGl,...,MRCGd,Al,...,Ad,

4)
AAy, .. AN
0, nonspeech
1, speech
1-D Feature
A | e | aa | aag | | g
xn_}- Xn-1 Xn Xn+1 xn+j_1

Figure 2.2: Features of one frame [47].

Contextual information effectively improves detection performance whether the classifier is sta-
tistical or deep learning-based [17, 40, 48]. This strategy is realized by concatenating a specified
number of frames’ features before and after the central frame features. For example, we can con-
catenate j frames before the central frame x,, and j — 1 frames after x,,. The context-aware feature

X, of the central frame x,, is given as

Xn = [‘Tn—jv"‘7xn—17xn7'rn+17"‘7xn+j—1] (6)

the composition of X, is shown in Fig. 2.2. Due to its limited size, the 1-D convolutional kernel can
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only capture features of each frame during the sliding process, which means contextual information
is ignored. Thus, researchers usually transform the context-aware feature X,, into a 2-D structure
by stacking adjacent frames vertically rather than concatenating horizontally. After that, a single-

channel 2-D feature can be obtained and represented in Fig. 2.3.

Single-Channel 2-D Feature

Xn-j At IR Y vl AN
xn AT AL AA? AA%
Xntj-1 A111+]'—1 AZ+}'—1 AA111+j—1 AA;H—I

Figure 2.3: Single-channel 2-D features.

2.1.2 Standard convolution and depthwise separable convolutions

Fig. 2.4 depicts a simple standard convolution operation. The cuboid represents an input feature
with the shape of (Cyy,, Hin, Wip), meaning that the feature has Cj,, channels and a (H;,, Wiy,)
feature map in each channel. The gray (Cjy,, K[0], K[1]) cube is a convolutional kernel which
usually has the same number of channels as the input feature but a much smaller size (K [0], K[1]).
The yellow cuboid represents the output of the convolution operation. We start with the kernel
sliding over the input feature and performing element-wise multiplication with the overlapped part
of the input feature, as shown in the red line. Then we sum up the results into a single output pixel
shown as the red square. We repeat this process for every step the kernel slides, finally converting a
3-D feature into a 2-D feature. The output feature is essentially weighted sums of the input feature
while values of the convolution kernel are weights. The output feature size is calculated as

H;, + 2 x padding[0] — (K[0] —1) — 1

Hout = .
e =1 stride|0]

+1] )

Win + 2 X padding[1] — (K[1] — 1) — 1
stridell]

Wout = [ + 1] (8)
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where the (Hyyt, Wout) is the height and width of the output feature map, padding[0] and padding|[1]
are the amount of padding applied on both sides of the input feature, and stride[0] and stride[1]

mean the amount of steps kernel moves along the row and column directions.

|[TH|||ﬂJjJJij

Figure 2.4: Standard convolution [49].

Depthwise separable convolutions were first proposed in [50] to reduce the computation com-
plexity of standard convolution, and they have been adopted by several famous models [51-54].
Depthwise separable convolutions consist of a depthwise convolution and a pointwise convolution,
which are both factorized from the standard convolution.

From Fig. 2.5, we can find that the input feature is divided into C;,, channels and depthwise
convolution also has the same number of kernels. We perform convolution on each channel of
the input feature with the respective kernel. Then stack convolution outputs together to get output
feature maps. In depthwise convolution, one Cj,-channel kernel can deliver C;,, output channels;
however, it will cost C;,, kernels with (', channels in standard convolution.

The depthwise separable convolutions are so-called because it deals with not only the spatial
dimensions but also the depth dimension — the number of channels. It is inspired by the idea that
a filter’s depth and spatial dimension can be separated. A concrete example can help us understand
the concept behind depthwise separable convolutions. A (4,4) matrix contains 16 values, and we
can represent it with two (4, 1) vectors which only have eight values. The same idea is applied

to separate the depth (channel) dimension from the horizontal (Height, Width) dimensions for
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Figure 2.5: Depthwise convolution [49].

standard convolution. Depthwise separable convolutions consist of a depthwise and a pointwise
convolution, where the former processes horizontal information and the latter deals with cross-
channel information. In Fig. 2.6, the pointwise convolution has a kernel with the shape of (C;;,, 1, 1),
and the kernel slides with stride 1. It will fuse channels’ information of every point in the output
of depthwise convolution. The output keeps the same horizontal size as the input but only has one
channel.

In Fig. 2.4 and Fig. 2.6, though input and output are in the same shape, depthwise separable
convolutions retain the computation advantage over standard convolution. We investigate it with the
following formulas

K[O] : K[l] ’ Cm : C’out : Hout : Wout (9)
K[0] - K[1] - Cin - Cout (10)

Eq. 9 gives the computational cost of standard convolution. We can find that the computational
cost depends on the size of convolutional kernels, the number of input channels, the number of
output channels, and the output size. Eq. 10 shows the number of parameters required by standard
convolution.

K[O] ' K[l] : Czn : Hout : Wout + Czn ' Cout : Hout : Wout (11)
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Figure 2.6: Depthwise separable convolutions [49].
K[0]- K[1] - Cin +1- 1+ Cip - Cout (12)

Eq. 11 shows the computational cost of depthwise separable convolution. The former and latter parts
of the equation are computations of depthwise convolution and pointwise convolution, respectively.
And Eq. 12 illustrates the number of parameters required by depthwise separable convolutions. We

can make a more intuitive comparison using the division formula

K[O] : K[l] : Cm : Hout . Wout + Czn : Cout . Hout : Wout 1 1
= + (13)
K[O] : K[l] ) Cin . Cout . Hout . Wout Cout K[O] . K[l]
K[O]K[l]czn+1lczncout_ 1 + 1 (14)

Eq. 13 and Eq. 14 explicitly demonstrate that the depthwise separable convolution significantly

reduced the computation and number of parameters from standard convolution.
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2.1.3 Channel attention mechanism

The channel attention mechanism is first proposed in [55]. It is realized by a squeeze-and-
excitation (SE) block which can be added to any CNN architecture to improve performance with
negligible computational complexity. We will underline the importance of the channel attention
mechanism and introduce the structure of the SE block.

In CNN architectures, convolutional layers produce output feature maps with several chan-
nels. To keep consistency with previous formulas, we denote the shape of output feature maps
as (Couty Hout, Wout ), where Cyyy refers to the number of channels and the (Hoyyt, Wout) refers
to the spatial dimensions. Convolutions of input features and kernels produce channels, and each
kernel can learn specific features from the input. However, channels might not have the same repre-
sentative importance, meaning that some channels might be more important than others. Therefore,
applying weights based on their importance makes sense before propagating feature maps to subse-
quent layers. Thus, we need to learn which channels are more important during training and then
pay more attention to those channels at the test stage.

Fig. 2.7 depicts the architecture of the SE block, which consists of a squeeze module, excitation
module and scale module. First, the squeeze module reduces the spatial dimensions of each feature

Fo. (,W)

Ix1xC I=1=( \

Er F, H Focate C51)

X U

Figure 2.7: Architecture of SE block [55].

map to a singular value since we only concern with the channel information. Global average pooling
(GAP) and global max pooling (GMP) are two commonly-used methods to reduce the spatial size
of feature maps. The former is selected due to its better performance and smooth characteristic in
experiments. Thus, if input feature maps have the shape (Cj,, Hipn, Wiy ), the output shape of the
GAP operator will be (Cjy, 1, 1), essentially a vector of length Cj,.

The next part is to learn the adaptive scaling weights for these channels. The author opts for an

MLP to map scaling weights. This MLP has a bottleneck structure with one hidden layer, as shown

22



in Fig. 2.8. The input is first encoded to a low-dimension representation by a reduction factor 7,

then decoded back to the original size.
X

Output vector
(Reconstructed input features)

OO0

Decode
w(z} h
Wcigl?ts Latent vector
matrx
W“) (compressed feature vector)
Encode

CIGIOR®

Input vector

Figure 2.8: Excitation module [55].

In the scale module, a sigmoid activation layer scales the output of the excitation module to a
range of zero to one. Then the output is broadcasted and element-wise multiplied with the original

input of the SE block.

2.2 Proposed VAD neural network using multi-channel features

The general trend of VAD research has been to develop complicated networks to reach higher
detection accuracy. However, the improvement in performance does not make these networks nec-
essarily computational-friendly. Furthermore, sophisticated networks have limitations on both plat-
forms with limited computing resources and tasks with real-time requirements. This section pro-
poses a computation-efficient VAD neural network using multi-channel features to explore a trade-
off between performance and computation.

In Section 2.2.1, we overview the proposed method with a flowchart that consists of convo-
lutional layers, bottlenecks, an average pooling layer and a fully connected layer. Section 2.2.2

describes our proposed multi-channel features with positional information and explains ideas of
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feature designing. We elaborate on the composition of bottlenecks in Section 2.2.3. Detailed pa-

rameter settings for the proposed model are given in Chapter 4.

2.2.1 Proposed method

Block diagram Fig. 2.9 shows the workflow of our proposed method. The well-designed multi-
channel features are input to a 2-D convolutional layer. The 2-D convolutional layer extracts local
details of features over time and frequency domains, yielding output feature maps with half-size of
input features to reduce computation cost. Bottleneck layers learn underlying patterns of speech and
non-speech by further processing feature maps. The following module is a 2-D convolutional layer
with a (1, 1) kernel, called the pointwise convolutional layer. We employ it to lessen computation
by reducing the number of feature maps. The subsequent average pooling layer reduces the size of
feature maps before inputting them into the fully-connected layer. At last, the fully-connected layer

produces prediction results of frames as 1 representing speech or O for non-speech.

Input Features

Conv2D 3%3

)

Bottlenecks

)

ConvzD 1x1

)

AvgPool2D

}

Linear

Figure 2.9: Flowchart of the proposed method.
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2.2.2 Proposed multi-channel features with positional information

In Section 2.1.1, we have introduced two commonly-used arrangements of features, the 1-D ar-
rangement and single-channel 2-D arrangement in Fig. 2.2 and Fig. 2.3. Although the single-channel
2-D arrangement has enabled convolutional kernels to capture contextual information, kernels can
not acquire MRCGs with their dynamic information A and A simultaneously. To solve this prob-
lem, we reorganize the obtained features into a multi-channel arrangement by splitting and stacking

MRCGs with their A and AA, as illustrated in Fig. 2.10.

Multi-Channel 2-D Feature

Positional Mask

n—j n—j
ED:' *n-j | posy’ | - | posg’
xn—j : 8 8
X5 post posy
xn
n+j-1 n+j-1
Xn+j-1 | pos; 2 = | pos, b
Xn+j-1

Figure 2.10: Multi-channel 2-D features with positional information.

CNN has kernels sliding over input feature maps, and kernels can collect MRCGs with dynamic
information from neighbouring frames. However, kernels cannot capture long-dependency infor-
mation due to their limited sizes compared to the size of feature maps. Thus, it is necessary to inject
sequence information explicitly into the multi-channel features. RNN, LSTM and GRU are usually
employed to learn sequence information, but their training is an iterative process. Specifically, the
processing of subsequent input elements requires networks to complete the processing of all pre-
vious elements. Therefore, the calculation of RNN-based neural networks will be inefficient when
the input sequence is lengthy. Here, we utilize the positional encoding (PE) [56] technique to com-
pute a 2-D positional mask which remains the same size as the multi-channel features. The mask
will assign a unique encoding value for every position in the multi-channel features. In Fig. 2.10,
each channel of the features shares the same positional mask since the delta and delta-delta reflect
the trend of MRCG in the same position. This approach takes advantage of no training required,

achieving reductions in trainable parameters and the amount of computation. The positional mask

25



is calculated as

PMy, 5; = sin(n/10000%/7)
. (15)
PMy,.9i11y = cos(n/10000%/%)

where n represents frame index and ¢ is the dimension index.

2.2.3 Proposed channel-attention inverted block

Each bottleneck layer in our proposed model contains m concatenated inverted blocks [57] and
channel-attention inverted blocks. The structure of the inverted block is depicted in Fig. 2.11. Each
inverted block consists of a pointwise convolutional layer, a depthwise convolutional layer and a
linear pointwise convolutional layer. Except for the linear pointwise convolutional layer, every
convolutional layer is followed by batch normalization and nonlinear activation function ReLU®6.
The first pointwise convolutional layer increases the number of channels by ¢ times, and ¢ is the
expansion ratio. After depthwise convolution, the last linear pointwise convolution layer reduces

the number of channels to c.

T

Conv 1x1, Linear

i

Depthwise Conv 33,
Stride =2, ReLU6

i

| ConvIx1,ReLU6 |

i

‘ Previous Feature Maps |

I

Figure 2.11: Inverted block.

The inverted block is so-called to distinguish itself from the residual block proposed in [58].
Fig.2.12 compares the residual block and inverted block, where a classical residual connects the
layers with a high number of channels while the inverted residual connects the bottlenecks. Suffi-

cient experimental results in [57] show that inverted blocks outperform residual blocks.
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Figure 2.12: Comparison between the residual block and the inverted block [57].

Suppose the parameter s of the bottleneck is 2, the first inverted block has stride 2 in its depth-

wise convolutional layer, and the rest m — 1 inverted blocks have stride 1.The m — 1 inverted blocks

are added with the SE module to achieve channel attention. Here, we denote the inverted block

with the SE module as a channel-attention inverted block (CAIB). As shown in Fig. 2.13, CAIB

replaces the residual connection in the inverted block with the SE module to add channel attention.

The channel attention mechanism adds weights to channels of feature maps to make networks pay

more attention to important channels.
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Figure 2.13: Channel-attention inverted block [47].
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2.3 Summary

This chapter first reviews the background knowledge of CNN-based VAD methods. Three
commonly-used acoustic features for classification-based speech tasks are introduced: MFCC,
GFCC and MRCG. Experimental results indicates MRCG outperforms other features under low
SNR conditions. We then illustrate the commonly-used arrangements of features with their con-
textual and dynamic information. Because contextual information and dynamic information are
indispensable for improving the performance of models. Depthwise separable convolutions are in-
troduced to replace the standard convolution to reduce a considerable amount of computation in
convolutional layers. The channel attention mechanism is explained, which can bring performance
improvements to CNN-based models with insignificant computation increments.

We show the overview framework of the computation-efficient VAD neural network and elabo-
rate on our contributions in the following. The first contribution is the proposed multi-channel fea-
tures which effectively incorporate contextual, dynamic and sequence information for convolutional
kernels to learn. Another is to employ depthwise separable convolutions and the channel attention
mechanism to build CAIBs to effectively and efficiently learn patterns of speech and non-speech

from feature maps.

28



Chapter 3

End-to-end voice activity detection

based on transformer

End-to-end learning is a technique where the model learns all the steps between the initial input
phase and the final output result. Specifically, all different parts of neural networks are simultane-
ously trained instead of sequentially. The characteristic of end-to-end learning requires VAD models
to take raw audio data as input and produce desirable classification results in the end. Although most
state-of-the-art VAD methods would calculate manual features before inputting them into models,
these features are based on human’s existing knowledge of acoustic. However, it has been proven
that neural networks have the ability to extract features from massive data, and neural networks may
acquire knowledge beyond human cognition.

Given the advantages of end-to-end learning, we propose an end-to-end VAD model, which
consists of a feature extractor, a dual-attention transformer encoder and a classifier. Section 3.1
introduces background knowledge related to our end-to-end model, including CondenseNet, Trans-
former and Linformer. Section 3.2 first provides an overview of the proposed model, then elaborates

on the three modules mentioned above.
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3.1 Introduction

The end-to-end VAD model is supposed to extract features from raw audio data, encode ex-
tracted features (learn and understand features), and classify frames as speech or non-speech. Our
proposed feature extractor’s core is the condense block introduced in Section 3.1.1. Section 3.1.2
introduces the transformer neural network, including explanations of the encoder-decoder structure
and multi-head attention mechanism. To improve the efficiency of transformer neural networks,

Section 3.1.3 presents Linformer that achieves the attention mechanism with linear complexity.

3.1.1 CondenseNet

CondenseNet [59] is a computation-efficient CNN architecture and it is also the improved ver-
sion of DenseNet [60]. Therefore, we will first introduce the DenseNet. Dense blocks are cores of
the DenseNet, and they have a massive contribution to the strong performance of DenseNet. Dense
blocks employ novel dense connectivity rather than the resnet connectivity in [58]. Fig. 3.1 shows

that resnet connectivity promotes gradient propagation by identity mapping.

RESNE T CONNECTHVINRNE

Identity mappings promote gradient propagation.

Loin

@ : Element-wise addition

Figure 3.1: Resnet connectivity [60].

Fig. 3.2 presents the dense connectivity that allows each layer to obtain inputs from all preceding
layers and pass on its feature maps to all subsequent layers. The dense connectivity is achieved

by channel-wise concatenation, which means that each layer can receive “collective knowledge”
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from all previous layers. It is also worth noting that only k£ new channels are produced by each
convolution operation, where k represents the growth rate. It differs from the standard convolution,

where the number of channels increases exponentially.
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k channels k channels k channels k channels

k : Growth Rate

Figure 3.2: Dense connectivity [60].

Fig. 3.3 depicts the forward propagation process of a dense block, where g, z1, ..., 4 represent
feature maps in each layer and hy, ..., hy mean a composite operation of batch normalization, ReLU
activation and convolution. When layers in one dense block become deeper, the computational cost
of convolution grows drastically. To solve the problem, the author employs pointwise convolution
to reduce the channel size before the (3 x 3) convolution, as shown in Fig. 3.4.

Although DenseNet has introduced dense connectivity that achieves great performance improve-
ment, the dense connectivity will lead to network inefficiency due to its redundant structure. Con-
denseNet addresses the problem of DenseNet occupying extensive memory footage and requiring
large amounts of computation. CondenseNet retains the same performance as DenseNet but only
with one-tenth computation cost of DenseNet. It can also save half the computation cost when keep-
ing the same performance as MobileNet and ShuffleNet [61]. This advancement can be attributed

to the following techniques proposed in CondenseNet, and we will introduce them later.
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FORWARD PROPAGATION

Figure 3.3: The forward propagation of a dense block [60].
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Figure 3.4: Bottleneck layer in a dense block [60].

(1) Learned group convolution
(2) Index layer

(3) Exponential-increasing growth rate and other structure improvements

Fig. 3.5 shows structures of a dense layer, condense layer at training time, condense layer at test

time. We can find training-phase condense layer replaces 1 x 1 Conv and 3 x 3 Conv with 1 x 1

L-Conv (Learned Group Convolution) and 3 x 3 G-Conv (Group Convolution). For the condense

layer at test time, the index layer selects feature maps based on the learned group convolution result
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at training time. Besides, the 1 x 1 L-Conv is changed to a normal 1 x 1 G-Conv.
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BN-RelLU BN-RelLU BN-RelLU

1x1 Conv 1x1 G-Conv

Permute

BN-RelLU BN-RelLU BN-RelLU

3x3 Conv 3x3 G-Conv 3x3 G-Conv

Output Output

Hektad

L
101

Figure 3.5: Dense layer(left), condense layer during training (middle) and condense layer during
test(right) [59]

The group convolution is first applied to a dual-GPU architecture in AlexNet [62], and it is

e

first proposed as a performance-improving strategy in ResNeXt [63]. Fig. 3.6 describes a standard
convolution and a group convolution. We observe that group convolution is a sparse representation
of standard convolution, and groups are preset. Even if the sparse connection is efficient, manually-
specified groups can not learn which connections are more important and which can be ignored.
Furthermore, the ShuffleNet in [61] supposes group convolution has problems of weak connections
between channels and insufficient feature diversity. CondenseNet addresses this issue by letting
networks learn sparse representations of convolutional networks during training and decide weights
to keep, which is called learned group convolution.

The learning process contains two stages: condensing and optimizing. Fig. 3.7 illustrates the
process of a learned group convolution with three groups and condensation factor 3. If we assume
the condensation factor is C, there will be C' — 1 condensing stages in training. Therefore, there
are two condensing stages and one optimization stage in Fig. 3.7. The first condensing stage is a
standard convolution but added with sparse regularization by utilizing group lasso, which makes

learned parameters present in sparse distribution so that subsequent weights pruning will not result

in much accuracy loss. Because cutting out a connection with a zero weight does not affect accuracy.
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Figure 3.6: Standard convolution and group convolution [59].

Then weights pruning is performed channel-wise in the following condensing stage. The same
number of connections are pruned from each group. Here, every condensing stage except the first
one will prune % connections; there will be another % connections pruned at the optimization stage.

Thus, only % connections remain in the end.
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Figure 3.7: Illustration of learned group convolutions [59].

The next novel technique introduced in CondenseNet is the index layer used at the test stage.
We have learned to preserve important connections using learned group convolution during train-
ing. The index layer rearranges input features based on the previously learned results. For example,

the learned group convolution has decided that feature maps used by the group 1, 2 and 3 are
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(3,7,9,12), (1,5,10,12) and (5, 6,8, 11), as shown in Fig. 3.7. In Fig. 3.8, the index layer then ar-
ranges input features into (3,7,9,12,1,5,10,12,5,6, 8, 11) so that features can be directly applied

to a standard group convolution.

Input Selected and Output
Features Rearranged Features Features

T o s v i T N e e i W i i i O

| "
Testing

Figure 3.8: Index layer [59].

Other than previous techniques, CondenseNet also proposes two improvements to DenseNet.
The first is adjusting the constant growth rate k£ in DenseNet to an exponential growth rate. In
a dense block, the number of input channels increases k& layer by layer, which means each layer
receives k channels’ information from each previous layer. However, deeper convolutional layers
depend little on the information from the first several layers of the same dense block. CondenseNet
adopts an exponential-increasing growth rate for different blocks while the growth rate remains
the same in each block. This helps the network strengthen the connection of adjacent blocks and
increase computation efficiency. The second improvement is CondenseNet introduces the dense
connectivity to the blocks level, as shown in Fig. 3.9. Pooling layers are used to downsample

feature maps to the same size, which realizes the concatenation of feature maps with different sizes.
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Figure 3.9: Condense connectivity [59].

3.1.2 Transformer

The encoder-decoder framework has been widely used in sequence-based tasks, such as ma-
chine translation and text summarization. The encoder-decoder is a process that simulates human
cognition. In psychology, cognition refers to the process of acquiring knowledge through mental
activities such as the formation of concepts, perceptions, judgments or imaginations, that is, the
psychological function of individual thinking for information processing. The encoder memorizes,
understands and refines information to form a low-rank vector. In this process, the encoder can
only rely on the input information, or we can add a prior knowledge or attention mechanism when
building the whole model. Similar to the encoder, humans usually use common sense and prior
knowledge to understand and abstract new information they are exposed to. The encoding format
corresponds to the memory in the human brain. The decoder mixes the encoded low-rank vector
with other information and decodes them into a required form. The encoder-decoder training pro-
cess is similar to the human brain’s learning process of information cognition and application. For
example, in an encoder-decoder-based machine translation system, the machine first understands
a sentence in one language and then translates the understood intrinsic information into another
language.

Before the invention of the transformer, a popular choice for sequence-based tasks was LSTM-
based models. Because LSTM-based models can give meaning to the sequence while remembering
or forgetting the parts it finds important or unimportant. However, RNN and LSTM-based models

are always limited by their characteristics of sequential computation. In recent years, transformer
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and its variants have been proven effective for many sequence-based tasks, such as natural language
processing [56] and speech signal processing [42, 64].

Fig. 3.10 depicts the encoder-decoder architecture of the transformer. Since the transformer is
initially designed for the machine translation task, the input embedding and positional encoding
techniques are introduced to preprocess text inputs. The former provides embedding vectors to

represent words, and the latter assigns positional information to words.
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Figure 3.10: Architecture of transformer [56].

Transformer encoder and decoder
The transformer encoder contains N identical layers and each layer consists of two sub-layers,
multi-head attention (MHA) and feed-forward network (FFN). Each sub-layer is added with a resid-

ual connection and layer normalization.

sublayer_output = Layer Norm(z + (SubLayer(z))) (16)
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Similarly, the transformer decoder consists of N identical layers but each involves one more
sub-layer, the masked MHA. By blocking future information, the masked MHA makes the output
of the current time step only be determined by itself and past information, which keeps the auto-
regressive characteristic of the transformer. Following MHA and FFN decode the encoded high-
level information by processing outputs from the encoder and masked MHA together. Each sub-
layer of the decoder is also accompanied by a residual connection and layer normalization.
Multi-head attention

The attention mechanism looks at an input sequence and decides which other parts of the se-
quence are important at each step. The intuition of the attention mechanism is that we always focus
on the word we read but at the same time, our mind still holds important keywords of the whole text
in memory to provide context. In Fig. 3.11, the attention mechanism is shown on the left and it can

be described by the following equation

. QKT
Attention(Q, K,V) = softma:v(ﬁ)v (17)
k

Q=W K=W' V=Wl (18)

where (), K,V are query, key and value matrices. They can be calculated as Eq. 18, where the [ is
the inputs matrix, W7, WW* and W represent transformation matrices that will be learned during
training. The dimension of vectors in K is denoted as dy.

The MHA mechanism is depicted as the right part of Fig. 3.11. The MHA adopts h times
of different and learnable linear transformations, which produces h pairs of projected @, K, V.
The h times scale dot-product attentions are performed in parallel, where each is called one-head
attention. The h-head attention is then concatenated and input into a linear layer to produce the
MHA results. The MHA provides multiple representation subspaces, which allows the model to
focus on information from different representation subspaces in different positions. That is, the

MHA enables models to capture richer information about features. The procedure of MHA can be
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formulated as follows

MultiHead(Q, K, V) = Concat(heady, ..., heady,) W
(19)

head; = Attention(QWE, KW, vw))

where h is the number of heads. WZQ, WiK , WiV denote ith linear transformation matrix for @, K, V,
respectively, and the i ranges from 1 to h. The W represents the linear transformation matrix of

the linear layer.

Scaled Dot-Product Attention Multi-Head Attention

Linear

L
Scaled Dot-Product h
Attention
| | |

L L L
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\Y K Q

Figure 3.11: Attention mechanism (left) and multi-head attention mechanism (right) [56].

3.1.3 Linformer

Although the vanilla transformer has achieved extraordinary success in many tasks, training
and deploying it for long sequences is very expensive and time-consuming due to the quadratic
space and time complexity of the scaled-dot product attention. A vanilla transformer has time and
space complexity of both O(n?), where n is the sequence length. To solve the problem, authors of
Linformer [65] suggest an approximate way of calculating self-attention with linear space and time
complexity O(n). Linformer achieves the same performance as the vanilla transformer with much
less complexity.

Linformer is based on the observation that self-attention is low-rank, and it can be proved both
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theoretically and empirically that a matrix of much lower rank can closely approximate the scale-
dot product attention matrix. Fig. 3.12 provides spectrum analysis of the self-attention matrix with
n = 512. The Y-axis is the normalized cumulative singular value of the context mapping matrix
P, and the X-axis is the index of the largest eigenvalue. The context mapping matrix P in MHA is

defined as

MultiHead(Q, K, V') = Concat(heady, ..., headh)WO

QWA (KWI)T
NGn

-~
P

(20)

head,; :Attention(QWiQ, KWE vwY) = softmax] vwY

Authors performed singular value decomposition (SVD) on P across different layers and different
heads of the vanilla transformer and averaged the normalized cumulative singular values over more
than ten-thousand sentences. We observe that the curve tends to be saturated before 128, which
implies that most of the information of matrix P can be recovered from the first few largest singular
values. The heatmap in Fig. 3.12 shows the normalized cumulative singular value at the 128th
largest singular value. The spectrum distribution in higher layers is more skewed than in lower
layers, which means that, in higher layers, more information is concentrated in the largest singular

values, and the rank of P is lower.
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Figure 3.12: Proof of low-rank property of self-attention [65].

The low-rank matrix is obtained by calculating the SVD of the key and value matrices and only
using a fixed number of the largest singular values. But in practice, since SVD calculation also

adds computational complexity, the authors replace it with linear projection layers, as shown in
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Fig. 3.13. These projection layers serve to reduce the dimensions of matrices. For simplicity, the
trainable parameters of projection layers can be shared by attention heads and layers. Compared to

the standard MHA, the Linformer computes attention by

head; = Attention(QWiQ, EiKWZ-K, FiVVVZ»V)

We(EKWE)T
= softma:r[Q il ) |- VWY @h
vV dk S——
= kxd
P:nxk

The first difference between Eq. 20 and Eq.21 is the latter constructs a similarity matrix P € R, .
which is implemented by adding a linear projection matrix £ to K. The second difference is the
latter adds a linear projection matrix £ to V' that makes the original n x d matrix into k£ x d. These
two changes reduce the time and space complexity of the self-attention mechanism from O(n?) to
O(n x k). If k is much less than n, the time and space complexity are approximately equivalent to

O(n).
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Figure 3.13: Linear-complexity attention mechanism of Linformer [65].
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3.2 Proposed end-to-end VAD neural network

Existing DNN-based approaches for VAD were generally developed to learn acoustic features
that were not designed specifically for the VAD task initially. Although end-to-end methods are
rarely researched, they have the advantage that networks for feature extraction, encoding and classi-
fication can be trained simultaneously. This characteristic allows the overall model to have the best
performance.

In Section 3.2.1, we overview the proposed model composed of a feature extractor, dual-attention
transformer encoder, and classifier. Section 3.2.2 describes every module of the feature extractor
and explains their design intuitions. We then elaborate on the dual-attention transformer encoder in
Section 3.2.3. Section 3.2.4 finally presents a classifier without fully-connected layers. Parameter

settings for the proposed end-to-end model are given in Chapter 4.

3.2.1 VAD framework using transformer

The block diagram Fig. 3.14 shows the framework of the end-to-end model. This model com-
prises a feature extractor, dual-attention transformer encoder, and classifier. The input is sample
points of mixture audio generated by adding clean speech with different types and intense noise,
which is then segmented into frames, as shown in Fig. 1.1. We assume the feature extractor is a
learnable filter that continuously adjusts its parameters during training, which can learn to extract
suitable acoustic features for the VAD task. It is not necessary to implement a whole encoder-
decoder framework for classification problems. We only employ the dual-attention transformer
encoder part to understand and encode features to other representations, allowing a simple classifier
to discriminate speech segments from non-speech segments. Instead of using fully-connected layers
with many trainable parameters, we employ an uncomplicated convolutional layer with a pooling

layer as the classifier to produce labels of frames directly.

3.2.2 Feature extractor

Unlike calculating the manual features in chapter 2, we directly input sample point values of

frames to the feature extractor to learn the acoustic feature. As shown in Fig. 3.15, the proposed
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Figure 3.14: Framework of the end-to-end VAD model.

feature extractor can be divided into three parts: preprocessor, condense block and postprocessor.
The preprocessor includes a 2-D convolutional layer, a layer normalization (LN) [66] and a
parametric rectified linear unit (PReLU) [67] nonlinear activation function. We know CNN is more
efficient than MLP since the former only learns weights of local kernels with a finite spatial size. It
means convolution kernels only know the information in their current receptive field but not where
they are located in feature maps. However, through a comprehensive set of experiments, researcher
of [68] sheds light on the fact that convolutional layers can implicitly encode positional information.
Thus, we aim to use a single 2-D convolutional layer to encode the positional information of input
sample points. The convolutional layer is configured with kernel size (1, 2) and stride 2. The kernel
will slide horizontally through all sample points of one frame, then repeat the same process for all
frames. Referring to Eq. 7 and Eq. 8, the output feature maps have the half size of the original
input, which helps reduce computation in the next layers. The following LN operates along the
width dimension of output feature maps, which normalizes values of each frame to [0, 1] to avoid

the negative effects of extremely large or small values. The PReLLU activation can adaptively learn
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the parameters of the rectified linear unit and improve the accuracy with negligible computation.
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Figure 3.15: The composition of feature extractor.

The condense layer has been introduced in Section 3.1.1 and shown in Fig. 3.5. We employ 14
condense layers in the condense block to learn acoustic features since it has the following advan-
tages: previous feature maps can be propagated to deeper convolutional layers through condense
connectivity, which allows every condense layer to have collective knowledge from previous layers;
the learned group convolution can learn sparse representations of networks, making networks more
efficient.

The postprocessor comprises a pointwise convolutional layer and a PReLLU activation function.
The pointwise convolutional layer reduces the number of feature maps to lessen the computation in

the following dual-attention transformer encoder.

3.2.3 Dual-attention transformer encoder

We are inspired by TSTNN [64] to propose the dual-attention transformer encoder. The two-
stage transformer block in Fig. 3.16 is the core component of TSTNN, which consists of a local

transformer and a global transformer. The local and global transformers have the same structure
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but have different inputs. The input of the local transformer is sliced into frames, enabling the local
transformer to learn features from individual frames. The input of the global transformer is sliced

along features dimension so that information across frames can be learned.

Va—— — =

- Improved Improved C
Transformer Transformer

C —

F = F

\ Local Transformer Global Transformer /

Figure 3.16: Two-stage transformer block [64].

The improved transformer of the two-stage transformer block is shown in Fig. 3.17. The im-
proved transformer replaces one linear layer in FFN with GRU to learn sequence information. How-
ever, the employment of GRU will slow the inference speed of networks, a common problem of
sequential models. Moreover, the cascading structure of local and global transformers requires the
FFN twice, exacerbating the slow inference problem. Therefore, we make the following improve-
ments to the two-stage transformer block to enhance performance while reducing time and space

complexity:

(1) Employ a convolutional layer in the feature extractor to encode sequence information rather

than using GRU in the FFN.
(2) Adopt linear-MHA rather than standard MHA to achieve linear complexity in time and space.

(3) Suggest a parallel dual-attention structure to learn local and global information, which only

needs the feed-forward network once.

The structure of our proposed dual-attention transformer encoder is depicted in Fig. 3.18. The
input is a three-dimension tensor with the shape of (C, N, F), where C' is the number of channels,

N denotes the number of features, and F' represents the number of frames. The input is sliced
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Figure 3.17: Improved transformer in the two-stage transformer block [64].

along N and F' dimensions to get local and global input, respectively. We replace the MHA of the
vanilla transformer with the linear-MHA to achieve linear complexity in time and space, where the
linear-MHA has been introduced in Section 3.1.3. We then use the permute modules to reshape the
outputs after adding attention so that they can directly add up after group normalization. FFN in the

dual-attention transformer encoder maintains the same structure as FNN in the vanilla transformer.
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Figure 3.18: Dual-attention transformer encoder.
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3.2.4 Classifier

The classifier comprises a PReLLU activation function, pointwise convolutional layer and adap-
tive average pooling layer, as shown in Fig. 3.19. There are no fully-connected layers in the classifier
since they bring many trainable parameters and much computation to the overall model. Here, we
assume the shape of the dual-attention transformer encoder output as (C, N, F'). The pointwise
convolutional layer compresses the number of feature maps from C' to 1 while retaining their salient
features, which can be regarded as a channel-wise pooling operation. Max pooling and average
pooling are two commonly-used pooling operations, as shown in Fig. 3.20. They enable the model
to focus on the presence or absence rather than the locations of certain features. Average-pooling
calculates an average value of a finite area to preserve the overall characteristics of data while max-
pooling picks the largest value to preserve the local details of data. We can find that average pooling
emphasizes the downsampling of the overall information, which has a more significant contribution
to feature dimension reduction. Therefore, we use the adaptive average pooling layer to shrink the

size of the feature map. The final output of the classifier labels every frame as 1 for speech or O for

non-speech.
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Figure 3.19: Proposed classifier. Figure 3.20: Max-pooling and average-pooling.

47



3.3 Summary

This chapter proposes an end-to-end VAD model, including the feature extractor, dual-attention
transformer encoder and classifier. In the feature extractor, the standard convolutional layer first
encodes sequence information to inputs, and the condense block learns to extract acoustic features.
The next pointwise convolutional layer reduces the number of feature maps to lessen the computa-
tion in the following networks. Then, extracted features are input into the dual-attention transformer
encoder. Features are divided locally and globally for dual-path linear-MHA to capture local-term
and long-term information, respectively. After permuting dimensions, the two outputs are added
and passed through the FNN. The proposed encoder greatly reduces the time and space complex-
ity by replacing MHA with linear-MHA. Finally, the pointwise convolutional layer in the classifier
compresses previous output into a single feature map, and the subsequent adaptive average pooling

layer compresses features of frames smoothly into scalars as final prediction results.
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Chapter 4

Experiments and results

In this chapter, we first introduce the experimental setup used for model evaluation, including
datasets, comparison methods, parameter settings, performance and complexity metrics. Then, we
discuss the performance difference between the proposed and baseline methods based on exper-
imental results. Apart from that, we illustrate how different settings of models will affect their
performance. Finally, we visualize the number of parameters, amount of computation and detection

performance of all models in a ball chart.

4.1 Experimental setup

Section 4.1.1 presents datasets we used for training and testing and introduces the preprocessing
of these datasets. Then baseline methods for comparison are presented in Section 4.1.2. Section
4.1.3 describes the settings of proposed models and the settings of hyperparameters during training.

We introduce several evaluation metrics and their calculation process in Section 4.1.4.

4.1.1 Datasets

The TIMIT corpus is the source of clean utterances, which contains 6300 sentences recordings
spoken by 630 speakers from 8 major dialect regions [69]. Every native speaker contributes 10
recordings by reading ten phonetically rich sentences. The TIMIT corpus is designed for acoustic-

phonetic research and ASR systems development. It provides a clear directory hierarchy, including
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pre-separated training and test sets, dialect directory, speaker directory, and word-level sample point
annotations for each audio. Therefore, TIMIT is a qualified dataset for training and testing VAD
models. Based on the observation of audio’s ground truth labels, we find that speech segments
make up the vast majority of audio segments. This leads to the problem of class imbalance causing
deep learning-based models to learn much knowledge of human speech but little of non-speech.
To alleviate the negative impact of this phenomenon, we added 1-second-long blank segments both
before and after the original audio segments. We also revised the ground truth labels of audio
segments after adding these blanks.

To achieve data augmentation, we mixed the training set of TIMIT with all types of additive
noises from NOISEX-92 [70]. NOISEX-92 contains 15 different noises: white noise, pink noise,
HF channel noise, speech babble, factory floor noise 1 and 2, jet cockpit noise 1 and 2, destroyer
engine and operation rooms noises, F-16 cockpit noise, military vehicle noise, tank noise, machine
gun noise, and car interior noise. For each additive noise, the generated noisy audios have five
levels of SNR, i.e., -10, -5, 0 and 10 dB, which simulate different noisy conditions. We used 90%
of the augmented training set for model training and 10% for model validation. In the test stage, we
use the TIMIT test set as a clean speech source and AURORA [71] noise set as the unseen noise
source. The AURORA contains eight types of noises: babble, airport, restaurant, exhibition, street,
car, subway, and train. Similar to the data augmentation process in the training stage, we corrupted
the clean utterances with all types of noises from AURORA. The test levels of SNR are still -10, -5,
0, 5, and 10 dB. The TIMIT test set contains different speakers’ recordings compared to the training
set, and the AURORA noise set is composed of unseen noises at the training stage. Therefore, our
test can evaluate the generalization ability of different models.

To add noises to clean speech with different levels of SNR, we first calculated the root mean
square (RMS) of clean speech and noise and denoted them as speech,.,,s and noise,.,s. The SNR

is defined as

PS eec ™ ms 2
SNR = ~speceh <5p cech ) (22)

Proise Nnots€rms

where the Py)ccch, is the average power of a clean speech signal and the P, ;5. is the average power
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of a noise signal. It can also be expressed in decibels as

NOLS€rms NOLSCrms

hrms 2 hrms
SNRyp = 101og10[<8peec> ] = 201ogy, <Speec> 23)

we can adjust the SNR level of the noisy audio by multiplying a scalar to the speech,,s. We denote

the expected SNR level as SN R.;,,. Then, the scalar can be expressed as

SNRey ]
sealar — 10 Resp <nowem> 24)
speechym s

the noisy speech with a specified SNR level can be obtained by

scalar X speech 4+ noise

2

speechnoisy = 25)

4.1.2 Baseline methods

We adopt several unsupervised and supervised methods as baselines, and they are compared
with the proposed methods in terms of performance and complexity. They are rVAD [72], WebRTC,
CNN, 2-D CNN, CRNN, 2-D CRNN [73].

A. Robust VAD

The robust VAD (rVAD) method was proposed by Tan in [72] and it is one of the state-of-the-
art unsupervised VAD methods. Fig. 4.1 shows the workflow of rVAD method. It contains three
processing stages: the first pass of denoising using a posteriori SNR weighted energy difference
measure [74], and the second pass of denoising using speech enhancement techniques and voice
activity detection. Unlike other statistical VAD methods, rVAD performs two passes of denoising to
enhance speech quality in the beginning. Because first-pass denoising can remove high-energy burst
noise to avoid noise overestimation when applying a noise estimator in the second pass; moreover,
if high-energy non-speech parts are not detected, it will be difficult for conventional VAD methods
to deal with.

In the first pass of the denoising process, a posteriori SNR weighted energy difference is com-

puted. It can be used to detect high-energy segments that contain speech and high-energy noise
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Figure 4.1: Workflow of rVAD method.
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segments. Since human speech has pitch characteristics, pitch estimation is then performed to filter
out non-pitch segments, which removes high-energy noise segments.

The author explored several speech enhancement methods for the second pass of the denois-
ing stage. They are all spectral subtraction based, such as minimum mean-square error (MMSE)
[75], minimum statistics noise estimation (MSNE) [76]. The author then proposed and employed
a modified version of MSNE (MSNE-mod) for the second pass of denoising. If more than half of
the energy is concentrated in the first few frequency bins, the second pass denoising process will set
values of these frequency bins to zeros so that low-frequency noise can be removed.

In the last VAD stage, under the assumption that speech segments contain consecutive speech
frames with pitch, neighbouring frames with pitch are grouped to form pitch segments. Pitch seg-
ments are then extended 60 frames from beginning and end so that voiced, unvoiced sounds and
likely non-speech parts can be included. Finally, voice activity will be detected by comparing the
computed smoothed a posteriori SNR weighted energy difference with the preset threshold.

B. WebRTC

WebRTC is an open-source visual-audio communication project proposed by Google company.
It contains various speech-related applications, such as noise cancellation, automatic echo cancel-
lation, and voice activity detection. WebRTC VAD is an unsupervised method based on GMM, and
it has been widely accepted and used in industrial projects since its satisfactory performance and
real-time running property.

C. CRNN and 2-D CRNN

The convolutional recurrent neural network (CRNN) was proposed to achieve VAD. The intu-
ition of CRNN is to utilize CNN layers to capture audio information from both time and frequency
domains. The RNN is then employed to identify time intervals of speech and non-speech, especially
for long sequences. The author suggests that the combination of CNN and RNN suits the VAD task.

Fig. 4.2 depicts the structure details of CRNN. It contains five convolutional layers in the CNN
part. The first convolutional layer has filter size of 16 and the following filter sizes of subsequent
layers are increased as a power of two. They are 32, 64, 128 and 256, respectively. The first layer
has kernels’ size of 1 x 3, and there is a 1 X 2 max pooling layer following every convolutional layer

to subsampling feature maps. Also, batch normalization and ReLLU nonlinear activation follow each

53



convolution operation. In the RNN part of CRNN, there is two bi-directional gate recurrent unit
(GRU) networks with all filter sizes of 126. Bi-directional GRUs can learn contextual information
based on future and past values.

X2 Bi-GRU 126
4

ConviD 1x3, 256
ConviD 1x3, 128
4

L
ConviD 1x3, 64

Conv1D 1x3, 32
1

;
| Max pooling 1x2 |

ConviD 1x3, 16
t

‘ Input ‘

Figure 4.2: CRNN structure diagram [73].

The 2-D CRNN architecture is shown in Fig. 4.3. There are five convolutional layers and two
bi-directional GRUs in this model. The first convolutional layer has 16 filters and uses 7 x 7 kernels.
The second layer has 32 filters and uses 5 x 5 kernels. The rest convolutional layers have 32 filters
and their kernels are all 3x 3. Max pooling layers with 3 x 3 kernels and 2 x 1 strides are concatenated
to every convolutional layer. Their 2 x 1 strides allow them to only sub-sample the features while
reserving time information to be processed by the bi-direction GRUs. Batch normalization and
ReLU follow every convolutions layer. Feature maps produced by the CNN part will be permuted
and reshaped to fit the bi-directional GRUs which have filter size of 126 for each.

D. CNN and 2-D CNN

CNN and 2-D CNN models strictly follow the CNN part designs of CRNN and 2-D CRNN. But

we reshape the output of CNN networks to a vector and then use fully-connected layers to produce

the binary classification results.
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Figure 4.3: 2-D CRNN structure diagram [73].

4.1.3 Parameter setting

In this section, we present parameter settings for proposed models and hyperparameter settings
for model training as follows:
A. Parameter setting for proposed computation-efficient model

The structure of the proposed computation-efficient model is shown in Fig.2.9. Here, we state
the proposed model setting in Table 4.1. We hope to explore whether an even lightweight model can
also achieve satisfactory performance. The parameter setting of the lite model is shown in Table 4.2,
where ¢ is the expansion ratio in an inverted block, c represents the number of output channels, m

denotes the number of inverted blocks and s is stride.

Table 4.1: Parameter setting for the proposed computation-efficient model

Input Operator |t c m | s
32x128x3 conv2d - 32 1|2
16x64x32 | bottleneck | 1 16 1|1
16x64x16 | bottleneck | 6 | 24 212
8x32x24 | bottleneck | 6 | 32 312
4%x16x32 | bottleneck | 6 | 64 412
2x8x64 bottleneck | 6 | 96 301
2x8x%x96 bottleneck | 6| 128 | 1 |1
2x8x128 | conv2d 1x1 | - | 1280 | 1 | 1
2x8x 1280 avgpool - - 1
1x1x1280 linear - 2 1] -
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Table 4.2: Parameter setting for the proposed computation-efficient lite model

Input Operator |t | ¢ |m|s
32x128x3 conv2d -1 321112
16x64x32 | bottleneck | 1| 16 | 1 |1
16x64x16 | bottleneck | 6 | 24 | 2 | 2
8x32x24 bottleneck | 6 | 32 | 3 |2
4x16x32 | bottleneck |6 | 64 | 3 |2
2x8x64 bottleneck [ 6| 96 | 1 |1
2x8%x96 | conv2dIx1 | - | 960 | 1 |1
2x8x960 avgpool - 1
1x1x960 linear - 2 1| -

B. Parameter setting for proposed end-to-end model

Fig. 3.14 has given an overview of the end-to-end model. Here, the detailed parameter setting
is given in Table 4.3, where k£ and s mean the kernel size and stride of convolutional layers and n
means the number of operators. The condense block has 14 condense layers with a growth rate of
8. In each dense layer, the 1 x 1 learned group convolution has group size 4, condense factor 4 and
dropout rate 0.2; the 3 x 3 group convolution has group size 4, and its padding and stride are both 1.
In the dual-attention transformer encoder, we set the number of heads in the linear-MHA to 4 and
the FNN first expands inputs by 4 times and then compresses back. We will discuss the impact of
the number of layers in the dual-attention transformer encoder on the performance and complexity

of the model later.

Table 4.3: Parameter setting for the proposed end-to-end model

Module Operator k S n Output
Segmentation - - - - 1x299x320
conv2d (1,2) | (1,2) 1 16x299x 160
Feature extractor condense block 1 128 x299x 160

conv2d 1x1 (1,1 | (1,1) 1 64x299x 160

Dual-attention transformer encoder - - - 1/2/3 | 64x299x160

conv2d 1x1 (1,1 | (1,1) 1 1x299x%x160
avgpool - - 1 299

Classifier

C. Hyperparameter setting for model training

First, all audio segments, including clean speech and noise, are resampled to 16kHz before
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augmentation. After the data augmentation, audio is segmented into 20ms-long frames, and the
overlap between frames is 10 ms. The rVAD and the proposed end-to-end model directly take raw
audio data (framed sample points) as inputs. The proposed computation-efficient model and other
baseline models use different arrangements of MRCG and its dynamic information as inputs, where
the dimension parameter d for each feature component is set as 128, and the parameter j for context
range control is set to 16.

All baseline and proposed models are trained with SGD optimizer using momentum 0.9 and
weight decay 4e >, and cross-entropy is selected as the loss function. The maximum training epoch
is 50. The learning rate varies dynamically with epochs [77]. Specifically, it linearly increases from
0.01 to the initial learning rate of 0.1 in 10 warm-up epochs. It then decreases to the final learning
rate of 0.0001 in another 30 epochs using cosine decay strategy [78]. The learning rate remains at
0.0001 for the rest 10 epochs. The training and validation batch sizes are 2 and 1 for the proposed
end-to-end method, while they are both 64 for the rest deep learning-based methods. We employ
gradient clipping with a maximum L2-norm of 5 to avoid gradient explosion. The weights of all
convolutional layers and linear layers are initialized by Kaiming normal initialization [67], while

the initial weights of batch normalization layers are set as 1.

4.1.4 Evaluation metrics

To quantitatively evaluate the performance and complexity of all methods, we introduce several
metrics here: the area under the ROC curve (AUC) and F1-Score for performance evaluation, the
floating point operations (FLOPs) and the number of parameters for complexity evaluation.

A. Performance metrics

VAD is a binary classification problem, which means the performance of different methods can
be measured by comparing prediction results with ground truth labels. There are four cases when
comparing predictions with labels, and we depict all possible outcomes in Table. 4.4.
where TP, TN, FP, and FN represent true positive, true negative, false positive and false negative,
respectively. TP and TN are outcomes where the model correctly predicts positive and negative
classes, while FP and FN are outcomes where the model incorrectly predicts positive or negative

classes.
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Table 4.4: Confusion matrix

Ground truth

Positive | Negative
Prediction POSiti.V ¢ P FP
Negative FN TN

Before introducing the AUC and F1-Score, we need to illustrate concepts of accuracy, precision

and recall first. Accuracy is defined as

Number of correct predictions
Accuracy =

Total number of predictions
B TP +TN
~ TP+TN+FP+FN

(26)

where accuracy reflects what extent a model can correctly predict results. However, in some specific
cases, FP and FN are more than critical, even if we have sufficiently high accuracy values. Also,
accuracy is not a good metric when the dataset is class-imbalanced.
Precision attempts to illustrate to what extent the model’s positive predictions are actually cor-
rect, so it is defined as
TP

Precision = ———— 27
recision TP+ FP 27

while recall depicts the proportion of actual positives identified correctly by a model. It is defined
as
TP

Recall = — 28
= TPYEN (28)

we can find that a model’s precision is 1 if it produces no false positive, and its recall will be 1 if it
produces no false negative results.
The F1-Score is the harmonic mean of the precision and recall, which can be calculated by

Eq. 29. Its highest possible value is 1, indicating that the model has perfect precision and recall; its
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lowest possible value is 0 when either precision or recall is zero.

2
recall ™! + precision™
_ 9 precision - recall (29)

F1-Score = T

precision —+ recall
B 2TP
~ 2TP+FP+FN

AUC is the area under the receiver operating characteristic (ROC) curve that plots two parame-
ters: true positive rate (TPR) and false positive rate (FPR). The TPR is a synonym for recall. It can

be calculated by Eq. 28. The FPR is defined as follows

rpP

~FP+TN G0

FPR

The ROC curve plots TPR vs. FPR at different classification thresholds. Fig. 4.4 depicts a
typical ROC curve. AUC measures the entire two-dimensional area underneath the ROC curve

from (0,0) to (1, 1). The more the value of AUC is close to 1, the better the model’s performance.

- <
TP vs. FP rate at
one decision
threshold
[]
§ 7
o /.
- / TP vs. FP rate at
another decision
/ threshold
/
o I’
0 FP Rate 1

Figure 4.4: A typical ROC Curve.

B. Complexity metrics
As for measurements of model complexity, we employ two metrics: the number of parameters

and FLOPs. The number of parameters reflects the size of a model, and FLOPs are used to describe
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the theoretical amount of multiply-add operations required to run a single instance of a given model.
When deep-learning models run on computationally-constrained devices, these two metrics are as

important as model performance.

4.2 Results and discussion

In this section, we first quantitatively compare the performance of the proposed methods with
baseline methods under different SNRs and scenarios. The comparison between the two proposed
methods is also analyzed. We then investigate the impact of different parameter settings on models’
performance. Finally, we visualize all deep learning-based models’ performance and complexity in

a ball chart.

4.2.1 AUC and F1-Score results comparison

Table 4.5 lists the AUC performance of baseline methods and two proposed methods in all eight
different scenarios with five levels of SNRs, where the best-performing item is shown in bold. Here,
we use CE-VAD to represent our proposed computation-efficient VAD model and DATE-VAD to
denote our end-to-end VAD model using the dual-attention transformer encoder. From this table,
we can intuitively find that our DATE-VAD method achieves the best performance in almost all test
scenarios.

Table 4.6 ignores effects caused by scenarios and makes statistics on the performance of models
under different SNR levels. Items in bold represent they have the best performance, while under-
lined items denote the second-best performance. From our observation, rVAD achieves surprisingly
better performance than other baseline methods in 10 dB and 5 dB test environments, although it
is a training-free method. However, its performance declines rapidly as the SNR decreases, which
makes it incompetent for VAD in severe environments. Based on analysis of Table 4.6 and Table 4.5,
although it is straightforward that WebRTC delivers the worst performance among all methods, it
still has comparable performance in some specific scenarios, such as airport, car, exhibition, restau-
rant and subway.

After the analysis of unsupervised methods, we first compare the CNN and CRNN. The only
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Table 4.5: AUC(%) comparison

Scenario | SNR(dB) | rVAD | WebRTC | CNN | 2-D CNN | CRNN | 2-D CRNN | CE-VAD | DATE-VAD
10 94.24 94.04 88.86 88.76 91.66 94.47 96.02 99.18
5 93.95 89.28 80.65 86.11 87.68 90.85 93.91 98.43
Airport 0 76.94 79.02 69.74 82.45 72.57 82.73 89.06 97.97
-5 55.46 66.27 66.15 80.53 65.33 72.88 79.39 97.87
-10 51.33 53.74 | 64.39 78.66 62.87 66.79 74.26 96.36
10 94.89 50.00 | 96.39 97.48 97.05 97.31 97.28 99.45
5 94.02 50.00 | 96.03 97.32 96.78 96.74 97.12 98.75
Babble 0 83.83 50.00 | 95.19 96.96 96.13 94.61 96.83 98.81
-5 62.00 50.00 | 93.46 96.35 93.71 90.64 95.37 98.37
-10 54.50 50.00 | 90.78 93.66 89.54 87.97 92.85 97.19
10 92.66 84.87 96.92 94.06 97.20 95.64 97.35 97.97
5 93.39 71.75 96.98 93.77 97.28 94.16 97.34 96.86
Car 0 92.46 57.48 95.34 91.89 95.74 91.01 95.16 95.85
-5 89.09 50.50 | 95.49 91.47 95.60 89.42 93.89 93.40
-10 85.74 50.00 | 93.42 89.86 93.47 88.57 89.78 89.06
10 92.32 92.92 95.34 87.27 95.61 93.57 96.16 98.45
5 91.57 86.74 88.55 85.78 93.13 89.10 95.58 97.98
Exhibition 0 87.42 71.55 75.07 81.03 79.07 81.82 90.69 97.62
-5 81.09 56.09 69.21 77.33 63.90 76.74 78.32 97.78
-10 73.38 50.92 64.95 75.20 59.38 74.98 70.13 94.84
10 94.14 91.55 72.89 73.62 74.60 70.64 92.76 97.11
5 83.50 79.98 70.51 72.96 72.09 65.13 86.56 95.57
Restaurant 0 71.74 65.68 65.68 69.05 68.37 56.65 78.28 92.85
-5 63.06 52.78 62.67 67.10 64.62 54.45 71.96 90.04
-10 58.87 50.13 60.85 65.76 61.87 53.61 67.85 85.69
10 94.42 59.16 94.91 89.16 96.99 92.88 97.49 99.07
5 91.96 59.12 91.90 87.53 95.89 90.24 97.02 98.55
Street 0 79.35 58.17 89.28 85.44 93.67 84.81 96.12 98.64
-5 76.82 57.65 87.34 83.48 89.37 81.28 93.93 97.44
-10 70.63 55.53 85.23 82.06 82.55 78.52 91.82 97.36
10 92.95 93.50 | 90.65 93.70 94.13 92.62 96.71 97.30
5 93.94 88.10 88.18 92.38 88.82 89.94 95.45 98.98
Subway 0 89.46 72.63 86.66 89.93 83.19 85.12 90.62 96.42
-5 81.55 56.55 83.86 86.83 80.92 79.91 86.06 95.86
-10 74.37 50.37 81.70 85.53 79.89 77.33 82.85 92.35
10 93.43 53.04 | 96.41 96.44 97.19 95.82 97.76 99.31
5 93.46 52.50 | 95.73 96.01 96.41 94.80 97.00 99.14
Train 0 92.54 52.58 95.30 95.79 94.66 93.12 95.51 99.34
-5 91.34 52.83 94.47 95.28 92.82 92.34 92.87 97.88
-10 81.80 52.59 93.96 94.73 91.91 92.69 90.39 97.35
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difference between them is the RNN part, and they both employ the 1-D contextual-aware features.
From Table 4.6, we find that adding RNNs improves the performance when the SNR level is above
0 dB, but performance worsens when SNR becomes severe. Then the comparison between CNN
and 2-D CNN confirms that contextual-aware features in the single-channel 2-D arrangement can
slightly improve the overall performance, especially under severe conditions. The worse perfor-
mance of 2-D CRNN than that of CRNN may indicate RNNs can not properly encode the sequence
information of convoluted feature maps. Except for the slightly lower AUC in -10 dB SNR envi-
ronments, our proposed CE-VAD performs better than other baseline methods. The CE-VAD uses
positional encoding to inject sequence information into features rather than to employ RNN to learn
sequence information of feature maps, which greatly reduces computation cost. In addition, the
multi-channel 2-D arrangement enables convolutional layers to capture features with their dynamic
and contextual information simultaneously, further improving the model’s performance.

Finally, we compare the two proposed methods: CE-VAD and DATE-VAD. DATE-VAD is an
end-to-end method and it does not rely on prior knowledge of acoustic features. Specifically, it em-
ploys neural networks to learn acoustic features from raw audio data. In contrast, the CE-VAD takes
the designed multi-channel features to emphasize characteristics of human speech. In Table 4.6, it
is clearly shown that DATE-VAD improves the performance of CE-VAD by 2% to 11%, which is
especially noticeable under low SNR conditions. The enormous improvement demonstrates that

neural networks can learn acoustic features by themselves and achieve even better performance.

Table 4.6: AUC (%) comparison under different SNRs

SNR(dB) | rVAD | WebRTC | CNN | 2-D CNN | CRNN | 2-D CRNN | CE-VAD | DATE-VAD
10 93.63 77.39 91.55 90.06 93.05 91.62 96.44 98.48
5 91.97 72.18 88.57 88.98 91.01 88.87 95.00 98.03
0 84.22 63.39 84.03 86.57 85.43 83.73 91.53 97.19
-5 75.05 55.33 81.58 84.80 80.78 79.71 86.47 96.08
-10 68.83 51.66 79.41 83.18 77.69 77.56 82.49 93.78

Table 4.7 provides the F1-Score comparison results of models, which provides consistent results
with Table 4.6 and suggests that our proposed CE-VAD and DATE-VAD have better generalization

ability than baseline models under most SNR conditions.
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Table 4.7: F1-Score (%) comparison under different SNRs

SNR(dB) | rVAD | WebRTC | CNN | 2-D CNN | CRNN | 2-D CRNN | CE-VAD | DATE-VAD
10 93.54 82.46 93.40 92.20 94.52 93.50 96.82 98.74
5 92.25 74.92 91.29 91.43 93.02 91.71 95.80 98.38
0 85.97 58.79 88.28 89.81 89.12 88.20 93.12 97.65
-5 80.17 38.61 86.70 88.63 86.20 85.62 89.65 96.49
-10 76.19 27.66 85.05 87.47 83.63 84.53 86.93 94.62

Fig. 4.5 gives us an insight into how scenarios affect models’ performance. The restaurant and
street are two typical indoor and outdoor test environments. Though they are tested under the same
SNR condition, the overall performance of models in the restaurant scenario is worse than in the
street scenario. We suggest that outdoor scenarios mainly contain stationary and low-frequency
noise that is much easier for models to handle. In contrast, indoors are often condensed with babble

and other high-frequency noise that are difficult to deal with.

Restaurant Street
100 100

90 _’/ 95
5o 90

85
70 o i

60 t —— 75

50 70
-10 -5 0 5 -10 -5 0 5 10
=8 \VAD CNN 2-DCNN CRNN =2 1VAD CNN 2-D CNN CRNN
=#—?-D CRNN =8=CE-VAD =8=DAT-VAD =#—?-D CRNN=2—CE-VAD =—&=DAT-VAD

Figure 4.5: AUC (%) comparison under specific scenarios.

4.2.2 Performance comparison with different settings

A. Different settings for CE-VAD

Since the utilization of contextual-aware features, one of the most critical parameters is the
number of neighbouring frames. To investigate how the number of neighbouring frames will affect
the model performance, we conducted four experiments with 40, 32, 24 and 16 neighbouring frames
including the current frame. The parameter j is set as 20, 16, 12, and 8. We tested the four cases with

eight types of noise under 10 dB SNR and then averaged them to get the final AUC result. Table 4.8
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describes test results that indicate the positive correlation between the number of neighbouring
frames and FLOPs. Here, we used a public package in [79] to count the number of FLOPs. However,
the performance does not follow the same rule, where 16 frames even can be comparable to 40
frames. But it shows a significant improvement after changing from 16 to 32 frames. Because the
feature map size is always reduced by half, it will lead to information loss when the number is not
the power of 2. We finally chose 32 neighbouring frames as a performance-computation trade-off

solution.

Table 4.8: Discussion on different number of neighbour frames

# of neighbor frames | 40 32 24 16
FLOPs(M) 66 48 42 24
AUC(%) 93.22 | 96.44 | 90.80 | 93.19

Apart from comparing different neighbour frames, we also conducted experiments on the lite-
version model of CE-VAD. Based on our observations in Table 4.9, the lite-version model achieves
noticeable performance improvements compared to baseline methods, especially in environments
with SNR levels above 0. Although its performance declines drastically under -5 dB and -10 dB
SNRs, the up to dozens of times FLOPs reduction demonstrates the effectiveness of our proposed

CE-VAD structure.

Table 4.9: Comparison between CE-VAD lite model and other deep learning models

SNR(dB) | CNN | 2-D CNN | CRNN | 2-D CRNN | CE-VAD(lite)
10 91.55 90.06 93.05 91.62 96.81
5 88.57 88.98 91.01 88.87 93.89
0 84.03 86.57 85.43 83.73 87.24
-5 81.58 84.80 80.78 79.71 79.75
-10 79.41 83.18 77.69 77.56 74.03
FLOPs(M) | 294 120 642 324 30

B. Different settings for DATE-VAD
The proposed DATE-VAD is an end-to-end model, and its core is the dual-attention transformer
encoder. The number of layers in the encoder is critical for learning hidden patterns of extracted

features. Therefore, we conducted experiments on the proposed model with one to three layers in
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the dual-attention transformer encoder, and the results are shown in Table 4.10.

Table 4.10: Comparison between DATE-VAD models with different settings

SNR(dB) | DATE1-VAD | DATE2-VAD | DATE3-VAD
10 96.93 98.48 99.16
5 94.18 98.03 98.76
0 90.76 97.19 97.85
-5 83.76 96.08 95.85
-10 74.75 93.78 92.31

We have not tested the DATE-VAD with more layers because DATE-VAD will consume an
enormous graphical memory footprint during the training stage. Limited by computer resources,
we only take up to three-layer DATE for comparison. Even if the number of test results is lim-
ited, it is obvious that more layers in DATE bring promising advantages to model performance.
From DATE1-VAD to DATE3-VAD, the overall performance is growing but the difference between
DATE2-VAD and DATE3-VAD is not as noticeable as the difference between DATE1-VAD and

DATE2-VAD. Thus, we choose to use the two-layer DATE in the end-to-end model.

4.2.3 AUC-operation-parameter ball chart

In this section, we intend to use a more intuitive way to show the performance-complexity
trade-off process. The ball chart is a commonly used representation for deep learning-based model
comparison. It takes advantage of simultaneously presenting the performance, size, and computa-
tion of multiple models in one figure. We first average deep learning-based models’ performance
under all SNR conditions to get the average AUC. The average AUC, the number of parameters and
FLOPs are presented in Table. 4.11, which are the data source of the ball chart. In Fig. 4.6, the
vertical axis represents the average AUC, the horizontal axis represents the amount of computation,
and the balls’ sizes represent the number of parameters. The ideal model is supposed to place in the
left-up corner while having as small as possible size, meaning that the model has an acceptable size
and achieves high performance with a fewer amount of computation.

In Fig. 4.6, we observe that our computation-efficient neural network CE-VAD places at the

left-up corner of the ball chart and has competitive ball size, demonstrating that CE-VAD is a sweet
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Table 4.11: Average AUC, number of parameters and FLOPs comparison

CNN | 2-D CNN | CRNN | 2-D CRNN | CE-VAD | CE-VAD(lite) | DATE-VAD
Avg AUC (%) | 85.03 86.72 85.59 84.30 90.39 86.34 96.71
# of params (K) | 329 399 935 732 854 349 573
FLOPs (M) 294 120 642 324 48 30 2124

point of the performance-complexity trade-off. As for the proposed end-to-end model DATE-VAD,

it advances other models in performance by a significant margin. In addition, it also contains a

competitive number of parameters. However, its large amount of computation is notable, which can

be attributed to the following reasons: the amount of computation of calculating manual features

is not included in other models; if we use extracted features to represent audio, there would be

less data than using original sample points of the audio; the DATE requires the largest amount of

computation in the end-to-end model, which needs to be optimized in the future.
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Figure 4.6: Ball chart for model comparison.
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Chapter 5

Conclusion

5.1 Summary of the work

In this thesis, we thoroughly studied VAD in two directions: improving the detection perfor-
mance of VAD in low SNR environments and reducing the complexity of VAD methods. Our pro-
posed computation-efficient VAD neural network using multi-channel features has been proven to
have superior detection performance than baseline methods while maintaining a few times smaller
model size and the amount of computation. The proposed end-to-end VAD method significantly
improves detection accuracy and robustness compared to other baseline methods.

Chapter 2 presented a computation-efficient VAD neural network using multi-channel features.
We have introduced several features commonly used in speech-related classification tasks, such as
MFCC, GFCC, PNCC and MRCG. After comparing the performance of adapting different speech
features, we chose MRCG with its dynamic information as a feature for VAD. Then we investigated
three arrangement methods of contextual features: 1-D, 2-D and multi-channel 2-D. The multi-
channel 2-D arrangement allows CNN kernels to capture features’ contextual and dynamic infor-
mation simultaneously, contributing to better performance. The channel-attention inverted blocks
are the core of the proposed computation-efficient neural network. Inverted blocks expand inputs
to high-dimension representations to learn hidden patterns in extracted features, and the channel

attention mechanism helps inverted blocks focus on important feature maps.
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In Chapter 3, we have proposed an end-to-end VAD method. In contrast to current deep learn-
ing methods, our method allows neural networks to learn features from raw audio data rather than
using manual features directly. The end-to-end model consists of a feature extractor, dual-attention
transformer encoder and classifier. The feature extractor employs a condense block for feature ex-
traction, a standard convolutional layer for raw data preprocessing and a pointwise convolutional
layer for reducing the dimension of learned features. The following dual-attention transformer en-
coder processes extracted features from two different perspectives and uses the linear-MHA instead
of the MHA to reduce significant amounts of computation. Finally, the classifier comprises a point-
wise convolutional layer and an adaptive average pooling layer, which has excellent classification
performance but only brings a few parameter increments.

Chapter 4 provided the proposed and baseline models’ training and evaluation details. We com-
pared all methods from performance and complexity perspectives. The AUC and F1-Score compari-
son consistently show that our proposed methods both outperform baseline methods. Especially the
end-to-end method achieves tremendous performance advancements compared to other methods.
In complexity comparison, our computation-efficient VAD neural network requires a fewer amount
of computation while maintaining superior performance. Both of our proposed methods keep their
models with a small number of parameters. Besides, we have discussed how models’ parameter

settings will affect their performance.

5.2 Future work

In this thesis, we mainly focused on developing deep learning-based VAD methods that are
efficient and effective. The nature of supervised deep learning requires massive labelled data for
model training. On the one hand, labelling new data for training is very labour-intensive and expen-
sive. On the other hand, labelled datasets are always limited compared to real-life datasets. This
limits supervised deep learning models to obtain even better generalization ability. A new concept
of self-learning suggests that artificial intelligence can train itself using unlabeled data. It works
by analyzing datasets and learning patterns of them to make conclusions. Self-learning can en-

able VAD models to continuously update themselves by learning new data without labels directly,
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which makes it easy to enhance the generalization ability of VAD models. Besides, most of the
state-of-the-art VAD models and ours only accept single-channel audio signals as input. However,
real-world applications generally collect voices through multiple microphones, which requires us to
develop VAD models capable of handling multi-channel audio signals.

In addition, the actual deployment of deep learning-based VAD models on computationally-
constrained devices will be an exciting and promising topic. It involves both deep-learning model
optimization for efficiency improvement and hardware knowledge for optimizing energy consump-

tion.
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