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Abstract

The keyword spotting system (KWS) represents a major part of human-technology
interfaces. It requires low-latency and high accuracy response for good user
experience. Moreover, KWS typically runs on small micro-controllers and have
thus, limited memory and compute capability. To meet these constraints, recurrent
neural networks, such as LSTM and Grid LSTM models, as well as a convolutional
neural network are trained to determine whether a one-second audio clip contains
one of the four predefined words or an unknown word. In that way, we are able to
determine the model with the best memory, accuracy and computational complexity
trade-off. It comes out that the CNN reaches the best accuracy nearly equal to
93% with 370 millions of operations and only, 500 thousands parameters. While,
for resource-constrained problem, the 1-layer LSTM is optimal using the smallest
memory space and number of operations but achieves only 86.6% of accuracy. We
have also studied the effect of the signal pre-processing on the network performance
and we have found that using an optimal window size of 25 ms for the spectrogram
computation allows to rise the accuracy by 3%. Finally, the LSTM network is
quantized to reduce the model memory size and its computational complexity. The
weights and biases can be reduced to 4-bits fixed point numbers if a 3% accuracy
drop is tolerated in comparison to the floating point implementation.
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Chapter 1

Introduction

In our society, information and communication technologies become part of the
daily routine and enable to solve problems such as user identifications, high data-
rate wireless communications or non-invasive low-power medical monitoring. In
particular, people are using tablets and smartphones in their everyday life and
interacting with those technologies using voice is getting more and more important.
For example, Google and Apple devices are already equipped with virtual assistants
such as Siri or Alexa. These tasks have been enabled by recent developments in ma-
chine and deep learning algorithms which outperformed the humans in a variety of
tasks including speech recognition [1]. By analyzing the human voice, the system is
able to determine what is said and eventually respond to the user. A voice assistant
contains a keyword spotting system (KWS) able to detect and recognize specific
keywords, wake-up the device and then, activate the full scale speech recognition.
In addition to the voice recognition, generally, they simultaneously performs a
face recognition. They are always active and thus, should have a very low-power
consumption to maximize the battery life. Furthermore, a KWS system should
detect keywords with high accuracy for better user experience and low latency for
real-time response. Because KWS is used on mobile devices, the memory footprint
and the computational capability are therefore limited. These constraints have
defined an interesting area of research for 50 years [2].

Two types of neural network are commonly used in speech recognition: convolutional
neural networks (CNN) [3,4] and recurrent neural networks (RNN) [5-7]. However,
comparing those networks is often very difficult because they are trained on different
datasets (e.g: "TalkType" dataset in [8], "Alexa" dataset in [9] and Google Speech
Commands dataset [10]) or use different input features (Mel-frequency cepstral co-
efficients (MFCC) [11], spectrogram [3], ...). In [6], a comparison between different
neural networks on the Google Speech Commands dataset [12] aims to maximize
the accuracy with a limited memory footprint and computational complexity. Apart



from the neural network type, the model performance is also impacted by the
input features. In [3], the importance of the hyper parameters for the spectogram
computation is highlighted and their impact on the overall accuracy of the network
is measured. The network quantization could also help reducing memory footprint
and the computational complexity while maintaining its accuracy. A post-training
quantization was recently performed on a LSTM network in [13] whose objective is
to obtain the minimum bitwidth required to avoid any performance loss compared
to the floating-point implementation.

In this thesis, we will train several KWS system on the Google speech commands
dataset using a spectrogram as input feature. In particular, they will classify an
audio signal in one of the 4 predefined word classes or in the unknown word class.
Due to the presence of the complex "unknown' class, a weighted cross-entropy
must be used to ensure equivalent performance among the class. Throughout this
work, several techniques have been investigated to improve the accuracy or reduce
the memory footprint and computational complexity of the models. In the first
place, we will compare a CNN and long-short term memories (LSTM) networks in
terms of accuracy, memory footprint and computational complexity. The LSTM
is a variant of the basic RNN solving its problem of learning information in the
long-range. To explore further, an improved version of the LSTM network where
the time propagation of the long-term dependencies are reinforced by a propagation
through the network depth, called Grid LSTM [14], is added to the comparison. It
comes out that the CNN network reaches 93% of accuracy with a reduced number
of parameters equal to 500 000 and a middle number of operations of 370 MFLOPs
whereas for hard-constrained problems, the 1-layer LSTM should be preferred but
reaches only 86.6 % of accuracy. Secondly, we have found that an optimization
of the window size can allow an improvement of the performance as high as 3%.
Additionally, this optimisation was done for both the CNN and the LSTM networks
enabling a fair comparison among both models. Finally, the LSTM network is
quantized and the resulting accuracy loss was recorded. In this work, we show that
the weights can be quantized up to 4 bits using a post-training quantization method
while maintaining the accuracy drop below 3%. The CNN quantification was not
performed as this subject has already been widely studied in the literature [15].

To achieve these objectives, my work will be structured as follows. The chap-
ter 2 will present the two main parts of a KWS known as the feature extractor and
the neural networks. Both the convolutional and recurrent neural networks will be
explained along with the applications of such networks. The chapter will end with
some reminders about training algorithms. Then, the chapter 3 explains the design
of the KWS implemented for this work including the dataset, the input features,



the architecture of the neural networks, the weighted cross-entropy loss and metrics
for the performance and complexity evaluation. Finally, the chapter 4 shows the
experimental results previously announced such as the network comparison in
terms of accuracy, memory footprint and computational complexity, the study of
input features for both CNN and LSTM networks and finally, the LSTM network
quantization.



Chapter 2

Background

Chapter 2 explains the main concepts necessary to discuss a keyword spotting
system. The overall signal processing chain is presented and then, the speech
features and the classifier using neural networks will be studied more in depth. Once
the system architecture is established, the model parameters must be optimized
according to the dataset we have at our disposal. The final section of this chapter
will describe the gradient descent algorithms for the training of the models.

2.1 Signal processing chain for keyword spotting
applications
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Figure 2.1: Signal processing chain for keyword spotting system [6]

The purpose of a keyword spotting system is to attribute a label to each word
utterance. It is made out of a feature extractor and a neural network classifier as
shown in Fig 2.1. First, the features of the audio signal are extracted by computing
the spectrogram or the mel-frequency cepstral coeffcients (MFCC). Generally
speaking, the temporal signal is segmented into T frames and then for each frame,
F features are computed. The feature matrix obtained is thus of size FxT. The



spectrogram which is used in [3] is simple to compute but does not mimic the
human hearing as well as the MFCC. In contrast, MFCCs are computationally
more expensive but are very popular in recent papers [6,7,11,16,17] because the
information is condensed in fewer coefficients.

Then, this feature matrix is fed into the neural network which assigns a label given
the probabilities of each word class. Two types of neural networks are commonly
used in speech recognition: convolutional neural networks (CNN) and recurrent
neural networks (RNN).

2.2 Feature processing

The first step in this signal processing chain is to extract and compress relevant
information from the audio recording. In this thesis, we have mainly used the
spectrogram as input feature for the neural networks. However, an information
extraction similar to the human ear is often used such as the MFCC. As part of
this work, we will test the mel-spectrogram which is the first step for the MFCC
computation.

2.2.1 Spectrogram

The spectrogram describes the energy content of the signal per frequency band
and over time. Figure 2.2 represents a raw temporal signal and its corresponding
spectrogram. The vertical axis represents the frequency while the horizontal axis
represents the time and the color pattern tells us about the magnitude of the
observed frequency for a given frame. The advantage of this representation is that
we get the spectral information of the signal while keeping the time localisation. To
build the spectrogram, the signal is first broken into frames and then, the Discrete
Fourier Transform (DFT) is computed for each frame.
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Figure 2.2: Raw temporal signal from the class 'down’ and its corresponding
spectrogram

Windowing: The signal will be divided into a sequence of frames. For this

model to be correct, we assume that the signal is piece-wise stationary (stationary *
in each frame). The full waveform is multiplied in the time domain by a windowing
function. The rectangular window is not often used as it causes discontinuities at
the edges and so, introduces broadband noise. Instead, a tapered window is often
preferred. Four different window types with their Fourier transform are presented
in Fig. 2.3. These windows are generally overlapping to avoid losing information
near the edges.
The multiplication by a windowing function in the time domain results in a
convolution with its spectrum in the frequency domain. The modifications on the
signal spectrum due to the windowing will be smaller if the window spectrum looks
like a delta function [18]. If the window spectrum has a too large central peak, the
resolution of the windowed signal will be reduced, which means that 2 neighbouring
points will be confused easily. A Gibbs phenomenon can also appear when the
side lobes are too important, creating energy peaks which were not present in the
original signal. By looking at the spectrum of the rectangular window, we can
observe that the peak is narrow but the first side lobe is only 13 dB below the main
lobe. On the contrary, the Hamming window has side lobes with lower energy but
a larger central peak. The choice of the window type is a trade-off between the
width of the central peak, the energy of the side lobes and their slope of decreasing
energy.

!'Mathematically, a stationary process is a process whose statistical properties such as the
mean, variance and auto-correlation remain constant overtime



Hann window Hamming window

1.0 1.0 4
[ 1}
° b=
= =]
= 0.5 1 = 4
=% a 03
g &
0'0 L T T T T T T T T T T T T
0] 10 20 30 40 50 0 10 20 30 40 50
Sample Sample
Rectangular window Tukey window
1.0 i
o o 10
T °
= 2
= 0.5 4 = 4
o o 0.5
g g
001, ; ; ; . ; 0.0 1 ; : ; : T
0 10 20 30 40 50 0 10 20 30 40 50
Sample Sample
—_ Frequency response of the Hann window —_ Frequency response of the Hamming window
m m 0
k<A Z
S -s0- T 501
3 3
k= H
= c
o —100 A 2 -100
[ 0
Z T T T T T Z T T T T T
-0.4 -0.2 0.0 0.2 0.4 -0.4 -0.2 0.0 0.2 0.4
Normalized frequency [cycles per sample] Normalized frequency [cycles per sample]
— Frequency response of the rectangular window _ Frequency response of the Tukey window
m 0 oM
Z Z
@ [}
S L
£ £
[ = c
o —100 o -100
T i}
= T T T T T = T T T
—-0.4 -0.2 0.0 0.2 0.4 —-0.4 -0.2 0.0 0.2 0.4
Normalized frequency [cycles per sample] Normalized frequency [cycles per sample]

Figure 2.3: Different window types: Hann and Hamming spectrums have both
a larger central peak and lower side lobes whereas the Tukey and rectangular
spectrums have a narrow central peak but high energy side lobes. Tukey and Hann
spectrums have high energy primary side lobes but decreasing rapidly while the
Hamming and Rectangular spectrums have low energy primary side lobes but not
decreasing very much.

Discrete Fourier transform (DFT): Once the signal has been windowed,
the DFT is applied to each frame as described in Fig. 2.4 to extract information in
the frequency domain. The DFT of a temporal signal x[n] is computed using:

_ 27

N
X[kl =) xz[nle” ¥ (2.1)

n=1
where X[k] denotes the DFT of the time series x[n] and N represents the number
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of samples in each window.
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Figure 2.4: Mechanism for computing of a spectrogram [19]: Windowing and DFT
computation on each frame

The choice of the window size is governed by a time-frequency trade-off. Indeed,
following the Heisenberg uncertainty principle, we cannot know both the time
localisation or the frequency of a wave. If we use a short-frame width, we will get
a low frequency resolution but a high time resolution and the other way around.
In speech recognition task, a usual value for the window size is 25ms with an
overlapping of 10 ms [19]. In [20], the window size for the spectrogram computation
is studied qualitatively and quantitatively for a speech analysis and an optimal
value between 15 and 35 ms comes up.

Finally, to make up the spectrogram, X[k| is not directly used. Instead, it is the
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power spectrum of each frame corresponding to the square norm of X[k| which is
represented.

When computing a spectrogram, there are many parameters to optimize, among
others, the window size, the overlap proportion, the windowing function and the
DFT size. In this thesis, we have focused on tuning the window size while keeping
the overlapping proportion constant.

2.2.2 Mel-spectrogram

The human auditory system does not perceive the frequency linearly [21]. In
1937, the mel-scale was defined to represent the subjective perceived pitch. It was
established using a comparison of sinusoidal tones. A reference frequency is chosen
and then, a human listener is asked to adjust the frequency of the other tones to
be two times higher or half times lower. Thus, the mel scale is a perceptual scale of
pitches judged by listeners to be equal in distance from one another [19]. Wrapping
the frequencies following the 'mel’ scale as depicted in Fig. 2.5 better mimics the
human hearing system.
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““ 2000 4000 B0O00 BOGH 10000 12000 14000

Linear frequency [Hz]
Figure 2.5: Mel scale

The mel-spectrogram is thus, simply the power spectrum where the frequencies
are converted to the mel-scale. An example is presented in Fig. 2.6.
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Figure 2.6: Spectrogram and mel-spectrogram corresponding to the signal presented
in Fig. 2.2

2.3 Convolutional neural networks

The convolutional neural networks are extensions of the fully-connected neural
networks (FC) but applied to image processing. One drawback of the FC is that
they do not model the correlations in the input spectrogram. Indeed, to enter a
2D image into a FC network, it is first flattened removing the spatial correlation
information. In contrast, the CNN exploits the structure from the input data by
treating the input as a 2D image and performs convolution operations over it. An
other advantage is the reduced number of parameters of the CNNs in comparison
to the FC networks.

The CNNs date back to the the 80’s [22-24] but only draw attention in 2012 with
a work from Krizhevsky et al. for the ImageNet challenge [25]. Since then, the
CNNs were applied in various pattern recognition tasks, including classification of
traffic signs [26], house numbers [27,28] and handwritting digits [29] or pedestrian
detection [30], and electron microscopy detection [31]. Later, the CNNs have been
successfully applied on speech recognition tasks with the TIMIT database [32-34].
They have shown improvements over conventional FC networks [4,35]. Two years
ago, the TensorFlow Speech Recognition Challenge [36] was organised whereupon
several KWS were implemented [3].

A CNN is generally made out of several convolutional layers extracting important
features from the image followed by fully-connected layers for classification as

depicted in Fig. 2.7. Several types of layer present in a CNN are explained in the
following subsections.
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Figure 2.7: CNN architecture for keyword spotting system [37]: Convolutional
layers for feature extraction followed by fully-connected layers for classification

2.3.1 Fully-connected layers

The fully-connected layer also called dense layer, is at the same time, the simplest
and oldest type of layers. They connect every neuron in one layer to every neuron in
the next layer as represented in Fig. 2.8. Inside each neuron, a linear combination
of its inputs is computed. Then, a non-linear activation function is applied on it
to get the output value. This mechanism is illustrated in Fig. 2.9. In a vector
representation, the output value of a dense layer Y is the result of a matrix product
of the weight matrix W with the input vector X plus the bias term b on top of
which an activation function f is applied:

Y = fW'X +b) (2.3)

where W ; is the weight applied by neuron Y; on the neuron X; of the previous
layer. In a FC layer, we can count n; X n, + n, trainable parameters(n; and n,
being respectively the number of input neurons and of output neurons).
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[39]: the output value is a linear com-
Figure 2.8: Fully-connected layers [38]: bination of the input stimuli with a
all input neurons are connected to all non-linear activation such as the ReL U,
output neurons hyperbolic tangent or sigmoid function

2.3.2 Convolutional layers

Each convolutional layer is defined by a series of filters and operates by convolving
the input image with each filter. Then, a ReLLU activation function is applied on
each element of the features maps. The ReLU stands for rectifed linear unit and is
mathematically defined as f(z) = max (0,z). The mechanism of a 2D convolution
is described in Fig. 2.10. An element-wise product between the filter (K) and the
sub-part of the input image (red square) is computed. To browse the whole image,
the filter is shifted across the image.
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Figure 2.10: 2D convolutions [40]

Mathematically, the j** feature map is obtained by:
cin—1
out(Courj) = bias(Courj) + >, weight (cout;, k)* input(k) (2.4)
k=0

where x denotes the 2D cross-correlation. The convolutional layer is determined by
4 parameters:
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The depth: the depth represents the number of filters used in the convolu-
tional layer.

The stride: the stride tells by how much the kernel is shifted to compute
the convolution of the input image with the kernel. By default, the stride is
equal to 1.

The padding: to obtain an output image of the same size as the input
image, the input image can be zero-padded, which means that zeros are
added on the image edges.

The kernel size: the kernel size defines the size of the convolution kernels,
provided as a tuple (ko, k7). In the example of Fig. 2.10, the filters are of
size (3,3). Generally, kernels are square (k; = kq) because input images are
also square.

If an input image of depth c¢;,, is applied on a convolutional layer with c,,; filters of
size (ky,ks), the weights will be of size ¢;, X ¢our X k1 X ka. A bias term can also
be added which adds c,,; trainable parameters. The convolutional layers have a

much

reduced number of trainable parameters in comparison to the fully connected

layers but quite a lot of hyperparameters which have to be chosen before training:
the depth, the kernel size and the stride for each direction.

2.3.3 Maxpooling layers

Single depth slice The maxpooling layers perform a down-

«| [ 2 | 4 sampling operation enabling a reduction
i T max pool with 2x2 filters T

506 7 8 adstide? 6 8 of the number of parameters and reduc-
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ey ; into a set of non-overlapping rectangles

Figure 2.11: Maxpooling mechanism [41]:
the maximum value is output from each
sub-region

24

and outputs the maximum of each sub-
y region. Hence, it reduces the size of the
input images. In figure 2.11, a filter of
size 2x2 with a stride of 2 is used and
allows a reduction of the input image of
size 4x4 to 2x2.

Long Short-Term Memory

Unlike fully-connected neural networks or CNN, RNNs contain cyclic connections
and process the data sequentially making them suitable to model temporal data

15



and enable real-time computation. Activations from previous time steps are used
as inputs for the current time step. They are stored in the internal state of the
network and provide contextual information about the past events. RNNs have been
successfully used in many sequence modeling tasks, such as speech recognition [11],
language modeling [42,43] or translation [44,45]. When they are applied to long
sequences, the recurrent neural networks suffer from the same problem as the deep
neural networks. During the training, the error gradient is back-propagated through
time which cause the gradient to either vanish or explode [46]. In other words,
the information from previous time steps rapidly attenuates when it progresses
through time. This makes the RNN incapable to store contextual information for
a period longer than 5-10 time steps. [47]

Long-short term memory (LSTM) [48] and gated recurrent units (GRU) [45] are
two types of recurrent neural network architectures that have been designed to
address the vanishing gradient problem of conventional RNNs. Gating functions
are added to store information on the long-term. In LSTMs, the gating mechanism
controls the access to a memory cell and prevents the network from modifying
its content for multiple time steps. In this way, the information and the errors
propagate for a much longer time than in traditional RNNs.

In this section, we will also present variants of the standard LSTM model. Bidi-
rectional LSTM networks similar to bidirectional RNNs have been proposed for
phonetic labelling of acoustic frames on the TIMIT dataset [49]. They operate
on the input sequence in both directions to make a decision for the current in-
put. We will also briefly present the long short-term memory with a projection
layer (LSTMP) to reduce the complexity of the network while maintaining its
accuracy [11].

2.4.1 Architecture of recurrent neural networks

The RNNs operate sequentially on T time steps where for each time step, we have
a feature vector of size F. The RNNs process data as described in Fig. 2.12. The
first feature vector <> is fed into a neural network layer which outputs a first
activation. When processing the second feature vector 2<2>, the activation value
a<' from time step 1 is also passed on as input for time step 2. And it continues
like this until time step T where it takes as input 2<7> and the activation value
a~T~1> coming from time step T-1 and depending on all the preceding time steps.
The activation value is often initialised to 0: a<%> = 0. This activation value a<*>
is sometimes called hidden layer or state.

As can be seen in Fig. 2.12, in a RNN, weights are reused across all time steps.
That is why, in comparison to feedforward networks such FC or CNN, RNN models
tend to have fewer parameters.

16
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Figure 2.12: The feature vector x<'> of each time step is processed sequentially

with an activation value a<'~!> coming from the previous time step and giving
contextual information to compute the next activation.

The equation governing the RNN cell is simply:

a<" = tanh(W,, 2<% + Woe a="1 4+ b,) (2.5)

<t>

where <> is the input vector at time t and a~*> is the activation from time t to

t+1.
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2.4.2 Vanishing gradient problem

Basic RNNs suffer from the vanishing or exploding gradient problem and are
unable to capture long term dependencies. During the training, a cost function
J <% measures the performance of the network on a given task. The vanishing
gradient problem comes from the fact that the gradient of the cost function is
backpropagated through the neural network to update the weights of each layer,
including earlier layers as depicted in Fig. 2.14. However, in the case of a very
long sequence or deep network, it can be difficult for the output error to affect
earlier layers. Using the chain rule, we will write the gradients expression in order
to highlight the gradient exploding or vanishing problem. Consider the gradient of
the loss J<7> on step j with respect to the activation from a previous time step i:

dj<j> dj<j> da<t>

da<i> da<i> i da<t—1>

(2.6)

From 2.5, we can compute the partial derivatives, which can then be inserted into
2.6:

da<t>

e diag (tanh’ (VV,UC < W a~1> + ba>) Waa (2.7)
dT7<i>  J7<i>
e = S T ding (il (W™ & Wawa™ 2 402)) Waw 29

J<t<i
By computing the L2 norm:

<j> <j>
H dJ < H dJ

11 Hdiag (tanh’ (W(m < W a™ 4 ba>) H | Waall

<i> <j>
da da j<t<i

(2.9)
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By relying on singular values, we can say that ”diag(tanh'(m))H < 1. It was proven
in [47] that if the largest singular value of W,, is smaller than 1, the gradient
will shrink towards 0. If it is larger than 1, the gradient will explode. This small
development [51] explains why the output y<7> is mainly affected by local values
and is only hardly influenced by early inputs in the sequence.

Back-propagation « J<t=>
Forward pass

<1> <2> <3> <t>

d J<t> d a<?> d a<3> d a<t> d <>
d a<t> = d a<’> X d a<2> X d a<t-1> X d a<t>

Figure 2.14: By applying the chain rule, the gradient of the loss function can be
computed for each hidden layer. If the partial derivatives are small, the gradient
gets smaller and smaller when it back-propagates further in time.

2.4.3 Long Short-Term Memory cell

To overcome the problem of vanishing gradient and to learn problems with long
range temporal dependencies, LSTM cells contain memory cells (¢<*) with self-
connections storing and remembering the temporal state of the network. Special
multiplicative units called gates are also added to control the flow of information
in and out of the cell but also its influence on the activation. At every time steps,
the value in the memory cell is either

« updated : Update gate (I3,) decides whether a new value should enter the
cell

o forget : Forget gate (I'y) decides if the value should stay in the cell

« output: Output gate (I,) decides how the cell content impacts the output

value
The new value candidate for entering the memory cell (¢<*>) is computed from the
activation (a<*~1>) and input value (z<*>). The memory cell is updated using a
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combination of the old memory cell (¢<!~1>) state multiplied by the forget gate
and the update gate multiplying the new candidate. The equations governing the
value of the memory cell are given below as well as the structure of a typical LSTM
cell depicted in Fig. 2.15.

&> =tanh (W, 2= + U.a~"" + b,)
i<t> — O_(VI/Z l,<t> + Uz a<t—1> + bu)
< = o(Wy 252 + Uy a~=" + by)
o<t = (W, < + U, a<""'> + b,)
C<t> — Fu 6<t> + Ff C<t—1>

a~*> = I, tanh ¢~

where <> € RF, a="> € RP, ¢~ € RP and I'€ RP. W (€ R"*P) and U
(e RP*P) are the weights of the LSTM layer and b (€ RP) are the biases. D is
the size of the activation and F is the size of the input layer.

q<t> T
<t L ®— e Pp— I >
C'Ct)
< _
a<t—1> fet j<t> <> 1 >
<t>
_‘ Ifr_;l-gprg;n.el Iup(late ggtel [l:mhl qutpul gatel a
4 A [ &
I
x<t>

Figure 2.15: Structure of a LSTM cell [52]

The number of parameters in a LSTM layer can be computed as :

Size = Sizey + Sizew + Sizey, (2.10)
=4AxDxD4+4xDxF+2xD

LSTM models have already proved to be very powerful networks in many sequence
modeling tasks such as speech recognition [6,7,11,53] or translation [44].
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2.4.4 Improvements to LSTM networks
Bidirectionnal LSTM model

The basic idea of bidirectional recurrent neural nets (BRNNs) [54,55] is to present
each training sequence forwards and backwards using two separate recurrent net-
works. The output layer is influenced by both nets which means that for every point
in a given sequence, the BRNN has information about all points before but also,
after it. BRNNs have given improved results in sequence learning tasks, notably
protein structure prediction (PSP) [56,57] and speech processing [58]. Inspired by
BRNN, BLSTM were developed and used in keyword spotting tasks [49]. Figure
2.17 illustrates how the forward and reverse subnets combine to classify phonemes.
The bidirectional output combines the predictions of the forward and reverse
subnets. The global structure of the BLSTM network is presented in Fig. 2.16.
However, a problem with this kind of architecture is that the end of the recording
must known to start processing the signal preventing real-time computation.
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Figure 2.17: A bidirectional LSTM net
classifying the utterance "one oh five”.
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vations(or targets) of different output
nodes. [49]

Recently, combinations of deep, bidirectional LSTM (DBLSTM) are often pro-
posed [5,60]. Multiple LSTM layers are stacked on top of each other combining
the effectiveness of several levels of representation already largely used in deep
networks with the flexible use of long range context proper to RNNs.

Moreover, to obtain an end-to-end speech recognition, LSTM are nearly always
combined with Connectionist Temporal Classification (CTC) method for unseg-
mented sequence data. [5,11]

Long short-term memory with projection layer

Long Short-Term Memory Projection (LSTMP) is a variant of LSTM to further
optimize speed and performance of LSTM by adding a projection layer. Its central
idea is to project the hidden state to a lower-dimensional vector by applying a
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projection layer to address the computational complexity of learning LSTM. The
cell output units are connected to a recurrent projection layer which connects to the
cell input units and gates for recurrence. With the proposed LSTMP architecture,
the equations are:

memtlr\ blocks

Q IFF

| AD

0 e @ Mt

¢ = tanh (We, 20 + Wep 11 + be)
i =0Wipgxy + Wy rig + by)

| Ji=0Wspap + Wepreo1 + by)
(P! 0 = 0(Wop ¢ + Wor i1 + by)

o t—1
=1 G+ fresT

Figure 2.18: LSTMP based RNN archi- "% = ¢t tanhc

recurrent

!

i projm“l ion '

tecture with a recurrent projection layer re = Wim my
and an optional non recurrent-layer. A pr = Wym my
single memory block is shown for clar- g =W ri + W, p+ b
ity. [11] Y - !

In these formulas, r; denotes the projection layer and the other equations are
the same as for the LSTM. The activations which are denoted by m; are not
directly passed to the next time step. Instead, the gates (i, f; and o;) and the new
candidate ¢ are computed using the projection layer resulting from the matrix
multiplication of m; with the weight matrix W,,,. The proposed architecture
modifies the standard LSTM to make better use of the model parameters and
therefore, improves the computational efficiency, particularly for large networks.
Indeed, when the amount of input data is large and that we need to enlarge the
size of the memory cell, this can lead to high computational complexity. The
number of parameter in a LSTM cell grows in a square pattern with the size of
the memory cell. In a LSTMP, the size of the recurrent layer can be tuned to
lower this complexity. In [11], the networks were trained on a large vocabulary
speech recognition task. Globally, it has been shown that the proposed architecture
improves the performances of the LSTM networks significantly over classical LSTM
networks. For instance, an LSTMP network achieves a word error rate (WER) of
18% whereas a classical LSTM with approximately the same number of parameters,
acheives a WER of 21%.

Later, LSTMP was used in piano continuous note recognition [61] and for indonesian
speech recognition [62].
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2.5 Training

Once the architecture is established, we must train the network to optimize the
network parameters. To do so, we will use training samples for which the label is
known. A metric is also needed to estimate the similarity between the obtained
output value and the target and so, update the parameter value accordingly. This
metric is called the loss.

2.5.1 Loss function

The loss function is the function used to evaluate the output error. In a classification
problem, it is quite common to use the cross-entropy loss function. It is defined as:

M
L=- Z Yo,c 10gp07c (211)
c=1

where M is the number of classes, y, . is the true labeling for observation o (equal to
1 if observation of belongs to class ¢ and 0 otherwise) and p, . denotes the predicted
probability that observation o belongs to class c.

Let’s take an example. Suppose that we have 4 possible classes (*dog’, cat’,’snake’
and 'fish’), the input sample x is from class 'cat’ and the network predicts probabil-
ities for each output classes y=[0 0.7 0.2 0.1]. The loss value will be £ = —log0.7
The cross-entropy increases as the predicted probability diverges from the actual
label. That’s why, we try to minimize the cross-entropy loss. A max-pooling based
loss function for training KWS models with LSTM is also proposed in [9] and
achieves better accuracy performances than LSTMs trained with the cross-entropy
loss.

2.5.2 Parameters update

The explanation provided in the following section is inspired from [63]. During
training, we would like to update the weights in the network according to the
cross-entropy loss at the output of the network. To do so, a stochastic gradient
descent (SGD) algorithm is used. First, there is a forward pass through the network
obtaining the activation for each layer. Then, there is a backward pass where the
error gradients are back-propagated through the network. Once this is done, we
can update the weights (W) and biases (b) according to this gradient using a SGD:

L
Wi = -, (2.12)
dl
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where [, is the learning rate and 1 is the layer index.

The previous equations 2.12 and 2.13 refer to the stochastic gradient descent but,
what is the difference with a classical gradient descent? In a classical gradient
descent algorithm, the cost function is the sum of the cross-entropy loss on the
whole dataset whereas in a stochastic algorithm, the cost function is computed on a
single example. In a classical gradient descent algorithm, the weights are updated
following;:

Wi =wl AT where J = 1 zm:ﬁ» (2.14)
rawhl m 2" '
where m is the number of samples in the training set. The cost function J gives
more accurate gradients whereas £; is more noisy. The stochastic gradient descent
tries to approximate the classical gradient descent which has the disadvantage
to be computationally expensive. The activation has to be computed for the
whole dataset in a single forward and backward phase. However, the stochastic
gradient descent does not guarantee a good convergence. In practice, the mini-batch
gradient descent is a good compromise between the classical gradient descent and
the stochastic gradient descent. Batches are sets of samples taken randomly from
the training set. In this case, the cost function 7,,, is computed:

1 B
Tmv = 55 2 Li (2.15)
=0

where B is number of samples in a mini-batch.

The choice of the learning rate has also a large impact on the convergence of the
model. A too large learning rate can cause the model to fluctuate around the
minimum whereas a too small learning rate means a slow convergence. Another
challenge that has to be dealt with is the problem of local minima. We need
to avoid getting trapped in a local sub-optimal minimum. That is why gradient
descents with momentum have been developed to mitigate this problem even if
there is still no guarantee of convergence.

Stochastic gradient algorithm with momentum

The stochastic gradient descent with momentum [64] helps accelerate SGD in the
relevant direction and dampens oscillations as illustrated in Fig. 2.19.
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Figure 2.19: Illustration to understand the effect of the momentum and its hope to
reach global minima [65]

A velocity vector v, is defined to keep track of the past update. Now, the weight
update depends on the loss function and on the velocity with a proportion defined
by u, the momentum (generally, © = 0.9).

ac
VU = UUr—1 + m (216)
Wl =wl — 7., (2.17)

A better type of momentum is the Nesterov accelerated gradient [66] [67] improving
the rate of convergence of the model. The standard momentum method first
computes the gradient at the current location and then takes a big jump in the
direction of the updated accumulated gradient. On the other hand, the Nesterov
first makes a big jump in the direction of the previous accumulated gradient and
then, measures the gradient where it ends up and make a correction. The standard
momentum and the Nesterov mechanisms are illustrated in Fig. 2.20 and the
equations of the Nesterov accelerated gradient are detailed.

Wt =W = v, (2.18)
L

Vp = U1 + N 2.19

U awl 219

wil =wl —, (2.20)

where We[gt is the weights values resulting from the first big jump in the direction
of the previous accumulated gradient.
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brown vector = jump,  red vector = correction,  green vector = accumulated gradient

blue vectors = standard momentum

Figure 2.20: Nesterov mechanism [67]

2.5.3 Parameter initialization

As explained in the previous subsection, the learning process is iterative and so, the
initialisation is very important for the convergence of the network. The parameters
in a neural network are randomly initialised. The parameters cannot be initialised
to 0. Otherwise, the activation values in the neural network would all be set to
0 independently of the input values. The parameters cannot be initialised to the
same value, neither. In that case, the activation values for a given layer would be
equal for all the neurons inside that layer. It means that all neurons within a layer
would be updated by the same value.

In practice, the He initialisation [68] strategy is a good weight initialisation when
using ReLLU activation function:

1. Standard random uniform initialisation: W ~ 24(0, 1)
2. Multiply according to the number of incoming connections (n): W = %W“]

3. Biases set to 0: bl =0

Once the parameters have been initialised, we can begin the parameters training
using a gradient descent algorithm.
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Chapter 3

Keyword recognition system

This chapter is dedicated to the explanation of the specific keyword spotting system
implemented as part of this work. As illustrated in section 2.1, the system is
composed of a feature extractor and classifier implemented using neural networks.
Hence, this chapter will detail in its 3 top sections, the dataset, the feature processing
and the architecture of the neural networks. Then, the weighted cross-entropy loss
used for training will be explained. It is used to ensure a fair learning of each word
class. Finally, the metric for the evaluation of the performances will be presented
as well as the method estimating the number of operations required for each type
of layer.

3.1 Dataset

The Google speech command dataset is an audio dataset of spoken words designed
to help train and evaluate keyword spotting systems. The dataset is free and
can be uploaded from [12]. It contains a total of 65,000 utterances of 30 different
word classes giving around 2000 samples per classes. In other words, we get 2000
recordings of the same word but said by different people, from different countries
and with different noise levels. The sampling frequency used is 16000 Hz and each
sample is approximately one-second long. As part of this work, to link the word
duration with the window size, the distribution of the word duration for each class
is estimated using the technique detailed in Appendix A.
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Figure 3.1: Example of the utterance of the word ’down’: Words utterance starts
around 0.4s and ends around 0.8s.

For this work, only a small part of this dataset is actually used to train and
test the networks for complexity issues. The networks are trained to distinguish
between 5 classes: "up',"down","left","right" and "unknown". In other words, the
networks should classify the 4 words correctly and reject any other words in the
class "unknown". Each class is composed of approximately 2000 samples making a
total of 10000 samples. In the case of the "unknown" class, the 2000 samples come
equally from 7 different classes ("dog',"bed","house","three’,"eight","stop","one") to
make up a mix. In a real world application, a speech recognition system must
be able to deal with unknown words. These classes have been chosen randomly.
However, the 'unknown’ class contains only short words of 1 or 2 syllables similarly
to the 4 other classes.

Two thirds of the dataset is dedicated to training and the remaining third is used
for testing. The precise number of samples per classes is summarized in Table 3.1.

"up" 'left" ‘'right" "down' "unknown"
Training set [# of samples] | 1662 1642 1654 1644 1401 (200 from each subclass)
Test set [# of samples] 713 711 713 715 701 (100 from each subclass)

Table 3.1: Dataset composition

3.2 Features processing

First of all, each signal is either extended or cut to contain exactly 16000 samples.
These operations are done randomly. The elements are added or deleted partially
at the beginning and at the end of the signal in a random proportion.

In the example of figure 3.2, we can observe that signal was extended at the
beginning and at the end to last 1 second. Until 0.3s, the speaker remains silent and
between 0.3s and 0.9s, the word is said and the frequency content gets interesting.
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Spectrogram of * down '

Freqs in Hz

Figure 3.2: Example of a spectrogram where the signal has to be extended at
the extremities (blue bands). Word utterance started around 0.3 second. High
frequencies have been deleted from the spectrogram

The temporal signal is not fed directly into the neural network. Instead, to
extract the relevant information of the signal, it is transformed into the frequency-
domain. The spectrogram will be mainly used in this report but the mel-spectrogram
will also be shortly studied. The computation of these 2 speech features is described
in section 2.2. To compute the spectrogram, each window is made out of 400
samples (25ms) with 260 overlapping samples (15ms). A DFT size of 512 points is
used. For each window, we get 256 frequency bins representing frequencies ranging
from 0 to 8kHz because our sampling frequency is 16kHz. So, the spectrogram is
of size 98x257 (98 frames x 257 frequency bins each). To delete high frequency
noise, frequencies higher than 5.5 kHz are deleted from the spectrogram resulting
in a spectrogram of size 98x177 (98 time frames with 177 frequency bins). An
additional frequency wrapping according to the mel-scale is necessary to obtain
the mel-spectrogram.

3.3 Architecture of the neural networks

In this section, the architecture of the neural networks used in this work will be
presented: the convolutional neural network (CNN), the long short-term memory
(LSTM) and the Grid LSTM.

3.3.1 Convolutional neural network

The structure of the CNN was largely inspired from [10,69]. In [10], the CNN was
used to build an accurate, small-footprint, low-latency keyword recognition system
using the Speech Commands Dataset. It is composed of 2 convolutional layers

followed by 2 fully-connected layers ending with a softmax layer, as depicted in
Fig. 3.3.
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Figure 3.3: Structure of the CNN network: 2 convolutional layers for feature
extraction and 3 fully-connected layers for classification

o Convolutional layers: The first convolutional layer uses 64 kernels of
size 140x20 and a stride of (3,1) which allows the network to pass from
a spectrogram of size 177x98 to 64 channels of size 12x79. The second
convolutional layer is applied with a kernel of size 4x10 and a stride of
(1,1). The output dimension is 64x1x70. In the convolutional layers, a ReLLU
activation is used. The asymmetric shape of the filters and strides can be
justified by the fact that spectrogram dimensions represent different quantities:
the time for the x dimension and the frequencies for the y dimension.

« Max-pooling layer: The max function is applied on area of size 3 by 1
and with a corresponding stride (3,1). The size along the time dimension is
divided by 3 passing from 64 channels of size 12x79 to 64 images of size 4x79.

« Batch normalization [70]: It applies a standardization to each layer of the
input image which means subtracting the mean and dividing by the batch
variance.

r — Elx]
y= 21t (3.1)
Var|z]
where E[z]| denotes the mean and Var|z] represents the variance computed
over the mini-batches and per features maps. The batch normalization is a
technique to improve speed, performances and stability of artificial neural
networks.

o Linear low-rank [71]: Linear layers transform the output of the convolu-
tional layer into discrete nodes. The problem when a CNN layer is directly
connected to a large fully-connected layer is that the number of parameters
required can be very large, especially in comparison to the convolutional
layers. In this example, if the convolutional layer was directly connected to a
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fully-connected layer with 128 neurons, that would make 70x1x64x128= 573
440 parameters. Instead, this FC layer with a weight matrix A is decomposed
as a linear layer with weight matrix B and a FC layer with weight matrix C
such that A=B.C. In this example, the linear layer contains 32 output neurons.
The number of parameters is thus reduced to 32x70x1x64+128x32=147.456
parameters which means dividing the number of parameters by 4.

o Fully-connected layers: The network ends with 3 dense layers: a Linear
low-rank layer with 32 neurons to flatten the 2D images, a fully-connected
layer (ReLU activation function) with 128 units and finally, a softmax layer
with 5 output units.

o Softmax layer: The softmax function is applied to the 5 output classes
and re-scales them so that the elements lie in the range [0,1] and sum to 1.
It is computed for element x; as:

e’
Softmax(z;) = —s—— (3.2)
j=1¢"
e Dropout: The dropout is a technique to reduce over-fitting. It only keeps a
neuron active at random with a certain probability p or set it to 0 otherwise.
p is chosen equal to 0.5. The dropout is only active during training. The

dropout is applied on the first linear layer as depicted in Fig. 3.3

3.3.2 Long Short-Term Memory

Our input features are spectrograms and have, thus, a temporal dimension. That
is why, it could be interesting to exploit it by using a recurrent neural network and
more specifically a LSTM network. It is composed of one LSTM layer containing
300 units, followed by a softmax layer for classification. As a reminder, in a LSTM
network, each feature vector is processed sequentially along with an activation
value coming from preceding time steps.

32



5
Softmax |activation a<0>
—
Linear
—»
<0>

LSTM network

Spectrogram
(98x177)
il .

o[

Figure 3.4: LSTM
architecture

To improve the network performances, two LSTM layers can be stacked on top
of each other. They are superimposed so that the hidden states of the first layer
are passed as input to the second LSTM layer as represented in Fig. 3.6. Each
hidden state and memory cell contain 300 units. Both, the 1-layer and 2-layers
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Figure 3.5: 1-layer LSTM architecture

LSTM will be explored in this work.
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Figure 3.6: 2-layers stacked LSTM: the hidden states of the first layer is passed as

input to the second layer.
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3.3.3 Grid Long Short-Term Memory

The problem with the 2-layers Stacked LSTM is that the cell value is not passed
from one layer to the next layer as mapped in Figs. 3.7 and 3.6. Indeed, it is only
the hidden states which are passed as input to the next layer. This means that
the cell value cannot affect the output value unless it passes through the hidden
layer beforehand. To solve this problem, Grid LSTM [14] networks propagate the
memory cell value through the network depth as presented in Fig. 3.8. A 2D Grid
LSTM cell is using a LSTM cell to propagate through the time dimension (red
arrows) and another through the depth dimension (green arrows) as explained in
Fig. 3.9. Considering the two hidden vectors h; and hs coming respectively from
the previous layer and preceding time step as well as the corresponding memory
cells my and ms, the Grid LSTM block computes the output hidden states h), h)
and memory cells m/,m4 by:

( /1, m’l) = LSTM Cell(hl, hQ, ml) (33)
(hIQ, m'2) = LSTM Cell(hl, hg, mg)

The notations have been slightly modified in comparison to the previous sections
to follow the notation from the paper. The hidden states denoted by a<!> in the
previous sections are replaced by h and the memory cell denoted by ¢<*> in the
previous sections are represented by m. Each LSTM cell has distinct weight matrices
and applies the standard LSTM mechanism described in section 2.4.3 across the
respective dimension. However, sharing the weight matrices can be specified along
any dimension in a Grid LSTM. It induces invariance in the computation along
that dimension. When the weights are shared along all dimensions including the
depth, we call it a Tied Grid LSTM. It helps reducing the number of parameters
in the model. The whole network is described in [14] where the model was used for
algorithmic tasks such as 15-digit integer addition and sequence memorization on
the Wikipedia character prediction benchmark.
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Figure 3.8: Scheme of 2D Grid LSTM
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Figure 3.7: Scheme of a 2D Stacked
LSTM [14]: The cell value does not
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Figure 3.9: Grid LSTM cell contains 2 LSTM cells, one for each dimension:

the propagation through the depth dimension is represented in green and the
propagation through the time dimension is presented in red.
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3.4 Training and weighted cross-entropy loss

Concerning the training, we use the stochastic gradient descent (SGD) algorithm
with momentum. For the convolutional neural network, the Nesterov method is
used whereas the SGD with momentum is used for LSTM networks and the Grid
LSTM ones. For LSTM, the learning rate and the momentum are respectively
equal to 0.01 and 0.9 while for CNN, they are set to 0.001 and 0.9 respectively
. All the networks are trained on 360 epochs as it ensures their convergence and
mini-batches of 100 samples will be used.

The "unknown" label gathers signals from different subclasses which are extremely
different making the "unknown" class difficult to learn. Indeed, when we train a
network either CNN or LSTM, it does not learn to classify the class "unknown'".
For instance, the accuracy performance among the different classes can vary largely,
reaching 80% for the specific classes ("left","right","up" and "down") and 0% for
the unknown class. As explained previously, the large variety of signals labeled
under "unknown" makes it difficult to learn in comparison to the other classes. To
solve this problem, a weighted cross-entropy can be used. The cross-entropy loss
explained in section 2.5.1 is theoretically computed for an observation o coming
from class C using:

M

L(0,C) == Yoclogpoc (3.5)
c=1

= - logpo,C (36)

If the cross-entropy loss is weighted for each class, the formula becomes:
L(y, C) = —w[C] log poc (3.7)

This weight allows to adjust the importance of the different classes to make sure
each class is learned similarly. The weights are updated at each epoch according to
the accuracy performances for each class ¢ (acc|c]) following an exponential moving
average:

wi[c] = a (1 — acefe]) + (1 — ) wy_q][c] for ¢ € [1,5] (3.8)
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(a) No weighted cross-entropy: The class 'unknown’ is not learned until the 60"* epoch.
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(b) Weighted cross-entropy: The class 'unknown’ is learned from the start thanks the
weighted cross-entropy

Figure 3.10: Comparison of the performances for the class 'unknown’ and the 4
other classes when the weighted cross-entropy is used and not used on the 1-layer
LSTM network. In green, mean accuracy of the 4 classes ("up’, "left’, right’, ’"down’)
and in blue, accuracy of the class 'unknown’.

The results on the 1-layer LSTM obtained with the classical cross-entropy and
with the weighted cross-entropy loss are shown in Fig. B.2. We can see that until
the 60" epoch, the class 'unknown’ is not learned if the weighted cross-entropy
is not used. The final performance of the network is not impacted by the use of
the weighted cross-entropy. The weighted cross-entropy impacts mostly the first
epochs and ensures that the 'unknown’ class is learned right from the beginning. If
a 1-layer LSTM is trained on 50 epochs without the weighted cross-entropy, that
could lead to large class inequalities. The same comparison is done for the CNN
network and the conclusions are basically the same as for the LSTM. The results
are presented in Appendix B.

The importance of using a weighted cross-entropy is even more present when the
sizes of the classes are uneven. If the proportion of each class is different, the
system will only learn classes represented with more training samples. For instance,
the LSTM was trained using a dataset similar to the one presented in section
3.1. The only difference is that the "unknown" class was enlarged and contains
seven times more samples in comparison to the four other predefined words classes.
This means that the proportion between these classes and the "unknown" class is
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respectively 35% and 65%. In fact, this dataset composition is even more realistic
and close to real-life applications where most of the recordings will turn out to be
"unknown" words. On this kind of dataset, the weighted cross-entropy is crucial to
avoid classifying all the words as "unknown". The results are presented in Appendix
B.

The value of the o parameter is very important to avoid large instabilities during
the learning. When « is equal to 1, there is in fact no exponential moving average.
The weights (w|c]) are simply equal to 1-acc[c] which can make the system oscillate
as observed in Fig. 3.11a. In Fig. 3.11b and 3.11c, both networks converge with
a equal to 0.1 or 0.5 but the learning is much faster and smoother when using
a = 0.1. However, this faster convergence with o = 0.1 comes with the drawback
on weight initialisation. Indeed, as the weight update is reduced, more focus should
be put on the weights initialisation. If this not done, the learning could be slowed
down.

One final point concerns the learning rate. In our case, the learning rate is chosen
constant. Reducing the learning rate during training is quite popular in most
state-of-the-art articles using adaptive learning algorithms to improve the rate of
convergence [10]. However, as we are using a weighted cross-entropy linked to the
class accuracy, the effect on the learning algorithm is the same as a learning rate
decay. Indeed, the accuracy increases during the learning and therefore, the weights
w(c] decrease, reducing the learning step. Adagrad [72] and Adam [73] are also
very popular gradient descent algorithms which implement adaptive learning steps.

Accuracy [%]

Accuracy [%]
X,

(a) a=1: No convergence  (b) a =0.5: Large instabil-  (c¢) o = 0.1: Smooth learn-
of the network ities ing

Figure 3.11: Learning using different values for «

3.5 Performance computation

To measure the performances of a classifier, we need to find correct statistical
measures. We have decided to use the accuracy as metric for the analysis of our
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model. It is computed as :

Correctly classified examples

A = 3.9
cenracy Total number of examples (3.9)
For a per class accuracy:
Examples from that class correctly identified
Per class accuracy = xamp Y (3.10)

Number of examples in that class

This means that the total accuracy is not equal to the average of the 5 class
accuracies because the classes do not have exactly the same size. If we want a more
detailed analysis than just the mere proportion of correct classifications, we can
build the confusion matrix.

This kind of representation allows to vi-
sually understand the class errors made
by the classifier. One example is pre-
sented in Fig. 3.12 for a simple binary
Non-cat | 3 False Negatives | 3 True Negalives classifier ClaSijying ObjeCtS as cat or
as non-cat. Each row of the matrix
represents the instances in a predicted
class while each column represents the
instances in an actual class.

Actual class

Cat Non-cat

Cat 5 True Positives 2 False Positives

Predicted
class

Figure 3.12: Example of a confusion
matrix for a simple binary classifier

3.6 Estimation of the computational complexity
of the models

The purpose of my work is to study the performances of the LSTM and CNN
network in relation with their memory footprint and computational complexity.
The computational complexity of the networks will be expressed in floating point
operations (FLOP). The speed of a network is mainly determined by the number
of additions, subtractions, divisions and multiplications required. By estimating
the speed of a model with FLOP, we should be aware that we ignore the time
required for the data transfer and that all operations are assumed to have the
same computational complexity. In reality, the multiplications and the divisions
are computationally more expensive.

The operations in neural networks are mainly dot products, such as:

y = w|[0] * z[0] + w[1] * z[1] 4+ ... + w[n — 1] * z[n — 1] (3.11)

where w and x are vectors and y is a scalar number. In terms of floating point
operations, 2n-1 FLOPs are required as there are n-1 additions and n multiplications.

39



e Fully-connected layer: Considering n; input neurons connected to all n,
output neurons and based on the expression written in section 2.3.1, there
is 2 x n; x n, FLOPs. Indeed, a matrix product is simply a set of n, dot
products between the input vector X of size n; and one column of the weight
matrix W. The addition of the bias term adds n, operations to the (2n; —1)n,
operations of the matrix product.

o Convolutional layer: As described in section 2.3.2, we will consider a
convolutional layer with ¢, filters of size (ki,ks). The input and output
feature maps are respectively of size c¢;, X Hyy, X Wiy, and cour X Hour X Wos-
There will be 2 X ¢;, X k1 X ko X Cour X Hoyy X Wy FLOPs. As explained
in [74], for each pixel of the output feature map H,,; X Woy, a dot product is
computed between the filters (ki, k2) and the receptive field. This operation
is done for the ¢;, input channels and repeated for the c,,; filters. By using
H,,; and W,,; in this formula, the stride value is already taken into account.

« Max pooling layer: Suppose a filter area of size (ky, k2) with a stride (kq, ko)
over ¢;, feature maps of size (H;,, W;,), the maxpooling layer will require
approximately H;, x W, x ¢;, FLOPs.

o LSTM layer: Assuming that there are D units in the hidden layer and F
units in each input vector, there will be approximately 4 X 2 X (n; + n,) X n,
floating-point operations per LSTM cell, corresponding to 4 FC layers. To
get the number of operations in the whole layer, we should multiply by the
number of time steps.

When estimating the FLOP of each layer, we have neglected the activation function
which is generally negligible in comparison to the matrix multiplication. For
example in the fully-connected layer, there will be n, operations for the ReLLU
activation in comparison to the (2n; — 1) x n, operations for the matrix product.
For other activation functions such as the sigmoid or the hyperbolic tangent, the
function application is computationally more expensive but can be reduced by
using lookup tables.
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Chapter 4

Experimental results

In this chapter, the results obtained with the keyword spotting system described
in chapter 2 will be presented and compared in terms of performance, memory and
computational complexity. First, the architecture of the LSTM network will be
studied to establish if it is better to add an extra layer or to enlarge the hidden state
of a 1-layer LSTM. Then, the second section will present a comparison between
CNN, LSTM and Grid LSTM models. The effect of the input features will also be
investigated. The window size used for the spectrogram computation will be tuned
and we will try to use a mel-spectrogram as speech features.

Before going deeper into the results analysis, it seems interesting look at the raw
results obtained by simulating the models. As an example, the performances of the
1-layer LSTM model is represented in Fig. 4.1.

1 g et

90 1

up

80 +

left

70 4

60 1

Accuracy [%]
true label

right

50 o

40 4

down

30 4 —— Test accuracy
------ Training accuracy

T T T T T T T T
0 50 100 150 200 250 300 350
Epoch[\]

unknown

up left right down unkr{own
predicted label

Figure 4.1: Test (solid) and training
(dotted) accuracy for a 1-layer LSTM
model with 300 neurons in the hidden
layer.

Figure 4.2: The confusion matrix of the
1-layer LSTM network with 300 units
in the hidden state.
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The training and the test accuracy of a 1-layer LSTM with 300 neurons in
the hidden layer during the learning process are shown in Fig 4.1. The training
accuracy refers to the accuracy obtained on the training samples whereas the test
accuracy denotes the performances on the test samples, not used for learning and
never seen by the network. During each epoch, the network is first presented with
training examples and then, with the test and training examples, to assess its
performance. Obviously, the training accuracy is always larger than the test one.
In the following sections, the test accuracy will be used for the model comparison
to obtain results as in a real-life experience. Figure 4.2 represents its confusion
matrix. It enables to determine the most confusing classes. Globally, all classes are
well learned. The largest sources of error are words from the class "down" being
classified as "unknown"'. We can see that the class "unknown" is responsible for
most of the confusing errors. Indeed, words are wrongly labeled as "unknown'"
and words from the class "unknown" are also attributed to other classes. We can
conclude that the performance would be much better if only predefined word classes
are used.

4.1 Study of the LSTM architecture: size of the
hidden layer and depth of the network

To improve the LSTM network performances, we analyze if it is better to enlarge
the size of the activation and memory cell or to add an extra layer to the network.
The architecture of the 1-layer and 2-layers LSTM networks are described in section
3.3.2. Figure 4.3a shows that enlarging the hidden layer indeed increases the
network performances. However, the number of parameters and operations in a
LSTM network depends on the square of the size of the hidden layer as expressed
in Eq.2.11 and in section 3.5. Going from 300 neurons to 1000 neurons allows to
increase the accuracy performance of 2 % but at the cost of multiplying by 9 the
size and computational complexity of the model. That is why increasing the size
of the hidden layer is not efficient in terms of accuracy-memory-operations trade-off.

42



Accuracy [%]
@
o
)

4 ‘

300 neurons in the hidden layer
1000 neurons in the hidden layer
2000 neurons in the hidden layer
2-layers LSTM

0

(a) The number of parameters depends
on the square of hidden layer whereas the
number of parameters is more or less dou-

2500

5000

7500 10000 12500 15000 17500

Model size [thousands of parameters]

bled when adding an extra layer.

Accuracy [%]
©
©
IS

300 neurons in the hidden layer
1000 neurons in the hidden layer
2000 neurons in the hidden layer
2-layers LSTM

1000

1500 2000 2500 3000 3500

Number of operations [MFLOP]

(b) The number of operations depends on
the square of hidden layer whereas the
number of operations is approximately

doubled when adding an extra layer.

Figure 4.3: Impact of the size of the hidden layer on the accuracy performance, on
the number of operations and parameters

Test accuracy [%]

1-layer LSTM with 1000 units
—— 2-layers Stacked LSTM
—— 1-layer LSTM with 300 units

T
0 50 100

150 200 250 300
Epochl\]

Figure 4.4: The 2-layers network presents large instabilities during the training

Another way to improve the performances of the network could be to stack
two LSTM layers one on top of the other. The scheme of the 2-layer LSTM is
represented in Fig. 3.6. In comparison to the larger 1-layer LSTM, we can observe
in Figs. 4.3a and 4.3b that the 2-layers LSTM network reaches better performances
with a much reduced number of parameters and operations. For that reason, it
seems better to add an extra layer than to enlarge the hidden layer of the 1-layer
LSTM. One drawback of the 2-layers LSTM is the learning instabilities shown in
Fig. 4.4. We can see that the network experiences more instabilities and that we
have to wait approximately 120 epochs before the network starts learning efficiently.
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These learning problems can be due to the vanishing gradient problem along the
depth dimension as explained in section 2.4.2. The error gradient tends to vanish
when back-propagating through the network depth.

However, these learning difficulties can also be due to non-optimal learning param-
eters. Indeed, the training process depends on many parameters: the learning rate,
the momentum, the learning algorithm,... In this thesis, the learning parameters
are chosen to find a convergent network but not optimized. Adding a layer seems
to change the behavior of the network during training contrary to enlarging the
hidden state of the network. This observation can be used to train larger LSTM
network. Indeed, the learning parameters could be optimized on a LSTM network
with small hidden layers and once the optimal learning parameters are found, they
could be used to train a LSTM network with larger hidden layers.

4.2 Comparison between Basic LSTM, Grid LSTM
and CNN

In this section, the different models described in section 3.3 will be compared in
terms of accuracy performances, number of parameters and number of operations.
Thereafter, this comparison will be put in parallel with the results provided in [6].
The models studied are:

o CNN composed of 2 convolutional layers and 3 dense layers as described in
section 3.3.1

o 1-layer LSTM

o Stacked 2-layers LSTM

o Tied 2-layers Grid LSTM

o Tied 4-layers Grid LSTM

o Untied 2-layers Grid LSTM

The ReLU non-linear function is used for the six networks and the activations of
all the LSTM models contains 300 units.

44



©
w
[ ]
©
w
[ ]

w0 © ©
8 = 5]
[ ]
© ©
= ]
L]

©
S

Accuracy [%)]
@
3
.

Accuracy [%]

Stacked 2-layers LSTM

@
©
L ]

Stacked 2-layers LSTM

e Untied 2-layers Grid LSTM e Untied 2-layers Grid LSTM
884 e Tied 2-layers Grid LSTM 88 e Tied 2-layers Grid LSTM
Tied 4-layers Grid LSTM Tied 4-layers Grid LSTM
a7 * ONN a7 ® CNN
° e l-layer LSTM ° e 1l-layer LSTM
108 10° 6x10° 108
Operations [FLOP] Model size [# of parameters]
Figure 4.5: Accuracy vs. Computa- Figure 4.6: Accuracy vs. Memory foot-
tional complexity print
90
10°
80
70 4
L] L]

°
Accuracy [%]

e Stacked 2-layers LSTM
e Untied 2-layers Grid LSTM  ®
e Tied 2-layers Grid LSTM
Tied 4-layers Grid LSTM
e CNN
L4 e 1l-layer LSTM

Operations [FLOP]

—— Untied 2-layers GridLSTM
—— Stacked 2-layers LSTM
—— Tied 2-layers GridLSTM

Tied 4-layers GridLSTM
—— CNN

0 50 100 150 200 250 300 350
T
6% 10° 106 Epoch\]

Model size [# of parameters]

Figure 4.8: Test accuracy for the 5 mod-
els implemented: CNN converges much
more rapidly

Using Figs. 4.5, 4.6 and 4.7, we will be able to compare the 6 models previously
described. The main conclusions from these graphs are explained below:

Figure 4.7: Computational complexity
vs. Memory footprint

o The CNN and the Untied 2-layers Grid LSTM reach the best performance
with nearly 93% of accuracy . However, the Untied Grid LSTM requires a
much larger number of parameters, nearly multiplied by 3 in comparison to
the CNN. Therefore, the CNN gives the best accuracy with a small number
of parameters and a limited number of operations.

o The Tied Grid LSTM can be an alternative to the Untied version to reduce the
number of parameters. However, to reach the same accuracy, the number of
layers should be increased and so, the number of operations is also larger. For
example, the Tied 4-layers Grid LSTM achieves 91.6% of accuracy with 777
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000 parameters and 1.14 GFLOPs, which is 3 times the number of operations
required by CNN and there is a factor 2 in comparison to the Untied Grid

LSTM.

o The 1-layer LSTM reaches 86.6% of accuracy with the smallest number
of operations and parameters, which could be useful for hard-constrained
problem regarding the memory and operations.

e The Grid LSTM improve the network performance in comparison to basic
LSTM models but at the cost of a higher number of operations.

The evolution of the test accuracy during the learning is shown in Fig.4.8 to
compare the rate of convergence. As already mentioned, the information should
be taken with care because the training parameters are not optimized. It seems
that the CNN converges much more rapidly compared to LSTM and Grid LSTM

networks.

As announced in the introduction, a comparison between state-of-the-art models
for KWS applications was already proposed in [6] and contrasting those models
with the results from this work seems interesting. Table 4.1 compares the different
features from both works and it clearly comes out that this master thesis does not
achieve state-of-the-art results.

"Hello Edge: KWS on microcontroller" This work
by Zhang Y., el. 2018 [6]
Dataset 10 classes ("Yes","No", "Left", "Go" 5 classes ("Left","Up",
"Right","Down", "Up", "On", "Off", 'Right","Down" and "unknown") from
"Stop" + "silence" ) from Google Google Speech
Speech Command dataset Command dataset
Training Adam for 20K iterations SGD with momentum or
Nesterov for 10K iterations
Features Data augmentation with Spectrogram computation
Processing noise and random time shift Deletion of high frequency
MFCC computation noise above 5.5 kHz
Input features 40 MFCC x 49 time steps 177 freq. bins x 98 time steps
Size
Best 497800 parameters 496256 parameters
CNN model 25.3 MFLOP 372.8 MFLOP
92.7 % 93.2 %
Best basic 497 800 parameters 576 305 parameters
LSTM model 47.9 MFLOP 112.2 MFLOP
93.4 % 86.6 %

Table 4.1: Comparison of the results with [6]

As a matter of fact, [6] proposed a CNN reaching 93.4 % of accuracy and with
25.3 MFLOPs whereas, in this work, the CNN model achieves 93.5% of accuracy
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with more than 10 times more operations. Regarding the basic LSTM model, this
work suggests a LSTM model reaching only 86.6 % with 2 times more operations
and a bit more parameters in comparison to [6].

We will known try to spot the differences between the two works responsible of the
performance difference. There are many differences between these 2 works such
as the training algorithms or the number of classes but to me, the performance
gap may come from the training iterations and more importantly, the features
processing and the "unknown" word class.

The models are trained for 10K iterations while in [6], they were trained 2 times
longer. However, even if any small performance improvements are welcome, it
seems from Fig.4.8 that models have converged and that the accuracy has stopped
improving.

Secondly, the input features are extremely different. Zhang and el. used the
MFCC whereas the simple spectrogram is used as part of this work. Using the
MFCC has 2 kinds of advantages in comparison to the simple spectrogram: it is a
more complex feature extraction which is supposed to lead to better performance,
and a more efficient features compaction reducing the number of parameters and
operations in the neural networks classifying those features. However, the MFCC
are computationally more expensive than the spectrogram. In section 4.4, the
CNN is trained with the mel-spectrogram which is the first step in the MFCC
computation, but there is no performance enhancement observed and the learning
process is much more unstable as observed in Fig. 4.14.

A final important difference that might be responsible of the accuracy difference
observed, is the kind of word classes. As already explained in section 3.4 and the
introduction of this chapter, the class "unknown" is much more difficult to learn
and thus, can also be responsible for a part of the accuracy drop in comparison
with [6]. They uses 10 classes with noise addition whereas we only uses 5 classes
but, including the more complex "unknown" class.

To conclude the comparison with this article, we could say that the "unknown" class
might be responsible of the accuracy drop. However, it is still interesting to keep
improving the input features to reduce memory and computational requirements,
which may, at the same time, lead to an accuracy enhancement.

4.3 Study of the spectrogram shape

The impact of the window size on the accuracy performances is studied in this
section. By default, a window size of 400 samples corresponding to 25ms is generally
recommended as explained in section 4.3. However, we could wonder if this value
is suitable for all speech datasets and for all types of networks.
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Window size [ms] 12.5 25 50 5 100 125

Spectrogram shape 198x89 98x177 48x353 31xH29 23x705 18x881
[time steps x input size]

Table 4.2: Shape of the spectrogram for different window size: when the window
size is increased, the number of time steps decreases while the input size increases.

To answer this question, window sizes between 12.5ms and 125ms are tested,
while keeping the overlapping proportion constant, to find an optimal value and
to compare it between the CNN and LSTM networks. The CNN is described in
section 2.7 and we will compare it with a 1-layer LSTM network with 300 units in
the hidden state. From Fig. 4.11, it seems that there is indeed an optimal value
for the CNN network matching the one for the LSTM network. A 25ms-window
gives the best performances for both networks, improving the accuracy as much as
3% in comparison to other window sizes. These results may indicate that there is
a link between the word duration and the optimal window size. For that purpose,
the distribution of the word duration of each class is represented in Fig. 4.10.
The technique used for the computation the histogram is explained in Appendix
4.10 and was applied to the whole dataset, training and test set. The mean and
standard deviation for each word class are detailed in Table 4.3. As expected,
the word duration for the class "up' is in average much smaller than for the class
"down". The standard deviations are quite large in comparison to the mean values
meaning that the word duration varies widely within a class. From this histogram,
we can conclude that the duration of a word is uncertain and varies between and
within a class. Comparing the histogram values with the window size, it seems
that the window size must be much smaller than any words from the dataset.

‘ " Up n n Left " n Right n n DOWn n
Mean (p) [ms] 231 333 363 465
Standard deviation (o) [ms] | 187 188 189 182

Table 4.3: Mean and standard deviation of the word duration for each class
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Figure 4.11: Comparison of the CNN
and LSTM networks when modifying
the window size: the optimal window
has the same size for both networks.

Figure 4.10: Histogram of the word
duration for each class. High variance
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Furthermore, modifying the window size also changes the shape of the spectro-
gram. Therefore, the architectures of the neural networks must also be adapted
accordingly and it can affect the network performances. The shapes of the spec-
trogram for each window size are gathered in Table 4.2. Narrowing the window
reduces the input size but increases the number of time steps.

Regarding the 1-layer LSTM model, the number of parameters increases linearly
with the input size and does not depend on the number of time steps because the
weights are reused across the time steps. The number of parameters is expressed
in Eq. 2.11. On the contrary, the number of operations decreases non-linearly with
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the window size. The number of operations simultaneously depends on the number
of time steps and on the input size as expressed in section 3.5. To compute the
model size and the number of operations, the hidden size is fixed to 300 neurons
and the input size along with the number of time steps change with the shape of
the spectrogram as described in table 4.2. In Figs. 4.12a and 4.12b, a 25ms-window
reaches the best performance with a reduced number of parameters but a higher
number of operations. From Fig. 4.9a, it seems that changing the window size and
therefore, the input size and number of time steps, impacts the rate of convergence
of the LSTM network. Using a larger window corresponding to a larger input size
with fewer time steps helps accelerating the model convergence. In fact, for the
LSTM network, the accuracy drop is mainly due to this difference in the rate of
convergence which is not case for the CNN network.

e window size = 12.5 ms
86.5 86.5 window size = 25 ms
® window size = 50 ms
e window size = 75 ms
86.0 ° 86.0 - ® window size = 100 ms
e window size = 125 ms
—_ (] _ L]
® B
- 85.57 - 85.5
9 ; 9
e : e
- -
S . S ..
< 85.0 < 85.0
* e window size = 12.5 ms e,
window size = 25 ms A
845 : ® window size = 50 ms 845
H ® window size =75 ms
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Figure 4.12: Impact of the window size on the accuracy, number of operations and
parameters for the 1-layer LSTM network

Concerning the CNN model, the shape of the filters of the convolutional layers
are adapted manually so that the different spectrograms fit in the network as
detailed in Table 4.4.
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window size Filter size for Convl Filter size for Conv2

[ms] [nfilters X kl X kQ] [nfilters X kl X kQ]
12.5 64 x 56 x 120 64 x4 x 10
25 64 x 144 x 20 64 x4 x 10
50 64 x 320 x 10 64x4x5
75 64 x 496 x 10 64 x 4 x5
100 64 x 672 x 10 64x4x5

Table 4.4: Hyper-parameters for the convolutional layers for each window size:
number of filters, shape of the filters (height and width)

The number of operations in the CNN model decreases with the window size
as represented in Fig. 4.13b. In contrast, the relation between the window size
and the number of parameters is not straightforward as represented in Fig. 4.13a.
From Fig 4.9b, we can see that the rate of convergence of the CNN model is not
influenced by the window size unlike the LSTM network. Putting all together, it
seems interesting to choose a window size of 50 ms with its corresponding archi-
tecture to achieve the best performance, complexity and memory trade-off. In [3],
the window size is also tuned with a CNN network and with the same dataset.
However, the overlapping part is not adapted according to the window size as we
did here. This means that the overlapping part contains a fixed number of samples
irrespective of the window size. With a small window size, the windows will overlap
significantly creating a large amount of redundant data and with large windows,
the overlapping proportion will be small resulting in missing out important data.
Under these conditions, Gouda and el. found an optimal window size of 40ms. This
explanation relating the optimum window size with the overlapping proportion is
not really applicable to this work because it is kept constant in our work and still,
performance variations are observed.
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Figure 4.13: Impact of the window size on the accuracy, number of operations and
parameters for the CNN network

4.4 Mel-spectrogram feature

The purpose of this section is to explore the potential benefit of using the mel-
spectrogram instead of the spectrogram as input feature. As explained in section
2.2.2, the mel-spectrogram is supposed to perform better because it better mimics
the human hearing system. The size of the mel-spectrogram obtained is 120x101
and in the CNN, the convolutional layers have been adapted accordingly. The
first layer contains 64 filters of size 95x20 and the second one contains 64 filters
of size 4x10. The number of operations required for the mel-spectrogram and for
the spectrogram model are respectively of 263.6 MFLOPs and 372.8 MFLOPs.
The model with the spectrogram is made out of 496 256 parameters and the
mel-spectrogram network uses 439 680 parameters. The mel-spectrogram has also
been used with the 1-layer LSTM network but the model never converges. When
using the spectrogram, the LSTM network already suffers from larger instabilities
in comparison to the CNN as seen in Figs. 4.9. This can explain why using the
mel-spectrogram, which induces instabilities, combined with the 1-layer LSTM can
lead to a network divergence.
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Figure 4.14 compares the test accuracy
during the learning when using the mel-
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obtained accuracies are similar. The
maximum accuracy obtained with the
b speciogran spectrogram is 93.6 % and with the
s st mel-spectrogram, the networks reaches
Epochly 93.9% of accuracy but with a larger vari-

ance. Therefore, it does not seem inter-
esting to process the mel-spectrogram
as it does not improve the performance.
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Figure 4.14: The instabilities are much
larger during the learning when using
the mel-spectrogram.

The origin of the learning instabilities of the CNN and divergence of the 1-layer
LSTM network are not clear. To determine if the presence of the class "unknown"
can be responsible of the instabilities, the performance for each word class has be
studied but not real inequalities have been observed. Besides, we try to obtain a
convergent 1-layer LSTM by decreasing the learning rate to 0.005 and 0.001, which
was by default set to 0.01 for LSTM networks. The Nesterov training algorithm was
also replaced by the Adam or the classical momentum technique. Unfortunately, it
was not successful.

4.5 Quantization of a LSTM network

The network quantization is a necessary step to reduce the size of the model and the
number of operations to fit in a small microcontroller. In the previous sections, the
models are implemented using a floating-point representation. When the weights
are stored in a 32-bits floating-point format, it requires an amount of memory 2
times larger in comparison to fixed 16-bits implementation.

As part of this work, a fixed point analysis is proposed for the 1-layer LSTM
network with the objective of finding the miminum bitwidth without accuracy loss
compared to the floating-point implementation. More precisely, the weights and
biases of the networks are quantized in the forward pass but their full resolution
values are stored for the backward pass. The quantization is performed by first,
bringing down the weights between -1 an 1 and then, quantizing the weights in
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this range using;:

m =21 (4.1)

w, =round(clamp_,, ., ;(w x m))/Q (4.2

where n;, is the number of bits, w and w, are respectively the full resolution value
and quantized value of the weights. The clamp function brings back the value in
the range [-m,m-1]. The relation between the continuous and quantized values are
presented in Fig. 4.15.
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Continuous values

Figure 4.15: Relation between the quantized and continuous values

Concerning the hidden states and memory cells, they are reduced to 16-bits
fixed point numbers. The performances for different bitwidths are presented in
Figs.4.16a and 4.16b. From these graphs, we can conclude that the minimum
bitwidth is equal to 6. In [13], an LSTM network is quantified using a post-training
quantification, similar to ours and the minimum bitwidth is found equal to 8. This
value is reduced to 4 bits using non-linear quantification. The weights distributions
for a 4-bits, 8-bits and in the floating-point representation are shown in Fig. 4.17.
We can see that the values of the weights are very small and centered around 0. To
make better use of the bits values, we should define the range for the weights value
between the weights maximum and minimum values, rather than between -1 and 1.
As Figure 4.16b indicates, the rate of convergence is also impacted by the bitwidth.
Reducing the number resolution slows down the learning process. The 4-bit
quantization shows a slowed down start but after 150 epochs, it catches up the
performance of larger bitwidth model. We can thus postulate that the accuracy
drop due to the quantization can be compensated by a longer training process.
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Chapter 5

Conclusion

The main objective of this master thesis was to implement several types of KWS
systems in order to find the best memory, accuracy and computational complexity
trade-off. In particular, our KWS systems are trained to classified word utterances
in one of the four predefined word classes or in the unknown word class. With the
development of Internet of Things modules, implementing neural networks which
have a low latency and a small memory footprint is getting essential. Therefore, we
focus our interest on maximizing the accuracy while minimizing the memory space
and computational complexity of the keyword spotting systems. Three different
ways have been explored to either reduce the memory and compute requirements
or to improve the performance.

First, different models including the LSTM, CNN and Grid LSTM are compared to
spot the best model in terms of memory, accuracy and computational complexity.
Globally, it comes out from this analysis that the CNN achieves the best accu-
racy with a reduced memory space and a limited number of operations while the
1-LSTM requires the smallest number of operations and parameters but with only
86.6% of accuracy. Concerning the Grid LSTM model, it reaches accuracy perfor-
mances as good as the CNN but with a larger number of parameters and operations.

Secondly, the window size for the spectrogram computation is optimized in section
4.3 and it appears that a window size of 25ms is optimal for both the CNN and the
1-layer LSTM network using the Speech Command dataset from Google. As the
optimal window matches between both networks, we try to link the window size
with the word duration but no evident relation comes out. As expected, enlarging
the window decreases the number of time steps and increases the input size, which
also impacts the architecture of the neural networks. For that reason, we could
prefer a window size of 50ms for the CNN | dividing by 2 the number of operations
and parameters and only reducing by 0.5% the accuracy.
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Finally, the weights and biases of the 1-layer LSTM are quantified and the activation
reduced to 16-bits fixed point numbers. We found a minimum bitwidth for the
weights and biases equal to 4, dividing by 8 the memory footprint in comparison to
a 32-bits floating point implementation. Of course, the computational complexity
is also reduced

Comparing the performances with [6] reveals that several aspects still need to
be studied to reach state-of-the-art results. More complex features such as the
MFCC should be considered to improve the accuracy on one hand, and reduce
the number of operations and number of parameters, on the other hand. The
quantification technique could be improved by defining a tighter range for the
weights values or even better, by using a non-linear quantification given the normal
distribution of the weights. On wider scale, the study of the speech features is very
interesting and if a relation with some task characteristics is found, it could be very
powerful and adaptable to any sound applications such as bird songs monitoring or
sound monitoring for medical devices.
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Appendix A

Histogram of the word duration

To compute the distribution of the word duration, it was automatically estimated
using the following technique:

1. Computation of the signal envelope: The analytic signal of the signal
x(t) is obtained using x,(t) = x(t)+jxp(t) where z,(t) is the Hilbert transform
of z(t). The amplitude envelope is the norm of z,(t).

2. Low-pass filtering: The signal is then, low-pass filtered using a 1-order
Butterworth low-pass filter with a cut-off frequency of 100Hz.

3. Thresholding: The portion of the signal is denoted as active when the
amplitude is larger than 5% of the maximum value of the signal. This
threshold value is chosen so that the sensitivity of the word duration with
respect to the threshold value is small.

The different steps are presented in Fig.A.1. Finally, to get the word duration, the
sum of the thresholded signal is divided by the sampling frequency which is equal
to 16kHz. As additional information, the mean and variance of the word duration
is computed for each word class.
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Figure A.1: Steps for the estimation of the word duration with a signal from the class
'down’. (1)Raw signal (2)Amplitude envelope (3)Filtered envelope (4)Thresholded
signal(1 when the signal is active and 0 otherwise)
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Appendix B

Impact of the weighted
Cross-entropy

00 200 40.0 60.0 80.0 100.0 120.0 140.0 160.0 180.0 200.0 220.0 240.0 260.0 280.0 300.0 320.0 340.0
Epoch[\]

(a) No weighted cross-entropy

00 200 400 60.0 80.0 100.0 120.0 140.0 160.0 180.0 200.0 220.0 240.0 260.0 280.0 300.0 320.0 340.0
Epoch[\]

(b) Weighted cross-entropy

Figure B.1: Comparison of the performances for the class 'unknown’ and the 4
other classes when the weighted cross-entropy is used and not used on the CNN
network. In green, mean accuracy of the 4 classes ("up’, ’left’, right’, ’"down’) and
in blue, accuracy of the class 'unknown’.
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Figure B.2: Comparison of the performances for the class 'unknown’ and the 4
other classes when the weighted cross-entropy is used and not used on the 1-layer
LSTM network with an unbalanced dataset (35% of predefined words and 65% of
"unknown" words). In green, mean accuracy of the 4 classes ("up’, ’left’; 'right’,
'"down’) and in blue, accuracy of the class 'unknown’.
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