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The objective of this thesis is to investigate how a deep learning model called re-
current neural network (RNN) performs in the task of detecting overlapping sound
events in real life environments. Examples of such sound events include dog barking,
footsteps, and crowd applauding. When several sound sources are active simulta-
neously, as it is often the case in everyday contexts, identifying individual sound
events from their polyphonic mixture is a challenging task. Other factors such as
noise and distortions contribute to making even more ticult to explicitly imple-
ment a computer program to solve the detection task.

We present an approach to polyphonic sound event detection in real life recordings
based on a RNN architecture called bidirectional long short term memory (BLSTM).

A multilabel BLSTM RNN is trained to map the time-frequency representation

of a mixture signal consisting of sounds from multiple sources, to binary activity
indicators of each event class. Our method is tested on two large databases of
recordings, both containing sound events from more than 60"drent classes, and

in one case from 10 dierent everyday contexts. Furthermore, in order to reduce
overbtting we propose to use several data augmentation techniques: time stretching,
sub-frame time shifting, and block mixing.

The proposed approach outperforms the previous state-of-the-art method, despite
using half of the parameters, and the results are further largely improved using
the block mixing data augmentation technique. Overall, for the brst dataset our
approach reports an averagé& 1-score of 65.5% on 1 second blocks and 64.7% on
single frames, a relative improvement over previous state-of-the-art approach of 6.8%
and 15.1% respectively. For the second dataset our system reports an avergde
score of 84.4% on 1 second blocks and 85.1% on single frames, a relative improvement
over the baseline approach of 38.4% and 35.9% respectively.
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TERMS AND DEFINITIONS

ANN Artibcial neural network

AMD Artibcial mixtures dataset
ASR Automatic speech recognition
BLSTM Bidirectional long short-term memory
BP Backpropagation

BPTT Backpropagation through time
CE Cross entropy

DNN Deep neural network

FFT Fast Fourier transform

FNN Feedforward neural network
GMM Gaussian mixture model

HF Hessian free

HMM Hidden Markov model

LSTM Long short-term memory

ML Machine learning

NMF Non-negative matrix factorization
NN Neural network

ReLU Rectibed linear unit

RLRD Real life recordings dataset
RMSE Root mean squared error
RNN Recurrent neural network
SED Sound event detection

SGD Stochastic gradient descent
STFT Short time Fourier transform

SVM Support vector machine



1. INTRODUCTION

Sensors allow computers to perceive the world as we do, but not to understand it:
with cameras they record images and video, but they do not see; with microphones
they record sounds, but they do not hear. One of the goals of artibcial intelligence
is to make computers able to recognize the content of what they receive as input.

Many complex tasks such as recognizing objects or faces in a picture, words in a
speech, or sound events in an environment, come naturally to human beings. Our
probciency is to be attributed to our brain, a powerful machine that has adapted to
live in our world through millions of years of evolution, and that further modibes
itself by learning from experience. Despite our mastery, it is dicult to formally
describe these problems, and, as consequence, it is hard to explicitly implement a
solution in a computer program. {]

The development of a beld calledeep learnindNwhich draws inspiration from
the way our brain worksNhas radically changed the way many of these complex
problems are approached. Using artibcial neural networks with multiple layers of
computation and a large amount of data, a system can be trainedNoften end-to-
endNto discover increasingly more complex features from the raw data, and to
classify new unseen observations.

Concerning the task ofmachine hearing[Z], automatic speech recognition (ASR)
has been a very active area of research which has received considerable attention
[3] and where artibcial neural networks have substantially advanced the state-of-
the-art in the recent years {; 5]. On the contrary, the detection of more general
sound events from real life environmentsNsuch as a dog barking, footsteps, crowd

H ) \
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Figure 1.1: An example of polyphonic sound event detection. The systems receives as
input an audio recording from a real life environments and outputs, in every short time
frame, a label corresponding to each individual source recognized.




1. Introduction 2

applaudingNis still a rather new and open research topic], known as sound event
detection (SED), or acoustic event detection (AED).

A typical real environment is rich in simultaneously active sound events from
di" erent sources. Compared to the more simple task of monophonic SEDNwhere
only one sound source at the time is activeNone of the main challenges for poly-
phonic SED is to detect the individual sound sources from their mixture. Figuré.1
illustrates the task of polyphonic SED, which will be the core topic investigated in
this thesis.

A robust system for SED in real life recordings would have several applications,
including automatic audio indexing /; 8], which would allow to Pnd where a certain
event appears in a large database of recordings or videos; environmental context
detection [0], allowing a mobile device to trigger context specibc actions; acoustic
surveillance 0], such as security and safety applications.

In SED in real life recordings, deep neural networks have recently advanced by a
large margin the state-of-the-art [ 1], improving the results over previous approaches
such as Gaussian mixture models with hidden Markov modelsZ 13 and non-
negative matrix factorization [L4; 15. However, only a certain artibcial neural
network architecture called feedforward neural network(FNN) has been used to
approach sound event detection in real life environments. This architecture is not
inherently well suited to represent sequential inputs such as audio, video or text,
due to the short or null context information available.

A more powerful neural network architecture, calledecurrent neural network
(RNN), has recursive connections that allow information from the past observations
to remain inside the network and inBuence its predictions, making it more adapt
to process sequences. Therefore RNNs, contrarily to FNNs, can directly model the
sequential information that is naturally present in audio. Their ability to remember
past states can avoid the need for tailored postprocessing or smoothing steps that
were required in previous worksl[l]. Moreover, RNNs have already obtained excel-
lent results on complex audio detection tasks, such as ASH,[onset detection 6]
and polyphonic piano note transcription L.7].

Motivated by these premises, in this work we investigate the use of recurrent
neural networks for polyphonic SED. Moreover, since a large dataset is a key re-
quirement to €' ectively train deep neural networks, we also examine thé ects of
di" erent data augmentationtechniques on the performances, where by data aug-
mentation we refer to methods used to create new instances by manipulating the
available data. In order to evaluate our proposed approach, we test it on two large
databases of sound events.

This thesis is organized as follows. Chapter 2 and 3 present the theoretical back-
ground necessary for the reader to understand the research problems described later
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on in the thesis: Chapter 2 focuses on sound event detection and provides a detailed
literature review on previous works conducted in this area; Chapter 3 presents artip-
cial neural networks, focusing on recurrent neural networks and the long short-term
memory architecture. Chapter 4 describes the process and methodology of our
proposed approach to polyphonic sound event detection using multilabel recurrent
neural networks. In Chapter 5 we present the experimental set-up and results of our
approach tested on two databases of audio recordings. Finally, concluding remarks
and propositions for future research are given in Chapter 6.
A large part of the results presented in this thesis have been submitted ihd].



2. SOUND EVENT DETECTION

This chapter introduces the concept of sound event detection and its theoretical
background, reviewing previous work done in the beld.

2.1 Supervised learning

We often want to make computers able to solve problems whose solutions are clilt
to explicitly implement, such as recognizing handwritten digits, transcribing spoken
words in a speech, distinguishing the objects in a picture, or predicting if in patient
a certain disease will relapse. In all the cases mentioned, we read an inguand
associate one or more labejs In the beld of machine learning, the task of predicting
a labely for a new unseen inputx is calledclassibcation A raw input observation
might contain redundant information or be too high dimensional to be classibed
directly, so typically some of its features are selected or extracted Prst, and then
used for classibcation.

If we have a sui cient amount of labeled exampleg,e., pairs of input and corre-
sponding output (x,y), we can make a computetearn how to classify new unseen
data by training it on the known instances (Figure2.1).

New data

Model

Known data

predicts | New labels

Known labels

Figure 2.1: Supervised learning workf3ow.

Supervised learnings the task of inferring a function from labeled training data.
Formally, we want to learn a function

faX1 oy, (2.1)

where X is an input space andY an output space, from a set oN examples of the
form {(x1,y1), ..., (Xn,¥n)}, Wherex, is an input vector andy, the corresponding
target. For an input vector x we call its predicted outputy = f (x). In the context
of classibcation, the goal is to produce a functioh that would most accurately
determine the class labels of new unseen instances. The functiors referred to as
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the model

Formally, for a parametrical modelf with parameters! , we want to minimize a
cost function E that measures the distance between all the predictiong, and the
targets y, = f (x,) in the dataset:

N
argeminNi;E(f (xn:!), vn). (2.2)

This is known as the minimization of the empirical risk,.e., the risk of incorrectly
classifying a known instance.

However, since the goal of any classibcation system is to correctly classify new
unseen instances, its accuracy cannot be solely evaluated based on the data it was
trained on. When a model performs well on known data and poorly on unseen data,
it is said to have overbtted to the training data. This typically occurs for very 3exible
models, which might start to memorize the training instancesayverptting) rather
than learn the true underlying structure of the data @eneralizatior). A typical
approach to ensure that the model has generalized is to evaluate it on unseen data
whose labels are known. For this reason the original labeled data is usually split into
three parts: thetraining set,i.e., the data used in training to learn the parameters
of the model; thevalidation set, shown to the model but not used for training, it
monitors when overptting starts to arise; thdest set, only shown to the model when
the training is complete, is used to evaluate its accuracy on new data.

Regularization techniques help to reduce overbtting by penalizing models with
extreme parameters or by using an ensemble of models. One of the most widely
used regularization techniques in learning models early stopping which halts the
training once the validation error starts to increase. Other popular techniques in-
clude penalty terms €.g. L; and L, regularization), ensemble learning and data
augmentation (discussed in Sectio.5).

The label vectorsy can be of three types, leading to three kinds of classibcation
tasks, i.e., binary, multiclass and multilabel classibcation. When the input obser-
vations belong to exactly one of two separate setse., y is a scalary " {#1,1},
the task is calledbinary classibcation An example of binary classibcation task is
determining if an email is spam or not.

When each input instance belongs to exactly one &f classes K > 2), i.e.,

y " {1,...,K}, the task is known asmulticlass classibcation In one-hot encoding
vector notation, to mark that a certain data point belongs to clask we write for

y that yy = 1 andy, = 0, $j % k, whereyi is the k™ entry of y. Examples

of multiclass classibcation include automatic speech recognition (ASR), where each
audio segment is classibed as one word present in the dictionary.

In the most general case, an input instance might belong to none, one or several
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among theK classes at the same timé,e., y " Y = {0, 1}X. This scenario is known
as multilabel classibcation Examples include polyphonic music transcription, in
which multiple notes are played at the same time, and document classibcation, where
each document in a corpus may concern several topics. Multilabel classibcation can
be particularly di! cult, and its main challenges are the following:

High cardinality of the power set The upper bound of the number of possible
label combinations is the cardinality of the power set of the set of labels

K
K — oK

}:(k>_2, (2.3)

k=0

compared to the cardinality K of the label set in multiclass classibcation, and car-

dinality 2 in binary classibcation.

Broader concept of generalization In binary and multiclass classibcation tasks,
the training data usually consists of at least a small number of instances from each
class. Therefore, at test time, the model needs to recognize a known class in a new in-
stance. In multilabel classibcation, since the output space is very high-dimensional,
it is likely that there are not any instances for several classes combinations. A model
should be able to generalize one step further, potentially recognizing in a new data
vector even an unseen class combination.

Evaluation measure Evaluating the results of a binary or multiclass classibcation
task is straightforward, since there is always a single right answeil@., the correct
classNand the model can either correctly detect it or not. In multilabel classibcation
each sample belongs tk classes, wher@ & k & K. The evaluation measure should
take into account how many classes were correctly detected, incorrectly detected,
missed, and how to mutually weigh them.

Label dependencies In multilabel classibcation tasks there are often dependencies
among labels 19, i.e.,

K K
p(y) % [ ] p(y) p(ylx) % ] | p(yxlx). (2.4)
k=1 k=1

Both discovering and modeling these dependencies can be very dilt. Ignoring
the possible correlations can simplify the problem but might negatively'act perfor-
mance. Binary relevance(BR), considered to be the baseline approach for multilabel
classibcation, ignores the dependencies by reducing the problenKtandependent
binary classibcation tasks40].
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2.2 Polyphonic sound event detection

Sound event detection (SED), also known as acoustic event detection (AED), deals
with the identibcation of sound events in audio recordings. Bgound eventwe
refer to a segment of audio produced by a sound source, which can be categorized
with a label such asfootsteps, phone ringing,or door slamming The goal is to
estimate start and end times of sound events, and to assign a label for each event.
As illustrated in Figure 2.2, a SED system receives audio as input, processes the
signal (feature extraction), detects the sound events (classibcation), and outputs
their labels accordingly.

In a simple case, a system is trained to operate under conditions where only
one sound source is emitting at a certain time, and the goal is to recognize which
sound source is emitting, when the event begins and when it ends. SED in single-
source environment is calledhonophonicdetection, which has been the major area of
research in this peldq; 21; 27]. A detection problem is considered to be monophonic
also in cases where only one sound is prominent with respect to the others, and a
single label is expected.

However, in a typical real environment it is uncommon to have only a single sound
source emitting at a certain point in time; it is more likely that multiple sources are
emitting simultaneously, thus resulting in an additive combination of sounds. For
example, an audio recording collected at a restaurant table might contain sounds
from cutlery, speech, footsteps from the waiters and a soft background music. A
depiction of this example can be seen in Figuiz3. Due to the presence of multiple
and overlapping sounds, this problem is known asolyphonic detection, and the
goal of such a SED system is to recognize for each sound event its category, and its
beginning and ending. This task is much more challenging than the monophonic
detection problem, both because the sounds are overlapping and because the number
of sources emitting at any given momentNe., its polyphonylevelNis unknown and
potentially large.

As in all classibcation tasks, the system receives an input and is expected to

Feature - [ dog barking ] [dog barking]

2
time >
Sound event detection [ car engine ]
ey« —— §

. Classification
extraction footstep] [footstep] [ footstep ]

. .‘ <)
[ 4

Figure 2.2: In SED, a system is expected to recognize the sources of the sounds present in
a recording over time.
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produce as output one or more labels for such input. The monophonic detection is
a multiclass classibcation task, while the polyphonic detection is multilabel. Each
label corresponds to one sound source or category; for example at titmiea Figure
2.3 we would expect the labelspeechand music to be output from the system.

time >

speech

footstep footstep : footstep footstep

cutlery

music music

r—1 t t+1

Figure 2.3: An illustration of class activities in a polyphonic sound event detection scenario.
At time ¢ the events speech and music are active.

2.3 Audio features

The input to a SED system is typically a raw digital audio recording, in its standard
format of sampled and quantized analog amplitude of air pressure variation (pulse
code modulated, PCM). This simple one-dimensional representation of an audio
signal can be di cult to interpret directly: two similar sound sources might emit
sounds that are perceived as almost identical but produce very'dirent waveforms.
Factors such as noise or phase disparities can drastically change the shape of the
amplitude signal but might have a small &ect on the perceived sound.

For two given acoustic events, the magnitude of their frequency content over
time is a more robust feature to reveal their similarities. This representation of
an acoustic signal, widely used in the Peld of audio processing, is known as time-
frequency representation. Each sound source has a characteristic pattern of spectral
magnitudes over time, which can be detected for classibcation purposes (Fig2i4).

For this reason a typical prst step in a SED system is to process the audio
signal, in order to convert it to a time-frequency domain representation. Due to the
uncertainty principle [23 this representation has necessarily a coarser time resolution
than the original signal; this does not represent an issue, since the time resolution
of a PCM signal is usually quite high (typically 44.1 kHz or more) and the goal in
SED is to recognize sounds in time frames that are several milliseconds long.

Most of the approaches for SED rely on time-frequency representations of the
signalNe.g. through short-time Fourier transform or wavelet transformNpossibly
pltered with Plterbanks that mimic the perception of human hearing, such as mel or
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Footsteps - log mel energies

50 100 150 200 250 300 350
Crickets chirping - log mel energies
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Figure 2.4: A time-frequency representation of two recordings: footsteps and crickets chirp-
ing. Both sounds are intermittent, but they have clear and distinct magnitude patterns.

gammatone p]. Some approaches try to model the signal in its new representation,
some others extract features that are discriminant for classibcation. We describe
here three feature representations relevant for understanding the work presented
in the following chapters. Alternative features and representations typically used
include MPEG-7 audio descriptors 44], wavelet transforms P5] and gammatone
plterbanks p6).

Short-time Fourier transform The most common method used in signal pro-
cessing to transform a signal to a time-frequency representation is the short-time
Fourier transform (STFT). The original signal is brst windowed into short, over-
lapping time-frames. Fast Fourier transform (FFT) is computed for each frame,
assuming that the signal is stationary in short windows. The concatenation along
time of the extracted frequency magnitudes, also known apectrogram(Figure 2.5),
represents the transformed signal.

Log spectrogram

>
(5]
c
9]
=]
o
<)
[

Figure 2.5: Logarithmic magnitude spectrogram of a short recording.

Mel energies  In order to mimic the human earOs perception of frequencies, which
is roughly linear below 1 kHz and logarithmic above, a suitable blterbank can be
applied to the frequency magnitudes extracted via the STFT. A widely used trans-
formation is from Hertz to mel, a scale where perceptually equal pitches are equally
distant [27]. The mel scalem is debned as a function of the frequency in Herfz,,
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as
, f
m(fi,) * 2595 log, (1 + %) . (2.5)

The conversion tomel energiesis obtained by Pbltering the magnitude spectrum
with a plterbank of triangular pPlters, shown in Figure2.6. These blters are equally
spaced along the mel scale. Each triangular Plter identibes a band and has its edges

\4

Linear frequency Hz

Figure 2.6: The triangular mel blterbank.

on the central frequency of its neighboring Plters, hence the blters are wider as
frequency grows. The number of bands can be varied to obtain a coarser or Pner
resolution, typical values used in literature are 20, 40 and 80 bands. Computing the
logarithm of the energies obtained, producing so-callddg mel energiesis a pop-
ular choice to mimic human perception of sound intensity, which is approximately
logarithmic. Figure 2.7 depicts a log mel spectrogram.

Log mel energies

Mel bands

Figure 2.7: Log mel energies of the same recording used in Figu2eb.

Mel frequency cepstral coe ! cients Adjacent bands in a mel energy frame are
usually highly correlated. To further reduce the number of parameters, it is possible
to decorrelate the log mel spectral vector by computing its discrete cosine transform
(DCT), and then extracting the brst coé cients of the DCT. These cok cients,
known asmel-frequency cepstral cdecients (MFCC) [ 2], are widely used as features

in audio processing 49 30]. The brst coe cient is typically discarded, since it
contains the frameQOs average log energy and therefore does not provide information
about the spectral envelope. The second to twelfth cbeientsNor even moreNare
frequently used as a feature vector (Figur.8). Possibly, also the MFCCOs Pbrst and
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second time derivativeNcalleddelta and acceleration cod cients respectivelyNare
concatenated to the feature vector.

Mel frequency cepstral coefficients (MFCCs)

Coefficient ranks

Figure 2.8: Mel frequency cepstral coecients of the same recording used in Figur@.5
and Figure 2.7.

When two sound sources are emitting at the same time, the resulting signal is
the additive combination of the two waveformsj.e., Spix(1,2)(t) = Si(t) + sy(t). Due
to the linearity of the Fourier transform F , the transform of the mixture signal is
equal to the sum of the transform of the individual signals; and s,

F {Smxa2(t)} (W)= F {si(t)} (W) + F {s2()} (w), (2.6)

where the variablew represents frequency. However, this does not hold for the
magnitude spectrograms, due to the non-linearity of the absolute value function
computed on the complex spectrum obtained from the Fourier transform. Despite
this theoretical limitation, in practice linearity is widely assumed in many techniques
applied to audio processing such as independent component analysis (ICA); [37]
and non-negative matrix factorization (NMF) [33; 34], under the assumption that
the phases are independently and randomly distributed .

Each sound source has a typical pattern of magnitude spectrum in the time-
frequency domain. A polyphonic SED needs to recognize each sound source from the
(imperfect) superposition of magnitude spectra from dierent sources. In principle,
for combinations of sounds present in training data a system might learn to map the
learned combination of features to the corresponding combination of classes without
actually recognizing the individual components. However, for unseen combinations
of sounds the system needs to be able to discern the individual sound sources from
the mixture; this is one of the main challenges of polyphonic SED.

2.4 Previous work

Most state-of-the-art monophonic SED systems assume that each sound event oc-
curs in isolation. For this reason, the majority of these systems are not suitable
for detecting multiple overlapping sounds. For a comprehensive treatment and for
references to the extensive literature on monophonic SEDNwhich is not the scope
of this workNone may refer to [6].
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Polyphonic SED has been approached with ‘terent methodologies. Initial ap-
proaches include traditional methods for speech recognition, such as the use of mel
frequency cepstral coecients (MFCC) as features, with Gaussian mixture models
(GMM) combined with hidden Markov models (HMM) [1Z; 13].

Another approach is to take advantage of the robustness of monophonic SED
systems, by creating a separate class for each combination of classes that appears in
training. An example of this approach using hierarchical support vector machines
(SVMs) is [39). First an SVM determines if the input is either an isolated event or
a combination of events, and in the latter case the input is fed to a second SVM to
determine the individual sources in the combination. However this approach requires
training data for every possible combinations of classes and for' drent degrees of
overlapping, which is often not available for real life recordings.

A di" erent type of methodology consists of extracting and matching the sounds in
the input to templates in a dictionary of sounds. This can be achieved through sound
source separation techniques, such as non-negative matrix factorization (NMF) on
time-frequency representations of the signals. NMF has been used ird][and [36]
to pre-process the signal, creating a dictionary from single events, and later ird]
and [37] directly on the mixture, without learning from isolated sounds. The work
in [37] was extended in 15 making learning feasible for long recordings by reducing
the dictionary size.

Non-frame based approaches include spectrogram analysis with image process-
ing techniques such as local spectrogram features (LSF)] fombined with object
recognition methods. The work in & proposes to learn LSF for each sound event
in isolation, and at test time to detect the sound events from a mixture using gen-
eralized Hough transform (GHT).

Neural networks have also been used as classibers in SED. The use of feedforward
neural networks (FNN) trained on mel energies or MFCCs of the mixture of sounds
is attested in [L1]. In that work, a FNN in the form of time-windowed multi layer
perceptron (MLP) obtained state-of-the-art results in polyphonic SED for real life
recordings. The major advantages of this system are that it neither requires isolated
sounds for training nor information about the number of overlapping sounds. The
method presented in 11] will serve as a baseline system to evaluate the approach
proposed in this thesis.

In conclusion, the detection of sound events in a mixture of overlapping sounds is
still a rather new and open research topic, especially concerning recordings in real
life environments.
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3. NEURAL NETWORKS

This background chapter reviews neural networks, with a focus on recurrent neural
networks, and presents the concept of data augmentation.

In computer science, and machine learning in particular, artibcial neural networks
(ANNS), also known simply as neural networks (NNs), are computing systems that
process information by their dynamic state response to external input8q. In its
fundamental structure a NN is a network of interconnected nodes, simple process-
ing units known asneurons, weighted connections join the neurons and scale the
strength of the transmitted signals, representing the synapses in the brain. Its re-
semblance with the brain is marked by two aspectsge., that knowledge is acquired
through a learning process, and that it is stored in the connections between neurons
[40, p.2].

Neural networks are employed in a wide variety of tasks in machine learning,
such as pattern classibcation, regression and time-series prediction. Neurons, layers
and activation functions are common components of most NNs despite the variety
of architectures introduced over the years.

Neuron A neuron is the basic unit of a NN. Each neuron receives inputs through its
incoming weighted connections from other neurons and possibly itself. For each con-
nection the input is received as the transmitted signal multiplied by the connection
weight w. The sum of the weighted received signals and a bias term is computed,
then passed through an activation function and Pnally output through an outgoing
weighted connection (Figure3.1).

Layer Neurons in the network are grouped into layers. There is one input layer, a
variable number of hidden layers and one output layer. Each layer receives inputs

Figure 3.1: A simple model of a neuron.
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from the preceding layer (and possibly itself) and delivers outputs to the following.
The input layer is composed oD nodes, whereD is the dimensionality of the input
data; each node reads one of the components of an input vectot X and outputs

it to the following layerOs neurons. Hidden layers are between the input and output
layer, and perform intermediate computations of the network. A NN is called a
deep neural network (DNN) when it has several stacked hidden layers, where the
depth increases with the number of hidden layers. The consequences of using deep
architectures will be discussed more in detail in SectioB.1. The output layer in
classibcation tasks typically consists of a neuron for each class. For a given output
neuronk, its computed value is usually interpretedNeventually after normalization

in the range [0, 1]Nas the posterior probability for the input to belong to classk.

All the incoming connections for the neurons in one layer are concatenated to form
a matrix W. Together with the bias vectorsb, the weight matrices for all layerswW
represent the parameters of the model.

Activation function An activation function scales the activation of a neuron into
an output signal. Any function could serve as an activation function, however there
are few activation functionsNshown in Figure3.2commonly used in NNs:

¥ Logistic function

o(x) = (3.1)

The logistic function is a smooth approximation of the step function used in the
early stages of neural networks. The output is in the rangf, 1], therefore it

is typically used for output neurons in classibcation tasks. It is also commonly
referred to assigmoid function.

2 o
— logistic f(x)
— tanh
RelLU 1

——————/

#4 #3 #2 #1

#1

Figure 3.2: The logistic function, hyperbolic tangent (tanh) and rectibed linear unit (ReLU)
activation functions. It can be seen that while the logistic and tanh both saturate, the
RelLU grows unbounded for positive values of.
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¥ Hyperbolic tangent (tanh)

e # e

tanh(X) = W

(3.2)
The hyperbolic tangent is a logistic function vertically scaled to output in the
range[# 1, 1].

¥ Rectibed linear unit (ReLU).
ReLU(x) = max(0, x) (3.3)

The ReLU [41] promotes sparse representations inside the netwérétue to the
hard O for negative values ox. It also avoids saturation problems and vanishing
gradients, two of the major problems that arise in deep networks.

¥ Softmax For a vectorx, its softmax is dePned for each of its componernts as

eXi
softmax(Xj) = —=——, (3.4)
e
such that softmaxx,) > 0 $m and ) softmax(Xy) =1 [47. The softmax is
mostly used to normalize the outputs of multiclass classibcation tasks.

All these activation functions are purposefully nonlinear. This is because nonlin-
ear neural networks are very expressive; they can discover nonlinear classibcation
boundaries and model nonlinear equations.

We can now introduce the most simple type of neural network, the multi layer
perceptron (MLP) [43; 44]. In this neural network architecture all the layers are
sequentially ordered and each layer only receives input from the previous one (Figure
3.3). For an input vector x, a MLP computes the hidden activation vectorsh and
the output y as:

h=F(W"x+ b") (3.5)
¥ = G(W"h + b¥) (3.6)

where W** denote the weight matrices connecting two layers,e., WX" are the
weights from input to hidden layer andW" from hidden to output layer, b* are the
bias vectors, andF and G are activation functions. When an activation function is
computed for all the neurons in a layer using vector notation, such as in Eg.5and
3.6, it is always computed element-wise. In case of multiple hidden layers the input
to hidden layer h' is the output of the previous hidden layerh' .

1For the advantages of sparsity see [11, p.317]
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Output layer

Hidden layer

Hidden layer

Input layer

Figure 3.3: A multi layer perceptron with 2 hidden layers. Bias terms are omitted for
clarity.

For an input x a prediction y is computed at the output layer, and compared to
the original target y using acost function E(W, b; x,y). The network is trained to
minimize E(W, b; x, y) for all the input samplesx in the training set, formally:

N
E(W,b)= =) E(W,b;xn,yn). (3.7)

1
N
whereN is the number of training examples. Sincé& (W, b) always depends o'W
and b, we will refer to it as E for simplicity.

Generally, cross entropy(CE) is used as a cost function to train NNs for classip-
cation tasks, with the following equation:

N
1 . N
CE=#—) ynlogyn+ (1 # yn)log(1# §n), (3.8)
N n=1
wherey, andy, are respectively the prediction and the target output of an instance
xn. Two other cost functions widely used are the sum of squared errors (SSE) and
its variation root mean squared error (RMSE):

N N N
SSE= ) (v # $n)’ RMSE = \/Zn—l(y” # 3n) (3.9)
n=1 N
Since NNs are constructed as ‘terentiable operators, they can be trained to min-

imize the di' erentiable cost function usinggradient descentbased methods. The
intuitive idea is to bnd the gradient on the error surface for a given weight conbgu-
ration, and iteratively adjust the weights by moving in the direction of the negative
slope. The weightsW and biasesb are generally initialized with random values
and then iteratively adjusted during training. An € cient algorithm widely used
to compute the gradients for all the weights in the network is théackpropagation
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algorithm [43; 44], an implementation of the chain rule for partial derivatives along
the network.

To illustrate the backpropagation algorithm on a MLP we will use the following
notation: F is an activation function and F’ its Prst derivative; WJ-Ii is the weight
connecting thei™ neuron in layerl# 1 to the j™ neuron in layerl; z| is the weighted
input to the j™ neuron in layerl, i.e.,

2= 3wl (3.10)

hi is the activation of the j™ neuron in layerl, i.e., hj = F(z); the boldface
version of the aforementioned quantities represents the concatenation of the all the
respective values in one layer.

Gradient descent can be used to minimize the cost functidh, since the network
is constructed of df erentiable elements. The algorithm requires to compute the
derivative of the cost function with respect to each of the weights and bias terms
in the network. Once the gradientsaﬁv'fé_i and gTi have been computed, the corre-
sponding weights and biases in the network can be updated by taking a small step
towards the negative direction of the gradients, for example using stochastic gradient

descent:

Awi(T+1) = #n% (3.11)
wi(7+1) = wi(7)+ Awi(7 +1), (3.12)

where Aw;(7+1) is the weight update,n is the learning rate and controls the amount
of update, andr is the index of training iterations. The same update rule applies
to the bias terms, with b in place ofw.

Backpropagation is a technique that allows to leciently compute the gradients
for all the parameters of the network, by propagating backwards the errors at the
output layer. First, the backpropagated erroréjL Is computed for each neuron in the
output layer?, the L™ layer:

L
o OB _ OB O ahEL F'(zh) (3.13)

b ozt oht ozt onl

OE
We can then compute the backpropagated error§ at the I™ layer in terms of

where depends on the cost functiork.

2The backpropagated errors § represent the errors relative to each neuron, and are not to be
confused with the overall cost function E [45, p.165].
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the backpropagated error(Sj'+ in the next layer as

of Z_ZE; = Z%% =D Wi TF (), (3.14)
where we used the equivalence
aZJH—l — 9 I+1 | +1 — | +1= 701
o a—zjliZwij F(z)+ Hd™ = iZwij F'(z), (3.15)
and by dePnition
ot a(zi'lil' (3.16)
Finally, we can express the gradient% and gbi in terms of the error 61-'
|
;TE}i = g—:% = hi™'q], (3.17)
where we used again the debnition df and
|
STZL = %Zw}i hi~'+H=nh"" (3.18)

For the gradients with respect to the bias terms, using the same procedure for Eq.
3.17we obtain

OE
— =4 3.19
where the only df erence is then!~! term that disappears when computing
oz 9 ~
ﬁ: @ZW}ih! t+gd=1. (3.20)

Basic stochastic gradient descent might lead to slow convergence. Several tech-
nigues such as momentum, Adagradif], Adadelta [47], Nesterov accelerated gradi-
ent (NAG) [4€], RMSprop (49, Adam [5(], can greatly improve convergence speed.
Here we briel3y describe stochastic gradient descent with momentum, and RMSprop,
which will be used in the subsequent sections of this work.

Stochastic gradient descent and momentum The technique of momentum
[51] can accelerate the gradient descent by accumulating velocity in the direction of
steady error reduction across iterations. A new terrm, the momentum coé cient,
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is added to the weight update equatior8.11as follows
OE
Awi (T +1) = #n— + mAw;(7), (3.22)
aWi
and typical values ofm are in the range 0f0.9 & m < 1.

RMSprop  RMSprop is an optimizer with a per-parameter adaptive learning rate.
It uses a moving average of the magnitude of recent gradients to normalize the
current gradients. The normalization is performed over the root mean squared
gradients, hence the name RMSprop. The learning rate is typically called step
rate, and the running average ternr(7) is added to the weight update equation:

r(r)=~r(t# 1)+ (1 # ~) (g—\i) (3.22)
#n ,OE

) ow

where v is the decay terniNtypically set to 0.9Nthat controls the contribution of
new gradients to the running average(r).

Awi(r +1) = (3.23)

It is important to initialize the weights W and biasesb with positive and neg-
ative values close to 0, so that the sigmoidal activation functions operate in their
central linear region and thus the propagated gradients are largeiZ. The values
are typically drawn randomly and independently from uniform or Gaussian distri-
butions. For the same reason mentioned above, the input features are normalized
to have zero mean and unit variance in each dimension.

Several neural network architectures have been introduced over the years. When
the connections in the network form cycles, the architecture is referred to as recurrent
neural network (RNN), described in Sectior8.3and 3.4. If there are no cyclesNsuch
as in the MLPNthe network is referred to as feedforward neural network (FNN),
described in Sectior8.2 Before presenting the details of these 'terent architectures,
we briel3y introduce the advantages of using deep neural networks.

3.1 Deep learning

Despite the fact that neural networks were invented several decades agoNwith the
Prst works on perceptrons dating back to 19500s and multi layer perceptron 19800sKN
their greatest successes are quite receertg. [53; 5]. The major improvements are
usually attributed to technological and theoretical factors. On the technological
side, faster computers, the use of graphical processing unit (GPU) instead of CPU
for training, and the availability of large datasets have made it possible to train
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large networks with millions of parameters in reasonable amounts of time. From the
theoretical point of view, the main result is that the use of multiple hidden layers
exponentially grows the expressiveness of the modeig;[55; 56]. Other signibcant
improvements include unsupervised pre-training (nowadays typically avoided when
a large amount of data is available)q 7], dropout [5§], ReLU [41], and proper random
initialization [ 57).

In classic machine learning, the typical approach to classibcation is to design
discriminative features by hand and then to use a general purpose classiber on top,
such as a support vector machine (SVMY[]. For complex tasksNsuch as computer
vision, ASR and natural language processingNgood features that are!saiently
expressive are very dicult to design. Moreover, when the number of featuresN
and thus dimensionsNgrows, thecurse of dimensionalitymakes the available data
sparse. Without using distributed representations it is not trivial to generalize
to regions of the space that have no training instances, often resulting in poor
generalization for complex tasksd[; 1].

Deep learning has changed the way these problems are approached. A deep model
has several hidden layers of computations that are used to automatically discover
increasingly more complex features and allow their composition. By learning and
combining multiple levels of representations, the number of distinguishable regions
in a deep architecture grows almost exponentially with the number of parameters,
with the potential to generalize to non-local regions unseen in training .

These powerful models would be useless if they were not trainable. As previously
explained in this chapter, backpropagation can be used to compute the gradients
to train these models, updating the weights to minimize the cost function on the
training set. Despite the fact that there is no guarantee that the global minimum
will be reached, it has been argued that in high dimensional spacesNsuch as the
ones of large and deep neural networksNmost of the local minima errors are close to
the global minimum error, and that saddle points are mostly responsible for learning
stalls [61; 67].

3.2 Feedforward Neural Networks

A FNN is a NN that does not contain any feedback connection, i.e, each layer
receives inputs only from the previous layer. Such a network is a directed graph,
where information is always traveling forward. There are many architectures of
FNN, two of the most used in classibcation are multi layer perceptrons (MLPs) and
convolutional neural networks (CNNs) §3; 64].

Multi Layer Perceptron The multi layer perceptronNpresented earlier in this
chapterNis the most simple type of FNN. An argument in favor of MLPOs expressive
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power is given by theuniversal approximation theorem[65]. The theorem states
that a MLP with a single hidden layer and sdi cient amount of non-linear units can
approximate any smooth function on a compact input domain to arbitrary precision.
However, the number of hidden units required is unknown and can be impracticably
large. By using multiple hidden layers, as shown in6p; 56, MLPs can partition

the input space into exponentially more linear regions than a shallow network with
the same number of neurons. For this reason they can more easily represent highly
structured and complex functions. MLPs have obtained excellent results in pattern
recognition tasks such as handwritten digit recognitiond[/], speech recognitiondgd].

Convolutional Neural Network CNNs are FNNs composed of convolutional
layers. In a convolutional layer the inputNtypically two dimensionalNis convolved
with a set of learned kernels. The result of the convolution is then passed through
a non-linear activation function, typically a ReLU. Other hidden layers often found
in CNNs are pooling layers. Pooling layers down-sample the output of the convo-
lutional layers (typically with the mean or maximum value for a region), therefore
reducing overbtting and providing some translation invariance. After several convo-
lutional and pooling layers, the output is a vector whose values are interpreted as
the conditional probabilities of the input to belong to each class. A depiction of a
CNN is presented in Figure3.4.

Input

Output

Convolution Pooling Convolution Pooling Convolution

Figure 3.4: An example of a convolutional neural network in image classibcation. Figure
adapted from [69]

CNNs have revolutionized the beld of computer vision, leading to state-of-the-
art results on complex image classibcation tasks such as the 1000 classes ImageNet
Large-Scale Visual Recognition Challengéd; 70.

In a FNN all samples are processed independently of each other. Due to the
lack of context information FNNs cannot directly process sequential inputs such as
audio, video and text. A bxed-size (causal or non-causal) window, concatenating the
current feature vector with previous (and eventually future) feature vectors, is often
used to provide context to the input. This approach however presents substantial
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shortcomings, such as increased dimensionalityNimposing the need for more data,
longer training time and larger modelsN, unknown optimal window size, and bxed
context available. RNNSs, described in the following section, are more suitable to
represent sequential inputs.

3.3 Recurrent Neural Networks

Introducing feedback connections in a neural network can provide it with past con-
text information. This network architecture is known as recurrent neural network
(RNN). As with FNNs, there are several types of RNNs introduced over the years,
such as Elman networks{1], Jordan networks ['Z], time delay neural networks 73],
long short-term memory [4] and gated recurrent units 5] networks.

For a sequence of input vector§x, ...,xt}, a simple RNN computes a sequence
of hidden activations{hy, ...,ht} and output vectors{y,...,y1} as

h; = F(W"x, + W"™h,_, + b") (3.24)
Vi = G(W"h, + b%) (3.25)

for all timestepst = 1, ..., T, where the matricesW** denote the weights connecting
two layers, b* are bias terms, andF and G activation functions. For a deep RNN
with several stacked hidden layefs each hidden layer receives the output of the
previous hidden layer (Figure3.5).

Output layer

Hidden layer

Hidden layer

Input layer

Figure 3.5: A recurrent neural network with 2 hidden layers, with feedback connections
highlighted in red. Bias terms were omitted for clarity.

Despite the apparently minor modibcation, the ‘eects are profound: in a RNN,
information from previous time steps can in principle circulate indebnitely inside the
network through the directed cycles, where the hidden layers also act as memory.
These hidden activations create amternal state, represented by theh; vectors for

3The concept of depth in RNNs however is not as well defined as in MLPs, since there are
several ways to make an RNN deeper [76].
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each hidden layer at a certain timestep, which is the result of the inputs history up
to that time. Through the h; vectors of the hidden layers the output of the network
¢, at time t becomes a function of all received inputgxy, ...,x;}. RNNs therefore
are very well suited to analyze sequential inputs. A simple RNN such as the one
described here is also known a&nilla RNN.

RNNs, by the virtue of the internal memory, are far more expressive than FNNSs.
As stated in Section3.2, a FNN can approximate any non-linear function on a
compact domain to arbitrary precision. The equivalent result to MLPOs universal
approximation theorem is that a RNN with a sd cient amount of hidden units
can approximate any dynamical systemi.e., encode and execute any algorithm.
Potentially a RNN is computationally as expressive as any Turing machin€{; 74].

A commonly used algorithm to train RNNs is backpropagation through time
(BPTT) [ 79, a straightforward extension of the backpropagation algorithm. As
shown in Figure3.6, the idea behind BPTT is to unfold the network over time and
then to apply the standard backpropagation algorithm as if it were a MLP. This
unfolded representation shows that a RNN can be seen as a very deep FNN with a
layer for each timestep and shared weights across time.

unfolded representation

Output layer e @ @ e

why why why
Hidden layer a Q @ @
wxh wxh
Input layer x| x| - Xy
| time >

Figure 3.6: On the left, a recurrent neural network with 1 hidden layer and a single neuron.
On the right, the same network unfolded in time overT steps. In this representation it is
evident how an RNN can be interpreted as a deep MLP that has shared weight matrices.
Bias terms are omitted for clarity.

Unfortunately, vanilla RNNs are di' cult to train, and one of the main reasons
is the phenomenon known awanishing gradient problem[80; 81], which can be
explained as follows. The cost function is calculated for every outpgt and target
y: in the sequence, fot ranging from 1 toT, calling E; the cost function computed
attime t and E = 3., E, the cost function for the entire sequence. The terence
from backpropagation in MLPs can be seen in the calculation of the gradients for
the cost E; with respect to the weight matrix WM at each step. As shown in the
unfolded representation from Figure3.6, this requires to propagate the gradients
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several times through the same matridW"", since the outputy; depends on the
hidden state h;, which in turn depends on all the previous hidden statek; 1, h;_»,

., hy. In the following remarks, we assume a ‘terent but equivalent formulatiort
of h, that is hy = WXF (x;) + W"h,_, + b".

The expression of %=t becomes, using the chain rule,

8Whh (9yt Ght 8hm GWhh

The term gﬁ‘; can be further expanded using the chain rule, and it results in

t

11 s H W Tdiag(F '(hj_1)), (3.27)

j=m-+1 ahj_l j=m-+1

oh, _
Ohm,

where diagh) is a matrix whose diagonal elements are the components lof and
has zeros elsewhere. This means that propagating the gradients from titm® time
m will require the multiplication of t# m matrices. More specibcally, looking at the
norms of the gradients, we obtain

8ht
0hm

Oh;

& (Bwpu) " (3.28)

2 ‘+1

where Sw and 3, are the upper bounds oﬂWhhTH2 and (diag(F '(h; -1))(, respec-
tively. In [81; 87] it was shown that if these upper bounds are smaller than 1, their
product will vanish exponentially fast to 0, hence the nameanishing gradient prob-
lem. On the contrary, if these quantities are larger than 1, their product will explode
to inPnity, which leads to a phenomenon calledxploding gradient problem

The exploding gradient problem can be substantially attenuated by clipping the
gradients whose norms are diverging§], while the vanishing problem is more dif-
pcult to solve, making long term dependencies!dcult to learn. Several techniques
have been presented to overcome theldculties of training RNNs, such as training
with second order optimization methods€.g. Hessian-freed4)]), initialization of the
recurrent weights with scaled identity matrix (IRNN) [85], unsupervised pre-training
using restricted Boltzmann machines (RBMs){€f)], linear autoencoder network ini-
tialization [87], and more complex architectures such as the long short-term memory.

3.4 Long Short-Term Memory

The long short-term memory (LSTM) architecture was proposed in 1997 by Hochre-
iter and Schmidhuber 4] as a solution to strongly mitigate the vanishing gradient

1For the details see [32]
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problem. This architecture extends the vanilla RNN by replacing the simple neurons
that have static self-connections with units called STM memory blocks(or memory
blocks.

LSTM memory block An LSTM memory block is a subnet that contains one
self-connectednemory cellwith its tanh input and output activation functions and
three gating neuronsNinput, forget and outputNwith their corresponding multi-
plicative units. Figure 3.7 provides a representation of a memory block.

block output /

/ Legend \

—— connection

forget
gate

- delayed connection

@ hyperbolic tangent

@ logistic function

® multiplication

\

block input

Figure 3.7: An LSTM block. The cell ¢ has a recurrent connection with a Pxed weight of
1 and a linear activation function. The three gating neurons are visible in yellow. Figure
adapted from [89].

By analogy, the memory celt can be compared to a computer memory chip, and
the input i, forgetf and output o gating neurons represent respectivelyrite, reset
and read operations. All gating neurons represent binary switches but use smooth
sigmoidal activation functions (typically the logistic function, thus outputting in the
range [0, 1]) to preserve df erentiability. [88, p.33]

At timestep t the unit receives inputs at each of the four terminals (the input and
the three gates). One part of the input derives from the current input vectoxk; (or
more in general, in case of a deep network, from the lower layer), the other from the
hidden states at the previous timesteph,_; of all memory blocks in the same layer.
In addition to this, the value previously stored in the cellj.e., ¢_1, is also fed to the
gating neurons through links calledoeepholeconnections. The inputs to the input
terminal are summed and the result is passed through thtanh activation function.
This activation is scaled by the activation of the input gatei; and stored in the cell
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state ¢ summed to the previous cell state,_; scaled by the forget gate activation
fi. The Pnal output of the memory block, which corresponds to the hidden stalg,
is computed as the product of the cell state, passed through the output activation
function and the output gate activation ;.. Equation 3.24 debning the hidden
activation hy, in an LSTM hidden layer is substituted by the set of equations:

ii = o(W¥x + W'h,_; + W%¢,_; + b") (3.29)
fi = (W% + W'h,_; + W¢,_; + b) (3.30)
¢ = fic_y + iy tanh(W*°x, + W"°h,_; + b°) (3.31)
ot = o(W*x; + Wh,_; + W¢, + b°) (3.32)
h; = o tanh(c;) (3.33)

where ¢y, iy, fi and o, are respectively the memory cell, input gate, forget gate and
output gate activations of all the memory blocks in a layerg is the logistic function,
W are the weight matrices, andb* are bias terms. The peephole connections do
not connect elements in dierent memory blocksj.e., the weight matricesW*® from
the cell to gate vectors are diagonal.

Gers et al. extended in§9 the original architecture proposed in {4] by adding
the forget gate and the peephole connections. The forget gate in particular was later
proven to be a fundamental component9[], and this extended version of LSTM is
the most broadly used nowadays and also the one used in this work.

This complex architecture solves the vanishing gradient problem thanks to the
recurrent connection of the celk that has a weight of 1Nwhich prevents the signal
or the gradients from being scaled exponentially many timesNand the cellOs linear
activation function that has unitary derivative. This is called the constant error
carousel [4].

Bidirectional RNN and LSTM: In many tasks involving classibcation over
temporally or spatially sequential inputs, we might be interested in looking also at
future samples before outputting a label for the current timestep. For example, when
classifying a handwritten letter inside a word it is benebcial to know the following
letters as well as the preceding ones. Using a time-window to incorporate future
samples, as explained in SectioB.2, poses strong limitations due, for example, to
the bxed length of lookahead. Delaying the output by timesteps would still impose
a bxed lookahead and it would force the network to remember the original inputN
appearedn steps beforeNand the previous context throughout the delay.Sf]
Bidirectional recurrent neural networks (BRNNS), introduced in §1], are a clever
solution to the problem. In a BRNN each hidden layer is split into two separate
layers, one reads the training sequences forwardsx(, ...,xt}) and the other one
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backwards {xr,...,x;}). The sequence is fully read and the hidden activations
are stored for all timesteps in each of the two distinct layers. Finally, the computed
activations are fed to the next layer, giving the network full and symmetrical context
for both past and future samples of the input sequence. By substituting simple
recurrent neurons in a BRNN with LSTM units we obtain a bidirectional long short-
term memory (BLSTM) network, introduced in [97]. Figure 3.8 depicts a BRNN.

unfolded representation

X1 oY) X7-1 X7

time >

Figure 3.8: A bidirectional recurrent neural network with one hidden layer and two hidden
neurons unfolded in time. Bias terms are omitted for clarity.

The violation of causality is not a concern in tasks where at test time the input
sequence is completely available. This is the case of spatially sequential inputs (such
as images), or temporally sequential inputs when the data was fully acquired before.
Even data from a short amount of time ahead is ducient in many tasks that need
the output at the end of an input portion, such as in automatic speech recognition,
where outputs are only required at the end of a word.

RNNs using LSTM and BLSTM units have advanced state-of-the-art results in
many challenging tasks such as speech recognitici], [machine translation P,
unconstrained handwriting transcription P4] and generation §5], image captioning
[9€], language modelingq7], music modeling $9].

3.5 Data augmentation

As explained in Section2.1, a model trained using supervised learning on a set of
training examples should generalize to correctly classify new unseen data, avoiding
overbtting to the training set. A challenging classibcation task requires a powerful
model to be solved. A small neural network will not overbt easily to the training
data, due to its limited Rexibility, but will fail to fully describe the problem, thus
yielding sub-optimal results. On the contrary, a large and deep neural network, with
hundreds of thousands or millions of parameters, has enough expressive power to
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properly solve the problem, but will be also very prone to overbt to the training
data when this is scarce, hence failing generalization to new data.

By training the model on a large amount of data, it becomes more !dcult for
it to overbt. For this reason a huge amount of labeled data is a key requirement to
train a large and robust model. Unfortunately collecting labeled data can be very
expensive: in most cases a human expert has to manually go through all the data
and assign a label. For datasets that contain millions or billions of samples this can
become unfeasible. Data augmentation is an artiPce used to obtain more labeled
data without the need to collect it: the idea is to produce new data by manipulating
and transforming the original data while preserving the labels, introducing variations
that could be present in natural data.

A simple example of data augmentation in an image recognition task, is to hor-
izontally mirror each of the training images and to assign to the new pictures the
same labels of the original images," ectively doubling the size of the training set
as depicted in Figure3.9.

original flipped

cat cat

Figure 3.9: Two examples of augmenting an image dataset by Ripping each picture along
its horizontal axis. In both cases, a cat and a tree picture, the original labels correctly
apply to the new images.

When creating new data by modifying the original dataset we have to make
strong assumptions,i.e., that the modibcations made to the data do not interfere
with the correctness of the labels assigned. The risk is to create data that is Rawed
or wrongly labeled, which might lead the model to make incorrect inferences. In
the previous example from Figure3.9, the underlying assumption was that the
content of a picture of cat or of a tree remains the same if the image is horizontally
Ripped, and therefore the same label applies to the mirrored version. However, if the
original images in the task were labeled, for example, after the handwritten letters
representedNFigure 3.10Nnot all the Ripped versions would correctly retain their
labels.

This example shows that data must be augmented cautiously, and in fact usually
most of the transformations applied are small variations of the data examples that
preserve the labels. For example adding Gaussian noise to the training samples is
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original flipped original flipped original flipped

A A R ? b d

Figure 3.10: An example of a situation where the augmentation assumption is not always
correct. While the letter OAO would correctly retain its label when it is Ripped, in the second
case the image of the Ripped letter ORO would be labeled as ORO despite not representing
any letter. In the third case, the new image even changes its true label, turning from ObO

to OdO.

a data augmentation technique widely used9f]: the assumption is that a small
random variation in a sampleOs features does not change the label.

Several techniques of data augmentation are often used in image based tasks,
using simple transformations of the images that preserve the labels, such as Ripping,
shifting, twirling and displacing. A model trained on an augmented dataset often
achieves better generalization performance than if it is trained only on the original
data [10G 107, 107. In audio classibcation tasks some data augmentation techniques
shown in the literature include vocal tract length perturbation, stochastic feature
mapping, and elastic distortions 03 104 109 in ASR, and several pitch and time
stretching techniques in 10§ and [107 in music related tasks.
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4. METHOD

This chapter describes our proposed method for a polyphonic sound event detection
system using a multilabel BLSTM RNN. The system receives an audio recording as
input and outputs the labels of the sounds recognized on every short time frame. The
model is trained on time frames of a time-frequency representation of the mixture

of sounds.

4.1 System overview

Here we present the overview of the system, brie3y discussing all the steps in the
pipeline, which correspond to the subsequent sections of this chapter. A depiction
of the system is presented in Figurd.1

The recorded audio signals are split into short frames and converted to a time-
frequency domain representation. For each frame a certain class is marked as active
if the corresponding sound is present, inactive otherwise. The data obtained is split
into three non overlapping parts: training, validation and test set. Possibly, the
training set is augmented to produce more data. The training and validation sets
are fed to a multilabel RNN with several stacked BLSTM layers, which is trained
to output the conditional probability that each class is active in every short frame.
The training is halted when the validation error stops decreasing.

The system is then ready to be used on new, unseen data. New recordings are

H *
\ Feature extraction

o—— & .
i« & <l
..‘ <) / Data

|

Annotations

BLSTM training

car engine ]
[ dog barking ] [dog barking]

footstep footstep footstep

Figure 4.1: The system overview in the training phase.
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processed in the same way and fed to the network. The generated outputs are
interpreted as the probabilities that each class is active or not in a certain frame.
The output probabilities are thresholded so that every class can be marked as either
active or inactive.

To quantitatively evaluate the performance of the system we also test it on labeled
unseen data,e.g, the test set. We feed the test set to the network, threshold
the output probabilities and compute several metrics to evaluate its performance.
Experiments and results for the proposed approach are presented in Chapser

4.2 Feature extraction

Figure 4.2 summarizes the steps performed in the feature extraction phase. The
input to the system is a monaural or stereo audio recording. In the latter case, the
signal is brst converted to mono by averaging the two channels into a single one.
Due to di" erent recording conditions, the amplitude of the recorded signals can be
quite di" erent; in order to uniform them across recordings they are normalized to
liein [#1,1] as :

S = W(lsl), (41)

where | &| denotes the absolute value operator and is applied element-wise, the
maximum operator computes the largest value of the vectos, is an original PCM
audio signal, ands its normalized version.

The normalized audio signal is then split into 50 milliseconds frames with 50%
overlap. For each frame we compute its STFT and Plter the magnitude spectrum into
40 mel energy bands, as described in Sectiar8. We then compute the logarithm of
the mel energies obtained. The logarithmic energiesNin addition to closer mimicking
human perception of sound intensityNmake the distribution of the data closer to
Gaussian, a desirable feature in neural networks, as explained in Chaptr We
then normalize each mel band by subtracting the mean value of each band over all
recordings, and imposing unit variance (computing the constants on the training
set), a standard procedure when working with neural networks.

All training data has to be labeled. To each feature vectox we associate a label

splitting |25 frames

_>
10 frames "“‘E%F‘a%w 4
TS

Figure 4.2: The pipeline of operations in the feature extraction phase.
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vectory = (v, ...,Yk ), WhereK is the number of classes angly " {0,1} $k. If
the sound described by clask is not represented inx we setyy = 0. Conversely, if
classk is active we setyy = 1. By horizontally concatenating all feature vectorsk
at di" erent timesteps, we obtain the feature matrixX, and similarly for the label
vectorsy we obtain the label matrix Y.

For each recording we obtain a long sequence of feature vectors, which is then
split into smaller sequences for training and testing. We split every original sequence
at three di" erent scales,i.e., in non-overlapping length 10 sequences, length 25
sequences and length 100 sequences (corresponding to lengths of 0.25, 0.62 and 2.5
seconds respectively), as illustrated in Figuré.3. This allows the network to identify
patterns in the sequences at tierent timescales more easily. Using much longer
sequences at training time would cause two main issues: the network might have
di! culties with learning long time dependencies, and storing the hidden activations
for all timesteps would impose impracticable memory requirements.

10 frames

Figure 4.3: The sequences used for training are extracted at'térent lengths.

At test time we present the feature frames in sequences of 100 frames. On one
hand having longer sequences would allow the model to access a richer context. On
the other hand it would increase the delay for the predictions, reducing its real time
suitableness. The maximum sequence length of 100 frames has been chosen as a
compromise between good context information and fast predictions.

For the experiments presented in the next chapter, the mel features were extracted
using the MIRToolbox [L0], and then normalized and split into sequences in Matlab.
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4.3 Proposed data augmentation

As explained in Section3.5, data augmentation is a regularization technique used
to reduce overbtting and to improve generalization. New labeled data is produced
by manipulating the available training data while preserving the labels.

As an additional measure to reduce overbtting, which easily arises in case the
dataset is small compared to the network size, we also augment the training set by
simple transformations. All transformations are applied directly to the extracted
features in frequency domain, making the transformations moré eient to compute
and allowing to augment a dataset even when the recordings are not accessible,
and only the extracted features are available. Similar techniques have been recently
used in [LOG 107, manipulating the signals in the time domain. All the data
augmentation techniques presented in this section have been implemented in Matlab
for the experiments reported in Chapte. It should be noted that these techniques
are not exclusively tied to neural networks, and can be used with any other model.

Block mixing ~ When two or more sound sources emit at the same time, the re-
sulting mixture of sounds is the superposition of the individual waveforms. On this
basis, new audio signals can be created by summing two (or mor€) elient sections
of the original recordings available. Since the content of both recordings is then
present in the new signal, the resulting set of labels present in the new recording is
the framewise union of the set of labels in the two original recordings.

As explained in Section2.3, the linearity is also widely assumed to hold for the
magnitude spectra, ignoring the phase information. Based on this assumption, it is
then possible to directly sum the spectrograms extracted from two'tierent sections
to obtain the spectrogram of the mixture. The magnitude spectra should be summed
before the logarithms are computed in the feature extraction phase. Alternatively, it
is possible to approximate the exact log magnitude of the mixture using the mixture-
maximization principle (mixmax) [109, according to which the interaction in the
log-spectral domain between two signalS;, S, can be explicited as follows:

10g(|S:[+1S2[) ) max(log|S|, log|S,|). (4.2)

A proof of optimality in a statistical framework for the mixmax principle was pre-
sented in [L10.

On these bases, we can directly compute the log mel spectrograms for the com-
bination of two sections from the individual features previously extracted (Figure
4.4). An example showing the small dierence between a log mel spectrogram com-
puted using these approximations and one extracted from the superposition of the
waveforms is presented in Figurd.5.
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Block 1 Block 2 Block 3 Block b

Features
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Figure 4.4: An example of the block mixing augmentation technigue using 2 random blocks.
The same operation is performed for every possible combination gfblocks at the time.

Formally, the feature matrix X is split into b non-overlapping and equally wide
matrices (here calledblocksy, e.g, X; = {x1,...,xt}, Xo = {xX¢11, .., X2t} ... Xp =
{x1_t41,...X7}. The label matrix Y is split accordingly in the same way. Ibis not
a factor of T, we brst truncate X by discarding the lastT (mod b) frames. All the
(;) combinations without repetitions ofp blocks at the time are computed, where
p,b" Nand2& p& b. The combination of two blocksO feature matricesd., when
p=2) Xj, and Xj,, and their label matricesY;, and Y, is debned as

X] 2 = maX(le’XjQ) (43)
Yj 12 = maX(le,YjQ), (44)

where max is applied element-by-element. Fop > 2 the same computation is
applied, computing themax over the p blocks to be combined.

A new block created using this process has a higher average polyphony than
any of its addends alone. The polyphony level of the mixture of two (or more)
original blocks can be seen as the sum of two (or more) independent discrete random
variables. Therefore, the distribution of polyphony level in the new block is the
discrete convolution of the distributions of polyphony level of the original blocks.

The main goal of this data augmentation technique is to produce high polyphony
recordings that force the system to learn how to distinguish individual classes from
complex combinations of sounds. The parametelsand p are chosen depending on
the size and the distribution of polyphony level of the dataset. Increasing the value
of b will produce a larger number of new blocks, but smaller in size. Increasing the
value of p the average polyphony level grows linearly.
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Figure 4.5: An illustration of the mixmax principle. The brst two log spectrograms are
computed from two di" erent recordings; the third log spectrogram is computed from the
mixture of the original recordings in the time domain; the fourth one is obtained directly
from the Prst two, assuming the linearity of the magnitude spectra and applying the
mixmax principle, i.e., computing the pointwise maximum function of the two. It is
evident from the bPgure that the approximation closely resembles the exact log spectrogram.
This approximation is faster to calculate and only requires the original features already
computed.

When the dataset contains recordings from real-life environments in"dérent
contexts (e.g. at the beach, in the & ce, at the restaurant, etc.), mixing two blocks
from two di" erent contexts might create very unlikely combinations of classes. In
order to create more plausible data, we only mix blocks that belong to the same
context, hence treating the recordings of each context independently from the others.

Time stretching A sound can be slightly slowed down or sped up while its source
remains recognizable. Based on this assumption, we can generate more data by
stretching the original recordings to make them slightly shorter or longer. The same
stretching can be applied to the label matrices, in order to maintain consistency
with the acoustic signals.

Simple dilation or compression of the waveform would'&ct both the pitch and
the speed. Time stretching techniques typically work in the time-frequency domain,
where time can be stretched independently from frequencyI[l]. For this reason
we stretch the extracted mel spectrogram directly, instead of changing the speed
of the original signals Prst and then extracting its features a second time. This is
illustrated in Figure 4.6.
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Figure 4.6: The time stretching augmentation. By stretching the time-frequency represen-
tation of a recording, it is possible to approximate the magnitude spectrum of a slowed
down or sped up version of the same recording. The same stretch needs to be applied to
the label matrices to maintain time coherence. The stretching factor- controls the amount

of dilation or compression.

By treating the mel spectrogram and label matrices as images, it is possible to
apply fast image stretching techniques. We horizontally stretch the mel spectro-
grams using linear interpolation by factors slightly smaller or bigger than 1. The
new amount of frames is ar, wherer " R is the stretching factor andT the number
of frames in the original signal. Thus, a stretching facto® <r < 1 speeds up the
recording andr > 1 slows it down. A new feature framex between framesx; and
Xt4+1 IS computed as

x = axi+ (1 # a)xiy, (4.5)

wherea " [0, 1] linearly weights the contribution of the two original feature vectors
and depends on the position ok betweenx; and x;, ;.

When the same stretching is applied to the label matrixy Nin order to preserve
the time alignment with the featuresNa choice has to be made on how to treat the
new values which might be non-binary. For example, if a certain clagsis active in
yt and inactive in the following label vectory;,;, when computing an interpolated
y between the two, the resultingk-component ofy is

Yk = al+(1# a)0=al {0,1}. (4.6)

Not having exclusively binary labels does not represent a problem with the set up
used in this work. If for di" erent algorithms the labels need to be strictly binary, it
is possible for example to round the components to the nearest integer.

Sub-frame time shifting The spectral features computed for a given audio signal
depend on the alignment between the signal and the STFT windows. By shifting
the windows in time by a few milliseconds the resulting spectrogram will be slightly
di" erent than the original one. We mimic small time shifts of the windowsNat

'For the open form of a see for example Linear Interpolation on Springer Encyclopedia of
Mathematics.
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sub-frame scaleNby linearly interpolating new feature frames in-between existing
frames, thus retaining the same frame rate. Figurd.7 illustrates the procedure.

Window for STFT shifted forward by sub-frame length

" L
1 2

T e T
Original window alignment

Figure 4.7: The sub-frame time shifting augmentation, omitting for clarity every other
frame due to the 50% window overlap in the STFT. By shifting the windows used to
compute the STFT in time by a small amountN i.e., less than half the window sizeNthe
spectral representation computed is slightly di erent than the original one. Therefore, the
new frames can be used as new data.

Formally, we apply the same algorithm used for time stretching, but this time
using a constant value oty throughout the recordings and interpolating always one
new frame in between every pair of subsequent frames. The process can be applied
several times using dierent values ofa " (0,1). The same procedure is repeated
on the label matrix Y for time consistency. The aforementioned considerations on
non-binary targets in between activity transitions apply in this case too.

4.4 Proposed neural network

The characteristics of the task suggest that deep neural networks are potentially
an excellent tool for polyphonic SED. It is di cult to design discriminative high-
level features by hand, there is potential to collect a large amount of data, and
there are large variations in the way the samples from each category might appear.
While the aforementioned issues are shared by monophonic SED as well, there is
one more key element distinctive of polyphonic SED, that is computation. The
SED system should be capable of recognizing unseen combinations of sounds, and
learn to recognize individual events even if they only appear in combinations with
others in the training data. Moreover, as mentioned in SectioR.4, there is evidence
that deep neural networks have achieved excellent results on the same task, such as
the FNN in [11]. We approach the problem of polyphonic SED using a multilabel
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BLSTM RNNs with multiple hidden layers, to map the acoustic features to class
activity indicator vectors. By using RNNs we hope to overcome the limitations of
FNNs in dealing with short context information.

As it has been explained in Sectiof.1, using a multilabel model allows in princi-
ple the system to discover and model correlations among classes, possibly improving
its classibcation performance. Another advantage, compared to having one binary
model for each class, is that there is only one model that needs to be trained and
run at test time.

The input layer consists of 40 nodes, each reading one component of a log mel
energies input frame. The input layer is fully connected to the Prst hidden layer,

a recurrent BLSTM layer. In a BLSTM layer, as explained in Sectior8.3, half of
the memory blocks scan the input sequence forwards and half scan it backwards.
For this reason, for a given sequence the activations for both halves need to be
fully computed and stored before the outputs can be fed to the next layer. Each
hidden layer is a BLSTM layer fully connected to the next hidden layer. A simpliped
representation of the BLSTM RNN is presented in Figure.8.
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speech ]
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[ cutlery
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time >

Figure 4.8: A depiction of the proposed BLSTM RNN unfolded over time, where each
block represents a layer of neurons.

Since it is not possible to know the best network conbguration for a certain
dataset a priori, several networks need to be trained with derent architectures,
i.e., varying the number of hidden layers and hidden units. The conbguration that
gives the best results on the validation set is then selected for testing.
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The output layer has logistic activation functions and one neuron for each class.
The output of the network at time t is a vectory, " [0, 1]¢, whereK is the number
of classes. Its componentg can be interpreted as probabilities that each class is
active or inactive in framex;. These outputs do not have to sum up to 1, since
several classes might be active simultaneously. Thus, contrarily to most multiclass
approaches with neural networks, the outputs are not normalized by computing the
softmax function. Finally, the continuous outputs are thresholded to obtain binary
indicators of class activities for each timestep. Contrarily to the FNN in11], where
the outputs are smoothed over time using a median Plter on a 10-frame window,
we do not apply any post-processing since the outputs from the RNN are already
smooth.

For training, a fast gradient descent algorithm such as RMSprop can be used as
an alternative to steepest descent with momentum for faster convergence. In order
to further speed up the training, the networks can be trained on mini-batches of
few hundreds sequences, updating the parameters after processing each mini-batch.
This also makes the gradients less noisy than in online training, and allows parallel
processing of multiple sequences at the time using GPU.

Injecting noise in the features is a common technique used in machine learning
to improve the robustness of a model. In this work we corrupt the log mel energy
features extracted by summing a noise vectar whose components are values ex-
tracted from a Gaussian distribution, independently one to the others, with mean
1 and standard deviations. While p is typically set to 0, a good value ofNwhich
depends on the dataset and the network conbgurationNneeds to be determined by
testing several di erent ones. The amount of noise added to each feature vector is
changed in every epoch of neural network training.

A wide range of experiments was conducted on the two datasets presented in
Section5.1.1and 5.1.2 varying the parameters of the RNNs to maximize the per-
formance on the validation sets. The Pnal conbgurations used for both datasets are
reported in the same sections.
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5. EVALUATION

This chapter presents the sound event datasets used in this work and describes
in detail the metrics used to evaluate the systemOs performance. We then present
the results obtained and compare them to the state-of-the art approach from the
literature.

5.1 Datasets

We evaluate the approach proposed in Chaptet on two sound event datasets,
described in Sectiorb.1.1and 5.1.2 For each dataset we present how the recordings
were collected and labeled, what classes are present and how they are distributed.
Furthermore we report the following statistics:

¥ Label cardinality: it corresponds to the average polyphony level. It is computed
as the average number of classes active per sample, formally

N
. 1
Label cardinality = - > lyal, (5.1)
n=1

where|y,| is the number of non-zero elements in vectgy,.

¥ Label density: it is the average number of classes active per sample divided by
the total number of labels, computed as

N
Label density= Niz Ly (5.2)
n=1

nl

K
whereK is the cardinality of the label set.

5.1.1 Real life recordings dataset

This dataset, referred to asreal life recordings dataset(RLRD) in this work, was
provided by the Audio Research Group at Tampere University of Technology 1.
It consists of stereo recordings 10 to 30 minutes long, from ten real-life contexts,
namely: basketball game, beach, inside a bus, inside a car, hallway,ae, restau-
rant, shop, street and stadium with track and Peld events. Each context has 8
to 14 recordings, for a total of 1133 minutes distributed over 103 recordings. The
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technical equipment used consisted of a binaural microphone (Soundman OKM Il
Klassik/Studio A3) worn by a walking human agent, and a digital recorder (Roland
Edirol R-09). Recordings were acquired at 44.1 kHz sampling rate and 24-bit resolu-
tion. To ease the annotation process and increase its accuracy, also video recordings
were acquired while recording audio.

The recordings were annotated manually, marking the beginning and ending mo-
ments of all clearly audible sound events. Short repetitive sounds, such as a basket-
ball hitting the Boor, were annotated as single long events; long quasi-continuous
events, such as speech in a conversation, were annotated as multiple events when a
pause in the conversation was clearly perceivable.

The sound events were annotated within 60 classes, includisgeech, applause,
music, brake squeak, keyboardplus 1 class for rare or unknown events marked
as unknown for a total of 61 classes. All the events appear multiple times in the
recordings; some of them are present in"deérent contexts, others are context-specibc.
All 61 classes are reported in Tabl&é.1

The average polyphony level for this dataset is 2.53, for a label density of 0.041.
The distribution of polyphony levels across all recordings is illustrated in Figurg.1

Table 5.1: The list of classes present in the RLRD.

No. Event | No. Event | No. Event

1 applause 21 click 41 refrigerator

2  background 22 coins keys 42 road

3 ball hitting Boor | 23 coughing 43 seatbelt

4  beep 24 crowd sigh 44  shoe squeaks

5 bicycle 25 crowd walla 45 shopping basket
6 bird 26  dish washer 46 shopping cart

7  brakes squeak 27 dishes 47 sigh

8  breathing noises | 28 dog barking 48 signal horn

9 bus 29 door 49 sliding door

10 bus door 30 engined 50 sneezing

11  car 31 footsteps 51 speech

12  car door 32 keyboard 52 tral c

13 car engine starts| 33 laughter 53 turn signal noise
14  cash register 34 motor noise 54 water splashing
15 cat meaowing 35 motorbike 55 wheel noise

16 chair 36 mouse scrolling | 56 whistling

17 cheering 37 music 57 wind on trees
18 child 38 paper movement, 58 windscreen wipers
19 clapping 39 pressure release| 59 wrapping

20 clearing throat 40 referee whistle 60 yelling

61 unknown
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Figure 5.1: Distribution of polyphony level across the RLRD.

The dataset was split into training, validation and test set (about 60%, 20% and
20% of the data respectively) in a 5-fold manner. For every fold, each recording was
only assigned to training, validation or test. All results are presented as averages
of the 5-fold cross validation results, with the same train/validation/test partitions
used in [L1] on the same dataset. Sound event detection techniques tested on this
dataset include a work using GMM-HMM [L.3], a purely NMF based approach15],
and the deep FNN from [ 1] that will serve as a baseline.

At the time of writing this thesis, this is still one of the few large and anno-
tated polyphonic real-life environment sound event dataset in the world. Due to
the vastness of the dataset and the intrinsic diculty in manually annotating mul-
tiple concurrent sound events, the annotations are not always accurate. This might
have an & ect on the classibcation performances, for example putting a limit to the
maximum accuracy that can be reached.

Amount of data augmentation Concerning the data augmentation techniques
described in Section4.3, we expand this dataset by approximately 16 times. A
4-fold increase comes from the time stretching (using stretching doeients of 0.7,
0.85, 1.2, 1.5), 3-fold increase from sub-frame time shifting and 9.5-fold increase
from block mixing (mixing 2 blocks at the time, using 20 non-overlapping blocks
of equal size for each context). We do not test other amounts or parameters of
augmentations.

5.1.2 Artibcial mixtures dataset

This dataset, referred to as AMD (artibcial mixtures dataset) in this work, was also
provided by the Audio Research Group. Contrarily to RLRD, which is composed
of recordings from real-life scenarios, this dataset is an artibcial mixture of studio-
recorded sounds from thé8BC Sound E' ects Library.

The original BBC dataset consists of in-studio stereo recordings. Each ble con-
tains a single sound event, whose class is marked on the Ple name. From about a
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hundred classes available, 63 sound classes were selected and are listed in Bable
In this dataset as well, several recordings are available for each class.

Each Pble contains a few milliseconds of silence at the beginning, at the end, and in
some casesNsuch as intermittent sound eventsNin the middle of the recording. In
order to avoid marking these silent frames as active, which might mislead the system
during training, an automatic labeling procedure was applied. For each recording
the mean energy of the signal was Prst computed, and only those frames whose
energy was greater than 0.15 times the mean energy of the whole recording were
marked as active.

To obtain a polyphonic and continuous recording for training, the labeled audio
bles were randomly extracted, then assigned a random position in time, and Pnally
overlapped by summing their waveforms. To produce a validation and test set the
same procedure was applied, using"drent bles for each set. The resulting labeled
recordings for training, validation and test set arel94Q 240 and 240 minutes long
respectively. The average polyphony level for this dataset is5, with a label density
of 0.024 The distribution of polyphony levels across the three long recordings is
reported in Figure5.2 Finally, the audio features were again extracted as explained

Table 5.2: The list of classes present in the AMD.

No. Event | No. Event | No. Event

1  bird singing 22 computer typing | 43 cutting knife

2  horsewalk 23 paper tear 44  mixer

3 dog barking 24 paper movement| 45 glass smash

4  cattle 25 pen writing 46 shopping cart
5 cat meowing 26 photocopier 47 plastic bag

6 goat 27 human laughing | 48 coins

7 wind 28 baby laughing 49 rain

8 elevator door 29 baby crying 50 alarmsé&sirens
9 vending machine | 30 human eating 51 chainsaw

10 sliding door 31 human coughing | 52 gun shot

11  car 32 door bell 53 police siren

12 vyacht 33 alarm clock 54 Big Ben clock
13 land rover 34 washing machine| 55 footsteps

14 car engine start 35 hair dryer 56 lawn mower
15 car turn signal 36 camera shutter 57 thunder

16  windscreen wipers| 37 toilet 58 crowd cheering
17 bus 38 fan 59 crowd conversation
18 bicycle 39 broom 60 crowd yelling
19 car door 40 water sink 61 crowd applause
20 motorcycle 41 vacuum 62 crowd whistling
21 car seat belt 42  Ppreplace 63 unknown
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Figure 5.2: Distribution of polyphony level across the AMD.

in Section4.2

High polyphony segments in this dataset are more ldicult to classify correctly
compared to the RLRD. In the latter, only a small number of combinations are
likely to appear, more specibcally the combinations of the subset of events present
in any context. Therefore, the class combinations present in the high polyphony
segments of RLRD are likely to appear both in the training and test set; in principle
the network might learn to detect the characteristic features of these combinations
without recognizing the individual classes that are present. On the contrary, in this
artibcial dataset, because of the random process used to combine the events when
the mixtures were generated, any combinations of events is possible. It is thus very
unlikely that a combination of 4 or more labels in the test data has also appeared
in the training data.

The advantage of this dataset compared to the RLRD is that the annotations
are very precise, allowing to obtain a more accurate system performance estimation.
The main disadvantage comes from the random extraction and overlapping of the
bles, which makes any combination of events possible and thus further from the
real scenarios. For the same reason, there are no correlations among classes and no
context information, contrarily to the RLRD.

This dataset was not previously used in other published works. For a more in-
sightful evaluation of the proposed approach, we compare our results on this dataset
to those of a FNN similar to the one used in the baselin€.[]. To make the com-
parison with the proposed approach as fair as possible, both our RNN and the FNN
conbgurations are the same used for the RLRD dataset. The only'drence is in
the output layer of both networks, that have 63 neurons instead of 61, in order to
match the number of classes in this dataset.

Amount of data augmentation For this dataset we test the df erent data
augmentation techniques separately. Time stretching is performed using the same
stretching coé cients used in RLRD,i.e., 0.7, 0.85, 1.2, 1.5, producing approxi-
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mately 4 times more data. Sub-frame time shifting is applied 4 times, leading to
a 4-fold increase. Block mixing, which allows to create more diverse data, is used
three times with di" erent parameters:

¥ 2 blocks at the time, using 20 non-overlapping blocks of equal size. This
produces a 9.5-fold increase.

¥ 3 blocks at the time, using 7 non-overlapping blocks of equal size. This pro-
duces a 5-fold increase.

¥ 3 blocks at the time, using 4 non-overlapping blocks of equal size. This pro-
duces a 1-fold increase.

5.2 Evaluation procedure

As explained in Section2.1, evaluating the performance of a multilabel classiber is
not straightforward and there are several metrics that can be computed to evaluate
di" erent aspects of performance.

The goal is to assess how close the network predictignis to the target y. For
each clas«k there are 4 possible combinations of target and outpiyy, ¥x), as shown
in Figure 5.3

¥ (1,1), True positive (TP): classk is correctly detected as active.

¥ (0,0), True negative (TN): classk is correctly detected as inactive.
¥ (0,1), False positive (FP): classk is incorrectly detected as active.

¥ (1,0), False negative (FN):classk is incorrectly detected as inactive.

From these debnitions it is possible to debr@ecision and recall:

. TP
precision= W (53)
TP
recall = TP+ EN (5.4)

Neither precision nor recall alone provide an accurate picture of the performance.
If a system were constantly silent for all frames,e., outputting that all classes are
inactive (y = 0), there would be no false positives, and thus precision 1. If a
system output all classes as active for all frames (= 1) there would be no false
negatives, and thus recal= 1. A well-performing system would maximize both
measures simultaneously.
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Car engine TP True Positive
Dog barking TN  True Negative
Footstep FP  False Positive
Music FN  False Negative
y y

Figure 5.3: A depiction of a true positive, a true negative, a false positive and a false
negative. A full light blue square corresponds to a class that is marked as active.

By computing the harmonic mean of precision and recall we can debne thé
score (from now on simplyF 1):

F1=24 precisionarecall _ 2TP
~ “ “precision+ recall 2TP+ FP + FN '

(5.5)

F 1 acts approximately as a smooth version of the minimum operator. Therefore
good scores on both precision and recall will be favored over very good performance
on one and poor on the other. This makels 1 a more meaningful and robust metric,
widely used in the context of SED [1; 12 13; 15; 113 114.

There are several ways of extending thE 1 for time series, here is a list of the
ones used in this work:

¥ Mean frame-wise F1: F1 is computed independently for each frame and
the results are averaged throughout all frames.

1

N
F 1Angram = N Z F1(yndn). (5.6)
j=n

where N is the number of test observations. This metric assigns the same

weight, i.e., Nl to frames with di" erent polyphony levels.

¥ 1 second F1: in SED tasks it is sometimes considered to be more important
to detect that a certain event has happened than to correctly identify its exact
beginning and ending moment. A metric can be debned such that any event
active in the predictions or targets for at least one frame of a seconds block
is marked as active for the whole block. This allows for a small amount of
tolerance and a coarser time resolution. In this work we usesl = 1 (as
proposed in 7)), therefore since the frames are 50 ms long with a 50% overlap,
40 concatenated frames represent a 1 second block. A block prediction and
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target vector are computed as follows

block —
= max (y; 4
y Jmax (y;) (5.7)
sblock — 5
= max .
y max () (5.8)

where max is applied element by element, as it is shown in Figurg.4 The
block predictions and targets are computed on non-overlapping block3.P,
FN and FP are then computed onyyock and yuock for each block, the results
are used to computd- 1 and they are averaged over all blocks.

40 N/ 40
Flisee= 1 > F10m°™, 91°%). (5.9)
n=1
Yu 39 Yua YosYuaYu1 Yt yblOCk
Dbs!bhjof i max
Eph!cbslijoh 1!}!/1 max
Gpputuf /!}!/l max
Nvtjd /!}!/ max

51!gsbnft!>12ltfdpe

Figure 5.4: An example of the process used to compute the target vectors for a 1 second
block. All classes that are active in at least one frame in the block are marked as active

for the enitre block. The same approach is used to compute the predictions in 1 second
blocks gpPlock

¥ Micro-average F1: all TP are summed across all frames, and the same
is done forFP and FN. Micro-averageF 1 (F 1yico) iS obtained applying
equation 5.5 using the computed results.

N
2> TP
F Ivicro = N nN:1 N . (5.10)
2> TP+ > FP+ Y FN
n=1 n=1 n=1

This metric assigns higher weights to frames with higher polyphony.

The three metrics are likely to display similar results. For simplicity and readability

we focus the analysis on certain metrics when evaluating the performance.
Detecting sounds when multiple sources are active at the same time becomes

generally more challenging as the polyphony level increases. In order to measure
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performances across terent polyphony levels we also compute 1pgram Separately
for each of them.

In the case of RLRD, as described in Sectidnl.], the recordings were collected
from 10 di" erent contexts and for each context there are several recordings in the test
set. In line with previous works on this dataset, we compute the scores individually
for each contextNreferred to ascontext scoreflby brst concatenating the individual
recordings of each context into one long recording. The overall scores for the dataset
are then computed as the average of the 10 context scores. For the AMD dataset,
which has no context information and a single long recording for test purposes, we
only report the overall scores.

5.3 Neural networks experiments

The networks chosen based on validation results for both datasets, have an input
layer with 40 units, each reading one component of the feature frames, 4 hidden lay-
ers with 200 LSTM units eachN100 reading the sequence forwards, 100 backwardsN
and one output neuron with logistic activation for each class. For both datasets we
train one network with the original data onlyNwhich for RLRD is the same used in
previous worksNand one or more using the data augmentation techniques reported
in Section 4.3 to further reduce overbtting. In order to compare the performance
of BLSTM to unidirectional LSTM, we also train a similar network architecture
without bidirectional units on the same datasets without augmentation.

The networks are initialised with uniformly distributed weights in[# 0.1,0.1] and
trained using RMSE as a cost function. Training is done by back propagation
through time (BPTT) [ 79, as explained in Sectior8.3. The extracted features are
presented as sequences clipped from the original dataNin sequences of 10, 25 and
100 framesNin randomly ordered mini-batches of 600 sequences, in order to allow
parallel processing. Due to limited processing power, in our experiments the features
computed from the augmented data are only presented as sequences of either 25 or
100 frames. After a mini-batch is processed, the weights are updated using RMSProp
with a step rate = 0.005 and decay term~ = 0.9. If the training cost starts to
rise during training, we lower the step raten to 0.001 The training is halted if
the validation cost does not decrease for 20 consecutive epochs. For RLRD we use
Gaussian input noise witho = 0.2 during training; for AMD, such a high input
noise hurts the performances, so we set it to = 0.03  All the hyperparameters
were chosen based on the validation sets, for RLRD only on the validation partition
of the prst fold. At test time we present the feature frames in sequences of 100
frames, and threshold the outputs with a bPxed threshold of 0.%.e., we mark an
eventk as active ifg * 0.5, inactive otherwise.

For each experiment in RLRD we train 5 networks with dierent random initial-
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isations, i.e., 5 networks per fold for a total of 25 networks. We then select in each
fold the network that has the highest performance on the validation set and use it
to compute the results on the test data. Since the training times for AMD are very
long, requiring more than one week to train the networks on the augmented datasets,
we only train a single network for most of the experiments with data augmentation.

For all the experiments presented in this chapter, the networks were trained
on a Tesla K40t GPU with the CUDA/C++ open-source toolkit OCurrenntO1[1.
Since the only optimizer available in the package is stochastic gradient descent plus
momentum (SGD+M)Nwhich is often too slow to convergeNwe implemented RM-
Sprop; this allowed us to train much larger models and to use more augmented
data.

5.4 Results

5.4.1 Real life recordings dataset

In Table 5.3 we compare the average scores over all contexts for the FNN iri][to
our BLSTM and LSTM networks trained on the same data, and BLSTM network
trained with the augmented data. The FNN uses the same features but at each
timestep reads a concatenation of 5 input frames (the current frame and the two
previous and two following frames). It has two hidden layers with 1600 hidden units
each, downsampled to 800 with maxout activations.

Table 5.3: Overall F'1 scores, as average of individual contexts scores, for the FNN ifa1]
(FNN) compared to the proposed LSTM, BLSTM and BLSTM with data augmentation
(BLSTM+DA).

Method F 1Angram F 11—sec

FNN [11] 58.4%  63.0%
LSTM 62.5% 63.8%
BLSTM 64.0% 64.6%

BLSTM+DA 64.7% 65.5%

The BLSTM network achieves better results than the FNN trained on the same
data, improving the relative performance by 13.5% for the average framewibel
and 4.3% for the 1 second block 1. The unidirectional LSTM network does not
perform as well as the BLSTM network, but is still better than the FNN. The best
results are obtained by the BLSTM network trained on the augmented dataset,
which improves the performance over the FNN by relative 15.1% and 6.8% for the
average framewisd 1 and for the 1 second bloclE 1 respectively.
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Table 5.4: Results for each context in the dataset for the FNN in 11] (FNN), and our ap-
proach without data augmentation (BLSTM) and with data augmentation (BLSTM+DA).

F Lavgrram F1isec

FNN [11]] BLSTM BLSTM+DA FNN [11] BLSTM BLSTM+DA
basketball 70.2% 77.4% 78.5% 74.7% 79.0% 79.9%
beach 49.7% 46.6% 49.6% 58.1% 48.7% 51.5%
bus 43.8% 45.1% 49.4% 52.7% 47.3% 52.7%
car 53.2% 67.9% 71.8% 52.4% 66.4% 69.5%
hallway 47.8% 58.1% 54.8% 55.0% 59.9% 57.1%
ol ce 77.4%  79.9% 74.4% 77.7%  79.8% 74.8%
restaurant  69.8% 76.5% 77.8% 73.7% 76.9% 77.7%
shop 51.5% 61.2% 61.1% 57.6% 60.9% 61.7%
street 62.6% 65.3% 65.2% 62.9% 63.3% 63.9%
stadium 58.2% 61.7% 64.3% 64.9% 64.2% 66.2%
average 58.4% 64.0% 64.7% 63.0% 64.6% 65.5%

In Table 5.4 we report the results for each context for the FNN inJ1] (FNN),
our BLSTM trained on the same data (BLSTM) and our BLSTM trained on the
augmented data (BLSTM+DA). The results show that the proposed RNN, even
without the regularisation from the data augmentation, outperforms the FNN in
most of the contexts.

The F 1-scores for di erent polyphony levelsNreported in Table5.5Nare approx-
imately the same, showing that the method is quite robust even when several events
are combined.

70% T T T T T T
ol A\‘\‘/A'—A/A |
60% - a
55% - a
50% - 2
45% - 2
40% - a
35% - ——BLSTM+DA | |

0, ! ! I I
30% 1 2 3 4 5 6

Polyphony

F1 score

Figure 5.5: The F'1 score computed at di erent polyphony levels for the BLSTM trained
on the augmented dataset.
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5.4.2 Artibcial dataset

In Table 5.5we report the scores of our BLSTM and LSTM networks trained on the
original data, and BLSTM network trained with the proposed augmented techniques.
As mentioned in Sectiorb.1.2 there is no published work conducted on this dataset.
In order to compare our approach to the baseline, we evaluate a FNN similar to the
one proposed in 11], using the same conbguration and post-processing, changing
only the number of neurons in the output layer to match the number of classes in
this dataset.

Table 5.5: Overall F'1 scores for the FNN using the approach in]1] (FNN), compared to the
proposed LSTM, BLSTM and BLSTM trained also on the augmented data: BLSTM+TS

(time stretching), BLSTM+SFTS (sub-frame time shifting), BLSTM+BM (block mixing),
BLSTM+ALL (all the data augmentations).

Method Flagram  Flisee F lmicro

FNN 76.8% 74.7% 67.9%
LSTM 74.0% 71.5% 65.3%
BLSTM 78.4% 76.4% 69.9%
BLSTM+TS 77.9% 75.7% 69.5%
BLSTM+SFTS 78.4% 76.2% 70.0%

BLSTM+BM 85.1% 84.4% 80.4%
BLSTM+ALL 85.2% 84.4% 80.5%

The BLSTM network obtains slightly better results compared to the FNN trained
on the same data. The unidirectional LSTM does not perform as well as either the
BLSTM network nor the FNN. Concerning the BLSTM networks trained on the
augmented datasets, both time stretching and sub-frame time shifting do not seem
to improve the performance over the models trained on the standard dataset.

A large improvement derives from the block mixing technique. The BLSTM
network trained on this augmentation improves the performance over the baseline
approach using the FNN by relative 35.9%, 38.4% and 39.0% for the average frame-
wiseF 1, 1 second block~1 and micro-averageF 1 respectively. Using all the data
augmentation techniques together does not seem to improve the performance fur-
ther.

When the performances of the dierent data augmentation techniques are com-
pared, it should be considered that the block mixing technique in this dataset has
the potential to create more novel observations that have higher polyphony. More-
over, it has been used to produce much more data than the time stretching and
sub-frame time shifting techniques.

In Figure 5.6 we show theF 1 scores at dl erent polyphony levels for the FNN
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and BLSTM trained on the original data, and the BLSTM trained also on the block
mixing augmentation. The Pgure shows that the performance of both the FNN
and the BLSTM trained only on the original dataset degrades very quickly as the
polyphony level increases, with a slight advantage of the BLSTM. The BLSTM
trained on the data from the block mixing is much more robust to higher polyphony
observations, presenting a considerably less steep decrease in performance for higher
polyphony levels.

100% ‘ ‘
—+ BLSTM+BM

(V= |
90% ——  BLSTM
80% - - FNN )
70% |
60% |-
50% |
40% |
30%
20% | |
10% |- :

0 \ \ \ \
0% 1 2 3 4 5 6

Polyphony

F1 score

Figure 5.6: In AMD, the F'1 score computed at di erent polyphony levels for the FNN
and BLSTM trained on the original data, and for the BLSTM trained on the augmented
dataset using block mixing (BLSTM+BM).

A representation of the outputs from the BLSTM+BM, the targets, the errors
and the log mel energies for a 1 minute segment from AMD data is presented in
Figure 5.7. As it can be seen from the Figure, the network correctly identiPes most
of the events with very good precision. The errors are mostly due to one or more
undetected events in high polyphony segments.

5.5 Discussion

The RNNs outperform the baseline approach even when trained on the same data,
despite the large amount of overptting. It is interesting to notice that the RNNs have
around 850K parameters each, about half of the 1.65M parameters in the FNN. The
RNNs make a more k cient and € ective use of the parameters, due to the recurrent
connections and the deeper structure with smaller layers.

The block mixing technique largely improves the performances on the AMD, but
not as much on the RLRD. This mismatch can be attributed to three factors. First,
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outputs

Frame

Figure 5.7: The Pbrst row represents the raw outputs from the network in a 1 minute
segment, the second row the correct targets. Blue is zero, yellow is one. The third raw
represents the TP (light brown), TN (turquoise green), FP (blue), FN (yellow), computed
using the thresholded outputs and the targets. The last row contains the log mel energies
of the segment.

in RLRD there are several long continuous events annotated for large sections of
the recordingsNsuch ascrowd wallaNwhich dominate all the metrics used in this
work. Therefore, even if a system signibcantly improved the accuracy for short and
isolated events, this would not emerge from these metrics.

Second, when two blocks are mixed inside the same context in RLRD, the result-
ing block might haveNfor a large partNthe same classes present, due to the long
sound events almost constantly active in the background. This makes the augmented
data not as novel as in the case of AMD.

Last, since RLRD was manually annotated directly on the mixture of sounds
collected from real environments, there are label inaccuracies thdtestively limit
the accuracy that can be reached by any system; this is not an issue in AMD, where
the isolated recordings are automatically labeled and then randomly superimposed
to simulate a continuous polyphonic recording from real life.

Concerning the performance of the other two data augmentation techniques.,
time stretching and sub-frame time shifting, it is more di cult to draw conclusions
from the results. While the two methods alone do not seem to improve signibcantly
the performance, the amount of new data produced is small, especially considering
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that it is highly correlated with the original data. A larger amount of data might
be required to provide &ective regularization.

Figure 5.2 shows that the major improvement from block mixing concerns higher
polyphony segments of the data. This suggests that in order to recognize complex
combinations of events, the network needs to be trained on mixtures of events rather
than single events. This conclusion might apply to automatic music transcription
as well, which is a domain similar to polyphonic SED.

Overbtting was the major issue encountered in training the networks. While the
data augmentation techniques considerably helped generalization, all the networks
showed signibcant overbtting. This suggests that more regularizatiord\y, in the
form of dropout or more data augmentationNwould possibly improve performance
even more.
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6. CONCLUSIONS

In this work we have proposed to use multilabel BLSTM recurrent neural networks
for polyphonic sound event detection. RNNs can directly encode context informa-
tion in the hidden layers and can learn the long time patterns naturally present in
acoustic data. One of the main advantages of using RNNs for SED in real life en-
vironments is that they can be trained directly on a time-frequency representation
of the polyphonic recordings. We have tested our proposed approach on two large
datasets, outperforming on both the state-of-the-art FNN11].

Moreover, since deep neural networks require large amount of data to avoid over-
ptting, we have tested three dierent data augmentation techniques in the con-
text of polyphonic SED: time stretching, sub-frame time shifting and block mixing.
The block mixing methodNwhich allows to produce as much new data with higher
polyphony as desiredNlargely improved the results on the second dataset. The
improvement was particularly large on high polyphony segments of the test data.

Overall, for the brst datasetNwhich contains real life recordings from 10 derent
contextsNour approach using RNNs and augmented dataset reports an averdgé-
score of 65.5% on 1 second blocks and 64.7% on single frames, a relative improvement
over previous state-of-the-art approach of 6.8% and 15.1% respectively. For the
second datasetNan artibcial mixture of studio recordingsNour system reports an
averageF 1-score of 84.4% on 1 second blocks and 85.1% on single frames, improving
over the baseline approach by 38.4% and 35.9% respectively. Moreover, the RNNs
used have only half of the parameters of the baseline.

Due to the long events almost constantly active in the background of real life
recordings, the metrics that rely on the events duration tend to neglect short events.
A new metric should be designed, such that it equally rewards a system for detecting
a long or short event, rather than basing its score solely on the duration.

Future work will concentrate on testing di' erent data augmentation techniques,
such as pitch shifting .03 106, and more & ective approaches to reduce overbtting.
Dropout [59 in its form adapted to RNNs [L1] is another regularization technique
that has shown good results in reducing overbttingNsuch as in handwriting recog-
nition using LSTM [117Nand might be applied to polyphonic SED as well.

Since collecting training data from real life environments is expensive and in-
evitably produces noisy labels, new strategies should be investigated. One pos-
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sibility would be to use a coarser label resolution than frame-wise, such as using
unsegmented labeled sequences of several seconds and connectionist temporal clas-
sibcation (CTC) [11§. Another approach might use a small labeled datasets and the
large amount of unlabeled data available nowadays on the wedg. audio extracted

from Youtube videos, for semi-supervised learning.

Concerning the model, further studies will develop on using attention mechanisms
[119Nwhich have obtained excellent results in machine translation, automatically
learning the alignment between features and labelsNand extending RNNs by cou-
pling them with convolutional neural networks, such as12(.
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