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Abstract

How the brain processes real life sound fragments into neural representations
is studied actively and there are still many things unexplained. In this
paper, inspired by Francl & McDermott (2022) and Van der Heijden &
Mehrkanoon (2020), I investigated deep recurrent neural networks (RNNs)
with gated recurrent units (GRUs) to come one step closer to understanding
the auditory processing in humans. This biological inspired recurrent neural
network is trained on predicting the azimuth location of sound as well as
predicting the category of sound (i.e. speech, nature, urban, music and
human sounds). Both predictions are multi-label multi class classification
tasks, and the performance of the model is measured using the binary cross
entropy loss. The model is human inspired because of the architectural
design choices, such as separate left and right channel input. But also,
each classification task has its own pathway, mimicking the different areas
in the brain that perform audio localisation and identification. This model
was tested using a train/test set of approximately 50,000 one-second audio
fragments (approximately 14 hours of audio in total). Additionally, the
model was evaluated on an unseen evaluation set to ensure ecological validity.
Especially the localisation task of the model showed results that indicate
generalisability. It also demonstrated similar error pattern compared to
humans, as discussed in the paper. However, the identification task did not
show the same results. It did not compare to human accuracy, nor did it have
similar error patterns. Overall, the errors measured of this multi-task RNN
were bigger than human performance. I suggest in order to conclude more
from this human inspired GRU model, one needs to introduce more training
data. Another way to extend this research would be by exploring different
types of neural networks while staying true to the biological design. For
instance, incorporating spiking neural networks (SNNs) into this research
and an increase in quantity of the input data is an interesting next step in
this field.
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Chapter 1

Introduction

Localising and identifying sounds are tasks that we do every second of our
lives. These tasks are primary abilities of any living creature and they have
been evolving since the beginning of life. Hence, audio localisation and iden-
tification are performed extremely quickly and accurately. Within a range
of 200 ms people can recognise and respond to sounds [1]. This is necessary,
because without the speed or accuracy it will be impossible to survive in the
surrounding environment. Localisation of auditory signals is the process of
determining the location of the audio source. The brain uses mechanisms
like differences in intensity and timing cues to determine this [2]. Sound
identification is the process of identifying the type of the audio source, e.g.
is it speech?, animal sounds?, or nature? etc. Being able to perform these
tasks well means one can (re)act accordingly to sound cues in the environ-
ment, think of avoiding dangerous situations, or following a conversation
in a noisy area. Because these abilities are so important, sound processing
mechanisms of the human auditory system have been researched extensively.
I will highlight some of the more relevant researches in this field for this pa-
per below.

In the field of Artificial Intelligence (AI), sound localisation and identifica-
tion have been modeled for many years and applied in robots and chatbots
but also for a better understanding of the human auditory system [3, 4, 5, 6].
Researchers in this field are constantly trying to outperform state-of-the-
art models that are trained for audio localisation and audio identification.
The best performing models for these tasks are all based on deep learning
approaches [7]. This trend can also be seen in recent DCASE challenges
[8, 9, 10]. Many of these models are based on convolutional neural networks
(CNNs). They require the audio input to be transformed to a spectogram,
then processed as an image through the CNN. Despite the high performance
of CNNs, these networks variants are not capable of modeling sequences.
This leaves room for improvement. However, it is not easy to model acous-
tic scenes due to their complex sound composites. Research has shown that



recurrent neural networks (RNNs), which are capable of modeling sequences,
in combination with CNN are worth investigating, because of the added ca-
pability of the RNN layers [11, 12]. The problem with pure RNNs are the
high computational complexity as well as the vanishing gradient problem.
Hence to my knowledge, there is a lack of prior research into pure RNN
performing audio localisation and identification.

I propose a pure RNN with gated recurrent units (GRU) that successfully
trains on these two tasks. The GRU solves the vanishing gradient problem,
thanks to its memory capabilities, and is therefore a promising start into
this topic [13]. The main idea of this paper is to investigate the performance
of a human inspired RNN on the audio localisation and identification task.
This means that the architectural design choices of the network resemble
the human auditory pathway. More specifically, the network has two sep-
arate input layers, mimicking the left and right ear. In addition, both the
localisation and identification task will have its own branch inside the net-
work, resembling the separate areas that perform the aforementioned tasks
in the brain. This topic is inspired by the work of McDermott & Francl
(2022) [6] and by Van der Heijden & Mehrkanoon (2020) [14]. Both papers
investigate audio localisation using a neural network. However, in contrast
to others, they do not try to get the best performing network. They inves-
tigate whether a neural network shows human characteristics, when built
with similar design choices as the auditory pathway in the brain, or when
exposed to similar learning conditions as humans. Some examples of these
human characteristics they found are lower localisation accuracy for sounds
in the back or side of the head, lower performance when localising sounds
concurrently, and sensitivity towards interaural time and level differences.
In short, the field of audio localisation and identification has a sturdy founda-
tion in research, however simultaneous audio localisation and identification
by a neural network have not been researched to that same extent. Espe-
cially not with a human inspired focus. I add to this field by combining
localisation and identification into one human inspired RNN. This research
answers the question of whether this human inspired neural network shows
similar behaviour as humans when performing audio localisation and iden-
tification.

In this paper I first explain some preliminary knowledge about recurrent
neural networks in general, then some explanation will follow on GRU and
terminology needed for this paper. Followed by a chapter showing related
work in this field, I will highlight some important findings and limitations
that inspired this paper. Thereafter this paper guides you through a more
technical part: the set-up of the research, the dataset, architectural design
choices, training procedure and the evaluation step. Finally, I conclude this
paper with results, a discussion and notes for future research.



Chapter 2

Preliminaries

The proposed network for the audio localisation and identification is a recur-
rent neural network with GRU. These type of neural networks are capable
of handling sequence data. That is why I propose to work with a RNN that
gets raw audio waves as input. A waveform is essentially a sequence of val-
ues, which is perfectly suited for a RNN. This chapter will first explain the
basics of recurrent neural networks, then the workings and contribution of
gated recurrent units in RNNs. Additionally some important terminology
of audio classification will be discussed after. After reading this section, the
reader will be sufficiently educated to understand the research discussed in
this paper.

2.1 Recurrent Neural Networks

Recurrent Neural Networks have been created in the 1980’s [15, 16], but
in recent years researchers have seen the true potential of these type of
neural networks. Because of the temporal dynamics of RNNs, it allows
them to predict what is coming in the next time step. That is why RNNs are
widely used in natural language processing, predicting financial data, audio
classification, weather forecasting and more fields that rely on predictions
over time [17, 18, 19]. A RNN is capable of modeling sequence data because
it recursively applies a transition function to the internal hidden state vector
H; of the input X. The activation of the hidden unit is calculated by
applying a function f on the current input X; and the previous hidden
state Hy_1.

0 if t=0
f(Hi—1,Xy) otherwise

H; =

You can see that in addition to the current input Xy, a RNN also takes into
account the previous time step H;_ 1. This can be seen as the 'memory’



characteristic of a RNN. Unfortunately, this memory capability also intro-
duces problems. Especially when we are dealing with large sequences, the
gradient vector might grow or decay rapidly. This problem is called the
‘exploding or vanishing gradient’ [20]. That is why it is hard for RNNs to
compute long distance relations in a sequence. To solve this exploding or
vanishing gradient problem, researchers have introduced a long-short term
memory mechanism (LSTM) and gated recurrent units (GRU).

2.2 GRU

Gated recurrent units are essentially the solution to the exploding and van-
ishing gradient problem. A GRU network is an improved version over the
standard RNN [21]. GRU incorporates a so called update gate and a reset
gate. These are then two vectors that decide which output to pass on. The
reset gate is the one responsible for the short-term memory of the network,
also known as h;. The update gate is the one managing the long-term mem-
ory, this gate determines how much of the past information needs to passed
on to the future. We can formalise the mathematics of these two gates,
initially done by Chung et al. (2014)[21], into the following equations:

Rt = U(XtW;m« + Ht—IWhr + br)
Zy = o(XeWay + Hi W, +b,),

where Ry is the reset gate, Z; the update gate, and X; is the input at time
t. Remember that H;_q is the hidden state of the previous time step. W,
and W,, are weight parameters, as are Wp, and W},,. Finally b, and b, are
biases. Next, we calculate the following candidate hidden state H:

H; = tanh(X; Wy, + (R © Hy_1) Wiy, + b)),

where W, and Wy, are weight parameters, by, is bias. R; ® H;_1 means do-
ing the Hadamard product between the reset gate and the previous hidden
state. The tanh function ensures that the output is between -1 and 1. As
the last step, the GRU calculates the H; vector, which holds the informa-
tion of the current time step and passes it down the network. For that we
need to use the update gate Z;, which determines what to collect from the
candidate hidden state and from the previous hidden state Hy_1. It is using
the following equation for that:

Hy=2,0Hi1+(1—2Z)0© Hy,

here we simply determine how much to keep from the old hidden state H;_1
and how much the new candidate hidden state JEIt is used.

Using these operations a GRU network can store and filter information
thanks to the update and reset gates. This eliminates the vanishing gra-
dient problem because the network retains relevant information only and
passes it down to the next time steps [13].



2.3 Terminology multi-label audio classification

This research focuses on audio classification in the form of a localisation
and identification task. This section will make the reader familiar with
some of the more important terminology in order to understand the research
steps taken. First of all, this paper in particular looks at so called multi-
label classification tasks. Multi-label classification also called multi-output
classification is a classification variant where multiple labels may be assigned
to each instance. More formally, multi-label classification is finding a model
that maps an input x to a (binary) output vector y. Which means that y
has values of 0 or 1 for each element. And since this is multi-label multiple
values of 1 are possible, each input can have multiple labels present. As
an example, in this research each audio fragment contains two sounds from
different directions. Which means the label vector for audio location has
two values which are 1, the rest are 0. The model tries to predict these
locations, hence multi-label classification.

Audio location is measured using the term Azimuth angle. Azimuth is an
angular measurement often used for localising celestial bodies, but also used
in navigation, engineering and ballistics [22, 23, 24]. 0 degree azimuth is
defined as in front of the observer. Then it follows a clockwise direction
going around the point of the listener. This means that a 90 degree azimuth
located sound source is to the right of the observer, 180 degree means behind
the observer, 270 degree means to the left of the subject. Often researchers
also use -90 to describe the 270 degree azimuth. In this paper, I use the
azimuth spectrum from 270 (-90) degree until 90 degree. In short, the
front half of the listener’s perceptive field. Figure 2.1 shows the localisation
spectrum that I use in this research.

= O] — - a0

Azimuth angle

Figure 2.1: Azimuth location



Chapter 3

Related Work

As stated before, deep learning models are currently the state-of-the-art
models performance wise, when talking about audio and image processing as
well as natural language processing. In this chapter, I focus on deep learning
in conjunction with audio processing, since this topic is most relevant to the
research question of this paper.

3.1 Al and optimisation

In AI research the goal of these deep learning approaches is mainly to opti-
mise the performance of the model. Think about audio classification tasks,
like environmental sound classification, music classification and natural lan-
guage utterance classification. For these tasks the better the performance
the more reliable this system will be when detecting discrepancies in the in-
put data. High performance in the natural language utterance classification
task means that a social robot is robust against people talking in various
accents and it will still be able to function and deliver the services the user
expect. A high performance environmental sound classification model im-
plemented in security systems can detect discrepancies in sound and inform
the user to take action, for example predictive maintenance on factory ma-
chines [25].

While my research also uses deep learning methods, it does not focus on
optimisation of the model to be as high as possible. Instead, it focuses more
on finding similarities in behaviour such as error patterns. The model will
be tuned to perform close to human performance, so the goal is not to sur-
pass human performance. This study sets up further empirical research to
exploring how the human brain performs audio localisation and identifica-
tion. Even though optimisation is not the main focus of this paper, it is still
relevant to discuss.



3.2 SELD

As mentioned, this paper investigates audio localisation and identification.
One of the more closely related fields is the SELD, Sound Event Localisa-
tion and Detection task [26]. Also, as mentioned before the state-of-the-art
models used for this topic are all based on deep learning approaches. Prod-
ucts that apply the SELD are using it for navigation without visuals or
occluded targets, self-localisation, for inference of the environment, smart
home applications, audio surveillance, among others [27, 28]. Furthermore,
a yearly contest is held, known as DCASE, which challenges people to build
a model that outperforms other models while performing this SELD task.
The top models of this year’s DCASE challenge were based on pure RNN or
a CRNN. The localisation errors of the best performing models are around
10 degrees [29, 30]. The winner of the challenge had an error as low as 8.5
degrees. It shows that the deep learning approach to audio localisation and
detection is highly promising.

3.3 Neuroscience and inspiring papers

In the field of neuroscientific research, deep learning models are also ex-
plored extensively. The papers that inspired this research in particular are
using neural networks to better understand the auditory pathway in humans.
More concrete, Francl & McDermott (2022) looked at how deep neural net-
works trained on sound localisation perform in real life environments. They
want to see how simulated real life, reverberation, noise, multi-source en-
vironment, among other alterations, affect the performance of localisation
on their network. They compared human participants with their own neu-
ral network and see if there are similarities in performance loss, or whether
the network reveals similar error patterns as humans. They found, under
these circumstances, that the model exhibited many characteristics of human
spatial hearing. These characteristics were: sensitivity to monaural spectral
cues, interaural time and level difference, integration across frequency, limits
on localising of concurrent sources and biases for sound onsets. They illus-
trate that artificial neural networks can reveal the constraints that shape
our perception and thus explain how our auditory perception adapts to
real-world environments [6].

Van Der Heijden & Mehrkanoon (2020) developed a biological inspired neu-
ral network to uncover some neurocomputational mechanisms in the brain.
They built the neural network to resemble the early stages of human auditory
pathway and found that it could predict azimuth location of sounds. They
tested the model with different loss functions, namely the mean squared er-
ror (MSE) and angular distance (AD). They found that although the overall
prediction errors were bigger than humans, the error patterns were similar.



They discussed that in future work researchers should try different neural
network architectures [14]. Which is something I follow up on in this paper.
As shown in this chapter, the field of audio classification and localisation us-
ing deep neural networks is not new. Many researchers are making progress
within this topic with many different approaches. The two works that in-
spired me to do my research in particular focus more on biological inspired
neural networks and uncovering the complexities behind human auditory
system. They conclude that more work is needed with different types of ar-
chitectures and different audio processing tasks are needed to progress this
research further, which is precisely the goal of this research.



Chapter 4

Research

4.1 Data set

The data set used in this research consisted of real-life sound clips with a
duration of one second, and are sampled at 16kHz. The two channel audio
clips have two sources of sounds spatialised into nineteen locations which
covers the frontal azimuth range, i.e. the segment from 0° until 90° and the
segment from —90° to 0°. The elevation is constant at 0°. The locations are
binned as intervals of ten degrees. Therefore, we have 19 location bins.
Additionally, each stereo sound fragment belongs to two identification classes.
In this research we explore five different identification categories: speech,
nature, music, human, urban. Each audio file contains two sound sources
paired with every other location, this results in 171 possible location combi-
nations. A pair of audio fragments consists of two different sound categories,
resulting in 10 possible category combinations. Together, this results in 1710
category-location pairs. Each of these unique pairs contains 30 examples,
thus we have 30 - 1,710 = 51, 300 two-source sound scenes. I split each au-
dio fragment by their input channel, since the RNN takes the left and right
channels separately. The training set is fed into the network in batches of
32, the same holds for testing.

Then, there is an evaluation set which will not be used until the model is
tuned extensively based on the performance on the data set mentioned be-
fore. It is generated similarly as the train/test set, except it will contain
new sounds the model has not seen. This evaluation data set will be used
to verify the generalisability of the model, since it has never seen this data
before, it eliminates performance bias due to over-fitting.

4.2 Network architecture

The first network design proposed is a GRU network that resembles the
first stages of the human auditory pathway. Separate left and right chan-
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nel input layers are implemented, which then connects to their own GRU
layer. Dropout layers are applied after most layers. This is done to avoid
over-fitting problems. Dropout changes, with a set probability, certain val-
ues of units from the layer to 0 [31]. By doing this in each iteration we
avoid the network being over-fit to the data set. Next, the two branches are
concatenated along the sequence length axis and passed through a shared
GRU layer. Again, a dropout is applied on this layer’s output. Finally,
the network splits into two branches, one branch for the identification task
and the other performs the localisation task. This splitting represents the
seperate areas in the brain that perform these tasks. Each branch consists
of at least one GRU layer and dropout and then, after flattening, feeds into
a fully connected layer.

Next, in order to turn the output vectors into probabilities, I apply a sig-
moid function. This ensures that every value is between 0 and 1. Since both
tasks are multi-label in nature, we can predict multiple classes and therefore
sigmoid is the preferred function.

Based on test metrics I modified the base architecture to increase per-
formance, while also still respecting the auditory pathway representation.
In the subsequent architectural variants, I experimented with the depth,
namely, stacking more GRU layers in the localisation branch of the network.
In the end the network that was most promising had three more GRU layers
in the localisation branch after splitting. It still had one GRU layer in the
identification task. This model is not overly complicated (it does not over-
fit too much), but it performs better in learning the localisation task (the
loss decreases more). The network now has three times more GRU layers in
the localisation branch compared to the identification branch. The reason
for this change is because the localisation task predicts 19 classes, and it
is therefore a more complicated task compared to the identification of the
sounds. The network needs more layers in order to learn it well. In figure
4.1 we can see the final architecture of the model.
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Figure 4.1: Model architecture

Additionally, as mentioned a dropout layer is added after most layers,
I experimented with different dropout probabilities. First, the network was
tested with similar dropout probabilities, then varying dropout probabilities
and finally increasing dropout probabilities. I will discuss the results of these
tests in the following sections.
The ”width” of the network is another parameter that I experimented with.
The amount of hidden neurons at each layer is what is meant with ”width”.
The base value I started with in this research is 512 units. From this value
I divide the number of neurons by two after some layers. To reduce the
chance of over-fitting, it is usually good practice to keep the model as simple
as possible, this phenomenon is called Occam’s Razor [32]. Therefore, I do
not experiment with values higher than 512. It introduces over-fitting in a
larger degree, which is not desirable. I found that even with 512 the model
over-fitted too much and hence I found the best models were the ones with
256 units as starting hidden dimension size.
After experimenting with all hyper-parameters mentioned before, I decided
to also try layer normalisation. In essence, layer normalisation is similar to
batch normalisation, except that the normalisation axis to process the input
x is different. Instead of normalising on the mini-batch axis we normalise
along the feature axis. The formula for layer normalisation for each layer is
as follows:

i=1
H is the number of hidden units in the current layer. All the hidden units in
a layer share the same ¢ and p. This technique of normalisation is commonly
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used in recurrent neural networks specifically [33]. I have found that layer
normalisation improves training times and generalisability of the model.

4.3 'Training

This network is trained using a binary cross entropy (BCE) loss. The net-
work is essentially doing two multi-label classification tasks, and BCE is
often used in these classification tasks. Cross entropy calculates the differ-
ence in probability distributions. In this case the difference in the true labels
and the predicted labels. Because the true labels are one hot encoded, the
binary cross entropy variant is used in this research. The formula for BCE
looks as follows [34]:

N
Hy(a) =~ D (v lom(p(we)) + (1 — vo)log(1 — p()
=1

where y is the true label and p(y) the predicted probability of that specific
class for all N data points. The audio fragments are split into a 80%/20%
train-test split. The network is trained using the Adam optimiser with
weight decay with a learning rate of around 0.002 and early stopping. The
implementation of the network is in PyTorch (version 1.11) [35]. Tensorflow
and Seaborn are used for parts of the visualisation of the evaluation metrics.
Because of the multi-task nature of this network, it outputs two cross entropy
losses. However, since the localisation task is more difficult to train, I assign
a higher weight to the respective loss when backpropagating. If I assign an
equal weight to both, the network will learn the (easier) identification task
well while leaving the localisation task behind, performance wise. During
training I also tested on various weight ratios to see which weighting works
best.

Then, the model also is implemented with early stopping. It is implemented
as follows: after training one epoch, the model tests on the test set and
calculates the weighted average loss. If the difference between the previous
test loss and the current weighted test loss is below a threshold (delta) it
will increment the trigger value. This trigger value is also incremented when
the current test loss is higher than the previous test loss. If the trigger value
reaches the patience value, the model stops training.

4.4 Evaluation

The model is evaluated using a seperate dataset which it has never seen. This
ensures that the model is generalisable and not overfitting to the train/test
data set. I check the performance of the model based on the evaluation loss,
Fl-score, confusion matrix and average angular error for the localisation
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task, and multi-label confusion matrix for the identification task. These will
also be shown in the results section. The Fl-score is defined as follows [36]:

Precision -
Fl— 94 recision - Recall

Precision + Recall

Precision calculates the correct positive predictions of every positive predic-
tion. In formula form:

o TruePositive
Precision =

TruePositive + FalsePositive

Recall calculates how much of the total number positives did the model
predict as positive. In formula form:

Recall — TruePositive

TruePositive + FalseNegative

So the F1 score combines both precision and recall, this score captures the
overall performance of our current classification tasks well.

For the evaluation of the localisation task I show a confusion matrix. This is
a clear way to visualise the amount of correct predictions and also prediction
errors. A perfect confusion matrix has a only values on the diagonal. Which
means that the y-axis (the true labels) are predicted correctly (the x-axis).
I refer to figure 4.2, this figure shows the perfect confusion matrix. As can
be seen, there is a clear diagonal line.

Azimuth location true

zimuth location predicted

Figure 4.2: Perfect confusion matrix example

The identification task is also a multi-label classification task, except
there is no order between the classes as with localisation. Therefore a stan-
dard confusion matrix will not tell us much. There is an alternative to
evaluating these type of tasks called multi-label confusion matrix (MCM).

14



The multi-label confusion matrix is a collection of confusion matrices for
each class. In this case we have five classes, thus five confusion matrices.
In MCM the MC My, is true negative (TN), M C M., false positive (FP),
MC M false negative (FN) and M CMj.; true positive (TP).

Lastly, I look at the average angular error of the localisation task. This is
closely related to the corresponding confusion matrix of the respective task.
For each location-bin I calculate the average distance of all predictions to
the target. Then these numbers are summed and divided by the number of
classes to obtain the (approximate) average angular error.

As a final remark I refer to Appendix A to gather more insight in other
models I trained using the procedure described above. Earlier models had
different parameters and different architectural design choices. Their perfor-
mance was rather good on the train/test set, however performed significantly
worse on the evaluation set. These models were not good enough to be in-
cluded in the main text, but are still part of the research process. Therefore,
I included them in the Appendix section.

15



Chapter 5

Results

In this chapter, I will show the results from training, testing and evaluation.
The results of the best-performing model are shown here. However there
are a dozen models preceding the one that is shown. I refer to appendix A
for information on the hyper-parameters set-up and performance of some of
these parent models.

5.1 Train/Test set

First, the model is trained and tested on the train/test data set, of which the
creation is discussed previously. The BCE losses of the training, generated
via Tensorboard module of TensorFlow (version 2.9.0) [37], are visualised
in figure 5.1. Since the model performs two task, we have two loss graphs.
The first one shows the train/test losses of identification (titled Train/test
loss id) and the second graph is the localisation training/test loss (titled
Train/test loss loc).

16



Train/test loss id Train/test loss loc

tag Train/test & ek 1ag Train/test loss loc

Train

e 1 5

Figure 5.1: Train/test losses

Then, two types of confusion matrices are shown. First a regular con-
fusion matrix of the localisation task during training is illustrated in figure
5.2. The colour bar represents the proportion value of the frequency after
12 normalisation. Then, the multi-label confusion matrix for the identifica-
tion task, which is generated by scikit-learn’s (version 1.1.1)[38] multi-label
confusion matrix method, shown in table 5.1.

Confusion matrix localisation task
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Azimuth location predicted

Azimuth location true
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70 -

Figure 5.2: Localisation confusion matrix

Remember that per class there is a 2x2 matrix shown. As stated be-
fore, in the MCM the MC My, is true negative, M C M., is false positive,
MC M. is false negative and M CM;.1 is true positive. It is normalised
using the scikit-learn’s normalization method using the 12 norm.
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0.99987329 | 0.04761252
Human
0.01591888 | 0.99886588
) 0.99967995 | 0.03214106
Music

0.02529802 | 0.99948334

0.99935684 | 0.02928138
0.03585967 | 0.99957121

Nature

0.99978868 | 0.03639393
0.02055734 | 0.99933752

Urban

0.99978025 | 0.03423518
0.02096287 | 0.9994138

Speech

Table 5.1: Multi label CM test set

In addition I also show the summary scores, F1 score, BCE loss, and average
angular error which can be seen in table 5.2.

Task F1 score | BCE loss | avg angular error
Identification | 0.9617 0.0858 -
Localisation 0.1819 0.2976 33.6

Table 5.2: Summary scores training phase

Each task has its own F1 score and loss score therefore two rows with values
are shown.

5.2 Evaluation set

The model was evaluated on the unseen evaluation set, generated as men-
tioned previously. First, figure 5.3 shows the localisation matrix.
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Confusion matrix localisation task
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Figure 5.3: Localisation confusion matrix evaluation set

Then, the multi-label confusion matrix is illustrated in table 5.3, with
similar labels as mentioned earlier. Remember, there are five 2x2 confusion

matrices, each category has one associated matrix.

0.82380961 | 0.84162048

Human
0.56686658 | 0.5400694
. 0.83575033 | 0.82659925

Music
0.54910963 | 0.56279098
0.83182303 | 0.83245517

Nature
0.55504093 | 0.5540924
0.8290453 | 0.83646644

Urban
0.55918144 | 0.54801816
0.83321379 | 0.83010688

Speech
0.55295097 | 0.55760432

Table 5.3: Multi label CM evaluation set
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Table 5.4 shows summary scores during evaluation of the model; the F1
scores of both tasks, BCE loss, as well as the average angular error of the
localisation task.

Task F1 score | BCE loss | avg angular error
Identification | 0.3888 1.8251 -
Localisation 0.0730 0.3763 52.5

Table 5.4: Summary scores evaluation phase
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Chapter 6

Discussion

The loss graphs in figure 5.1 show that during training, the identification
task learns fast, while the localisation task descends slower. Additionally,
the train/test loss of the identification follows a similar descend pattern.
However, the training loss graph of the localisation descends faster after ap-
proximately twenty epochs compared to the test loss. It seems the model
starts over-fitting slightly, because the performance of the test set is not
improving as much.

From the summary scores we can see that identification performs well, with
a loss of 0.0858, and a F1 score of 0.9617. Localisation performs worse
compared to the identification, with a loss of 0.2976 and F'1 score of 0.1819.
These scores are lower also because the localisation task has nineteen classes
to predict. While identification only has five. The localisation task is harder
to predict because of the increased amount of alternative classes.

If one looks at the scores during evaluation of the model, it can see that the
identification is performing worse than localisation. This is another indica-
tion that the model was over-fitting on the training set. The localisation
task performed worse than during testing, it has a BCE loss of 0.3763, the
localisation confusion matrix shows the diagonal line. This means that the
model can perform the localisation task on an unseen test set to an extent,
it has the potential of being generalisable.

An interesting phenomenon that can be deduced from the localisation con-
fusion matrices is that the model predicts the sounds in front better. The
sounds on the sides are predicted with less accuracy. This is congruent with
the findings of Oldfield et al.[39] and also from the papers mentioned before
such as Francl & McDermott’s [6], they also found that accuracy of audio
localisation in humans is more accurate in the front and the least accurate
on the sides and in the back.

The identification task seems not the favour a particular class or cluster
of classes. Each class’ prediction have approximately the same true posi-
tive/negative and false positive/negative rate. From the evaluation scores
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not much can be concluded as it performs close to chance level when pre-
dicting on this data set.

Since this is to my knowledge the first biological inspired pure RNN net-
work trained on audio localisation and identification, it is hard to directly
compare it with other models. An interesting research to mention here is by
Vecchiotti et al. (2019)[40]. They trained a convolutional neural network
to perform audio localisation. Similar to this research they also fed raw
waveforms into the model. Their WaveLoc-CONV had around a 40 degree
angular error, this in the same range of error as the model investigated in
this paper. Their other tested models performed much better with angular
error of around 8 degrees. They discussed that the next step would be to
combine localisation and identification in the same model to see how it per-
forms.

Another interesting paper by Grondin et al. (2019)[12] used a CRNN for
audio localisation and detection. They found that their model outperformed
the DCASE 2019 base line system. However this model was purely trained
on optimisation of these tasks and has no similarities to human auditory
pathway, which makes it challenging to compare it to my RNN model.
Then, there is the paper by Van der Heijden & Mehrkanoon (2020), where
they trained a biological inspired neural network. It was trained and eval-
uated using euclidean distance and angular error. They found much better
results in angular error, namely values around 20 degrees. Furthermore, they
also found a similar error pattern in that the sounds are localised better in
the front and worse the more you go the sides and back.

6.1 Limitations

From the results of this paper I can conclude that the model, with the
current hyperparameters and input data, over-fits too much on the identifi-
cation task. This is observable if you look at the difference in performance
during testing versus evaluation. The F1 score and loss value over the test
set are rather good, considering that for the F1 score, 1 would be the highest
possible and for the BCE loss the value 0 means perfect prediction. How-
ever, we see a huge decline in performance in both scores when looking at
the evaluation set. For the localisation task over-fitting seems not to be a
big issue. The summary scores of the test and evaluation set are not as far
apart as for the identification task. The scores for the evaluation set are no-
ticeably worse which could mean the model is not generalisable in its current
state. I reckon that this behaviour is mostly because the training set is too
small. However, the model shows, especially for the localisation task, that
it has potential to show human-like characteristics. To confirm that this
model indeed has similar error patterns for the identification task, perhaps
a different architectural design is needed, or also, a bigger training set. Cur-
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rently, the model over-fits drastically on the identification task. Even when
simplifying the model, increasing dropout, and using layer normalisation I
could not see much improvement to the overfitting problem.

A second point that I did not look into is how GRU units map onto biological
neurons. Do the workings of a GRU resemble the mechanisms inside bio-
logical neurons? Are there better alternatives to make the model even more
similar to the human auditory pathway? Perhaps by changing some of the
layers to different types of neurons, we will see an increase in performance
or discover new behaviour that makes the model even closer to humans. A
promising starting point are the spiking neural networks (SNNs), these type
of networks function with spiking mechanisms similar to biological neural
networks [41]. This paradigm can give new insights into the dynamics of the
human brain.

Finally, another direction for future research is: How can this model be im-
proved further, whilst forgetting about the biological resemblance? In this
research I looked at a pure RNN using GRU trained on both localisation and
identification. Introducing convolutional layers will make the model benefit
from the high performance in feature extraction using spectograms. Addi-
tionally, one could introduce bi-directional GRU (biGRU) and investigate
its effects on this multi-task set up. Until now biGRU have been widely used
for speech and text classification [42, 43]. The audio classification tasks will
be an interesting addition to the field while also staying true to the power
of biGRUs. I expect it to perform as good if not better because of the addi-
tional attention mechanism that will be taken into account while predicting
the classes. Investigating these types of research questions will deviate away
from the biological inspired constraint, but nevertheless are interesting from
an Artificial Intelligence perspective. The possibilities are vast.
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Appendix A

Appendix

A.1 Results of model without layer normalisation
and 256 starting dimension

This model has similar layer architecture as the final model. Except that
this model is wider, it started with 256 hidden nodes, it also has higher
dropout probability (step wise increase when deeper into the network, i.e.
0.20 - 0.25 - 0.30 - 0.35 - 0.40). Additionally, this model did not have layer
normalisation. Which is one of the causes of this clear over fitting pattern.

Task F1 score | avg BCE loss | avg angular error
Identification | 0.9792 0.0505 -
Localisation 0.2589 0.3179 31.9

Table A.1: Summary scores test set old

Task F1 score | avg BCE loss | avg angular error
Identification | 0.3900 2.1782 -
Localisation 0.0752 0.4264 60.1

Table A.2: Summary scores evaluation set old
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Confusion matrix localisation task
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Figure A.1: Confusion matrix predecessor model test set
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Figure A.2: Confusion matrix predecessor model evaluation set

One can clearly see, due to the much more random confusion matrix,
that the model is indeed over fitting. The test set shows a clear diagonal,

which indicates high prediction accuracy.

However, when looking at the

evaluation matrix the predictions are spread over a much wider array.
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Figure A.3: Identification MCM predecessor model test set
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Figure A.4: Identification MCM predecessor model evaluation set

Similar results can be seen in identification MCM. In figure A.3 the
scores are rather good, the true positive and negative rate are near perfect.
However, when looking at figure A.4 we can see a drastic shift, where the
scores almost indicate pure chance. Another indication of over-fitting of the
model.

83322987,
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and higher dropout
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A.2 Model with 128 starting hidden dimension

This model was the first model where I narrowed the model to counter the
over-fitting problem. Also, I increased the dropout probabilities to see if that
helps. This model still does not use layer normalisation. Unfortunately, as
can be concluded from the scores, it needed much more tuning before we
can conclude whether this change was a step in the right direction or not.



Task F1 score | avg BCE loss | avg angular error
Identification | 0.9843 0.0409 -
Localisation 0.4103 0.2265 23.5

Table A.3: Summary scores test set old model 2

Task F1 score | avg BCE loss | avg angular error
Identification | 0.3938 2.5889 -
Localisation 0.0817 0.5140 55.6

Table A.4: Summary scores evaluation set old model 2
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Figure A.8: Identification MCM predecessor model 2 evaluation set
In summary, we can see this clear pattern of good results in test phase,

but significantly worse results during evaluation. This is an indication that
this model is not generalisable and thus over-fitting on the train/test set.
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