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Abstract

Non-intrusive Load Monitoring (NILM) is a technique to estimate the energy con-
sumption of individual devices from their aggregated consumption. Using NILM can
help in making energy management more efficient, leading to energy savings and
thereby, saving costs associated with energy. Most of the research in NILM has been
done in residential settings. This thesis makes a contribution to address this shortage
in research of NILM in industrial settings. We have performed a comparative analysis
of different deep learning algorithms on datasets from two German factories. Our
investigation shows that the BERT algorithm performs the best on all the devices
used for the analysis. We also find out that using reactive power along with active
power as input features improves the results. We also make an extensive compari-
son of the performance of NILM algorithms using combinations of various sample
rates and sequence lengths. The results indicate that there is no universal optimal
sequence length and it varies according to the choice of sample rate. We also test
the transferability of the CNN-based Sequence-to-Point algorithm to verify if the

learnings from one device can be transferred to another device in the same factory.
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1 Introduction

With rising energy prices and the looming economic downturn in Europe catalyzed
due to the Russian invasion of Ukraine, saving costs wherever possible is extremely
vital. On top of that, savings in energy consumption portend positively with regard

to climate change and the emission targets set by the German Federal Government,
which intends to achieve the net zero target by 2045. With the increasing usage of
renewable sources of energy, the volatility in the grids also rises. Smart meters in-
stalled in the grids can help in creating e cient energy management systems. Energy
management systems can help in implementing energy-saving measures as well as
cost-saving measures. One aspect of energy management systems is load monitoring.
Load monitoring refers to the monitoring of various devices in a power network. Using
load monitoring has several bene ts. It can help in providing real-time feedback
on energy consumption to the consumers. Figure 1 shows how providing real-time
appliance-speci ¢ feedback can a ect the energy consumption of consumers, with up
to 12% savings for real-time feedback for individual appliances.

Figure 1: Energy savings due to advanced levels of feedback [1]

Another bene t of load monitoring involves anomaly detection in the working of the
devices P]. A study [3] evaluated the potential use of Demand Response. Demand
Response is where a power supplier attempts to make the consumer shift their demand.



Consumers are discouraged from consuming electricity during peak hours and are
availed of electricity at a price based on their time of use. Load monitoring was
used to recommend discount o ers to those customers who were willing to defer their
use beyond peak hours. Load monitoring has also found usage in Ambient Assisted
Living (AAL) as shown in [4]. The switching on and o of household appliances can
be used to infer the status of elderly people, such as the changes in their patterns of
activity, sleep disturbances, inactivity, etc. One more application of load monitor-
ing can be in Condition-based maintenance (CBM). Unlike traditional maintenance
which follows a particular schedule, CBM conducts maintenance based on data col-
lected from equipment condition monitoring. The aim of CBM is to detect minor
failures to avoid major failures. The data can warn of failure which can assist in decid-
ing when to conduct equipment repair. An overview of these bene ts is provided ing].

We will introduce two terms, main meter, and submeter. Taking the example
of a household, the main meter measures the aggregate consumption of the entire
household whereas the submeters measure the consumption of the individual devices
in the household. Load monitoring can be doneintrusively ', by installing submeters

to the individual appliances to measure their consumption. Although, connecting
submeters to individual devices is a very costly operation to scale up and it also
brings with it the challenge of greater technical hardware expertise. In contrast to
this, Non-Intrusive Load Monitoring (NILM) technique estimates the power
patterns of individual appliances by disaggregating the main meter readings into
its individual components. Therefore, Non-Intrusive Load Monitoring is a low-cost
alternative solution compared to Intrusive Load monitoring. Various algorithms have
been developed for NILM and deep learning algorithms are currently state-of-the-art
algorithms.

1.1 NILM for industrial data

Most of the experiments in literature that use NILM techniques and the bene ts
described above are for the residential use case. This is because a multitude of
datasets of residential consumption signals is publicly available from di erent regions
of the world. A plethora of research work has been conducted keeping in mind
this residential setup. Compared to this, the research regarding industrial settings
has not reached the same level. In Germany, for instance, only 26% of electric



consumption takes place in residential buildings. Whereas with a share of 44% of
electric energy consumption, the industrial sector has a large potential for energy
savings. Despite this, very few industrial datasets are publicly available to perform
NILM tasks. An important work is presented in [6]. In this paper, they performed
an evaluation of various NILM algorithms including non-deep learning algorithms
on their dataset HIPE, High-resolution Industrial Production Energy data set [7].
Here, they showed that the deep learning algorithms easily outperformed the legacy
algorithms used for industrial NILM tasks. These algorithms are described in the
Related Works chapter. Their results also showed that the deep learning algorithms
perform worse on their dataset as compared to other well-known benchmark residen-
tial datasets. This HIPE paper is the starting point for the research work in this thesis.

In this thesis, we have performed several disaggregation tasks on datasets from
two German companies. One company is a plastic recycling company while the other
one produces micromechanical parts. While the HIPE dataset only includes 2 months
of data, our datasets have up to 2 years of data. We have also evaluated various NILM
algorithms on our datasets, but our work also includes the state-of-the-art BERT
algorithm [8] not used in HIPE. In our thesis, we have also made use of more features
compared to the HIPE paper, which has only used active or real power measurements.
Further di erences to the HIPE dataset are described in the Related Works chapter.
Thus, using our dataset we have performed a more comprehensive analysis, which
can provide more concrete inferences. The investigation of NILM techniques on
industrial data beyond the scope of literature is another step towards improvements
of applications of NILM techniques in an industrial setting. These applications, as
discussed previously, include but are not restricted to energy management, appliance
anomaly detection and, maintenance. Our study brings us closer to realizing these
bene ts for the companies selected in this thesis. Even small savings in energy
consumption can help these companies to a large extent. Also, these companies have
to pay for the monitoring of their devices. With successful NILM strategies, even
such costs can be averted. In the scope of the DABESI projeétNILM techniques
are planned to be tested in an energy system that contains a battery storage system.
So, a potential application that could arise is that of peak shaving. The companies
must pay additionally for the peaks in their energy consumption. The higher the
peak, the more they have to pay. This means identifying devices that cause these

Ihttps://de.statista.com/statistik/daten/studie/236 757/umfrage/stromverbrauch-nach-sektoren-
in-deutschland/
Zhttps://www.ise.fraunhofer.de/en/research-projects/dabesi.html



peaks becomes an important task. Although beyond the scope of this work, NILM
techniques can help an energy management system by providing this information.
This can lead to economical improvements in battery usage. The research presented
in this thesis contributes to progress towards this task.

1.2 Formal de nition of the problem statement

Let the observed aggregate time series be represented Ky= ( X1, X2, ..., X1) where
Xt 2 R is the aggregate power measured at timé. It is assumed that the aggregated
time series X is a composition of the appliances contained in the building. Let there
be m number of appliances in the building. Each appliance time series can then be
represented byY; = (Y1, Yi2,..., Yit) whereYj 2 R. and 1 < =i <=m. Now, the
aggregated signalX; at time t can be represented as the summation of the power
measured of the constituent appliances at timd.

xn

Xi = Yie + ¢,
i=1

where  is the error at time t.

The goal of NILM is to predict the unknown signals Y; given only the aggregate
signal X. Figure 2 shows how disaggregation is performed in a simpli ed manner.
The time-series plot on the left of the gure (main meter) shows the aggregated signal
which is input X for a NILM algorithm. The NILM algorithm, using X, then predicts
the two target appliance signalsY;, denoted by Starlinger and Schredder.



Figure 2:  The input aggregated signal (main meter) is used to predict the two target appliance

1.3

signals (starlinger and schredder)
Contributions

Created the converter to convert data les of the two companies into NILMTK-
DF.

Analyzed and visualized the datasets.

Converted LSTM, BERT and CNN-based Seqg2Point models into multi-input
models and assessed the e ects of using multiple combinations of input features.

Improved the performance of the BERT algorithm as implemented in NILMTK-
Contrib, 2 both in terms of speed and prediction acccuracy.

Performed hyperparameter optimization on the BERT algorithm using the
Optuna Library to nd the con guration which gives the best results.

Analyzed the in uence of sample rate and sequence length on the results of
various NILM algorithms.

3https://github.com/nilmtk/nilmtk-contrib



" Compared the performance of various NILM algorithms between the individual

~

1.4

devices.

Performed transfer learning to verify how well the CNN-based Seq2Point algo-
rithm can generalize to other devices.

Adapted the NILMTK API to run the multi-input variant of the deep learning
models and to run the algorithms in inference only mode.

Overview

The rest of the thesis is structured as follows:

" In Chapter 2, we describe di erent works covered in the literature related to

the thesis.

Chapter 3 gives background information on NILMTK and various deep learning
architectures used in the thesis.

In Chapter 4, we describe the datasets used in the thesis.

We provide speci cations about the deep learning algorithms used in the thesis
in Chapter 5.

The results of the experiments and their analysis are described in Chapter 6.

Chapter 7 contains the conclusion and the future works.



2 Related Work

Non-Intrusive Load Monitoring, henceforth referred to as NILM in this chapter, has a
long history. Section 2.1 gives a brief overview of the legacy algorithms used before the
deep learning algorithms became state-of-the-art methods. We also explain the usage
of various deep learning methods in NILM tasks in Section 2.2. Finally, we mention
the HIPE paper [6], already introduced in Chapter 1, which provides inspiration and
forms the starting point of our thesis work in Section 2.3.

2.1 Legacy Algorithms

The idea of NILM was proposed by George Hart9]. The rationale was to predict the
energy consumption of individual devices in a circuit, without the need to ‘intrusively'
capture their consumption information by placing submeters on each of these devices.
The idea is very simple. The 'signatures' of each device are noted. A simple edge
detection technique is then used to predict the energy consumption of the devices.
Figure 3 gives an idea of this technique.

Figure 3: Plot of total electric power consumption vs time in a two-hour period [ 9]. The spikes
indicate the switching on/o of devices.

The gure shows a plot between total power consumption and time. The spikes in
the plot indicate that a new device is switched ON/OFF. Since the signatures of
each device are already known, these spikes help in understanding which devices have



changed their state (ON/OFF) and calculating their power consumption. Although,
this approach has some practical limitations. An appliance having multiple states
(operating at various power levels) must be treated as separate devices. Also the
appliances that run continuously with variable power cannot be detected correctly
using this method.

Another approach to have been commonly used for energy disaggregation tasks
involves Hidden Markov Models (HMM). The Factorial Hidden Markov Model
(FHMM)  that was used by Kim et al. [10] was able to deal better with devices
with multiple states. But the major disadvantage of using such a model is that its
complexity rises exponentially with each increase in the number of devices to be used.
Additive Factorial HMM (AFHMM) is used in [ 11] such that each device has an
independent HMM. This resulted in vastly reducing the complexity, with the model
scaling linearly with the number of HMMs.

Mean algorithm is a simple baseline algorithm. The mean value from the training
data of the appliance is the predicted value of that device at all times. This mean al-
gorithm is especially useful to compare the performances against the above mentioned
models. These models in some cases perform even worse than the mean algorithm
when evaluated using root mean square error (RMSE).

2.2 Deep Learning Algorithms

The advent of algorithms using neural networks changed the landscape of research in
NILM. The performance improved drastically. This solved the issue of the need to
additionally provide the 'signatures' of the appliances. So, to say, the user did not
have to worry about the feature extraction step. With the increase in the processing
capabilities of GPUs and large amounts of data, it has become possible to train very
complex neural networks with high representational power. This has made deep
learning methods a very popular choice to solve NILM tasks. Several deep learn-
ing architectures have been implemented to perform this task of energy disaggregation.

Kelly and Knottenbelt [ 12] were the rst ones to propose using neural networks
for NILM. They compared di erent methods which were evaluated on a popular resi-
dential dataset called UK-DALE [13]. In the rst method, they made use of Recurrent



Neural Networks (RNN). These kinds of neural networks are well suited in handling
sequential data. Since RNNs su er from the problem of vanishing gradients, they
modi ed their RNN model to use a bi-directional LSTM in the second method, which
improved the prediction performance. They also used @enoising autoencoder
(dAE) . Basically, it is used to reconstruct a noisy signal 14]. In this case, the noisy
signal is the aggregate power signal which includes the 'noise’ from other appliances
and the 'clean’ signal is that of the target appliance. A separate neural network
exists for each device. The usage of Gated recurrent units (GRU) is proposed it4].
Using GRUSs resulted in a model that was more computationally e cient without a
degradation in performance.

Sequence-to-Sequence (Seq2Seq) and Sequence-to-Point (Seq2Point) learning were
implemented using convolutional neural networks (CNNSs) in L6]. This produced
state-of-the-art results when it was published. Using a sequence of CNN layers made
the training process much quicker compared to LSTMs. It also alleviated the problem

of vanishing gradients in RNNs. Both Seq2Seq and Seq2Point make use of sliding
windows. In Seq2Seq, each sliding window predicts an output of the same size as the
input whereas Seq2Point makes a prediction for the midpoint of the window. The
Seg2Point model using CNN layers produced better results than the Seq2Seq model
in [16] and plays an important part in this thesis.

While transformers [17] were developed for Natural Language Processing tasks,
they have also found applications in time series analysis tasks. Lin et al18] were the

rst ones to use an attention-based neural network for NILM. They implemented both,

an encoder only and an encoder-decoder based model. BERT4NILMY] proposed a
model based on Bidirectional Encoder Representations from Transformers (BERT].

In the deep learning models described before, the loss function used is mean squared
error (MSE). The authors of BERT4NILM also adapted the loss function. They
included KL Divergence loss along with mean squared error. The authors reported
better performance than CNN-based models.

An interesting adaptation of the CNN-based Seq2Point model is used for trans-

fer learning in [20]. Here, the authors provided a comparative analysis of using

transfer learning between di erent devices of the same dataset and also across the
datasets. In R1], the authors proposed using an ensemble of pre-trained CNN-based
Seq2Point models for transfer learning.



2.3 HIPE

Most of the research work described above was applied on housing/residential datasets.
Our focus in this thesis is on industrial data. HIPE - High-resolution Industrial
Production Energy [7] attempted to address this shortage of industrial energy con-
sumption data for NILM. They provided high-resolution measurements of 10 machines
over a time period of 3 months. These machines operate at the Institute of Data
Processing and Electronics (IPE) of Karlsruhe Institute of Technology (KIT) in
Germany. In another paper p], they described the conversion of their dataset to a
format compatible with NILMTK [ 22]. NILMTK, which will be discussed in greater
detail in the coming chapters, provides a common framework for comparative analysis
of various NILM algorithms on various datasets. They followed up by comparing
various algorithms mentioned above on their HIPE dataset. This paper lends us
inspiration to perform a similar comparative analysis. In the remainder of the section,
the di erences with their approach are discussed. While their data has a very high
resolution (in seconds), we possess data at a lower resolution (in minutes). Our
thesis also constitutes multiple input features whereas they have only used 'active’ or
'real' power measurements. Our dataset also includes solar PV systems that generate
power, thus adding negative values to our signals. In the HIPE dataset, all the signals
only have positive values. We also make use of various machines from 2 di erent
types of factories. It should also be noted that the consumption of their machines
only adds up to 10% of the total consumption of their main meter. Therefore, they
have to 'arti cially' aggregate their appliance readings for reasonable predictions.
Arti cial aggregation, in this case, is nothing but adding the measurements of each
device which forms the new main meter readings. While this approach makes sense
for theoretical experiments, it is not useful in practical implementations. We do not
have to arti cially aggregate our data because the proportion of sub-metered data
compared to the main meter data is much higher than the HIPE dataset. In our
experiments, we also involved the transformer-based models, which were not provided
in the HIPE paper. They tabulated the results using NDE as an evaluation metric.
NDE will be described in more detail in the next chapter. Their results show that
the CNN-based Sequence-to-Sequence and Sequence-to-Point algorithms were the
best performing algorithms and obtained an NDE of 0.72 and 0.73 respectively. Since
NDE is a normalized metric it can be compared across datasets as well.

10



3 Background

This chapter presents an overview of Non-intrusive Load Monitoring Toolkit (NILMTK),
and introduces various neural network architectures, along with relevant notations,
and de nitions for the reader to understand the following chapters. The Sections 3.1
and 3.2 follow the structure and draw inspiration from [23]. Additional references for
the individual subsections are the following: For Section 3.2.1, the references include
[24] and [25]. For Section 3.2.2, the references includ&f], [27], [28], [29], and [30].
For Section 3.2.3, the references includg]] and [32]. For Section 3.2.4, the references
include [33] and [34]. For Section 3.2.5, we have referred to [35].

3.1 NILMTK

NILMTK forms an essential part of the thesis. NILMTK is an open-source toolkit
that enables comparative analysis of various energy disaggregation algorithms in a
reproducible way R2]. NILMTK provides an end-to-end pipeline right from dataset
preprocessing to the analysis of the datasets using various algorithms. The motivation
of the authors of NILMTK to implement this toolkit was to facilitate the users in
performing analysis on already existing datasets. The second purpose was to enable
the smooth integration of new datasets and algorithms. NILMTK is implemented

in Python. Figure 4 shows the catalog of features available in NILMTK. NILMTK
supports various existing datasets by converting them into NILMTK-DF. NILMTK-

DF is a data format based on the REDD format [LO]. There are several scripts
available in NILMTK accounting for converting various publicly available datasets

in this standard format. With slight modi cations, one can easily use this for their
own dataset. Once this conversion is performed, one can calculate several relevant
statistics like the proportion of electrical energy consumed by individual appliances,
the proportion of energy sub-metered, etc. The proportion of energy sub-metered
indicates the ratio of the sum of the measured energy of individual appliances to the

11



measured energy of the main meter. This statistic can be important in the way that

it can a ect the predictive performance of the disaggregating algorithms. Several
preprocessing functions are available like downsampling, dropping NaN values, etc.
Downsampling here simply means sampling down to a user-speci ed frequency of
the time-series data. As already mentioned, the toolkit also provides disaggregation
algorithms (both neural network-based and non-neural network-based). The neural
network-based algorithms are written using Keras. Keras is a library that provides a
Python interface for arti cial neural networks. Our focus in this thesis is entirely on
deep learning algorithms. An overview of the deep learning algorithms will follow this
section. Several evaluation metrics, as proposed in the literature, are also available to
compare the performance of these algorithms. An API is also provided by NILMTK
which makes it very easy and e cient to conduct various experiments. This API
allows the users to focus on which experiments to run rather than on the code required
to run such experiments, making it very simple to provide reproducible experiments.

Figure 4: NILMTK pipeline [22]

3.2 Deep learning

Deep learning is a machine learning technique that uses layers of Arti cial Neural
Networks (ANN) for the learning process. Deep learning algorithms dier from
traditional machine learning algorithms in that they largely eliminate the requirement
for manually selecting and extracting data features. In this section, we discuss various
neural network architectures that are relevant to the thesis.

12



3.2.1 Arti cial Neural Networks

Arti cial Neural Networks (ANNs) are named somewhat inspired by the biological
neural networks that develop the structure of a human brain. The human brain
has an interconnected network of neurons and similarly, ANNs consist of neurons or
nodes interconnected to each other in various layers of the network. There are several
di erent architectures of neural networks and we start by describing the multi-layer
perceptron (MLP).

The multi-layer perceptron is one of the most basic neural network architectures. It
consists of interconnected nodes divided into three types of layers: input layer, hidden
layer, and output layer. Each neuron in one layer has connections to all the neurons
of the subsequent layer. This way, the numerical input data undergoes a series of
non-linear transformations using activation functions to produce the output at the
output layer. An MLP can consist of more than one hidden layer which is where it
gets its name from. Figure 5 shows an example of an MLP model which contains N
hidden layers. The connections between each node have a certain weight.

Figure 5: MLP deep learning architecture [36]

13



Consider the input vector to be x. The pre-activation for the input vector X is given
by:

7z = WwOT x4+ p® 1)

where W is the weight matrix and b is the bias. Then we apply a non-linear activation
function f(z). This computation is given by:

h® = £ @ (zD) 2)

So for a layern, the pre-activatons and activation are calculated in the following
way:

z(M = WMT K 1) 4 ) (3)

h(M = £ M (z(M) (4)
The nal output ¢ of the output layer if we have one hidden layer is given by :

g=fAOWATEOWDTx 4+ pD)+ p@) (5)

The value ¥ is the predicted output of the model, which is evaluated against the
actual output y. We can choose the number of hidden layers in the network, the size
of each layer (the number of neurons) and the non-linear activation that we would
like to apply in each layer. The representational power of the model increases as we
increase both the number of layers and the size of each layer. Thus, we can basically
approximate any function by making an MLP arbitrarily large.

3.2.2 Training a Neural Network

Since we are provided with target values in our energy disaggregation task, this
method of learning is known as supervised learning. In this method, the predicted
output ¢ from the model is compared to the true value y or the ground truth over
various iterations or epochs to predict a value as close as possible to the ground

14



truth. For this to be possible the weights W and the bias b are updated after each
epoch and are called as the trainable parameters. To start the rst round of the
forward propagation in the neural network, the weights and the biases are initialized.
A common practice is to randomly initialise these parameters. The computations
take place at each layer as shown in Equations 3 and 4. Finally, the error betweeh
and y is calculated using a loss function. This marks the end of one round of forward
propagation in the neural network.

Loss Function helps in evaluating how well our algorithm is performing. The
task of a neural network model is to optimize on this loss function, either minimize
or maximise it, depending on the type of the task one has to perform. In a regression
task, a common loss function used is the mean squared error (MSE) given by:

1 R
LY=o O 9P ©)

i=1

wherey; is the i ground truth and ¥ is the i!" predicted value and M is the total
number of predicted outputs.

As mentioned before, the weights and biases need to be updated. This takes place
using Backpropagation . Basically, we calculate the gradient of the loss function
with respect to the model parameters. The weights and biases are then updated by
adding the negative gradient of the loss function to them.

i,y

Wupdated = Wold m (7
Woig IS the old weight, @@(v);ff) is the gradient of the loss function to the weight,
Wypdated IS the updated weight and is the learning rate  which governs the e ect of
the gradient of the loss function on the weights. The biases are also updated similarly.
The weights and biases are updated in the reverse order as that of the forward pass.
After a round of backpropagation is completed, another forward pass takes place
and the loss is calculated and again backward propagation takes place to update the
model parameters to reduce the loss in the next forward pass. This continues until

we achieve as low error as possible.

Adam [37] is a popular optimization technique to dynamically change the learning rate.
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The name Adam is derived from adaptive moment estimation. An exponential moving
average of the gradient and the squared gradient of each parameter is accumulated.
This is used to adapt the learning rate for each parameter. This results in the model
being able to learn faster for parameters that require large value changes, and slower
for parameters that need small value changes.

Once this training of the neural network is done, the most optimal model is saved
which is then used on the previously unseen 'test' dataset to make the predictions.
As already mentioned, one can make a neural network as large as possible to model
complex functions. It may happen that these models even learn the noise in the
"Training' data. This could result in the model not performing accurately for the
unseen Test data, which defeats the purpose of using this model. This e ect is known
asovertting . Since neural networks have very high representational power, it is
very important to avoid over tting. Therefore, several regularization techniques
can be used to generalize the model making it less complex and less prone to over tting.

Dropout is a simple way to prevent neural networks from over tting [38]. Us-
ing dropout, some of the nodes in the model are randomly 'dropped out'. Basically,
we multiply the outputs of these units by zero. The user can decide how many nodes
must be dropped out. This parameter is called the dropout rate. This technique
makes the model more robust to noise and leads to better generalization.

Another important aspect in the training of a neural network is hyperparameters

The weights and the biases are the trainable parameters of the model. Hyperparame-
ters are those parameters that are set before running the neural network model. These
values are chosen by the user, but unlike the weights and biases, these values are not
updated by the model. Choosing optimal hyperparameters is also an important task
to improve the performance of the model. There are several kinds of hyperparameters,
like the number of layers in an MLP, the number of units in an MLP, the learning
rate, the dropout rate, etc.

3.2.3 Convolutional Neural Networks
Convolutional Neural Network (CNN) is an architecture of neural network primarily

designed for image classi cation tasks. CNNs contain at least one convolutional layer.
In each convolutional layer there can be one or mordters or kernels . Kernel size is
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generally much smaller than the input image size. Convolutions are linear operations
between the kernel and the input. The weights in these kernels are the trainable
parameters that are updated after each epoch. These kernels are updated to learn to
identify spatial dependencies in the input. For images, 2D-Convoltions are used but
recently the idea of CNNs has also been extended for time series analysis which uses
1D-convolutions.

The diagrammatic representation of the architecture of 1-Dimensional convolutional
neural network is shown in Figure 6. Using this gure, we can shed more light into

Figure 6: One-dimensional convolutional neural network (1D-CNN) architecture [39]

how convolutions work. Let the 1-D input x = ( X1,X2,..Xn) have a size of n. Let there
be m kernels. Each kernel in the rst convolutional layer is shown to have a size of 3.
Firstly, it computes a dot product with x1,X» and x3 and adds these products. Then
it slides with a stride s across the input. If s=1, then the same operation will be
repeated with x2,Xx3 and x4 and so on until X, 2,X, 1 and x,. An activation function

is applied on this result. This operation is carried out in parallel for all the m kernels
in this layer. This output is the input for the next convolutional layer. Less complex
features of the input are detected in the earlier convolutional layers and with each
convolutional layers more complex features are detected, by combining the simpler
features from the previous layers.
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The displayed architecture was only used to explain the working of CNN. More
re ned models also involvepooling layers. Pooling is a downsampling operation.
Using pooling we want to make the model more robust against small translations in
the input. There are two types of pooling commonly used:

" Average Pooling: Calculates the average value for each patch of the feature
map. The size of a patch is also a hyperparameter.

" Max Pooling: The maximum value for each patch of the feature map is calcu-
lated.

3.2.4 Recurrent Neural Networks

Recurrent neural networks (RNNs) are a type of neural network in which the results

of the previous step are fed into the current step as input. Thus, RNNs became
a popular choice for sequential data. For example, to predict the next word in a
sentence, previous words that provide context are also important. Since an MLP
takes each input independently of one another, it is not the preferred architecture for
sequential data. The Figure 7 shows the architecture of a recurrent neural network.
Let input x=( X1, X2,...%;). The current hidden state h; is generated by the previous

hidden state h; 1 and the current input x;. The equations used are as follows:

& =b+Wh 1+ Ux (8)

hy = f(a) )

where b is the bias, U and W are the weight matrices and f is an activation function.

Long short-term memory (LSTM)

Long short-term memory networks, generally known as LSTMs is a variant of RNN.
Vanilla RNNs struggle to capture long-term dependencies and su er from the problem
of vanishing gradients. Basically, the gradients calculated during backpropagation
tend to zero which leads to the model parameters not being updated e ectively.
LSTMs help in addressing these issues. Figure 8 shows the architecture of a single
cell in an LSTM network.

18



Figure 7: Recurrent neural network architecture. Retrieved from towardsdatascience.com

Figure 8: Architecture of LSTM. Image Credit: Christopher Olah

LSTM also has a hidden state which can be thought of as short-term memory. The
current hidden state is represented byh; and the previous hidden state byh; ;. It
also includes cell state which can be thought of as long-term memory. The current
cell state is represented byc; and the previous hidden state byc; 1. The other
components of an LSTM cell are forget gate, input gate and output gate.

The forget gate is responsible for deciding how much information from the previous
timestamp is carried to the next one. The following equation describes its operation:

fo=" (Wr [he 1,%]+ by) (10)

where W; is the weight matrix and b; is the bias at the forget gate and is the
sigmoid activation function.

To compute the current cell state, we rst perform operations on the input data using
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the input gate which calculates the vectori;. A new candidate vectore; is formed
using a tanh layer. These values; and ¢, along with the previous cell statec; ; are
used to update the current cell statec;. The equations are as follows:

it = (Wi [h 1,x]+ b) (11)
& = tanh(W¢  [he 1, %]+ bc) (12)
c=f o 1+it & (13)

where W; is the weight matrix and b; is the bias at the input gate. W, is the weight
matrix and b is the bias for&.

The hidden state h; is updated using the output gate and the current cell state.
The equations for the same are given by:

o= (Wo [he 1,%]+ bo) (14)

hh =0 ¢ (15)

where W, is the weight vector and b, is the bias at the output gate. The current
hidden state and the current cell state then carry this information to the next
timestamp.

3.2.5 Transformers

The paper 'Attention Is All You Need' [17] introduced a deep learning model called
Transformer . Transformers make use of attention mechanism. The use of recurrence
and convolutions is done away with entirely in these Transformers. Since Transformers
can deal with the entire input sequence at once, they have an advantage over RNN
models in that, the transformers are more parallelizable and hence take less time to
train. Figure 9 depicts the architecture of Transformer as described byl[7]. The
main components of the Transformer are as follows:

" Token Embedding Token embedding embeds the input sequence into a vector
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Figure 9: Architecture of the Transformer model [17]

space of user-de ned dimension. This is especially useful for Natural Language
Processing (NLP) tasks.

Positional Encoding: Positional encodings are used to provide positional in-
formation about input tokens. A vector of the same dimension as the token
embedding vector is generated. These vectors are added to each other and are
passed on to the encoder block (on the left side of the Figure 9). To give an
example, words can have di erent meanings in di erent sentences. Positional
encoding helps in yielding contextual information of these words based on their
position in the sentence.

Attention : The Attention Mechanism is the most signi cant aspect of this model.
Basically, an attention vector is generated for each input of the input sequence
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which highlights the relevancy of other inputs of the input sequence with respect
to that particular input. This way more relevant inputs are weighted higher.
Figure 10 describes the attention mechanism. As the Figure 10 indicates, there

Figure 10: Attention Mechanism [17]

are 3 tensors used, namely Q (query), K (key) and V (value).

Scaled Dot-Product Attention . This de nes the operation of a single
attention block. Firstly, a dot-product between the tensors Q and K is calcu-
lated and then scaled. This multiplication calculates the scores between each
input and all the other inputs in the input sequences. A softmax function
is then applied so that the scores add up to 1. Finally, this softmax score is
multiplied with the tensor V.

: KT
attention(Q, K, V) = softmax %d— \% (16)
k
Multi-Head Attention . The transformer model as shown