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Abstract

Significant improvements have been made in machine learning and deep learning over the
last years in all their fields. This improvement is a result of the continuous development of
hardware and the increasing amount of available data. However, building a deep learning
model is quite demanding and costly in terms of resources. The purpose of this thesis is to
propose a transfer learning method that can train a model with the use of limited data and
the minimum required resources, whilst being very precise. To demonstrate that, we will use
convolution neural networks for classification problems and we will see how this method
performs. More specifically, we will use a pre-trained CNN model and test it on a new dataset:
initially, we will train the model in different ways aiming to decide which one performs better.
For instance, selecting to train just the fully connected and the last 2 convolution layers, is
one of the cases that we will check in all of our tests. Thereafter, we will collect our data and
compare the cases in terms of their accuracy, loss, and energy consumption. Lastly, we will

evaluate the different implementation options and analyze the results.
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META®EPOMENH MAOHXH XE IIEPIBAAAONTA
MIKPOXKOIIIKHYX BAOEIAX MAOHXHX

BAZIAEIOZ AYTNOX
Iepiinyn

INUavTikég BeATIOOoELG £xovv Yivel otn unyavikn kot ) Babid udbnon ta terevtaia xpo-
via 6€ OAOLG TOVG TOLEG TOVG. AT 1 PerTimon elvan amoTéAes O TG GLVEYOVS OVATTTVLENC
TOV DAIKOV KoL TOL 0vEavOpEVOD OYKoV ToV dabéciumy dedopévav. Qotdco, 1 dnpovpyio
evog povtédov Pabdiac pabnong etvarl apkeTd amotnTiky Kot domavnpn and TAELPAS TOP®V.
O okomdg VTG TG NMAGUATIKNG epyaciog ivol va mpoteivel o pébodo transfer learn-
ing mov umopet va eKmodeHoEL VoL LOVTEAO LE TN (PNOT TEPLOPIGUEVOV JEGOUEVMV KO TOV
EMIYIGTAOV OTOLTOVUEVAOV TTOPOV, YOpic va peiwbet n axpifela tov anotelecpatov. ['a va
T0 amodgifovpe avtd, o ¥PNCYLOTOMNGOLLE VEVPOVIKA OTKTVO GUVEMENG Yo TPOPA LT
ta&wvounong kot Ba dodue mdg amodidel avty N pnéBodog. ITo cvykekpéva, o ypnotpo-
nomoovpe Eva TPoekmadeLéVo poviélo CNN kot o to dokipudcovpe o€ £va vEO GUVOAO
dedopévav: apykd, Bo ekTodeHGOVUE TO HOVTEAO LE OLUPOPETIKOVS TPOTOVG, LUE GTOYO VO
OTOPAGIcOVE TTO10 0modidel kaAvtepa. [ Tapddetya, 1 ETA0YN Yio EKTaidELET LOVO TV
TANP®G GLVIESEUEVMV KOl TV TEAELTAIWOV 2 eMTEd®V GLUVEMENG, vt pio amd TIg TEPITTO-
oelg ov Ba eléyEovpie o€ OAEG TIG DOKIUES LG, 2T GLVEXEL, B0 GLALEEOVLE T OEOOUEVOL LOIG
Kot O GLYKPIVOLLE TIC TEPIMTMOELG OC TPOG TNV AKPIPELD TOV ATOTEAEGLATOV, TNV OTMOAELL
Ko TNV Kotovaimon evépyetog. TELog, Ba aEloAoYNGOLLLE TIG SIUPOPETIKES EMAOYEG VAOTTOL-

nong Kot B avaAHGOLLLE TOL ATOTEAEGLLOLTAL.
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Chapter 1

Introduction

With the rise of technology, the number of devices that are connected to the internet is
increasing and so a lot of new data are being produced. The problem is that it is not so easy
to have a server where that data can be stored and processed as it is expensive and sometimes
it can be time-consuming, therefore we need a way to process data as they are being created.
For instance, a farmer can have a system on his crop with devices such as cameras and sensors
which help him identify quickly plant diseases, the need for water or pesticides, and so on. All
these devices produce data that must be sent to a server, processed, and then used to make a
decision. This procedure is not ideal because it can be slow and not keep up with the produced
data, so we need to find a way to work with real-time data. Numerous examples show the
significance of fast processing of real-time data, such as self-driving cars, medical devices,
face recognition from security cameras, traffic cameras, and many more. So, is mandatory
to find ways of using real-time data quickly. Having the ability to process the data on the
device that is created is the key to solving this problem. This method though has 2 main
drawbacks, energy consumption, and computational power. Machine learning is very costly
in both energy and computational power so in order to process the data on the device itself
we need to find a way to make a machine learning lighter without sacrificing any accuracy
and also reduce the computational power. This idea is not new as a lot of research has been
done on this problem and a lot of methods have been proposed to make machine learning
work on small devices (tiny machine learning). Most of these methods can be combined for
a good result. The simple train-load method is the most usual way machine learning is used
from small edge devices. This means that first, they collect the data, they create a model

for the needs of the problem, train it and then load the weights to the edge devices. This



2 Chapter 1. Introduction

technique solves the problem of the time and storage as this is done on the devices but with
this approach, models are not being updated as the new data are coming. So, it is important
for the new methods that are being proposed to try to solve both the energy-computational

power problem and keeping up to date the model as the data come.

1.1 Motivation

Deep learning has demanding requirements in data as they need thousands or even mil-
lions of data to make good predictions. Training them is expensive in both time and resources
but the biggest problem is that the models are trained for a specific task to do. Transfer learn-
ing is the technique that has been proposed to help with these problems. This technique can
help reduce time, and energy consumption and take advantage of both the previous dataset in
which the model has been trained and the new one. Tiny deep learning problems are the ones
that transfer learning is solving, time, energy consumption, and memory consumption. There
is a lot of research done in this field combing transfer learning and tiny deep learning envi-
ronments. For instance, research[|l]] has been done to combine federated and transfer learning
in small edge devices for deep learning networks, so we can see transfer learning can be used
in various ways. We wanted to utilize transfer learning to train deep learning models with

few resources and without sacrificing accuracy.

1.2 Related work

Transfer learning due to its rise in fame in recent years has been used in numerous re-
searches. This paper [2] has used deep convolutional neural networks for Computer-Aided
detection with different techniques. They found out that when they trained a CNN from
scratch and with transfer learning from the ImageNet dataset or Pascal dataset, the second
performed much better than the first. When they took the pre-trained model, they lowered
the learning rate to 10 times less than it was originally trained for the convolutional layers
when it was trained for the new datasets. With this technique, they manage to keep the learn-
ing feature of the previous dataset but also slightly update them to perform better. For the
fully connected layers they randomly initialize them and then freshly trained them to the new

dataset with the normal learning rate. A different approach to transfer learning has followed
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this paper [3]. When you take a pre-trained model for a new dataset it is inevitable that you
will also get features from the previous dataset that are not useful and will make your model
more complicated. So, they tried to prune the less useful layers so the model can be more
precise. From their results, the pruned models achieve better accuracy and F-score and also
reduced FLOPS needed to complete the training. This is an incredible finding because they
increase accuracy while they reduce the flops. They also did 3 separate pieces of training,

just the last dense layer, the fully connected, and the whole model which all was pretty close.

1.3 Thesis statement

In this thesis, we will try to implement transfer learning in tiny deep learning environ-
ments without training all the neural network so we reduce the need for energy and memory.
We will specifically try to do that on CNN networks. The method we will follow is to get the
learning features we have from a dataset and test a new dataset without training all the model
just some parts of it. After we get our results and decide whether this method is possible and
which part of the model is it worth training most. With training just, a part of the model we
make sure we maintain a high accuracy compared to training it all and reducing the energy

and memory usage.

1.4 Organization of the thesis

The following thesis has been structured in 3 chapters. Chapter 2 has information about
machine learning and some of its fields that I will be using and also an explanation of the
datasets and the model we will be using. Chapter 3 includes the methodology we followed
for our thesis project and has all the tests we did with an explanation for each one. Chapter {

has the summary of our findings and our final thoughts.






Chapter 2

Background

2.1 Introduction

With the rise of technology, the number of small edge devices that are being used has
increased exponentially and subsequently the data produced by those devices. This has cre-
ated an increasing need of finding ways to manage all these data. This is where tiny machine

learning comes to solve this problem.

2.1.1 What is machine learning

Machine Learning is a field of computer science developed from the study of pattern
recognition and computational learning theory in artificial intelligence. Machine learning ex-
plores the study and construction of algorithms that can learn from data and make predictions
about it. Such algorithms work by constructing models from experimental data to make pre-
dictions based on data or to make decisions that are expressed as the result. Machine learning
is applied in a series of computational tasks, where both the design and the explicit program-
ming of the algorithms are impossible. Examples of applications are spam filters, optical
character recognition (OCR), search engines, and computational vision. Machine learning
is sometimes confused with data mining, where the latter focuses more on exploratory data
analysis, also known as unsupervised learning. Machine learning is distributed in 3 categories

depending on the way the machine is learning from data

1. Supervised learning: The computer program receives exemplary inputs as well as the

desired results from a teacher”, and the aim is to learn a general rule in order to match

5
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the inputs with the Results.

2. Unsupervised learning (otherwise supervised learning or unsupervised learning): With-
out providing any experience in the learning algorithm, it has to find the structure of
the input data. Unsupervised learning can be an end itself (discovering hidden patterns

in data) or means for an end (characteristic of learning).

3. Reinforcement learning: A computer program interacts with a dynamic environment
in which a specific goal must be achieved (such as driving a vehicle), without a teacher
explicitly telling him or her if he or she has come close to his or her goal. Another

example is learning to play a game against an opponent

2.1.2 What is tiny machine learning

When we use the term tiny machine learning we define the field of machine learning
technologies as algorithms, hardware, and software that can perform these technologies on
small devices. A small device can be a sensor or a traffic camera which usually has limited
energy and memory to use. The hard part of this field is the limited number of resources you
have available to use. In the last few years, tiny machine learning has become popular due
to the data these edge devices produce as most of them are connected to the internet; these

devices are also called IoT devices.

2.1.3 Whatis deep learning

Deep learning is a subset of machine learning that uses a network of interconnected lay-
ers to simulate the behavior of a human brain. Although it’s not able to match the human
brain’s capabilities yet, these networks can still learn from large datasets. Besides being able
to make accurate predictions, these networks also have additional hidden layers that can help
improve their accuracy. Forward propagation refers to the progression of calculations via the
network. The visible layers of a deep neural network are the input and output layers. The deep
learning model ingests the data for processing in the input layer, and the final prediction or

classification is performed in the output layer.
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Figure 2.1: Graphical representation of a neyral network

Backpropagation is a method of training a model that uses methods such as gradient de-
scent to calculate prediction errors and then modifies the weights and biases of the function
by traveling backward through the layers. Deep learning is a major driver of artificial intel-
ligence (Al) applications and services that improve automation, performing analytical and
physical tasks without human intervention, and is behind many everyday products and ser-

vices and emerging technologies.

2.1.4 Whatis convolution neural network

CNN is a special type of neural network, which is widely used for computer vision. This
category of ANN is the best for image processing tasks such as object detection and classi-
fication. The architecture of CNN contains always convolutional layers, pooling layers, and
fully connected layers. Usually, the first layer of a CNN is a convolution layer that has a
three-dimension input, width, height, and depth. For an image, the height and width are the
dimensions of it and the depth is the color, 3 if the image is RGB, and 1 if is non-RGB. A
typical model has multiple convolution layers, the first layer extracts basic features from the
input image such as lines. The output passes to the next layer which detects more complex
features and as we move deeper into the network the features are getting more and more

complex. The next layer CNN models have is the pooling layer, this layer is responsible for
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decreasing the size of the output a convolution layer has. Reducing the dimensions of the fea-
ture maps is useful for reducing the computational power needed. Lastly, the fully connected
layers are at the end of the network and they are compiling the information extracted from
the previous layers and making the classification. They are named “fully connected” because
every neuron from the layer is connected to every neuron from the next layer.
/ — oA
L
i

— TRUCK
— VAN

d ﬁ — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATIEN o Eerep SOFTMAX
FEATURE LEARNING CLASSIFICATION

Figure 2.2: Graphical representation of a neyral network

2.1.5 Whatis transfer learning

Transfer learning is a method of training a model where you take a pre-trained model for
a task and reuse it as a starting point for a different, but similar, task. The way the method
works is, that you take the features learned on one problem and transfer them to a new similar
problem. Transfer learning has a lot of benefits that can provide and these are the reasons why
it is becoming so popular over the years. First of all, it saves time because when you are using
the weights from another dataset the training time decreases a lot. It also can help to reduce
the resources the training consumes, energy, and computational power. For example, when a
large network is been trained it can take multiple days to finish even if it is trained on servers
with high-end hardware. This process consumes power and produces CO2. Research [4] has
shown that a network with 200 million parameters produces more CO2 than 5 average cars
in their whole lifetime. Transfer learning has multiple ways it can be used, for example, you
can use a pre-trained model for a new dataset just to save time or you can freeze the model
and save the features and just train the fully connected layers. Transfer learning can be also
combined with other methods to reduce the resources needed. In this research, we will use
only transfer learning but we will test which layers are the best choice to train and which are

the best to freeze.
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2.2

Tools

2.2.1 Environment

The code for the tests is written in Python 3.8 and the integrated development environ-

ment (IDE) we have decided to use is Pycharm. Pycharm provides a wide range of tools for

developers both for data science and web. The API for deep learning we are using is Keras[5],

an open-source library for artificial neural networks and is developed by Google and written

in python.

2.2.2 Datasets

The datasets we used to test our method of transfer learning were all for image classifi-

cation. We wanted to have a small similarity between them so we could test how the learning

features from one dataset apply to the other and how we can take advantage of that.

1.

The first dataset was CIFAR-10[6]. This dataset contains small images with a size of
32x32 in 10 classes. It contains 50.000 train images and 10.000 test images. The classes

are: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, truck.

The second dataset we used was CIFAR-100[[7]. This dataset is the same as CIFAR-10,
except it has 100 classes and contains 600 images per class. This dataset also is divided
into 20 superclasses and each of them has 5 classes, so each image comes with 2 labels,

the class, and the superclass.

. The next dataset we used was ImageNet[8]. This dataset consists of more than 14 mil-

lion images and it has 1000 classes. The variety of images it contains makes it perfect

for transfer learning. The average size of each image is 469x387.

. The fourth is the Intel image classification dataset. It contains 25.000 images of size

150x150 distributed under 6 classes: buildings, forest, glacier, mountain, sea, and street.

. MNIST[9] handwritten digit database was the fifth dataset. It is a small dataset for digit

classification with 60.000 images with a size of 28x28. The classes are 10 for the digits
0to9.

. The last dataset was the Street view house number dataset[|10]. This dataset is similar to

MNIST with the only difference the digits are not handwritten but images from house
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numbers. It has 73.257 images with a size of 32x32 and comes with 10 classes for the

digits 0-9.

2.2.3 Models

The models we decided to test are 3. For the purpose of this research, we want to have
a variety of sizes so we used a small, a medium, and a big size model. The small model is
a CNN model with an input of 32x32x1 and 550,000 total number of parameters. It has 6

convolution layers and a fully connected part with 2 dense layers.

BoEi mi

@ ConwzD ' MaxPooling2D ' Dropout ' Dense

Figure 2.3: Visualisation of the small model (without Flatten and Batch Normalization layers)

The other two models are from the family of EfficientNet[[11]. EfficientNet is a series of
CNN models proposed by Google that compared to other architectures they provide better
accuracy and efficiency (reduced flops). We picked the 2 smaller networks EfficientNetB0
and EfficientNetB2 with 4,049,571 and 7,768,569 parameters respectively. The biggest of
the family, EfficientNetB7, has around 65,000,000 parameters.
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2.2.4 Energy consumption

In the course of our work, we cannot review our results just from the accuracy and the
loss of the model for each test. We want this method to be used for small devices which have
limited energy and memory so we will also make for each test an estimation of the energy
consumption. The compute cost is usually measured as the total number of floating-point
operations (FLOPS) which is roughly equivalent to the number of multiply-and-accumulate

(MAC) divided by two. So we have that:

ENFERGY = w * Emac

For this test, we will consider each operation is done at a 45nm CMOS technology processor
which we know that every MAC operation needs 3.2 picojoule[]12]. We will not take into

consideration the energy needed for memory access.






Chapter 3

Experiment

3.1 Experimental Evaluation

Starting with the practical part of this thesis our initial goal is to see whether is worthy
to unfreeze more than the fully connected layers when you train your model and use transfer
learning. In order to check if the results we have are correct, and support our method we did
various tests with different datasets and models. The methodology we followed is the same
for all the tests. First, we take a model which is trained to a dataset and a second dataset
which has some similarity with the first, and then make the tests we want. We start with
freezing all the model except the fully connected part, after training the model again we take
the results and freeze the fully connected and the last convolution layer. Next, we freeze the
fully connected and the last 2 convolutions and so on. To make it clear we will visualize the

layers we are freezing and the layers we keep trainable for the small model.

13
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@ ConvzD ' MaxPooling2D ' Dropout ' Dense

Last Dense layer (1)

@ ConvzD ' MaxPooling2D ' Dropout ' Dense

Fully connected layers (4)

@ ConvzD ' MaxPooling2D ' Dropout ' Dense

Fully connected layers and last convolution layer (9)

@ ConvzD ' MaxPooling2D ' Dropout ' Dense

Fully connected layers and last 2 convolution layer (11)
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@ ConvzD ' MaxPooling2D ' Dropout ' Dense

Fully connected layers and last 3 convolution layer (15)

@ ConvzD ' MaxPooling2D ' Dropout ' Dense

All model (all)

Figure 3.1: The 6 cases we test on the small model every time we use it. The dark layers are

the ones which are trainable, the others are frozen

The numbers in the figure above represent the number of layers that are trainable and they
are also used in the graphs. The same applies to all the models but we will not visualize the
EfficientNet models as they are much bigger. The matching for the EfficicentNet models is
as the table shows. Lastly, after we collected all the results, we compare them based on

accuracy, loss, and energy consumed.
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Trainable layers

Convolution layers trained

Trainable layers

Convolution layers trained

3 1 3 1
5 2 7 2
8 4 10 4
16 5 15 5
20 6 23 8
23 8 31 9
31 10 38 12

EfficientNetB0O

EfficientNetB2

Table 3.1: The number of layers we train each time on the left side of each table and the

number of convolution layers we have on the right
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3.1.1 First test

The first test we did was with the CIFAR-10 and CIFAR-100 datasets. We trained the
small model with CIFAR-100 and then tested CIFAR-10 on it. From the charts B.2, we can
easily understand that the bigger the part of the model you train the better accuracy (or lower
loss) you have. This is a result we were waiting to see because the last convolution layers are
the ones that have filters for complex features and so by training them the model can adjust
with more ease to the new dataset. The worth mentioning in the accuracy and loss charts
is the big difference between the fully connected and the last convolution layer as it is the
biggest improvement compared to the other bars. Looking at the energy graph we can see that
training only the fully connected layers we need 850 NJ but after we start adding convolution

layers to the training the consumption is increasing a lot.

08 - 0.20 -
07
06 - 0.15 -
>
& 05-
5
g 04- 0.10 -
03-
02- 0.05 -
01-
0o 1 4 9 1 15 all 0-00 1 4 9 1 15 all
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°

Accuracy Loss

120000 -

100000 -

80000 -
60000 -
40000 -
20000 - i
0 419 8826
1 4 9 11 15 all

Unfreezed layers

Energy needed in nano joule

Energy consumption

Figure 3.2: The results when testing CIFAR-10 on the small model pre-trained on CIFAR-100

After the above test, we did the same but we trained the small model with CIFFAR-10
and tested CIFAR-100 on it. With a fast look at B.3, we can that the accuracy is much lower
than before but is a normal thing because this dataset contains 100 classes and the model
is not big enough to give good results. Apart from that the findings we have here are very

similar to the previous test, the biggest improvement is between fully connected and the last
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convolution layer, and the bigger the part of the model we train the bigger accuracy we have.
Also, the energy is almost the same but a little higher because in the last dense layer we have
100 neurons compared to the 10 we had before. So from this experiment, the 2 most important
things we keep are, the 13% improvement from fully connected layers to the last convolution

layer and the increase in the energy we have when we start adding convolution layers to the
training.
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Figure 3.3: The results when testing CIFAR-100 on the small model pre-trained on CIFAR-
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3.1.2 Second test

Moving to the next test we took CIFAR-100 and ImageNet datasets. The model we used
for this one is EfficientNetBO which has 4,049,571 parameters. We took the model trained
for ImageNet and tested CIFAR-100 on it. Looking at the figure B.4 we can see that accuracy
is a lot higher compared to the first test we did with CIFAR-100 and this happens for two
reasons. The first one is that this model is a lot better than the first one and much bigger (8
times bigger) and the second reason is that the ImageNet has 1000 classes while CIFAR has
100 so is very likely that some classes match together or need the same learning features
(filters). This though is just from comparing to the other test. From the bars, we can again
see that by training the fully connected layers and the last convolution layer we can get a
big boost in accuracy (or much lower loss) compared to just training the fully connected
layers only. Training the last two to seven convolution layers we see that we do not get a big
improvement just around 4%. Taking into consideration that this model is bigger than the first
model, we have bigger energy consumption and the energy for the last convolution layer and
fully connected (122537 NJ) is 220 times bigger compared to just the fully connected layer
(561 NJ).
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Figure 3.4: The results when testing CIFAR-100 on the EfficientNetBO pre-trained on Ima-
geNet
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3.1.3 Third test

For the next test, we used again both CIFAR-100 and ImageNet but a different model. This
time we used EfficientNetB2 which is a model bigger than EfficientNetB0 with 7,768,569
parameters. The findings we have here are very similar to the ones with EfficientNetB0. As
it is observed from the figure B.3 the accuracy and loss, especially in the first bars, are higher
and lower respectively compared to EfficientNetB0. This only happens because of the size
of the model as the dataset it was trained and the dataset was tested are the same. Again, the
best improvement was between the fully connected layers and the last convolution layer with
an increase of 16% in accuracy while the other steps at the bars are very small (lower than
3 %). Taking into consideration that this is a big model, the energy for the last convolution
layer and fully connected (78273 NJ) is 140 times bigger compared to just the fully connected
layer (561 NJ).
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3.1.4 Fourth test

Following the aforementioned tests with CIFAR datasets, we wanted to try a dataset that
does not have high similarity. For this test, we will use the EfficientNetB0O model trained
on ImageNet and use its learning features to see how the Intel image classification dataset
performs. This dataset has 6 classes and none of them is an object only sceneries from a city,
mountain, sea, glacier, and forest. Before we even see the results, we would expect a high
accuracy for 2 reasons. First, this dataset contains 6 classes so it is much easier to predict
the correct answer, and secondly, the learning features we want from the model are in the
first convolution layers which we will freeze. When a model is training for a dataset the first
layers are usually general features from the image and as you move to the next convolution
layers the features are becoming more complex. For instance, an image that belongs to the
class Mountain tent from ImageNet .4 is just a tent in front of a mountain so it will help to

identify images that belong to the mountain class from the Intel dataset.

Figure 3.6: Image from ImageNet with label Mountain tent

Moving to the graphs B.7 from the tests we can notice that the accuracy of all training tests
is high. Again, the best improvement we see is going from training the fully connected layers
to training both fully connected layers and the last convolution layer at about a 7% increase in
accuracy. The energy is almost the same for all the EfficientNet models with some differences

at the fully connected part depending on the number of classes the dataset has.
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3.1.5 Fifth test

For the last test, we will use the two digits datasets with the small model. These two
datasets even though they have the same classes (digits from 0 to 9) they are quite different.
MNIST is quite a common dataset for beginners and easy to achieve high accuracy as the
images are only the digits. On the other hand, SVHN is pictures from house numbers from
Streetview, so they can be blurry or not centered and the hardest part is having more than one
digit in the same image. For instance, in the following figure are 2 different images in

the dataset, with the label of the first being 1 and the second being 9. First, we will see how

Label is 1 Label is 9

Figure 3.8: Two images from the SVHN dataset

MNIST performs on the small model pre-trained with SVHN. Having said the above and
looking at the graphs we can see that this test has some different patterns than the previous
tests. We can see from .9 that the biggest improvement is between training only the last dense
layer and training all the fully connected layers. We see that training and the last convolution
layer does not improve our accuracy (nor reduce the loss) of the model by a lot as it is already

good enough.
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If we check how SVHN performs on the pre-trained model on MNIST (figure B.10) we
see a totally different pattern. First of all, accuracy starts at a very low point training only the
last dense layer at 13% while MNIST had 71%. As we start adding layers to the training part
of the model, accuracy is slowly rising adding around 14% accuracy per step, and only when

we train all the model we achieve 80% accuracy. Energy consumption is the same as above.
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Conclusions

This research aimed to assess whether we can leverage transfer learning and alterna-
tive approaches of not training the entire model of a convolution network but still achieve
good accuracy and low computational cost. The outcomes of the collected results through the
different approaches tested are very promising and indicate that that selective training with

transfer learning of a convolution network is feasible under certain suitable conditions.

4.1 Summary and conclusions

Looking at the experiment results, we can conclude that transfer learning can be used in
many different ways. As expected, the bigger and more completed the part of the model we
train, the better the accuracy we get is, but by training just the fully connected layers and
only the last convolution layer we achieve more than 10% of improvement for all the tests
than just training the FC layers. By comparing the results we had for the CIFAR-100 model
in the first (B.1.1)), second (B.1.2), and third (B.1.3) tests, we realize that the architecture
of the model is critical for its accuracy. The small model had an accuracy of 41% when
training the fully connected part and the last convolution layer (B.3), while the EfficientNetB0
and EfficientNetB2 had 89% (B.4) and 91% (B.9) respectively. The dataset used also plays a
crucial role, in terms of its size and available attributes. ImageNet is a massive dataset and
a model trained on it has a lot of learning features that can be transferred to another dataset
with success. On the other hand, in the last test we saw that datasets such as MNIST cannot
provide good learning features to other datasets because of being too simple. SVHN did not

perform well on the small model pretrained on MNIST, since training the fully connected
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and the last convolution layer had a 41% accuracy while training the complete model had an
83% accuracy (B.10). This is a huge gap in the performed accuracy between the two compared
approaches. In addition, in our first testCIFAR-100 had a 41% accuracy with the small model
by training the fully connected and the last convolution layer, and a 55% by training the
complete model (B.3). This difference of a 34% improvement does not indicate that transfer
learning is not effective. To conclude, transfer learning is an effective method to use under
certain conditions; firstly, you need a well-designed model, and secondly, and more critically,
the initial dataset the model has been trained should contain plenty of useful learning features.
Taking also energy consumption into consideration our method seems more attractive and
productive because whilst we train more than just the fully connected layers, we still manage
to maintain a low energy consumption and still a well-accepted accuracy. To summarize,
our method of applying transfer learning by training the fully connected layers and only the
last convolutional layer while freezing the rest of the model is effective and with very good
results. In our tests, this has been an over 10% improvement, while always remaining very

close to the performed accuracy compared to the training of the complete model.

4.2 Future work

As the results of the findings being good enough and promising for implementation on
an edge device the future work is split into 2 categories. Firstly, further research on this
method for various neural networks such as RNN and ANN and for different problems apart
from classification. Secondly, implement this method for real-world problems and devices
to evaluate its performance. This method could also be combined with other techniques for

real-world problems such as federated learning.
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