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Deep neural networks have become the leading choice by many for machine learning applica-
tions. With the increasing amount of storage space and increasing computational capacity in mod-
ern computers, deep neural networks are the go-to choice. However, not all devices have robust
hardware, and are thus not effective to train deep neural networks.

This thesis studies how deep neural networks can be trained and then ported to another program-
ming language, so that devices with less computing power may utilize the predictions of a pre-
trained network. A network trained in Python can be ported to C++ and MATLAB.

Python, C++, and MATLAB are popular programming languages, where Python is driven by Ma-
chine Learning research, MATLAB is for signal processing, visualization, and algorithm develop-
ment, and C++ for efficient running of programs.

The results were calculated by comparing the accuracy and computing speed of the original and
ported networks. The results suggest that all the ported networks have identical accuracy and
identical forward passes. The speed of the ported C++ network confirms that porting the network
is a feasible method to allow computationally weaker devices to run forward passes on the net-
work.
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The originality of this thesis has been checked using the Turnitin OriginalityCheck service.



PREFACE

| would like to thank my employer Huawei for suggesting this thesis topic. | would also
like to thank my supervisor, Pasi Pertila, for his support and guidance throughout the
writing of the thesis. Lastly, | would like to thank my family and friends for providing the

support and motivation for completing this thesis.

Tampere, 12 April 2020

Joona Jokivuori



CONTENTS
I L I 116 L I ] 1
2. BACKGROUND .....euiiiiiiiiiiiiiiiieeeeeeaeaeeeeaeeeeeeaneesaeeeeenseesseeseeesesssesssssssnssnsssssnnnnnnnnnnns 3
2.1 Deep Neural NetWOrksS .........oooviiiiiiiieeee e 3
2.2 PYIRON KEras .....ccoooiiiiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeeeeee e 3
D T O L PP 4
2.4 MATLAB ..o 4
K I | =1 L PP 5
3.1 Deep Neural NetWOrKS .........oovviiiiiiieieee e 5
3.2 =T = 1= PSP 7
3.3 POMING oo 8
G METHODS ... ssnsnnnnnnnnnnnnnnnnnnnnnnn 10
4.1 Dataset and Network Architecture..........cccccoooii i, 10
4.2  Pythonto CHt e 11
T O N (o T 1N I I 12
ST ST | 14
5.1 Yoo U =T3S 14
B.2  SPEEA e 15
LS ST 01111 [ 17
7. CONGCLUSION ..ottt ettt ettt et et e e e e e e e e e e e eaeeeeeeeeeeeeeeeees 19

REFERENGCES. ... oot 20



LIST OF SYMBOLS AND ABBREVIATIONS

DNN Deep Neural Network
GPU Graphical Processing Unit

CPU Central Processing Unit



1. INTRODUCTION

Machine learning is a part of modern everyday life; it is covertly making life easier. For
example, machine learning decides the videos and songs people will see and hear. No
longer do people have to people have to spend hours searching for the perfect song to
add to their playlist, just to get bored and repeat the process. Countless manhours are
saved everyday just by computers running machine learning algorithms calculating the
optimal movie or music suggestions for users. This is a simple example taken from the

immensely larger spectrum of applications using machine learning technology.

Deep neural networks are a subclass of machine learning, which are a favorable method
today. Deep learning is popular due to its performance with larger datasets, and ability
to utilize high end infrastructure to train [1]. Applications utilizing this feature are found
everywhere, even the smaller and weaker devices, such as smartwatches, are starting
to adopt this growing trend. This is where the problem of computational power arises. A
deep neural network requires a considerable amount of computational effort to train. A
simple smartwatch does not have the computational power to train complex networks in
a realistic timeframe. Training the network requires complex calculations like backprop-
agation, which is required to generate the gradient and the calculations to generate the
weights. However, performing a forward pass on the network is computationally efficient,

especially using a middle level programming language such as C++.

This bachelor’s thesis aims to provide a straightforward solution to the aforementioned
computational problem of training a network and then using the trained network on a
target platform. The answer to this is simple; the network should be first trained in a
higher-level language on a system with computational power, then, it can be ported to
another language to be used in a target system. The focus of the thesis will be on porting
a deep neural network trained using the Python library, Keras, and porting it, such that it
can run evaluations on C++ and MATLAB, utilizing the improved speed and visualization
methods of C++ and MATLAB.

The rest of this thesis is organized as follows. The second section will provide back-
ground information on the reasons behind selecting the above mentioned deep neural

networks and languages. The third section, the theory, will explain relevant concepts that



will support the section about conducting the experiments. The following section will ex-
plain the process of porting the network from Python to C++ and MATLAB. The last three
sections will consist of the results from the experiment, analysis about the results, and

finally the conclusion.



2. BACKGROUND

This section will establish the reasoning behind choosing the specific network type and
languages that are used for training and testing. The section is divided into subsections
describing the reasons for choosing deep neural networks, Python Keras, C++ and
MATLAB.

2.1 Deep Neural Networks

Deep neural networks (DNN) have much higher performance and accuracy when dealing
with large datasets compared to traditional machine learning [2]. The origin of this thesis
started as a task related to porting a Python Keras trained DNN which was fed a large
audio dataset. Traditional machine learning algorithms tend to suffer with performance
when dealing alongside bulkier data sizes. DNN training can also require powerful com-
puters to be able to train the large datasets in a reasonable time. DNN also very effec-
tively utilise the graphical processing unit (GPU) of a computer [3]. This is perfect for the
application where the idea is to train on a high-end computer and port the pre-trained

network to another possibly weaker system.

2.2 Python Keras

The reason Python was chosen as the training language was mainly due to the simplicity
and understandability that it provides, and in addition, Python has many open-source
DNN libraries, such as Keras, MXNet, PyTorch, and Tensorflow. Python, since it is a
high-level language is easy to write and read. Python is also the second most used pro-
gramming language of all time [4], which shows the popularity of the language. With its

large userbase, there are enough frameworks and open-source tools to choose from.

There are many Python frameworks that support creating neural networks. The Keras
framework was chosen, because it is consistent and since it provides abstract level op-
erations that are simple for a human to understand. The idea of Keras is to be model-
level framework, allowing fast and simple creations of deep learning models [5]. Keras
allows for complex use cases since it uses lower level languages, such as TensorFlow,
to build the networks [5]. This allows for a time-efficient and reliable platform for training
the DNN.

Keras has two different architectures for creating networks, the sequential and functional

API architecture. The sequential method allows for creating models layer-by-layer and is



easy to use. The functional method is a more flexible architecture, allowing layers to be
connected in a pairwise fashion and allows for more complex architectures. For this the-
sis, the sequential architecture will be chosen for its simplistic modular approach to build-

ing a network.

23 C++

The C language is an efficient medium-level language to port to. However, there does
not exist any tools that support porting Keras models to pure C. All the available tools
were built for C++, which supports object-oriented programming. To develop such a tool

from scratch was out of the scope of this thesis, so C++ was the next best alternative.

C++ is also significantly faster in terms of performance compared to Python [6]. This

makes it an excellent candidate as a language to port the DNN model to.

24 MATLAB

Another language that the network can be ported to is MATLAB, which is used for simu-
lation purposes. MATLAB is also a high-level programming language, which makes it a
useful platform for testing the ported networks accuracy. The idea is that before testing
the network in a separate system with C++, MATLAB can be used to verify that the DNN
accuracy is within an acceptable difference compared to the original Keras trained net-

work accuracy.

MATLAB also allows for compiling and linking C++ files inside itself [7]. This will be useful

when porting the network to be able to be run from MATLAB.



3. THEORY

Before exploring the realm of porting neural networks, it is important to review the rele-
vant theory. This section will provide the necessary theory to thoroughly understand the

experimental section.

3.1 Deep Neural Networks

A deep neural network can be argued to be inspired from the human brain, more specif-
ically the neocortex, the part the brain responsible for high-order functions [8]. The hu-
man brain consists of 100 billion neurons which are connected by synapses [8]. Deep
neural networks similarly contain many collections of artificial neurons that are connected

in a way that allows for the individual groups to understand patterns from the data.

To understand an artificial neural network, the neuron needs to be explained. A neuron
is a computational unit which takes a set of inputs and provides an output. A neuron is
also given a bias and the output is multiplied by an activation function to better fit the

data. The equation f(x) for a single neuron is,

y = f(x) = a(Zwixi+b)
i=1

Where a() is the activation function, n is the number of inputs, b is the bias, and w is the

weight vector and x; is the ith element of the input vector x [9].

A layer consists of multiple neurons hooked together. The output of neurons are the in-

puts of other neurons, this essentially creates a network. [10]

v

Input 1sl hiddan 2nd hidden Dulput

Figure 1. An example network graph from John Salatas, licensed under CC BY-SA
3.0[11]



There are different types of layers: the input layer, hidden layers, and the output layer.
In a simple feedforward network, the input layer is the leftmost layer of the network, and
this layer receives the data and forwards it to the hidden layers. The data goes through
the hidden layers without being observed, and ends up at the rightmost layer, the output
layer, see Figure 1. The output layer is the final layer and provides the result from the
network. There are more complex networks, where there can be multiple input or output
layers and more complication connections between layers. [12] An example of a more
complex network is the recursive neural network, which uses a backpropagation varia-

tion to apply the same set of weights recursively to a structured input [13].

In the case of convolutional deep neural networks, each hidden layer learns higher levels
of abstract features from the data. For example, when fed image data, the first layer
learns first order features like colour and edges. The second layer learns features such
as corners. The third layer recognizes texture. Each layer learns more advanced features
gradually. Eventually the high-order features end up at output layers that can predict a

classification or a regression. [8]

There are numerous amounts of different hidden layer types, such as convolution, nor-
malization, dropout, recursive and so on. For the purpose of this thesis, there is no need
to go in-depth into the mathematics of these different layer types, it is enough to know

that the different types of layers exist.

The term deep means that the network contains multiple hidden groups of neurons. This
is especially useful for enabling the network to automatically learn features from different
abstraction levels. This means that the network does not depend on manually calculated
features. The performance of a deep neural network excels especially with large unpro-
cessed data. This allows for dumping a large amount of data into the network, and letting
the network handle the feature extraction. However, the network does not always predict

accurately, and the accuracy is strongly correlated to the quality of the data.

Training the network requires an error function and an optimization function. The error
function, also known as a loss function, is usually the mean squared error when dealing

with regression or an entropy function when dealing with classification.

The mean squared error for a prediction y with the target y is [9],

N
1
MSE®,3) = £ ) 11y = I
i=1

For binary classification problems, a binary cross-entropy function can be used, which is
[14],



N
CEG) =5 . 3109 (7)) + (1-)iog (1~ p(3) .
i=1

Where N is the number of observations, §; is the binary label, and p(¥;) is the predicted

probability for the point being value of the correct class.

When training the network, the weights need to be updated so that the output becomes
closer to the target output with each update. This is known as minimizing the error for

the entire network. In the case of backpropagation, this is done by calculating the partial

derivative of the error function E(y, y) with respect to the weights, aamfl [9]
ij

A batch defines the number of samples, which are single rows of data, to go through
before updating the parameters of the model. If the batch size is equal to the size of the
training dataset, the learning algorithm is called a batch gradient descent. In the case if
the batch size equalling one, the learning algorithm is the stochastic gradient descent.
And finally, if the batch size is between one and the size of the training dataset, the

algorithm is the mini-batch gradient descent. [15]

During the training process, there needs to be multiple epochs, which are cycles of the
whole dataset through the network. A forward pass is the process of calculating the out-
put from the input data. Due to the number of epochs required, training the network is

more computationally intensive than calculating a forward pass.

3.2 Keras

Keras is a library built for the programming language, Python. Keras allows to create
deep neural networks in a simple modular way. A network is expressed by a sequence
of configurable autonomous modules that are connected to each other. Every layer is an

individual module and combining these modules can create complex models. [16]

The simplest sequential network in Keras can be created in only four steps, preparing
the input and output data, creating the first layer module, adding middle layer modules,

and wrapping up with an output layer module [16].

The first step requires the user to configure the data so that it can be fitted to the input
layer. This usually involves converting the data into arrays of numbers. In the case of
audio signals, one way to prepare the data can be to convert the audio signal into a
spectrogram. The spectrogram can be separated into magnitude and phase features,
which can be fed as inputs [17]. Often, only the magnitude is used, and the phase is

ignored.



Subsequently, the intermediate layers need to be configured. The number of intermedi-
ate layers can be chosen by the user, but for the network to be a proper deep network,
there needs to be multiple intermediate layers. These middle layers can be chosen from

the layer types to fit the purpose of the network.

Finally, the output layer is meant to manage the output data. This is the last layer of the

network and will provide the output.

Keras has many pre-made layers that the user can choose from. Additionally, Keras has
support for custom user made layers. The user can create them with two different ap-

proaches, lambda layers and custom layer classes.

For simple custom operations, using the lambda approach is recommended. The layer
works similarly to ready-made layers, as it is a pre-built module that accepts a lambda
function as a parameter. The lambda function is provided by the user. For example, to

create a layer that does,

The custom layer may look like [5],

model.add(Lambda(lambda x: x**2)).
Alternatively, the user can create a new class for their layer. This approach is recom-
mended when the layer is more complex. The implementation of the custom class is out

of the scope of this paper.

3.3 Porting

In relation to computers, porting, is the process of translating from one programming
language or protocol to another'. Essentially this means translating the programming

language.

Porting a neural network, is the act of translating the language, so that the network can
be run using another language. There are two main ways of porting a language. The first
being the more official and accepted way, which requires the user to manually re-write
the framework in the target language. The process does not always need to be done
line-by-line as there exists a plethora of open-source tools that help do this. The ported

network should have the same output as the original network.

1 https://lwww.techopedia.com/definition/8925/porting



Re-writing the network involves saving the architecture, bias, and weights for each layer.
The network can be reconstructed in the target language by loading the architecture,
bias, and weights. This requires the target language to support the original network’s

functions.

Another way to port a network, which theoretically is not true porting, is to wrap the prec-
edent language by the newer language. A wrapper is an entity that encloses and hides
the complexity of another entity using interfaces?. Essentially, in terms of porting, this
means the newer language wraps the older language inside it, making it seem like the

function was completed by the newer language.

2 https://www.techopedia.com/definition/4389/wrapper-software-engineering
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4. METHODS

This section will go through the process of porting the deep neural network from a Python
Keras model to C++ and MATLAB. Firstly, the dataset and the network architecture are
explained. The second subsection will explain the process for converting from Python to
C++, and the third subsection will go through wrapping the C++ files in MATLAB.

4.1 Dataset and Network Architecture

The dataset used in this thesis was the Pima diabetes dataset by National Institute of
Diabetes and Digestive and Kidney Disease [18]. The data consists of females with Pima
Indian heritage. The data classifies whether the female has or does not have diabetes.
There are eight inputs: amount of pregnancies, glucose concentration, blood pressure,
skin thickness, insulin level, body mass index diabetes pedigree function, and age. The
dataset also includes the outcome label, a 0 or 1 depending on whether the patient has

diabetes.

The dataset was split into training and testing data, 80% and 20% respectively. This can
help prevent the occurrence of over- or underfitting during the testing phase. The data

was not pre-processed in anyway and was left as is in the dataset.

The test network used, is a very simple sequential network consisting of a few layers.
The network consists of 3 Dense layers. With the activation layers: rectified linear unit

and the sigmoid function. The summary of the model can be seen in the figure below.

mput: | (None, §)
output: | (None, 8)

denze 1 mput: InputLayer

'

mput; {(None, 8)

output: | (None, 12)

dense 1: Dense

Y
mput: | (None, 12)

output: | (None, 8)

densze 2: Dense

Y
mput: | (None, §)

output: | (None, 1)

dense 3: Dense
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Figure 2. The summary of the model using the plot_model() function in Keras. The
left most box-is the name and type of layer. The right-most box describes the input and
output dimensions. “None” means that the batch size is not specified.

The network was chosen to be simple, due to there being no requirement for a complex
network with hyperparameters. The purpose of the experiment is to simply compare the
original network’s and ported network’s accuracy and speed. Adding more layers to com-

plicate the network does not conform to the original purpose.

The model was compiled with the binary cross entropy loss function and the stochastic
gradient descent algorithm. Binary cross entropy was chosen because it works well with
binary classification problems. The stochastic gradient descent function is simple func-

tion, so it was chosen.

The training parameters for the model were chosen to be simple to save time, the number

of epochs used for training was 15, and the batch size was set to 10.

The network was tested in Python using the built-in prediction function in Keras, which
returns the outputs for each input list supplied. The outputs where then rounded using

the basic mathematical rounding function,
|2x]
round(x) = |

The rounded outputs are then compared to the given ground truth values provided by

the dataset. The accuracy was then calculated by the number of correct predictions.

4.2 Python to C++

The network is first ported from Python to C++. This section will go through the step-by-

step process utilizing a pre-existing tool that was modified.

The process is based on a modified version of the GitHub project, Kerasify [19]. The
original project is designed to run trained Keras models from a C++ application [19].
Firstly, the Keras model is saved using Keras’ own save function in
Python. Then the saved model is converted into another format, using a conversion script
provided by the original project, which is then opened using C++, and using the con-
verted model, the network is reconstructed. The original project was modified to auto-
mate the porting process. The modified project follows the same concept and contains

two main Python scripts.
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The first Python script kerasify.py was provided by the original GitHub project®, and
goes through the saved Keras network model layer by layer, and re-writes them in a
format that is supported by the premade C++ files. Each supported layer type is given its
own numerical value. If the layer is not an activation layer, the corresponding weights
and biases are saved into a struct with the layers numerical value. The C++ files unpack
these structs and construct the network architecture to match the Keras network’s archi-

tecture.

The second Python script keraport.py was made to automate the process of writing
the main C++ file used to run predictions for the ported network. The script saves a
template C++ file and fills in the previously converted model file name. The output for
this script is a C++ file with MATLAB Mex function calls, that will be used in the later
subsection. Alternatively, if the target language is C++ and not MATLAB, the output C++
file can be chosen to be pure C++ and contain no MATLAB Mex function calls. In both
cases, the C++ files need to import premade C++ header files. Using this second script
is optional for the porting process and exists only to reduce the requirement of manual

programming. An example of a pure C++ file is shown in APPENDIX A.

The premade header C++ files are from the original GitHub project. These files recon-
struct the neural network from the converted model file. The network can then be fed a
tensor of input data and output a prediction which matches the prediction by the Keras
model. The dimensions of the tensor need to match the Keras model dimensions. How-

ever, there is a built-in option in the modified project to override the dimensionality check.

4.3 C++to MATLAB

The network can also be ported to be run from MATLAB. The network is not ported to
pure MATLAB code, and instead utilizes wrapping C++ from MATLAB using Mex func-
tions. This is a simpler solution than creating a new conversion tool to convert the Python

model to a MATLAB model, since there are no pre-existing tools that do this.

MATLAB has an in-built system for running C++ files, the process requires the C++ to
be modified to use MATLAB provided functions. Compiling the modified C++ will output
a Mex file which MATLAB can run.

3 https://github.com/moof2k/kerasify
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Firstly, if the previously created C++ files do not include the MATLAB provided Mex func-

tions, the files need to be updated to utilize the functions.

The C++ file includes a MexFunction class which inherits from the existing MATLAB pro-
vided class [7]. The class contains an array factory, a shared pointer to the MATLAB
engine, and a string stream. The class needs to contain a public operator class which
takes in the input and output variables. To be able to show output and errors in the

MATLAB command line, functions utilizing the string stream are used.

Once the C++ file is updated to contain Mex functions, the file can be compiled into a
Mex file that can be run from MATLAB. The compilation links the MATLAB provided

libraries and the C++ file.

Finally, to be able to utilize the Mex file from MATLAB, the location of the file needs to
be added to the MATLAB path. The predictions can be run by calling the Mex file name
with the input tensor as the first parameter. Optionally, an extra Boolean parameter can

be used if the dimension checking needs to be bypassed. [7]
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5. RESULTS

Accuracy and speed are important factors to consider when comparing the original and
ported networks. The accuracy of the ported networks should be equal to the original
network’s accuracy. The values are not expected to be identical due to differences in

variable types and storing variables with different allocations of bytes.

Keras has inbuilt functions for calculating accuracy and making mass predictions. How-
ever, the ported C++ model only takes an input tensor and returns the output tensor.
Hence, the diabetes dataset was an excellent choice due to the simplicity of the data.
With a more complex dataset, the C++ code would have had to have been updated to
allow for multi-dimensional tensors, as the ported C++ network only accepts one-dimen-
sional tensors as an input. The small number of inputs in the dataset allowed for a simple

algorithm to calculate accuracy and speed.

The results from the following chapters were calculated using Python 3.6.5 and Keras
2.24.

5.1 Accuracy

The accuracy of the network was calculated using the testing data. 154 testing samples
were fed into the network, and the output was rounded get a classification of having

diabetes or not.

To provide a fair comparison, the accuracy for The Python implementation was calcu-

lated using a similar method used by the C++ and MATLAB ports.

The first method to calculate accuracy was to feed the samples one-by-one and save
the classified result to a list, which was then compared to the given truth values from the
dataset. However, this method results in all 3 networks having near identical accuracies.
The only difference was caused by the different languages’ way of storing the accuracy

in memory, resulting in the accuracy changing around the sixth decimal point.

The second method to compare the accuracy of each network’s predictions, was to take
a single sample and compare the unrounded forward pass result. This way, it is possible
to compare the results for each network. Similarly, to the previous method, the problem

with this method is that the results only differ due to the different storing methods for
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each language. However, this is the closest method of comparing the theoretical accu-
racy of each ported network, as this method gives an idea of the similarities of the results

from the networks.

The following table shows the results from testing. Columns indicate the results for each
language. In the case of method one, the values are the accuracy as a percentage. In

the second method, the values are the raw output for a single sample.

Table 1: Accuracy of programming languages.

Accuracy / Lang. Python C++ MATLAB
Method 1 (%) 67.5324675325 67.5324707031 67.5324675325
Method 2 (raw re- 0.4166727066 0.4166726768 0.4166726768
sult)

The table below, shows the difference of the networks’ results compared to the result
obtained in Python. The columns contain the difference between prediction results of the
language and Python for each method. The values are calculated using ALang =
Target — Python.

Table 2: Change in accuracy of programming language compared to the result ob-
tained in Python.

AAccuracy / Lang. C++ MATLAB
A Method 1 +3.1706E-06 0
A Method 2 -2.9800E-08 -2.9800E-08
5.2 Speed

The speed of the ported networks was calculated using the testing data. The testing data
was fed into the network, and the processing time taken was measured when evaluating
the data 1000 times. This way the average time taken is more accurate than calculating
the time for a single case, as processing time depends on multiple factors that change
constantly. The Python GPU was not used for comparison as the C++ and MATLAB

implementations do not support it.

The following table shows the time results for each network.



Table 3: Speed of programming languages.

16

Time / Lang. Python GPU | Python CPU C++ MATLAB

Time * 1000 1.711428 2.189304 1.265145 16.423488
epochs (s)

Avg. Time/ 0.001714 0.002189 0.001265 0.016428
epoch (s)

The table below shows the difference of the networks’ speed compared to the speed for

Python CPU. The columns contain the difference between the language and Python for

each method. The values are calculated using ALang = Target — Python CPU. A neg-

ative value signifies that the language was faster than Python, and a positive value

shows the language was slower. The values for the Python GPU are not compared to

the results for C++ and MATLAB, to keep the comparison fair.

Table 4: Change in speed of programming language compared to the result obtained

in Python CPU.

ATime / Lang. Python GPU C++ MATLAB
A Method 1 (s) -0.4779 -0.9242 +14.2342
A Method 2 (s) -4.779E-04 -9.242E-04 +0.0142
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6. DISCUSSION

In line with the hypothesis, the results from Table 1 show that the ported networks have
near-identical accuracy, and the speed improves with the lower-level C++ language. The
accuracy using the first method for each network was identical to the fifth significant digit.
This was expected, as the amount of correct classifications for each network, was the
same, and the change was only due to each accuracy result being calculated inside the
respective language. It was also expected that the C++ calculation would differ so much
compared to the MATLAB and Python calculations, because the C++ calculation used a

float variable, which uses less bytes in memory.

The second method to test accuracy was a better way, as it provided an idea on the
actual differences with each network. Comparing the unrounded output for a single sam-
ple allowed to compare how similar each network truly was. With the previous method,
rounding the output may have disguised a large difference. The second method verified

that there did not exist a major difference between the output of the networks.

On the other hand, the MATLAB network’s speed was a surprising result. The MATLAB
result uses the wrapped C++ code, which would have thought to have been faster than
Python, as it wraps the C++ code. The true resulting speed is most likely a result from
the way MATLAB uses the Mex functionality to utilize C++ files. The best guess is that

initializing the Mex file takes most of the CPU processing time.

These results should be taken into account when considering which language should be
chosen to be ported to from Python. The results support the claim that C++ is an efficient
language, especially when considering speed. C++ also had better speed compared to
the Python GPU result. MATLAB is still a reasonable choice to port to when speed is not
a decisive factor. MATLAB is an excellent choice when dealing with testing that requires
fast prototyping, as MATLAB is simple to write, leading to the test programs being written

faster than they would in the C++ language.

The methodological choices were constrained by the small dataset, and simple network
architecture. Using a larger and more complex dataset could have provided more accu-
rate results comparable to real life applications, as in reality, the state-of-the-art deep
neural networks are not often shallow and narrow feedforward networks. However, due
to the limited scope of this thesis, the simple architecture and small dataset were used,

since the underlying mechanism to train and predict is the same.
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It is beyond the scope of this study to provide results based on more complex network
architectures, as the porting tool has limited support for Keras layers. The chosen GitHub
project only supports eight different layer types and seven function a() types (called lay-

ers in Keras).

The reliability of using MATLAB as a destination language is impacted by the method
used to port to MATLAB. The MATLAB porting method is built based on C++, and thus
depends on MATLAB being able to compile and run C++ within MATLAB using the Mex
library. It is possible that the outcome would vary if porting to MATLAB was done using
a similar method to port to C++. The current outcomes may be impacted by MATLAB

relying entirely on the C++ implementation.

The results from the experimentation are nonetheless valid, because they provide valu-
able insight on the validity of porting deep neural networks from Python Keras to C++ or
MATLAB. The results show that using the method of porting networks is a justifiable
option, as accuracy within an acceptable frame, and the network speed improves over

Python when running in C++.
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7. CONCLUSION

In this thesis, the idea of porting deep neural networks from Python to C++ and MATLAB
was studied. This was done by training the neural network in Python first, and then saving
it using the Keras save function. The saved network was converted to a custom model
file, which can be used to load the network in C++. Then, a C++ file was created, which
loaded the converted network file, and could be be fed an input tensor to receive the
output tensor. After this, the C++ file was converted into a MATLAB Mex file, which allows
the file to be run using MATLAB.

The results of the experimental phase led to the conclusion that porting neural networks
is a valid method to utilize when there exists the requirement of running networks outside
of Python. However, the CPU time taken in MATLAB was surprisingly high, making
MATLAB a less desirable choice when thinking about the network’s speed. Nevertheless,

MATLAB is still a valid choice if speed is not an important factor to consider.

For future work, more layer types can be supported, this can be done by updating the
current code or utilizing a GitHub project that is more up to date. Measuring the results
for a more complex network and larger dataset can also be done to verify that the results
are the same as for the simple network. Additionally, comprehensive debugging and

monitoring the memory usage, would provide more insight to this study.
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APPENDIX A: USING TEXT STYLES IN MS WORD

"keras_model.hpp"
<iostream>
<fstream>
<vector>

<math.h>
<iomanip>

<cmath>

main() {

KerasModel model;
model.LoadModel("B:/python2cpp/tmp/converted.temp");

std::vector<std: :vector< >> vector = {{11.00000, ..., 23.00000}};
std: :vector< > predictions;

Tensor in(8);

in.data_ = vector[0];

Tensor out;
model.Apply(&in, &out);

std::cout << std::setprecision(10) << out.data [@] << std::endl;

cC = 0;
std: :vector< > realValues = {1.00000, ..., 0.00000};
for ( i2=0; i2 < predictions.size(); i2++) {
if (round(predictions[i2]) == realValues[i2]) {
C++;

std::cout << "c: << C << "size:

<< predictions.size() << std::endl;
acc = (c)/ (predictions.size()) * (100);

std::cout << std::setprecision(1@) << "accuracy:
return 0;

<< acc << std::endl;

Figure 3. C++ example source file for a ported network.



