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Abstract

Neural networks are widely used nowadays and they start finding their applications on
resource-constrained devices. This thesis will address the challenge of optimizing artificial
intelligence inference focusing on compiler techniques, particularly strength reduction and input
data pre-processing. This thesis explores an alternative to the traditional multiply-accumulate
operations with more efficient operations, such as shift and add operations.

Even though the strength reduction optimization is a well-known technique in the field of
compiler optimization, its application to neural network inference on embedded systems has not
been extensively studied. The evaluation is conducted across multiple embedded architectures,
including ARM Cortex-M0, AVR, MSP430, and RISC-V, utilizing hardware emulation through
QEMU to benchmark performance. Experimental results demonstrate that strength reduction
can significantly decrease the computational overhead of neural network inference at the cost of
increased memory requirements. The findings highlight the potential of compiler-assisted
optimizations in enabling efficient Al inference on edge devices, paving the way for improved
TinyML applications.
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Introduction

1 Introduction

In the rapidly evolving era of Artificial Intelligence (AI) and Machine Learning
(ML), the computation is moving from the cloud to the edge. This is comporting
a new set of challenges in the field of embedded systems, such as the need of
smart devices able to compute Al algorithms in a fast and efficient way without
losing their characteristic features such as low power consumption and small
size. However, the implementation of high computational demanding algo-
rithms on embedded systems is not trivial, and it requires a deep knowledge
of the hardware and software architecture of the target device. Moreover, the
computational power of embedded systems is limited, and the execution of Al
algorithms can be slow and inefficient in terms of time and energy consump-
tion.

The field of Tiny Machine Learning (TinyML) addresses these challenges
by focusing on the development of machine learning models and algorithms
specifically designed for resource-constrained embedded systems. TinyML aims
to enable the deployment of Al applications on devices with limited computa-
tional capabilities, such as microcontrollers and Internet of Things (IoT) de-
vices. By leveraging techniques like model quantization, compression, and
hardware acceleration, TinyML enables efficient execution of Al algorithms on
embedded systems, minimizing the computational and energy requirements.
The TinyML community has developed various frameworks and tools, such
as TensorFlow Lite for Microcontrollers, to facilitate the development and de-
ployment of TinyML models. However, there are still many open challenges
in the field of TinyML, such as the optimization of neural network models for
embedded systems, the development of efficient inference algorithms, and the
integration of hardware accelerators for AI computation.

The challenge in this thesis is to perform the neural networks’ inference on
embedded systems by substituting the traditional operation Multiply-Accumulate
(MAC) with a more efficient operation. MAC operations are computationally
intensive and can overwhelm the limited resources of a microcontroller. In
this work, we propose a promising solution by substituting those expensive
operations with more efficient ones using the strength reduction optimization
technique. The strength reduction optimization is a compiler optimization
technique that replaces expensive operations with cheaper ones, reducing the
overall computational cost of the program. In the context of neural network in-
ference, we can apply the strength reduction optimization to replace the MAC



Introduction

operations with more efficient operations, such as shift and add operations.
This optimization can significantly reduce the computational cost of the neural
network inference, making it more suitable for resource-constrained embed-
ded systems. Even tough the strength reduction optimization is a well-known
technique in the field of compiler optimization, its application to neural net-
work inference on embedded systems has not been extensively studied. In this
thesis, we investigate the application of the strength reduction optimization
to neural network inference on embedded systems, and we evaluate its impact

on the computational cost and performance of the inference process.
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2 Background

In this section, we will introduce the concepts of machine learning, neural
networks, and compiler optimizations. We will also introduce the concept of
TinyML and the deployment of machine learning models on microcontrollers.
Finally, we will introduce the TensorFlow Lite framework and the compiler
optimizations that we will use in this thesis.

2.1 Neural Networks

Neural networks are a computational abstraction that tries to mimic the way
the human brain works. The basic computational unit of the brain is the neu-
ron, which is a cell that receives electrical signals from other neurons and
sends signals to other neurons. These electrical signals travel through the
neuron’s dendrites, which are the input channels, and are processed in the
neuron’s body, which is the processing unit. The neuron then sends the pro-
cessed signal through the axon, which is the output channel, to other neurons.
The neuron can be in two states: active or inactive. When the neuron is active,
it sends a signal to other neurons, and when it is inactive, it does not send a
signal. The strength of the signal is determined by the number of electrical
impulses that the neuron receives from other neurons which are regulated by
the synaptic strengths that can be excitatory or inhibitory. If the sum of the
signals that the neuron receives is greater than a certain threshold, the neu-
ron fires and sends the signal to other neurons.

The neurons in a neural network are modelled with the biological function-
ing in mind, the firing of a neuron is modelled with an activation function,
which is a mathematical function that determines if the neuron is active or
inactive. The synaptic strengths are modelled as weights w, which are real
numbers that represent the strength of the signal that the neuron sends to
other neurons. The threshold at which the neuron becomes active is modelled
as a bias b, which is a real number that represents the threshold at which the
neuron becomes active. In Figure 1 we can see a graphical representation of

a single neuron in a neural network. The output y of a neuron is computed as

y=1f (Z wit; + b) 1)
=1

where f is the activation function. The activation function is a continuous

follows:

function that maps the output of the neuron to a value, generally, between
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0 and 1. The most common activation functions are the Sigmoid function,
the hyperbolic tangent tanh function, and the Rectified Linear Unit (ReLU)
function [6].

Similarly to our brain, a neural network is composed of layers of neurons.
The external stimuli are propagated from the first set of neurons, called the in-
put layer, to the last set of neurons, called the output layer. The layers between
the input and the output layers are called hidden layers. The layering of the
neurons allows the network to learn complex patterns by extracting features
from the input data and passing them to the next layer. Every layer extracts
different features from the data and the output layer, the last, is used to make
a prediction.

In order to make our neural network able to make predictions and learn
these patterns, the network goes through a process called training. Neural

networks involve two main processes: training and inference.

* Training: this is the process where the network learns from the data.
The training process involves feeding the network with a set of input data
with the corresponding labels, the labels are the expected output of the
network given a certain input. This learning process is called supervised
learning. Based on a loss function, i.e. the Mean Squared Error (MSE),
the network can compute the error between the predicted output and the
expected output. This error is then used to update the weights and the
biases of the network using an optimization algorithm, i.e. the Stochastic
Gradient Descent (SDG) algorithm. The training is repeated for a cer-
tain number of iterations, called epochs, until the network converges to a
solution. During the training process two possible problems can arise:

- Overfitting: the network learns the training data too well and is not
able to generalize to new data.

— Underfitting: the network is not able to learn the training data and
is not able to generalize to new data.

* Inference: this is the process where the network makes predictions on
new data. In this case, the network parameters are fixed and the network

is able to give a prediction based on an unseen input data.

The iterative process of training is computationally intensive and requires
a large amount of data to be effective. In addition, it requires a tremendous

amount of time which is unfeasible for small devices. In this thesis, we will
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Figure 1: A single neuron in a neural network. The neuron receives signals
from other neurons, computes a weighted sum of the signals, and applies an

activation function to determine if the neuron is active or inactive.

focus on two types of neural networks: Multi-Layer Perceptrons (MLPs) and
Convolutional Neural Networks (CNNSs).

2.1.1 Multi Layer Perceptron

The Multi-Layer Perceptron (MLP), also known as feedforward neural network
is the simplest type of neural network. It consists of an input layer, one or
more hidden layers, and an output layer. Every neuron inside the network is
connected to every other neuron in the next layer, in fact these networks are
also called fully connected networks. These neurons are able to make decisions
based on the weighted sum of the inputs and the activation function applied
to the sum as shown in Equation (1). If we look at function, the output gen-
erated by a single neuron is a single value, this output is then repeated and
provided as input to each neuron in the next layer. The adding of layers allows
the network to perform more complex and abstract decisions finding different
patterns on the input data [7]. The most common use case of MLPs is classi-
fication tasks, where the network is trained to categorize the input data into
different classes.

2.1.2 Convolutional Neural Networks

Convolutional Neural Network (CNN) are a type of neural network designed
to work with grid-like topology data, i.e. images that can be represented as
a 2D grid of pixels [8]. The CNNs are so called because they implement the
convolution operation instead of the general matrix multiplication. The con-
volution operation is a mathematical operation that takes two functions and
produces a third function that represents the amount of overlap between the
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Figure 2: A Multi-Layer Perceptron (MLP) with an input layer, a hidden layer,

and an output layer.

two functions. In the continuous time domain, the convolution operation is

defined as:
/ F(r)glt - 7)d @)

Where f and g are the two functions that are being convolved, and * is the
convolution operator. In the discrete time domain, the convolution operation
is defined as:

(f *9) Z flm m] (3)
In the context of CNNSs, the first function is referred as the input, the second
as the kernel or filter and the result is called feature map. Let us suppose we
apply the convolution operation on an image, let be I the input image and K
the kernel, the output of the convolution operation is:

(I« K)[i Z Z K[i—m,j—n] 4)

m=—0o0 N=—00

We can picture the convolution operation as a sliding window that moves over
the input image by a certain number of pixels (stride). At each step, the pixels
of the input image that are covered by the kernel (the window) are multiplied
by the kernel values and summed up to produce the output pixel. We must de-
note that the most available machine learning libraries (TensorFlow included),
implement what is called cross-correlation instead of convolution, in fact the
kernel is not flipped before the multiplication.

The CNNs are composed of three main types of layers: convolutional layers,
pooling layers, and fully connected layers. The convolutional layers extract
features from the input image, and the resulting feature map is then passed

to the pooling layers, which reduce its size. Finally, the fully connected layers

6
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utilize the features extracted by the convolutional and pooling layers to make
a prediction.

»

softmax

Lo
64 Waxpool

axpool Conv

Figure 3: A Convolutional Neural Network (CNN) with a convolutional layer,
a max-pooling layer, and a fully connected layer. The numbers here have no
meaning, they are just placeholders.

2.1.3 Depthwise Separable Convolutional Neural Networks

Depthwise Separable Convolutional Neural Network (DS-CNN) are a type of
neural network that is designed to reduce the number of parameters in a CNN.
DS-CNNs are composed of depthwise convolutional layers, pointwise convolu-
tional layers, and fully connected layers. The depthwise convolutional layers
performs the convolution operation independently on each channel of the in-
put, i.e. let us consider an RGB image. The depthwise convolutional layer will
perform the convolution operation on the R, G, and B channels separately,
therefore we will have three different kernels for each colour of the image.
The resulting feature map, will be the indipendently combined feature maps
for each colour.

The pointwise convolutional layers perform the convolution on the combined
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feature map of the depthwise convolutional layers projecting the output to a
different space [9]. Referring to the example, the pointwise convolutional layer
will take the three feature maps and combine them into a single feature map
by using a 1x1 kernel with a depth equal to the number of channels of the
input image, R, G, and B.

The additional layers in a DS-CNN are used to reduce the number of pa-
rameters in the network, which can lead to faster inference times and lower
memory requirements. DS-CNNs are widely used in applications where the
computational resources are limited, such as mobile devices and embedded
systems. Let us suppose we apply the convolution operation on a feature map
obtained previously from a classical convolutional layer, let be F' the feature
map, K the filter of the depthwise layer and K the filter of the pointwise convo-
lutional layer. Let O}, ,, 4 be the output of the depthwise separable convolutional
layer and OAh,w,d the output of the pointwise convolutional layer, where A, w, d
are respectively height, width and depth of an image. The operations involved
in a depthwise separable convolutional layer are:

Oh,w,d: Z Z F[i>jad]K[i_m7j_n7 d] (5)
for the depthwise convolutional layer, and:
Onwa= Y, > > OljkK[li—m,j—nk—t (6)
m=—0o0 Nn=—00 t=—00

for the pointwise convolutional layer [10].
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Figure 4: A Depthwise Separable Convolutional Neural Network (DS-CNN)
with a first convolutional layer, then a depthwise convolutional layer, a point-
wise convolutional layer and a fully connected layer. The numbers here have

no meaning, they are just placeholders.
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2.2 Tiny Machine Learning

Tiny Machine Learning (TinyML) is the field of machine learning that enables
the deployment of machine learning models on small, low-power devices, such
as microcontrollers. TinyML is used in a wide range of applications, such as
predictive maintenance, anomaly detection, and environmental monitoring.
TinyML models are typically trained on a powerful server or cloud platform
and then deployed to a microcontroller for inference. Migrating the inference
from the cloud to the edge enabled new challenges and opportunities to deploy
small sized models that can run on microcontrollers with limited resources.
This led to the development of new techniques for training and deploying ma-
chine learning models on resource-constrained devices such as Neural Archi-
tecture Search (NAS), Quantization, and Pruning [11]. In this thesis, we will
focus on the deployment of machine learning models on microcontrollers ar-

chitectures, applying further optimizations on the quantized models.

2.2.1 Quantization

Quantization is the software optimization technique that enables the deploy-
ment of neural networks to smaller architecture devices. Generally, the weights
and the activations tensors are trained on servers which use 32-bit or 64-
bit floating-point numbers. However, smaller architectures do not have the
hardware resources to perform those floating point operations to run the in-
ference. Moreover, the memory requirements of these models are too high
to be stored in the limited memory of these devices. Quantization aids in
reducing the memory requirements and the computational complexity of the
model by converting the floating-point numbers to fixed-point numbers. The
two main quantization techniques are Post-Training Quantization (PTQ) and
Quantization-Aware Training (QAT) [12].

* Post-Training Quantization (PTQ): applies quantization to the weights
and activations of the model after the model has been trained using float-
ing point precision. The weights and activations are converted from floating-
point numbers to fixed-point numbers, which reduces the memory re-

quirements and computational complexity of the model.

* Quantization-Aware Training (QAT): involves training the model with
quantization in mind. During training, the weights and activations of

the model are quantized to fixed-point numbers, and the gradients are

10
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computed with respect to the quantized values. This allows the model to
learn the quantized representations of the weights and activations during

training.

In this thesis, we will focus on post-training quantization, which is the simplest
and most widely used quantization technique.

2.2.2 Post-training Quantization

The Post-Training Quantization (PTQ) algorithm is a simple and effective way
to quantize a model. It takes a pre-trained floating point model and converts
it to a fixed-point model. The base idea is to minimize the loss of accuracy
while reducing the memory requirements and computational complexity of the
model. The base operation during the quantization operation is the linear
quantization which is an affine mapping between the floating-point numbers

and the fixed-point numbers [13]. The linear quantization is defined as follows:
r=3S(q—2) (7)

with r a real number, ¢ the quantized number, S the scale factor, and Z the
zero point. When the linear quantization is applied, we want to map a float-
ing point number to an integer range of numbers (¢in, Gmaz), Where g, and
(maz are the minimum and maximum quantized values, the range is given
by the N bit quantized representation chosen [0,2"] for unsigned values and
[—2N=1 2N=1 _ 1] for signed values. The scale factor and the zero point are
computed as follows:
g — dmaz — Ymin

T"maz — Tmin
Fmin
S
where r,,;, and 7,,,, are the minimum and maximum floating-point values

7 = round(qmin —

that we are considering for the quantization. These parameters depend on
the quantization granularity we are considering, in fact this can be per-tensor

or per-channel.

* Per-tensor quantization: In this case, the scale factor and the zero point
are computed for the entire tensor. This means that all the values in the
tensor are quantized using the same scale factor and zero point. This is

the simplest form of quantization and is widely used in practice.

11
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* Per-channel quantization: In this case, the scale factor and the zero point
are computed for each channel in the tensor. This means that each chan-
nel in the tensor has its own scale factor and zero point. This allows for
more fine-grained quantization of the tensor and can lead to better accu-

racy than per-tensor quantization.

In this thesis, we will focus on per-tensor quantization, which is the quanti-
zation technique used in TensorFlow Lite [14], framework that we will use to
quantize the models.

Per-tensor quantization

In per-tensor quantization, the scale factor and the zero point are computed
for the entire tensor. This means that all the values in the tensor are quan-
tized using the same scale factor and zero point. Here we show how a fully
connected layer is quantized to an int8 model using per-tensor quantization.

The equation for a fully connected layer is:
Y =WX+b

where Y is the output tensor, W is the weight tensor, X is the input tensor,
and b is the bias tensor. Applying the linear quantization in Equation (7) to

each tensor we get:

§Y(CIY - ZY)/ = Swl(qw — ZW)J' Sx(gx — Zx) +§b(% — Zp)

-~ -~ -~ -~

Y w X b

The input and the weights are both quantized to int8, so the resulting dot
product is quantized to int32. Moreover, the bias-vector is quantized similarly
to the int32 data type. Since both the weights and the bias are quantized to a
signed integer range, the zero points are set to 0. Setting 7y, = 7, = 0 we get:

Sy(ay — Zy) = SwSx(qwax — Zxqw) + Sp(q)
The quantization scale of the bias-vector should be the same as the dot product
quantization scale, so we set S, = Sy Sx. We can now simplify the equation:

Sy (qy — Zy) = SwSx(qwax — Zxqw + @)

Since we want to compute the quantized output ¢y, we can isolate it:

Sw S
Qy = Vg = (qwax — Zxaqw + @) + Zy
%

12
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At this point, we have the term ¢, — Zx ¢y that can be precomputed since it
does not involve any input variable, we call that ¢;,.

SwSx
@y = (awax + Qvias) + Zy
~— Sy N e’ N~
int8 ~——" 32-bit accumulator int8

rescale to int8

The term Sy, Sx /Sy is the rescale factor, which is the constant used to convert
the 32-bit accumulator to an int8 value. This is only non-integer value in the
equation, that can be expressed as a fixed-point multiplication[15].

Dynamic Range Quantization

Unlike the weights and the biases that are quantized to a fixed range, the
activations can vary during the inference. This means that the activations
can have a dynamic range that is not known a priori. To handle this there are

two ways:

1. During training, the statistics of the activations are collected and then

aggregated via Exponential Moving Average (EMA).

2. During inference, the statistics are gathered by running the model on a
calibration dataset, which is a subset of the training dataset. Since the
integer model should keep the same accuracy as the floating-point model,
the chosen quantization parameters are the one that minimize the loss of
accuracy which is measured by the Kullback-Leibler divergence between

the floating-point and the quantized model [16].

Applying the dynamic range quantization to the activations, it is possible to

retrieve the scale factor and the zero point for the activations.

2.2.3 TensorFlow Lite

TensorFlow Lite (TFLite) is a framework for deploying machine learning mod-
els on mobile and edge devices. It is part of TensorFlow [17], an open-source
machine learning framework developed by Google. TFLite provides tools that
enable the deployment of machine learning models on limited resource devices
converting them to a FlatBuffer[18] format .tflite, a binary serialization
format that is optimized for memory usage and speed. TFLite also provides
a runtime that can run the models on a wide range of devices by providing

13
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an inference engine that can interpret the .tflite models and run the infer-
ence. TFLite supports a wide range of operations, although not all operations
supported by TensorFlow do not have their counterpart in TFLite. Inside the

TFLite framework there are two main components:

¢ TFLite Converter: The TFLite Converter is a tool that converts Tensor-
Flow models to the TFLite format. The TFLite Converter takes a Ten-
sorFlow model in the .pb format and converts it to the TFLite format.
The TFLite Converter also applies optimizations to the model, such as
quantization and pruning, to reduce the memory requirements and com-

putational complexity of the model.

* TFLite Interpreter: The TFLite Interpreter is a runtime that can run
TFLite models on a wide range of devices. The TFLite Interpreter takes
a TFLite model in the .tflite format and runs the inference.

The TFLite interpreter for microcontrollers is a subset of the full TFLite in-
terpreter called TFLite Micro. It is written in C++ and requires 32-bit plat-
forms. Unlike other platforms that can interprete the .tflite models, the
model must be converted to a C array that can be compiled with the applica-
tion and used by the TFLite Micro interpreter. An interesting feature of the
TFLite Micro interpreter is the memory allocation, the interpreter allocates
the needed memory for the model at initialization time, this memory is then
treated as a stack memory, which means that the memory is not deallocated
until the interpreter is destroyed and all the temporary allocations are done
inside the preallocated memory space [19].

In this thesis, we will use TensorFlow Lite to convert the models to the
TFLite format and run the inference on a microcontroller. However, due to the
constraint that the TFLite Micro interpreter requires a 32-bit platform, we will
extract the model weights and biases from the TFLite model and run the in-
ference using a custom inference engine that we will develop, that means that
every neural network inference operation will be implemented from scratch,

both unoptimized and optimized versions.

2.3 Compiler Optimizations

A compiler is a specialized program equipped with tools that enable the trans-
lation of high-level languages into binary code executable by a computer, this

process is called compilation. A compiler involves two main steps: front-end
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and back-end. The frontend applies an analysis on the source program, it in-
volves all the set of operations which are needed to understand the source code,
such as parsing, syntax analysis, and semantic analysis. Once the front-end
phase is completed, an Intermediate Representation (IR) of the source code is
generated. The back-end phase synthesize the IR generated by the frontend
and constructs the final program.

S IR Target
_Douree, Frontend Backend

Figure 5: A 2-phase compiler with frontend and backend. In modern compilers

this is equivalent as using the -O0 flag.

The IR is a high-level representation of the code that is independent of the
source code and the target architecture. With this representation is possible
to add another phase called optimization phase, which is a set of transforma-
tions that are applied to the IR to improve the performance of the code. The
optimization phase takes the IR generated by the frontend phase and generate
a modified IR after multiple operations called passes. Every optimization pass
is designed to solve the optimization problem optimally, unfortunately the op-
timization is highly dependent on the input code on which the pass is applied,
therefore the optimality is not guaranteed and one of the challenges in com-
piler design is to find the sequence of passes that leads to the best optimized
code maintaining its correctness [20]. In fact, the optimizer cannot change the

behaviour of the program, it can only improve the performance of the code.

S IR o IR Target
_oource | Frontend Optimizer Backend ———

Figure 6: A 3-phase compiler with frontend, optimizer, and backend.

There are three main types of optimizations: local optimizations, global

optimizations, and inter-procedural optimizations.

* Local optimizations: Local optimizations are optimizations that are ap-
plied to a single basic block. A basic block is the maximal sequence of
instruction with no labels (except at the beginning) and no jumps (except

the last instruction).

15



Background

* Global optimizations: Global optimizations are optimizations that are ex-
tended to an entire Control Flow Graph (CFG). The CFG is a graph that
represents the control flow of the program, where the nodes are the basic

blocks and the edges are the control flow between the basic blocks.

¢ Inter-procedural optimizations: Inter-procedural optimizations are opti-
mizations that are applied across multiple functions. These optimizations
are more complex than local and global optimizations because they involve
analysing the interactions between different functions, i.e. inlining func-

tions.

In this thesis we focus on the application of the strength reduction optimiza-
tion, which is an optimization that can be applied both locally and globally.

2.3.1 Strength Reduction

The strength reduction is a scalar optimization that replaces expensive opera-
tions with cheaper ones. The strength reduction optimization is based on the
observation that some operations are more expensive than others, for example
multiplications, divisions and exponential operations. In fact, the reduction
in strength is part of the class of the algebraic simplifications that are applied
to the code to reduce the number of operations by taking advantage of the
mathematical properties of the operations such us the distributive property,
the associative property, and the commutative property[21].

Expensive Cheaper
T * 2 r<<l1
x/2 x>>1lorxzx0.5
x *3 r+zr+w
x? Tk

Table 1: Table of the cost of the operations and the cheaper operation that can
replace them.

In literature, it is always coupled together with the induction variable opti-
mization because it allows to drastically reduce the number of multiplication
inside a loop. Let us consider the following code:
for (int i = 0; i < N; i++) {

ali] = al[i] % 2;
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The code above is a simple loop that multiplies every element of the array
a by 2. The multiplication by 2 can be replaced by a shift operation, which
is a cheaper operation than multiplication. Moreover, the 1oad of the array

element must compute the memory address of the array as
a + i % sizeof(int)

The address computation can be replaced by an induction variable that is in-

cremented at every iteration of the loop. The code can be rewritten as follows:

int xptr = a;

for (int i = 0; i < N; i++) {
¥ptr = xptr << 1;
ptr++;

}

By using a pointer as an induction variable, the strength reduction optimiza-
tion removes the multiplication and the address computation from the loop.

In this thesis, we will focus on the application of the strength reduction op-
timization on the operations that are executed during the inference of a quan-
tized neural network.
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3 Hardware Emulation

In embedded systems the hardware emulation plays a crucial role, especially
in the context of development time, costs and flexibility. In fact, the availabil-
ity of components and the design process can turn to be time-consuming and
unpredictable, and the software developers cannot wait to start working on the
completed board until the design process is terminated. Therefore, using an
emulator to start the application development saves time in terms of product
advancement and can help detect troublesome design decisions earlier. [22]
A hardware emulator is a piece of software that mimics the behaviour of
one or more hardware components. This is not to be confused with a sim-
ulator, a simulator tries to mimic the behaviour of the device and the pro-
grams are usually written in high-level languages while an emulator inter-
prets the binary that has been written for a specific platform, it translates it
to an intermediate representation and executes it on the host platform [23],
an example of such emulators are Instruction Set Simulators. Instruction Set
Simulators are particularly useful tools because they help to evaluate and val-
idate design decisions in early stages of development offering convenient in-
struments such as debuggers, profiling, hardware simulators, etc. There are
three types of these simulators: interpretation-based, compilation-based and

dynamic compilation-based [24].

e Interpretation-based simulators recreate the target processor and simu-
late their execution through the fetch-decode-execute loop. These simula-
tors are generally slow because the simulation happens over the repre-
sentation in memory of the target CPU.

* Compilation-based simulators use a recompiled version of the target bi-
nary which instructions are translates into host machine instructions.
These simulators keep the representation of the target machine in mem-
ory, updating it every time the equivalent block of simulator-target in-
structions is executed, in Figure 7 an example of simulator equivalent

instruction.

* Dynamic compilation-based simulators perform real-time translations while

the target binary is executed. They need a Translation Cache (T'C) which
is addressed by a Translation Lookaside Buffer (TLB). Every time the
Program Counter (PC) of the target is increased, the TLB is checked. If

there is a hit, the address of the host translated instruction is returned
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and those are retrieved from the TC. If there is a miss, the target machine
instructions are translated and both the TC and the TLB are updated.

pushg
movq

%r|
bl 33, 4(ar ---- 000055555555711

ol i add_i64 loc2,rb
movl %ea. . ~
addl %edx, %eax mov_164 10(@,

ﬁggg T qemu_st_ab64_i64 1 ,loc2,noat+un+leul,1

Figure 7: Example of variable assignment int a = 0; compiled for the host

system emulator.

In this thesis we have followed the emulation approach to extrapolate bench-
marks and compare the behaviour of different architectures in terms of per-
formance and correctness. The choice of a hardware emulator over the actual
microcontrollers has been driven by the low availability of the selected boards
in the market, the costs, the debugging instruments, the constraints of differ-
ent Integrated Development Environments (IDEs) sometimes strongly tied to
the chip vendor, and the desired analysis that we wanted to perform. Among
the available hardware emulators, we have chosen the most complete one and
easy to use which succeeded in our intent: Quick EMUlator (QEMU).

3.1 QEMU - Quick EMUlator

QEMU is a generic and open-source machine emulator and virtualizer [25].
QEMU provides mainly two operational modes: system emulation and user-
mode emulation. The system emulation provides an emulation of an entire
machine including all its hardware components (CPU, memory, peripherals,
etc) while the user-mode emulation is limited to a CPU emulation, which al-
lows running different compiled architecture on the host machine.

The system emulation provides a virtualization of the machine supporting
different hypervisors. The devices are virtualized according to the Virtual I/O
(VirtIO) standard [26] which allows designing look-alike physical devices to the
guest virtual machine, but it also allows a pass-through to the host peripherals
to reduce the emulation overhead. The user mode emulation, since it is a CPU
only emulation, added some useful features such as: system call translation, in
case of mismatch between emulated OS and host OS, POSIX signal handling,
which allows redirecting of signal system calls to the emulated target, and

threading.
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QEMU is a dynamic compilation-based simulator and the translation unit
component is called tcg. As we introduced before, also QEMU keeps a TC which
contains, what in QEMU are called, the Translation Blocks (TBs). QEMU sim-
ulates the PC and the CPU information (registers) of the target architecture
updating its internal state every time a basic TB block is executed. When
a TB is executed, the program flow returns to the main loop and fetches the
next target instruction to fetch and execute its relative TB. In order to speed
up the execution, QEMU does a lookup on the next instructions and if the
TB are present in the TC it concatenates them executing more instruction at
once. This behaviour is done by default but is possible to instruct QEMU to
execute one TB per target instruction with the flag —one-insn-per-tb. The
Tiny Code Generator (TCG) internally uses an IR where each target architec-
ture instruction corresponds to a list of instruction terminated by a label or a
branch instruction.

Another useful feature of QEMU are the TCG plugins. The TCG plugins
can be attached to the system emulation without modifying its execution state.
This enables the user to retrieve information about the execution with a fine-
grained resolution up to individual instructions. These plugins are loaded as
external libraries from QEMU, and they are registered via a callback mech-
anism through the registered event, the plugin can access the internal state
of the CPU and the memory. The plugins can be used for various purposes
such as profiling, debugging, tracing, etc. In this thesis we have used the TCG
plugins to profile the execution of neural networks on different architectures
counting the number of executed instructions and memory accesses. In par-
ticular, two plugins have been used for the evaluation: insn_count and mem
both compiled from the QEMU source code as shared libraries 1ibinsn.so
and libexeclog.so respectively. The insn_count plugin counts the number
of executed instructions and the execlog plugin allows to log all the executed
instructions and the memory accesses. However, since the generated log file
was too large to be analysed, we have developed a new plugin called memcnt
which counts the memory accesses showing the number of reads and writes.
The plugins are loaded at runtime with the flag -plugin followed by the path
of the shared library. Here is an example of how these plugins have been used:

gemu—arm \
—cpu cortex-m0 \
—one—insn—per—tb \
—plugin /path/to/libinsncount.so \
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—plugin /path/to/libexeclog.so \
—d plugin \

-D logfile.txt \

$binary

3.2 Reference Architectures

In this thesis we have used four different architectures to evaluate the perfor-
mance of the neural networks. The architectures have been chosen based on
their availability in the market, their popularity and their limitations.

3.2.1 MSP430

The first architecture we have used is the MSP430 [27], a 16-bit RISC architec-
ture developed by Texas Instruments. The MSP430 family of microcontrollers
is particularly used in low-power applications and it has been chosen for its
limitations in terms of memory and computational power. The MSP430 has
a 16-bit architecture with a 16-bit data bus and a 16-bit address bus. The
MSP430 has 16 registers, 12 of which are general-purpose registers (R4-R15),
and the remaining are used for the Stack Pointer (SP), the PC, the Status
Register (SR), and the Constant Generator (CG).

Program Counter PC Ro
Stack Pointer SP R1
Status Register SR
Constant Generator CG1 R2
Constant Generator CG2 R3
Working Register R4 R4
Working Register R5 R5
Working Register R13 R13
Working Register R14 R14
Working Register R15 R15

Figure 8: MSP430 register architecture [1].

An interesting limitation of the MSP430 is the lack of a hardware mul-
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tiplier, which means that the multiplication operation is done in software.
In fact, the compilers implementations have to implement helper functions
conforming to the MSP430 Application Binary Interface (ABI) to perform the
multiplication [28]. This limitation has been taken into account to perform
strength reduction on the neural network to reduce the number of multipli-
cations. We have observed that the MSP430-GCC compiler already performs
some strength reduction on the code, but this was limited to small constant ar-
rays, which is not enough to perform the neural network inference. Moreover,
the compiler was able to perform this kind of optimization only when both the
arrays were constants and, with the aid of Compiler Explorer [29], we have
observed that the MSP430-GCC compiler has a limitation on the size of the
array that can be optimized. In fact, the compiler was able to optimize only
arrays with a maximum size of 17 elements as we can see in Figure 9. This
limitation has been taken into account to design the neural network to fit the
MSP430 architecture.

Unfortunately, the MSP430 architecture is not supported by QEMU [30], so
we used this architecture as a reference in terms of Read-Only Memory (ROM)
and Random Access Memory (RAM) size, in particular we compiled the neural
network for the MSP430 architecture targetting the MSP430F5529 [31] board,
which is equipped with 8 KB of RAM and 128 KB of ROM. We used the size
of the ROM and RAM as a reference for the other architectures. Moreover,
the ROM available on this board is not contiguous, in fact we have two ROM
memory regions, the low memory with a size of 48KB and the high memory
with the size of 80KB. We have taken this into account when designing the

neural network moving the weights in different memory regions.

3.2.2 ARM

The ARM architecture is the most popular on the market and it is used in wide
range of devices, from embedded devices to smartphones. The ARM processor
that has been used in this thesis is the ARM Cortex-MO [32] which is based
on the ARMv6-M architecture. The M suffix in the ARM notation stands for
microcontrollers and the Instruction Set Architecture (ISA) supported is the
Thumb. This architecture’s family is a 32 bit architecture particularly focused
on size and determinism rather than performance. The ARM Cortex-MO is
based on a Von Neumann bus architecture with 32-bit data and address bus.

?https://godbolt.org/z/TG1Y9GvaY
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#include <stdint.h>
#define NUM 18

int mult_with_constants(int input[NUM]) {
const ints_t a[NUM] = {-91, -52, -81, 111, -63,
49, 75, 82, -65, -105,
-84, -56, -123, -99, 69,

a3 122, B, T B
const int8_t b[NUM] = {-19, 48, 28, -21, -42,
-84, 117, 18, -111, 45,
-86, 121, 100, 62, -68,
-41, -45, -19, -124, -105,
for (int i = ©; i < NUM; i++) {
for (int j = ©; j < NUM; j++) {
input[i] += a[i] * b[j];

// just use the variable to not optimize that out
int sum = @;
for (int i = ©; i < NUM; i++) {

sum += input[i];

return sum;

-101, 29, 81,
-107, 18, 71,
101, 91, 8§

“170};

“ae, 27, 16,

-68, 29, 12,

-98, -84, -117,
“104};

MSP430 gcc 13.2.0

A~

T

38
39
40
a1
a2
43
a4
45
46
a7
a8
49

* 2z @ -03

£ Output...~ W Filter.. ~ & Libraries  J Over

AU W FEL, TJ
.L3:

MOV . W R9, R13
MOV.B @R5+, R12
SKT R12
CALL # mspabi_mpyi
ADD . W R12, R10
CMP.W R5, R4 { JNE .L3
MOV.W  R10, -2(R7)
CMP.W @R1, R6 { INE .L2
MOV.W 2(R1), Ri3
ADD . W #36, R13
MOV.B #0B, R12

(a) Assembly code generated for the multiplication of two arrays with 18 elements.

#include <stdint.h>
#define NUM 17

int mult_with_constants(int input[NUM]) {
const int8_t a[NUM] = {-91, -52, -81, 111, -63,
49, 75, 82, -65, -105,
-84, -56, -123, -99, 69,
78, D2, W, % BL
const int8_t b[NUM] = {-19, 46, 28, -21, -42,
-84, 117, 18, -111, 45,
-86, 121, 10e, 62, -6,
-41, -45, -19, -124, -105,
for (int i = @; 1 < NUM; i++) {
for (int j = 0; j < NUM; j++) {
input[i] += a[i] * b[j];

// just use the variable to not optimize that out
int sum = ©;
for (int i = @; i < NUM; i++) {

sum += input[i];

return sum;

-101, 29, 81,
-107, 18, 71,
18, -9, 6,
“120};

Tae, 27, 18,
-68, 29, 12,
-98, -84, -117,
“104};

MSP430 gcc 13.2.0

A

v 2 @ -03

£ Output..~ W Filter.. » B Libraries J Overrides + Ad

ADD.W #18, R4
L2:

MOV.B  @R12+, R13
SXT R13
MOV.W R13, RY
RLAM.W #2, R7
ADD. W R13, RY
MOV.W R7, R8
RLAM.W #3, R8
MOV.W  R7, R9
RLAM.W #2, RO
MOV.W  R13, R14 { SUB.W R9, R14
ADD.W  @R15+, Ri14
ADD. W R8, R14
ADD. W R13, RO
SUB.W R13, R14

(b) Assembly code generated for the multiplication of two arrays with 17 elements.

Figure 9: Strength reduction optimization on MSP430-GCC compiler. In Fig-

ure 9a the GCC compiler invokes the __mspabi_mpyi routine to perform the

multiplication, while in Figure 9b the GCC compiler applies the strength re-

duction optimization?.
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The ARM Cortex-MO has 16 registers of which 13 are general-purpose regis-
ters (RO-R12) in addition to the SP register, the Link Register (LR) and the
PC register.

R1
R2
. R3
Low registets =
R5
R6 General p urpose r egisters
R7
. R8
R9
High registers R10
R11
- R12 )
Stack Pointer SP (R13) | PsP || MSP
Link Register LR (R14)
Program Count] PC (R15)
PSR Program Status Registe ) )
PRIMASK Interrupt mask register} Special registers
C ONTROLControl Register

Figure 10: ARM Cortex-MO register architecture [2].
Copyright © Arm Limited (or its affiliates).

Unlike the MSP430, the ARM Cortex-MO has a hardware multiplier which
allows performing multiplication operations in a single instruction. On the
other hand, as stated on the ARM website, the processor can be shipped with
two different configurations targetting different power consumptions. These
two implementations differ precisely on the hardware multiplier where the
"fast" implements the multiplication in a single CPU cycle while the "slow"
takes up to 32 cycles.

Initially, we wanted to run the neural network on a board equipped with the
ARM Cortex-MO processor which adopted the "slow" configuration to observe a
performance difference between our optimization and the default compilation,
but we were not able to find a board with this configuration. Apparently, this
configuration is only used on heterogeneous systems where the ARM Cortex-
MO is used as a coprocessor for the main processor.

The ARM Cortex-MO architecture is supported by QEMU, so we have used
this architecture to evaluate the performance of the neural network. We did
not compile the neural network for any specific board, even though the ARM
Cortex-MO is used in many boards, we have written a simple linker file a simple
startup file to run the neural network on QEMU. We did not use any advanced
feature that could be present on a specific board, therefore we ran the simula-
tion using the User Mode Emulation of QEMU. Although the user mode em-
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ulation generally provides a startup and linker file, we ran into some errors
that lead us to write our own files, these errors seemed to be related to the
fact that the ARM microcontrollers are adopted by different vendors and the
startup and linker files are strictly tied to the desired vendor’s implementation
(i.e. Nordic initialize the interrupts before jumping to the main function while
STMicroelectronics leaves this task to the user). In [33] is further explained
also how different vendors handle reset handlers and hard faults, linking the
two above-mentioned startup files and how the implementation differ from one

to another.

3.2.3 AVR

The AVR architecture is an 8-bit Reduced Instruction Set Computer (RISC) ar-
chitecture developed by Microchip. The AVR architecture is particularly used
in low-power applications, and it is known for its simplicity and its low power
consumption. Unlike the other architectures, the AVR architecture is based on
a Harvard architecture with separate data and instruction memory. Since all
the instructions are 16-bit or 32-bit wide, the instruction memory bus is 16-bit
wide while the data memory bus is 8-bit wide [34]. Moreover, the instructions
are executed with a single level pipeline so that when an instruction is fetched,
the next instruction is already fetched and ready to be executed. The AVR ar-
chitecture has 32 are general-purpose registers (R0-R31) of which the last six
registers are used as 16-bit address pointers to address data in memory. The
AVR architecture is supported by QEMU and we have compiled the binaries
targetting the AtMega2560 which is the microcontroller generally know for be-
ing used on the Arduino Mega. We have chosen this microcontroller because
it is the most popular in the AVR family and it is equipped with 8 KB of RAM
and 256 KB of ROM. The ROM is double the size of the MSP430 but since
the MSP430 has a 16-bit architecture, we expect that the binary size will be
larger due to the 8-bit architecture. Unlike the other architectures, the emula-
tion with QEMU have been performed in System Mode Emulation as the User
Mode Emulation is not yet supported, but the microcontroller is completely
supported and we did not need to write additional linker or startup files.
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Figure 11: AVR architecture [3].

3.2.4 RISC-V

The RISC-V architecture is an open-source RISC architecture introduces by
the University of California, Berkeley in 2014. The RISC-V architecture is
particularly used in research and it is known for its simplicity and its flex-
ibility. We have chosen this architecture because it is gaining popularity in
the market, as that the first MCU based on the RISC-V architecture has been
released in 2019 [35] and it has been recently announced the first industry’s
general purpose RISC-V microcontroller [36].

The RISC-V architecture comes with two different instruction set, the RV32I
and the RV64I, the first one is a 32-bit architecture while the second one is a
64-bit architecture. Since we wanted to evaluate the performance of the neu-
ral network on microcontrollers, we picked the RV32I architecture which is
the most used in the embedded world. In particular, we have cross-compiled
a RISC-V GCC compiler based on the RV32GC architecture, a general pur-
pose configuration that includes the base configuration, RV32I, in addition
to the standard extensions MAFD, (M)ultiply, (A)tomics, (F)loating point and
(D)ouble floating point. The architecture that we targeted has 32 registers (x0-
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x31) of which 31 are general-purpose registers and the first one, the x0 register,
is hardwired to zero. The RISC-V architecture is supported by QEMU and we

Register | ABI Name

x0 zero(hard-wired zero register)
x1 ra (return address)
x2 sp (stack pointer)

x3 gp (global pointer)
x4 tp (thread pointer)
x5-7 t0-2 (temporary registers)

x8 s0/ fp (saved register/frame pointer)

x9 s1 (saved register)
x10-11 | a@-1(function parameters/return values)
x12-17 | a2-7 (function parameters)
x18-27 | s2-11 (saved registers)
x28-31 | t3-6 (temporary registers)

Table 2: RISC-V Register overview [4]

have compiled the binaries without targetting any specific board as we have

used the User Mode emulation.

27



Experiments

4 Experiments

In this section we will describe the procedure and the methodology used to con-
duct the experiments focusing on two different datasets: Modified National In-
stitute of Standards and Technology (MNIST)[37] and Speech Commands[38].
The first one is a well known dataset used to benchmark the performance of
different models, while the second one is a dataset created to test the perfor-
mance of the models on a real-world scenario. Furthermore, we will describe
how the models were adapted to fit in the 16-bit architecture of the MSP430
and the manual optimizations applied to the code by using the Bernstein algo-
rithm. We want to clarify that the experiments are not focused on the accuracy
of the models and the different neural network architectures, but on the op-
portunity of further optimizations to fit the models on smaller architectures
by enabling an extensive use of the strength reduction technique. Although,
in order to make this kind of optimization more attractive, the models have
been trained to achieve a good accuracy on the datasets.

4.1 The Bernstein Algorithm

The Bernstein Algorithm[39] is a technique used to find a sequence of cheaper
operations such as addition, subtraction and shift to replace a multiplication
by a constant. This algorithm has been developed in 1986 where the computa-
tional power of microprocessors was limited and the multiplication operation
was performed is several clock cycles. Nowadays, the multiplication operation
is performed in a single clock cycle, but the Bernstein Algorithm is still use-
ful to reduce the number of operations and the power consumption. Although
most of the architectures present in the market have a hardware multiplier,
there are still some architectures that do not have it, such as the MSP430.
As stated from R. Bernstein in his paper, there is no algorithm that optimally
reach the minimal sequence of operations of add, shift and sub to perform the
multiplication. His proposal was to combine two heuristics approaches: the

binary method and the factorization method.

The binary method

The binary method takes advantage of the binary representation of the con-
stant to be multiplied. The algorithm starts from the most significant bit of
the constant, if the next bit is 1, the algorithm shifts the result of the previous
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operation to the left and adds the multiplicand, otherwise it only shifts the
result to the left. The algorithm continues until all the bits of the constant
have been processed. Here is an example of the binary method applied to the
multiplication of n by 57 = (111001),:

n+—n<kl shift left
3n<2n+n add
6n « 3n < 1 shift left
™ <+ 6n+n add
56n +— Tn < 3 shift left
5Tn < 56n + n add

However, in this example we did not use the subtraction operation, but is pos-
sible to reduce the number of operations if the binary representation of the
constant present a long sequence on 1s. In this case, the algorithm can be

optimized by using the subtraction operation.

8n +n <3 shift left
™+ 8n—n sub
56m «+— Tn < 3 shift left
5Tn < 56n + n add

The factorization method

The factorization method is used to reduce the number of operations by finding
the factors of the constant to be multiplied. The algorithm starts by finding
the factors of the constant, then it applies the binary method to each factor
and finally it combines the results. Here is an example of the factorization
method applied to the multiplication of n by 57 = 3 x 19:

We find the sequence for 3n

2n +—n <K 1 shift left
3n<—2n+n add
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We find the sequence for 19n

16n +n <4 shift left
1Tn < 16n +n add
18+ 1Tn+n add
197 <+ 18n +n add

We combine the results

n+—n<kl shift left
3n <+ 2n+n add
48n + 3n < 4 shift left
51n < 48n + 3n add
54n < 51n + 3n add
5Tn < 54n + 3n add

As we can see, the factorization method does not always produce the optimal
sequence of operations, in fact Bernstein has empirically discovered that this
method lead to a shorter sequence of operations only if the factors are a power
of 2 or a power of 2 £ 1.

The Algorithm

The Bernstein Algorithm is a combination of the binary method and the fac-
torization method and it has been formalized by the following formula:

Cost(1) =0
Cost(even n) = Cost(makeOdd(n)) + shiftCost
Cost(odd n) =

in(

Cost(n 1) + addCost

Cost(n + 1) + subCost

Cost(n/(2" — 1)) + shiftCost + addCost
Cost(n/(

)

The makeOdd function shift the number to the right until it becomes odd, the
addCost and subCost are the cost of the addition and subtraction operations,

"4+ 1)) + shiftCost + subCost
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while the shiftCost is the cost of the shift operation. The algorithm is re-
cursive and terminates once the path explored by the search reach the cost
limit or the node is already present in the hash table. The algorithm has a
time complexity of O(nlogn). The Bernstein Algorithm has been implemented
in Python? imitating the Ada version available in the paper and following the
reference implementation presented in [40], which handles the negative case
and propose the use of a hash table to store the results of the recursive calls.
Here is an example output of the Bernstein Algorithm applied to the multipli-
cation of n by 57:

'IEBp = ~/python/projects/bernstein_mul

I = ~/python/projects/bernstein_mul

Figure 12: Output of the Bernstein Algorithm applied to the multiplication of
n by 57

Considering that the weights of the Neural Networks (NNs) will be quan-
tized to an 8-bit signed integer (int8_t), the whole multiplication operation
can be performed in 16-bit without overflow. The tool has been instrumented
to generate all the 8-bit integer range in a form of C source and header files.
These generated files have been slightly modified to test different behaviours
such as inlining and function calls. The generated files have been used to re-
place the multiplication operation in the code of the models and the results
have been compared with the original code. The results of the comparison will

be presented in the next section.

3https://github.com/Petrus97/bernstein_mul
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4.2 MNIST

The Modified National Institute of Standards and Technology (MNIST) dataset
is a dataset of handwritten digits composed of 60,000 training images and
10,000 test images. The images are 28x28 pixels in the .pgm format and the
labels are the digits from 0 to 9. The dataset is widely used to benchmark the
performance of different models and it is considered a good starting point for
beginners in the field of machine learning. The images come in a greyscale
format, so the pixel values range from 0 to 255. The dataset has been prepro-
cessed by normalizing the pixel values to a range from 0 to 1 for training the
models. We have applied two different NNs models to the MNIST dataset: an
MLP and a CNN.

4.2.1 MLP Model

The MLP has been the starting point of the experiments. We firstly designed
an MLP following the architecture of the MLP presented in [7], which is com-
posed of 784 input neurons, 30 hidden neurons and 10 output neurons. The
model present in the book has been trained using a sigmoid function as ac-
tivation function for the hidden layer, but since our aim is to run the model
on a microcontroller without floating point support, we opted to use the ReLU
function as activation function for the hidden layer as it easier to implement
and does not require floating point operations. The output layer has been im-
plemented using the softmax function as activation function. We notice that
the activation function in the output layer is useful only during the training
phase, while during the inference phase we can simply take the index of the
neuron with the highest value. Moreover, the book implement the whole neu-
ral network from scratch using the numpy library [41], but for simplicity and
better integration with TFLite, we have used the Keras library[42]. We leave
here the hyperparameters used to train the model:

Hyperparameter Value
Optimizer Stochastic Gradient Descend
Learning rate 0.05
Epochs 30
Batch size 100

Table 3: Hyperparameters used to train the MLP
After the training phase, the model has been converted to a TFLite model
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and the weights have been quantized to an 8-bit signed integer. The quantized
model accept as input a 28x28 image in the uint8_t format and return the
index of the neuron with the highest value. After the training we got these

results:
Metric Value
Training accuracy 96.88%
Test accuracy 96.25%

Quantized test accuracy | 96.29%
Number of parameters 23860
Model size 93.20 KB

Table 4: Results of the MLP on the MNIST dataset

When a model is quantized with TFLite, a . tfl1ite file is generated contain-
ing the weights and the operations of the model. We can visualize the model
using Netron*, a tool that allows to visualize the structure of the model which
supports different file formats.

FullyConnected

weights (30x784)
bias (30)

Relu

FullyConnected

weights (10x30)
bias (10) x

Figure 13: Structure of the MLP model

Reshape

shape (2)

Softmax

x

flatten_input

Quantize
1x28%28 1x28x28

1x30

Through Netron is also possible to visualize the weights and the quan-
tization parameters that have been calculated by Tensorflow to create the
model. These quantization parameters have been first copied manually and
then checked the correctness of the results by implementing manually the dot
product operations on a separate Python file. The results of the manual imple-
mentation have been compared with the results of the TFLite model and the
differences have been analysed. We have notice that Python and the TFLite
interpreter, which is based on C++, have different rounding behaviours, but
this did not affect the results of the model.

After the manual implementation of the dot product operation with Python,
we have implemented the same operation in C with the Bernstein Algorithm
obtaining the same results. For this purpose, a code generator has been devel-
oped Section 4.5. The Bernstein Algorithm has been applied to the multipli-
cation of the weights and the input values and the results have been compared

Yhttps://netron.app/
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with the results of the TFLite model. Unfortunately, when we tried to compile
the model that uses the Bernstein algorithm for the MSP430, the size of the
compiled file was too large to fit the 128KB of ROM memory available in the
reference board. We have tried to reduce the size of the compiled file by using
the gcc optimization flags, but the results were not satisfactory as the size was
slightly reduced. Therefore, we have decided to reduce the size of the model by
removing the hidden layer and training a new model with only the input and
the output layer.

FullyConnected

Reshape

shape (2}

flatten_input

1x10 1%10

Quantize weights (10x784)

1x784 | bias (10}

1x28x%28 1x28x28

Figure 14: Structure of the MLP model without the hidden layer

The new model has been trained with the same hyperparameters of the
previous model and the results have been compared with the results of the
previous model. The results of the new model are presented in the following
table:

Metric Value
Training accuracy 92.26%
Test accuracy 92.14%

Quantized test accuracy | 92.08%
Number of parameters 7850
Model size 30.66 KB

Table 5: Results of the MLP without the hidden layer on the MNIST dataset

The new model has been compiled for the MSP430 in two variants: in the
first one we force the compiler to not inline the multiplication function we have
generated with the Bernstein Algorithm, while in the second one we force the
compiler to inline the function. The first approach worked to fit the model in
the low memory region of the MSP430, while the second approach did not work
as the size of the compiled file was too large. Therefore, we had to tweak the
linker to move the whole dot product operation in the higher memory region of
the MSP430 (see Section 3.2.1). As a result, we got the model occupying 74KB
of higher ROM memory, which is not ideal since microcontrollers are designed
to use a lot of peripherals. Since we are not able to reduce the size of the MLP
model further, we have decided to move to the CNN model.
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4.2.2 CNN Model

The CNN model has been designed taking inspiration from the LeNet-5 model
presented in [43]. The LeNet-5 model is composed of two convolutional layers,
two pooling layers and three fully connected layers, but since our experience
with the MLP model has shown that the size of the model is a critical factor,
we have decided to reduce the number of fully connected layers to one.

xxxxxxxxx

Figure 15: Structure of the CNN model

The model has been trained with the same hyperparameters of the MLP
model, the results of the CNN model are presented in the following table:

Metric Value
Training accuracy 95.70%
Test accuracy 96.15%
Quantized test accuracy | 96.12%
Number of parameters 798
Model size 3.12 KB

Table 6: Results of the CNN on the MNIST dataset

As we can see, using a CNN we have improved the accuracy and drastically
reduced the size of the model. We followed the same procedure of the MLP to
verify the correctness of the quantization parameters and the results of the
Bernstein Algorithm. Since the size of the CNN model is small enough to fit
in the 128KB of ROM memory available in the MSP430, we have compiled the
model for the MSP430 by inlining the multiplication function generated with
the Bernstein Algorithm.

4.3 Speech Commands

The Speech Commands dataset is a dataset that contains 105,829 1-second
long utterances of 35 different words. The dataset is divided into 3 parts:
training (84848 audio files), validation (9982 audio files) and testing (4890 au-
dio files). The dataset is widely used to benchmark the performance of different
models on the task of Keyword Spotting (KWS) recognition, which is becoming

more and more popular with the rise of smart speakers and voice assistants to
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start an interaction, the most common examples are "Hey Siri" or "Ok Google".
This dataset is already being used to benchmark different neural network ar-
chitectures on the task of KWS, also on microcontrollers. In fact, we have
been able to find pre-trained models on [44] and [45]. According to the results
obtained in [44], the neural network model that was able to achieve a good
accuracy maintaining the smallest size of the model was using a Depthwise
Separable Convolutional Neural Network (DS-CNN) architecture. Unfortu-
nately, the provided model has a number of parameters equal to 24,908, and it
is not suitable to a strength reduction optimization since we observed that it
increases the binary size. Therefore, we had to retrain the model on a slimmer
DS-CNN architecture to reduce the number of parameters.

4.4 DS-CNN Model

The DS-CNN model reflects the same architecture of the models presented in

[45]. We took the smallest model and retrained using the following architec-

ture:

The model has been trained with the following hyperparameters:

Hyperparameter | Value
Optimizer Adam
Learning rate 0.01
Epochs 30
Batch size 100

Table 7: Hyperparameters used to train the DS-CNN

The parameters that have been modified from the reference implementation
are the learning rate from 0.00001 to 0.01 and we reduce the number of epochs
from 36 to 30. The reason why we increased the learning rate was to speed
up the training process, at the cost of ending up with a little of overfitting, see
Table 8 below. The results of the model are presented in the following table:

Even though the achieved accuracy is not as good as the one presented in
[44], the model is still able to achieve a good accuracy on the test data. An
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Metric Value
Training accuracy 83.16%
Test accuracy 76.91%
Quantized test accuracy | 76.54%
Number of parameters 3164
Model size 12.36 KB

Table 8: Results of the DS-CNN on the Speech Commands dataset. As we can
see, the model overfits the training data, but it is still able to achieve a good

accuracy on the test data.

article in support of this statement is [5], where the authors have trained a
DS-CNN model on the Speech Commands comparing the accuracies obtained
using different combinations of filters-per-layer and number of layers. The
results of the article show that the model is able to achieve a better accuracy by
increasing the number of layers rather than the number of filters, comparing
our results with the one of the paper using the same five layers architecture,
we have obtained a better accuracy with a smaller number of filters per layer.
The results are presented in the following table:

Model Accuracy Filters per layer Size
Ours 83.16%(76.91%) 16 12.36 KB

DS-CNN | 57.4%(54.3%) 10 8 KB

DS-CNN | 74.5%(70.4%) 20 16 KB

Table 9: Comparison between our results and the results from [5]

Even though the premise of reducing the number of parameters to fit the
model in the MSP430 was correct, a problem arose when we tried to generate
the code using the Bernstein Algorithm. The original model has been trained
taking advantage of padding and strides in the convolutional layers to not lose
information in the input, but the Bernstein Algorithm used to generate the
code to apply the filters does not take into account the padding of the image.
We had to take in consideration different viable solutions to solve this problem:

* Pad the image before applying the filters.
* Modify the model to not use padding in the convolutional layers.

* Generate the code to apply the filters taking into account the padding.
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This means that more versions of the same filter will be generated, one
for each possible position of the filter in the image.

Since we are exploring the possibility of applying the strength reduction opti-
mization to the convolutional layers, the first and the third solutions have been
discarded. The first solution would require to pad the image before applying
the filters, but this would increase the size of the image and the number of op-
erations to be performed. The third solution would require to generate more
versions of the same filter, but this would increase the size of the model and the
number of operations to be performed. Therefore, we have decided to modify
the model to not use padding in the convolutional layers. The modified model
has been redesigned such that the convolutional layers do not use padding
(valid padding in TensorFlow). The modified model has been trained with the
same hyperparameters of the previous model and the results have been com-
pared with the results of the previous model. The new model presents one con-
volutional layer with 16 filters, three depthwise separable convolutional layers

with 16 filters each, an average pooling layer and a fully connected layer. Com-
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paring the results of the new model with the results of the previous model, we
have obtained a similar accuracy on the test data, but the number of param-
eters has been reduced. The results of the new model are presented in table
Table 10.

Metric Value
Training accuracy 80.96%
Test accuracy 85.48%

Quantized test accuracy | 83.66%
Number of parameters 2604
Model size 10.17 KB

Table 10: Results of the DS-CNN without padding on the Speech Commands
dataset

38



Experiments

From the results we can see that the model is able to achieve a good accu-
racy on the test data and, even though the training accuracy is lower than the
previous model, it does not seem to be affected by overfitting. Therefore, in
this case we have been able to reduce the number of parameters and the size
of the model without affecting the accuracy and made it more suitable for our
optimization. We must say that, due to the lack of padding in the convolutional
layers, we have observed that in the last epochs of the training the model, the
accuracy was somewhat stationary, but this was expected since every layer

was reducing the size of the image and the information was being lost.

4.5 Code Generation

Since the manual implementation is a tedious and more error-prone process,
we have decided to automate it by introducing a code generation capability
inside our Python engine to evaluate the impact of the strength reduction op-
timization on the computational cost and performance of the inference pro-
cess. The code generator takes as input the . tfl1ite model and extracts a sub-
set of information such as the weights, the quantization parameters, strides,
padding and the tensor shapes for each layer in the model. Then, the extracted
information is converted to a JSON format, which is later read by the Python
inference engine to create the model in memory. The code is generated dy-
namically at runtime. This means that the inference engine needs to perform
an inference on a test image before generating the code. While the inference
is performed, the same operation is generated in the C language for both the
standard loop and the strength-reduced optimized version. The resulting C
code is then available to be compiled for the target architecture. Moreover, we
added the TFLite interpreter so that we have been able to compare the result-
ing inference with the one produced by TensorFlow to check the correctness of
the operations.
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5 Results and Discussion

In this section, we present the results of the benchmarking process and dis-
cuss the implications of the results. We compare the performance of the loop
version and our version of the implemented neural networks on the different
architectures running on QEMU. The evaluated parameters are the binary
size, the number of instructions, and the memory usage of the two versions.

The results are presented in the following subsections.

5.1 Binary Size

The binary size is an important parameter in the context of the embedded
systems, as those systems have limited memory resources. After the first at-
tempts in compiling deeper neural networks for the MSP430 architecture, we
faced the problem that the strength reduced version of the binary was too large
to fit in the memory of the MSP430. This lead us to choose different models
that allowed a better memory management and to optimize the code to reduce
the binary size. The binary size that we are going to show is the size of the
.elf binaries obtained by removing all the symbols and the debug informa-
tion from them using their toolchain version of objcopy. In general, when a
binary is extracted with objcopy, the ELF header and sections are stripped

out using the following command:
objcopy —O binary <input.elf> <output.bin>

However, we have decided to keep the ELF header and sections in the binary,
as some toolchains were creating the same binary size by filling the binary with
zeros to match the size of the memory. This is why we have decided to keep the
ELF header and sections in the binary, as it is a more accurate representation

of the binary size using the following command:
objcopy —S <input.elf> <stripped.elf>

We compared the binary sizes of the loop version and our version of the
neural networks with the Os and 03 optimization flags. The results are shown
in Figures Figures 16 to 21.

We have decided to compare the binaries by compiling them with two dif-
ferent optimization flags available in GNU Compiler Collection (GCC)[46]:

* Os optimization flag: This flag is used to optimize the binary size. It ap-
plies all the optimization present in 02 except the ones that may increase
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the binary size. We have chosen this flag because is the most common flag
among IDEs for release builds in embedded systems.

* 03 optimization flag: This flag is used to optimize the speed of the binary.
It applies all the optimization present in 02 and adds more aggressive
optimizations. We have chosen this flag to compare the binary sizes of the

two versions when the code is optimized for speed.

As we can see from the results, the strength reduced version generates a bi-
nary that is way larger than the one which uses loops, even when the code is
optimized for size. This is due to the fact that the loop version is more efficient
in terms of memory usage, because the constants of the neural networks are
stored as they are in the .data section of the binary, while in the strength re-
duced version, the constants are embedded as assembly instructions which are
stored in the . text section of the binary. This leads to a larger binary size, as
the constants are repeated in the binary for each layer of the neural network.
The binary size of the loop version is smaller than the one of the strength re-
duced version, because the loop version uses the same code for each layer of
the neural network, while the strength reduced version uses different code for
each layer.

It is worth to notice that in some presented graphs, results are missing.
In particular the binary sizes of the MSP430, Arm Cortex-M0O and AVR ar-
chitectures. In the case of the MLP model, Figures 16 and 17, the missing
data from the AVR architecture tell us that the generated binary was bigger
than the available memory of the board ATMega2560 which is 256KB. Conse-
quently, the other two architectures, MSP430 and Arm Cortex-MO0, that have
less memory available, did not generate the final binary.

If we look at the DS-CNN graph in Figures 20 and 21 only in the -03 version
the data is missing. This is due to the fact that the MSP430 has been compiled
for a specific board with its own linker file. Moreover, the ARM compiler does
not contain a generic linker file in its toolchain, therefore we wrote a linker file
that uses the same memory sizes as the MSP430. The -03 showed us that the
binary was too large to fit in the memory of the board, and therefore the com-
pilation was unable to generate the final elf file. To check how much memory
the binary would have occupied, we have taken the object files generated and
with the aid of the readel f command, we have calculated manually the size of
the .text section which prevented the linker from generating the final binary.

As we can see from Table 11, the .text section overflows the available 128 KB
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Architecture Binary Size .text section (bytes)
MSP430 262.23 KB
ARM Cortex-MO0 76.29 KB

Table 11: Binary sizes of the MSP430 and ARM Cortex-MO architectures with

03 optimization.

of memory present on the board, but not the ARM version. The reason why

the ARM version does not generate the final binary is because we have mod-
elled the available ROM as the lower region of the MSP430 memory, which is
48KB. In the next results section, we will change this configuration to be able
to generate the final binary and run the benchmark on the ARM Cortex-MO0

architecture.

Binary Size Comparison using GCC and -Os optimization flag
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Figure 16: MLP model. Binary sizes of the loop version and our version with

Os optimization.
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Binary Size Comparison using GCC and -O3 optimization flag
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Figure 17: MLP model. Binary sizes of the loop version and our version with

03 optimization.

Binary Size Comparison using GCC and -Os optimization flag
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Figure 18: CNN model. Binary sizes of the loop version and our version with

Os optimization.
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Binary Size Comparison using GCC and -O3 optimization flag
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Figure 19: CNN model. Binary sizes of the loop version and our version with

03 optimization.

Binary Size Comparison using GCC and -Os optimization flag
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Figure 20: DS-CNN model. Binary sizes of the loop version and our version

with Os optimization.
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Binary Size Comparison using GCC and -O3 optimization flag
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Figure 21: DS-CNN model. Binary sizes of the loop version and our version
with 03 optimization.

5.2 Memory Usage and Number of Instructions

In embedded systems, the memory is not only limited but that can be also
slower compared to memories available on desktop/servers systems. Although
the CPU clock speed is in the order of MHz, the different in speed is still notice-
able. For example, let us take the datasheet of our MSP430 reference board
(MSP430F5529) used for compilation with a system clock running at 25MHz.
The memory and speed of the MSP430F5529 are shown in Table 12.

Memory | Speed | Consumption
Flash | 8MHz | 290 ;,A/MHz
RAM | 8MHz | 150 ;,A/MHz

Table 12: Memory and speed of the MSP430F5529 (Active mode).

As we can see from the Table 12, the memory is slower than the CPU clock
speed, which means that the memory can be a bottleneck in the system. This
is why it is important to optimize the memory usage of the system. Moreover,
different memories have different access times and the power consumption is
affected as well, therefore limiting the number of memory access may lead to
a more power efficient system. On the other hand, the number of instructions

is also important, as the CPU has to execute them. The more instructions the
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CPU has to execute, the more power it consumes. This is why it is important
to optimize the number of instructions as well.

We have decided to compare the memory accesses and the number of in-
structions of the loop version and our version of the neural networks with the
Os and 03 optimization flags. We have emulated the execution of the neural
networks on QEMU and we have used the available plugins to count the num-
ber of memory accesses and the number of instructions executed. Here is an

example of how we counted the number of executed instructions:

gemu—arm \
—cpu cortex-m0 \
—one—insn—per—tb \
—plugin ./gemu—bin/build/tests/plugin/libinsn.so \
—plugin ./gemu—bin/build/contrib/plugin/libmemecnt.so \
—d plugin \
-D logfile.txt \
$binary

We show here in Figures 22 to 25 the emulation results from the CNN
model, the other graph results are available in the Appendix A. We also report
here the exact values from the emulation of the different models in Tables 13
to 18.

The results show that the strength-reduced version of the neural networks
has a lower number of memory accesses and a lower number of instructions
executed compared to the loop version, especially in the case of the Os optimiza-
tion flag. It is worth to notice that the 03 optimization generally generates a
lower number of instructions, this is due to the loop unrolling optimization
that is applied by the compiler. The loop unrolling optimization is a technique
used to reduce the overhead of the loop control instructions by replicating the
loop body multiple times. This leads to a lower number of instructions exe-
cuted, as the loop control instructions are executed fewer times. However, the
loop unrolling optimization may lead to a larger binary size, as the loop body is
replicated multiple times. This is why the binary size of the 03 optimized ver-
sion is larger than the one of the Os optimized version. The strength-reduced
version of the neural networks has a lower number of memory accesses and a
lower number of instructions executed compared to the loop version, especially
in the case of the Os optimization flag. This is due to the fact that the strength-
reduced version does not perform any load operations of the neural network

constants from memory, but it only loads the input data as the instructions
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are fetched continuously and they already embed the constants.

Comparison of GCC -Os and GCC -03 Optimization Results for X86
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B %86 (SR)-Os
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Figure 22: X86_64: CNN model. Number of instructions executed with Os and
03 optimization flags. SR stands for strength reduced version.

Comparison of GCC -Os and GCC -0O3 Optimization Results for ARM
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Figure 23: ARM: CNN model. Number of instructions executed with Os and
03 optimization flags. SR stands for strength reduced version.

Even though the binaries generated for the AVR architecture are compiled
and linked together, we have experienced some problems running the QEMU
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Comparison of GCC -Os and GCC -0O3 Optimization Results for AVR
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Figure 24: AVR: CNN model. Number of instructions executed with Os and 03
optimization flags. SR stands for strength reduced version.

Comparison of GCC -Os and GCC -03 Optimization Results for RISCV
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Figure 25: RISC-V: CNN model. Number of instructions executed with Os and
03 optimization flags. SR stands for strength reduced version.
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Architecture Executed instructions Read ops Write ops
x86_64 508157 108363 16689
x86_64 (SR) 322898 66845 16736
AVR 2545570 348707 237474
AVR (SR) 1456986 139689 107892
ARM 789188 210949 104733
ARM (SR) 408285 64107 35499
RISC-V 472276 93237 29943
RISC-V (SR) 234266 33929 6301

Table 13: GCC -Os Optimization Results on the MNIST CNN model for a

single inference.

Architecture Executed instructions Read ops Write ops
x86_64 296801 68485 19544
x86_64 (SR) 300669 52609 18516
AVR 2048837 357573 230636
AVR (SR) 1503686 143832 91665
ARM 368834 105681 32248
ARM (SR) 423147 58674 26343
RISC-V 196245 50177 6196
RISC-V (SR) 258730 33472 5921

Table 14: GCC -0O3 Optimization Results on the MNIST CNN model for a

single inference.
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Architecture Executed instructions Read ops Write ops
x86_64 3957011 946574 160327
x86_64 (SR) 2302025 494729 148024
AVR n.a. n.a. n.a.
AVR (SR) n.a. n.a. n.a.
ARM 6583484 1826174 784674
ARM (SR) 3049349 487647 176821
RISC-V 4140787 736130 92301
RISC-V (SR) 2004607 313294 19101

Table 15: GCC -Os Optimization Results on the Speech Commands DS-CNN

model for a single inference.

Architecture Executed instructions Read ops Write ops
x86_64 2332908 852885 145281
x86_64 (SR) 2537404 486576 147821
AVR n.a. n.a n.a.
AVR (SR) n.a. n.a. n.a.
ARM 3119377 1051041 234474
ARM (SR) 3238848 538156 182587
RISC-V 2132433 808093 147411
RISC-V (SR) 2225330 327464 32595

Table 16: GCC -O3 Optimization Results on the Speech Commands DS-CNN

model for a single inference.
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Architecture Executed instructions Read ops Write ops

x86_64 188641 46623 14718
x86_64 (SR) 167160 36637 20412
AVR! 392684 59521 45912
AVR (SR) n.a n.a. n.a.
ARM 106629 26469 3176
ARM (SR) 64152 10707 8888
RISC-V 72969 18519 3298
RISC-V (SR) 48018 8527 8981

! Emulation problem: using the full image of 784 pixels the
emulation was stuck and it seemed to overwrite symbols
in the binary, the results showed here have been taken
cutting the image to 28x26 pixels.

Table 17: GCC -Os Optimization Results on the MNIST MLP for a single in-
ference.

Architecture Executed instructions Read ops Write ops

x86_64 139161 30197 12858
x86_64 (SR) 168059 35891 19539
AVR! 377998 59397 45788
AVR (SR) n.a n.a. n.a.

ARM 63685 18039 2567
ARM (SR) 58164 10019 8247
RISC-V 62719 17918 2709
RISC-V (SR) 48657 7933 8381

! Emulation problem: using the full image of 784 pixels the
emulation was stuck and it seemed to overwrite symbols
in the binary, the results showed here have been taken
cutting the image to 28x26 pixels.

Table 18: GCC -O3 Optimization Results on the MNIST MLP for a single in-
ference.
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system emulator on those. While in the MLP case the size of the binary was
overwriting debugging symbols, which caused the emulator to stuck, in the
DS-CNN case the emulator experienced an infinite loop in the execution of the
binary. We have no infinite loops in the binary, but in case of the AVR emu-
lation, the approach was slightly different. Embedded systems are designed
to never stop, and in this particular case the architecture once the main func-
tion returns it ends up in an infinite loop defined by the architecture with the

__stop_program function. Here is the code of the __stop_program function:

__stop_program:

rjmp .—2 ; __stop_program

The r jmp instruction is a relative jump instruction that jumps to the current
address minus 2. This instruction is used to create an infinite loop, as it jumps
to the current address minus 2, which is the address of the r jmp instruction
itself.

Therefore, to run the AVR architecture on QEMU, we launched the emula-
tor with GNU Debugger (GDB) and set a breakpoint at the __stop_program
function. Once the breakpoint is reached, we terminate the program and
can see the results of the emulation. Since this breakpoint was never being
reached, we enabled another QEMU plugin which dumps the executed instruc-
tions in a file. We have then analysed the file and we have noticed that the

emulation was stuck in a function call.

Figure 26: GDB session with the AVR architecture.

Here is a snippet of the output taken when enabling the 1ibexeclog.so

plugin:

0, 0x200e, ©0x2fb93d9, "SUBI r20, 1"

0, 0x2010, 0x2fb93d9, "SBCI r21, 0"

0, 0x2012, 0x2fb93d9, "BRNE .—-8"

0, 0x2014, ©x2fb93d9, "MOVW r23:1r22, r29:r28"
0, 0x2016, 0x2fb93d9, "SUBI r22, 159"
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~ ~ ~ ~ ~ ~ ~

© © © © © © © O

~

//

0x2018, 0x2fb93d9,
0x201a, 0x2fb9o3d9,
0x201a, 0x2fb93d9,
0x201a, 0x2fb93d9,
0x201a, 0x2fb9o3d9,
0x201a, 0x2fb93d9,
0x201a, 0x2fb9o3d9,
0x201a, 0x2fb93d9,

continues with

"SBCI
"CALL
"CALL
"CALL
"CALL
"CALL
"CALL
"CALL

the same instruction

r23, 226"
0x668"
0x668"
0x668"
0x668"
0x668"
0x668"
0x668"

Due to this problem, we are not able to provide the results of the AVR ar-
chitecture for the DS-CNN model.
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6 Conclusions

This thesis aimed to explore the potential of the strength reduction optimiza-
tion technique in the context of neural networks inference. The results ob-
tained show that the technique can be effectively applied to the convolutional
layers of a neural network, reducing the number of multiplications and addi-
tions required to perform the inference. However, the technique is not always
beneficial, as it increases the memory requirements of the system which are
often limited on embedded devices. On the other hand, the reduction of the
number of memory accesses and the number of executed instructions can turn
beneficial for ultra-low power devices where the memory access is the main
source of power consumption.

This thesis suggests that the choice of the optimization technique should be
made considering the specific requirements of the target device and the appli-
cation, as it is the task of the system designer to find the best trade-off between
the cost, the power consumption and the performance of the system. Among
the systems that can benefit from the strength reduction optimization tech-
nique, systems equipped with large flash memories that support the eXecute-
in-Place (XiP) mode are the most promising. The XiP mode allows the system
to execute the code directly from the flash memory, reducing the memory re-
quirements of the system. The strength reduction optimization will limit data
transfers between the flash memory and the RAM, reducing the power con-
sumption of the system. The reduction of the number of executed instructions
and memory access can be beneficial for the systems that are limited by the
CPU performance. The results obtained in this thesis suggest that the strength
reduction optimization technique can be effectively applied to the convolutional
layers of a neural network, reducing the power consumption of the system and
improving the performance of the system.

Future work to improve the efficiency of this new optimization method could
be the development of a mixed approach that combines the strength reduction
layers with the classical layers. The strength reduction layers would be used
only for the most computationally intensive layers, while the classical layers
would be used for the rest of the network. In contrary, the strength reduction
layers could be used for less memory intensive layers, while the classical layers
would be used for the most memory intensive layers. This approach would
allow to balance the performance and memory usage of the system, making it
more suitable for resource-constrained embedded systems.
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A Appendix

MLP results

Visualization of the results obtained for the MLP network from Tables 17
and 18.

Comparison of GCC -Os and GCC -0O3 Optimization Results for ARM

Compiled executable
M ARM-Os

B ARM (SR)-Os

B ARM-03

B ARM (SR)-03

100k

80k

60k

Instruction count

40k

20k

i . .

total instructions read write

(=]

Operations

Comparison of GCC -Os and GCC -03 Optimization Results for RISCV

Compiled executable
M RISCV-Os
B RISCV(SR)-Os
B RISCV-03
B RISCV (SR)-03

TOk

60k

50k

40k

30k

Instruction count

20k

10k

halls ==

total instructions read write

(=1

Operations

It is interesting to see how the number of instructions, especially in the
ARM architecture are drastically reduced with strength reduction optimiza-
tion enabled. The instructions are reduced by almost 40% in the case of the
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Comparison of GCC -Os and GCC -0O3 Optimization Results for X86

Compiled executable
M X86-Os

B %86 (SR)-Os

M 86 -03

B %86 (SR)-03

150k

100k

Instruction count

total instructions read write

Operations

Os optimization and the number of read and write operations is reduced by
almost 50%.

Different is the case of the x86 architecture where the number of instruc-
tions is higher when the 03 optimization is enabled. This is probably connected
to the definition of the ISA, where the x86 architecture defines a Complex In-
struction Set Computer (CISC) architecture, while the ARM and RISC-V ar-
chitectures define a RISC architecture. The CISC architecture has a larger
set of instructions, which are more complex and can perform more operations
in a single instruction.

Curiously, the number of write operations is increased in each architec-
ture, which is probably connected to the fact that the strength reduction
optimization technique is applied to an unrolled dot product operation, which
requires more write operations to store the intermediate results.
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DS-CNN results

Visualization of the results obtained for the DS-CNN network from Tables 15
and 16.

Comparison of GCC -Os and GCC -0O3 Optimization Results for ARM

Compiled executable
B ARM-Os

B ARM (SR)-Os

B ARM-03

B ARM (SR)-03

..

total instructions read write

GM

5M

4M

3M

Instruction count

ZM

M

Operations

Comparison of GCC -Os and GCC -03 Optimization Results for RISCV

M Compiled executable
B RISCV-0s

B RISCV (SR)-Os

B RISCV-03

B RISCV (SR)-03

3.5M

3M

2.5M

ZM

Instruction count

1.5M
M

0.5M

total instructions read write

Operations

Another interesting observation is that the number of instructions of the
strength reduced DS-CNN network is higher when the 03 optimization is en-
abled compared to the Os optimization. This is probably connected to the fact
that the 03 optimization enables the loop unrolling, which increases the num-
ber of instructions. This is specifically tied on how the source code has been
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Comparison of GCC -Os and GCC -0O3 Optimization Results for X86

n Compiled executable

B X86 -Os
M X86 (SR)-Os
M Xx86-03

B X86 (SR)-03

3.5M

3M

2.5M

ZM

1.5M

Instruction count

M

0.5M

read write

total instructions

Operations

implemented, in our case the strength reduction is applied only on the filters
operations, but the filter is moved over the image with a loop. The resulting
number of read/write operations is instead comparable between the two opti-

mizations.
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