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Abstract

Deep learning is very popular because of its exceptional performance in classification[I].
However, it is a highly complex model and its internal mechanisms are not always
well understood. In addition, the parameters adjustment is often obscure [2].
Finally, its training is long and the solutions found are not global optima [3, [4].

However, there is a neural network architecture that can potentially overcome
some problems of deep learning: Reservoir computing [5] [6]. This model allows
a fast training and using simple concepts of linear algebra. The solution it finds
is global and deterministic [7, B]. Also, it allows hardware integration, and can
therefore be much more energy efficient [9].

The aim of this thesis is to integrate an hardware neuron in the reservoir
computing architecture. The device chosen to act as a neuron is a spin-torque
nano-oscillator (STNO), a nano-object at the heart of spintronics research. This
device offers non-linear and causal dynamics, properties conducive to neuromorphic
simulation. In addition, it shares the same structure as current magnetic memory
cells and is therefore compatible with CMOS technology [10].

In order to demonstrate the lightness of such an architecture, it has been
implemented on an embedded system. To show that the interaction between the
software model and the hardware neuron is possible, an ASIC prototype simulating
the behaviour of the STNO was implemented.

The software was developed on a Raspberry Pi 4 [11I] while the ASIC was
prototyped on a DEO-nano SoC including a Cyclone IV FPGA [12].

To prove the effectiveness of the system constructed, a speech recognition task
was challenged. It was a success.

Key words : Machine learning, Deep learning, Reservoir computing, Spintronic,
Spin-torque nano-oscillator (STNO), Neuromorphic computing, Embedded system,
System on Chip (SoC), Hardware accelerator, Application-specific integrated circuit
(ASIC), Field-programmable gate array (FPGA), Speech recognition.
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Introduction

The purpose of this thesis is to integrate a hardware neuron into a neural network
architecture. To demonstrate the ability of the implemented model, a voice recog-
nition task was challenged. The goal here being to make spoken digit recognition.
Several stages were necessary to succeed in this.

First of all, it was essential to acquire the voice waveform and to isolate the
voice segments. For this, several techniques of voice detection and signal cleaning
were considered.

Next, it was a matter of classifying which digit the waveform referred to. For
this purpose, a machine learning model was used. In order to compare the final
model with a well-known one, an implementation of a state-of-the-art model was
conducted.

Afterwards, the model for hardware integration was designed. Due to its many
advantages, the reservoir computing architecture was chosen. Indeed, this model
allows the use of a single physical neuron to act as a whole neural network. Also,
its training is very efficient and deterministic allowing an optimal solution to the
neural weights.

A complete system integrating a spin-torque nano-oscillator as neuron was
first simulated in software. Indeed, it was preferable to know if the system was
computationally viable using such a neuromorphic device.

Then, to demonstrate the feasibility of a hardware-software combination, a
hardware accelerator simulating the neuromorphic device was developed. As ex-
pected, it delivered the same results as its software equivalent.

Finally, in order to situate the new model in comparison with conventional
methods, a benchmarking study is carried out. The results are very promising.



The structure of this report is consistent with the chronological development of
the system. To help the reader to understand the interactions and the signal flow,
the Fig. [1] illustrates the global work-flow and will be included at the beginning of
each chapter.

Chapter 1 is focused on the acquisition and preprocessing of the input data.
It covers the different ways in which the inputs are cleaned. It also details how
voice segments are isolated from the overall speech waveform.

Chapter 2 covers the voice recognition of commands. Different well-known
machine learning techniques are described to perform speech recognition. This
chapter explains how the different models work and one state-of-the-art model is
implemented in order to benchmark the final one.

Chapter 3 explains a model for integrating a hardware device. The model
is called Reservoir computing and the integrated device chosen is an spin-torque
nano-oscillator. This chapter describes these two and proposes a simulated imple-
mentation of them.

Chapter 4 details how the model has been implemented in an embedded way.
It demonstrates the the feasibility of communication between the software model
and the hardware neuromorphic device simulation.

Chapter 5 presents the results of the final system compared to the state of the
art model presented in chapter 2. It also explains the limiting factors and possible
area for improvements.



Figure (1] represents the overall flow of the signal. It will be the main thread of
this work and will help the reader to visually understand the different parts.
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Figure 1: Global data and workflow of the project.



In practice
Figure [2| shows the assembly on which the complete system is mounted :

e The software including preprocessing and machine learning (i.e. Reservoir
computing) is implemented in Python on a Raspberry Pi 4. [11].

e For the hardware part, it was prototyped on a DEO-Nano including a Cy-

clone IV FPGA [I2] using ModelSim for simulation and Quartus Prime
programming of the FPGA.

e The two elements are communicating through a bridge and using Serial
Peripheral Interface (SPI).

Embedded Computer
Raspebrry Pi 4

o
oL U 0
o))

Communication
Bridge supporting SPI

{ [
‘ L4
A

.. -

]

22993996

Hardware Device
DEO-Nano including
Cyclone IV FPGA

Figure 2: Picture of the real prototype.



Reader forewords

To avoid untimely references to a chapter of the state of the art, the report includes
in each chapter a description of the tools used to build this block, the section "In
Practice'. It is thus explicitly indicated when it is self-made work.

All the code resources can be accessed from
https://gitlab.flavio.be/jimmy/masterthesiscode

Note that for readability reason, a matrix is denoted bold letter, e.g. X while its
elements are denoted in lowercase letter , e.g. x and such that :

X = {z[i] for i € [0, |X][]} (1)


https://gitlab.flavio.be/jimmy/masterthesiscode

Chapter 1

Preprocessing

This chapter covers preprocessing and is divided into two parts. The first part
concerns the acquisition of the voice waveform and extracting its relevant frequency
and speech data. The other section consists in its cleaning and denoising.

Figure [I.1] emphasises where this part is located in the work-flow.

Re

L

Preprocessing
L —

E
E

Figure 1.1: Preprocessing in the work-flow.
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1.1 Acquisition and pre-treatment

When the sound waveform is acquired with the microphone, it has to be transformed
into a machine-readable file. Fortunately, several libraries already exist to perform
this transformation. However, during the acquisition process, various types of noise
are added to the signal. These are undesirable and must be removed. Also, to avoid
processing a sound without voice, it is necessary to add a voice activity detector
(VAD). This section deals with these different topics.

1.1.1 In practice : Data acquisition using a microphone

First, a USB microphone is connected to our module. This microphone samples
the vocal signal at 44.1 kHz. Indeed, the Shannon-Nyquist [I3] law states that the
frequencies to be recorded must be at most half the sampling frequency. With this
microphone it is possible to record sound waveform containing frequencies from 0
to 22.05 kHz. This range corresponds approximately to the spectrum of the human
ear, which is essential for a model attempting to mimic human behavior.

The PyAudio python library [I4] is used to record the acoustic stream and store
it in a .wav [15] file.

1.1.2 Voice Activity Detector - VAD

Then, it is necessary to isolate the periods when the voice is present in the sound
signal. To do so, two tools are useful: a bandpass filter and a power activation
function.

Bandpass filter

To isolate the voice in the signal, it is first required to filter the signal with only the
frequencies specific to the human voice. The fundamental frequency of the voice
varies between 50 and 300 Hz. However, since a lot of information is also found in
the harmonics, it is decided to use the same range as in wideband telephony;, i.e.
50 to 7000 Hz [16]. For this application, a Butterworth IIR filter is used because
it has a flat maximum gain [I7]. Indeed, it is important to keep a maximum of
information at this stage while not introducing undesirable ripples. Figure
shows its dynamics on which it can clearly be seen that the gain is maximally flat.

11
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Figure 1.2: Bandpass Butterworth IIR filters, from [18].

Power activation function

Now that the signal contains only relevant frequencies, it is important to discrimi-
nate human speech from silence, i.e. when the signal has the maximum power. To
do so, the signal x is divided into several parts of the same duration N called time
windows. The power of each of these windows is then computed as :

Zi]\iome
=N (1.1)

Power =

If the power exceeds a certain threshold, then the window may be considered
as a speech section of the signal.

In practice : Python TorchAudio.VAD

Initially, a home-made implementation of these two methods has been implemented
in python. However, after further investigation, it turns out that a python sub-
library from Pytorch [19] allows this filtering and classification. The implemented
function used in the project is called torchaudio.VAD.

1.2 Wavelet denoising

Then, to complete the signal cleaning, it is necessary to remove the noise. The
noise is typically assumed to be white (uniform power across the frequency band)
and following a random Gaussian distribution (AWGN : Additive White Gaussian
Noise). To remove it, the wavelet denoising method[20] is used and the underline
theory is introduced hereafter.

12



1.2.1 Wavelet basics

The wavelet transform allows a decomposition of a signal according to several levels
of details. For the sake of clarity, the Haar system is considered which represents
an easy way to discretize the signal [21].

Given the function f(¢) and defining its discretization of step At (also writ-
ten A;) as the projection of this function on the space V (A;). Its discretiza-
tion/approximation is therefore given by aa,(t) = Py, f(t). Figure shows
f(t) and its projection.

F 3
5 0
A1 (D) or = L T ? '—|
: i - | S
A ) : -2f L Pyayf ~
0 Pv.g,_‘f | I L 1 |
ST 0 2 4 6 8 10 12 14 16 18 20
kA: (K +1)A, 1

Figure 1.3: Function f(¢) and its projection on V (4,;), adapted from [22].

V (A,) is therefore defined as a set of piecewise approximation functions ¢a, (%)
This function ¢a, x(t) is actually a scaling (by A;) and a translation (by k) of the
rectangle function ¢(t) = ¢10(t), as shown in Fig. and defined in Eq[1.2}

U R

Qs(t) = — > ¢At,k(t)
- — — . . At --
0 1 t t

kA (k+1)A,

Figure 1.4: Definition of ¢(¢) and ¢a, x(t), adapted from [22].

ba,k(t) = \/%cb (Att - k:) (1.2)

where ¢(t) is a rectangle function and where the term \/K ensures normalization
such as [|@a, kll = [|¢] =1

13



For easier notation, the resolution j is defined such that A, = 277. Thus, an
increment of the resolution leads to divide A; by two, the signal is therefore twice
more precise.

Finally, V (A;) can be generated from its orthogonal basis given in Eq[1.3]

ONB for V (A,) = {mt,k b (t) = \/1A_t¢ (Att - k) ke N}

. (1.3)
= {ij,k L hin(t) =239 (Pt — k) k€ N}

1 ifk=F

0 otherwise

where : <¢k7¢k’> = 5kk’ = {

It is then interesting to compute the difference for two f(¢) at two consecutive
resolutions. This difference is called the details. Figure shows the details
obtained after the difference between a;(t) = Py, f(t) and a;1(t) = Py, f(1).

2 T T T
oF T — f(t)
' s i 7J e \j ]
-2 (L PV(A,)f D
. R
4
0 2 4 6 8 10 12 14 16 18 20
t .
, o difference
. .
S f(@)
s e v o~ B
or S J'_r'h . ( Ty h 5 4
-2 T [ Pyaanf .
o 2 4 6 8 10 12 14 16 18 20
t

-4

Figure 1.5: Detail obtained from the difference between Py, f(t) and Py, f(1),
adapted from [22].

As for the approximation, the details can be derived from the projection of f(¢)
onto a certain space WV; such that :

dj(t) = a;(t) — ajp1(t) = Py, f(t) — Py, f(t) = Pw, f(t) (1.4)

The space W can then be derived from the space V as the subtraction of their
elements for two different scales.

ONB for W; = {1 : ¥ji(t) = ¢jx — Gjy1k k € N}

= {yu - () = 289 (277t — k) k € N} (15)

where : w = w]’:o’k:() = ¢j:0,k:0 — (bjzl,k:(] as described in Flg 1.6

14
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Figure 1.6: Definition of ¢(t), adapted from [22].

The function () is in fact called a wavelet. In Haar’s system, ¢(t) is a rectangu-
lar function that discretizes the signal. However, it can be any function depending on
the system. This implies several types of wavelet functions with different properties.

From there, it is possible to build a multi-resolution analysis of a signal, by
taking an approximation of the signal and adding a number of details to recover

the original.
Indeed, from Eq[1.4] one can derive aj;1(t) = a;(t) 4+ d;j41(t). By extension :

N
F(8) = an(t) = ajo(t) + 3 d;(t) (1.6)
J=Jjo
where ag(t) is the mean of the signal. ((iijo
1

The matrix formed by the vector of details is called the details matrix D =

dn
Figure [1.7|shows the reconstruction of the function f(t) with a resolution of N = 10
starting from an approximation of level j, = 5.

R ~_

G T L e
100 200 300 400 500 600 700 800 900 1000
t

A A A A A A A e i emene 4

IETETRTRTS . . 7
Ll el B |

S ¢
____--._“_--.-l__-___“l____d5

_---___-ll..___.__-.-__--__.lllla5

Figure 1.7: Multiresolution analysis of f(t), adapted from [22].
An artificial noise has been added for the sake of clarity.
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1.2.2 Denoising

As it can be observed on the Fig. the details matrix is quite sparse. However,
an additive white Gaussian noise (AWGN) ¢ implies non-sparse details at some
level of decomposition. This is noticeable on the Fig. for the dig detail. Indeed,
the signal can be decomposed as follows:

F(t) = foue (t) +&, &(t) ~N(0,07) (1.7)

ijf(t) = 'PW]. fpure (t) + wa&(t) (18)

It can be established that the projection of an f,,,. is sparse. However, as the
noise ¢ is random, its projection is therefore not sparse [20].

The idea of wavelet denoising is to identify the details implying non-sparse
(full) details matrix such that they can be avoided. This is performed by setting
a threshold T' below which some of the d; coefficients are cancelled. There are
several thresholding methods with different properties. The two most common are
hard and soft thresholding [20].

Hard thresholding Soft thresholding

E(dj(t),T) — { gj(t) iefls’ec,ij<t>’ > T

0 else

\ A
\.&

: =
R
R AN

Figure 1.8: hard thresholding,

adapted from [22]. Figure 1.9: Soft thresholding,

adapted from [22].
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Then, it is necessary to set the threshold value T'. Many methods exist such
as sqtwolog, rigrsure, heursure, minimaxi. The common metric to evaluate
the performance of a denoising technique is the root mean square error (RMSE).

RMSE =\ 3 (fouel] ~ 111 (19

According to this study [23], the best technique for this metric is rigrsure
combined with soft thresholding. The rigrsure, defined in EqJI.10} minimizes the
SURE (Stein’s unbiased risk estimate) estimator which is an unbiased estimator of
the mean square error [24]. It is defined as follows:

Trigrsure,j = 0j\/Wp (110)

where wy is the b coefficient of €2, a matrix of the squared wavelet coefficients
(minimum risk coefficient) sorted in ascending order. o is the standard deviation
of the noisy signal.

Figure shows the improvements in RMSE using soft rigrsure thresholding
at a level of j = 5.

201 RMSE of the noisy signal
RMSE of the denoised signal
15
0
210
4
5
0

0.0 25 5.0 75 10.0 12.5 15.0 17.5 20.0
Variance o2 of the noise

Figure 1.10: Comparison of the RMSE between a noisy signal and its denoising
version using soft rigrsure thresholding at a level of j = 5.

1.2.3 In practice : Python PyYawt.wden

The library used in this project is the PyYawt library that offers many different
tools for wavelet denoising [25]. This includes the wden function that denoises the
signal. It first evaluates the threshold with the rigsure method, and then denoises
it.

17



Conclusion

This concludes the preprocessing part.
First it was seen how data was acquired with the microphone. Then it was a
question of isolating the frequencies and the periods proper to the speech. Finally,

it was necessary to denoise the signal with the help of wavelet theory.

The result of this part, is a waveform ready to be analysed by the classification
models which will be the subject of the following chapter.

18



Chapter 2

Machine learning

Machine learning is at the heart of the system. It allows to associate a sound with
the word it represents. This chapter describes the main concepts of machine learn-
ing. It discusses the well-known architecture and algorithms for voice processing.
It covers several elements ensuring a good classification:

First, an annotated dataset is needed for training, i.e. a set of elements and their
correspondence. In this case, sounds associated with the word spoken. To ensure
efficient and optimal learning, feature extraction and cross validation methods are
used respectively.

Then, a model is needed. In this analysis, two machine learning techniques are
described: the feed-forward neural network (FFNN) and the convolutional neural
network (CNN).

To conclude this chapter, a state of the art model is implemented using CNN.
This will be further used as a comparison point with the final model using reservoir
computing.

19



Figure presents the machine learning in the global work-flow.

Neural Network

— ._EE‘EE —

Figure 2.1: Machine learning in the global work-flow.
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2.1 The Dataset

Before the model can classify sounds, it must first practice. For this purpose, it is
provided with an annotated dataset.

However, for efficiency reasons, the dataset must be as light as possible. It is
therefore essential to extract as much information as possible. For this, feature
extraction is performed.

Also, to ensure optimal training and generalisation, the dataset must be used
methodically. Thus, the K-fold cross-validation technique is applied to the set.

In practice

But first here is the two sets used for this work :

e TI-46 [26] : This licensed set contains 500 samples. Five women clearly
pronounce the ten digits (from zero to nine) 10 times. It is selected because
it is usually used in hardware reservoir computing [27) 2§].

e SPEECHCOMMANDS [29] : This free set is a standard for Tensorflow (both
developed by Google Brain). It is also one of the standard TorchAudio sets
(from Pytorch [19]). It contains 38908 samples for all digits.

21



2.1.1 Features extraction

Feature extraction aims to reduce the data size by maximizing information and
avoiding redundancy. Two standard methods are considered for feature extraction:
MFCC [30] and Cochlear[31],[32]. Both methods are biological models that attempt
to mimic the perception of the human ear. Indeed, one can assume that the ear
has adapted to voice recognition. Here is their working.

1. The waveform m is first splitted into windows of Tyingow. These windows can
overlap by Toverap. For MFCC and cochlear, Tyindow is respectively equal to
25 ms and 50 ms. The Toyerlap is set to 10 ms for both technique.

2. Then a feature extraction technique is applied to it. From each window is
extracted respectively 13 and 78 scalars for MFCC and cochlear technique.

3. Everything is finally gathered in the feature set X,,, € RN~>*Nr .

e N; is the number of extracted features.

e N, corresponds to the number of windows of size Tyindow that the signal
contains. If the signal is 1 second long then N, = 1000/25 = 40.

Denoised sound

Windowing
lap

Feature extraction

Extraction

—
A
=
=
a.
=}
B

Feature Set{ Ny

Figure 2.2: Voice feature extraction general description.

In practice : Python Library’s
e For the MFCC, the torchaudio. MFCC librairy is used [19].

e For the cochlear transformation, the Lyon-Cochlea library is used [33]. It is
a python library using the original C code of M. Slaney. [34].

22



2.1.2 K-fold Cross-Validation

During the learning process, it is important to avoid overfitting the model to the
data presented. Indeed, its first goal is to be able to classify new data, to generalize.
To avoid overfitting, the set is divided into two subsets:
e The learning set: This set is used to train and improve the model. In spite
of this, to evaluate the performance of the model with new data, the K-
fold cross-validation is used [35]. This technique consists in a successive
subdivision of the learning set into sub-folders on which the model will either
be trained or evaluated : The training and the validation set. Thus, it is
possible to prevent overfitting by checking the behavior of the model on the
pseudo-new set that is presented to it.

e The test set: This set allows to check the quality of the classification model.
This fresh set is compared to the model and its performance is checked.
Contrary to the validation set, this set cannot be involved in the training,

otherwise the quality would lose objectivity.
DATA SET

/ \
Test Set

Learning Set

T T T T ]
-

Finding “best” parameters with lowest Error

UOTYRINN-3]

l Computing Error for Unknown Set

Figure 2.3: K-Fold dataflow to prevent from overfitting.

In practice

For both sets used, the learning set represents 10% of the dataset. The validation
set is also a portion of 10% of the learning set.

23



2.2 Classification generalities

Example

To illustrate the point of a classification, here is an example of a classification of
animals, based on their characteristics. For the example, one must classify if some
features describe a cat or not. For this, the variable t,, is introduced, it describes
the nature ¢ of the animal m and such that :

1
=1 4

The TABLE gives an example of a possible survey. It can be seen that M
animals have been studied according to N characteristics such as their size, their
weight,...

if animal,, is a cat

otherwise (2.1)

Xn=1 X2 X3 X4 X5

Index height | length | weigth | longevity | gestation | ... | xn Target
m t

[em] | [em] | [cm] [year] [day]
m=20 |20 35 4,2 8 61 Cat (t=1)
1 25 30 4,3 7 26 Duck (t=0)
2 26 40 5,6 10 60 Cat (t=1)
m=M]| 10 70 6,7 14 101 Snake (t=0)

Table 2.1: Example : sample of animals surveyed, the X matrix is framed.

Definitions

More generally, let there be a set of experiments X € R¥*M describing M items
according to IV features. Note that in the case of speech recognition, N — N, x Ny.
The goal of the classification is to build a function f(X,,) allowing, on the basis of
X,, features, to establish the y,, predictions. The prediction concerns the nature of
the m! element and tries to get as close as possible to its true nature, the target
ton-

Ym = [ (Xm) ~

During training, the targets are available and the function refines its predictions
Ym so that they tend to t,,.

During inference, the targets are no longer accessible and the model makes
predictions on elements that are unknown to it.

(2.2)
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2.3 The feed-forward neural network

The following section describes the feedforward network. First, the simple percep-
tron is presented. Then, the multi-layer perceptron is discussed.

2.3.1 Perceptron
Definition

The perceptron is essentially a classifier [36]. As a reminder, a classifier is a function
f making, on the basis of N features X, predictions y about the nature of elements
m. The predictions y having as target the true nature ¢.

1 if animal,, is a cat

Ym = [ (Xim) =t = { 0 otherwise (2:3)

Moreover, the perceptron is a linear classifier. This means that it makes a
decision based on a linear combination of the features X,, :

Ym = [(Xim) = o(WX,,) (2.4)

e X is a set of N features for the M elements.

W is the matrix of weight. They act as synapse in neuronal system. They
are the ones that get trained.

In the perceptron a weighted sum of the inputs is operated (that is covered
by the matrix product in the Eq.. Note that x,—g = 1 so that wy can act
as a bias in the weighted sum.

¢ is the activation function, the one that allows the decision to be made. It
is usually non-linear.

Figure is the graphical representation of the perceptron (also called neuron).

Perceptron

Yn = @(WXy)

Input X  Synapse W Output y

Figure 2.4: Graphic representation of the perceptron.
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Training

Recall Eq[2.3] the objective is to train the classifier so that the predictions v, tend
to the targets t,, for all m. To this end, the error function F is defined.
The activation function being fixed, the adjustable parameters are the weights.
This is why the error function must be minimized according to these. To do this,
the derivative is set to zero:
oF
ow
Note that the limitation of this technique is that the minimization is local and not
a global one. Also, as E is not known at all points, the resolution of this derivative
is done using numerical methods. In particular, the gradient descent [37].

=0 YV, w (2.5)

xT

oFE

new old
a aw old

w = w

where « is the learning rate (2.6)

x

R 2.0

1.5

1.0

0.0

0.0 0.2 0.4 0.6 0.8 1.0
w

Figure 2.5: Gradient descent iteration.

The complete learning algorithm can be summarized in a cycle of three steps
[3, [4]. This cycle is called an epoch and is repeated until the model converges:

e Inference: The model predict ¥, for each sample x,,.
e Evaluation of the error: The results y,, are compared with the target ¢,,.

e Update of the weights: The weights are updated according to the Eq[2.6]
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Activation function

For the basic case, the activation function ¢ can be considered as the sign function
such that :

. 1 ifx>0
() = sign(z) = { 0 otherwise (2.7)
Thus, the function of the perceptron is :
1 if WX, >0
Ym = f(Xon) = { 0 otherwise (28)

It is therefore understandable that the objective is to adapt the weights so that
the weighted sum is positive when ¢t = 1 and negative otherwise.

Recall Eq2.9 and Eq[2.6] the activation function has to be derivable. However,
the sign function is not. So it is often replaced by one of the derivable functions
presented in the Fig. 2.6, This is done at the detriment of y,, that will no longer
have a binary value but between 0 and 1 (except for ReLu).

2.00
----- Sign : @(x) = sign(x)
Sigmoid : @(x) = A=

1.501 —— Hyperbolic tangent : ¢(x) =tanh(x)
—— ReLU : ¢(x) =max(0, x)

-10.0 -75 -5.0 -25 0.0 25 5.0 75 10.0
X

Figure 2.6: Different standard activation function.
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Error function

The naive way to implement the error function would be too compute an average
error of the predictions:

1 M
E=—> l|tm— Ynl| with v, = ¢(WX,,) (2.9)
M m=0
But, the absolute value not being derivable, it is often replaced by another
derivable error function such as the MSE.

MSE = _1\14 > (tm — ym)? (2.10)

m=0

Graphic representation

Finally, the Fig. is the graphic representation of the trained classifier. One can
see the linear separation allowing to determine if it is a cat or not. Note that only
two features are shown for readability reasons. Indeed, in reality it is a hyper-planar
separation in a hyper-space of dimension V.

101 — cat classifier limit Not Cat
8 Cat
o
=,
£ 6
L
-
=2
2 4
2
6 8 10 12 14

Length in[cm]

Figure 2.7: Graphic representation of the linear classification of animals according
to their length and weight.
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2.3.2 Multi-layer Perceptron : MLP

The Multi-Layer Perceptron (MLP) is a stack of layers of several perceptrons.
If the simple perceptron allows a linear separation of elements, the MLP allows
combinations of classifiers and hence to treat more complex data.

Example

For example, it is possible to imagine combining animal classifiers to determine
where the survey comes from as shown in the Fig. [2.8] The zoo being the only
place to find cats, fish and snakes. As for the Fig. , for reasons of readability,
only two dimensions are presented.

10- ifier limi O
Snake classifier limit Not Cat
—— Clown fish classifier limit
8l —— Cat classifier limit Cat
=
=,
£ 6]
g Not Fish
K]
4 2is
£ M Fish
2

6 8 10 12 14
Length infcm]

Figure 2.8: Graphic representation of the linear classification of animals according
to their length and weight.

Here is the classifier that is used for this classification. It combines different
classifiers to determine if the survey comes from a zoo.

Neuron J :

0 _
Xmo =1

Neuron | :

0
Xm,1

Neuron 1 :

xm,n

Figure 2.9: Graphic representation of the linear classifier for survey origin.
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Definitions
Several layers of varying size can be assembled. It is said that there is [3§] :

e Input layer : The layer in which the features are entered. There is no
perceptron in this layer.

e Hidden layers : These are the layers that actually form the neural network.

e Output layer : The one that gives the results of the classifications.

Input layer The K Hidden layers Output layer

Figure 2.10: General representation of Multi-layer perceptron.

The size of a layer (the number of neurons that it contains) allows to generate

several types of classifier that will be used in the next layer. Thus, one can see on
the Fig. that the classifier "Zoo" uses a combination of the linear classifier of
"cat", "snake" and "fish".
Hence, the Universal Approximation Theorem indicates that any function can be
approximated with an MLP if it contains at least one hidden layer [39, 40, [41].
Indeed, visually interpreted on the Fig. 2.8} this indicates that any area, no matter
its shape, can be framed by a combination of lines.

The depth of the network (the number of layers) allows to build more complex
separations. If one adds a layer to the network of the Fig. one could then
make more complex classification using polygons in the Fig. This advantage is
therefore widely used to create Deep Neural Networks ([42]).
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It is important to note that the output layer can contain several neurons. Indeed,
it is often a question of a multi-class classification. For example, in the case studied,
it is necessary to know to which digit the sound refers. This is why the output
layer of the system consists of 10 classifiers, one for each digit.

Recall that the activation functions are no longer discrete, the predictions are
between 0 and 1. In the case of a classification in Ny class, it is interesting to
normalize the outputs. The softmax function S allows to give a pseudo probability
for each class d, such that:

erd

= S(zy) = ———
. ( d) Zé\'[d:o erd

with )~ S(zg) =1 (2.11)
d
Finally, if one wants to have only one prediction per digit, one can adopt the
winner-takes-all strategy which consists in choosing the one with the maximum
probability such that : R
d = argmax gy (2.12)
d

Note that it is on y4 that the model is trained and not on d, the argmax function

not being derivable. However it is usual to evaluate the final quality of the model
on d.

Neuron « zero » >

Softmax Winner
Layer Takes all |— Detected : « zero »

k =02 =0.04

Figure 2.11: Usual output layer extension.
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Training

To train such a network, the same method is used as for the simple perceptron.
The error function must be minimized.

However, to ensure that all weights are involved in minimizing the error, the
gradient backpropagation is applied [3, [4]. This technique allows to calculate the
impact of each weight on the error by going back along the network. First, here is
a brief reminder of the variables involved:

!

® I, ;!

stands for the output for the m'*

sample from the i neuron of the I*" layer.

l

Wy j

the j™ neuron of the layer [ + 1.

the [** layer.

l

stands for the weight of the synapse
coming from the i*" of the layer [ going to

P! stands for the j neuron/perceptron in

Figure 2.12: Zoom on a singe gen- @ Gy, ; stands is the weighted sum given as

m’]
eral neuron. input for the activation function ¢

To calculate the influence on the error of each weight, the chain rule is applied:

8E . 8E al’j . 8E 3xj 8aj

= = 2.13
871)1"3' 8$j (‘9wi,j 813]' 8aj Gwi’j ( )

With a; the weighted sum such that :
ab, ;=W x (2.14)

Thus, as a; is a function of the weights and outputs of the previous layers, it is

possible to compute all the a?f - in an iterative way. Therefore, it is possible to
V)

generalize the gradient descent [37]:

OE
w;'s" = Zl;i — o where « is the learning rate (2.15)
©)
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2.4 Convolutional neural networks

The Convolutional Neural Network (CNN) is a particular architecture of neural
networks. It is a more efficient architecture for image processing [I] (and 2D
features with similarities in their neighborhood).

In the case of speech recognition, it can be applied. Indeed, one of the axes is the
time while the other is the frequency (or a cepstrum) both having this characteristic.
Here is how this architecture works.

2.4.1 Convolutionnal layer

One assumes that in an image the neighboring pixels have a great similarity. So,
instead of processing each pixel independently, it processes pixel neighborhoods.
Instead of having fully-connected layers, it has layers that are slightly connected.
This ensures a fast and effective learning process due to the strategic choice of the
kept connections.

The processed neighborhood is called the receptive field. To extract the information
from each neighborhood, one covolves a kernel with the image (one multiplies each
pixels of each receptive field with a kernel and then sums, explaining the term
convolution). On the Fig. one applies a kernel of 3 x 3 pixel. The result of
the convolution between an image and a kernel is called a feature map.

KERNEL

014170255 255 244 254 255 253 245 255 249 253 251
2 98255228 255 251254 211 141116 122 215 251 238 25 49
1321724325515 33226 52 2 0 10 13232255705 36
16229252254 49 12 0 0 7 7 0 mmzszzzs 62
6141245255212 25 11 9 3 01152362432551@7 O
0 87252250248215 60 O 1121252255248144 0
0 13113255 255 245 255 182 181 248 252242208 36 JJo 19
1 0 5117251255241255247255241162 17_o 7 o

0 0 0 4 58251255246254253255120 11
0 0 4 97255255255 248 252 255 244 255 182) LI |
0 22206252246 251241100 24113255 245 25|
0111255242255158 24 0 0 6 39255232
0218251250137 7 11 0 0 0 2 62255
0173255255101 9 20 0 13 3 13182251245
0107251241255230 98 55 19118217248 253255
018 146 250 255 247 255 255 255 249 255 240 255 129
00 23113215255 250248 255 255 248 248 118

0 0 6 1 0 52153233255252147 37 0|
0055000001 1 0

Original Image Grayscale Matrix . . os Feature Map

Figure 2.13: Kernel convolution with a greyscaled image.
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To extend the model, one can apply several different kernels and thus create
several feature maps. In comparison with Feed-forward:

e The receptive fields : These are the inputs of the neurons.

e The kernels : These are the weights of the synapses. They are the ones that
will be trained.

e The feature maps: these are the outputs of the neurons. The size of the layer
is equal to the number of features map C'. It is also called the channels.

X! w! wix! X1
The input feature The ¢! kernels K The feature map The output feature
at layer [ The weights of C'*! channels atlayeri+1

e

Nl+1

«—Y

1+1
===\ <

o —@—

Ny,

C’I%ﬁ

'
Receptive field\‘ K‘L
>

==K
W

Figure 2.14: General representation of the convolutional neural network.

2.4.2 Pooling layer

To improve the efficiency of the training, one can subsample the features map.
Indeed, it allows to extract, with very little loss of information, the essence of a
zone while dividing the number of parameters to train.

For this, the so-called pooling is used. One possibility is to keep only the maximum
of a neighborhood. This method is called maximum pooling. Figure [2.15shows an
application of a maxpool layer on a feature map.

12 120 | 30 [ O

8 1121 2 0 2 x 2 Max-Pool | 20 | 30

34 | 70 | 37 | 4 112 | 37

1121100 | 25 | 12

Figure 2.15: Example of a maxpool on a feature map.
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the art model

e Input Layer : The inputs of this
model are directly the raw data of
the sounds. Being sampled at 16
kHz, their length is normalised to
one second, which makes input vec-
tors of 16000 elements.

Deep Layer : The input layer is then
followed by four pairs of convolu-
tional and max pool layer. The con-

2.5 In Practice : Implementation of a state of

To benchmark the performance of the model, a state-of-the art spoken digit recog-
nition model is implemented. The one chosen is the M5 model from [43]. Indeed, it
is a lightweight model that claims to have the same performance as simple models
using preprocessing such as MFCC. Its performance will serve as a benchmark for
the final model Here is a description.

This model is a very deep neural network since it is composed of several layers:

Input
= length = 16000
Convolutional layer
Receptive field: 80
128 features maps
J (length: 8000)

Max pooling
Pool tl

Convolutional layer
Receptive field: 3
128 features maps

J(length: 2000)
volutional layer doubles the number Max pooling
. Pooling length: 4
of kernels used each time (C'*! = | ontput Tengtt: 500)

l : : | Convolutional layer
2C") while the pooling layer reduces oo e
the size of the feature map by four et P

NH‘l =0.25. Nl . Given the uni- “\IHN yooling
( . . ) . Pooling length: 4
dimensional nature of the inputs, | foutput engti 125)
the layers are also uni-dimensional. Convolutional laver
Receptive field: 3
515 ftl"‘x\i‘\lu‘l‘; maps
. ength: 125
Global average pooling Layer : It o {ength: 125)
Max pooling
averages each feature map along the Pooling length 4
. A (output length: 32)
temporal axes into a single value. 7
. Global avg pooling
The number of feature maps is Ny. J[ ength: 1)
Softmax
Softmax layer : Based on the fea- J10 clmase
ture map values it gives a pseudo-
probability for each class. Figure 2.16: State of the art CNN for

spoken digit recognition, adapted [43].

In total, this model has 25290 training weights. This makes it a rather lightweight
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model compared to more popular CNN models. For example the well known VGG
model has over a million parameters to train [44].



Conclusion

This concludes the chapter on machine learning.

It was first seen how to process datasets in an efficient and methodical way. For
this the K-fold corss-validation technique was studied. It was also shown how to
extract important data from waveforms through feature extraction. This can be
done with MFCC or Cochlear techniques.

Then the general concepts of machine learning were discussed. The simple
and then the multilayer perceptron were described. Then the architecture of the

convolutional neural network was presented.

Finally, a state of the art model was implemented to allow benchmarking of
the final model.
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Chapter 3

Reservoir computing

Reservoir computing is a bio-inspired neural network architecture [5], [6]. This
architecture is critical to the development of the prototype because it allows the
hardware integration [9], 27, [10].Also, it has many other advantages. It allows for
fast and reliable learning, using simple linear algebra concepts. Its training is also
deterministic and offers a global optimum.

The following chapter first provides a general description of reservoir computing.
It discusses its training and algorithms. It shows how the training can be solved by
a simple matrix inversion.

Next, it is described how this algorithm can be adapted to a neuromorphic
device and what properties it should have. It also explains how the algorithms are
adapted for this purpose.

Finally, it introduce the neuromorphic device studied in this work: the spin-
torque nano-oscillator (STNO). First, a brief description of the device is given,
followed by a study of the numerical resolution of its dynamics. Indeed, in order
to ensure that the device could be integrated into the hardware, a preliminary
simulation of its behaviour in the neural network was necessary.
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Figure shows the position of this chapter in the overall work-flow. Note
that it is really at the border between software and hardware as it introduces its
integration.

Neural Network

L —) ._EE‘EE —>

Communication

Hardware device

Figure 3.1: Hardware model adaptation in the global work-flow.
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3.1 General description

Reservoir computing is an architecture belonging to the family of recurrent neural
networks (RNN). The RNN are different from other architectures because of the
cycles they present. These cycles offer a certain memory to the model that allows
it to be better in tasks involving causality in the data. This is why RNNs are often
used in speech recognition.

Definitions
The reservoir computing is made up of several elements.

e Input X: The input layer is linked to the reservoir by a set of randomly
chosen synaptic weights. This set is called the mask M and is kept constant
during the all process.

e Reservoir: The reservoir is a set of neurons (perceptron or other nonlinear
function) and connected by synapses, also random and fixed. The organization
of the neurons between them does not follow any rules.

e Output Layer : In the output layer is performed the readout of the reservoir.
The readout consists in a weighted reading W of the outputs V of some
neurons of the reservoir. The readout is performed after a certain duration 7
of evolution.

Input X Reservoir Output Layer

Weights W

Readout values V

Figure 3.2: General representation of the reservoir computing, adapted from [45].
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Training

The training of such an architecture is very fast [5]. Indeed, the output is summa-
rized as :

Y =WV with V = Reservoir(MX) (3.1)
If one imposes that the outputs tends to the targets such that Y — T, one gets:
TrY =WV (3.2)

Finally, in order for the model to be trained, the weight has to be adapted. For this,
Moore-Penrose [T, [§] pseudo-inverse is used, minimizing the least square inverse
approximation, it is equivalent to a simple linear regression :

W=TV (3.3)

This learning is very fast and allows a global solution for training.

Complete Algorithm

The complete algorithm for the use of reservoir computing is as follows.
1. Multiplication of inputs by a random mask M.
2. Convergence of the reservoir for a period of time 7.
3. Weighted sum by W of the readout values V.
4. Training of the model on the training set with Eq[3.3|

5. Inference of new data in the model according to Eq[3.1}
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3.2 Hardware adaptation

An adaptation of the computing reservoir can be made for the use of a single neuron
with memory [9]. First, the architecture of the reservoir is simplified to a simple
loop. Moreover, the readout and the mask connects all the neurons of the reservoir.

Reservoir

7 Readout weighted
values WV

Mask M \

Figure 3.3: Hardware adaptation of reservoir computing, adapted from [9].

Then, it is important to understand that the memory of our hardware neurons
will replace the connections of the neurons inside the reservoir (blue arrow — on
the schematics). Thus, it will be possible to multiplex the neurons temporally.
This means that the same unique neuron will always be used but at different times.

eservoir

/
/
Input / Same unique
/
! neuron

values WV

Mask M

Figure 3.4: Time multiplexing of a single neuron for hardware adaptation.
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Software adaptation

In practice, our non-linear function can only process one scalar at a time. The data
stream will therefore be adapted to this purpose [2§].

e Input data : These are the features to be processed for our model and are of
the size RN7*N7In this case the inputs are the results of the application of a
feature extraction technique. The Ny corresponds to the number of extracted
features while the N, corresponds to the number of windows of size 7 that
the signal contains.

e Masked input : They are the result of the matrix product between the mask
M of size R¥o*Ns and the inputs. The Ny is the number of neurons present
in the reservoir.

e Flatten input : as explained before, the neuron can only process one scalar
at a time. This is why the inputs are flatten in order to be a continuous
flow of data passing through the neuron. The flatten function transforms the
masked input matrix of size RV into a data stream of size R'*NeN7

NoN,

g T — T

T4 ™,

—

N

Figure 3.5: Representation of the function flatten.

e Flatten Readout : The data are transformed one by one in the non linear
neuron. The result is a vector of the same size as the input vector R¥>NelVs |

e Weighted Readout : The inverse function of the flatten is applied and the
readout can be weighted with the weight matrix W of size R*"aNo The
number Ny is the number of neurons in the output layer. That is to say
the number of possible classes to which to assign the inputs. The weighed
readout matrix is therefore of the size R!*NalNr,

e Mean readout : Finally the scores of each 7 is averaged. Thus, one scalar per
digit is obtained, so a result of size RV2*! To determine which digit is the
recognized one, the Winner-takes-all strategy is applied.

Note that in the case of real time processing, this step can be removed and a
T-wise recognition can then be performed. Of course, this recognition will be
less accurate because it will not have the whole sound to classify.

42



‘0T ST sossed o[qIssod jo oqunu oy, : P/ e
"00F ST UOSOTD SUOINOU JO IDqUINU YT, : IN7 @

"€Q 0} T¢ WOIJ sosuel pue T§ 03 9T WOIJ SOSURL 400005\ WOFRIND [20ds w0 Surpuado(] : A/ e

00anN
‘A[oA109dS0I @ 10 €T ST oN[BA SI} ‘POST ST I1BS[PO)) 10 NN IoIeym uo Sutpuade(] : A/ ®
:sonfeA SUIMOT[0] o1} ARy so[qerrea oy ‘oorgoreld uf

9o1j0rad uy

‘Burnduwos 110A19s91 Jo uoryejdepe aremprey] oy} 10 mof ejyep ajerduwo)) :9'¢ 2Ingig

xP 2Pyl 2y x 8l 0y xral 26Tl 2yx 8 pl 1y xd pdll

£ 0
T:mwamg pzdms\_ AH_T:EEE vﬁ:mwm\_\; AH_ T:owamm padvysay | {1 [mmopvay :mtEEAH_ AJHMMM:Z AH_ [andug :mﬁEu:AH_ T:QE BSEE&_ | TEQ &35_

¢Nv O.V
oy xP @ % Inxondl @ %
_ - — :

— INEYT — HSOW

"9INJ09YIDIR O} Ul MO} eIRp 3o[duwod o1y sesurewrwns [g-¢ *S1q oY,

43



3.3 The STNO : a neuromorphic devices

The previous section introduced reservoir computing. More specifically, an imple-
mentation of it allowing the use of a single device. It is precisely this device that
this section is about.

It is thus necessary to incorporate a device having a memory component and
making a nonlinear transformation. It must take as input a vector X of size
R™>NeNt and output a vector Y of the same size.

X Y

Neuron
[Flatten Input] =) ( Memory & nonlinearity ) C—[Flatten ReadOut]

Rl XNg Nt ]Rl XNg Nt

Figure 3.7: Neuron positioning and requirements for reservoir computing adapta-
tion.

In this study, a spin-torque nano-oscillator (STNO) is used as the neuron.
Indeed, in addition to providing the required property, it shares the same structure
as current magnetic memory cells and is therefore compatible with CMOS tech-
nology. It also has high durability, operates at ambient temperature and can be
manufactured in large numbers on a single chip [10].

This section start with a brief description of the STNO and is followed by
details of its dynamics and how it has been simulated.
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3.3.1 STNO : general description

First, a brief introduction to the spin-torque nano-oscillator (STNO)

Spin torque
As described in Fig. [3.8 a spin-torque nano- e 4

oscillators is a nanoscale stack of three layers: 8%
two ferromagnetic surrounding a non-magnetic Ferromagnet
one. When current flows through this pillar, it Normal

becomes spin-polarized which generates torques Ferromagnet
on the magnetizations. That implies a sustained
magnetization precession. A voltage oscillation is Current
derived from magnetization fluctuation through
10-500 nm

magneto-resistance.

Figure 3.8: Schematic of a spin-
torque nano oscillator.

In this system, the STNO is driven by the combination of a constant DC current
Iy and a varying voltage. This varying voltage is a proportional transformation (by
a factor V') of the input X, the same as the flatten input in Fig. . The output
is the measured voltage V, so the Y in Fig. .

The complete dynamic of the STNO for an input x[i] returning an output
voltage yl[i] is such that :

dt

yli] = O[] - (1 —e7 ) +e+ -yli—1] ifi#0

y[0] = O[0] ifi=0 (3:4)

STNO(x]i]) = {

where : pA\/‘ (Iy — V”C[Z]
with the followmg parameter :

e dt =5 ns: the time step between two inputs.
e 7 =410 ns : Oscillator relaxation time.
o R =525 : Resistance of the oscillator

e V=250 mV : Amplitude of the voltage from 0 to peak.

e pA = —2.3754 : The constant before the square root (offset).
o [c =49 mA : The critical current
e [ =6.0 mA : applied DC current.
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3.3.2 STNO Simulation

This section discusses the dynamics of STNO. First, it gives a rough approach
to its dynamics. Then, to allow more accurate simulations, a refinement of the
formula is undertaken.

Global description
The STNO can be described as follow :

STNO(x[i]) = {%] ::OO[[z'(]]]- (=) +eF yli—1) ii i 8 (3.5)

where : Oli] = pay/|(fo — 1) — Y2
For clarity, one defines the following variables (note that p, is negative):

pa=p4 - (Io—1,) and p;=p%- ‘}; and E=ec+ (3.6)
The dynamics of the STNO is therefore described by :

STNO(zli]) = {‘% ::(())[[Zg]' =B+ Bl =1l ii i 8 (3.7)
where : Oli] = —/|[pa — pr - z[d]]
Interpolation

For more accuracy in the model, one interpolates two consecutive inputs into K
points such that :

Interp, ;[k] = (2[i] — z[i —1]) - [k( + zfi — 1] (3.8)
And such that :
x[i] = Interp, ;K] and  z[i — 1] = Interp, ;0] (3.9)
This gives :

OInterpmﬂ- [k] = _\/ bA — Pr- Interpx,i[k]‘

Z—\/pa—pl'(x[i]—ff[i—l])'Ik;‘irﬂi_l]‘ (3.10)

Olnterpx,i[k] _ —\/pA —pr-xfi — 1]+ (xfi = 1] — z[d]) - k;[
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The STNO model can therefore be summarised as follows:

nter -k:Oner 1kl -(1 - F E. nter k-1 fZO
STNOrterp(z]t]) = {yI t px,z[ ] Int pw[ ] ( )+ Ylnt pw[ | ifi

yInterpx’O [O] = OInterpz’O[l] = y[_l] ifi=-1
(3.11)
And such that :
y[l] = ylnterpzyi [K] and y[l - 1] = ylnterpz,,- [0] (312)

Note that, as illustrated on Fig. , to find the value of y[0] an interpolation
of X is needed between z[—1] and z[0]. It is therefore necessary to add an element
to the matrix X. It is decided to add it at the beginning, which leads to the use of
the index -1. There is also a change in the initial condition which therefore starts
at y[—1]. Obviously, this scalar is just useful for the calculation of its successors
but will not be retained in the final vector Y.

Interp,

STNO Transformation

YInterpz

Figure 3.9: Element inserting to allow proper interpolation.
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3.4 In Practice : Python implementation

In practice, this algorithm has been implemented in python in order to verify its
proper working. The number of interpolation points is set to K = 20.

The results are successful since it recognises the data well. The training is done in a
reasonable amount of time and the inference is done in a period of time acceptable
for real time. The detailed results will be presented at the end of this work.

Conclusion

This concludes the first steps towards the hardware integration of a neuromorphic
device, in this case a spin-torque nano-oscillator.

First, the description of the reservoir computing and its training were discussed.
This section showed how it is possible to train such a network globally with simple
linear algebra.

Then its adaptation for the integration of a single neuron with memory and
non-linearity was tackled. A presentation of the adaptation for its implementation
was also given.

Finally, the STNO acting as a neuron was described. A general and numerical
description was presented. Finally, a complete software implementation of reser-
voir computing integrating the STNO models was implemented. The results are
successful.
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Chapter 4

Implementation of an ASIC
prototype

In 10} 28], a reservoir computing has already been used to integrate STNO. How-
ever, it was built with very large devices around the nano-oscillator. The objective
of this thesis is to make such a embedded version of that system and easily adapt-
able to other devices offering memory and a non-linear transformation.

In order to demonstrate the feasibility of the embedded use of a hardware device,
the study focused on the design of an hardware accelerator simulating the behaviour
of a STNO. The hardware accelerator is also called an application specific integrated
circuit (ASIC).

The following chapter describes the implementation of a prototype of ASIC with
all the steps that were necessary for its design :

1. First of all, a brief review of digital electronics concepts is given.

2. Next, the adaptation of the algorithm to make it implementable and efficient
is discussed.

3. Then, the data communication between the software and the ASIC via the
interfaces is detailed.

4. The final section is devoted to the actual implementation of the prototype of
ASIC with all the sub-modules it contains.
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Figure presents the integration and the elaboration of the hardware device
in the global work-flow. Note that the entire system has been designed so that
any device with memory and non-linearity can be interchanged, as long as it can
communicate with the software.

Communication

Hardware device

Figure 4.1: Hardware device in the global work-flow.
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4.1 Digital electronics concepts

First of all, to enable the reader to understand the section properly, important
concepts are required.

e Cloks and synchronicity : The clock is used to create a rhythm for a system.
Indeed, all the operations in a system must be clocked in order to allow a
synchronicity between them. The clock therefore generates a binary signal
that oscillates at a fixed interval. This interval is called a clock cycle. When
an operation is said to be executed in 7 = n, it means that it takes n clock
cycle to be executed.

e Operation parallelism : Two operations are parallelizable if they are inde-
pendent, i.e. no result of one is needed to compute the other. Therefore, no
matter how they are processed, their result is the same. If both operations
are executed at the same time, they are said to be executed in parallel.

e Pipelining : A module doing several operations is pipelined if it can process
new data without having finished processing the previous ones.
For example, let a module take the opposite of the inverse of a variable x
(f(z) = =1/ with Tiny = Topp = 7). Two variables a and b are submitted to
it. Here are the pipelined execution steps:

1. Computes the inverse of a.

@_> s | ap 2. Computes the opposite of a and
simultaneously the inverse of b.
o 3. Computes the opposite of b.

Figure 4.2: Example of pipelined
operation.
Thus, the total execution took 37 instead of 47 if the operation had not been
pipelined. The delay between two outputs is called Tpipeline- This delay is
generally equal to 1.

e Data types and format : Data can have several types depending on how it is
used. In the following sections, the main type used is float32. It is designed
to store 32-bit floating point data.

The format can also take many forms. In the following, the float32 will
generally be represented as 8 hexadecimal (each hexadecimal occupying 4
bits).
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4.2 Adaptation of the algorithm

First of all, it is necessary to adapt the algorithm for the ASIC. Indeed, some
modifications are necessary to allow a more efficient calculation, in particular the
parallelization of the algorithm, presented in this part.

Motivation

The objective of the ASIC is to fast compute all y[i] values. Let’s define Z the
recursive function of the STNO, simulating the integration. Thus, the model
becomes :

yInterpz’i [k] == IInterp (yInterpl’i [k - 1]7 OInterp_,m- [k])

. if7>0
STNOInterp(x[ZD = - OInterpzyi[k] : (1 - E) +E- yInterpI,i [k - ]-]
y[_l] = yInterpLO [O] - OInterpI’O[]-] iti=-1
(4.1)

One of the advantages of ASICs is their parallelisation capability, i.e. their
ability to perform independent operations in parallel.

However, the calculations of ymerp, ,[k] are dependent on their predecessors. To
calculate y[i] from y[i — 1] one must sequentially calculate the intermediate values:

y[l] = yInterpz,i[K] - Ilnterp (ylnterpzﬂ. [k - 1] ) Olnterpzyi [k?] for k < [1, K]) (42)
With Yiterp, , (0] = yli — 1]
The calculations of OInterpw’i [k] are already independent. One would like to adapt

the rest of the equation to make all the calculations independent and therefore
parallelisable such that :

y[Z] = ylnterpzﬂ- [K] = :Z’-I,nterp (y[Z - 1] ) OIH‘DGFPIJ [k] for k € [17 K]) (43)

The basic case

As a first step, it would be interesting to modify the initial formula:
yli] = Z(yli — 1], Ol])
STNO(z[i]) = =0[l]-1-E)+E-yli—1]
y[0] = O[0] ifi=0
It would be desirable to deduce y[i + N] from y[i] without calculating the
intermediate values. As for the Eq/4.2] and Eqf4.3] :

if i £ 0 (44

yli+ N =Z (y[i +n —1], Oli + n| for n € [1, N}]) (4.5)
that should be changed in :
yli + N =T' (y[i] , Ofi + n] for n € [1, N]) (4.6)
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Solving the reccursion

First, by expanding y[i + 1], one gets :
yli+1] =0}l +1]-(1—E)+ E - y[i]
=0li+1]-(1—-E)+E-O[]-QA—-E)+ E-y[i — 1))
=0[i+1-1-E)+O0[i|-E-(1-E)+ E*-y[i — 1]

The following formula is obtained recursively:

N
yli+ N =yli—1]-ENT'+ (1 - E)- > Oli+n]- EN "
n=0
N-1
yli + N| = yli] - EN + ) > Oli+1+mn]-ENTI"
n=0
N
yli + N] = yli] - EN + )- > Oli+n] - EN"
n=1

(4.7)

(4.8)

Therefore, it is possible to deduce y[i + N] from y[i] without calculating the

intermediate values:
yli+ N =7 (y[i] , O[i + n] for n € [1, N])

The formula can therefore be parallelized.

Extending to interpolation

For interpolation, it is a matter of constructing a function such that :

y[z] = yInterpx,i[K] :Z’_Ilnterp ( [l - 1] ) OInterpz,i[k] for k € [1’ K])
Two interesting properties can be derived from Eq[3.12}

yli] = Yinterp,, ;4 0] and yli+1]= Yinterp,, ;4 (K]
Thus, it is possible to calculate the interpolation of y such that:

y[Z + 1] - ylnterpzyi+1 [0 + K]

K
y['L + ]—] - ylnterpzyiﬂ[o] : EK + (]— - E) ° Z Olnterpzﬂdrl[o ‘I’ k?] . EK_k
k=1

K
yli+1] = yli] - EX + (1= E) - Y Otwterp, ., [F] - B

By a change of index, it is therefore possible to deduce :
K
yli] = yli —1]- EX + (1= E) - )" Owgerp, , [k] - E¥7F
k=1
This formulation meets the condition [4.10
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Putting all together
Finally, the ASIC will implement the :

’ yli] = Tasic|d] if i >0
STNO = L14
asic(x[i]) {y[—l] = Otuterp, 1] it = -1 (4.14)
with : )
Tnsicli) =yli—1-EX + (1—E)- Y Otuterp, . [K] - EK-k (4.15)
k=1

and with the computation of OInterpz’i[k;] independent and thus parallelisable:

OInterpzﬂ- [k] - _\/

k- pr

pa —pr- @i = 1]+ (2fi = 1] = =[i]) - (4.16)
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4.3 The Interfaces

The objective of interfacing is to communicate data to the ASIC. Indeed, the
reservoir computing gives an input vector X of size RNt and must receive an
output Y of the same size.

To ensure this communication, several levels of interfacing are necessary between
the software and the hardware:

Reservoir computing architecture o Software Interface: It SphtS the X
o input into subsets. Indeed, it is not
= X Y possible for the ASIC to process too
% Software interface large quantity of data.
” XJck Yok e SPI Interface : It ensures commu-
SPI Interface nication at the material level. It is
composed of three elements:
SPI Interface Master
— The master instance : It gives
rhythm to communication.
Bridge — The bridge : It ensures
the physical communication of
data.
SPT Interface Slave — The slave instance : It answers
the request of the master.
® XPeck yhk
=) 4 d Each of the instances is composed
FE ASIC of a sender and a receiver.
3
o= Data Manager e ASIC : It processes the packets and
simulates the STNO on each scalar
| Jasic STNOJ of the packets.
Simulation
Once the output value has been calcu-

lated, the whole communication path is
Figure 4.3: Global description of the then carried out in reverse.
data flow through the interfaces.

Note that simultaneously, packets are received and sent. However, as the calculation
of Yfad‘ is not instantaneous for an input X?‘“k, its predecessor Yffclk is sent.
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4.3.1 The software interface

This interface, illustrated in Fig. ensures that the data is sent in a packet
format that can be handled by the ASIC.

Indeed, on the one hand the data has to be converted to ByteArray format to
be readable by the ASIC.

On the other hand, since the ASIC memory is limited, it is not possible to send
all the data at once. Sending the scalars one by one is not practical because there
is a fixed time delay for each communication. Thus, data packets are created of the
largest size P that can be stored in the ASIC. They are denoted X?“k (respectively

Y ack) such that :

Pack . . . . Pack . . . X
X; ={zfi] fori € [j-P,(j+1)-P[} and Y; ={yli| fori e [j-P,(j+1)-P[}
(4.17)

The complete matrix X (respectively Y) is then :

NyN, NyN,
X = {Xfack for j € {O;” and Y = {Yfack for j € {o, 33 H (4.18)

To indicate that a new waveform X must be processed, the variable RST y is
created and is active when j = 0.

Working
To ensure all this processing, the software interface is decomposed into :

e Sender : It converts the data into packets that can be sent directly to the
ASIC. To do this, two processes are performed on the data :

— Packet Folding : It ensures the construction of X ** packets and the
creation of the RSTx signal

— float32 to ByteArray converter : It converts the data from vector of
float32 to byteArray.

e Receiver : This part ensures the complementary operations to the sender.
It is therefore composed of a "Byte to float32 converter' and a "Packet
recontructor”.

In practice

In practice the length of X is NyN,. It is known that Ny = 400 and N, € [27;67],
so X is of length [10400;26800]. In order to send packets that are always the same
size, they must be of size that divides 400. The size chosen is P=100, the largest
packet length that can be stored in the FPGA Cyclone IV.
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X
(type : float32)

Y
(type : float32)

A4

Packet Folding Packet reconstruction
RSTx X : Y.
: Sl I I I A
when new .
113
: A
XPaCk YPack
J J-
(type : float32) Software Interface (type : Hoat32)
1M : 1M
Sender : Receiver
A 4
Float32 => Byte Byte => Float32
converter : converter
A
A 4
) 4
XPack YPka
RSTx (type : b}]/teArray) (type : lgyteArray)

o [

Figure 4.4: Work-flow of the data in the software interface.
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4.3.2 The serial peripheral interface (SPI)

The serial peripheral interface ensures the material-level communication between
the software and the hardware.

Working
This interface, illustrated in Fig. [4.5] is composed of two modules :

e The master instance: It sets a rhythm for communication for two reasons :

— Synchronous clock : The two devices (embedded computer and the
hardware accelerator) are assynchronous. This means that they are not
cadenced by the same clock. The master therefore imposes its clock to
the slave through SCLK.

— Master requests : To avoid the master listening to the slave all the time,
the master only listens when it sends a request. To signify a request it
sets chip select to 0 (active-low).

e The slave instance : It is rythmed on the master and responds to its requests.
Each of these modules consists of a sender and a receiver.

e Sender : The sender transforms the bytearray to be sent into a serial bit
stream. The sender of the master and slave sends this stream via the MOSI
(Master Out Slave In) and MISO (Master In Slave Out) respectively.

e Receiver : It receives the data stream and reassembles it into a bytearrray.

Note that based on the CS, it is possible to determine the start and end of
the stream. Thus, the slave’s receiver generates the Pg signal when the stream is
complete and the data ready for use.

In practice

In practice, packets of 100 float32 scalars are communicated. To this must be
added RSTx encoded on 8 bits. There are thus 3208 bits to transmit in to-
tal. The SPI communication is limited to 9.25 MHz. So the transmission takes
3208 bits/9, 25 MHz = 350 us.

The Y?aCk must thus be compute during the transfer of Yff"ik and has to be ready
for the next transfer. As so, its processing must be faster than a communication. As
it will be seen later, the Y?ad‘ calculation is done 82.2 ps. The packet is therefore
ready well before the next send.
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Host Device

XPack YPaik
(type : by]teArray) RST CLK (type : bgfteArray)
(| X Clock
LY
SPI Master
Sender Receiver
L2 2
O
RSTpack < >
when new Pack
A
v \4 \4
cs MOSI SCLK MISO
Chip Sel Master OUT Synchronous Master IN
ip Select Slave IN Clock lave OUT
K
O
O
O
O
Bridge
O
O
v Host Device O
cs MOSI SCLK CLK MISO
Clock
KX
v
SPI Slave
Receiver N Sender
—0 <
P < >
Enable when a Pack
is available
A
|
v v Y
Pack Pack
X; Y5
Py RSTx (type : byteArray) (type : byteArray)

o

o

Figure 4.5: Work-flow of the data in the SPI interface.
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4.4 Data Manager

Once the packets have arrived, they must be processed. In order to do this, the
data must first be prepared. This section discusses the modules that have been
implemented for this purpose.

The data to be output are:
Y5 = {yli] fori € [j- P, (j +1)- P[}
= {STNOasic(z[i]) fori e [j- P,(j + 1) - P[} (4.19)

Note that STNOxasic(z[i]) actually needs other arguments that are not displayed
for readability reasons. Its true form is :

STNOasic(x[i], z[i — 1], y[i — 1], (i = 0)) (4.20)
With (i=0) the variable describing whether i is null or not. Thus, the Eq}4.19| can

be rewritten :
Pack __ . . . .
Y " ={ylil forie[j-P(j+1) P[}

— {STNOasio(afi], #li — 1], yli — 1], (i = 0)) for i € [j- P, (j + 1) P[}
(4.21)
If one defines the function STNOy,; able to apply the function STNO g to all
the elements of a vector such that :

STNOpat(X) = {STNOaxgic(z) for z € X} (4.22)
This can be summarised as follows:
Y% = STNOyat (X[, 2l - P — 1], y[j - P — 1], (j = 0)) (4.23)
This section covers the implementation of :
e The Global Manager: It ensures the preparation of data useful for STNOyyat.
e The FirstOut Manager: It provides the calculation of y[—1] to calculate y[0].

e The Computation Manager: it ensures the calculation of STNOyas.

In practice

Each of the modules is implemented on a DE0-Nano with a Cyclone IV FPGA.
An analysis of the signals is discussed for each module. These float32 signals are
displayed in hexadecimal format.

A simulation of a packet of length P = 2 has been simulated for the sake of clarity
in the explanations.
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4.4.1 Global Manager

The global Manager, presented in Fig. [4.6] is in charge of managing the incoming
data from the SPI interface. It also has to prepare the data useful for STNOyat.

I/0
The following are the inputs and outputs of the Global Manager:
e Input : This module has the following signals as input:

- X?ad‘ : The data packet to be processed.
— Pg: The signal indicating when the X?aCk packet is ready to be used.
— RSTx: It indicates when j is null. It is equivalent to the variable (j = 0)

e Output : It has as output Y?a‘:k..

Working

The Global Manager ensures the preparation of data useful to STNOy, in the
following calculation:

Y% = STNOyat (X2, 2[j - P — 1], y[j - P — 1],(j = 0)) (4.24)
The module therefore prepares the following data:
° X?aek : It simply forwards the signal
e z[j* P — 1] : This signal is not included in X})ad‘. It is equivalent to :

XPk[P] i j#£0

z[-1]=0 ifj=0 (4.25)

ar--

This signal is therefore either generated or retained from the previous Xf;“ik.
e y[j- P — 1] : This signal is equivalent to :

Y (P if j#0

4.26
y[_l] = OInterpw’O[l] if ] =0 ( )

yUP—H—{

This signal is therefore either generated or retained from the previous Y?fclk.

e (7 =0) : This signal is simply forwarded from RST x
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Submodules

The Global Manager calls and controls the following two modules:

e First Out Manager launched by RSTro (Reset First Out): This is triggered
when RSTx and Pg are active. Indeed it means respectively that (j = 0)
and that this information is true. This signal allows to launch the calculation
of y[—1] on the basis of the first input of the first module X{>*[0] = z[0].

e Computation Manager: launched by RSTcy (Reset Computation Manager):
This signal means the start of the calculation of STNO,y, ensured by the
Computation Manager. This calculation can only be launched if one of these
two conditions is met:

— (t — trsTpo) > Tro : This condition means that the module can only be
executed when the firstOut module has finished processing y[—1]

— Pg : This means that it can only be launched when new data is available

X;’ack PE RSTX Y;)Mk
[Emn) Pack Available j=0 [mmm}

Global Manager

Reset Manager

RSTeM = PR & (Hrsteo)>Tro

Computation Manager

v

First in Manager Last Out Manager LastIn Manager

if RSTROQ : yliP-1] = yl-1]
clse : uliP-1] = YJ*H [P

if RSTRQ : aljP-1] = a-1] = 0

if RSTR( : (0] = XPk[o] else : afjP-1] = XPk[P|
se : Y

(2

5] : [mun}

First Out Manager Computation Manager

Figure 4.6: Work-flow of the data in the Global Manager.
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In practice

The following signals interact with the Global Manager

e Figure shows the case where the first packet arrives (e.g. X?a"k =
cOf9adecbedd81a6). The RSTy is thus activated and the RSTgg is triggered.
x[—1] and y[—1] are sent to the First Out Manager. It can be seen that
RSTcy is only triggered after 7p¢.

CLK

Global/XPack X c0f9a4ecbe4d81a6
Global/P_E [

Global/RST_X _00 o1 [ 00

Global/YPack

FirstOut/x[0] ————{ c0f9adec

FirstOut/RST_FO 4’—‘

FirstOut/y[-1] _X0000000 | 00000000 | beo447es | 00000000
00000000
X0000000 ; 00000000 be0447e6

cOf9adecbe4d81ab

Figure 4.7: Signal analysis for the Global Manager in the case where the first packet
arrives.

e Figure [4.8| shows the same case as Fig. but with a larger time scale. It
can be seen that after the activation of RST¢y the computation manager
takes some time before returning a partial and then a complete version of

YPack‘
CLK
Global/XPack _ s = | cOf9adecbedd81a6
Global/P_E I
Global/RST_X 00 (Yoo
Global/YPack { be318fo [ be318fosbear3sio
FirstOut/x[0] { cOf9adec
FirstOut/RST_FO ———— |
FirstOut/y[-1] _X0000000 | 00000000 | | 00000000
00000000
(1) 00000000 be0447e6

cOf9adecbe4d81a6

{be3189530000000¢ | be318f95be4f3819

Figure 4.8: Signal analysis for the Global Manager in the case where the first packet
arrives in a larger time-scale.
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e The Fig. m shows the case where it is not the first X" that arrives but
a following one. It can be seen that RSTx and therefore RSTgo are not
activated but that RST¢y is directly activated because Pg is on. Also, it
can be observed that YF** is first partially and then completely changed.

CLK

Global/XPack _cOf9adecbe4d81ab X414380e84103a74e

Global/P_E [

Global/RST_X _00

Global/YPack _be318f95be4f3819 [ be7a5aacbe4f3819 [ be7a5aacbe9b70c8

FirstOut/x[0] c0f9a4ec

FirstOut/RST_FO

FirstOut/y[-1] _00000000 || 00000000
00000000 be4d81a6
be0447¢6 be4f3819

c0f9a4ecbe4d81a6 | 414a80e84103a74e
be318f95be4f3819 be7a5aacbe4f3819 be7a5aacbe9b70c8

Figure 4.9: Signal analysis for the Global Manager in the case where the next
packet arrives.
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4.4.2 First Out Manager
The First Out Manager, shown in Fig. |4.10| is in charge of compute y[—1].

I/0
Here are the Inputs/Outputs of the FirstOut Manager :
e Input : This module has as input the following signals :

— 2[0] : This is the first entry in the first 2[0] = X{**[0]

— RSTgo : This is the signal indicating when this module can be launched.

e Output : It has as output y[—1] after a certain processing time 7p0.

Working
This module has to calculate y[—1] such that:
y[—1] = Omterp, , [1] (4.27)
To this end, it prepares the data Onterp, ,[1] needs, i.e.:
e x[—1] : As this signal is generated for interpolation, it is null.

e z[0] : This signal is directly forwarded from the inputs.

Submodules

It interacts with the Interpolate module launched with the RST; (Reset Interpolate)
signal forwarded by RSTgo. Interpolate gives the results of the interpolation one
after the other:

{Onterp, , [K] for k € [1, K]} (4.28)

The role of the FirstOut Manager is to isolate y[—1] = OInterpz,o[l]. Based on RSTY,
it waits for the processing time of Interpolate 7; and isolates the first output.
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|

First Out
Manager FirstOut Extractor

>

yl-1l= OInterp:c,O [1]

OInterpa:,z' (%]
ke {1, K}

RSTy

eset Interpolate

8
S |«

Interpolate

Figure 4.10: Work-flow of the data in the FirstOut Manager.

In practice

The following signals interact with the First Out Manager.

It can be seen that the RSTro = RST;. Also, the interpolate produces its
outputs after a certain delay and FirstOut only isolates the first one (e.g. y[—1] =
be0447e6).

CLK
FirstOut/RST_I
Firstout/x[0] —{ cOf9adec

FirstOut/y[-1] === | 00000000 | be0447e6 | 00000000
00000000

c0f9adec
80000000 be0447e6 | be28c8cf | be46ble7

Figure 4.11: Signal analysis for the FirstOut Manager.
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4.4.3 Computation Manager

The Computation Manager, shown in Fig. m manage the computation of Y2k
such that :

Y;-)aCk = STNOMat(X;DaCk7 .I'[j P — 1]7 y[] P — 1]7 (j - O)) (429)

I/0
Here are the Inputs/Outputs of the Computation Manager :
e Input : This module has as input the following signals :
— ylj - P — 1] : The last output of the previous calculation.
— x[j - P — 1] : The last entry in the previous calculation.

— X?a‘:k : The data packet to be processed.
— RST¢y @ The signal indicating when this module can start.

e Output : It has as output the packet YfaCk.

Working
This module must calculate YT such that
Y = {yli] forie[j- P (j+1)- P[}
= {STNOasic(z[i], z[i — 1},y[i = 1], (i =0)) fori € [j- P, (j + 1) - P[}
(4.30)

Thus, it proceeds in several steps:
Pack : . . . . . . .
1. X;** padding : The previous entry is pad in the beginning. Indeed, x[j-P—1]
is not included in XfaCk but is necessary for the calculation of Y?ad‘. :

X Faa = {ali - P = 1], X5}

e _ (4.31)
={zfi]forie[j-P—-1,(j+1)- P[}

2. X%k, unfolding : it extracts the elements x[i] one by one from X},
according to the Eq[4.31]

3. Transformation : It extracts for each input z[¢] its output y[i] such that :
yli] = STNOasic(x[i], z[i — 1], y[i — 1], (i = 0)) (4.32)

Note that (i=0) is derived from RST¢y which means that a new X" packet
must be processed. In other words, that i is null.

4. Y?aCk folding : It reconstructs the output packet Yfad{ such that :
Pack : ; : :
Y; " ={yli]forie[j-P(j+1)- P[} (4.33)
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Submodules

The Computation Manager uses the Integrate module which calculates :
yli] = STNOpgic(x[i], z[i — 1],y[i — 1], (i == 0)) (4.34)

To start Integrate a RSTy, signal is generated. It ensures that Integrate only
starts calculating when all the data is ready. Also RSTy, is activated so that a
calculation is not started until the previous one is finished. To this end, it is active
under at least one of these conditions:

e RST¢y @ This means that the Integrate will have to process the first entry in
a packet. It has not yet calculated so there is no risk of stopping an operation
in progress.

o (t—trsrey ) %Tme = 0: The Integrate module can only start when the previous
calculation has been executed and is finished. (Note that % stands for the
operation modulo.)

X{’ack YPack
ST T /

'y

Computation Manager

! | l

Input padding.__,  Two consecutive extraction Reset Manager Output reconstruction

if RSTeM : 1= 0
else : i= i+l

yli-1] # RSTInt yLi ]

Integrate

A

RSTyy; = RST g oF (-t pen) %T1m=0

Reset Integrate

Figure 4.12: Work-flow of the data in the Computation Manager.



In practice

The following signals interact with the Computation Manager :

e Figure shows the interaction between the Computation Manager module
and the Integrate module. It illustrates the case where RST ¢y is activated
due to (j = 0), i.e. when a new X must be processed. It is structured in
several steps.

1. Xfad‘ padding : First, one can see that the vector Xopiﬁgd is indeed

padded with z[jP — 1] = z[-1] = 0.

2. X555, unfolding : The vector is decomposed into [i] and the rest of the
data is also prepared. As soon as all the data is ready, the calculation is

started for Integrate via the signal RSTyy.

3. Transformation : Integrate takes some time 7, to process and then
outputs a value y[i] (e.g. y[i] = be318£95).

4. Y?aCk folding : The vector is partially filled. As the integrate process
is finished (i.e. (¢ — trsToy ) 0Tt = 0), a RSThy is reactivated and the
loop is repeated until Y% is completed.

CLK

Computation/y[i-1] 00000000 | be0447e6

Computation/x[i-1] _00000000

Computation/RST_CM *\
Computation/XPack _c0f9a4ecbe4d81a6
Computation/XPack Padded 00000000c0f9a4ecbe4d81a6

Computation/YPack { be318f9 [ be318f95be4f3819
00000000 | be0447e6 be318f95 be4f3819
00000000 c0f9a4ec be4d81a6
cOf9adec be4d81a6
00000000 s | 00000000 e=ea | 00000000

Figure 4.13: Signal analysis for the Computation Manager in the case where the
first packet arrives.
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e Figure also shows the interaction between the Computation Manager

and Integrate modules. However, it illustrates a case where j # 0. Thus,
it can be seen for step 4. that Yfa‘:k is first partially and then completely
changed.

CLK

Computation/y[jJ-1]
Computation/x[jJ-1]
Computation/RST_CM
Computation/XPack
Computation/XPack_Padded

Computation/YPack

be0447e6 | be4f3819
00000000 [ bead81a6

[
c0f9a4ecbe4d81ab X 414a80e84103a74e

00000000c0f9adechedd8laé | be4d81ab6414a80e84103a74e

be318f95be4f3819 [ be7a5aacbe4f3819 ) be7a5aacbe9b70c8

bcb89520 be4f3819 be7a5aac bedb70c8
be4d81a6 414a80e8 4103a74e
414a80e8 4103a74e

00000000 == 00000000 = | 00000000

Figure 4.14: Signal analysis for the Computation Manager in the case where the

next

packet arrives.
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4.5 Computation Modules

As a reminder, the STNO jg1¢ function is described as follows:

STNOASIC (I[Z] ) =

{y[i] = Tasicli] ifi >0 (.35

y[_l] = OInterpw’O[l} ifi =-1

While all data and case management is carried out by the Data Manager, it
remains to implement the functions Zasic and Orperp, , [k]. Tt is the implementation
of these functions that will be discussed in this section:

e The Integrate module covers the implementation of Zxgic.

e The Interpolate module covers the implementation of OInterpz’i[k].

In practice

For these two functions, simple operations are required.Their implementation is
achieved through the floating point IP Core from Intel:

e altfp_abs : The absolute value of a £1loat32 in 7,,s = 0.

e altfp_add_sub : The addition/subtraction of two floats in 7,44 sub = 2
e altfp mult : The multiplication of two float32 in Ty, = 3.

e altfp_sqrt : The square root of a float32 in 7y = 6.

e fp_acc_custum: The accumulation of float32 after 7 ,.c = 7 and Tpipeline =
1 no matter how many floats to accumulate.

e fp_opp : The opposite of a float32 in 7,,, = 0.
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4.5.1 Integrate module

The Integration module, shown in Fig. [1.15] is the module calculating the function:
y[z] = IASIC [Z] = IASIC(y[i — 1],$[i — 1], [L’[Z]) (436)

I/0
Here are the Inputs/Outputs of the Integrate module:

e Input : This module has the following signals as input:

— yli — 1], x[i — 1], x[i] : Scalars representing the previous output and
inputs respectively.

— RSTyy : This signal indicates when the module can start.

e Output : It has as output the value y[i].

Working
This module has to calculate y[i] such that:
K
yli] = Zasic[i] = yli = 1] - EX + > (1 — E) - Oterp, ,[K] - E*7F (4.37)
k=1

To do this, it proceeds in several steps:

1. Omterp,, [k] : First, the Interpolation module has to be launched. This returns
after a certain delay Tinerp Outputs at each clock cycle.

2. y[i — 1] * EX : While the interpolation module is processing, the calculation
of this term can already be started. Note that y[i — 1] is an input while EX
is a fixed value which is therefore hardcoded.

3. FactE[k] = (1 — E) * EX=% : The process of factEgenerator is also launched,
which is a module generating one of the FactEs at each clock cycle.

4. AccTerm : The terms are summed in an accumulator outAcc. such that :

k
OutAcc[k] = Ymterp, , [k] = Y AccTerm[k’] (4.38)
k'=0
with :
— 1]« EX if k' =
AccTerm;[k'] = yli— 1) : . (4.39)
FactE[k] * Omterp, , [K']  else
5. Out : y[i] = Ymterp, ,[K] = OutAcc[K] : The output of the module is ready
when £ = K.
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Submodules

Two modules are required for Integrate to work :

e Interpolate: This module is in charge of calculating OInterpI,i[k’]- Being the
module with the longest delay, it is first launched via RST;.

o factEgenerator : This module generates the FactE[k]. Since these values are
always the same regardless of the inputs, factEgenerator 15 simply a module
that sends hard-coded values to each cycle. It is launched at the same time
as the arrival of the first Interpolate value, so that the £ indices match.

Start

Tinter o Tt Taacey PPipeting = 1
N : : : :

\

yli] = y[i — 1] - BX + i(l — E) - X "*BOrmserp, ; [¥]

AccTerml[k # 0] —
: : o

4+ Acc”gferm[O] YInterpa,i [k] ke {17 K} ‘

Legend

Generator function

Input values

- '
: '
3 : : l : 1
'
Constant values S
ylnterpf.i 1]
Operations

First output value computation

Next outputs values computation

Integrate

Figure 4.15: Work-flow of the data in the Integrate module.
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In practice

Here are the signals interacting within the Integrate module. As a reminder, the
operations "multiplication" and "accumulation" have respectively delays of 7yt = 3
and 7. = 7 clock cycle.

e Figure shows the triggering after the activation of RSTy,. The following

steps can be observed:

. Omterp, , k] : First the Interpolate module is launched. It starts to return

output after a delay of Tiner, = 13 values, then at each clock cycle.

. y[i — 1] * EX . While the process interpolation module is running, the

calculation of this term has already been started and is ready after
Trult = 3

. FactE[k] = (1 — E) *x X% . As soon as the values of Omterp, , [K] arrive,

the factEgenerator 15 also lanched.

. AccTerm : The values are accumulated via the accTerm. Their accumu-

lation is stored outAcc[k] after 7, 4., = 7 and is updated at each clock
cycle.

. Out : y[i] = Ynterp, , [K] : Finally, as soon as k = K, the output is ready

and returned.

CLK

Integrate/x[i-1]

Integrate/x[i]

00000000

[ cofoadec

cOf9adec

[ beads1ae

Integrate/RST_Int

Integrate/y[i]
O[k]
FactE_generator

FactE*O[k]

E~20
y[i-17*E~K
Acc_Term
OutAcc

Out

r

00000000

[ be31sfos |

00000000

e e e e e - - - - - )~ ) 00000000

00000000

e e e e e e e e e e e e - e e - - /00000000

00000000

S N S N O S S S N S S S S R

be0447e6

be318f95

3f4897a8

00000000

| bdcfad12

00000000

I S S S S S S S S S S S S

X5XXXXXX

TN S N S S S S S S S S S S S S S S S S

00000000

[ be31sfos |

Figure 4.16: Signal analysis for the Integrate module showing one single integration.
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e Figure shows, as in Fig. the dynamics of the signals but at a larger

scale.

ax [TUUTTUUUU TV UTU Uiy v i iy v i i i i i o e i

Integrate/x[i-1]

Integrate/x[i]

Integrate/RST_Int T

Integrate/y[i]
O[k]
FactE_generator

FactE*O[k]

E~20
y[i-1]¥*E~K
Acc_Term
OutAcc

Out

00000000 [ cofoadec =
c0f9adec [ beads1a6 —
M .

00000000

J ===} 00000000

=]

00000000 [BE!

1 00000000

PO T oooo0000

00000000 1T

e ) oooooooo

) 00000000

00000000

Jo ) 00000000

I ENNNE!

I

L) T oooo0000

be0447e6

be318f95

3f4897a8

0000000 belcf4d12

| beob215d

00000000

OO X 00000000

OO 00000000

XEXXXXXX [

NSNS ENNENNNNNENENEY

| be318f95

00000000

| === 00000000

Figure 4.17: Signal analysis for the Integrate module at a larger time-scale showing
multiple integration.

5



4.5.2 Interpolate module
The Interpolate module, shown in Fig. |4.18| is the module calculating the terms:

{Omterp, , (x[i — 1], z[i], k) for k € [1, K]} (4.40)

I/0
Here are the Inputs/Outputs of the Interpolate module:
e Input: This module has the following signals as input:

— x[i — 1], z[i] : Scalar inputs.

— RST; : This signal indicates when the module can start.

e Output : It has as output the packet. {Ormterp, ,(z[i — 1], 2], k) }.

Working

This module has to calculate all the Operp, , [k] such as:

OInterpIJ- [k] - _\/

To do this, it proceeds in several steps:

k- pr

pa —pr- @i = 1+ (@i = 1] = =[i]) - (4.41)

1. diffin = z[i — 1] — z[i] : First the difference of the inputs is calculated.

2. ramplk] = % : The ramp is generated by rampge,erator Which is a module

that generates one of the values every clock cycle.
3. az = diffIn * ramp[k]| : The multiplication is calculated and stored.

4. pIx = p; * x[i — 1] : The hardcoded constant p; and the input z[i — 1] are
multiplied.

5. b =pa — plx : The difference between pa and plx is calculated.

6. c=ax+0b: ax et b are added together. Note that ax and b are calculated in
parallel as they are not dependent on each other.

7. —/|c| : Finally the calculation is concluded with this last operation.
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Submodules

The sub-module rampge,erao, 15 required. This module generates the ramplk].
As these values are always the same, ramp,q,epaor 18 Simply a module sending
hardcoded values at each cycle. It is launched at the same time as the arrival of
the diffIn values.

e

Start
1

— iTadd/sub_ T Tumult, Tadd/sul . Tabs . . Tsqrt . . Topp o Pipeline —
P > > < > < >< > >

" Pr

ramp|k] R —

P :
(o /1

Kl\ diEI'Hn

-/

ax

.

1)

[c]

Legend

Generator function

Interpolate

Input values

Constant values

Operations

> First output value computation

Next outputs values computation OInt(‘,rpm [1]

Olnterp, i [K] ke {l, K}

Figure 4.18: Work-flow of the data in the Interpolate module.
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In practice

Here are the signals that interact within the Interpolate module. As a reminder,
the operations "multiplication”, "subtraction/addition", "absolute value', "opposite'
and "square root" have respective delays of Tyt = 3, Tadd/sub = 2, Tabs = 0, Topp = 0

and 7yt = 6 clock cycle.

e Figure shows the triggering after RST; and the output of the first values.
The following steps can be observed:

1. diffin = z[i — 1] — z[d] : First the input difference is calculated after 2

cycles
2. ramplk| = % : The ramp is generated by rampgeperator @8 so0n as diffIn
is ready.

3. ar = diffIn *x ramp[k] : The multiplication is then performed and the
results are given successively 3 clock cycles later.

4. plx = pr * x[i — 1] : During this time, the multiplication between the
constant pI and the input x[i — 1] is processed and the result arrives 3
cycles later.

5. b = pa — pIx : The difference between par and plx is calculated in 2
cycles.

6. ¢c =ax+b: ar and b are added in 2 cycles. Note that ax and b are
calculated in parallel and arrive exactly at the same time because their
process takes both: Tyue + Tadd/sub = 5

7. —/|c| : Finally the calculation concludes with this last operation which

takes Toqrt + Tabs + Topp = 6

Then the other k outputs arrive successively one after the other at each
clock cycle. i.e. Tpipeline = 1. This clearly show that the module is pipelined

properly.
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CLK

Interpolate/x[i-1] _00000000

Interpolate/x[i] _cOf9adec

Interpolate/RST_I

Interpolate/O[k] 80000000 [ be0447e6 | be28c8cf | be46boe7
c0f9adec
00000000
x[i-1]-x[i] _X0000000 | 40f9aec
ramp_generator 00000000 | 3abo16fc | 3b3016fc | 3b84113d | 3bb016fc | 3bdcicha | 3c04113d | 3clal4lc | 3c3016fc | 3c4619db | 3c5cicba | 3c721f9a | 3c84113d | 3c8fl2ac | 3c9aldlc
ax = diffln*ramp _X0000000 | 3c2bb7cc | 3cabb7cc | 3d00c9d9 | 3d2bb7cc | 3d56a5be | 3d80c9d9 | 3d9640d2 | 3dabb7cc | 3dcilec5 | 3ddéaSbe | 3decich8
pl 3cdcicba
00000000
pix = pl*x[i-1] _X0000000 J 00000000

pD 3bcb623a

b = pD-plx _X0000000_| 00000000 | 3bcb623a
¢ =ax+b 00000000 | 3c88b474 | 3cde905a | 3d1a3620 | 3d452413 | 3d701205 | 3d8d7ffd | 3da2f6f6 | 3db86df0 | 3dcde4ed
abs(c) 00000000 | 3c880b474 | 3cde905a | 3d1a3620 | 3d452413 | 3d701205 | 3d8d7ffd | 3da2f6fé | 3db86df0 | 3dcdeded
sqrt(abs(c)) 00000000 | 3e0447¢6 | 3e28c8cf | 3e46b0e7
O[k]=-sqrt(abs(c)) 80000000 | be0447e6 | be28c8cf | be46b0e7

Figure 4.19: Signal analysis for the Interpolate module showing the first output
processing.

e Figure[4.20 shows as the Fig. [£.19] the dynamics of the signals but on a larger
scale. One notices that the OInterpz,i are well given successively during the
K=20 cycles.

CLK

Interpolate/x[i-1] —{ 00000000

Interpolate/x[i] % c0f9adec

Interpolate/RST_I

Intrpolte/ofK] 89000000 0 () o o o o ) o o () (0 £ £ £ 220 0 60 60 0 6

c0f9adec

00000000

X[i-1]-x[i] _X0000000 ] 40f9adec

ramp_generator 00000000 | s | s | o | s | o | e | s | somec [ v | st [ smmn [[omor [ sanie | s | s | | [ [ e | s | 00000000
ax = diffin*ramp _X0000000 [ | v Y omme ot o [ | omee | s | s J o | sesen | son0m [ oo | e | soes | [ ome | s | e | == | 00000000
pl 3cdcicba
00000000
plx = pI*x[i-1] _X0000000 | 00000000

D 3bcb623a

b = pD-plx o | 00000000 [ 3bcb623a
c=axtb _J 00000000 S ) N N R D £ ) ) S ) N ) S S 0 ) S S
abs(c) 00000000 SN £ N SN S ) € R R B T N N ) S S 0 R R
sart(abs(c)) 00000000 SN £ £ N 0 ) E E B B £ £ ) £ S B By E0) £ B
O[K]=-sqrt(abs(c)) 80000000 N 0 0 N SN S S S S ) ) B ) ) D ) ) ) ) o

Figure 4.20: Signal analysis for the Interpolate module showing the 20 output
processing.
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4.6 In practice : Implementation
The complete assembly, shown in the Fig. |4.21] consists of three elements.

e The software including preprocessing and machine learning (i.e. Reservoir
computing) is implemented in Python on a Raspberry Pi 4. [I1]. It provides
the following features:

— CPU : Broadcom BCM2711, Quad core Cortex-A72 (ARM v8) 64-bit
SoC @ 1.5GHz.

— RAM : 8GB of LPDDR4-3200 SDRAM

e For the hardware part, it was prototyped on a DEO-Nano including a Cyclone
IV FPGA [12]. It offers the following resources :

— Clock frequency : 50 MHz
— Total logic elements : 22320 (in use : 20705 (93%))

e The two devices are communicating through a bridge and using Serial Pe-
ripheral Interface (SPI). This interface is in practice working at 9,25 MHz,
thus allowing the transfer of a package of 100 items in 350 pus. On average,
a complete waveform can therefore be processed in 80 ms (using Cochlear
transform, MFCC being twice of this time) which is reasonable for real time
application (in the order of ten milliseconds).

Embedded Computer
Raspebrry Pi 4

Communication
Bridge supporting SPI

Hardware Device
DEO-Nano including
Cyclone IV FPGA

Figure 4.21: Picture of the real prototyping platform.
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The total process delay for one input is 41 clock cycles long. Thus, the total
calculation for a packet of P = 100 inputs is 4100 clock cycles. Added to this the
processing time of the packet on arrival that is taking 1 clock cycle. The processing
time of a packet is therefore 4101 clock cycles in total. Clocked at 50 MHz, this
gives 82.2 us.

Remarkably, the process time of is much less than the SPI communication time
which is the limiting factor of this system (i.e. 82.2 us < 350 us.). However, if the
algorithm would not have been parallelised, the computation of a packet would
have taken K times longer. In this case the packets would have been processed in
1.64 ms becoming the limiting factor of the process (i.e. 1.64 ms > 350 us). On
average, this means that for the complete processing of a waveform, it would have
taken 400 ms which is at the limit of what is acceptable for real time applications.

Conclusion

This concludes this chapter.

The hardware implementation of the STNO simulation was discussed, proving
the good communication between an embedded software of model of machine
learning and a neuromorphic hardware device. To carry out this part, it was
necessary to proceed in several steps.

First, the algorithm was optimised so that it could be faster on the ASIC. It
turns out that without this optimisation, the model would have been 5 times slower
and the system would have experienced borderline delays for real time applications.

Then, the information had to be communicated to the hardware. For this
purpose different interface layers were detailed, namely the software interface and
the SPI communication. If another device is to be integrated, it is likely that
similar interfaces will have to be implemented.

Finally, the implementation of the dynamics simulation was examined. For
this, the formula was decomposed and each of the modules implementing a part
of the algorithm were detailed. There were the data managers which prepare and
manage the conditions and data. The computation modules took care of the actual
calculation of the dynamics.

In conclusion, the hardware implementation gives the same results as its software
equivalent. This means that the work is a success.
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Chapter 5

Results and perspectives

Although this system works well, it is interesting to benchmark the first version of
such a system with the state of the art model described in chapter 2.

This chapter first recontextualises the models and dataset studied. Then, it
describes the results obtained for the training and inference of each model. It

discusses the accuracy and speed performance. Finally, it addresses the ways in
which the model can be improved.

Figure |5.1] shows the conceptual positioning of the chapter in the work flow.
The final test is a very high level task. This is why it is shown at the top of the
figure, as if the models were black boxes.

£

Figure 5.1: Testing the model in the global work-flow.
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5.1 Foreword on datasets and compared models

In order to ensure relevant and consistent results, it is necessary to put the elements
influencing training performance into context: the model and the dataset.

Models

First of all it is important to recontextualise the models in terms of their imple-
mentation, their number of parameters, the device on which they run,...

On the one hand, there is the M5 model. This one comes from a very fashion-
able architecture: the convolutional neural network. Although it is described as a
lightweight model, it has 25290 parameters to train. Moreover its implementation
has been made with pyTorch, a very optimized python library.

Please note that the results described below are the result of training as described
in the paper, without personal tuning. The training is stopped when the training
losses have less than one percent variation for five periods in a row.

On the other hand, there is the model described in this report. It comes
from reservoir computing, a pioneering architecture in machine learning. It has
only 400 parameters to train, which leaves it much less room for adjustment. Its
implementation is homemade and is not as optimized as pyTorch. Moreover the
hardware version runs on a device clocked at 50 MHz against 1.5 GHz for the M5
model running on Raspberry Pi.

However, it has the advantage of being a fast learning system that finds a global
optimum for its weights.

It also allows tau wise inference which means that it has the ability to train
itself to recognize words over time windows, even if the word is not pronounced in
its entirety.

Finally, it should be noted that both the hardware and software versions of
reservoir computing give the same classification results and therefore have the same
accuracy.

Note that to enable a consistent time performance comparison, all models are
tested directly on the Raspberry Pi.
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5.2.1 Training performance

Here are the important points observed on the results table [5.2] They are divided
into a precision and timing analysis.

Accuracy analysis

Although the performances are very close, the M5 model is the most accurate,
followed by the reservoir computing using MFCC and then cochlear. This
can be explained by the much higher number of parameters that the M5 can
adjust.

The SPEECHCOMMANDS dataset seems more complicated than the TI-
46. Indeed, the results are much lower for the models training on the 500
SPEECHCOMMANDS data.

The models generalise better on the large dataset. Indeed, there is more data
to train on.

The tau-wise training is obviously less efficient because it is only based on
window of sizes Tvrcoc = 25 ms and Toochleanr = 90 ms. These windows contain
only incomplete fragments of digit pronunciation waveform.

Cochlear offers poorer overall performance but better tau-wise. This is
probably due to its larger window size. Indeed, it is easier to recognise a part
of a word when it is longer.

Timing analysis

Reservoir computing is faster in training.

The hardware model is faster than its software counterpart except when the
dataset becomes larger. Since all parts of the algorithm are common except
for the transformation in the STNO, it can be assumed that the software has
a sub-linear complexity for this part. On the other hand, the hardware has a
linear complexity.

The training time is shorter on the SPEECHCOMMANDS database items.
Their pronunciation waveforms are probably shorter.
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5.2.2 Inference performance

e The inference of the MFCC hardware model is twice as slow as the Cochlear.
Indeed, the data sent to the STNO is proportional to the N,, so the compu-
tation time too.

e Hardware model inference is faster than software inference.

e The inference time of the M5 is much less than that of reservoir computing.
Indeed, the M5 is implemented with a Pytorch being very optimized while
the reservoir computing is a home-made implementation. Moreover, the
hardware version is clocked at 50 MHz while the Raspberry Pi on which the
M5 runs is clocked at 1.5 GHz.
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5.3 Perspectives

Several improvements to the model are possible. This section deals with hardware
and algorithm improvements for reservoir computing :

Algorithm improvements

Several improvements are possible to improve the reservoir computing algorithm
integrating a hardware neuron:

e Optimise the number of neurons according to the number and size of the
dataset.

e Optimize the mask M so that it is no longer random but deterministic
while keeping data transformation patterns suitable for exploring the whole
transient dynamics of the STNO.

e Improve the training algorithm so that it can work with batch data for
training.

Hardware improvements

Various hardware improvements are also possible and have already been considered:

e Improve communication between software and hardware. For example, in-
crease the SPI exchange frequency or put several channels in parallel.

e Group modules to save clock cycles. For example, it would be possible to
directly combine the factEgenerator With the interpolate module and thus gain
Tmult Cycle.

e Increase the packet size while using FPGA memory bits to be able to store
more information on it (Memory space being the limiting factor to increase
the packet size). The bigger the packets, the faster the communication.

e Increase the clock frequency of the ASIC.

The ultimate goal would be to integrate an STNO directly on a System on Chip
and clock the communication at the same rate as the processor. If such work is
done, it would be potentially possible to achieve inference speeds in the ms range
if the clock frequency is in the order of GHz. This is entirely compatible with the
STNO, which can be sampled at a frequency of the order of MSample/s.
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Conclusion

This thesis has met the objectives set.

It has been demonstrated that the reservoir computing architecture integrating a
hardware neuron is possible in an embedded way. In order to prove that it works,
a speech recognition task of the 10 spoken digits has been proposed and performed.
A comparison with a state-of-the art embedded model using known architecture
was made. The results are of the same order in terms of accuracy and are promising
in terms of timing but also in terms of energy consumption.

In order to carry out this project, it was first necessary to understand the chal-
lenges of speech recognition. The first part of the project focused on the processing
of the sound waveform signal. Cleaning and voice detection methods were discussed.

Next, the classification was discussed. Different machine learning methods
were considered for this purpose. General concepts for dealing with datasets were
discussed. A description of known models such as the single and multilayer per-
ceptron were explained. Finally, the convolutional neural network was described
and an example of such a neural network was implemented for future bench-marking.

Afterwards, it was necessary to understand the models allowing hardware
integration. The one chosen was the reservoir computing model because of its
numerous advantages. An adaptation of this was explored in order to integrate a
single hardware neuron. This neuron has to be a neuromorphic device with memory
and a non-linear response. A proof of concept was first tested in software.

Once all the understanding was established, the hardware implementation of
an STNO simulation could be addressed. An adaptation of the algorithm was first
made to allow a better efficiency of the ASIC prototype. Then, the interfaces were
designed and implemented. Then, condition and data management modules were
described and developed. Finally, the computational units were presented.

To conclude this thesis, benchmarks were carried out in order to situate the im-

plemented model against a classical architecture. The results were very conclusive.
However, several improvements have been proposed.
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