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Lay Abstract

There are two main ideas discussed in this thesis, both are related to Deep Learning (DL).
The first investigates the use of estimation theory in DL network training. Training DL
networks is challenging as it requirsge amourt of data and itis computationally
demandingThe thesis discusses the use of estimation tHeotyaining of DL networks

and its utility ininformation extraction.The thesisalso presentghe application of DL
networksin anendof-line Fault Detection and Diagnosis system for complex automotive
components. Failure of appropriately testing automotive components can lead to shipping
faulty components that can harenmanufactures seputation as well aspotentially
jeopardizng safety In this thesis, DL is used to detect and analyze complex fault patterns

of automotive starteygomplementetly soundand vibratiormeasurements



Abstract

Deep LearningNetworks(DLN) is arelatively new artificial intelligence algorithm that
gained populaty quickly due to its unprecedented performance. One of the key elements
for this success is Ol ability to extracta high-level of information from large amounts
of raw data. This ability comes at the cost of high computational and memory
requirements for the training process. Estimation algorithms such as the Extended
Kalman Filter (EKF) and the Smooth Variable Structure Filter (S\8e used in
literature to train small Neural Networks. Howewbeyhavefailed to scale well with
deep networksdlue to theiexcessive requirements foomputation and memosjze In

this thesis the concept of using EKF and SW&FDLN trainingis revisited. A New

family of filters that are efficient in memory and computational requirements are
proposedand their performance is evaluated against the-sfetee-art algorithms. The
new filtersshow competitive performance égisting algorithmsnd @ notrequirefine
tuning. These new findings chanipe scientific communiy s p e rtlategtimatieann
theory methodsuch as EKF and SVS#fe not practical fotheir application tdarge
networks

A second contributiofrom this research is the apgdition of DLN to Fault Detection and
Diagnosis. The findings indicate tHaL cananalyze complex sound and vibration
signalsin testing ofautomotive starters to successfully detect and diagnose faults with
97.6% success rates. This proves thaN@anauomate enebf-line testingof starters

andreplace operators vamanuallylisten tosound signalso detect any deviatiotJse of



DLN in endof-line testing could leatb significanteconomiddenefits in manufacturing
operations.

In addition to startersnother applicatiowonsidereds the use oDLN in monitoring of
the StateOf-Charge (SOC) of batteries in electric cdrse use oDLN for improvingthe

SOC prediction accuraay discussed
Keywords:

Deep Learning, Fault Detection and Diagnosis, S\FSFYSF, EKF, REKF, RSVSF_MF,

REKF_MF, ModifiedSVSF, Battery SOC, Neural Networks
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Chapter 1: Introduction

1.1 Deep Learning Training

Deep Learning (DL) isa relatively new Atrtificial Intelligence (Al) algorithm thdtas
gained significant attention both acadera as well ain industry. The reason hatDL
networks have been able tmnsistentlyoutperform other Al algorithms acroagange of
applications,[1]. DL is a terminology that isisedto describe a wide range of Neural
Network architecturesA neuron (node) is the building cell for the network, the network
architecture is defining how these neurons are connected and interact with each other.
DeepLearning in its simplest form is a delsgedforwardneural network with multi layers.

In Figurel1-1, a simple one hidden layer neural network is shown. The output of each node
is described irFigure1-2 and Equatior(1-1), wheree is the activation function)  is

the weight connecting ¢ QXHQ to¢ ¢ Q& phQ ¢ is the layer number, amd  is

the bias (offset) fot ¢ Q& pHQ In neural networks, there are seveigbes of
activation functions, linear and nonlinear. As an example, the most commonly used
function is the sigmoid function, which iseskcribed in Equatiorf1-2). Feedforward
networks take their name from how the output is calculated from the input. The input is
first connected to the input layer atten each node in the subsequent layers uses Equation
(1-1) to calculate its output. To evaluate the performance of the neural network, a loss/cost
function is usedOne of the simplest loss functions is the Mean Square Error (MSE), which

is described ifequation(1-3).
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Figurel-1 One hidden layer Feedforward Neural Network
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Figure1-2 Output of a single node
There are different architectures for Deep Learning such as Deep Neural Network (DNN),
Convolutional Neural Network (CNN), Long Shot Term Memory (LSTM), Recurrent
Neural Network (RNN) and many othefhe main difference between Neural Network
(NN) and DLis the network size. Dls a terms usedto describedeeper networks with
larger number of layers and neurons. The concept cédérgedin at e 20006s an
20106s af t e-recognzadanachihe learninglcampetitions were won by DL
networks[1]. The key element that enablé practical application ddL was theuse of
theGr aphi cal Pr o c e foscompgtatidthnWherswag dz&olkded that a
GPU s suitable for fast parallel calculatisrsuch as required WL networks, the use
advanced the training speeds to a new level. This discovery allowed researchers and
enginees to explore much larger networks than what wasattt@evable without using
GPU. The data availability was the second key factor in this success. It wasrptione
after time that DL networks scale well with the size of the network and the amount of the

training data.This allowed research&to push their hardware to its limitby using

3
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increasinglylarge network architectures and largemouns of training data. The main
problem withDL lies in its training algorithmand its limitations related to:

1. computational complexity; and

2. the requirenent for largecomputationamemory.
These limitations became very clear quickly, as the training algorithms have to be efficient
and simple to scale efficientlp large networks. Industryesorted to traditional simple
methods such athe Stochastic Gradient Descent (SGIB)n overview of tle dfferent

training techniques is shown kigure1-3.

Families of Deep Learning
training algorithms

[ Estimation based ] [ Gradient-based } [Nongradient-based]

(SGD) (GD)
(CGD) (Mini-batch GD)

(Simulated annealing )

(Genetic Algorithm)

(Adam) (RMSprop) | (Rprop)

(AdaMax)
(Adadelta) (Adagrad)

(Random guess)

(Particle Swarm Optimization)

(SGD with momentum)

Figure1-3 different training algorithms familig®-7].

The problem with thegradient descertraining algorithms is the static learning rate;
meaning that the learning rate is constant over the whalangaperiod. This is not
optimal Generally speakingn the beginning of the trainirajarge learning rate is required

to achieve good transient performance, asthall learning ratés neededo fine tune the
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networkweightsat the end of the training\nother problem was guessing the right learning
rate before the training process starts. The risk with a wrong guess jeopardizes:

1. Selecting too small learning rate, wasting long time in the beginning of the
training, could be days or weeks for very larggworks with large amounts of
training data

2. Selecting too large learning rate, which will allow the network to capture the
training data features very quickly in the beginning but the final result will not be
adequate and the netwoskil not be able tacapture all the features in the training
data

Academic researchefrgavehad difficultiesusng dynamic learning rate algorithms that
depend on thddessian inDL due to their impractical computational complexity and
memory requirement#nstead, achoc algeithms that depend aime gradientvere found

that are based on the intuition of the learning process. An example of these algorithms is
Nestroveds Acc@BAX®agarithmon Gr adi ent

Besides second order algorithms, estimation methods failed to daidpation from small

NN to large DL networks due to the same reasons. In literature estimation based methods
such as the Extended Kalman Filter (EKF) and the Smooth Vaisihleture Variable
(SVSF)were appliedn small scale NNI8, 9]. EKF and SVSF proved to be very powerful

and outperforned all first order methods andwere competiive with second order
methods. However similar to second order methods, they suffered severe disadwantages
scaling to DL networks due to tinecomputational complexity and tindarge memory

requirements.
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This thesis revisits the applicationEBiKF and SVSF on DL networksy solving the scaling
problems.This researclalso enables these of other estimation methods in DL fiel@ihe
hypothesis in this research is scaling up the estimation based methods can #ance
ability to extract and learn more information and dees from the same amount of training
data in less timeompared with the traditional gradient based methods

One of the critical characteristics in DL training algorithms is the amotirityper
parameters fineuning requirel by the training algorithm. The less the amount of fine
tuning without addingextra complexity the morepractical the algorithm would be in
industry. Therefore a comparativeanalysis is conducted this researcto study the fine
tuning effort required for all theewtraining algorithms in this thesis.

The repetitive nature of DL trainingas found to be a key factor in simplifying one of the
proposedalgorithms, namely callethe ReducedSVSF (RSVSF). This simplification
allowed for cutting the training time by onleird while retaining the same success rate
performance. The significance of this simplification inspifedher investigation of the
impact of such modificatianon the SVSF performance outside the Neural Netviorks
scopeof application The investigatiomesulted in a new filter calletthe Modified-SVSF.
The filterd stability is studied and the its performance is compared with SVSF using the

ElectroHydraulic Actuator (EHA) 10, 11].

1.2 Fault Detection and Diagnosis
The second contributidn this thesigs the adaptation of DL networks as a Fault Detection
and Diagnosis (FDD) algorithrrault Detection and DiagnogiBDD) systems arsubject

to ongoing research due to their significant economic valleey providedirect cost
6
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saving by avoidingdisruptions due toatastrophic failures, @an providendirect benefits

such agnhancing the reputation of a brand by making product more reljagje|n the
automotive sector, starteugpliers still use operators ligstento starters undeendof-line
testing todetectfaults andisolate the ones that do not sound healiitys is very cosy

and subject to the operafsrskill and abilityto hear differencein the starter noisé=DD
system can automate this process aubtantivelyreduce cost and improve the reliability

of endof-line testing.FDD systems argenerally categorizeihto signatbased or model
based systen{43-15]. Automotive electromechanical components such as s)ctarters

and alternators are relatively cplex machines, and therefore buildiagmathematical
model that can predict accurately their vibration and sound characteristics is difficult. For
this case, signdtased FDD systems arpreferred for such machinesDD in
electromechanical components can be done using different measurements, aucérds:
voltage, torque, speedtemperature,sound and vibration. Sound and vibration
measurements are very unique compared to the other measuretheptserve two
purposesl) confirm that the sound and vibration emissions are falling within the required
limits, and therefore not producing annoyaignormalnoise or vibratia, and 2) confirm

there are no mechanicat electrical problems in the componeMiost ofthe mechanical

and electrical problems would appear as a change in the sound and vibration characteristics
of the componenAssembly defects such as bearing problems can result in annoying sound
and vibration without changing other performance paramstabi as speed or torque.
Despite themportanceof sound and vibration measuremeiit®y are not commonlysed

in industry because of the complexities associated with their procesalhgvailable
7
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analysis methods for sound and vibration result in cwaugd charts that requires a trained
engineer or technician to look at them to decide if tlxeeany faults Operators would
detect faulty partby comparingbaselinecharts with the ones from a healthy part. This is
a tedious job that takes time andjuees trained personnello avoid such complexities,
often simple thresholdsat rely on the overall magnitude of signate used when dealing
with sound and vibratiomeasurement$iowever threshold based FDD strategies ao¢
efficienty capableas many faults do not necessarily increasetegalllevel of the noise

or the vibration. Some faults attenuatenbeselevel only within a specific frequency band
or temporal range. Oftefaults do not change the level of the noise or vibratiorchahge
their characteristicsone such example is th®oken barfault in induction motors as
discussedn [16]. For such problemsecenly developed FDDsystems use wavelets and
Principle Components Analysis (PCAlch as used in the recently propossdustrial
Extended MultiScale Pinciple Components Analysis (IEMSPCA) if17]. Another
challenge in FDD systems residesktracting andombining the information that exsst

in different sensors. When a faattcurs usually different microphones and accelerometers
capturet as a difference in sound and vibration characteristics. Combining the information
collected from the different sensors can strengthen the FDD <Sysbifity to detect faults.

In literatures, there are two types of analyses for analyzing severalrereasis, Multi
Variate and MultiVariable. The latter, MultVariable analysis, studies measurements from
each sensor independently. On the other hand, Maliate Analysis combines the

information from all the measurements and hence, it is better f@ &pbplications.
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Therefore any competitivEDD systemto replace operators in industry has to have the
following feature:

1. able toextract meaningful information about faults from measured signals from

multiple sensors;

2. able tocombireinformation from muliple sensors into one conclusion; and

3. use the characteristics of fasiodiagnose and quantify the condition.
Deep Learning have been used extensively in classification tasks such as in speech and
image recognition. However it is ngét well studiedin other applications such as FDD.
This thesis explorests application tothe FDD field using sound and vibration
measurements from a manufacturing environmést.far as automotive starters are
concerned, a DL based FDD system that produces adequatemaeréer can be used to
replace operators who | isten tTheFBPDsystemer s 0

would havehigher repeatability and much lower opengttost than operators.

1.3 Battery SOC Level Estimation Using Neural Networks

Deep Learningpplicationfor batteries Stat®©f-Charge (SOC) ialsostudied. In literature
Neural Networks is used to estimate bat®@OC. HoweveNeural Networksisuallyresult

in inaccurate noisy estimates as showikrigure 1-4 [18], therefore the Neural Network
estimationis usually followed by an enhancement stagygh as post application of the

EKF or theUnscented Kalman Filter (UKREs shown irFigure1-5[18-20].
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Figurel-5 depictsan example of filtering NN SOC prediction ngiUnscented Kalman Filter
(UKF) [18]

There is a tremendous demafoit optimizing SOC estimatiom: 1) Hybrid Electric
Vehicles (HE\%), 2) Plugin Hybrid Electric Vehicles (PHES), and 3) Battery Electric
Vehicles (BE\%). Batteries are the core of electric vehicles and one of the most complex
systems to monitor. With the development of different battery dteeg SOC levels for
some types are very hard @stimate. This is verimportant aghe SOC levetranslates

into the remaining mileagengefor the vehicle. Not knowing the remaining available

mileagerange isinconvenientand introduces what is callems therange anxietyIn
10
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literature there areseveral battery models suchlgsEquivalent CircuiBased Models, 2)
ElectrochemicaBased Models, and 3) Behavioral Battery Modé@$. The purpose of
these modalis for accuratelypredicing the SOCand StateOf-Health (SOH)f batteries
Due to noise irthe predictionof theSOC predictionNN is not the favoredhoicefor SOC
estimation in industryChapter6 of this thesigdiscusses how NN SOC prediction can be

improved by usin@ppropriatdraining data.

1.4 Research Contribution and Novelty

This thesigresens three hypothesis that are discutsbelow in details and followed by

list of contributions.

1.4.1 Hypotheses

1.4.1.1 Hypothesidl: New estimation basedaining methods shall be able to outperform
the current statef-the-art DeeplLearninggradientbasedraining techniques.

- Estimation methods and SVSF in particidagebelieved to be able to be deployed
as a Deejbearning optimization tool that can outperform other optimization
methods for the following reasons:

1- SVSF is robust against modeling uncertainties as/shin[22]

2- SVSF benefits from the filtering feature inherent in mobebkedestimation
methods and suppreswise in training samples that can hinder the training

performance

11
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3- Estimation methods aradaptive and therefore they can adequately update the
learning rate of the network in an adaptiwannetthat allows for maximum training
performance.

4- The research ifi8, 23] show that SVSF an8KF have a very high potentiah
outperforming other optimization methodslowever, thar main problem igheir
computational complexity whestalingup to bigger network

1.4.1.2 Hypothesi®: Deep Learning based Fault Detection and Diagnosis shall be able
to outperform the current stat#d-the-art FDD systems.
Deep learning is believeth be able to be deployed as a Fault Detection and
Diagnosis tool that can outperform other FDD systems for the following reasons:

1. Itis a signal based algorithm

2. It does not require reading complex charts

3. Deep Learning is a relatively new algorithm andthe last few yearsit has
outperformedbther Al strategies when applieddomplexproblemssuch asn:

I. image recognitiofl]; and

ii. speech recognitiof24, 25|
These exampleshow the potentiabf Deep Learning in extracting information
from large amount of data

4. Deep Learning has shown robustness against signal noise in both speech and image

recognition

12
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1.4.1.3 Hypothesis3: Deep Learning networks shall be able to predict batteries -&ate
Charge (SOC) levels very accurately if they preperly trained
Deep learning is very suitable to the application of SSnationdue to several
reasonsncluding
1. Deep Learning excelin complexclassificationtaskssuchas image and
speech recognition, which are much more complex in nature than
predicting the SOC levels of batteries.

- Deep Learning hgserformedwell in regression tasks, asdbsequently beingsed
heavily in finane [26, 27]. SOC level prediction is a regression problem and is
comparativelysimple as ituses fewver inputparametergésuch as battery voltage and
curreny.

1.4.2 Contributions

The above mentioned hypotheses were the main driving force for this work and several
primary and secondary contributions resulted from researching the arfewehese
hypaheses. The following sections summarize the primary and the segoodtributions

and they are summarizedkigure 1-6.

13
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Contributions

Deep Learning

Theory Application

methods

Innovating Estimation based _

One filter per network Two filters per layer

Figure1-6 Research Contribution Flowchart
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1.4.2.1 Primary Contributions

The main contributions are as follows:

1.

Developeda new categoryof optimization techniques for Deep Learnimgferred
to Reduced Extended Kalman Filter (REKF), Reduced Smooth Variable Extended
Filter (REKF), REKF_MultiFilter (REKF_MF) and RSVSF_MultiFilter
(RSVSF_MF)(chaptes 2 and3).
The above mentionedew filters were mplemented both on CPU and GPU
platforms(chaptes 2 and3).
Evaluated the performancé RSVSFand REKF(chapter 2) Theyproved to be
superior tostate-of-art trainingalgorithms in terms of:

a. transient performance

b. steady state performance

o

requiredmemory and

d. computational complexity
Conducted @omparativesensitivity analysis foRSVSE REKFRSVSF_MF and
REKF_MFagainst their tuning parametdchapter 3)
Developed a newstate estimation filter called Modifie8VSF that isnfluencedby
the high performance of RSVSF. This filter adds a new dimension to the original
SVSF filter(chapter 4)Associated wittthis contributionverethe following:

a. aproof of stability for the Modifiee5SVSF and

b. performance compeonwith the original form othe SVSF filter.

15
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6. Developed a Deep Learning based FDD system that is able to analyze sound and
vibration measurementslhe performance of this system in evaluated using
measuremestfor starters from production environmsthapter 5)

7. Developed a Neural Network system that is dblestimate accurately the SOC
levels of batteriedNetwork training was found to be the kelgment determining
the predicton accuratelyfor SOC levelgchapter 6)In the training the following
arethe mostimportant factors:

a. providing the network with the correct inpt®ltage and currepaind their
history to capture the transient effeahd
b. including transienbatterybehavior in theurrent profilethat is used to train
the network.
1.4.2.2 Secondary Contriltions
Further contributions from the research are as following:

1. Conducted a benchmark stufty commonlyused DLtraining algorithms and
compared their performanteestimation based methods training algorithms using
benchmarking datassfchapter 2)

2. Comparel theproposedew filters withstate-of-art algorithms A benchmark study
was conducted usindifferent standard benchmark probleran a large network
scale(chapter 2)

3. Conducted @&enchmark study to compare the performance of both DL network

architectures, Convolution Neural NetworkSNN) and Deep Neural Networks

16
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(DNN) in analyzing faults in starters using their sound and vibration characteristics
(chapter 5)

4. Studied the imporaince of combining different sensor types to accurately capture
different faults. Fault detection algorithms were tested using soungdwvimigtion

only, and bothmeasurements (chapter. 5)

1.5 Organization of the thesis

This thesis presents a combinatioranélytical and experimental research used to propose
advancements in Deep Learning algorithms and Deep Learning applications. The thesis is
organized as follows

Chapter 2 introduces two novel Deep learning training algorithiitee chapter povides a
literature reviewon Deep Learning training algorithnamdintroduceglifferent benchmark
problens that are used later for comparative performareealuaions of the proposed
training methods. The newstimation based traininglgorithms (hnamely REKF and
RSVSH arediscussednd thé stabilityis studiedThe new algorithms are comparediw

the stateof-art algorithms both on small and large scale networks using CPU and GPU
respectively.

Chapter 3 proposeswo new algorithms based on REKF and RSVSF. The new algorithms
deploy two filters per network layer instead of having one filter that trains the whole
network. The new algorithms are calkb@ Reduced Extended Kalman Filter_Multi Filter
(REKF_MPF and the Reduced Smooth Variable Struction Filter_Multi Filter

(RSVSF_MB.

17
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A sensitivity analysis is conducted for the four algorithms and the most important tuning
parameters ar@lentified A comparisonof the algorithmss presentedhat provides a
guidelinefor determiningwhich algorithm is more suitable under which circumstances.
Chapter 4 introduces anew general estimation method called Mod{®&dSF based on
RSVSE This new filter expands SVSF tuning parameters to three dimensions instead of
two. Thisalows for better finetuning of the filter for betterperformance. The stability of

the new filter is studiedsomplemented by mathematical proofThe performance of this

filter is evaluated and compared with the original SVSF filter. In this evalutigdBlectre
Hydraulic Actuator (EHAJ 10, 11] is usedThe stabilityof the new filter is experimentally
compared with the theoretical stability and was shown to match.

Chapter 5 proposes the use of Deep Learning as a Fault Detection and Diagnosis (FDD)
algorithm. In this chapter two DL architectures weraided, Convolutional Neural
Networks (CNN) and Deep Neural Networks (DNNWhey were tested usirgpund and
vibrationmeasurementsom automotive starters. The measurements were acquired using
anendof-line teserfrom a production environment. €mesuls show the ability of th®L

to accurately detect and diagnose faults even with the existence of backgroundhnoise.
this study different variations of inputs were tested, using sound measurements only, using
vibration measurements only or using both sugeaments. The purpose of these studies is
to 1) find the optimum network architecture and type of sertsoarapture faults 2) show
Deep Learning ability to combine information from different sensors to achieve higher

fault detection and diagnosis pearfeance.

18
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Chapter 6 introducesa novel training methodor neural networks thatare used for
estimatingBatteriesStateOf Charge(SOC) levelsThis training methoanakes usef the
history of the voltage and the curreitthe batteries during operatidm. this method, the
current profile includeglifferent cycles that use constant current segments as well as
normally distributed curremtrofileswith shifted mean to have a complete charge/discharge
cycles. This current profile assures that the networktieduced to the transient behavior

of batteries across different SOC levels thiotlge training phase. This exposure to battery
transient behavioiin the training phaseimproves significantly the SOC prediction
performance.

Chapter 7 provides the majoconclusions and theecommendations future research.
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Abstract

DeeplLearning has become a leading strategy for artificial intelligence and is being applied
in many fields due to its excellent performance that has surpagseh cognitive abilities

in a number otlassification and control problers 2]. However, the training process of
DeeplLearning is usuallyslow and requireshigh-performancecomputing, capablefo
handling large datasets. The optimization of the training method can improve the learning
rate of the Deejhearning networks and result in a higher performance while using the
same number of training epochs (cycles). This paper considers the use afi@stineory

for training of large neural networks and in particular Deeprning networks. Two
estimation strategies namely the Extended Kalman Filter (EKF) and the Smooth Variable

Structure Filter (SVSF) have been revised (subsequently referred to/&-R8d REKF)
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and used for network training. They are applied to several benchmark datasets and

comparatively evaluated.

Keywords
Kalmanfilter, smooth variable structurefilter, DeepLearning, neural networks, REKF,

RSVSE

2.1 Introduction
DeeplLearning(DL) is being increasingly used in academic and industrial applications. DL
isbasedonself ear ni ng which means that the networ
the training process. The quality of the acquired knowledge through the training process
depends on many factors. The most important ones are:

1) the complexity and the quantity of the training data;

2) the architecture of the DL network; and

3) the training algorithm.
For DL networks, fast and efficient training algorithms are required to maximize
information extraction in the least amount of time. Training algorithms are evaluated
mainly based on their (1) convergergmeedand (2) generalization performance that is
how the algorithm generalizes across different architectures and datasets. Any
improvemaet in convergence speed is critical, as it can shorten the training time and enable
the network to achieve results that are more accurate. The reduction in the training time can

be significant. Thereforarainingalgorithms of DL networks is an open resgatopic.
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Early research on DL using a Feedforward Mlaljier Perceptron was introduced 836].

DL attracted attention starting in |l ate 201
competitions in pattern recognitigi@-9]. In [9], a detailed review of DL history can be
found. There areifferent DL structural architectures with eaekcdling in a different
application.Generally, he increasedumber of layers or depth allows for capturhigh-

level features fromlow-levelraw featuregesulting in better clustering, regression, and
classificationperformanceFor example, i10, 11], it is shown that DL achieves the same
performance as shallow NNs and kernel methled#ever DL needs only about orenth

of the units to achieve that performance[ 18], a discussiownf the theoretical advantages

of deep architectures can be found; however, these improvements cooostal he first
problem is the increase of the computational complexity antbter training speed due

to the extensive calculation steps in each training cycle, particularly, for a large number of
tunable parameters. Any minor added computation accumulates quickly over the number
of parameters and increases the total computatimndrastically.The second problem in

DL is the memory limitation. The memory requirement limits (1) the number of input
samples that can be processedoaralle] and (2) the calculations and the number of
network parameters. For the first issue, riigiches are used. Memory limitation is
restrictive to the implementation of the training algorithms as they need to be memory
efficient. These challenges are among the reasonsDthgetworks despite their history

were not able to practically achieve broa@amingful and remarkable results due to
computational constraints until modern hardware components and optimized codes are

used[9, 13, 14]. The significant increas@e the number of network parameters created a
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motivation for simple, fast and memory efficient training algorithms to speed up the
training process. Therefore algorithms such as AflHsh RMSprop[16] and Adadelta

[17] and other techniques became very competitive.

In literature, two state estimation strategies, namely, the Extended Kalman Filter (EKF)
[18-20], and the Smooth Variable Structure Filter (SVEH) 22] were applied on Neural
Networks (NN) as training algorithms. Using estimation methods such as EKF and SVSF
for NN training is awell-suitedapplication for these algorithms as the training involves
using empirical data that is noisy. However, EKF and SVSF have been used only in the
training of shallow NN structures. They have not to date been scaled up to larger DL
structures. This paper considers proposing two new training algorithms derived from EKF
and SVSF for therainingof DL networks.

In Sectior2.20f this paper, a review of network training strategietidingtheapplication

of the EKFandthe SVSF concepts folNN training is presentedAfterward, two new
algorithms based on the EKdad the SVSF are proposedSection2.3. The performance
evaluation of the proposed algorithms is presented in Sez#iand concerns three case
studies. The first case compares between adaptiveofist algorithms to select a
representative of this family for the tests in the thirdecase second case shows the
advantage of the proposed revised algorithms over their original forms of EKF and SVSF,
and the third case evaluates the generalization of the optimization performance of the
proposed algorithms on largeale networks acrossfferent datasets and architectures.

Section2.5is the conclusion.
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2.2 Deep Learning and Neural Networks training methods

2.2.1 Deep Neural Networks trainng methods
In DeepLearning, there are different training methods that minimize the network error
iteratively. The training methods can be categorized as:

1 ogradientbasednethods, and

1 nongradient methods
Most Neural Networks (NN) are trained using &k Propagation (BP) conce[®3],
with an optimization algorithms such as the Gradient Descent or one of its vi2ints
Gradientbased methods provide guided optimization, direction and magnitude wise. They
are relatively fast and can be calcathtn a parallel manner. In this sectigradientbased
methods are presented. In the secondgradient basedategorythe gradient is not used.
Examples of these methods includg@mdomguess, evolutionary and genetic algorithms.
These are not reviewddere. In[24], a review ofdifferent gradientbasedmethods is
provided. The following table provides a brief summary of the most common gradient
based methods and their governing equations for updating network weights. The

nomenclature is provided in
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AppendixA and as follows.

Table2-I Current training optimization algorithms for DL

Training algorithms Equation
Batch Gradient Dent e
6:Qp 0:TQ - T Oi 1 véhdiw (2-4)
(GD) h h 10
Stochastic @dientDescent e
o s T Oi it ho (2-5)
(SGD) OR P DR 10,
Mini-batchGradient L Lo
0 5 0 T Ol it hoo (2-6)
Descent O PO - Moy
D vy s 0 . O
Mini-batchGD with o o - QUiEw w (2-7)
1oy
momentum
0:Qp Vi@ D (2-8)
D DI FAERY \ . O . O
Mini-batchGD with o o - LQUtelru me mw (2-9)
Tox
Nesterov acceleration
b, Qp 0pQ O (210
! ‘o - T Oilidiv M m° (2-11)
Regularised Update Desce 10
0, Qp 0y O (219
. - o1 1ubh°  ho° X
0y Q p 0;7Q T (213
Op T 10
Adagrad
O T Ol ihw® hmo° (2-14)
0 g
o e YOO (2-15)
Ly Q p 0y Q Yo Q
Adadelta YO YO '0 Y0 i (2-16)
o0 FoYo o 1 Yo (2-17)
2-18
YO "Q oQ i ( )
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0"Q roQ p I Q (2-19)
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The first three optimization methods Trable 2-1 are commonly used. Batch Gradient

Descent (GD) uses the whole training dataset in each update to modify tigswei
Wherev ; is the weight connecting ¢ ‘QQhQto ¢ ¢ Q&  pHQ and¢ is the layer

number. Node bias is modeled as a weight for an input of-oisethe learning rate, and

the partial derivative is calculated using theichale. Stochastic Gradient Desc®GD)

26



Ph.D Thesis Mahmoud Ismail McMaster University Mechanical Engineering.

uses only one training sample (whéres the sample indgxMini-batch GD is a mix of
GD and SGD methods. In each update, it uses a subset of the training dataset to modify the
network weights. IfEquation(2-6), rj is the index of the first sample in the batch anid
the batch sizeMini-batch GD is the most commonly used training algorithm amadhgst
three methods due to the following reasons:
1) ltis faster thantschastic gradient desceshiie to utilizing parallel computation.
2) It allows for processing very large datasets by breaking them down into smaller
mini-batches
Although the three previous methods are widely used and provide simple and efficient
training algorithms for DL, they suffer from the following challenf@4:
1) —is aconstant value and does not adapt to the training phase for optimizing learning
speed
2) —is chosen before the training starts, introducing an ambiguity on selecting a proper
value.
3) All parameters are updated with the same learning rate. This is not an optimal
situation, especially with high sparsity in the training dataset.
4) When GD methodsra trapped around saddle points, they struggle to e$28pe
To address some of these problems, the momentumuas introducedy [26]. The
momentum term gains inertia in the doant direction of the optimization which increases
the learning sped@7]. The updates in the muldatch form with momentum are governed
by Equations(2-7) and(2-8). Nestero\ 28] modified the momenturalgorithmsuch that

the update on the velocity is more controlled. The main difference is that the gradient
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correction is calculated using [ 0 instead of 0 . This modification allows faster
global convergence) — instead o) - inthe GD algoriom in certain conditionf28,

29]. In [30Q], the authors propose a further modification (which is describ&djirations

(2-11), (2-12)) and the algorithm is calldflegularzed Gradient Descenthe modification

again is in thegradient correctiomsing 0 0 instead of 0 [ U compared to

Ne st r ov Wiestesiecham MNIST benchmark dataset, this algorithm was able to
compete with Nestroveds Acceleration Gradi
In order to introduce individual adaptive learning rates for each netpaydmeterthe
Adagradmethodwas proposed if32. In Equation(2-13), individual learning rees for the

individual weights are scaled byOy 7 , wherg is a small value for division stability

to avoid division by zerd24]. In Equation(2-14), 'Oy is a dagonal matrix with its
diagonal elements being a sum of the square of the weiyhtligntsdrom the start of the
training process to timeéQ. "Oy, is defined as a diagonal matrix to allow the square root
calculation inEquation(2-13) in a feasible time. Adagrad was extended to Adade[th7in

by Zeiler. The concept is to have a running average window of the weighdigntsj24].
Adadelta has strong advantages such as requiring no manual setting of a learning rate and
insensitivity to hypeiparameter§l7]. A similar concept was used|ih6] for an algorithm

called RMSprop. The adaptive learning rate is scaled by a running average window that

2 The MNIST database (Modified National Institute of Standards and Technology database) is a large
database of handwritten digits that is commonly used for training various ifpageessing system81]
L. Deng, "The MNIST database of handwritten digit images for machine learning research [best of
the web],"IEEE Signal Processing Magaziog, 29, pp. 144142, 2012.
28



Ph.D Thesis Mahmoud Ismail McMaster University Mechanical Engineering.

uses the square of the gradients with forgetting fagtoas shown ifEquationg2-21) and

(2-22. Adam[15] is another adaptive method that is dependent on the moving windows of
the first and second moments, the mean value and the variance, respectively. The values of
the moving windows are scaled iy T to fix the bias of the estimate of the moments

in Equations(2-25) and (2-26). Adam has nice and smooth convergence curves and less
bouncy behavior taRMSprop and other methods. An extension to Adam was introduced
in the same pap¢t5] and called AdaMax. It was found that generalizing the second norm
0 to then norm 0 in the update rule can lead to some numerical instabijli5j.
However, a simple and stable algoritharises in the special case whgf H. The
algorithm is defined ifEquations (2-28), (2-29), and(2-30).

Another family of optimizers is called Conjugate Gradient Descent (CGD). CGD and its
extensiong33-41] reduce the error by first finding the steepest direction of the error
reduction on the error curves, and therding the optimal step size in that direction by
performing a line search. The difference between different methods in this family is mainly
in the formula that defines the direction of the update. The authptg|ishowed that they

can work in amini-batch fashion similar to SGD, and can outperform SGD in many
problems.

All of the abovementioned techniques depend on the first gradient of the loss function with
respect to the network parameters. However, in the early days of NN, researchers found
that it is possible to improve the learning rates and achieve better resulteimefevehs
using the second order information by computing the Hessian matrix or its approximation.

With the emerge of DL most of these methods were disregarded due to 1) the very high
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computational requirements for computing the Hessian matrix or its>apyion, and
performing matrix inversion and 2) the ver:"
is the standard optimization algorithm in the familyse€ondorderoptimization methods

and it uses the Hessian matrix. Qudswton (or secant) methodsefound to avoid the
complexity of calculating the Hessian matrix by approximating it with different methods
such as finite difference. One of the best QiNsivton methods ithe BroydeinFletcher
Goldfarli Shanno(BFGS) QuasiNewton[43, 44]. In [42], L-BFGS is a limited memory
version of BFGS and it was applied using rbaiches and was compared with SGD and
CGD. While it performed better than SGD, the authors recommended using CGD for larger
problems. Another method that approximates thedihn matrix is &venbergMarquardt

[45], which is applied to the NN i6]. LevenbergMarquardtis considered as one of the
fastest methods to converge for spsalaleNN problems. This method avoids the complex
Hessian matrix calculations by calculating an approximabased on the Jacobian
matrix O 0 0. These methods that approximate the Hessian matrix still inherit the
memory problem as for a8 1N ®i & @ewvidik they required €  memory for
storagg44). In [47] a diagonal approximation of the Hessian is proposed. The calculation
of this approximation requires an additional forward iteration and backward calculation of
its correspondhig gradient. 1{48], the author proposesfast optimization method that is
Hessian free. This method is basedtamcatedNewtonthat was proposed 9. In
AHessian freed method, i nformation about
difference. Then, a damped function of the second order infamm& defined and

minimized using CG.
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Another attempt to capture the second order information isloomging theFishermatrix.
In Natural Gradient Descent (NGD) the inveFsghermatrix is used to scale the step size

[50, 51]. This is shown irEquation(2-31), whereOis the Fisher matrix.

~ ~ .O\ vt O m)O _
6.0 p 0,0 - o 21ED (2-31)
f f .
h

Fisher matrix under certain conditions is equivalent to the Hessian. Amongst these
conditions are that the loss function is ustngssentropy(log probability loss) as well as

that the model is correct amwdrrespondto the true distributiop51]. In practice, the true
distribution model is not known and hertte only known distribution is captured from

the training samplelb2]. Although close to the truestribution, the observational Fisher
matrix is not exactly equivalent to the trdistribution Fisher matrix. There are different
ways to estimate the observational Fisher matrix as highlight¢81jn However the
estimates of Fisher matrix give a goodication of the gradient descent direction, they
inherit the same problem of Hessian based algorithms of inverting a large matrix. Therefore
[52] highlighted that NGD algorithms have poor scaling cafisgslas they have the same

size of a Hessian matrix. In multiple puations, it vas shown that Fisher matrix can be
factorized to have a close approximation that can be inverted with much less computational
power[51-54]. It was found that block diagonal representation of the Fisher matrix usually
yields good results. This block diagonal approximation of Fisher matrix was evailuated
[51, 52]. Thereasoning behind this is explained &b] as the Hessian with cressitropy

loss converges to a block diagonal matrix. These blocks represent the weights that connect

either to a hidden or tan output unit. The extreme of Fisher matrix simplification is the
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first-order version, where Fisher matrix is approximated to a delgoatix by ignoring

the covariance between weights.

Many of the discussefirst-ordertechniques depend on the momentum. The concept of
using the momentum idriven by the second order techniques, where the optimization
algorithm is able to measure the rate of change of the gradient. For this reason, the methods
that use momentum calculadi, in one fashion or another, are superior to those that do not
incorporate any information about how the gradient is changing.

One of the adaptive firgirder algorithms that stands out is Adam for its favorable

characteristics such as:

=

Adaptive learningates,

i Fast convergence,

1 Smooth learning,

1 Relatively simple calculation requirements,

1 Less need for parameters fine tuning, and

1 Using the first two moments (mean and variance) to optimize the learning speed.
These characteristics amongst many othershar@eason why Adam became commonly

adopted for DL networks training.
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2.2.2 Extended Kalman Filter and Smooth Variable Structure Filter in Neural
Network Training

The Extended Kalman Filter (EKF) and the Smooth Variable Structure Filter (SVSF) are

powerful nonlinear estimators. They form the basis of the proposed algorithms. In this

section a review of their application to Neural Network training is provided.

2.2.2.1 Extended Kalman Filter

The Extended Kalman filter (EKF) is an extension of the Kalman filter fotimesar

systemg56, 57]. A typical nortlinear system can be described byuations(2-32) and

(2-33). In these equations,0%’, TG “ave the process and measurement @ois

respectively.

i 0 R 0 (2:32)
a Qi 0 (2-33
In Equation(2-32), i is a vector of the system statemd™ Qi o IS a nonlinear

function of the states and the ingut . In Equation(2-33), & is thesystemoutput, and

"Qi is a nonlinear output function.

EKF has a predictecorrector form.First, the state estimates, their corresponding
covariance matrix, and measurements are predicted by using the model of the system as

given byEquationg2-34), (2-35), and(2-36).

i Qi (2-:34)

5 »n 5 " o 2_3
0 ¢ o0 ¢ O 0 (2-39)

3In these noise termssuperscript £ ¢ "Qis @sed tadifferentiate them from the weights0 in all previous equations.
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Qi (2:36)

where,0 s the covariance of the process noise™@nd is the jacobian oXwith respect

to i Has shown below ifEquation(2-42). Then the update step refines the estimates by
applying a corrective term that is a function of the error between the measured and the
estimated outputs. This error term is multiplied byamngeferred to as the Kalman gain.

The estimation process is implemented by the following equations:

o 4 237
v 06, 0 (239)
o 5. O (239)
i W 0 (2-40)
0, ©O 00U, (241)

where'Y is the covariance of the measurement noise’@nid the linearization around

the estimate as follows.

"O . (2-42)

(2-43)

TQ
o -
!

Uy

The application of EKF to the training of NN was first introduceld8). Many researchers
have subsequently applied the EKF on Feedforward Neural Network (ARNBO, 59| as
well as RecurrentNeural Network (RNN) architectur¢g0, 61].

To formulate a Feedforward Neural Network (FNN) problem in the formrafrdinear

system, so that EKF can be employed, the following stegtsken[19, 20, 59]:
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1) The network weights are defined as the-finaar system statesHquation(2-44)).
2) The network output is treated as the system oufpgudtion(2-45)).
3) Inputs are diéned as the training data sampl&sjgation(2-46)).

4) The linearized model is defined as an Identity matigquation(2-47)).

0
1 é (2-44)
0 h
QiHy @ (249
o) ©wQ p (2-46)
0 O (2-47)

Using this formulation, EKF outperforms almost all the other first and sewalet
methods. The speed of convergence of the EKF is much higher than other np28yods
howeverthe main issues are the calculation complexity and memory requirements. In EKF,
there isa matrix inverse operation, which has a high computational burden. The covariance
matrix is a large matrix¢ € and becomes more challenging for bigger problems as

concluded irf19]. These limitations make EKF suitable only for small size NNs.

2.2.2.2 Kalman Based Stochastic Gradient Descent

A recent method that tried to introduce the second order information using the Kdlenan fi
to the SGD method is called the Kalman Based Stochastic Gradient Descent (K3|GD)
This effort was done in order to solve two existing problems in current SGD asetli)
the lack of fast or justified stop condition, and (2) sensitivity to the objective furjé@bn

While kSGD was able to solve these probleinaas shown that kS has the same two
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major problems as applying EKF on NN training. kSGD has much higher computational
requirements than SGD methods as it requires FP operations compared with &
for SGD. Furthermorgehigh memory requirement of € compared withb ¢ for SGD

method

2.2.2.3 Smooth Variable Structure Filter

Smooth variable structure filter (SVSR)]] is based on Variable Structure Filter (VSF),
which is introduced if63]. The SVSF operates in a predietmrrector fghion similar to
the KF and the EKF. The SVSF hsisown to be advantageous in terms of stability and
robustness against modeling uncertainties and r@ike63]. These characteristics give
SVSF an advantage in applications where robustness and noise rejection are important
requirenents. SVSF can be applieddinear and nodinear systems. Versions of the SVSF
using a variable and optimal boundary layer are proposgaif6]. The SVSF has been
applied to different applications, such as trajectory tracking, detdtctionand diagnosis,
condition monitoring as well as NN trainirj@2, 66-69].

For nonlinear systems such as the one defineddqnationg2-32), and(2-33), theSVSF
formulation consists of a prediction step followed by an upsiae similar to the EKF.

The prediction step is defined as follows,
[ Hy QiH g (2-48)

(’;d_y Qi |_y (2-49

The update step is as follows,
. , . 2-50
W a Gy (2-50)
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b O W, BRI 2 wé*’ﬁ_ (2-51)
iR K0 (252
@_y "Q“'y (2-53)
(bs a od-y (2-54)

where 'O is the pseudoinverse 0D which is defined irEquation(2-43), | isthe a
posteriori error tuning factor, and is the smoothing boundary layer width. In
general,[ is a diagonal matrix and is a vector. The saturation function works as
presened in Equation (2-55) where the division is done elementwise. The operatois
elememwise (Schur) multiplication. The absolute values Hguation (2-51) are

elementwise absolute values of the error term.

, e Wg
1'p p Q0 p

@ L ra)

(O et ) s 2Q p s o (2-55)
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The linearizationtep for nonlinear systems is similar to the EKF. The output functitn

is linearized usingquation(2-43).

Ahmed was the first to introduce the use of the SVSRhetrainingof NN in [22]. This
application followed the same system representation specifiedumtions(2-44), (2-45),
(2-46), and(2-47). In[22], the performance of the SVSF in the training of NN was compared

with EKF, SGD and evenbergMarquardt algorithms on different benchmark datasets. All
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of the used networks were relatively small. The SVSF showed fast convergence and had

comparable results with EKF and Levenb#&tgrquardt.

2.2.2.4 Challenges of EKF and SVSF in DL
In literature EKF and SVSF are applietb NN problems[19, 22, 5§]. In general, the
conclusion of those publications is that EKF and SVSF have fast convergence rates
compared to other algorithms. However, this contradicts the fact EKF and &¥86t
commonly used in practice. Although the validation and training &leeson error rate
measures are important performance factors, they do not fully address the issue of
computational complexity and time.
Both the EKF and the SVSF as NN training optimization algorithms, require the calculation
of the Jacobian matrix acabng toEquationg2-43) and(2-45) for theoutput function E).
This is very complicated in the mibatch setting since the size of the network output
becomes very large, as below.
EO0AOPRQOEOIDEN DD

£ 66 ONORO61 0E DO ME QI (2-56)
0 Q¢ "QEX VDO

Consequently, iktquation(2-43), thegradient of each of " elements of network output

is evaluated with respect to all network parameters, resulting if'a 1 size matrix ( .

This is a very large computational requment compared to the firstder methods. In the
first-order methods the gradient of the scalar loss with respect to network parameters has

the size ofp 1
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Another computational challenge in applying the original forms of the EKF and the SVSF
to NN traning is the matrix inversion process. This challenge has many aspects:

1) computational complexity,

2) memory requirements, and

3) numerical stability.
There are a number of numerical matrix inversion routines, but none of them addresses all
three challenges ahe¢ same time: low computational complexity; low memory; and
numerical stability[70-73]. From acomputationalcomplexity point of view, larger
matrices are coputationally much more complex than smaller one&dunation(2-39) of
the EKF algorithm, inverting 3 , which has the size of " - " ,is a very complex
and memory demanding process. In SVF, is also of size- " 1 .Usually, ( is
not a fullrankmatrix, as many output nodes do not get affected by all the network weights.
Therefore,the Moore Penrose pseudoinverse often used to appximate the matrix
inverse, as inEquation (2-51). In [74-76], to avoid the numerical instability of
pseudoinverse calculation, a damping parameieis introduced, as follows:

O QwanQqQo 00 "0 (257)

Including this damping factor stabilizes the calculation. The tuningrofs important: a
very small value ofm does not damp the singularity in the matrix, and a high valu of
slows down the training because of the excessive damping.
Further to the memorsequiremenbf the matrix inversion the filter parameterare also
very large in sizeTable2-Il presents the size of theainparameters of EKF, SVSF, Adam,

and SGD. Firsbrder methods, such as Adam, require more memory for the variable
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learning rates than SGD, but still far less coregato the/ T in EKFand/ - " 1

for SVSF. In general, from memory requirement point of view,-breier methods (such

as SGD) are favored in practice over higher order or more complex methods (such as SVSF
and EKF). For a network witp 1T parameters, S requires about0(004 GB), Adam
requires about (0.016 GB) and only the error covariance in BKFequires (4000 GB) of
memory.

Table2-II MemoryRequirementomparison between EKF, SVSkdam and SGD

Parameter Size
EKF: Error Covariance matrix0 ¢ / T :1isthe size of network parameters
EKF: process noise covariance / T 1 isthe size of network parameters
EKF: measurement noise covariange /[ - " - ":- "definition is inEquation(2-56)
EKF: innovationcovariance 3 [
EKF: output gradient( [- 1
EKF: error U /-
SVSF: output gradien{ [
SVSF: priori error U /-
SVSF: posteriori errorU /-
SVSF:the smoothing factof [ -"
SVSF: posteriori error tuning factor /- -
Adam: learning rates I p
Adam:the moving window ofhefirst moment O I p 1
Adam:the moving window ofhe secondnoment | I p 1
Adam:first-momentwindow bias estimate I p 1
Adam: secondmomentwindow bias estimatel I p 1
SGD: single fixed learning rats /I p
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—

SGD: loss Gradient using MSE ! p

h

2.3 ReducedEKF and ReduceeSVSF

In this section modifications to the EKF and the SVSF implementation are proposed in
order to lowerthe memoryand computational power requirements for both of these
methods. The revised methods aeferred to as the RedueB&F (REKF) and Reduced
SVSF (RSVSF) for clarity. The modifications reduce both the epoch time and the

convergence performance of the respective estimators per one epoch.

2.3.1 ReducedEKF (REKF)

The REKF combines several modificatioon EKF altogether. These modifications, when
applied together, are able to achieve much better performance in terms of calculation time
and memory compared to the original form of the EKF. Sontaesfe modificationare
separately discussed in the lgire orNN scale but have never been combined or applied

on DL scale. Other new modifications are included in REKF as well. The modifications are
as follows:

- Mini-Batch: the concept of applying Miiiatch training scheme on EKW¥N
training algorithm has been discussed in many publications su¢h9a0].
Training using MiniBatches has always shown good properties in terms of parallel
computation that speeds up the total training process and epaigessingf large
datasets.

- Training with a scalar measure of errbising a scalameasure of error (such as

MSE) solves the Jacobian computation challenges discussed in 2e2tiba This
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step reduces the calculations and mgmeqguirement of the EKF by a magnitude
of/ - ", allowing it to be equal to the SGD gradient calculation requirements. In
other words, instead of using the error defineBguation(2-54), the error will be
defined as shown iBquation(2-58) for a single training sample/ is the number

of neurons in the output layer. Theagjis to have zero MSE error in the nonlinear

system. Other error or loss functions can be used swEtegorical crossntropy

W m a&im 0°YO® Qi YQQODT 0 WioQ® (258)

- EKF decoupling: the size of the covariance matrix in EKF introduces significant
computation and memory requirement as discusséti9n In [20, 77], reducing
the size of the&ovariance is investigated to reduce the requirements. This idea has
been promising as not all the network parameters are interrelated and affect the
same outputs. The concepsisilarto approximating th€ishermatrix in the NGD
algorithms to a block diagonal matrix as mentioned in se@i®i. Four versions
of EKF decoupling are shawin Figure 2-1. In the GlobalEKF, GEKF, the
covariance between every two parameters is calcu[@@d77]. In the Layer
DecoupledEKF, LDEKF, the decouplignis done layer by lay¢R0, 77]. The Node
DecoupledEKF, NDEKF, takes LDEKF one stefurther and applis the
decoupling on a per nod®sig 20, 77]. The FullyDecoupledEKF, FDEKEF, is the
most extreme version of decouplinghere no covariance between any two
parameters is calculat¢®0, 77]. This is the one that is used in the proposed REKF.

This method lowers the memory requirement flforh  to/ 1 ; howeve it loses
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the correlation between the network parameters. The net effect is found to be
favorable in REKF, as the reduction in computation time is more than the reduction
in convergence performance per epoch due to the loss of correlation information.
The covariancenatrix in FDEKF still allows REKF to adjust network parameters
with variable learning rates for individual weights.

- Reduction in noise matrices:1 2 are of 1 and/ -" -",
respectively. Assuming the same noise value in the training of all retwo
parameters, the noise value can be stored in a shared parameter and used in all the
weight updates. This will reduce both matrices to a scalar value with the size
of/ p.

REKEF algorithm steps are summarizedable2-111.

Table2-1ll REKF algorithm

Algorithm 1: REKEF, this proposed algorithm reduces EKF to a more memanyl calculation

efficient algorithm to be used for optimizing DL networks

Require: THI'T Hi "I "Hl
Require: 'l initial values
d
"EN € Initialize "Ematrix as a vector filled with initial value.
l
While© T 17 "HIH#1 T "Hi "
TN
# calculate the network loss
" i1 EQACH BT T T
# the system target is to achieve zero loss, hence the system error is
o; T7 707716 TTH THHD TR

é'; "|,l' T "”l‘"|
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= E g G
#perform the update step
o EiEg B
£ Ry EPS iy
bk €10
By € EvEp TRy
End while

Return’;

In the above equation® is a vector of the network parameters. In the state space system,
the statesre assigned to be the parameters of the netw@rkApplying all the above
mentioned modifications, matrix3 in Equation(2-39) becomes a scalar value that
eliminates the matrix inversion requirement with all its computational and memory
challenges but results in a losf optimality. In Equation(2-59) ( and O dimensions
mathematically arep( 1) and { 1) respectivelyOis a scalar value. However, because

0 is diagonal and( is a vector then to simplify the implementation this equation can be

expressed as shownHkguation(2-60) andO is stored in a vector.
Y 00, 0 | (259
Y "0 "QQ o s VAQ 6w i (260

As shown inTable2-1V, the memory requirement for REK$-very comparable to the first
order training algorithms and is less than a number of th€omnsidering the

aforementioned example (for p 1), REKF requirs about 0.008 GB only (around
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/ ¢ 1 .Thisis half of the memory capacity that Adam requires (around 1T and

much less than what EKF requires (more thah ).

Figure2-1 Covariance matrices of differeneéssions of EKH20]

Table2-IV Memory requirement for REKF

Parameter Size
REKF: Covariance matrix0 g /1
REKF: process noise covariance I p
REKF: measurement noise covarian2e I p
REKF:innovation covariance3 I p
REKF: output gradient( /1
REKF: error U I p

2.3.2 ReducedSVSF (RSVSF)
Similar to REKF, SVSF is implemented by simplifying SVEAN algorithm. SVSF is

tested on theNN scale in[22]; however, it has never been generalized for DL scale.
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Compared to EKF, SVSF hésvermemory requirements, since its algorithm in its original

form does noinclude any covariance matrix calculati®i]. However, the SVSF requires

one more forward computation in every epoch to calculate thesteriorierror. The

modifications on the SVSF toward RSVSF ardodlews.

Mini-Batch: the concept of applying a MiBatch training scheme on SV3MN
training algorithms is discussed[22]. This concept is used in RSVSF for its faster
computation time due to parallel computation.

Training with a scalar error: similar to REKF, reducing the error size to a scalar
value using a statistic measure such as MSEdunation (2-58), dramatically
reduces the computation. The size of the Jacobian matrix reduces from 1

to/ 1 , which is the same as the SGD gradient size.

Reduction of tuning factors if  size: similar to the noise matrices in REKF, if
both rff are assumed to have the sarakie for all network parameters, a shared
memory can be used that reduces them to a scalar size. This modification saves
/- - " in memory size.

A posteriori error computation elimination in case is zero: r is a tuning
parameter that is defined as r p. When r is zero, the a posteriori error
computation is not required anymore as it does not affect the result. AWith ,

the a posteriori error term in SVSF ga&tquation(2-51) is eliminated that saves
one forward computation. The gain equation, in this casghos/n inEquation

(2-61).
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- Addition of a learning rates similar to the firstorder methods: in some occasions,
it is preferred to take a larger step in weight modifications direction to learn faster.
The absence of the a posteriori term reduces thesstep Experimentally, the a
posteriori error has a value that is close to the a priori error (especially at later
epochs), therefore a new term called learning rate tgrrean be added to the a
priori term. This term provides the same effect without agl@din extra forward
computation to calculate the a posteriori error as shovwkqgumtion(2-62). The
definition of s to sustain the stability ip s ¢. The learning rates is
introduced irEquation(2-62), the RSVSF gain. The effect of addirgy to the gain
on the SVSF stability is discussed in Aspylix B.

- Last modification for RSVSF is the variable boundary layers wifith A decay
option is given to gickly reduce ¢ over iterations. This is useful as it accelerates
the learning in the beginning of the training phamegallowsfor usingtighter ¢
values forfine-tuning The difference between the dynamic and fixed boundary
layer width is visualizé in Figures 4 and 5. The RSVSF algorithm steps are
sumnarized inTable2-V. The algorithm uses the epoch number for the decaying
rate. If the training is operated in mibatch fashion then epoch number is replaced

with the batch number.
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Amplitude
Estimated state

Actual system state

/.-—‘ ,' Smoothing Boundary with decaying width of ()

- Initial value

Time

Figure2-2 Decaying boundary layer width

Amplitude

Estimated state

i Actual system state

Smoothing Boundary with width of (y)

Initial value

Time

Figure2-3 Fixedboundary layer width
Table2-V RSVSF algorithm

Algorithm 2: RSVSFthis proposed algorithm reduces SVSF to a more menaowy calculation

efficient algorithm to be used for optimizing DL networks

Require: h h I Hi SHFHAMHEHD T T "HHI
While? T 17 "HIH#1 T "Hi
TN
# calculate the network loss
" i1 T EQACH R N 1
# the system target is to achieve zero loss, hence the system error is
o T 706 TTH THHD LR

gy o T
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i "H'H'HHE "1 "I "H
P HO— e
End if
End while

Return’};

In the above equation® is a vector of the network parameters. In the state space system,
the statesre assigned to be the parameters of the netwOrkSimilar to the REKF,
applying these modifications eliminates the matrix inversion proceqs abecomes a
vector ancequation(2-57) becomes equivalent tequation(2-63) assuming thatm 1T,

as damping is not needed anymore for matrix inversion damigogation(2-63) is the
definition of pseudoinverse in the vector case. This form is similar to the othesrtiest
methods that tried to substitute the hessian matrix with the squared gradientthist i
cas, the normalization is donky the sum of the squares of the gradient elements that
smooths out the changes. Another difference from thedidgr methods is the use of the
saturation function of the SVSF Equation(2-62).

These modifications reduce the time and memory requirements significantly for RSVSF

compared to SVSF and allow RSVSF to be compete with theofilstr methods.
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W
WO @y BRI 2{ Hp62— QI m
0 , [ (2-61)
W
0 oy 2{ 62— QQr T
U [
: v @O
w0 —wg [ g 2l we—— QQr 1
0 [ (2-62)
0 -6y 2{ eo— QQr m
U [
0 O (2-63)
B 0

In Table2-VI, the memory requirements for RSVSF are shown. It can be noticed that they
are less than REKF by T and less than Adam dy ¢ T as shown irTable2-II.

Table2-VI Memory requirements for RSVSF

Parameter Size
SVSF: output gradien{ /1
SVSF:apriori error U g ! p
SVSF: posteriorerror U g I p
SVSF:the smoothing factof I p
SVSF:aposteriori error tuning factor I p

2.4 Experiments

In this section, a comparison betweadaptivefirst-order algorithms is performedor
choosng a representativdirst-order algorithm. Furthermore REKF and RSVSF are
compared to EKF and SVSF usitig Iris dataset. The reason for usithg Iris dataset is
thattheSVSF and the EKF cannot be practically usedmylarger datasetdue to all their

memoryand computationdimitations. Lastly, a set of experiments on different datasets
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and architectures are performed for comparing the REKF, the RSVSF and the above
mentioned representative fistder algorithm. The comparison of the algorithms and tests

are summarized imable2-XIV .

2.4.1 First-order algorithms experiment

This section considers finding the best fostler algorithm as a benchmark for its
comparison against the REKF and the RSVSF onrdiftedatasets and architectures. A
comparison between the adaptive learning rate algorithms, namely, Adam, Adamax,
Adagrad, Adadelta, and RMSprop is performed using the standard MNIST dathsat

DNN with two hidden layers (76B12-256-10) is used. The network used Relu as
activation function on the hidden layers and Softmax on the output layer. The test was
performed ten times tevaluate the variation across different runs as vegures 6 and7

show thefastconvergence rate and the low variance of Adam in this test.

Training set classification error in %
T T T T T T

x
W
\

Classification error in %

Figure2-4 Firstorder algorithms training set classification error in %
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RMSprop
Adagrad |
Adam 1
Adadelta 1

cross entropy loss
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Figure2-5 Firstorder algorithms training set categorical creasropy loss

It is important to highlight that the authors do not claim fkddm always performs better

than the other algorithms across all datasets and architedtiangsyver the results show

that in this case Adam demonstrates more favorable characteristics given its comparatively
faster and smoother convergence. Thereforay\ used as the benchmark algorithm for
comparison with estimation based methods in this paper.

Table2-VII Firstorder algorithms configurations

Optimizer Configuration

Adam r TS0, [ wwe mwny pAy

Adadelta r TouX p Ay
Adamax r T, 1 WWE TEITG
Adagrad s mhpy pAuy
RMSprop s min® pAyr ™™

2.4.2 lIris dataset experiment
EKF and SVSF cannot be applied to large networks using large datasets due to their
computational constraints. To enable a comparison of the original EKF and SVSF with the

proposed REKF and RSVF, This study ugessimple and standard Iris datasgtrtovide
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a feasible problem size for EKF and SV&pplication This experiment is performed t
compare the performanceREKF andRSVSF withtheir original forms of EKF and SVSF.

A simple one hidden layer with 10 units FNN is used. For 5000 epochs, EKF and SVSF
took two orders of magnitude more time than the REKF and RSM§#te2-6 shows the
training categorical crossntropy loss normalized to time and examined forfitts¢ 5.5
seconds (the full duration for the 5000 epochs for REKF, RSVSF). REKF and RSVSF show
fast convergence. The used configurations are showahte2-VIII .

Training set cross entropy

10°

RSVSF

REKF
Original SVSF
Original EKF

cross entropy loss

Time (s)
Figure2-6 REKF, RSVSFEKF, andSVSFcategorical crosentropy loss on Iris dataset
After the 5000 epochEKF and SVSF show great convergence (as sedlie2-XIV).

However because the processing time is very slow (~370 seconds compared with 5.5
seconds), the convergence rate per unit time is in favor of the proposed algoairthms.
Section 2.3 a hypothesis was made thREKF and RSVSF can improve the net
performance compared to their original forrRgure 2-6 confirms this hypothesis. This
improvement happens because the effect of faster epoch times masks the slight

performance reduction due to the second order information loss.
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Table2-VIll REKF, RSVSFEKF and SVSF configurations for Iris dataset experiment

Optimizer Configuration
REKF 1 ¢cAco vAe pmn
RSVSF r m¢ o,s p

Original EKF 1 ¢m0 v PNUNT

Original SVSF r 1 ¢ pAyY,s pdhw

2.4.3 Benchmark datasets

The results in the last section demonstrate the performance improveniRBKBfand
RSVSF over their original forms. This lays the basis for using REKF and RSVSF in larger
problems, where the usage of EKF and SVSF is infeasible. In this section, REKF and
RSVSF are compared with Adaon larger scale problenusing deep networks as opposed

to the shallow one used iBection2.4.2 In the firstorder algorithms experiment in
Section2.4.1, Adam showed smooth and fast convergence. Therefore, Adam is chosen to
represents firsbrder algorithms. In this experiment, a total of 9 experiments were
performed and each one is repeated with random initialization ten #weslatasets are
tested, namely MNIST [31], FashionMNIST [78], EMNIST[79], CIFAR10 and
CIFAR100[80]. Two architectures are tested, namely DNN and CNN. In this section,
training set charts are presented to show the fast convergence of the proposed algorithms.
2.4.3.1 MNIST Dataset

The dataset here is the standard benchi{ST datasef31] with 60,000 training
samples and 10,000 test samples. FOMNEST dataset, two tests were performed. Both

of them used DNN with three hidden layers with the size of 1024 units. The difference
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between the two tests is using the dropout techrigiie The purpose of these tests is to
show that REKF and RSVSF still maintain advantageover Adam even with the
existence of dropout. The configuration of RSVSF and REKF for the two tests are shown
in Table2-IX.

Table2-IX REKF and RSVSEonfigurations for MNIST dataset experiment

Optimizer Configuration
REKF 1 ¢cAo vAe pAo
RSVSF r S cAuys pw

Figure2-7 shows the training set classification error rate. It can be seen that RSVSF and
followed by REKF converged very quickly and consistently in the ten runs while Adam
experienced some variancer@ss different rungrigure 2-8 shows thecategorical cross
entropy loss on the training set. REKF and RSVSF still achieve less error at the end of the
training, hovever, REKF had some challenges converging between epoch 60 to epoch 140.
After epoch 140, REKF converged quickly and dropped below Adam. From variance
across different runs point of view, REKF and RSVSF still have better consistency. In a
classic papel81], Hintonet al.claimed that the test classification error rate benchmark of
a feedforward network on MNIST dataset befitr@r publication was 1.6% without:

1) Enhancing the training dataset

2) Using spatial knowledge by using Convolutional Neural Network (CNN)

3) Using generatie pretraining
Then, Hinton achieved 1.3% with 50% dropout in the hidden layers aredjularization

(improvement of 0.3%)RSVSF across the ten runs recorded an average of (1.34%) of
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validation classification error rate without dropout oregularizaion. This is a reduction

of (0.26%).Dropout is usually used to increase the test performance. Dropout layers were
added to the second test to examine its effect on the convergence of the optimization
algorithms. RSVSF and REKF still produce faster cogeece rates than Adam. In
Figures 11 and12 RSVSF ad REKF produce better results than Adam at epoch 20 and
epoch 40 respectively and they sustain the good results afterwardiguhe 2-10 the
variation in EKF is the least among the three algorithms. The dropout layers reduced the
validation classification rate from (1.34%) to (1.18%) for RSVSF and from (1.62%) to
(1.37%) for FEKF.

Table2-X Architecture of the DNN networks used for MNIST dataset

Test Layers Activation function

Test#l  78410241024102410 ReluReluRelu-Softmax

Test#2  78410241024102410 ReluDropout(03)-ReluDropout(03)-ReluDropout(03)-Softmax

Training set classification error in %
T T T T T T T
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RSVSF
REKF
Adam
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Classification error in %
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Figure2-7 Test#1(MNIST) training set classification error in %
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Training set cross entropy
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Figure2-8 Test#1(MNIST) training setcategorical crosentropy loss
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Figure2-9 Test#2 (MNIST) training set classification error in %

Training set cross entropy

T
RSVSF|
REKF
Adam

cross entropy loss

0 20 40 60 80 100 120 140 160 180 200
Epochs

Figure2-10 Test#2 (MNIST) training set categorical cresstropy loss
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2.4.3.2 EMNISTDataset

An extension of the MNIST dataset is callEMINIST [82]. In this dataset, a stdataset
includes 28x28 pixels images ftwvandwrittenletters instead of numbers in MNIST.
EMNIST includes 124,800 training samples and 20,800 testing samples. A DNN network
is used for thilassification task as well. The architecture is presented in

Table2-XI. Figures13and14 show a clear advantage of REKF and RSVSF over Adam.
Both classification error anchtegrical crossentropy loss are much lower for REKF and

RSVSF. In thigest all the algorithms produced consistent results across the ten runs.

Table2-XI Architecture of the DNN networks used t6MNIST dataset

Test Layers Activation function

TestiB  307220481024512-256-12810 ReluReluReluReluReluSoftmax

Training set classification error in %
T T T T T T T T

RSVSF(y =0,y =5el,np=1.2) E
REKF(() =8¢ —4,P=5¢—3 R=8-3)
Adam

~N o ©
T T

@
T

w
T

Classification error in %
E-N

w
T

Figure2-11 Test#B (EMNIST) training set classification error in %
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Training set cross entropy

10°

RSVSF(y =04 =5el.np=12)
REKF(Q=8¢—4,P=5¢—-3 R=38¢-3)
Adarmn

cross entropy loss

Figure2-12 Test#8 (EMNIST) training set categorical cresatropy loss

2.4.3.3 FashionMNIST Dataset

Another variation orMNIST dataset is the FashiMNIST [9]. It has the same samples
size as MNIST dataset, 60,000 traininghpées,and10,000 testing samples. The samples

in this dataset are 28x28 grayscale pictures of different fashion pieces. Heldh®h has

10 classedJsing this dataset, two experiments are performed to test different architectures,
DNN and CNN.Table2-XIl shows the architectures for the DNN and the CNN networks.
Figures 15 and 16 show the consistency of REKF and RSVSF in achieving better
convergence in the DNN test (test#4). RSVSF is slightly better than EKF in ther hig
epochs.Figures 17 and 18 show consistent RSVSF and REKF convergence in the case of
a CNN network as well. RSVSéutperformed the other algorithms in the most of the

training process.

Table2-XIl Architecture of the networks used for FashMNIST dataset

Test Layers Activation function
Test#4
307220481024512-256-128-10 ReluReluReluReluReluSoftmax
(DNN)
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ConvRely- ConvRely- PoolingRely- ConvRely-
Tes#5 (32x3x3-(32x3x3-(2x2)
ConvRely- PoolingRely - flatten()- Dense(Relu)
(CNN)  (64x3x3- (64x3x3-(2x2)51210
Dense(Softmay
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Figure2-13 Test#4 (FashiorMNIST DNN) training set classification error in %
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Figure2-14 Testt4 (FashioaAMNIST DNN) training set categorical cresstropyloss
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Figure2-15 Test#5 (FashioAMNIST CNN) training set classification error in %
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Figure2-16 Test5 (FashionAMNIST CNN) training set categoricakossentropy loss
2.4.3.4 CIFAR10 Dataset

CIFAR10[83] is adataset of 32x32 color images. There are 10 classes in this dataset for
different animals and objés. CIFAR10 has 50,000 trainimgamplesand 10,000 testing
samples. In this experiment as well, two tests are performed to test the proposed algorithms
across different architectures, DNN and CNNgures 19, 20, 21 and22 show the same
consistency REKF and RSVSF show on the other datasets. However, in the DNN test,

REKF showed much better convergence.
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Table2-XIIl Architecture of the networks used f6IFAR10dataset

Test Layers Activation function
Test#6
307220481024512-256-12810 ReluReluReluReluReluSoftmax
(DNN)
ConvRely- ConvRely- PoolingRely-Dropout(0.25)
Test7 (32x3x3-(32x3x3-(2x2)
ConvRely- ConvRely- PoolingRely- Dropout(0.25) flatten()-

(CNN)  (64x3x3- (64x3x3-(2x2)-512-10

Dense(ReluDropout(0.25) DenseSoftmay
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T T T T T T
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Figure2-17 Test6 (CIFARL10DNN) training set classificatioarror in %
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Figure2-18 Testt6 (CIFAR1O0DNN) training set categorical cresstropy loss
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Figure2-19 Test#7 (CIFARLOCNN) training set classification error %
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Figure2-20 Testt7 (CIFARL10CNN) training set categorical crossitropy loss
2.4.3.5 CIFAR100 Dataset

CIFAR100[80] is similar b CIFAR10 with one exception which is the number of classes.

In CIFAR100 there are 100 classes, however the same total number of training and testing
samples. Therefore the available number of images per class for training and testing is less.
Similar to GFAR10, both DNN and CNN are tested. Test#8 and Test#9 have the same
architectures of Test#6 and Test#7 respectively Tab&e2-Xlll for reference). The only
difference is in the output layer number of units as it becomes 100 instead leiylifes

23 and24 show the consistency that REKF and RSVSF achieved in both the classification
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error rate and as well in tloategorical crosentropy lossHowever RSVSF, REKF, and
Adam started with relatively similar performance, RSVSF and REKF converged faster after
epoch 20. REKF outperformed Adam and RSVSF in this experiment. It is worth noting that
in one of the ten runs Adam has divergethe beginning of th training as can be seen in

the Figures. For the CNAarchitectureboth RSVSF and REKF perform better than Adam.

The resultof the CNN architecture can be seenFigures 25and26.
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Figure2-21 Test#8 (CIFAR100 DNN) training set classification error in %
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Figure2-22 Test*8 (CIFAR100 DNN) training set categorical crossitropy loss
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Figure2-23 Test#® (CIFAR100CNN) training set classification error in %
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2.4.3.6 Results summary and discussion
In all tests REKF and RSVSF showed a great improvement in optimization performance
overfirst-ordermethods (represented by Adam). Some of the favorable characteristics of
REKF and RSVSF are as follows:
- Fast convergence
o Factor 1: Fast convergence per epbdaster decay of training losses
o Factor 2: Fast epoch time
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o Factor 3: sustainable improvement of convergence over transient and
steadystate phases
- Using less memory than Adam (both of REKF and RSVSF)

A summary of the testis presentedn Table 2-XIV . The reduction in processing time
allows RSVSF to be consistently faster than Adam (around 17% faster than Adam in
MNIST test#2). InTable2-XIV,
first and second columns are the mean of the ten runs fanitienum of thetraining
classification error rate and trainiogtegorical crosentropyloss values. Third and fourth
columns are their Relative Stamddeviation (RSD) respectivelffhe lstcolumn is the
mean of the processing time across the ten runs.
The proposed methods, REKF and RSVSF, have proven to outperform the curresft state
the-art training optimization algorithms in many aspects, incigdnemory usage, speed,
and convergence performance. This better performance may be attributed to a result of the
inherent characteristics of noise filtering. The hypothesis that the proposed REKF and
RSVSF algorithms can outperform their original EKF &\dSF forms has proven to be
valid, as the reduction in performanisanegligible compared to the significant reduction
in processing time per epoch.

Table2-XIV Summary of all tests statistics

Min

- - Min training
: - training training :
Min training ) e categorical .
. P categorical classification Processing
Optimizer classification Cross .
Cross error rate time (s)
error rate entro RSD entropy loss
Iosspy RSD

First-order algorithms experiment
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Adam 0 1.18e04 0% 5.79 22.5133
Adamax 0 1.87e-04 0% 5.59% 22.1390
Adadelta 1.3667e04 0.0034 0.0039% 5.24% 21.0650
RMSprop 1.6667e06 4.57e05 5.27e-04% 69.71% 21.1813
Adagrad 3.33e06 0.0016 7.03e04% 4.20% 21.1846

Iris dataset experiment
0.0029 0.0019 0.46 % 160.94 % 372.4545
EKF

0.0181 0.0151 0.31% 1.07 % (for first 5.5 sec)

0.0095 0.0064 0% 0.587 % 379.9891
SVSF

0.0181 0.0183 0.31% 5.09 % (for first 5.5 sec)
REKF 0.0219 0.0122 0.66 % 523 % 5.4593
RSVSF 0.0095 0.0126 0% 1.01 % 5.5360

MNIST test#

Adam 0 9.7879e09 0% 40.27 % 209.6011

REKF 0 1.5235e09 0% 11.97 % 203.8331

RSVSF 0 2.2093e10 0% 6.25 % 170.6640

MNIST test2

Adam 5.7667e04 0.0019 0.0112% 14.68 % 223.3985

REKF 2.7333e04 0.0013 0.0037% 701 % 215.3128

RSVSF 1.3000e04 5.3115e04 0.0028% 8.45% 186.4490

EMNISTest#3

Adam 0.0394 0.1047 0.0537% 1.40 % 93.5994

REKF 0.0273 0.0680 0.1448% 7.39 % 115.2063

RSVSF 0.0273 0.0658 0.1149% 5.70 % 80.4331

FashionMNIST test# (DNN)
Adam 0.0224 0.0593 0.0826% 4.30 % 178.8158
REKF 5.4000e04 0.0031 0.0050% 317 % 190.2946
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RSVSF 2.3333e04 0.0014 0.0059% 8.25% 151.6335

FashionMNIST test#5 (CNN)

Adam 0.0050 0.0146 0.0600% 9.40 % 308.9294
REKF 7.8500e04 0.0037 0.0143% 9.30 % 308.4723
RSVSF 1.6000e04 0.0011 0.0060% 16.08% 300.7655

CIFARLOtest#6 (DNN)

Adam 0.0885 0.2521 0.5023% 5.18 % 261.2934
REKF 2.1800e04 0.0073 0.0020% 1.25% 275.4492
RSVSF 0.0119 0.0978 0.0257% 0.83 % 228.4755

CIFARLOtest#7 (CNN)

Adam 0.0157 0.0459 0.1121% 6.28 % 276.8277
REKF 6.0000€06 0.0023 9.66e-04% 3.23% 275.4476
RSVSF 1.0000e05 0.0036 0.0014% 5.65 % 267.8367

CIFARLOOtest#8 (DNN)

Adam 0.3778 1.4325 34.71 % 77.97 % 269.2654
REKF 7.7200e04 0.0205 0.0070% 2.33% 288.5860
RSVSF 0.0249 0.1828 0.1080% 1.99 % 236.6184

CIFARLOOtest#9 (CNN)

Adam 0.1157 0.3740 1.50 % 1155 % 4.1583e+03
REKF 0.0621 0.1943 0.1568% 224 % 4.1769e+03
RSVSF 0.0669 0.2093 0.3240% 4.68 % 4.0198e+03

2.5 Conclusion

In this paper two novel deep learning optimization methods were proposed, namely the
Reduced Extended Kalman Filter (REKF) and the Reducedoth Variable Structure

Filter (RSVSF). They are based on the estimation methods, namely the Extended Kalman

Filter (EKF) and tle Snooth Variable Structure Filt¢6VSF). The proposed methods were
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compared in nine experiments with Adam as a powdifsi-order algorithm onfive
benchmark datasets using different network architectures. Test sultsstratedhat

the proposed methods are able to compete with the culireiorder methods in
optimization convergencgpeedand memory usage. These results show that the proposed
methals have achieved positive impact without compromising on any performance
metrics The results indicate that REKF and RSV&h be used competitively in Deep
learning training. It should be noted the performance of the two proposed methods are
overall compeable with the exception of processing time where RSVSF is consistently

better in all tests.
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AppendixA Abbreviations and Nomenclature

Table2-XV Abbreviations used in the paper

Abbreviation Description
DL Deep Learning
NN Neural Network
DNN Deep Neural Network
EKF Extended Kalman Filter
SVSF Smooth Variable Structure Filter
REKF Reduced Extended Kalman Filter

RSVSF Reduced Smooth Variable Structure Filtg

MSE Mean Squared Error

BP Back Propagation

GD Gradient Descent

GPU Graphical Processing Units
RNN Recurrent Neural Networks
FNN Feedforward Neural Network
LSTM Long Short TermMemory

ML Machine Learning

NAG Nestroveods Accel e
CGD Conjugate Gradient Descent
BFGS Broydern Fletcher Goldfarli Shanno
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SGD Stochastic Gradient Descent
kSGD Kalman Based Stochastic Gradient Descg
CNN

Convolutional Neural Network

Learning Rate

Table2-XVI Nomenclature

symbol Description
The weight connecting I AlAE toT T AIA phE, T is the
X -
' layer number. Biases is modeled as a weight for input of (
i The layer number
] The size of the network parameters
( The Hessian matrix
* The Jacobian matrix
Number of nodes in layér
Number of nodes in theutputlayer
, AUA(Q Total number of layers
FE Node numbers
/] Network input
3 Activation function
UhJ Network output at nodeE, Network output
S Learning rate
N Sample number
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" Batch size
o) Velocity term that represents momentum
X Small value for numerical stability
/ Order of complexity
| A vector of the network parameters
o A vectorof the system states
A O A nontlinearfunction of the states and the inputs
O Nortlinear system input
U System output
EO The systemmontlinear output function
v Estimate
1 The covariance of the process noise
& The Jacobianof /£
x Process noise
O Measurement noise
+ Gain
2 The covariance of the measurement noise
0 Error covariance
Variable at timee
¢ The smoothing boundary layer width
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r The a posteriori error tuning factor

I O Learning rate

- Total number of network outputgs "

/ Number of neurons inuputlayer
" Batch size

M Damping parameter

) Identity matrix

Thetranspose of a matrix

3 Innovation covariance
U Error
s s Theelementwiseabsolute value of the term
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AppendixB Proof of RSVSF stability

In this appendix the proof of stability in relation to the additiongofin Equation(2-62)
compared witfEquation(2-61) is provided. SVSF has two important error variables that
are defined irEquationg2-50) and(2-54), the a priori and the a posteriori error estimates.
In [21] a Lyapunov functioru U s Is defined. The weights update process is stable
if 34 U U

1. Thisequation can be redefined as,

] S

W ® (B.64)
According to Theorem 1 if21], the SVSF correction actioh that would satisfy the

stability condition inEquation(B.64) is subject to the following conditions:
@ SO0 s @ ® (B.69)
ENoRo TV oY 2 (B.66)
Equation(2-51) satisfiedthis condition in[21], and proved to be stable and convergent.

RSVSF proposes using a new gain defineBdoation(B.67),

O O -y A 2 99‘25— (8.67)
To prove its stability and convergence, first the a priori error estimate is considered (from
Equation(2-50)),

» . & CXI-&J (B.68)
Assumingthat the relationshipE between themeasurement signals and thatss is

known and can be linearized around the state estimdtmat E , then l'Js can be

definad as,
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&y OiHy (B.69)
Substitutingequation(B.68) in Equation(B.67), the latter can be restated as,

W & OiH (B.70)
But usingEquation(2-52) or Oy Og + results in,

@ & OiH 0 =& 'OiH "0V (B.71)

HoweverU  ( C')S is the definition of the a posteriori error estimati&agation(2-54)

and

Us ( Og ), therefore,
& by 00 (B.72)

To study the stability of thRSVSFgain defined irequation(B.67), the gain is substituted

in Equation(B.72),

@
Oy Oy 00 -Gy A 2i oet— (B9

Which is rearranged in,

’ ’ ’ rouN et~y S ’
2 QQ‘*’E $ (B.74)
[
R s

Which can be reorganized as,
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W
Ws D ~® BRI 2 QQ%
, , r (*)s (B 75)
P — Wy [ W Z QQ!::(— :
oo X s

P — Wg [ W 21 QQ-E(—
Taking the absolute value of both sides of the equation,
@ BRI p — Oy (B.76)

In the case of a full batch mode where the same full set of training data is used in every
epoch the ariori error is found by the following equations,

O i 0O, 0OITENQO O£ b &M 6 (B.77)

, w oy B.78

W m 0 € gl (B.79)
However, thea posteriorierror of the previous epoclkE p is defined as,

L Eil LD O OIOQME QO U € B &I (B.79)

. w o B.80

0 s m 0éi ig (B.80)
ComparingEquations(B.78) and (B.80), the differences between the a posteriori and a
priori error estimates are simply in therget values. In full batch mod® A @C A

O A ©C Avhich results in,

' ' B.81
@ ® (B.81)

Therefore Equation(B.76) can be modified to the following form,

@ - P - [ ph (B.82)
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Therefore the rate of convergence of the filter is determined by the rage af p . To
insure the stability condition iEquation(B.64), the choice of the parametegsand r

should satisfy the following inequality,

To— 1 p o (B.83)

Which can be represented as,
o - < (B.84)
A corner case dEquation(B.84) is by setting  1tto cancel thextra forward calculation
to calculate the a posteriori ertar s In(B.67). For this corner cas&quation(B.84)
can be rewritten as,
P - CQ (B.85)
which is the definition of s 8quation(B.85) satisfies the stability and the convergence
of the system.
Equation(2-62) replacegheO E fDiiction with aO Audction to reduce the chattering. This

is a similar approach to the original SVSF[#1]. The elimination of a posteriori error

calculation significantly reduces the total training time.
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AppendixC the used software and hardware in the experiments
The experimentsisesKerasplatform, which is a library that us@heang and works on
Python The versions of the used libraries are as following:
1 Keras 2.0.3
1 Theano 0.90.devc697eeab84e5b8a74908da654b66ec9ecadfl291
1 Python 2.7.13
1 NumPy1.12.1
The used hardware is as follows:
1 CPU: Intel(R) Xeon(R) CPU E®687W0 @ 3.106Hz
1 GPU: Nvidia GeForce GTX 780

 Ram 32.0 GB

This paper is published in Neural Networks journal Elsevier.Volume 108, 2018, Pages

509526, ISSN 0893080. https://doi.org/10.1016/|.neunet.2018.09.01Phis paper is

republished here with permission.
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Abstract

In the recent years, Dedearning has become the leading artificial intelligence algorithm

in many fields thanks to its unprecedented performance which even in a few classification
and control problems, superseded human performance. However, the trairegsprbd
DeeplLearning is usually slow and requires higirformance hardware and very large
datasets. The optimization of the training methods can improve learning rates of the Deep
Learning networks and achieve higher performance in the same time spamapar
examines the sensitivity and the need for fine tuning of parameters for two newly developed
training algorithms, namely the Reduced Extended Kalman Filter (REKF), and the Reduced
Smooth Variable Structure Filter (RSVSF). Extensions for these tgarithms are

developed, namely the REKWultiFilter (REKF_MF) and the RSVSMultiFilter
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(RSVSF_MF). These extensions were tested on MNIST dataset to compare their

performance with their original forms.

Keywords
Deep Learning, Neural Networks, Machine Lag, Optimization algorithms, Training

algorithms.

3.1 Introduction

Deep Learning (DL) se in academic and industrial applications increase with a fast rate
since DL has proven to achieve unprecedented results compared to other machine learning
techniques[1, 2]. The most famous two applications for DL are image and speech
recognition mostly because of the application nature of being classic problems in computer
sciences field to be used as a benchmark test for machine learning algorithms. DL has also
been appliedo many other fields such as big data analyi}s finance[4], language
modeling, natural language processing, information retri®aand classification of skin
cancer{6]. A corner stone of using DL in different application is the ability of the DL to
extract meaningful features from the data.[T, the authors developed two training
algorithms based on estimation theory for DL training, namely, the Reduced Extended
Kalman Filter (REKF), and the Reduced Smooth Variable Structure Filter (RSVSF). These
algorithms were shown to germ relatively well in terms of learning rate and memory
usage. However these advantages that put REKF, and RSVSF ahead of the other training
algorithms, there was uncertainty about their performance sensitivity to their configurable

parameters. The pradh of having tunable parameters is that they affect the DL
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performance after training, but they are required to be defined before the start of the
training. This is a major challenge in DL training algorithms. Many algorithms try to deploy
adaptable traimg parameters to reduce the need of the fine tuning process, however usually
they end in defining higher level hyper parameters that can be aldorfie@. The need of
training algorithms that are insensitive to the tuning parameters and are ableuve highe
performance with generic parameters values is very important. The availability of such
algorithms will enable commercial and scientific users of DL to reduce the training time as
several training trials to achieve acceptable-funeed training pameters will not be
required. This paper investigates the sensitivity of the generalization performance against

the tuning parameters for REKF and RSVSF.

3.2 Literature review

In DeeplLearning, there are different training optimization methods that mininmee t
network error on a given training dataset. A major group of these methods are gradient
based methods. Gradient provides guided optimization, direction, and magnitude wise. It
also is relatively fast, and can be calculated in parallel. However, thestharemethods

that are not based on gradient; instead, they use Random guess, Genetic algorithm, or Rprop
algorithm. Another family of optimization methods utilize the estimation theory as shown

in [7]. In this section, first a review of the architecture of a simple feedforward DL network

is presented, followed by a brief literature review on training algorithms with a focus on

REKF and RSVSF.
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3.2.1 Deep Neunl Networks

One of the simplest DL networks is the Deerg
Feedforward Neur al Net works (FNN) with mort
layers are fully connected. Meaning all the nodes in a given layer are taxhteeall nodes

in the next layer. For simplicity a one hidden layer FNN is showfigare3-1. The output

of each node is described in Equat{8rl), wheres is the activation function) , is the

weight connecting ¢ Q&NQ to¢ ¢ Q¥ phQ ¢ is the layer number, amd  is the

bias (offset) fog ¢ Q& pHQ In neural networks there are sevesgles ofactivation

functionsi linear and nonlinear. As an examm@, the most common used function is the

sigmoid function which is described in Equati(®?2). Feedforward networks take their

name from how the output is calculatfiedm the input. The input is first connected to the

input layer and then each node in the subsequent layers uses E(f+ajitmcalculate its

output. To evaluate the performance of the neural network, a loss/cost function is used. One

of the simplest loss functions is the Mean Square Error (MSE), which is desiribed

Equation(3-3).

0D€Q0Q w . 0w ® (3-1)

. k] p (3'2)
@ o

Oi 1 HIYO = ¢ QO00ED®DEdI QQO (3-3)

87



Ph.D Thesis Mahmoud Ismail McMaster University Mechanical Engineering.

Figure3-1 One hidden layer Feedfoward Neural Network

3.2.2 DL training algorithms

There are many DL training algorithms, a survey is preseintgd, 8]. One way of
categorizing them is to break them into familiesFigure 3-2 the three main families are
shown. The most common family is the gradibased family. The reason that they are
common is that they are relatively fast and simple compared to others. Halevecent
advances in the estimation based family, specially REKF and RS\[®auatperform the
stateof-the-art of the gradient based family in prformance measures including success

rates and training time. Following is an overview on REKF and RSVS.
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Families of Deep Learning
training algorithms

[ Estimation based J [ Gradient-based J [Nongradient-based}

(SGD) (GD)
(Mini-batch GD)

(Simulated annealing )
(Genetic Algorithm)

REKF
(EKF) ( ) (Adam)
(AdaMax) (RMSprop)

(SGD with momentum)
(Adadelta) (Adagrad)

(Random guess)

(SVSF) (RSVSF)

(Particle Swarm Optimization)

Figure3-2 different training algorithms familigg-13]

3.2.2.1 REKF

ReduceeEKF (REKF) is the a simplified version of EKF that is definefi7ijnto enable an
estimationbased method to compete with the statéhe-art methods represented by
Adam method 14] due to its simplicity and high performance.[lf§ it was shown that
REKF outperformed Adam with using less memory and converged faster and also achieved
better generalization performance on MNIST dataset.

The simplifications that REKF used compared with EKF can be summarized in:

1- Applying Mini-batch on Ei

2

Using a scalar output for the EKF nbinear system

3

Using Fully-DecoupledEKF version of EKF (FDEKF)[15

4- Using shared scalar values faning parameters such as  RY
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These modifications significantly reduced the memory and computational requirements for
EKF and allowed it to outperform its original form when the training time is taken into
consideration instead of epoch&ieBe improvements become more significant with larger
size networks, where the original form is not feasible with the current available hardware.
The steps of the algorithm are explained atle 3-I.

Table3-I REKF algorithm

Algorithm 1: REKF, this algorithm reduces EKF to a more memory
calculation efficient algorithm to be used for opzing DL networks
Require: Ao +m O g ¥

Require: mwinitial values

[N € initialize || matrix as a vector filled witkainitial value.

# calculate the network loss

mo V¥ -” W<=|= ’I:"-«* .y

# the system target is to achieve zero loss, hence the s

error is
Bo VYV VagtE o] gve v gt e «
pl o Py
lg g 6 a

: #perform tr}eupdaEStep
v lsles éa >

RetunPg

3.2.2.2 RSVSF
Similar to REKF, Reduce8VSF (RSVSF) is the a simplified version of SVSF that is
defined in[7] to enable the original SVSF to compete REKF and AdaiT] limwas shown

90



Ph.D Thesis Mahmoud Ismail McMaster University Mechanical Engineering.

that RSVSF outperformed Adam and competed with REKF while using less memory than
both of them and converged relatively fast and also achieved better generalization

performance on MNIST benchmark problem.

The simplifications theRSVSF used are very similar to REKF and can be summarized in:

1- Applying Mini-batch on SVSF
2- Using a scalar output for the SVSF Aorear system

3

Using shared scalar values for tuning parameters su¢Hjas.

4

Introducing a new parameter as a learning ratdhat can substitute the effect of

[ without requiring the extra forward calculation which results in around one third
reduction in calculation time while sustaining the same performance.

These modifications significantly reduced the memory and coriuodérequirements for
SVSF and allowed it to outperform its original form when the training time is taken into
consideration instead of epochs. Similar to REKF, These RSVSF improvements become
more significant with larger size networks, where the oridoran is not feasible using the
current available hardware. RSVSF steps of the algorithm are explaimatleB-II.

Table3-1l RSVSF algorithm

Algorithm 2: RSVSFthis algorithm reduces SVSF to a more memory
calculation efficient algorithm to be used fagtimizing DL networks
Require: sir ko +m 0 g v

AR ) Lol B

# calculate the network loss

n V| ot > e 6

# the system target is to achieve zero loss, hence the s

error is
g mo VYV VagtE o] mgve v gt e «
Il o=- ¥y
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15
B g
q
Ly Tgtem g a FVEE

#perform theupdatestep
g Py g
End while
RetunPg

TE

3.3 Paper Contributions
In this papethe following is presented:
1- A sensitivity test on REKF and RSVSF that shows their robustness against the
values of their configuration parametéssction3.4)
2- The introduction of the MukFilter versions of REKF and RSVSF (secti8mb)
3- A comparison studietween the REKF and RSV3Rd their MultiFilter versions,

REKF_MF and RSVSF_MF (sectih®)

3.4 Sensitivity analysis of REKF and RSVSF
In this section the results the sensitivity analysis of REKF and RSVSF is presented. The
sensitivity analysis used the hamtitten digits database MNIST as a benchmark problem

for performance evaluation.

3.4.1 Sensitivity analysis design
The used architecture in this test is a varflNN that used two hidden layers with the size
of 512 with Rectified Linear Units (RelLU®bs

used a softmax activation function. The architecture of the network is shéwgune3-3.
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Figure3-3 The used DNN for the sensitivity test

To test a large space of configuration parameters, each test is using a unique combination
of the configuration parameters. Adam algoritfi] was used also to compare its result

with all the REKF and RSVSF combinations. All the combinations of the configuration
paraméers for all the training algorithms are summarizedable3-111.

Table3-Ill Configuration parameters for all thetimpizers in the sensitivity analysis

Parameter name Starting value  Ending value Step size
n 1E-4 1E5 100
i 1E7 1E5 100
N 1E-4 1E2 100

Total Number of

combinations: 216
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RSVSF
r 1E7 1E2 100
r 0 0.99 0.2
- 1 1.99 0.2

Total Numbeiof

combinations: 102

Adam

used the default values 4 — m@tnfp  T&h] oW e 1Q p

It is worth noting that the total number of combinations in RSVSF is 102 compared with
216 in the REKF case. The reason for that is the definitior oind [ in [7, 16], where
[ — (. So the tested combinations are the ones that satisfy this RSVSF stability

condition.

3.4.2 REKF and RSVSF sensitivity analysis results

In[7], it was shown that REKF and RSVSF outperformed Adam as a representative training
algorithm of the statef the-art adaptable training algorithms while using less memory.
This result is confirmed her&able3-IV shows that both REKF and RSVSF outperformed
Adam training algorithmlt is important to highlight that Adam simulation was run 10
times with random initialization and the best run is selected forahmparison RSVSF
recorded?20.7®% less error rate than Adam which is a significant error reduction.

Table3-IV Best validatiorsuccess ratr Adam, REKF, and RSVSF

Optimizer name Adam REKF RSVSF
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Best validation

98.17% 98.48% 98.55%
success rate

In every training epoch, the validation performance is recorded for the three optimizers as
a performance measure. Two key performance measures are investigated in this paper:
1- best validation performande all training epochs,
2- transient validation performance after few epochs.
3.4.2.1 Best validatiorsuccess ratéor REKF and RSVSF
Figures 3-4 and 3-5 show the first performance measure, the best validation performance
in all training epochs, for REKF and RSVSF respectively. The color represents the success
rate resultln Figure3-4on ofto axes show the different values of tanfigurable REKF
parametersnf , while & axis shows the values of tlvenfigurableparameteri . In
Figure3-5, the results of RSVSF are shown with only the difference that the axes represent
the RSVSF configuration parametersi h- . From the color bar it canebseen that all
variations converged for both REKF and RSVSF at least 86% and 93Ucadss rate
respectively. This result proves the stability of REKF and RSVSF with any given initial
values. To better visualize the beatcess rateariation across thdifferent parameters, a
color rescaling is applied and is presente&igures3-6 and3-7 where anysuccess rate
below 97% is grayed out. These Figures show two very important results (1) that both filters

are able to achieve higluccess rateo matter what are the initial configuration parameters,
(2) the main factor in tuning RSVSF is and the rab - in the case of REKF which
forms the green plane.
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Table3-V Best validatiorsuccess ratfor both REKF and RSVSF

REKF RSVSF
REKF best validation accuracy RSVSF best validation accuracy
Fu” 0.96 2 ::js
range of
success| 4 \
rate E . é ‘4 0.96
(the -
color \
represent 107 [l 0.6 1 ™
S the h 05 0.935
success P values 10710 405 Q values Epsai values 1010 0 Gamma values
rate
result) Figure3-4 REKF best validation Figure3-5 RSVSF best validation
success rate success rate
REKEF best validation accuracy RSVSF best validation accuracy
o8e 0.985
0 0083 0.984
10° 0.981 ¢ 0982
’; 10° 0:979 "(”3 0.98
Rescaled
10° 0.978
color bar| w»
1010 0977
0 o 0976
100 075 0.976
P values 1010 4o Q values Epsai values 101 o0 Gamma values
Figure3-6 REKF best validation Figure3-7 RSVSF best validation
success ratgolor rescaled) success ratéolor rescaled)

3.4.2.2 Transient validatiorsuccess ratéor REKF and RSVSF
In order to measure the transient performance of REKF and RSVSF, their validation

success ratis traced against timfer the whole approximately 500 seconds of the training
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processin Figures3-8 and3-9 it can be seen that from the time from the seconds 20 to 25

is a good representative of the transient performance.

REKF filters validation success rate

i

1

s —

Al

o
=]

success rate
o
(2]

success rate

N
i

<
[

0 10 20 30 40 50 0 10 20 30 40 50
time (s) time (s)

Figure3-8 REKF validationsuccess rataith Figure3-9 RSVSFvalidationsuccess rate
time with time

To relate the transient performartoethe configuration parameteffsgures3-10 to 3-15

are generatedrigures3-10and3-11show that the transient performance is still exceptional
for any given configuration parameters. Only two trials in REKRe blue circleswhere

the training was very slow. RSVSF on the other hand performed well under all
configuration parameters trialsigure3-10 confirms the bestuccess ratehart in the last

section and proves that any combination g iy allows REKF to achieve gl transient
performance except for very sma#t value.Figure3-11 shows that the primary tuning

factor in RSVSF is| . By rescaling the colors of these charts more insights can be seen
in Figures3-12 and 3-13. In REKF case the result confirms that any configuration
parameter values are good for transient performance, only very highalue is less
performng that the others. The reason for that is the numerical difficulty it introduces in

the calculations so the optimizer takes more time per one epoch compared to the other
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REKF configuration values. Therefore testing from 22 second to 25 is comparingetwee
different epoch cycles. By unifying the epoch rangeigure3-14, it can be seen even high

r values match the rest of values in terms of performance. Similavibelsan be seen

in RSVSF. In[7] it was proposed that- can substitute the effect of and shorten the
calculation time by eliminating one forward cycle time. This shortening in time is
confirmed inFigure 3-13 where at zero] RSVSF converges veryast. While the
substitution effect can be seen when same epochs are compligur@8-15 as diagonal
terms (constant [ ) achieve similar performance.

Table3-VI Transientvalidationsuccess ratfor both REKF and RSVSF

REKF RSVSF
REKEF best transient validation accuracy between time: RSVSF best transient validation accuracy between time:
20 to 25 seconds 20 to 25 seconds
Full N
105 0.8 2
range of| " .
success| , T, \
g 0.6 (_? :
rate : e | 214 @ *
(the . 12 & 088
0.4
CO|Or 10710 s 1 0.86
1010 1010 0.84
represent wolllo.

0 105 0.82

S the " 10° ’ 01 b

success P values 1070 408 Q values Epsai values 101 0 Gamma values
rate
result) Figure3-10 REKF transient validation| Figure3-11 RSVSF transient validatiol
success rat@ime based) success rat@ime based)
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REKF best transient validation accuracy between time: RSVSF best transient validation accuracy between time:
20 to 25 seconds 20 to 25 seconds

0983 0984

0.982 2 0983

0.981 18 0982

0 0.98 8 16 \ o

% 0.979 73 098

« o078 g 4 0979

a7 1.2 0.978

Rescaled I
color bar ool " . oo
o7 10 05 0.975

P values 1010 405 Q values Epsai values 1070 0 Gamma values
Figure3-12 REKF transient validation| Figure3-13 RSVSF transient validatio
success rat@time based and color success ratéime based and color
rescaled) rescaled)
REKF best transient ion accuracy p RSVSF best idati
50 to 100 epochs: 50 to 100

0.985

0.983 0.984

0.982 2 0.983
0981 18 0.082

8 0.98 g 16 0.981

Rescaled ¢ oo | 2,
color bar o | H
an d 0977 0978
0.976 101; Q 0977

Epoch b :
109 0976
based
P values 101° 4o Q values Epsai values 101 o Gamma values
Figure3-14 REKF transient validation| Figure3-15RSVSFtransient validation
success rat@epochbasedl success rat@epoch based)

3.4.2.3 Sensitivity results summary

In this section the results can be summarized in the following:

1- REKF and RSVSF are stable and convergent no matter what are the initial

configuration parameters.

2- RSVSF achieves highsuccess rathhan REKF and Adam.
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3- The main tunable parameters gre in RSVSF andi in REKFhowever if both
are not extremely high, great transient and global performance is achievable with
any value.

4- In RSVSFit is recommended to use high value and zerol to achieve high

performance in short time.

3.5 REKF and RSVSRMVulti -Filter versions

In this section, the MulFilter version of REKF and RSVSF are introduced. They are
named REKF_MF and RSVSF_MF. In both REKF and RSVSF implementatidDeam
Learningnetworks, the authors [@] deployed one filter for the whole network. While this
implementation has advantages as that the filter looks at all network weights before
modifying them which produces stability, a questiemained unanswered. This question

was how implementing Muliilter, one per layer can affect the performance of the DNN
training process. The hypothesis is that it might produce aggressive changes of weights per
layer so it might be faster but that@isight lead to instabilities and divergent resuhts.

this section the answer to this question is investigated as well as their results for the same
above mentioned sensitivity analysis are presented to compare the results with REKF and

RSVSF.

3.5.1 REKF_MF
First is REKF_MF. This training is exactly similar to REKF except in that there is a
different filter for each layer. The algorithm of REKF_MF is describedahle3-VII. In

the algorithm the parameters updates are done per laydiis affects the filter behavior
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as the innovationv, the gain L , and error covariance matriff are calculated based

on the error gradient of only one layer. This change would dR&KF_MF to be more
aggressive in changing the weights of the network but it can also cause instability as the
changes per layer are done independent of the changes in other layers.

Table3-VII REKF_MF algorithm

Algorithm 3: REKF_MF,this proposed algorithm deploys REKF filter
each layer

Require: Ao +m O ' V

Require: =winitial values

Frim N € Initialize || s vectors filled with=minitial value.

where= is the number of layers

A= I Lo

# calculate the network loss
mo V¥ -|| W<=|= >I:|--<.<-:::::::» oo

# the system target is to achieve zero loss, hence the s
error is

™ Bo VYV VagtE o] gve Vv gt <md <
Ig plﬂ ﬁg
B> <"

Ph
Ei.-v.g o bt > +0m < >

IH 'III.-=|= > lla> i

”— g & a A
#per orm theupdate step

[ |
End while
RetunPg
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3.5.2 RSVSF_MF

The second proposed algorithm in this paper is RSVSF_MF. Similar to REKF_MF,
RSVSF_MF is a modification of RSVSF, where there is a different filter for each layer.
Table3-VIII presents the proposed algorithm. The parameters in the algorithm are updated
per layer : . The effect is similar to REKF_MF as the gain; is dependenon the error
gradient ofonly one layerThis change would allow RSVSF_MF to be more aggressive in
changing the weights of the network but it can also cause instability as the weight updates
per layer are done independent of the updates in other layers.

Table3-VIIl RSVSF MF algorithm

Algorithm 4: RSVSF_MFthis proposed algorithm deploys RSVSF fil:
per each layer
Require: Ar ko +m 0 g'v

Wh”e - OD‘H'il-D -|rIV

calculate the network loss

[_BEEE 4 *' -” W<=|= >I:|--<.<-::;:::~ oo - <

# the system target is to achieve zero loss, hence the s

error is
™ Bo VYV Vagir] gre vV gt <= «

I{: Ls. THPY RN W
ig|.|§.g=|=».- > +™ afhdn ms v

E
iF | =
I
Liié;i§ alE | t <gg R B

#perform thaupdate step
Pg Pig Ly

e BN
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End while
RetunPg

3.6 Comparison MultiFilter versions and the original forms of REKF and

RSVSF
In this section the same testing procedure thatwsasin section3.4is used to have a
direct comparison between REKF, RSVSF and their Milter versions.
3.6.1 Best validationsuccess ratéor REKF_MF and RSVSF_MF
This study is similar to the one in secti®d.2.1 Here the Mul#Filter version results only
is presented as the original forms results was shown previouslyick gomparison
between the Figuren this section and thEiguresin section3.4.2.1shows superiority for

the original forms of REKF and RSVSHKhe Multi-Filter version of the algorithms
diverges in the most of the cases. The algorithms converge only with a specific-ratio

for the REKF_MFand with a high value of for RSVSF_MFas shown irFigures3-16

and 3-17 respectively. When the scale colors are focused on the régheess ratehe
effect of the - ratio becomes more visible as rteates a plane of convergence in

Figure 3-18 Similarly in Figure 3-19, the colors become more descriptive of the
performance across different h- values for the high] value. For a better angle,
Figure3-20 shows the same chart from another angle. It shows a colorful representation
to the theory introduced if¥] that — can substitute the effect of while shortening

the training time. In other words, for the same value, the performance is dictated by
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— values are the diagonal linesHigure3-20, and from the

color scale they have similar performance levels.

Table3-1X Best validatiorsuccess ratr Multi-Filter version

REKF_MF RSVSF_MF
REKF_MF best validation accuracy RSVSF_MF best validation accuracy
Full s .
range of
0.7
success| ; ** s \
rate | | o | o2 0
(the o
CO|Or 10710 03 ! \ 03
1010 . 1010
represent ool 1
S the 10° X 105 10 05
10 1 1
success P values 101° 4o Q values * Epsai values 1010 0 Gamma values 0
rate
result) Figure3-16 REKF_MF best validation| Figure3-17 RSVSF_MF best validatior
success rate success rate
REKF_MF best validation accuracy RSVSF_MF best validation accuracy
E 0.978 L<U_>§ 0.948
Rescaled
color bar
1010 1 -
P values 10710 495 Q values Epsai values 101 o Gamma values
Figure3-18 REKF_MF best validation| Figure3-19 RSVSF_MF best validatio
success ratgolor rescaled) success ratéolor rescaled)
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RSVSF_MF best validation accuracy

0.953
0.952
2 0.951
0.95
1.8
0.949
1.6 4 0.948
0.947
1.4
0.946
-10
10°
0.8 0.6 0.4 0 1010

Eta values

0.944

0.2 Epsai values
Gamma values

Figure3-20the opposite angle &figure3-19

3.6.2 Transient validation success ratéor REKF_MF and RSVSF_MF

Similar to sectior8.4.2.2 the trarsient results othe Multi-Filter versiors are presented
Figures3-21 and3-22 show that the transiéperformance can still be measured from 20

to 25 seconds. This allows comparing the results with the original forms result in
section3.4.2.2 In the same Figures also it is easy to spot one main difference between the
original forms and the Mulversion forms. This difference is that some Miilter trials

were unstable and diverged in the very beginning of the training.
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REKF_MF filters validation accuracy
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Figure3-21 REKF_MF validationsuccess rat¢ Figure3-22 RSVSF_MFvalidationsuccess
with time ratewith time

Figures3-23 to 3-28 show the transient performance of the M#ilier version of the
algorithms Figures3-23and3-24s how t hat only few vari-ati ons

line with the best validatioauccess rateesults.Figures 3-25 and3-27 show that weather
time or epoch based, the transient performance is similar across theio converging

plane.Figure 3-26 shows the advantage of using to increase the performance of the
RSVSF_MF optimizer instead of as this reduces the required extra forward calculation

for the a posteriori erroFigure 3-28 shows the transient performance equivalence for all

the variations that have the samel — value. Thesevariations are the diagonal
optimizers and it can be seen that they have the same colors which means the same

performance.

Table3-X Transientvalidationsuccess ratior both REKF MF and RSVSF_MF

REKF_MF RSVSF_MF
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