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Abstract

MULTI-DIMENSIONAL EVOLUTIONARY ALGORITHMS FOR TRAINING NEURAL
NETWORKS WITH HETEROGENEOUS ARCHITECTURES IN PRICING OF AMER-
ICAN STYLE OPTIONS

Andrew Clinton Sharp, PhD
George Mason University, 2016

Dissertation Director: Dr. James Gentle

A common problem in training artificial neural networks is determining the optimal
network architecture for the particular problem. An ontology is presented that allows for
the generalization of the multi-dimensional differential evolution (MD-DE) algorithm in
training an ensemble of neural networks with heterogeneous architectures. This generalized
algorithm is referred to as the multi-dimensional evolutionary algorithm (MD-EA) since
it provides a framework for performing any of the evolutionary optimization algorithms
such as differential evolution or genetic algorithms on neural networks with heterogeneous

architectures.

The original MD-DE algorithm and three variants are compared using a set of six
representative functions while varying several parameters such as numbers of hidden nodes
and size of the training population. These representative functions contain a wide array
of potential function behaviors including polynomial, trigonometric, discontinuous, non-
differentiable, and a finite singularity. A random sample from a Poisson distribution is
used to construct an ensemble of single and multi-layer neural networks with heterogeneous

architectures that are then used to evaluate the proposed algorithms’ performance.



An artificial neural network (ANN) training algorithm is presented that leverages any
of the f-divergences as well as test statistics such as the Kolmogorov-Smirnov (K-S) or
Anderson-Darling (A-D) as potential objective functions. These objective functions are
chosen for online training of ANNs with a single observation at each time interval. The
K-S statistic is further explored as a non-differentiable objective function for ANN training
in online learning. This statistic is used to ensure convergence in the distributional sense
for the learning of the conditional probability distribution of an input time series. Using
the K-S statistic allows for the assumption of stationarity in the underlying model to be
removed. Least squares Monte Carlo (LSM) is used to demonstrate the networks’ ability
to learn the appropriate dynamics of simulated arithmetic and geometric Brownian motion
(GBM) processes.

The LSM algorithm estimates the American style option price of an asset following
a known process. The known process is replaced by the learned conditional probability
distribution output from the neural networks and is used to generate many sample asset
price paths. It is shown that the variance in the estimated LSM price is due to the variance
of the estimated parameters using a finite number of observations from a single price path

realization of the underlying stochastic process.



Chapter 1: Introduction

Using artificial neural networks to learn a particular behavior of interest is typically accom-
panied by several issues related to the architecture of the networks, type and properties of
the objective function, and determining if the underlying process to be modeled is constant
or dynamic. A novel algorithm is presented that extends an existing multidimensional dif-
ferential evolution algorithm to a larger class of optimization algorithms. The nature of this
algorithm allows for the definition of an overall complexity parameter that sets the number
of parameters to be used within a neural network. This parameter may remain constant or
may be continuously controlled during run time.

By controlling the expected value of this complexity parameter instead of setting a spe-
cific neural network architecture, the trained networks are allowed to add or remove nodes
and layers implicitly in response to the problem. Combining this controllable parameter for
model complexity with a suitable optimization algorithm along with a growing and pruning
algorithm allows for a heterogeneous population of neural networks to train and adapt to
a potentially changing underlying process. This allows the user to change error functions,
merge in new hidden node types, add or remove new models to the ensemble, and contin-
uously change the overall complexity of the problem without having to restart the models’
learning. A pre-run exploration phase to determine an optimal network architecture is also
no longer necessary.

The models are in particular in this dissertation used to learn the conditional probability
distribution of an underlying asset price process in an online learning fashion. Data is
presented to the model as it is observed and only used for a time window of a particular
length (this time window need not be constant). Applications for this algorithm apply to
any online learning problem where the underlying process may not be constant such as

for financial assets, animal migrations, and real time controls for industrial processes. To

1



verify the learning of the ANNs, least squares Monte Carlo is used to estimate American
style option prices based upon the final learned ANN models with respect to the underlying

process.

1.1 Objectives

Taking advantage of the advances in the fields of machine learning and optimization al-
gorithms, a method is proposed that seeks to learn the underlying model of a process’
dynamics. The first objective is to improve and expand upon an existing optimization al-
gorithm for training heterogeneous single layer neural networks. In particular the objective
is to remedy inefficiencies in the existing optimization algorithm that prevent training of all
hidden nodes in certain populations of networks. Secondly, this algorithm will be extended
to apply to the more general class of all evolutionary algorithm type global optimization
methods while simultaneously being expanded to include multi-layer neural networks.

Since the optimization algorithm is extended to a larger class of algorithms, an ontology
needs to be devised to describe the different algorithm variants. These variants provide
different mechanisms for normalizing neural networks with heterogeneous architectures prior
to the application of any of the evolutionary algorithms for optimization.

The last objective is to show how various objective function such as f-divergences and
test statistics such as the Kolmogorov-Smirnov (K-S) and Anderson-Darling (A-D) test
statistics may be used to train and evaluate a model’s performance when learning a process’
conditional probability distribution without the assumption for stationarity. The least
squares Monte Carlo (LSM) algorithm is used to estimate American style option prices for
simulated asset prices based upon the learned process by an ensemble of neural networks.
Many realizations of this problem are run to measure the performance of the algorithm for

two different processes.



1.2 Motivation

In financial derivative markets, consistency is the property that the financial derivatives
are priced according to the dynamics of the underlying financial assets. When derivative
prices differ from the fair market value according to a no-arbitrage principle the market is
said to be inconsistent. Consistency ensures that no arbitrage exists since the options are
perfectly priced. These price differences may be attributed to inefficiencies in the overall
market or irrational actors forcing prices higher or lower than the optimal price. Therefore,
determining the “correct” derivative price is essential even though the true dynamics of the
underlying financial assets is unknown.

When modeling financial assets, it is well known that the underlying stock process is
not constant and is continuously changing in response to market behavior. It is difficult to
assess a neural network’s performance in an online training setup with a dynamic underlying
process. Secondly, even if an assumption can be made that the process is constant there
is a time consuming exploration phase that involves testing various model architectures to
determine which is optimal. A neural network training algorithm is needed that does not
require the underlying dynamics to be stationary.

Prior to training an artificial neural network to learn the conditional probability dis-
tribution of the underlying asset prices, it is necessary to define an appropriate metric to
measure a network’s performance during training. This metric must be capable of gener-
ating a feedback signal of network performance based upon a network’s output estimate of
the true conditional probability distribution of the underlying asset with respect to a single
observation of asset prices at each time interval.

Also, a statistic is needed that is able to measure a model’s ability to learn and respond to
not only a possibly changing underlying process, but to respond to a conditional distribution.
Tests such as Kolmogorov-Smirnov and Anderson-Darling provide statistics to evaluate the
difference between two different distributions. An optimization algorithm is required that
is capable of handling these non-differentiable test statistics as well as potentially changing

network architectures during training.



1.3 Innovations and Contributions to Field

In this dissertation, I will develop a novel method for learning a process’ conditional prob-
ability distribution using a heterogeneous neural network trained via a global optimization

algorithm.

1. An ontology is introduced to describe the various transformations and relationships

between two neural networks.

2. A continuously tunable parameter for the complexity of an ensemble of neural net-
works is introduced in this dissertation. This parameter may be changed during
training without restarting the models’ training and may even be connected to an

external control algorithm.

3. Improvement and extension of an existing multi-dimensional differential evolution al-
gorithm for training heterogeneous single-layer neural networks have been made to
allow for efficient training of an arbitrary collection of neural networks with hetero-
geneous architectures. These same algorithms may be adapted to work for genetic
algorithms or if the underlying process is stationary, then particle swarm optimization

as well.

4. Three variations of the MD-DE algorithm are presented in this dissertation and com-
pared against the original MD-DE algorithm. Two of these variations were created to

rectify theoretical pitfalls of the original algorithm.

5. F-divergences and test statistics such as Kolmogorov-Smirnov and Anderson-Darling
test statistics are studied and evaluated in this dissertation as valid objective func-
tions for learning of conditional probability distributions in an online learning setting.
In particular, the Kolmogorov-Smirnov test statistic is used to evaluate a model’s

learning in an online learning setting.

6. The LSM algorithm is used to estimate American style option prices based upon



forecasted paths from the learned ensemble of neural networks with heterogeneous ar-
chitectures. It is shown that a large variance in the output price is due to the variance

induced from estimating parameters from a finite sample of a single realization.

. ANNs are shown in this dissertation to be capable of learning asset price dynamics
from a single realization of two different simulated processes. Training performance

of these ANNs are analyzed and found to be within theoretical limits.



Chapter 2: Background and Literature Review

Prior to the presentation of the unique works in this dissertation, it is necessary to pro-
vide introduction of basic material background. Knowledge of this background material is

required to understand and appreciate the works presented later in this dissertation.

2.1 Evaluating Market Consistency

Evaluation of market consistency is done by using the prices of either the financial assets
or derivatives to construct a pricing model of the other. Previous work has been done
by Bates (1995) and Bakshi et al. (1997) in evaluating market consistency by assuming
a parametric model for the dynamics of the underlying asset prices and calculating the
associated European option prices. This is usually done via parameter estimation using a
time series of the underlying asset prices. I will focus on estimating the underlying asset
dynamics using very few assumptions and then checking consistency of the derivative prices.
I expand upon these works in two ways. First, I will take into account the difference induced
by the use of American style options which was not done in previous literature. Secondly,
I will use artificial neural networks (ANNs) to learn the dynamics of the underlying price
process based upon the process’ time series and use these dynamics to price American style
options. Work has been done in using a time series of the price process to estimate the
associated option prices such as that done by Chernov et al. (2003) and Makridakis (1989)
with good results.

There are many ways that ANNs can be used to generate predictions of asset prices.
The pricing data may be ingested directly into the ANN as used in Panigrahi et al. (2013),
Donaldson and Kamstra (1996), and Dhahri and Alimi (2006) or used to estimate various
parameters that are then ingested into the ANN as used by Dindar and Marwala (2004),

6



Bennell and Sutcliffe (2004), and Chernov et al. (2003) or use the ANN to transform an input
distribution as used by Magdon-Ismail and Atiya (2002). I am proposing to use an ANN to
learn the underlying price process dynamics using an input time series. This will allow for a
non-parametric learning of the asset’s conditional probability distribution. Having an ANN
that has learned the asset’s conditional probability distribution allows for the generation
of Monte Carlo paths of asset prices as needed in the calculation of American style option
price estimates as used by Tompaidis and Yang (2014) and Longstaff and Schwartz (2012).

Bennell and Sutcliffe (2004), Huang et al. (2005), Bortman and Aladjem (2009), and
Dhahri and Alimi (2006) point out some of the difficulties in using ANNs to model time
series data such as slow convergence, local minima, differentiability of output, and num-
ber of hidden nodes. While the back-propagation method proposed by Rumelhart et al.
(1986) is easy to implement, it is susceptible to slow convergence and convergence to local
minima. Radial basis functions (RBFs) have been shown by Wu and Wilamowski (2013)
and Xie et al. (2011) to converge faster and more robustly than typical sigmoid nodes.
Previous work has also been done by Elanayar V. T. and Shin (1994) in using RBFs to
model stochastic dynamic systems. Optimization algorithms such as Nelder-Mead simplex
optimization algorithm and meta-heuristic optimization algorithms such as particle swarm
optimization (PSO) or differential evolution (DE) are capable of training almost any type
of ANN. Meta-heuristic optimization algorithms in particular alleviate the issues associated
with output differentiability and are more robust to finding global minima based on the
simultaneous evaluation of many trial solutions and introducing a random exploration com-
ponent within the algorithm. Differential evolution will be used in this work based upon
the work of Vesterstrgm and Thomsen (2004) that shows that DE is more robust than other
meta-heuristic optimization algorithms in avoiding local minima. By combining DE in the
optimization of weights in an RBF ANN with a growing and pruning algorithm developed
by Huang et al. (2005) and Bortman and Aladjem (2009) removes the issue of a priori setting
the number of hidden nodes. However, this brings up the problem of using an optimization

algorithm with ANNs of differing sizes. Dhahri et al. (2012) has developed an algorithm
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to train ANNs with varying number of hidden nodes using DE called muti-dimensional dif-
ferential evolution (MD-DE). However, MD-DE has a drawback in that ANNs with more
nodes (relative to the rest of the ANN population) are restricted to a subspace during the
optimization process. I am proposing a new algorithm that removes this constraint. Also
provided are convergence rate plots for the two MD-DE methods (original and proposed
variant).

Lastly, as pointed out by Bennell and Sutcliffe (2004) it is possible for a ANN modeling
a complex dynamical system to perform better in different regimes of the underlying asset’s
behavior. Therefore, the asset’s conditional probability distribution will be learned. This
distribution is conditional upon the asset’s current price as well as the price history. This
allows for conclusions to be drawn about the overall dynamics instead of the prices in a
particular price range. Estimated models of the asset’s price dynamics allows for algorithms
such as least squares Monte Carlo to be used in estimating the American style option prices.
Comparison of estimated option prices with observed option market prices will then provide

insight into market consistency.

2.2 Learning Methods

Choosing an appropriate training algorithm for the optimization of parameters within an
ANN is based upon the type of learning being performed. Learning is referred to as the
ANN’s response with the goal of better approximating or estimating the observed data.
There are several major types of learning based upon the method that the ANN is exposed

to the observed data.

2.2.1 Supervised Learning

Supervised learning is a method where the model generates a prediction, and then that
prediction is compared with some known or desired response or outcome. The difference

between the given model response and the desired outcome is used to generate an error



that is used as a feedback mechanism for model training at each iteration. A key feature of

supervised learning is that the “correct” solution is known at each iteration.

2.2.2 Reinforcement Learning

Reinforcement learning is usually associated with some unbounded optimization problem
where the optimal response is not known but instead the goal of the model is to optimize
some fitness function of the output. An example of this would be for a model to optimize the
likelihood that a user will click on a particular website, or maximize the monetary output

from some game where the mechanics are unknown such as with slot machines.

2.2.3 Unsupervised Learning

Problems that mainly center around clustering data into various categories are unsupervised
learning. The evaluation of correctness is usually only used for verification purposes and

not for model training.

2.2.4 Ensemble Learning

Ensemble learning methods combine results of multiple learning methods to achieve better
performance relative to some objective function. A common example of ensemble learning
is training multiple models on different subsets or realizations of training data. K-fold cross-
validation is an ensemble method that seeks to minimize overfitting to data by partitioning

the data set into K sets and training K models on K — 1 of the sets.

2.3 Training Methods

2.3.1 Batch Training

Batch training is when the model generates predictions for multiple input data and the
feedback error is aggregated together for all the data used in the batch. This can be done

for any number of input data points from a single point to all the data (both extremes).



2.3.2 Online Training

Due to the nature of the data and market dynamics, the ANNs will be trained in an online
fashion where the data is processed a single time in the order it was collected. This is done

to ensure consistency and provides several interesting twists:

e It allows the models to learn the behavior of the market dynamics without the as-

sumption of stationary behavior i.e. the model is allowed to change over time.

e Since the models only have a single pass at the data to learn, the models must be able

to learn “quickly”.

e At each iteration, parameters within the asset models are updated and used in a single

update step of the ANN parameters.

2.4 Growing and Pruning

Growing and pruning algorithms are used when it is desired to add or remove hidden
nodes within a network during training. This may be done for multiple reasons including
adding variability to the problem or removing redundant nodes to decrease number of
trained parameters and increase training efficiency. Another reason for using growing and
pruning algorithms is if the underlying model dynamics have changed, which then requires
a different number of hidden nodes. The last point is centered around most problems
having an exploration phase where several different network architectures are evaluated to

determine the optimal or close to optimal architecture.

2.5 Time Series

Data sampled at regular time intervals can be viewed as a time series (data where the
order is important). Common examples of this type of data is financial data, weather

measurements, or counts over time of some event.
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2.5.1 Stationarity

A time series process is said to be stationary if the joint probability distribution is indepen-
dent of time. In the context of the problem proposed in this dissertation it means that the
conditional probability distribution of the underlying price process is independent of time.
A stationary process does not imply the process is constant, but instead is the same over

all time intervals.

2.5.2 Process Variance

It is usually desired for a process of interest to have constant variance. This arises from
the assumption of constant variance in many parametric models or inference techniques in
estimating parameters. When the process does not have constant variance, the process is

referred to as being heteroskedastic.

2.6 Kernel Density Estimation

Once a populations have been trained using an input time series and used to estimate prices
for American style options, the output is a single option price. Multiple runs using different
realizations of the underlying price process result in multiple samples from the distribution
of option prices for the given price process.

When it is desired to reconstruct a probability density function (PDF) from a collection
of observed data, one may assume a particular parameterized distribution such as Gaussian,
Poisson, Cauchy, etc. or pursue a nonparametric distribution. Kernel density estimation
(KDE) is a nonparametric method for reconstructing or estimating a PDF from observed
data by assuming that the true distribution is a mixture of many random variables called
kernels. KDE is used in this dissertation to compare the distribution of output parameters
with their theoretical distributions.

A common KDE method is to use a mixture of normal variables with mixture weight

N~! for N observations. The mean of these normal variables is taken to be the respective
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observed data. Finding an optimal variance for these kernels used in the mixture is a
well studied problem and is described in detail in Scott (2015), Silverman (1986), Turlach
(1993), and Bashtannyk and Hyndman (2001). Python’s scipy library contains a function
called stats.gaussian_kde that uses the method outlined by Scott (2015) as the default
bandwidth selection algorithm to be used in this dissertation.

A problem here is in reconstructing the actual distribution from a collection of points
sampled from that distribution. This is done by using Gaussian kernel density estimation

with optimal kernel bandwidth as described in Scott (2015).

2.7 Options

Options are a type of financial derivative that grant the holder the option but not the
obligation to purchase or sell an underlying asset at a given price within a given time
window. The agreed upon asset price and time window are known as the strike price and
exercise window respectively. A contract holder may choose to exercise the option contract
within the exercise window, if the contract is not exercised, it expires and becomes worthless.
Contracts that may only be exercised at the expiration time are known as European style
options and options that may be exercised at any time up to and including the expiration
time are known as American style options.

The two major types of options are puts and calls. Puts allow the contract holder to
sell a pre-set amount of underlying assets (usually 100 shares) at a given price known as the
strike. Similarly a call allows the contract holder to purchase a pre-set amount of underlying
assets at a given price. Both puts and calls may be of European or American style with
any strike price and expiration time. Less common types of options such as Bermudian
style options may be exercised at any of a finite number of pre-determined exercise times.
Another less common option are Asian options that have a conditional strike price based
upon the time averaged asset price.

Least square Monte Carlo algorithm (LSM) is an algorithm used in the pricing of Amer-

ican style options. LSM allows one to calculate American option price based upon any
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combinations of pricing rule sets for any process for which sample paths may be generated.
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Chapter 3: Artificial Neural Networks

Artificial neural networks (ANNs) are a powerful tool that are used to estimate a known
or unknown process based upon observed data. ANNs provide linear and non-linear trans-
formations of the data in a one-way function. These transformations enable ANNs to
approximate any function, provided there is enough training data, appropriate network
architecture, and a long enough training time.

There are many different types of neural networks and many different methods for
generating a feedback mechanism to be used in model training. For this dissertation a
specific type of feedback is used in training of the ANNs that implicitly evaluates network
learning. Evaluation of learning is necessary at each training step due to there not being

an assumption of stationarity in the underlying time series process.

3.1 Anatomy of a Neural Network

A neural network consists of three regimes called the input layer, hidden layer(s), and
output layer. Data is ingested into the model at the input layer, transformed at the hidden

layer(s), and output at the output layer.

3.1.1 Input Layer

The inputs to a neural network may be discrete or continuous and are considered to be
the exogenous data. Inputs may be anything from an observed time series, estimated
parameters, fitted data, output from other learning models, or samples from an observed

or estimated distribution.
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Time Series Input

Any process that generates output data over time is generating a time series. Typically
time series data is evenly spaced in time, but need not be. In financial markets, the price
of an asset or derivative is dependent on time and the prices over time create a time series.
Many models exist for analysis of this time series data, in particular auto-regressive moving-
average (ARMA) and auto-regressive conditional heteroskedasticity (ARCH) models.
Instead of performing an analysis on the time series directly to fit a model of a particular
type, an ANN may use the time series as an input to learn the appropriate model. Time
series and predictive ANN models are used to approximate or learn the same asset behavior,
namely the conditional probability distribution of the asset prices at the next time interval.
Both models may additionally be applied to learn the conditional probability distribution
for a finite number of intervals in the future, called forecasting. A huge amount of literature
exists for both time series models ARMA and ARCH as well as using ANNSs for forecasting of
time series as shown by Donaldson and Kamstra (1996), Dhahri and Alimi (2006), Shumway

and Stoffer (2010), and Hafner and Manner (2012).

Estimated Parameter Input

Rather than inputting the raw data obtained from a particular time series, it is possible
to use ANNS to learn the conditional probability distribution of the data at the next time
interval by using estimated parameters. Parameters are estimated from a finite length
sliding window of time series data and used as the input to the ANNs. These inputs need
not be estimated from the same length of sliding window and several versions of the same
parameter estimated from different windows may be used.

Information contained in the raw time series data is used in the learning of the ANN
implicitly and may be used to reduce the number of input dimensions. A separate problem
arises in trying to identify the appropriate set of estimated parameters to use as input.
Using too many estimated parameters of the same type may add extra parameters to be

trained with little value in additional information. Estimated parameters should be chosen

15



to maximize the information they contain about the underlying dynamics of the time series
process.

For financial models, these estimated parameters may take the form of the parameters
within various time series and stochastic differential equation models. Common examples
of this would be the auto-regressive and moving-average terms within ARMA models as
well as drift and volatility within a geometric Brownian motion model. It is possible to use
parameters such as drift multiple times if they are derived from different windows, say 30,

60, and 90 day histories of the underlying asset price.

Distributional Input

Given a set of distributions from an assumed set of models, it is possible to use these
distributions as an ANN input via sampling of the distributions. Each distribution is treated
as a single input, with each sample of the distribution being one realization of that input.
Each training iteration uses a single independent sample from each respective distribution,
this random sampling is used to create a single realization of the output. Aggregation of
the output values may then be treated as output of a Monte Carlo simulation or as samples
from an output distribution as discussed further in Section 3.1.3. Python’s numerical library
numpy functions such as choice and bincounts allow a straightforward method to take

samples of these distributions.

3.1.2 Hidden Layer(s)

Nonlinear transformation of the input data occurs in the hidden layer(s) and may be done
via deterministic or stochastic activation functions. Typical examples of deterministic ac-
tivation functions are the sigmoid function, hyperbolic tangent, or radial basis functions
such as a Gaussian function. Stochastic activation functions introduce variability within
the data and can be used to generate a distributional output.

Non-linear transformations on the input data are done specifically in objects called

“nodes” that induce a transformation on the input data. Each node takes as input a
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weighted sum of the inputs from the previous layer, performs some nonlinear transformation
induced by an “activation function”. This activation function may be a sigmoid, hyperbolic
tangent, Gaussian, or any number of other potential functions. Output nodes may or may
not have an activation function associated with them. This is a parameter to be chosen
by the user. Each node may also have a “bias” associated with it. In the general case,
there is no restriction that each node have the same type of activation function or internal
structure.

Different types of ANNs may allow for internal feedback by allowing the activation
function output to be used as an additional input to any number of other activation functions
within the network. Other non-linear transformations may induce randomness to the output

via a stochastic bias or stochastic parameters within the activation functions.

3.1.3 Output Layer

The output layer is where the model output is generated or sampled. An output layer is

used to linearly or non-linearly combine the outputs from the previous (or other) hidden

layer(s).

Scalar Qutput

A common starting point for neural networks is the generation of scalar outputs that may
then be used to construct higher dimensional objects such as vectors, matrices, etc. ANNs
with scalar outputs generate a single output for each set of inputs. If the model is deter-
ministic, then each unique set of inputs will generate a single output. When the model
is stochastic, the inputs may be fed into the model multiple times to generate a different
output at each run. The output values are then used in combination with an objective

function to evaluate the model’s performance with respect to that input.

17



Distributional Output

Usually when a stochastic or probabilistic model is used, the goal is to generate an output
distribution. This distribution provides greater insight into the model’s performance by
providing additional information such as the variance and higher moments of the generated
output. Certain types of objective functions as discussed in Section 3.3 require the use of

distributional output.

3.2 Types of Neural Networks

There are many types of neural networks that have advantages and disadvantages depending
on the problem being solved. Some networks are designed specifically for distributional
output such as the mixture density networks described in Section 3.2.5, while some are
used to simulate memory within a system, such as with recurrent networks described in

Section 3.2.5. Some common neural networks are provided are

Multi-Layer Perceptron,

Cascading Neural Networks,

Recurrent Neural Networks,

Stochastic Feed Forward Neural Networks, and

Mixture Density Neural Networks.

3.2.1 Multi-Layer Perceptron

The most basic of all ANNs is the multi-layer perceptron (MLP), also known as the clas-
sic feed forward neural network. A diagram of a single layer MLP network with two in-
puts, three hidden nodes, and two outputs is shown in Figure 3.1. The MLP network is
easily trained by almost any optimization algorithm including back-propagation, Newton-

Raphson, particle-swarm optimization, and differential evolution.
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Figure 3.1: Exemplar diagram for MLP network.

3.2.2 Cascading Neural Networks

Starting with a a network that has a single hidden node, cascading neural networks (CNN)
as described by Fahlman and Lebiere (1989) are constructed by iteratively adding a special
hidden layer. This hidden layer is characterized by a single node that is connected to all
previous nodes and all network inputs. Parameters within each node are trained via any of
the training methods described in Section 3.3 until the best single node is given. Weights
and internal parameters for each node are kept constant over the life of the model. Each
subsequent node is added in this fashion taking the outputs from all previous nodes (and
network inputs) as input. An example CNN is given in Figure 3.2 with two outputs and
one output. The two hidden layers contain one hidden node each and receive input from

all inputs and previous hidden nodes.

3.2.3 Recurrent Neural Networks

A neural network where each hidden node takes as input the output from all hidden nodes
including itself is referred to as a recurrent neural network (RNN). These networks allow
for the output of the hidden layer nodes to be treated as inputs to nodes in that same
layer. This feedback type allows for “memory” within the model and is usually used for
continuous time models. An example of an RNN is given in Figure 3.3 for a network with

two inputs, two fully connected hidden nodes, and two outputs.
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Figure 3.2: Exemplar diagram for cascading neural network network.

o( \e
AL
<&

Figure 3.3: Exemplar diagram for recurrent neural network.

3.2.4 Stochastic Feed-Forward Neural Networks

Stochastic feed-forward neural networks have stochastic node weights. The means and
variance of these weights are included as additional model parameters to be learned. The

limitations of this network are analogous to those of mixture density networks.

3.2.5 Mixture Density Neural Networks

Mixture density neural networks (MDNN) use a traditional neural network to estimate the

mean and variances of Gaussians used to reconstruct an output distribution. This gives
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an output distribution implicitly. Parameters from any parameterized distribution may be
learned this way. This network was successfully used by Dalziel et al. (2008) to determine
the movement kernel associated with tracking animal movements. The movement kernel is
the distribution of the animal’s next observed position conditional upon its current position.

Learning the conditional probability distribution for the price of a financial asset is
equivalent to learning a conditional movement kernel for animal migrations. The successful
application of MDNNs to the related animal migration problem is the main reason that
MDNNSs are exclusively used in the remainder of this dissertation. A secondary reason
for using MDNNSs is their ease of use and computational similarity to classic multi-layer

perceptrons.

3.3 Training Neural Networks

Training of neural networks is done via an objective function that is used to evaluate how
well a given neural network is performing against some desired response. Further discus-
sion will assume supervised learning is being used with a distributional output and scalar
observed data. For distributional output, the objective function may use the likelihood of
the output distribution, LP norm, a f-divergence measure, or functions of meta-parameters
such as measures of network complexity. The objective function may also penalize against

undesired behavior as used in regularization.

3.3.1 L? Norm Objective Functions

Given a network’s output distribution A with respect to a given set of inputs, it is necessary
to evaluate this distribution with respect to a single scalar observed data point. LP norms,
with p > 0, allow for the evaluation of a distance between the output distribution and
observed data. This is illustrated in equations (3.1) and (3.2) by taking the expected value
of the distance between the observed data y and a sample from the output distribution
and is referred to as the L error. This error, &, takes the same dimensional units as the

observed data. It is shown in the subsequent subsections that the L', L?, and L® norms
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are not an appropriate choice in objective function for this particular problem.

& = E [IIA—yHP} (3.1)

= /_00 A(z) (2P — yp)% dx (3.2)

L? Norm

A common choice in objective functions is the L? norm. However, for the particular setup
as described in this dissertation (distributional output with scalar observed data), this
norm is not appropriate. The proof described in equations (3.3) - (3.9) shows that an
objective function that seeks to minimize the L? norm will cause the variance of the output
distribution to collapse to zero.

Assume that there are two functions, f and g with equal mean p and different variances

such that Var (g) < Var (f) evaluated with respect to some observed value ¢, then:

Var (f) = /OO (x —p)* f () da (3.3)

—00

_ /Oonf(x)dx2u/wxf(x)dx+u2/oof(m)dx (3.4)

—00 —00 —00

= /OO 22 f (x) dx — p? (3.5)

—00

= /OO (x—c+e)? f(x) - p? (3.6)

—00

= /_oo (x—c)2f(a:)da:+2c/_oo (x—c)f(:z)dx+c2/_oo f (x)dx — p*(3.7)
= L’ (fic)+2cu—c —p? (3.8)
= L*(f;¢0) = (c—p)? (3.9)
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Therefore, for any given function f, a delta distribution with mean equal to that of f
has a lower L? error. If we assume that there exists another distribution with a different
mean, then a delta distribution at that new mean has lower L? error. We can then assume
that an optimization method will converge on the ANN parameters such that a distribution
with a mean that minimizes the L? error and a zero variance will be reached and thus be

unusable.

L' Norm

Using the L' error as an objective function on a neural network that generates a distribu-
tional output is not appropriate based upon a proof similar to that for L? error. This type
of objective function causes the variance of the output distribution to collapse to a Dirac

delta distribution with zero variance.

L* Norm

Per the definition of the L°° norm, which is based upon the maximum distance between the
observed data and any point within the output distribution, this norm is not appropriate.
Since the output distribution is not compact, and is in fact non-zero almost everywhere,
this maximum distance will always theoretically be infinite. Simulations using this objective
function may appear to work due to the finite number of output distribution samples and

thus the finite maximum distance relative to the observed data.

3.3.2 Likelihood Objective Functions

A second choice of objective function is one based upon the likelihood of the output pa-
rameters with respect to the observed data. This objective function seeks to maximize the
likelihood of the model with respect to the realized value of the true conditional asset price
distribution. This is simply the output distribution A evaluated at the realized price y.
For mixture density neural networks, the output parameters are the mean, variance, and

mixture coefficients for a set of Gaussian distributions A'. Evaluation of the likelihood L for
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a mixture model with NV Gaussian modes is simply the sum of the likelihood of the mean u
and variance o2 from each Gaussian mode weighted by its mixture coefficient m; as shown

in equation (3.10).

N

L (Mz’,U@Z;OCi) = Zmi/\f (,u,-,a?;a:i) (3.10)

=1

3.3.3 F-Divergence Objective Functions

Objective functions that use an f-divergence measure as developed by Csiszér (1963) are
based upon some measure of difference between the desired and observed distributions.
For two distributions @) and P defined over some domain 2, the f-divergence measure Iy
is defined as in equation (3.11) and is always non-negative. The choice of the function
f in equation (3.11) leads to different special cases of f-divergence measures such as the

Kullback-Leibler divergence, total variation distance, x? divergence, and Hellinger distance

as shown in Osterreicher (2002).

I;(PQ) =) pa)f (qm) (3.11)

fert p(z)

Kullback-Leibler Divergence

Similar to the K-S test statistic, the Kullback-Leibler (K-L) divergence is a measure of
the distance between two probability distributions P and @ as shown in equation (3.12).
The true or known distribution is usually expressed as P since the K-L divergence is not
symmetric. Since the two arguments in equation (3.12) are the two distributions being
compared, it is necessary to convert the distributions in the same method as done prior to
using the K-S test with a non-constant underlying model. The K-L divergence may also
be interpreted as the number of extra bits needed to encode a signal ) with a method

optimized for the distribution of P.
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> p(z)
IKL P,Q :/ p\x log dx 3.12
(P = [ p@)egt (312
The K-L divergence is expanded to higher dimensions by definition of multidimensional

integrals and a multidimensional probability distribution.

Other f-Divergence Measures

Other less commonly used f-divergence measures include the total variation distance shown
in equation (3.13), y?-divergence shown in equation (3.14), and the Hellinger divergence
shown in equation (3.15). These other measures are equally applicable as objective functions
in training ANNs as the K-L divergence, but are simply less widely used. Each of these
measures are expanded to higher dimensions via the definition of multidimensional integrals

and multidimensional probability distributions.

Tvar (P,Q) = /Q Ip(2) — ¢ (x)| dz (3.13)
2
I»(P,Q) = /Q de (3.14)

Q) = [ (/i@ —JM)Z(M)é (3.15)
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3.3.4 Test Statistic Objective Functions

The benefit of using a test statistic objective function is that the resulting test statistic may
be used as a metric to test if the learned output distribution is sufficiently different from
the true distribution that generates the observed data. Test statistic objective functions are
not a common choice of objective function based on my literature review, but provide the
exact attributes required for testing if the trained ANNs are learning the true conditional

probability distribution of the underlying process.

Kolmogorov-Smirnov Test Statistic

The Kolmogorov-Smirnov (K-S) test statistic in conjunction with the appropriate critical
values, provides a method to test if two distributions are sufficiently different from one
another. The K-S test statistic as shown in equation (3.16) is similar to the total variation
distance of the probability measures if F;, and F' were two probability distributions instead

of the CDF's and is equivalent to the L° metric for CDFs.

Dn = sup |Fy () = F ()] (3.16)

For a conditional model with a known output distribution, it is possible to perform a
transformation based upon the cumulative density function of the output distribution as
described in Section 3.4.2 to transform the realization of the output to a realization from
a uniform distribution. The key assumption here is that the CDF is correct with respect
to the actual mechanics of the problem. Assuming this is correct, the K-S statistic gives a
measure of the probability that the transformed points could have been sampled from a true
uniform distribution. When the estimated model begins to diverge from the actual model,
the K-S statistic will decrease, signifying that the model is diverging. By evaluating this
statistic at each iteration, the resulting model is trained such that the CDF of the output

distribution more closely resembles that of the correct model.
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Anderson-Darling Test Statistic

It has been shown by Anderson and Darling (1952) and Stephens (1986) that the K-S test
is not appropriate for small numbers of observations due to a lack of sensitivity in the test.
The Anderson-Darling (A-D) test is essentially a equivalent to the K-S test but is more
sensitive at lower numbers of observations. Since the A-D test is usually performed against
the uniform distribution, the expressions in equations (3.17) and (3.18) show that the A-D

test statistic is a function of the empirical CDF & of the observed data Y;.

A? = —n-8 (3.17)
5 = 3 (@ () (- (V)] (318)
=1

3.3.5 Regularized Objective Function

Regularization is characterized by a function that seeks to maximize some behavior of
interest with an additional penalty term. This penalty term may penalize against any
undesired behavior and need not be differentiable or even continuous. A possible form of a
regularized objective function for distributional output would be a function that maximizes
the likelihood of the observed data relative to the output distribution and penalizes for
complexity within the ANN. Other potential forms may be a function of the likelihood with

a LP error term that penalize for large variance.

Akaike Information Criterion

For problems with a constant neural network architecture, minimizing the Akaike informa-
tion criterion (AIC) is equivalent to maximizing the likelihood. AIC described in Shumway
and Stoffer (2010) is shown in equation (3.19) provides a method to maximize the output
distribution’s likelihood L while simultaneously penalizing for model complexity, which is
an example of a regularized objective function. Here, model complexity is defined to be the
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total number of parameters to be optimized k such as model weights, mixture coefficients,
etc. When the network architecture is allowed to change, AIC provides a metric to evaluate

the trade off between complexity and accuracy.

AIC = 2k — 2log (L) (3.19)

Corrected Akaike Information Criterion

For small sample sets, the corrected Akaike information criterion (AICc) may be more
appropriate. As shown in equation (3.20), the AICc adds a correction term to the tradition
AIC. As described in Cavanaugh (1997), this correction term is introduced to correct for
small numbers of observed data and is a function of both the number of data points n used
and the number of model parameters k£ in the model of interest. It is important to note
that the AICc converges to the traditional AIC as the number of data points increases to

infinity, and as such is more applicable to situations with few data points.

2%k (k + 1)

AICc = Al
Ce C+n—k;—1

(3.20)

Bayesian Information Criterion

The Bayesian information criterion (BIC) provides an alternative metric to evaluate model
complexity with respect to the model’s performance. Like the AIC and AICc, the BIC is a
Tikhonov objective function that seeks to maximize the likelihood of the output distribution
with a penalty for model complexity. Unlike the AIC, the BIC penalty term is a function of
both the number of data points n and the number of model parameters k. When comparing
two models, a lower BIC implies a more parsimonious model. Work has been done by Yang
(2005) and Burnham and Anderson (2004) to compare the advantages and disadvantages

of the AIC and BIC.

BIC = —2log L + klogn (3.21)
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3.4 Evaluation of Learning

For the problem of interest in this dissertation, the correctness of the output distribution
with respect to the true conditional probability distribution of the underlying process may
only be verified by a single observation from the true distribution. The difficulty arises
because the output distribution is conditional upon the input data for the ANN, which
changes at each iteration. Statistically verifying the correctness of a distribution from a
single observation is highly unreliable due to the extremely small number of observations.
Therefore, evaluation of the models’ learning requires a method to incorporate observations

from previous time intervals with respect to their different output distributions.

3.4.1 Training Conditional Distribution Models

When building conditional models it is necessary to validate the correctness of the underly-
ing model with respect to observed data. Typically the model may be run numerous times
to allow for multiple realizations of observations that may then be used for the estimation of
the true distribution via a non-parametric approach such as Gaussian kernel reconstruction.
However, in the case of real time series applications, only a single realization is possible for
each time interval. An example of this is in financial markets where a single price of an
asset is given at any given time and cannot be repeated for the purpose of acquiring ad-
ditional data. This is because the observations are conditional upon the process at that
unique instance in time. Validating the performance of these time series models such as
auto-regressive moving-average (ARMA) models requires a special step to compare model

performance over time.

3.4.2 Converting Conditional Distributions

Objective functions that use a measure of the difference between two distributions such as
the f-divergence measures or the test statistic objective functions require a single estimate of
the true distribution for comparison. Since the true distribution changes at each iteration,

the following method is used to convert the conditional probability distributions and the
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single observations at each time interval onto a single constant distribution.

In Monte Carlo methods, it is usually sufficient to have a random number generator
that outputs samples from a uniform distribution. Samples from this uniform distribution
x are converted to the desired distribution g via the inverse of the CDF G as shown in

equations (3.22) and (3.23).

z ~ U[0,1] (3.22)

Q
IES
“

=

—

3

(3.23)

Using this starting point, samples = from a known distribution g may be transformed

to the distribution U [0, 1] by the use of the CDF G.

x ~ g (3.24)

1=

G) £ Ulo,1 (3.25)

This provides a method to convert the conditional probability distributions at each iter-
ation for any ANN into the uniform distribution on the interval [0, 1]. Similarly, the single
observation from the underlying process is transformed to a sample from the uniform distri-
bution, provided that the output distribution from the ANN is correct. Objective functions
that measure the difference between the two distributions such as f-divergence measures
or the test statistic objective functions presented in Sections 3.3.3 and 3.3.4 respectively
may now be used to evaluate learning. Furthermore, test statistic objective functions such
as the K-S or A-D test statistic provide a framework for testing if the estimated and true

distributions are sufficiently different from each other.
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3.4.3 Kolmogorov-Smirnov Test

For this dissertation, the K-S test statistic was chosen as the objective function to be used
for evaluating ANN performance based upon its ability to test if the estimated and true
distributions are sufficiently different, its computational simplicity, and because it is a well
known and accepted test. It should be noted that the following methodology is almost
exactly the same for the A-D test statistic with only with differences in the calculation of
the critical values.

The K-S test was designed for the purpose of determining if a set of samples are realiza-
tions of a particular known distribution. The null hypothesis Hy, shown in equation (3.26),
is that the samples are taken from U [0, 1] with the alternate hypothesis Hq, shown in equa-
tion (3.27), being that the samples are realizations of some other distribution. The rejection
of the null hypothesis Hy indicates that the ANN is not learning the appropriate dynamics

of the underlying process.

Hy:g = U|0,1] (3.26)

Hy:g # UJ[0,1] (3.27)

For a two-sided confidence test of size «, it is first necessary to calculate the critical
value K, and the Kolmogorov-Smirnov test statistic D,,. The critical value for a size « test
is calculated using the CDF of the Kolmogorov distribution as shown in equations (3.28)
- (3.30). Calculated values for the critical values K, are presented in Table 3.1 for 10, 20,
40, 80, and 160 samples at 90%, 95%, 98%, and 99% confidence. The critical values are
sometimes expressed as K, o, where the values K, are divided by the square root of the

number of samples n.
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Table 3.1: Kolmogorov-Smirnov test statistic critical values from O’Connor and Kleyner
(2011).

No. Trials  Koi0 Knoi0o Koos Knoos Kooz Knooz Koot Knoot

10 36866 11658 40925 .12942 45662 .14440 .48893 .15461
20 26473 .05920 29408 06576 .32866 .07349 .35241 .07880
30 21756 03972 .24170 .04412 27023 .04933 .28987 .05292
40 18913 02990 21012 .03322 23494 03715 .25205 .03985
80! 13640 01525 .15205 .01700 .16882 .01887 .18224 .02038
160" 09644 .00762 10752 .00850 .11938 .00944 .12886 .01019

2 —(2k —1)* 72
Pr(K<mz) = ~—— > exp (8332 (3.28)
k=1
Pr(K<K, = l-a (3.29)
o —(2k—1)*n?
K, = aig{l—a:x;exp <83;2 (3.30)

The Kolmogorov-Smirnov test statistic D, is taken to be the supremum of the difference
between the CDF's of the two distributions being compared. As shown in equation (3.31)
let G represent the CDF of the estimated distribution g that is output from the ANNs.
Within the K-S test, the two distributions being compared are the CDF of the estimated
distribution ¢g and the uniform distribution on [0, 1]. Therefore, the empirical CDF of the
first distribution is constructed by evaluating the CDF, GG, of the estimated distribution, g,

at the observed data points z; as illustrated in equations (3.32) and (3.33).
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G(x) = /$ g(s)ds (3.31)

—00
D, = sup G (s)ds — / Ujp, (s)ds (3.32)
= sup lzn: (G (z;)) —x (3.33)
vel01] n v [—00,z] 7 .
VD, < K, (3.34)

The null hypothesis Hy is rejected at significance level « in favor of the alternative if
the inequality in equation (3.34) is violated. Another interpretation of the rejection of Hy
is that the observed samples came from a distribution other than the true distribution.
However, if Hy is not rejected it is said that there is insufficient evidence to prove that
the distributions are different; and thus insufficient evidence to say that the ANN is not
learning the appropriate dynamics of the underlying process.

The plot in Figure 3.16 was generated by averaging the resulting K-S test statistic
from 200 simulations where equal numbers of random samples were taken from either the
standard uniform or standard normal distribution. This was done to illustrate the range of
values that are to be anticipated when using the evaluating learning within an ANN that

is using the K-S test statistic as an objective function.

3.4.4 Training Performance using K-S Statistic

Before the K-S test statistic may be used to train fitted Gaussian modes to streaming data,
it is necessary to confirm its performance against a few test cases using the methodology
presented in 3.4.3. The test cases are presented in equations (3.36) - (3.39) in increasing
complexity, and represent a variety of processes with Gaussian noise € distributed as de-

scribed in equation (3.35). The first two test cases are considered to be stationary processes,
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Figure 3.4: Information exchange rate for three parent vectors in evolutionary global opti-
mization algorithms simulated by Monte Carlo.

while the last two are non-stationary processes. Each test process was started with an initial
value of 100.0, however this was chosen arbitrarily since all four processes allow for negative

values.

e ~ N(0.05,0.2) (3.35)
fit) = e (3.36)
fo(t) = fot—1)+e (3.37)

f3(t) = cos (;>+e (3.38)

@) = fu (t—1)+1+ei(:((_22).02t) +e (3.39)

ANN performance against each of the four test processes in equations (3.36) - (3.39)

are respectively shown in Figures 3.5-3.8. In each case, 80 homogeneous single layer ANNs
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with 2, 3, 4, and 5 hidden nodes are trained over 300 iterations.
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Figure 3.5: Performance of K-S test statistic as fitness function for training single layer
homogeneous neural networks against the test function in Equation 3.5.

It can be seen from the plots, that in each case, the ANNs were capable of learning
the appropriate dynamics of the underlying process. In all four cases, the ANNs with only
2 hidden nodes diverged towards the end of training and approached the critical value
for 90% confidence in rejecting the null hypothesis. Critical values can be seen in Table
3.1 for 30 samples with 90%, 95%, 98%, and 99% confidence. This rejection is indicative
of the 2 hidden node networks inability to appropriately learn the conditional probability

distribution of the underlying process.
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Figure 3.6: Performance of K-S test statistic as fitness function for training single layer
homogeneous neural networks against the test function in Equation 3.6.
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Figure 3.7: Performance of K-S test statistic as fitness function for training single layer
homogeneous neural networks against the test function in Equation 3.7.
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Figure 3.8: Performance of K-S test statistic as fitness function for training single layer
homogeneous neural networks against the test function in Equation 3.8.
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Chapter 4: Determination of Model Dimensionality and

Complexity

A major problem when using ANNs is that the optimal architecture (number of hidden
layers and number of nodes per hidden layer) is not known a priori. This problem has been
pointed out by Dhahri et al. (2012), Rumelhart et al. (1986), Kiranyaz et al. (2014), and
Bennell and Sutcliffe (2004). This problem is resolved by performing an exploration phase
prior to the running of the real data. Issues may arise with this construct if the data is
received in a streaming fashion from a dynamic process as in online learning. If the optimal
network architecture is achieved, it would only be optimal relative to the state of the process
when the training data was generated. If the underlying process were to change significantly
from the previously learned process, the learned network performance will degrade. This
degradation will continue unless the learned network is capable of responding to a changing
underlying process. Therefore, it is necessary to derive a training algorithm that allows
for a non-stationary underlying process and provides the user a more flexible methods for
setting model architectures.

For this dissertation, a stochastic metaheuristic optimization algorithm will be used
for model training due to the flexibility it provides in allowable output type and objective
function. Particle swarm optimization and other swarm optimization type algorithms that
rely on a globally optimal solution obtained over previous iterations are not applicable for
problems with non-constant underlying processes and described further in Section 5.2.1.
Therefore, only evolutionary algorithms such as the genetic algorithms and differential evo-
lution algorithms will be considered further. Evolutionary algorithms such as GA and DE,
to be described further in Section 5.2.2 have the advantage that once the parameters to

be optimized are arranged into a single vector, either optimization algorithm may be used.
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The ordering of the parameters is not important so long as the same schema is used for
each network. This ordering is only important for the preservation of the micro-structure
associated with parameters within a given node as is described further in Section 4.1.4.
When considering models that are allowed to grow, shrink, or change architecture via
a growing and pruning algorithm, it is necessary to rectify having a heterogeneous pool of
candidate vectors within the optimization algorithm. To better understand the additional
steps that must be taken prior to information exchange and prior to trial vector evaluation
against the given objective function within evolutionary algorithms, an ontology needs to be

developed to describe the relationships between neural networks of different architectures.

4.1 ANN Dimensionality

For feed-forward ANNs, the dimensionality of the network refers to the number of hidden
layers and the number of nodes per each hidden layer. Consider a model with N; inputs
and N, outputs, these parameters are set in the definition of the problem and, for the rest
of this dissertation, assumed to be constant for the entirety of the network’s training. The

parameter Ny is used to refer to the number of hidden layers with Ny, referring to the

number of nodes in the k" hidden layer. An ANN may then be completely described using
a tuple of length 2 + N such that the first entry corresponds to the number of network
inputs, the next N entries correspond to the number of nodes per respective hidden layer,
and the last entry corresponds to the number of network outputs. Therefore, the exemplar

network shown in figure 4.2c may be described by a 4-tuple expressed as 2-3-2-2.

Figure 4.1: Representative 2-3-2-2 ANN with no bias.
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Additional constraints placed on the ANN dimensionality are imposed by the type of
ANN being considered. MDNNs require that the number of outputs be 2M + (M — 1) where
M is the number of output modes defined by the problem. The first 2M outputs are the
mean and variance for each output mode, while the additional (M — 1) outputs are used
as mixture coefficients. Transformations may be applied to the output values to allow for
simpler activation functions in the output layer nodes. An example transformation on the
output is to take the square of an output to ensure the output value is always non-negative
as used for outputs that correspond to the variance of each Gaussian mode in MDNNs.
Another transformation is squaring all output values for the mixture coefficients and then

scaling such that they sum to unity.

4.1.1 ANN Population Composition

When using metaheuristic optimization or ensemble methods, it is necessary to seed, train,
and evaluate multiple ANNSs for the same input data. This collection of models is called the
ANN population and may be homogeneous or heterogeneous. A homogeneous population of
ANNSs used in metaheuristic optimization or ensemble methods all have the same activation
function, input and output type, and network architecture. When any of these attributes
within the population are not the same for each member of the population, the population
is said to be heterogeneous.

In particular interest to this dissertation is the concept of a population of ANNs with
heterogeneous architectures; which refers to a set of ANNs where all the ANNs do not
have either the same number of hidden layers or the same number of hidden nodes per
each respective hidden layer. It is assumed that these ANNs only differ in the number of
hidden layers and hidden node per respective hidden layer, and not in the number of inputs,

outputs, or in the micro-structure within each node.
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4.1.2 Projection of ANNs

The parameters within an ANN to be optimized by some method may be organized into
an NN dimensional vector where each entry corresponds to a particular parameter within
the network. These parameters may be arranged into a vector in several different ways
depending on the numbering scheme being used. During optimization it is common to use
these parameter vectors as the object to be optimized. It is necessary for these vectors to not
only have a consistent ordering scheme, including the numbering scheme for the parameters
within each hidden node, but to also have the same length. This internal structure is a
direct result of the ANN structure being used. An optimization method such as differential
evolution involves the addition and subtraction of parameter vectors from three different
ANNSs, difficulties arise when these ANNs do not share an identical structure. Operations
such as node addition or node deletion are used to transform an ANN from one dimension
onto another, this transformation is called a projection. Using projection, an ANN may have
nodes added to or deleted from the network such that the resulting structure is identical to
that of the other ANNs being compared.

An ANN A is referred to as being in the subtractive projection of another ANN B if the
model A may be achieved by the removal of nodes from B. That is to say if nodes were to
be removed from the larger of the two models such that the small model is the result, then
the smaller model is a subtractive projection of the larger model. Figure 4.2 shows four
ANNSs of varying sizes that all have a 2-Np,-Np,-2 architecture. Using the networks shown
in Figure 4.2 network (a) is within the subtractive projection of networks (b), (c), and (d).
However, network (b) is only within the subtractive projection of network (d). From this
point, I will use the notation A C B to refer to a network A as being within the subtractive
projection of a larger network B.

Similarly, an ANN A is referred to as being in the additive projection of another ANN
B if the model A may be achieved by the addition of nodes onto B. Using Figure 4.2,
network (d) is within the additive projections of networks (a), (b), and (c) since all three

models must have nodes added such that their structure is identical to that of (d).
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Since a projection from one network onto another may not consist entirely of node
additions or deletions, it is important to note that a projection may be neither of these
types or both. The null projection of a network onto itself is both additive and subtractive
since it requires no node deletions or additions respectively. Conversely, the projection
of network (c) onto network (b) in Figure 4.2 is neither additive nor subtractive since it

requires both operations.

(c) 2-3-2-2 Network (d) 2-3-3-2 Network

Figure 4.2: Representative two layer ANNs with no bias.

4.1.3 Random Projection of ANNs

In Figure 4.2, nodes may be removed from network (d) to achieve the same architecture
as networks (a), (b), or (c¢). Considering the subtractive projection of (d) onto (c), the
resulting network is achieved by removing the first node of the second hidden layer within
model (d) resulting in a valid 2-3-2-2 network. However, the removal of the second or third
nodes within the second hidden layer of model (d) yields the same result. Each of the three
choices result in an equivalent resulting architecture, of type 2-3-2-2. Similarly, there are
nine possible projections of (d) onto (a).
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Consider two models with the same number of hidden layers, with model A being a
N;-ja-ka-N, network and B being a N;-jg-kp-N, network such that j4 < jp and ka4 < kp.
Then there are va A; B; possible projections. We reserve the option to randomly choose
one of these projections for a later discussion. Similarly, the additive projection of network
(c) within Figure 4.2 onto (d) may be achieved by the addition of a node prior to the first
node, between the two nodes, or after the second node. Each of these three models will

result in an equivalent network architecture.

4.1.4 Parameter Vector and Network Permutations

Without loss of generality, we will assume a counting scheme where we label the node
connections starting from the input layer to the first node in the first hidden layer, and
then from the first input to the second node in the first hidden layer, and so forth as
shown in Figure 4.3a. The final connection counted in this fashion would be the connection
between the last node in the last hidden layer to the last output node. Thus, adding a node
to the 2-2-2 may result in any of the renumberings shown in Figures 4.3b, 4.3c, or 4.3d.
The parameter vector to be optimized is a vector constructed by concatenating each
parameter tuple from the node connections in the order described above. At this point we
can then assume each connection as being a tuple of parameters needed to be optimized
and that the resulting 2-3-2 network to have any of the parameter vectors illustrated in
Figure 4.4. It is important to note that the nodes are added or deleted from the network,
the connections are recounted in the same fashion and the parameter vector reconstructed.
Therefore, the node addition and then subsequent node deletion will result in the param-
eter mapping shown in Figure 4.5. It is important to note that by changing the ordering
of the connections, the internal structure of the parameter vector changes while leaving
the vectors’ norm unchanged. This important fact allows one to then choose an arbitrary
counting scheme when labeling the internal connections and as such is then agnostic to the
ordering of the nodes in each hidden layer. Therefore, permuting of renumbering the nodes

within a layer has no effect on the model output.
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(c¢) Counting schema for 2-3-2 network. (d) Counting schema for 2-3-2 network.

Figure 4.3: Various types of client computer functions.

Resulting Parameter Vector During Node Addition

Within the current MD-DE algorithm developed by Dhahri et al. (2012), the candidate
solution being considered is always the smallest common additive projection of all three
parent vectors. As discussed above, when nodes are added or deleted, the node connections
are relabeled and the parameter vector is reconstructed. However, since we are adding a
node that has no functional influence on the model, the parameter vector is transformed as
shown in Figure 4.6a. The parameters associated with the added node(s) are inserted into
the parameter vector as zeros (in the appropriate vector positions dictated by the connection

counting schema).
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Figure 4.5: Flowchart of general multidimensional evolutionary algorithm.

Resulting Parameter Vector During Node Deletion

A MD-DE variant may then be proposed that always takes the largest common subtractive
projection of all three parent vectors. The parameter vector for a network that has a deleted
node is transformed as shown in Figure 4.6b.

4.1.5 Common Projections

When comparing two ANNs of differing dimension (but same number of inputs, hidden

layers, and outputs), it is necessary to project the networks onto a shared or common
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(a) Parameter mapping for addition of node 13. (b) Parameter mapping for deletion of node 13.

Figure 4.6: Various types of client computer functions.

projection. For example, when comparing networks “b” and “c” in Figures 4.2b and 4.2c
respectively, neither network is a projection of the other. It is then necessary to find a
projection that is common to both networks. This common projection is necessary when
performing parameter vector operations such as those within the differential evolution al-

gorithm.

Common Subtractive Projections

Every pair of networks being compared will have a common subtractive projection (meaning
a common projection achieved by only node deletions) since a network with zero nodes in
each hidden layer is common to every network. Therefore, we wish to find the largest
common subtractive projection that requires the least amount of node deletions amongst
all networks being considered. This projection may also be interpreted as the largest subset
shared between the networks. Since the measure of distance here is similar to the Hamming
distance (integer counts of nodes to be deleted), there may be more than one largest common

subtractive projection.
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Common Additive Projections

Similarly, every pair of networks will have an common additive projection (meaning a com-
mon projection achieved by only node additions) since a network with an infinite number
of nodes in each hidden layer is common to every network. As with common subtractive
projections, we wish to find the smallest common additive projection that requires the least
amount of node additions amongst all networks being considered such that the resulting

networks all have identical architectures.

(a) Largest common subtractive projection of  (b) Largest common subtractive projection of
networks show in Figures 4.2a and 4.2b. networks show in Figures 4.2a and 4.2c.

(¢) Smallest common additive projection of (d) Smallest common additive projection of
networks show in Figures 4.2b and 4.2d. networks show in Figures 4.2c and 4.2d.

Figure 4.7: Various types projections between networks of different architectures.

4.1.6 Measure(s) of ANN Complexity

Complexity of the ANN refers to the total number of parameters within the ANN. The
number of parameters for MDNNs without and with bias are shown in equations (4.2) and

(4.3) respectively. The number of parameters for stochastic feed forward neural networks
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without and with bias are shown in equations (4.4) and (4.5) respectively. A meta-parameter
such as AIC, AICc, or BIC as introduced in Section 3.3.5 may be used to compare the model

performance for networks of differing architectures.

N, = 2M+(M—1) (4.1)
L
i=0
L

p = (Ni +1) Niy1 (4.3)
i=0
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An alternate approach to measuring model complexity is proposed by Dhahri et al.
(2012), which uses an appropriate model fitness function f as described in equation (4.6).
The model that minimizes this fitness is considered to be the “optimal” model. Model
performance is evaluated based upon the accuracy of the output distribution with respect
to observed asset prices via the likelihood function. An optimization algorithm will then
seek to maximize the likelihood value of the observed value with respect to the output
conditional price distribution. Model complexity is evaluated based upon the AIC. AIC is
used in statistical models such as time-series models and has a natural extension to ANNs.
A model’s fitness can be evaluated as a linear combination of output error and the ANN
complexity as used in Dhahri et al. (2012). Preference can be weighted such that simple

models are preferred at the expense of accuracy.
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f=afi+Bf (4.6)

The parameters f; and fo are the evaluations of the accuracy and complexity objective
functions respectively and the parameters o and [ are the weights associated with f; and
fo respectively. Therefore, replacing the value of f; with the output error and the value of

f2 with the AIC results in the fitness function described in equation (4.7).

f = aE + BAIC (4.7)

4.2 Growing and Pruning Algorithms

An ontology has been presented to describe the various transformations that may be used
to convert a set of parameter vectors of ANNs onto a vectors of equal length. Therefore, it
is natural to now include a method that allows ANNs to add or subtract nodes based upon
the model performance. This method is known as a growing and pruning algorithm and is
usually an amalgam of a growing algorithm and a pruning algorithm and need not be used

together.

4.2.1 Growing Algorithm

Feedback from an ANN’s objective function may be used as a signal that indicates a model
is not capable of learning the appropriate behavior within the desired error threshold. A
growing algorithm is the mechanism that adds new nodes to an ANN as certain conditions
are met. In the case of using the K-S test statistic on a N-day sliding window, it can be
determined if additional nodes need to be added based upon a poor resulting test statistic.
As the K-S statistic degrades, the growing algorithm adds nodes to attempt to improve the

test statistic.
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4.2.2 Pruning Algorithm

When using a pruning algorithm, the objective function may be used to signal that the ANN
is overfitting data. This overfitting would lead to a poor K-S test statistic that indicates
a degradation of model performance and signals the removal or pruning of a node via a
pruning algorithm. The choice of node to be pruned provides multiple choices as described
in Section 4.1.4. One method for choosing the node to be deleted is to evaluate a node’s
contribution to the output result and compare against the additional model complexity of
having an additional node. By seeding a network with a large number of nodes and then
using only a pruning algorithm leads to an algorithm similar to simulated annealing where

the problem is relaxed onto the appropriate network architecture.

4.2.3 GGAP-RBF

To resolve the main problem of determining the optimal ANN dimension, the naive method
involves running many ANNs in an experimentation phase to determine the architecture
that works best while simultaneously balancing model performance and complexity. An
interesting way to resolve this is via self-sizing algorithms such as multi-dimensional parti-
cle swarm optimization (MD-PSO) developed by Kiranyaz et al. (2014) or a growing and
pruning algorithm such as GGAP-RBF developed by Huang et al. (2005).

GGAP-RBF grows and prunes nodes within an ANN by calculating the significance
each node has in contributing to the overall reduction in output error. The growing and
pruning is performed during the training process and as such is suited for online learning
problems. Pruning is performed when the significance of a particular node is below a
particular threshold. Similarly, a hidden node is added when a given input generates an
output that is sufficiently far from the model’s output.

The calculation of the node’s significance is done analytically based upon the known dis-
tribution of the input values. While the inputs themselves come from common distributions

such as normal and log-normal, these distributions change at each iteration based upon the
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realized values of the underlying stock. Therefore it is first necessary to estimate this un-
derlying distribution and then calculate the significance for a to be defined distribution of
input distributions. Huang et al. (2005) gives analytical expressions for inputs of uniform,
normal, Rayleigh, and exponential distributions. The calculus for log-normal distributions
will need to be performed for use as well as generating an expression for significance of mix-
tures of distributions. An example calculation for a scalar input that follows a log-normal
distribution is given in equations (4.8)-(4.10) where Ej, is the significance of a given node

being considered.
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As applied to the proposed problem in this dissertation, the GGAP-RBF algorithm is

Q=

not applicable due to the lack of assumptions imposed on the input time series. The input
time series is not assumed to be parametric or even stationary. Instead a growing and
pruning algorithm is used that uses the ensemble complexity as the signal. The ensemble
complexity is defined here to be the average number of parameters over all ANNs within the
population. For a population of homogeneous neural networks, the ensemble complexity is
identical to the individual model complexity. A value for the desired ensemble complexity
is set at model start and is used as the target value to signal model growing and pruning. A
simple algorithm is used where a randomly selected model with probability p has a random
node either added or deleted if the ensemble complexity is lower or higher than the target

value. A dead gap is used in the ensemble complexity signal to prevent excessive oscillations
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in model architecture.
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Chapter 5: Optimization

Training of an ANN is, an optimization problem; i.e. find the best model parameters such
that the ANN performs the “best”. As with most optimization problems, there are many
ways to evaluate what it means for a solution to be “best”. Usually, this means the set of
parameters that result in the minimization of some objective function that may be a norm,
complexity criterion, residual with respect to some set of constraints, or any of the previous
with an added penalty term as used in regularization. The objective and penalty functions
may operate on any combination or function of attributes of the output objects.

For ANNS, training is highly dependent on the type of model used, activation func-
tion used, format of the output used for calculation of training error, and any additional
constraints imposed upon the model. Usually, the first decision used in determining the
appropriate optimization algorithm to be used in model training is in the use of a differ-
entiable objective function. Optimization algorithms that require a differentiable objective
function are referred to as gradient methods while meta-heuristic optimization algorithms
do not require a differentiable objective function.

The common theme amongst most optimization algorithms is that the dimension of the
parameter vectors remain constant throughout the algorithm. Variants to an existing meta-
heuristic algorithm are proposed which allow for varying lengths of parameter vectors to be
compared. This allows for a population of neural networks with heterogeneous architectures

to explore a parameter search space which has a non-constant dimension.

5.1 Gradient Methods

Gradient methods, should be the first methods considered due to their nice mathematical

properties and ease of use. However, gradient methods may only be used when gradients of
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the training error with respect to the parameters to be trained exist. When these gradients
do not exist, it is best to use a meta-heuristic optimization method.

Some advantages to using gradient methods is that they have the nice properties such
as guaranteed convergence to a single global minima as is the case when using L? error
as the feedback mechanism. Also, gradient methods may be used with only a single opti-
mization step that drastically decreases the amount of resources (both time and compute
cycles) needed to perform the optimization. Additional steps may be performed by varying
the initial starting location to increase algorithm robustness in finding a global minima.
Some common gradient methods used in the optimization of ANN parameters are back-
propagation (BP), Newton-Raphson, and conjugate gradient methods that each have their

own advantages and disadvantages.

5.1.1 Back-Propagation

Back-Propagation (B-P) is the traditional ANN training method used in conjunction (usu-
ally) with an L? norm training error with respect to the model output and observed output.
First the model is run in the forward direction to generate a model output. Then the L2
error of this output with respect to the observed or desired output is calculated. Due to
the nice properties of the L? norm, the gradients of this error with respect to the model

parameters are calculated analytically. B-P is usually plagued with slow convergence.

5.1.2 Newton-Raphson

In some problems, the gradient along with the Hessian are known. Netwon-Raphson (N-
R) method provides for quadratic convergence when the model parameters are “near” the
optimal parameters. More information on this can be found in Stoer and Bulirsch (2013).
An obvious drawback to using N-R is that not only does the first derivative of the feedback

function need to exist, but also the second derivative.
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5.1.3 Conjugate Gradient

When the number of parameters becomes large, the conjugate gradient (C-G) method may
be more appropriate. C-G is an iterative method that converges in N iterations where N
is the dimension of the problem (here represented as the total number of model parameters
to be trained). As with gradient methods, C-G requires that the gradient of the training

error exist with respect to all parameters to be trained.

5.2 Meta-Heuristic Optimization Methods

Due to the large dimensional parameter space, many local minima, and the non-differentiability
of the output error function, derivative based optimization methods such as back-propagation
are not ideally suited. Meta-heuristic optimization methods are considered to be more ro-
bust than gradient methods due to their use of many candidate models or solutions to
simultaneously explore the search space. This search space is defined to be the Carte-
sian product of the domains of each parameter to be optimized subject to any additional
constraints imposed.

Meta-heuristic optimization methods are most useful when a derivative of the objective
function does not exist. In this case, the many models seeded by these methods are used
to collectively explore the search space in an iterated fashion. These methods are also
useful when the analytic expression for the gradient of the objective function is difficult or
expensive to compute. A typical disadvantage to meta-heuristic optimization methods is
that the dimensionality of the search space causes slow convergence speeds as compared
to gradient methods. A problem involving 100 parameters that may take any real value
implies that the search space is R0, Meta-heuristic optimization methods are broken into
two major groups based upon the way that the candidate solutions explore the search space

and are referred to as swarm algorithms and evolutionary algorithms.
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5.2.1 Swarm Algorithms

Swarm algorithms use a state equation based upon the candidate solutions’ attributes such
as velocity, momentum, interaction with local fitness, interaction with other candidate
solutions, and history of past “best” candidate solutions to update the candidate solution

at each iteration.

Nelder-Mead Simplex Optimization

Nelder-Mead (N-M) is a deterministic optimization method where the candidate solutions
form an N dimensional simplex in the search space where N is the number of parameters
being optimized. The N-M simplex expands, reflects, and shrinks to explore the search
space based upon pre-set coefficients within the algorithm. This algorithm typically involves
fewer functions evaluations than other global optimization methods but is sensitive to the
structure of the fitness function in the local search space. As such, N-M can become trapped
in local minima and must be run several times with different starting locations to ensure
convergence has been reached. Robustness of the N-M algorithm is increased by running
the algorithm several times at random staring points and taking the minimum of all the

runs.

Particle-Swarm Optimization

Particle swarm optimization (PSO) has been used effectively to perform high dimensional
optimization over a variety of parameters with various constraints. PSO is performed much
the same way as differential evolution in that many models are trained simultaneously with
each model “learning” the search space based upon the exploration of the space by the
collective. Pseudo code for the PSO algorithm is given in Algorithm 1 where g and b,
represent the model’s global best solution and particle p’s best solution respectively. The
algorithm is started by seeding the values for each particle’s position p[z| and velocity p[v],
each of which have dimension equal to the number of parameters being optimized. Upper

and lower bounds for the position zlb; and zub; with respect to the i** dimension are chosen
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by the user to approximately cover the solution space. The upper and lower bounds for the
velocity vlb; and vub; are taken to be symmetric about zero to prevent an intentional drift
in the particle population. Once the particle’s have been initialized, the initial best solution
for each particle is defined to be its initial point &. The initial global best solution is taken
to be the initial position of the particle that minimizes the objective function f. Next, until
a stopping criterion is reached, each particle’s velocity and position are updated based upon
the equations given in steps 15 and 16. The global best solution and each particle’s best
solution are then updated at each iteration. PSO outputs the global best solution, which
is the vector that minimizes the objective function.

PSO is not an appropriate optimization method for learning a non-constant process.
This is due to the algorithm requiring the use of the global best fitness in all the past
training history to update the particles at the next iteration. However, if the underlying
process is constant, or even stationary, then PSO may be appropriate. A potential fix to
PSO would be to use a time decay term on the global and local best fitness. This would

impose a “limited memory” to the particles as they perform the search of the space.

Algorithm 1 Pseudo code for particle swarm optimization algorithm.

1: procedure MAIN:

2 g < empty

3 for p in population do:

4 for i in Ny, do:

5: plzi] < random Ulxlb;, xub;)
6 plvi] <= random Ulvlb;, vub;]
7 bplzi] + plxi]

8: if f(plz]) < f(g) then:

9: g < pl]

10: for iter in MaxIter do:
11: for p in population do:
12: for i in Ny, do:
13: rp < random U0, 1]
14: rq < random U0, 1]
15: plvil <= wplvil + @prp(bpzi] — i) + Ggrg(gli] — plz:i])
16: plzi] < plzi] + plvi]
17: if f(plz]) < f(bp) then:
18: by < plx]
19: if f(p[x]) < f(g) then:
20: g < plx]

return g
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Artificial Bee Colony Optimization

Modeled after the behavior of honey bees, artificial bee colony optimization (ABCO) is
similar to PSO in that random particles are seeded in the search space that keep track
of both their local best and global best solutions. ABCO differs from PSO in that the
particles are regenerated after a set number of iterations of searching in the neighborhood
of a local best solution. These regenerated particles are then used to explore larger search
neighborhoods allowing ABCO to adapt to changing model conditions and as such respond

to a non-stationary process.

5.2.2 Evolutionary Algorithms

The second major group are evolutionary algorithms that generate new candidate solutions
via some information exchange between some subset of the current candidate solutions

known as parents and then evaluate the solutions’ fitness.

Differential Evolution

Regarded as one of the most robust meta-heuristic optimization methods, differential evo-
lution (DE) has been used in a wide variety of problem sets including ANN parameter
optimization by Ilonen et al. (2003) and Slowik and Bialko (2008), non-linear programming
by Tsai (2015), and airfoil design by Rai (2006). DE updates each parameter vector by
randomly choosing three other vectors in the population and creates a new trial vector.
This fitness of the new trial vector and the original vector is evaluated and used to select
the “better” vector. Typical of global optimization methods, DE does not select the “best”
new vector to update, but only makes incremental improvements.

A rule of thumb for the number of models to train in DE is approximately 10 times the
number of parameters to be optimized. For this work the DE variant used is DE/rand/1/bin
shown in Algorithm 2 where the global best solution is represented by g. For each particle
in the population, three parent solutions are chosen randomly from the remainder of the

population and used to generate a new trial vector pym,,. The fitness of the original particle
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p is evaluated against the “evolved” solution py,, via the objective function f. After eval-
uation, the particle p is updated with the new parameter vector piy,,, if the new parameter
vector performs better with respect to the objective function f. The parameters C' and F
are user defined; a good choice in these parameters according to Vesterstrgm and Thomsen

(2004) is 0.9 and 0.5 respectively.

Algorithm 2 Pseudo code for differential evolution algorithm.

1: procedure MAIN:

2 g < empty

3 fg & 00

4 for iter in MaxIter do:

5 for p in population do:

6: P1, P2, p3 < choose random in population
7 for param in p do:

8 r < random U[0,1]

9

0

: if » < C then:
10: F < random UJ[0,1]
12: Pimplparam] < pi[param| + F x (pz2[param] — ps[param])
12: else
13: Pemp|param| < p[param]
14: if f(pemp) < f(p) then:
15: P < DPtmp
16: if f(p) < f(g) then:
17: g<—p

return g

Genetic Algorithms

Genetic algorithms (GA) may be used in almost the exact same way that differential evo-
lution except that vectors may be updated based upon two or more “parent” vectors and is
not constrained to always use three as with DE. GA and DE only differ in the mechanism
for updating the trial vector.

GA is broken into three main steps, the first being parent selection defined by some
selection operator. This selection operator used in line 10 randomly chooses two parent
vectors based upon their values S}, defined by the output of the objective function f. Pa-
rameter vectors that minimize the objective function are more selectively chosen at random

from the population. This causes the population to evolve towards an overall “better”
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solution. The second step within GA is referred to as “crossover” where segments of two
offspring vectors are exchanged and happens with probability C. Lastly, “mutation” occurs
with probability M where segments of the offspring parameter vectors are permuted. This
process continues until the population’s average value of S}, reaches some threshold or the

maximum number of iterations is reached.

Algorithm 3 Pseudo code for genetic algorithms.

1: procedure MAIN:
2 g < empty
3 for gen in MaxGen do:
4: for p in population do:
5: Sp — f(p)
6 if f(p) < f(g) then:
7 g<p
8 of fspring < empty
9 while length(of fspring) < length(population) do:
10: p1,p2 < Select(2)
11: e < random UJ0, 1]
12: if r. < C then:
13: i < randint[l, NumParams]
14: Ptmp < P1
15: pl[l : Z] — pg[l : Z]
16: p2[l 1 3] <= prmpll = ]
17: Tm < random UJ0, 1]
18: if r,,, < M then:
19: i1,12 < randint[l, NumParams]
20: pili1 : 2] < randperm(p[iy : i2))
21: i1, 12 < randint[l, NumParams]
22: pali1 : 2] < randperm(paliy : i2))
23: of fspring < p1, po
return g

Information Exchange Rate

Evolutionary algorithms require selection of parent vectors from the population of models
being run are somewhat limited by the rate that information from the parent vectors prop-
agates to the entire population. A Monte Carlo simulation was conducted to illustrate the
number of iterations expected for information to propagate to the entire population. Figure
5.1 shows that there is a linear relationship equation (5.1) between the number of models

in the population and the time needed for information propagation.
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Figure 5.1: Information exchange rate for three parent vectors in evolutionary global opti-
mization algorithms simulated by Monte Carlo.

T ~N (0.333t +0.100, (0.054¢ — 0.828)2> (5.1)

This simulation was performed for algorithms that require three parent vectors to create
a new trial vector for evaluation of fitness such as DE. Algorithms that allow for more than
three parent vectors such as GA will have a higher rate of information propagation due to
the higher likelihood that one of the models that has already been updated will be selected.
This propagation rate is also influenced by the parameters within the respective algorithm
that govern the selection rate of trial vector components to be updated based upon the

attributes of the parent vector.

5.2.3 Selecting an Optimization Algorithm

It was shown in Section 3.4.4 that the K-S test statistic is a valid objective function, and

was decided to be the objective function used in the remainder of this dissertation. Due
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to the K-S test’s use of the inverse CDF of the underlying distribution the gradient of this
objective function with respect to the ANN hidden node weights does not exist. Due to the
gradient not existing, it is not possible to use a gradient method such as back-propagation.
Therefore, a derivative-free method such as Nelder-Mead simplex method, particle swarm
optimization, genetic algorithms, or differential evolution must be used.

While Dindar and Marwala (2004) and Dhahri et al. (2012) have shown that PSO and
DE respectively are capable of being used to train ANN weights, I have excluded PSO
from consideration due to its use of a global best solution. Within PSO, the global best
solution is used to influence all particle’s paths at each time step. If the underlying process
is non-stationary, then the global best solution is no longer valid due to it being “best” for
a process that is no longer valid. Also, it has been suggested by Vesterstrgm and Thomsen
(2004) that evolutionary algorithms such as DE are more robust than PSO in a variety of
optimization problems.

The remainder of this dissertation will focus on the meta-heuristic optimization algo-
rithm subclass of evolutionary algorithms and in particular will focus on differential evolu-
tion. Differential evolution is chosen specifically due to the existence of an algorithm variant

that was designed to handle parameter vectors of varying lengths.

5.3 Multidimensional Evolutionary Algorithms (MD-EA)

The dimension of the search space in optimization algorithms is determined by the number
of parameters to be optimized, however this requires that the number of parameters to
be optimized be known. When the dimension of the search space is unknown the typical
approach is to perform an exploratory search by testing various dimensions and configura-
tions of the parameters to determine an appropriate dimension and configuration to use as
the final approach. When using evolutionary algorithms, this approach must be performed
prior to the use of the optimization algorithm since each method requires that each parent
vector have the same dimension during information exchange.

An algorithm was proposed by Dhahri et al. (2012) that alleviates this constraint within
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the DE algorithm. However, by adding a level of abstraction, this algorithm may be applied
to any evolutionary algorithm. In addition, three variants are proposed that serve to explore
additional methods based upon the ontology presented in Chapter 4. This generalized
algorithm as applied to any of the evolutionary algorithms is depicted in Figure 5.2. Steps A,
B, D, and F are identical to the traditional evolutionary algorithms for homogeneous neural
networks. When the population of neural networks becomes heterogeneous, it is necessary
to first homogenize the parent vectors prior to the information exchange step shown as step
D. After the information exchange, the artificial changes made to the candidate solution
are removed so that fitness evaluation may occur. To adapt the algorithm shown in Figure

5.2 to DE or GA only requires specific changes in the information exchange step D.
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The MD-EA algorithms are not appropriate for swarm optimization methods due the
nature of how the solution dimension is rectified and the possible dependence on a global
solution over all previous iterations. This same issue allows the MD-EA algorithms to work

on time-dependent inputs or non-stationary processes.

5.3.1 Original MD-DE Algorithm

An algorithm was created by Dhahri et al. (2012) to allow for DE to be used to update trial
parameter vectors when training a population of heterogeneous neural networks. Based
upon the ontology described in Chapter 4, the proposed MD-DE algorithm performs an ad-
ditive projection of the trial and parent parameter vectors before the information exchange
occurs.

This proposed algorithm has a potential convergence hangup in certain cases. Suppose
there is a population of single layer neural networks such that all but one model has N
hidden nodes and the last model has N 4+ 1 hidden nodes. In this case, when a trial vector
is being generated for the larger model, all the smaller models’ parameter vectors are padded
with zeros. This prevents the parameters for the last node in the larger model from being
updated since all trial vectors will have zeros in the last positions. In this case, the node
that makes the largest model the largest is unable to be updated and degrades the overall
model’s performance with respect to a criterion such as the Akaike information criteria
(AIC). AIC is a metric used to evaluate a model’s accuracy with respect to the model’s
complexity.

In the case that all the ANNs within the population have the same architecture, this
algorithm reduces to the classical DE algorithm for optimizing parameters within an ANN.
Several variants to this algorithm are proposed that explore other potential approaches to
normalize parameter vector length during ANN training. Two of the proposed variants also

serve to rectify the issue of having models with no potential for being updated.
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5.3.2 Proposed MD-EA Algorithm Variants

Using the same approach as the original MD-DE algorithm, the first variant proposed is
essentially the opposite of the original algorithm. Instead of taking the additive projection
of the parent vectors to achieve normalized vector lengths, a subtractive projection may be
used. This truncates the trial and parent vectors to the length defined by the smallest of the
four models being used in the update of that single model. It is important to note that for
optimizing parameters within ANNs, the truncated parameters are not simply taken from
the end of the parameter vector. Instead it is the parameters for the last node(s) in the
models that are temporarily removed. Depending on the numbering scheme used and the
complexity of the node connections, the parameters for the removed node may be spread
throughout the parameter vectors.

However, this proposed variant using the subtractive projection is subject to the same
theoretical issues as when using the additive projection. Taking the same proposed popula-
tion of ANN models as before, suppose there is a population of single layer neural networks
such that all but one model has N hidden nodes and the last model has N +1 hidden nodes.
In this case, when a trial vector is being generated for the larger model, the parameters
associated with the last node will always be truncated during the information exchange.
This prevents the parameters for the last node in the larger model from being updated since
it will always be truncated.

To rectify this issue, two additional variants are proposed, one for the additive projection
case and the second for the subtractive projection case. Instead of always appending or
truncating the last node on the smaller or larger models respectively, randomly chose the
location to perform this operation. This effectively randomizes the node parameters that
are always appended with zeros or removed during the information exchange. Using the
proposed ANN model population as mentioned before with single layer neural networks
such that all but one model has N hidden nodes and the last model has N + 1 hidden
node. In the additive case, when the trial vector is being created for the largest model,

zeros are appended on the smaller models in a randomly chosen node location that allows
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for information exchange in the trial vector. Similarly in the subtractive case, a node in
the largest model is chosen at random during each update iteration to be truncated. This
allows the for a random subset of N nodes within the N + 1 nodes to be updated at each
iteration. The two proposed variants for the random selection of nodes in the additive
and subtractive cases are performing random additive and random subtractive projections
respectively based upon the proposed ontology. A key point is that all three of the proposed
algorithms reduce to the original DE algorithm for optimization of ANN parameters for

homogeneous networks.

5.4 Comparison of MD-EA Algorithm Variants

Six test functions F; show in equations (5.3a) - (5.3f) and plotted in Figure 5.3 are used to
evaluate the performance of the original MD-DE algorithm and the three MD-DE variants
over the unit square [—1,1]x[—1,1]. The first 5 functions listed in equations 5.2 - 5.7 are
taken to be the functions 1, 2, 4, 6, and 8 from Table 1 in Vesterstrgm and Thomsen (2004).
Function 6 was created to demonstrate algorithm performance against a function near a
singularity.

The models are all run using a random number generator seed equal to the trial number.
For each run, there are 40 trials averaged together. Since the random seed is equal to the
trial number, each algorithm’s network has the same architecture across all algorithm runs.
The DE variant DE/rand/1/bin is used to perform the information exchange after the trial

and parent vector lengths have been normalized.
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Fi(z1,29) = 23+ 23 (5.2)
Fy(z1,22) = |z1] + |72| + 2122 (5.3)

Fs5(x1,22) = max(z1,22) (5.4)

Fi (o1, 29) = Qx1+;J)2+Qx2+;J>2 (5.5)

F5 (x1,22) = —xsin <m> — 298in (M) (5.6)
Fs(x1,22) = exp <—y/x% + a:%) (5.7)

For single and then multi-layer networks, converge plots are generated to show rates of
convergence. Then the performance of the algorithms is explored by varying first the number
of nodes and then the number of models while being evaluated at 1000 iterations. Each
iteration is performed by generating 100 sample points within the square [—1,1]x[—1,1]
and using these 100 tuples as ANN model inputs. The model output is compared against
the value of the appropriate test function at each of the generated sample locations using
the L? error. It can be expected that there is an accuracy limit in the model process based
upon the stochastic nature of the sample points. As the number of sample points evaluated

at each iteration increases, it can be expected that the average L? error will decrease.

5.4.1 Homogeneous Single Layer Networks

As a starting point, a feed forward MLP neural network is evaluated using the original
differential evolution algorithm using 40 homogeneous models. The models are run using
2, 3, 4, and 5 nodes first evaluated after 1, 10, 102, 103, and 10* iterations to illustrate the
base algorithm convergence rate. Then the number of models used in the optimization is
varied from 10 to 100 in increments of 5 and evaluated after 1000 iterations for each of the
6 proposed test functions. These results are used to compare the subsequent evaluation of
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MD-DE performance.
For constant number of nodes, vary the number of models used in each model run. Each
point is the average of 40 trial runs with a different random seed for node weights learned

on the respective test functions.

5.4.2 Heterogeneous Single Layer Networks

To compare the algorithms’ performance, first a convergence plot is generated to illustrate
the convergence of each algorithm with respect to the six test functions. Each point is taken
to be the average of 40 realizations of model performance evaluated at 1, 10, 102, 103, and
10* iterations with 40 underlying models. For each model and each realization, the number
of hidden nodes is taken to be one plus a sample from a Poisson distribution with mean of
2. This simulates a heterogeneous population of viable model sizes.

Next, the number of seeded nodes is varied by changing the mean of the Poisson distri-
bution that is used in the generation of the model sizes. Again, the points are taken to be
the average of 40 realizations of 40 models each evaluated after 1000 iterations.

Lastly, the number of seeded models is varied from 10 to 100 in increments of 5. Each
model and each realization has the number of hidden nodes to one plus a sample from a
Poisson distribution with mean 2.

It can be seen from the Figures 5.6, 5.7, and 5.8 that the random additive and random
subtractive algorithms perform the best. The algorithms converge more slowly as the num-
ber of nodes is increased, this is due to the increase in the number of optimized parameters
(which increases the dimension of the search space). The number of models in the model
also decreases the convergence rate due to the mechanism that governs the information
propagation within the DE algorithm. Figure 5.1 illustrates the speed of information prop-
agation within the DE algorithm. It can be seen from the figure that the expected time for
new information to spread to all the models within the algorithm increases linearly with

the number of models.
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5.4.3 Multi Layer Networks

Before comparisons for multi-layer networks can be make, a baseline performance of the
DE algorithm is run with homogeneous networks.

The same simulations as run for single layer models are now repeated for multi layer
models. In particular, a two layer model is used with constant first layer architecture and
stochastic second layer. Figures 5.11, 5.12, and 5.13 are the multi layer analogues of Figures
5.6, 5.7, and 5.8 for single layer models. To compare the algorithms’ performance, first a
convergence plot is generated to illustrate the convergence of each algorithm with respect
to the six test functions. Each point is taken to be the average of 40 realizations of model
performance evaluated at 1, 10, 102, 103, and 10? iterations with 40 uderlying models. For
each model and each realization, the number of hidden nodes is taken to be one plus a sample
from a Poisson distribution with mean of 2. This simulates a heterogeneous population of
viable model sizes.

Next, the number of seeded nodes is varied by changing the mean of the Poisson distri-
bution that is used in the generation of the model sizes. Again, the points are taken to be
the average of 40 realizations of 40 models each evaluated after 1000 iterations.

Lastly, the number of seeded models is varied from 10 to 100 in increments of 5. Each
model and each realization has the number of hidden nodes to one plus a sample from a
Poisson distribution with mean 2.

It can be seen from the Figures 5.11, 5.12, and 5.13 that the random additive and ran-
dom subtractive algorithms perform the best. The algorithms converge more slowly as the
number of nodes is increased, this is due to the increase in the number of optimized pa-
rameters (which increases the dimension of the search space). The number of models in the
model also decreases the convergence rate due to the mechanism that governs the informa-
tion propagation within the DE algorithm. Figure 5.1 illustrates the speed of information
propagation within the DE algorithm. It can be seen from the figure that the expected time
for new information to spread to all the models within the algorithm increases linearly with

the number of models.
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5.4.4 MD-EA Variant Selection

From the figures in the previous section it can be seen that the additive projection algorithm
performs better than the three proposed variants in almost all cases for single layer models.
For two layer models, the random additive projection algorithm performs better for some
of the test functions. Taking into account the difference in convergence rates, it is decided
that further work will be performed using the random additive algorithm. Although the
original MD-DE algorithm performed better in almost every test, the appeal of having an
algorithm that maximizes the use of all available degrees of freedom, albeit at a slower rate.

Also, due to the slower convergence rate of the two layer models, it is decided that
further work will only use single layer models. There is an added benefit in that single layer

models are less computationally expensive.
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Test Function 1

(a) Comparison against Fy

Test Function 3

(¢) Comparison against Fj

Test Function 5

(e) Comparison against Fj

Test Function 2

(b) Comparison against Fy

Test Function 4

(d) Comparison against F}y
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(f) Comparison against Fyg

Figure 5.3: Test functions from Equations 5.2 - 5.7 over the domain [0,1] 2 [0, 1] used to
evaluate original DE, original MD-DE, and proposed MD-DE variant algorithms for single
and multi-layer neural networks.
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Figure 5.4: Homogeneous model performance averaged over 40 realizations evaluated at
different points during the learning to evaluate convergence rates. Each curve represents
the performance of models with different numbers of hidden nodes.
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Figure 5.5: Homogeneous model performance averaged over 40 realizations evaluated after
1000 training iterations with different numbers of models. Each model run uses a constant
number of hidden nodes defined by each curve.
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Figure 5.6: Heterogeneous single layer networks where the number of iterations is run from

1 to 10,000. The number of hidden layer nodes is taken to be one plus a sample from a
Poisson distribution with mean of 2. 40 models are used in each run and realization.
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Figure 5.7: Heterogeneous single layer networks where the number of hidden layer nodes
are varied based upon one plus a sample from a Poisson distribution. The mean of this

Poisson distribution was varied from 1 to 4 in increments of 0.1. 40 models are used and
evaluated after 1000 iterations in all cases.
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Figure 5.8: Heterogeneous single layer networks where the number of models are varied
from 10 to 100 in increments of 5. The number of hidden layer nodes is taken to be one plus
a sample from a Poisson distribution with mean of two. 40 models are used and evaluated

after 1000 iterations in all cases.
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Figure 5.9: Homogeneous model performance averaged over 40 realizations evaluated at
different points during the learning to evaluate convergence rates. Each curve represents
the performance of models with different numbers of hidden nodes.
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Figure 5.10: Homogeneous model performance averaged over 40 realizations evaluated after
1000 training iterations with different numbers of models. Each model run uses a constant
number of hidden nodes defined by each curve.
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Figure 5.11: Heterogeneous two layer networks where the number of iterations is run from
1 to 10*. The number of hidden layer nodes in the first layer is two, and for the second layer
is taken to be one plus a sample from a Poisson distribution with mean of 2. 40 models are

used in each run and realization.
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Figure 5.12: Heterogeneous two layer networks where the number of hidden nodes in the
first layer is kept constant at two and the number of hidden nodes in the second layer is
varied based upon one plus a sample from a Poisson distribution. The mean of this Poisson

distribution was varied from 1 to 4 in increments of 0.1. 40 models are used and evaluated
after 1000 iterations in all cases.
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Figure 5.13: Heterogeneous two layer networks where the number of models are varied from
10 to 100 in increments of 5. The number of hidden layer nodes in the first layer is two,
and for the second layer is taken to be one plus a sample from a Poisson distribution with
mean of 2. 40 models are used in each run and realization.
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Chapter 6: Calculation of Option Prices

Given a time series representing an asset’s price over time, it is possible to estimate the
value of options for that asset. These option prices should be consistent with the underlying
time series from which they were directly estimated. This dissertation focuses on replacing
that given time series with an ANN that is capable of forecasting the asset price at the next
time interval. Simulated asset price paths are used to train the ANNs. Simulated prices
are used since the underlying dynamics of the model are known exactly and can be used
to generate “true” option prices. Comparisons will be made between the estimated option
prices from the learned ANN models and the true option prices. If the estimated and true

option prices are identical, then the ANNs are a consistent model of the asset dynamics.

6.1 European Prices

European style options based upon an underlying GBM process follow a well known ana-
lytical pricing formula known as the Black-Scholes formula developed by Black and Scholes
(1973). The Black-Scholes formula for pricing calls and puts is shown in equations (6.3) and
(6.4) respectively where C and P are the option prices in units of dollars. The parameters S,
K, o, r, T, and § are the underlying stock price at time Ty, strike price, volatility, risk-free
interest rate, time until expiration, and continuous dividend rate of the underlying asset.
Formulas for d; and ds are given in equations (6.1) and (6.2) respectively using the same

parameters S, K, o, r, T, and ¢ as equations (6.3) and (6.4).
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dy = di—o/T —1t (6.2)
C(S,K,o0,r,T,8) = Se TN (d))—Ke "N (dy) (6.3)
P(S,K,0,r,T,8) = Ke TN (—d;)— Se"TN (—dy) (6.4)

Prices of European style puts and calls are related to each other through the principle
of Put-Call Parity shown in equation (6.5) that uses the same initial stock price Sy, strike
price K, risk-free interest rate r, time to expiration T and continuous interest rate J as the
Black-Scholes formula. This formula can be used to calculate the price of a put given an

equivalent call or vice-versa.

Cgur — Peur = Soe T — Ke T (6.5)

Using the Black-Scholes formula, partial derivatives of the option price with respect to
the parameters S, K, o, r, T, and J gives what are known as “The Greeks”. The partial
derivative of an European style call and put option with respect to the volatility ¢ is known
as Vega and expressed in equations 6.6 and 6.7 respectively. This Greek represents the
continuous rate of change in option price as volatility is varied. It can be seen that Vega
is identical for both calls and puts all other things being equal. A range of values for Vega

are shown in Figure 6.1 as plotted in McDonald (2013).
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Figure 6.1: Vega for call option over range of initial price Sp.
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The partial derivative of a European style call and put option with respect to the risk-
free interest rate r is known as Rho and expressed in equations 6.8 and 6.9 respectively.
This Greek represents the continuous rate of change in option price as the risk-free interest
rate is varied. A range of values for Rho are shown in Figure 6.2 as plotted in McDonald
(2013). Values for Rho are typically scaled by a factor if 100 since the risk-free interest rate

is usually expressed as a percentage.

‘?; — (T =) Kexp(—r(T —1)) N (do) (6.8)
88—]: = (IT'—t)Kexp(—r(T —t))N (—d2) (6.9)
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Figure 6.2: Rho for call option over range of initial price Sp.

The partial derivative of a European style call and put option with respect to the
continuous dividend is known as Psi and expressed in equations 6.10 and 6.11 respectively.
This Greek represents the continuous rate of change in option price as the continuous
dividend rate is varied. A range of values for Psi are shown in Figure 6.3 as plotted in
McDonald (2013). Values for Psi are typically scaled by a factor if 100 since the continuous

derivative rate is usually expressed as a percentage.

?9? — (T —t)Sexp (=3 (T — b)) N (dv) (6.10)
%1; — (T =1)Sexp(=6(T — ) N (=dy) (6.11)

Taking a slightly smaller range of initial stock price Sy (for the purposes of illustration),
Figure 6.4 shows the Black-Scholes analytic prices for European style options in solid lines
and LSM estimated prices for American style options in dashed lines for a call option. It can

be seen from this figure that while there is little difference between European and American
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Figure 6.3: Psi for call option over range of initial price Sy.

style option prices, there is approximately one order of magnitude change in option price
as the stock price changes.

These Greeks and how they change as stock price is changed illustrate the importance
of correct parameter estimation in calculation of option prices; more importantly the sensi-

tivity of option price is shown.

6.2 Bermudian and American Prices

Taking an European style option contract as one extreme of the spectrum of possible exer-
cise times, an additional finite number of discrete exercise times may be appended to the
contract. Contracts characterized by this finite number of discrete (usually evenly spaced
in time or event dependent) exercise times are known as Bermudian options. Let h; be the
maximum time difference between all possible exercise times of a Bermudian option, the
limit as h; approaches zero leads to what is known as an American style option contract.
American style option contracts grant the contract holder the ability to exercise the
contract at any time up to and including the option expiration time. The American style
option contract writer is thus obligated to buy or sell the underlying asset at the pre-defined

86



25

— 3 months
— 1year
— 3 years

20+

Option Price [$]

30 35 40 45 50
Stock Price [$]

Figure 6.4: Call option prices over range of initial asset price Sg.

strike price for puts and calls respectively at any time up to and including the option
expiration time. Since the domain of possible exercise times is continuous and includes the
expiration time as used in European style option contracts, American option contracts are

always more valuable.

6.2.1 Analytic Solutions

Finding an analytic solution to the pricing of American style option involves two parts.
The first part is in finding an optimal exercise time. For a European style option, there
is only one potential exercise time and thus the optimal exercise time. With a continuum
of potential exercise times, finding the optimal exercise time becomes much more difficult.
The second part is finding the option price given an optimal exercise time.

Analytic algorithms for pricing American style options require an analytic model of the
price process for both determining the optimal exercise time and computing the option price.
Since with most real data sets, this analytic model is not known and must be estimated leads
to additional difficulties from the additional sources of error in model misidentification. For

a problem where the model must be learned and updated as data is received, as in streaming
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time series or an online learning problem, the unknown model must then be estimated from
partial data. The last added difficulty is that this true price process is not only unknown,
it is possibly non-stationary, which implies an underlying model that varies over time.
The rest of this dissertation computes an American style option price via a computational
method known as least squares Monte Carlo (LSM) that does not make an assumption of

stationarity in the underlying process.

6.2.2 LSM Algorithm

The LSM algorithm approximates an American style option contract with a continuum of
exercise times by starting with an approximately equivalent Bermudian option with finite
exercise times. It is known that this option price is a lower limit of the American style
option since it has a finite number of discrete exercise times. Therefore, one method for
increasing the accuracy of estimate option prices from the LSM algorithm is to increase the
number of potential exercise times.

Algorithm 4 lays out detailed steps of the LSM algorithm. The first step within the LSM
algorithm is to generate sample paths of the underlying asset for each intermediate time
interval ¢; represented by Sp,[ti]. These price paths are used to approximate the continuum
of potential outcomes. The granularity of the time steps in generating the sample paths
correspond to the finite discrete exercise times of the approximating Bermudian option.

The second step in Algorithm 4 is to evaluate the option’s payoff V;,, at the final time ¢
for each of the options using the payoff function h. These prices should always be positive
due to the option’s definition. Next, sample option paths that are in-the-money are used
in a least squares to approximate weights a; of the basis functions ¢; used. This least
squares step is fitting a function that maps the value of the asset price at the previous
time interval to the payoff at the next time interval. Several variations from the original
LSM algorithm exist as outlined in Tompaidis and Yang (2014) where methods other than
least squares are used to determine the weights a;. These other methods include quantile

regression, Tikhonov regularization, matching projection pursuit, and classification and
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Algorithm 4 Pseudo code for least squares Monte Carlo algorithm.

1: procedure MAIN:

2 for m in M do:

3 Smlto] < So

4 for i in [1,...,N] do:

5 Sm[ti] < SimPath[Sp,[to : ti—1]
6: for i in [N,...,1] do:

7 for m in M do:

s Valti]  h ([Smlt:])

9: for m in M do:
10:

if Sp[ti—1] > 0 then:
11: S;,g[ti_l] — Sm[ti_l]
12: a < argmin HZ;V:bl a; (ti_1) (f)j (S+ [tz‘_l]) — 6_T(ti_ti_1)V[ti]H
13: for m in M do:
14: if h([Smltic1]]) > 320 ajé; (Sm[ti-1]) then:
15: Vinlti-1] < I ([Smti-1]])
16: else:
17: Vm[ti—l] — €7T(ti7ti*1)Vm[ti]

return mean (V[to])

regression trees. For this dissertation, the steps outlined by Longstaff and Schwartz (2012)
will be followed. Orthogonal polynomials such as Laguerre or Hermite polynomials are used
as the basis functions with unknown parameters to be fitted by the regression model. A
variation to the LSM algorithm which is used here is the scaling of all prices by the initial
asset price Sp, this lowers the condition number of the matrix to be inverted in the least
squares step. A lower condition number allows for more efficient and faster calculations to
be made when running the LSM algorithm.

Lastly, a decision is made to determine the option price at the previous time step
represented as Vi, [t;—1]. This decision is based on the return from exercising the option at
the time as compared to the estimated value of continuation. If the value of continuation
is higher, then the current option price becomes the discounted price of the option return
from the next time interval. Otherwise the option value is taken to be the return from
exercising at the previous time interval. This process is then repeated at the previous time
interval until the initial time T} is reached.

LSM pricing accuracy is increased by decreasing the time steps used in the sample

path generation, increasing the number of sample paths used, and increasing the number of
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orthogonal polynomials used in the regression model. The first method is based on Section
6.2 where American options are taken to be the limit of Bermudian options. The last two
methods for increasing LSM algorithm accuracy are taken from Monte Carlo and regression

model error reduction principles respectively.

6.2.3 Verification of LSM Algorithm

The LSM algorithm is provided based upon the works of Longstaff and Schwartz (2012) and
Tompaidis and Yang (2014) with slight modifications. A scaling of all prices was done based
upon the initial stock price Sy and all sample paths were generated with their antithetic
equivalents. Before the algorithm may be used in this work, the algorithm as implemented
in Python must be verified to work as intended. This is done by recreating the values
generated by the authors of previous works. Tables 6.1 and 6.2 show published results with
their standard errors along side the computed values for verification of the implementation.

Within table 6.1, the first three columns depict the simulated asset starting price Sy,
number of Monte Carlo generated sample price paths used, and degree of Hermite type
polynomial used within the LSM algorithm respectively. Respective columns 4 and 6 of
table 6.1 show estimated call option prices using the LSM algorithm from Tompaidis and
Yang (2014) and as implemented. Respective columns 5 and 6 show standard errors of the
various option contracts as determined from the 20 runs.

Table 6.2 shows published and as implemented prices for the various put option prices
estimated in Longstaff and Schwartz (2012). Laguerre type polynomials of degree 3 were
used in the LSM algorithm runs. The first three columns of table 6.2 are the initial under-
lying asset price Sy, volatility of underlying GBM process referred to as o, and time until
expiration T'. Respective columns 4 and 6 show published option prices from Longstaff and
Schwartz (2012) and as calculated prices. Columns 5 and 7 depict the standard errors of
the respective simulated and estimated option prices.

It can be seen from both tables, that the algorithm converges as intended for a variety

of conditions for both puts and calls over a range of initial prices, strike prices, drift and
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Table 6.1: Verification of LSM algorithm implementation against examples presented in
Tompaidis and Yang (2014)

So  No. Paths Poly. Deg Simulated Price (s.e.) Computed Price (s.e.)
90 10° 5 2.17 (.01) 2.743 (.111)
90 103 10 2.16 (.01) 2.860 (.075)
90 103 15 2.15 (.01) 2.866 (.125)
90 10% 5 2.34 (.00) 2.405 (.029)
90 10% 10 2.34 (.00) 2.430 (.034)
90 104 15 2.33 (.00) 2.438 (.030)
90 10° 5 2.38 (.00) 2.364 (.008)
90 10° 10 2.38 (.00) 2.367 (.008)
90 10° 15 2.38 (.00) 2.366 (.007)
100 103 5 5.70 (.01) 6.236 (.091)
100 103 10 5.68 (.01) 6.535 (.106)
100 103 15 5.68 (.01) 6.654 (.137)
100 104 5 5.86 (.00) 5.952 (.057)
100 104 10 5.86 (.00) 5.970 (.042)
100 104 15 5.86 (.00) 5.987 (.043)
100 10° 5 5.90 (.00) 5.883 (.012)
100 10° 10 5.90 (.00) 5.883 (.011)
100 10° 15 5.90 (.00) 5.887 (.015)
110 103 5 11.48 (.001) 12.002 (.090)
110 103 10 11.46 (.001) 12.230 (.188)
110 103 15 11.44 (.001) 12.309 (.185)
110 104 5 11.69 (.000) 11.730 (.041)
110 10* 10 11.69 (.000) 11.768 (.043)
110 104 15 11.69 (.000) 11.734 (.037)
110 10° 5 11.74 (.000) 11.722 (.017)
110 10° 10 11.74 (.000) 11.723 (.013)
110 10° 15 11.74 (.000) 11.722 (.016)

91



Table 6.2: Verification of LSM algorithm implementation against examples presented in
Longstaff and Schwartz (2012)

So o T Simulated American (s.e.) Computed Price (s.e.)

36 20 1 4472 (.010) 4.465 (.007)
36 .20 2 4.821 (.012) 4.835 (.007)
36 .40 1 7.091 (.020) 7.065 (.004)
36 .40 2 8.488 (.024) 8.477 (.010)
33 .20 1 3.244 (.009) 3.235 (.003)
38 .20 2 3.735 (.011) 3.733 (.008)
38 40 1 6.139 (.019) 6.111 (.004)
38 .40 2 7.669 (.022) 7.638 (.009)
0 20 1 2.313 (.009) 2.296 (.002)
40 20 2 2.879 (.010) 2.873 (.003)
40 40 1 5.308 (.018) 5.270 (.003)
40 .40 2 6.921 (.022) 6.888 (.004)
2 20 1 1.617 (.007) 1.600 (.004)
2 20 2 2.206 (.010) 2.202 (.004)
42 40 1 4.588 (.017) 4.539 (.004)
4240 2 6.243 (.021) 6.214 (.007)
44 20 1 1.118 (.007) 1.093 (.002)
44 20 2 1.675 (.009) 1.677 (.005)
44 40 1 3.957 (.017) 3.898 (.005)
44 40 2 5.622 (.021) 5.611 (.010)
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volatility values, as well as with different polynomial approximations. Differences in scaling
may account for the differences in Table 6.1 at low numbers of sample paths. All further uses
of the LSM algorithm will use 10° sample paths in calculating American style option prices.
The true prices should be valued more than the LSM outputs due to the approximation
of the continuum of exercise times by a Bermudian style option with 50 discrete exercise
times. It can be expected that the LSM algorithm will converge to these true prices as both
the number of intermediate exercise times (for equal spacing in time) and number of sample

paths uses approaches infinity.

6.3 Option Price Sensitivity

Two simulated asset price processes are presented to demonstrate the algorithm’s ability
to price American style options. The two process were chosen and represented in equa-
tions (6.12) and (6.13) to show the similarity in the noise processes. The first process shown
in equation (6.12) is a simple arithmetic process with Gaussian noise € ~ A (0.1,0.04).
The second process shown in equation (6.13) is a general geometric Brownian motion with
e ~ N (—0.07dt, 0.04dt). More importantly, it is shown how sensitive the calculated option
prices are to errors in the estimated parameters based upon a particular realization of an

asset price path.

St+1 = St—i-ﬁ (612)

St+1 = St exXp (6) (6.13)

Sample paths for each process are seeded at a time T and propagated backwards in
time. This is done so that all learned models on each realized asset price path end at the
same asset price of Sy at Ty. Figures 6.5 and 6.6 show 50 sample paths for the two processes
respectively.

Varying the mean and variance for the arithmetic process leads to the put and call option

93



110

100 +

90+

80 -

Price [$]

70F

(o} 50 100 150 200 250 300 350 400
lteration

Figure 6.5: Sample paths for arithmetic propagated backwards from an initial time Ty with
asset price Sp.

prices as shown in Figure 6.7. This figure also illustrates the option price’s robustness
to differences in the noise variance as indicated by the over-lapping of the three lines.
Changing variance has little to no change on the underlying option’s price due to the noise
being symmetric and linear with respect to the current asset price. It is expected that a
non-symmetric or non-linear noise will result in non-overlapping curves.

Figures 6.8 and 6.9 show how varying the drift and volatility within the second process
influences the European and American style option prices. Put prices in Figure 6.8 use the
following parameters: initial stock price Sy = $40, strike price K = $40, time to expiration
T = 1 with 50 equi-spaced time steps, and no dividends. Call prices in Figure 6.9 use the
following parameters: initial stock price Sy = $100, strike price K = $100, time to expiration
T = 1 with 50 equi-spaced time steps, and a continuous dividend rate of 6 = 0.1. If the
parameters within GBM are replaced with an arbitrary mean m and variance s as shown in
equations (6.14) and (6.15). For a true GBM process, the logarithm of the price differences
results in a normal distribution that implies that the price differences follow a log-normal
distribution. However, it is typical to model the GBM stochastic differential equation in
the risk neutral measure. It is important to note, that ANNs learning this process using
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Figure 6.6: Sample paths for geometric processes propagated backwards from an initial time
Ty with asset price Sy.

MDNNSs will instead learn the mean and variance as shown in equations (6.14) and (6.15).

This is due to the output of MDNNs being a mixture of Gaussians.

102> dt (6.14)

<r -0 —
s = o/dt (6.15)

6.4 Estimation of LSM Prices

For the two simulated processes, many realizations are generated for which an ensemble of
neural networks are seeded and used to learn the conditional probability distribution of the
underlying process. Since each realized price path terminates at time Ty with asset price Sy
it is possible to compare estimated option prices generated from different asset price path
realization. The LSM algorithm is used to estimate the price of an in-the-money American
style call option that expires 50 iterations from Ty at Tkg.
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6.5 Option Price Sensitivity
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Figure 6.7: Sensitivity of option prices calculated using LSM algorithm for asset following
arithmetic process as described in equation (6.12).

Because the neural networks are trained upon a time series of input data with fixed
discrete time differences known as dt, sample price paths may not be re-sampled at a
higher sample rate. This implies that the LSM algorithm is actually pricing a Bermudian
option with d¢t~! evenly spaced exercise points. Therefore, the LSM algorithm results in a
lower bound for the option price since a continuum of exercise times is always more valuable
than discrete exercise times. Using longer training histories when evaluating the K-S test
statistic should result in a more accurate pricing of option prices.

Figures 6.10 and 6.11 show the empirically estimated cumulative density functions for
option prices based upon different realized price paths for different lengths of training histo-
ries. It can be seen from Figure 6.10 that the LSM algorithm clearly converges upon the true
option price of $4.44 (input parameters for option pricing within LSM). This CDF implies
that using an ensemble of neural networks to learn the conditional probability distribution
for this particular process is robust against a particular realization of the asset price path
so long as the training history is long enough to reduce the variance in the option prices
within acceptable limits.

It is important to note that K-S values for the evaluated functions decreases as the
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Figure 6.8: European and American style option prices using Black-Scholes (dashed) and
LSM algorithm (solid) respectively. Parameters for put options used are chosen based upon
examples given in Longstaff and Schwartz (2012).

number of training history points is used at each iteration. These values provide a p-
value for testing if the two distributions are different. In this case, the test determines if the
learned conditional probability distribution is different from the true conditional probability
distribution.

It can be seen from the data that in both cases, the p-values generated from using
the average of the K-S statistic over the last 10 iterations show that the distributions are
not different with 95% confidence. Since the LSM algorithm is shown to be implemented
correctly, and the ANNs are appropriately learning the conditional probability distribution
of the noise, this implies that the generation of American style options based upon streaming
data is in fact ill-posed. (Large variations in estimated option prices generated from modes

that are shown to be not different from the true processes.)
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Figure 6.9: European and American style option prices using Black-Scholes (dashed) and
LSM algorithm (solid) respectively. Parameters for call options used are chosen based upon
examples given in Tompaidis and Yang (2014).

6.5 Verification of Output

Figure 6.10 shows that the ANNs are capable of learning the correct process to yield rea-
sonable results for the output American style option prices with a true price of $4.93. As
the training history is increased, the CDF of the output price distribution converges to
the correct value. This is most clearly illustrated by the decreasing variance in the output
values. Similarly, Figure 6.11 shows the same behavior albeit to a lesser extent. This differ-
ence between the two CDF plots requires a justification since in both cases the ANNs are
essentially finding the mean and variance of an underlying Gaussian process.

Using the maximum likelihood estimators for mean and variance of a Gaussian process
as described in Casella and Berger (2002) yields distributions for both the mean and vari-
ance shown in equations (6.16) and (6.17). This distribution is a result of the particular
realization of values over the given history of observations. As the length of history n is
increased, and thus more observations to estimate the mean and variance, the estimates for

mean and variance converge to the true values.
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After the ANNs complete the desired number of training iterations, the learned models
are used to generate sample paths to be used within the LSM algorithm. In this particular
case, both processes are stationary and the noise is independent of the underlying asset
price. This implies that the learned output models will yield constant values for the noise
mean and variance.

Although the variance of both the observed mean and standard deviations as seen in

Figures 6.14 and 6.15, it is difficult to determine if the values converge as anticipated.
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Figure 6.11: CDF of LSM option prices for GBM process

Therefore, the output mean and variance from each model are normalized per the transfor-
mations in equations (6.16) and (6.17) and replotted against their theoretical distributions
in Figures 6.16 - 6.19. It is expected that the normalized estimates for the mean will ap-
proximate a standard normal distribution. It is also expected that the normalized estimates
for the variance will approximate a chi squared distribution with n — 1 degrees of freedom,
where n is the width of the training window used in evaluating the models.

It can be seen from Figures 6.16 - 6.19 that the normalized mean and variance from both
arithmetic and GBM processes approximate the theoretical distributions. This implies that
the ANNs are learning the appropriate values for mean and variance after conditioning upon
the effects of a particular realization of sample data. Differences between the theoretical
and observed distribution of normalized mean and variance can be attributed to error of
the ANNs in fitting the data. The larger differences in particular for the runs using a
10 iteration training history reinforce the idea that a small training history leads to poor

convergence of the ANNs. It can also be seen that larger deviations exist in the learned
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values for a GBM process as compared to the arithmetic process, this may be attributable

to the skewness of the log-normal distribution of noise in the GBM process.
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Figure 6.14: Scatter plots of learned values for mean and standard deviation from arithmetic
process with different lengths of training histories.
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Figure 6.15: Scatter plots of learned values for mean and standard deviation from GBM
process with different lengths of training histories.
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Figure 6.16: Theoretical distribution of normalized estimated mean with estimated density
of observed normalized mean values for Arithmetic process.
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sity of observed normalized variance values for Arithmetic process.
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Figure 6.18: Theoretical distribution of normalized estimated mean with estimated density
of observed normalized mean values for GBM process.
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Chapter 7: Implementation

Code for resource monitoring, multiprocessing, database management, and computations
are run in Python 2.7 and versions of the code are controlled using Git. The developed
code may be run on either Amazon Web Service (AWS) virtual machines (VMs) via remote
secure shell (SSH) or on local hardware. The multiprocessing and psutil modules within
Python allow for the program to scale computations based upon available hardware. A
configuration file written in JavaScript Object Notation (JSON) format is used to track all
system and model parameters and determine which code versions to run at each running.
Copies of the configuration file are saved with the relevant output and log files to track
progress. Currently, the code is only compatible with Amazon VMs. Future work may
extend compatibility to Google’s Cloud Computing platform as well as Microsoft’s Azure

platform.

7.1 Distributed Computing

For large computational tasks, the processing resources of a single processor or even a single
machine can easily be insufficient. Therefore, it is necessary to distribute the computational
workload over multiple machines to increase computational capacity. Two methods for
distributing the computational workload are parallel computing and distributed computing.

Parallel computing is best characterized by multiple processes on a single machine each
having access to a shared memory. An example of this is a single machine with multiple
processing cores. Further application of parallel computing involves the use of general
purpose graphics processing units (GPGPUs). GPGPUs typically are used in the processing
of images as used to display content on computer monitors, however proper modifications

to parallel processing algorithms allows for speedup of 10 to 100 times that of using a single
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Figure 7.1: Diagram of hybrid hardware network for distributed computing.

processor depending on the hardware used.

Distributed computing is when various processes are executed on different machines
(with possibly different hardware configurations and operating systems) that perform mes-
sage passing via a network or the internet as illustrated in Figure 7.1. Using a local network
or internet, algorithms designed for distributed computing may utilize tens of hundreds of
separate machines. With careful design, the distributed computing code should be agnostic
to the actual hardware and operating system being used. This allows for a distributed
hybrid network of actual hardware and virtual machines.

To best utilize the resources available, it is best to take advantage of both strategies
(namely parallel or shared memory as well as distributed computing constructs). A master
node or computer is used to manage the entire project and distributes the workload across
multiple machines on the network. Each machine then has a local manager process that
distributes the workload among the internal processors with access to a local shared mem-
ory. Figure 7.2 shows an architecture that utilizes both parallel and distributed computing
strategies by allowing for a common shared job queue and worker processes distributed to
multiple machines. These distributed workers also have access to common databases hosted
on one, multiple, or different machines than those performing the computations.
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Figure 7.2: Data flow in distributed process and database architecture.

Various constructs may be used in the architecture design as shown in Figure 7.3. Client
machines may be used in several different methods depending on the particular problem to
be solved. The first setup is a machine that only hosts worker processes. These workers are
where the majority of the computations occur. The second setup allows for machines that
host both worker processes and a portion (or all) of a single database. For the purposes of
this dissertation, these first two setups are used for all subsequent results. The third and
fourth setups are such that the host machines are only used for databases. Depending on
the size of the database relative to the capacity of the hardware, multiple databases may be
hosted on the same machine. Additional considerations may be made based on the required
response time for queries. The database used in this dissertation is a MongoDB instance
that runs on the local hard drive. For faster query times, a Hadoop cluster may be used to
allow the entire database to reside within the collective random access memory (RAM) of

the computers within the Hadoop cluster.
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Figure 7.3: Various types of client computer functions.

7.1.1 Network Setup

When using a set of computers that sit on a local subnet behind a wireless router, it is
necessary to configure the network address translation (NAT) before access from the public
internet is possible. This subnet is used for both security purposes and to better use the
limited number of internet protocol (IP) address. Using a subnet allows for computers on
the local network to exchange information without being exposed to the public internet.
This also serves to provide a single public IP address that is accessible to the public internet.
Routing from the public internet to computers on the local network are controlled by the
NAT within the network router that map public IP ports to individual ports on each
computer. For example, the router may map port 8080 of the public IP to port 22 (SSH)
on a specific computer on the private network.

In the case of Python’s multiprocessing server processes, the host computer’s port is the
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point of ingress for all network traffic and as such the router needs to route all port traffic to
that computer. This enables computers on the private network to communicate unimpeded
with the host or master node. For database instances, the same process is followed to allow
for unimpeded traffic to and from the database host or hosts.

A third network alteration is necessary for local machines to communicate with Amazon
elastic cloud compute (EC2) instances. Special considerations need to be made based upon
the local hardware and local hardware as well as the anticipated volume of data transfer.
Further information may be located within the help files for setting up virtual private clouds

(VPCs) on the AWS website.

7.1.2 Distributed Computing with Python

Python provides a module named multiprocessing that allows users to construct server/client
processes as well as spawn child processes and threads. This module is especially impor-
tant when using Python due to Python’s internal global interpreter lock (GIL), which only
allows a single spawned thread to access the Python kernel. For a single process that
runs a single thread this does not introduce any limitations since there is no contention
for kernel access. On a multi-core machine, multiple threads usually implies parallel com-
puting. When using Python however, a multi-core computer is limited by thread access to
the Python kernel, preventing full utilization of the multiple cores. Therefore, it is best to
spawn child processes within Python that access independent copies of the Python kernel
when simultaneous computing across multiple computer cores is needed. Operations such
as input/output and database reads are exempt from this restriction because they do not

rely on Python.

Server/Client Processes

When sharing objects across multiple processors on the same computer, a pointer is ex-

changed between the processes to point to the location within a shared memory location.
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When sharing objects across multiple computers, there is no shared memory. Thus a dif-
ferent sharing mechanism is required. In this case, it is necessary for the master process
to spawn a server manager process to handle the network exchanges of the shared objects.
These shared objects are shared via message passing objects (queues) that are accessible
by all the clients registered with the server process.

Each client process will then essentially subscribe to the server and pass messages to
the other clients on the network via the server messaging objects. This subscription allows
client processes to join and exit the global computations based upon resource availability
without interrupting the computations. It is best practice to construct at least two queues,
one for inbound traffic and another for outbound traffic so that objects are extracted from

the queue by the appropriate process.

Sharing Objects via Server Processes

In a distributed computing setup, there is no common shared memory for all processes. To
share a single concurrent copy of an essential object, it is necessary to host a server that
acts as the keeper of the global master copy for these shared objects. Figure 7.4 illustrates
how the server process provides this server to all the subscribed clients. To begin, when
the clients are initiated, they request a copy of the shared objects from the server. Once
the clients receive local copies of these objects, they may be used just as any other local
object. When the client needs to update or change one of the shared objects, the client must
acquire a lock from the server that prevents multiple clients from simultaneously updating
the object. Once the client has updated the shared object, the client will send the updated
object to the server, which then becomes the new master copy. The server will then push the
updated object to all clients and then release the lock on the object. This process is then
repeated as necessary. For processes that perform frequent updates, a different strategy

may be required.

115



J/

/ Process 1 \ / Process 1 \
( (
Server Server
Local Updated
Obj 2 0Obj 2

J/

Shared
Obj1

Shared
Obj1
Shared

Shared
Obj 2

0Obj 2

Shared

Shared
Obj3

0bj3

Process 2

Process 2

Shared

Shared
Obj ...

(T
(R

(a) Idle state of distributed server/client processes. (b) Client process 1 updating shared object.

Process 1 \ Process 1 \
Updated Updated
Obj2 Obj2

)
)

Server Server

Shared
Obj1

Shared
Obj1
Updated

Updated
Obj 2

Obj 2
Shared

Shared
Obj3

0bj3

Process 2

Updated
0bj2

Process 2

Shared

Shared
Obj ...

Obj .

|\

|\

/

(c) Client process 1 publishing updated object to(d) Client process 2 receiving updated object from
server. server.

-
-
-

Figure 7.4: Four steps on client processes updating shared objects.

7.2 Databases

MongoDB was used to store and organize all relevant information for the computations
including the asset price history, calculated option prices, ANN weights, and ANN outputs.
MongoDB is a non-structured database query language that allows for JSON type objects
to be stored without a common object structure. This means that each object within the
database or even collections need share a common structure. The Python module pymongo
is used to interface Python scripts with the MongoDB instances.

Using MongoDB, it is possible to store intermediate structures and results from the

various model runs. A single collection is used to house JSON files of all the intermediate
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neural network architectures and weights. Similarly, another collection contains all the
estimated parameters for each underlying process on each iteration for each model type. It is
also possible to store variations of the estimated parameters with the variations documented
as entries in the JSON.

Post processing may then take advantage of the multiple runs and realizations of the
models to aggregate results for visualizations to be determined at a later time. Indexing
within MongoDB allows for fast access of data during the computations by arranging data
entries in sequential order based upon some common key such as model iteration or stock

name. The collections created to support this dissertation are as follows:

e Asgset Prices: price history of each process for each iteration. Each entry contains the
process name, asset price, process parameters at that iteration, and realized random
numbers. Multiple realizations of the underlying processes are pre-computed and

stored within the database for later access.

e Model Parameters: the estimated parameters for the various underlying process mod-
els. Each entry stores the associated estimated parameters such as estimated drift
and volatility for geometric Brownian motion and auto-regressive terms for ARIMA
models. These values are pre-computed for each iteration and stored in the database

for later access.

e Neural Network Weights: from initialization to final model evaluation, the internal
node weights and other model parameters for each model at each iteration are stored
for future analysis. This also allows for models to be paused and resumed at a later
date or for the forking and repeating of runs at a particular point to generate bootstrap
samples of the outputs. The weights are indexed by model number, iteration, and

process realization.

e Estimated Option Prices: for each realization of LSM option prices, the calculated
option prices are stored. Multiple realization of option prices are calculated for each

realization of the underlying asset processes.
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7.2.1 Distributed Databases

Databases that are too large to be hosted on a single machine may be sharded or federated
onto multiple computers. Sharded databases are such that indexed entries of the same
database are distributed over several computers when the database is too large to be con-
tained on a single machine. The database middleware will run queries and interact with
the data as if the database were on a single computer without any additional interaction
from the user. A useful application of this is when a redundant array of inexpensive disks
(RAID) architecture is desired to maintain data integrity.

Federated databases are a collection of smaller independent databases each maintained
on its own computer or collection of computers. When a query is submitted to a feder-
ated database, the database middleware will distribute the query to the many independent
databases and combine the results into a single result. A useful application of this is when
data owners do not want to distribute copies of their data; instead the queries to the fed-
erated system are submitted and run on the disparate database hardware.

For this dissertation, distributed databases were not implemented due to the size of the
database only being a few gigabytes. Instead, static copies of the database were backed up

on independent hardware including Amazon’s simple storage solution (S3) buckets.

7.3 Computations

Bash scripts were written to integrate the AWS EC2 service with local computing resources
as described in van Vliet and Paganelli (2011). The VMs run on Amazon servers and may
be utilized for a few cents per machine hour and are initialized with a user defined number
of processing nodes that range from 1 to 40 per instance. As many instances as needed may
be initialized to support the user’s computation needs.

Python scripts as described in Langtangen (2010) are remotely started on the running
EC2 via remote SSH commands, assuming that the appropriate security protocols and

network adjustments have been made. Upon job completion, the output files from VMs
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Table 7.1: Hardware specifications for distributed computing.

No. Nodes (O] Physical No. Cores RAM (GB) Speed (GHz)
1 OS X Y 2 4 2.0
1 0OS X Y 4 16 24
1 Ubuntu Y 8 32 3.4
3 CentOS Y 16 126 2.6
1 CentOS Y 32 126 2.6
3 Amazon Linux N 40 160 24

and local hardware are loaded into the local database and the S3 directory for archive and
access for future post-processing activities.

A variety of hardware and operating systems were used in this dissertation and are listed
in Table 7.1 with the associated number of machines, operating system, number of virtual
compute cores, RAM, and processor speed. The variety was not an intentional aspect of
this work, but does serve to demonstrate the code’s portability over different systems. This

distributed hardware was used to perform all computations and generate all outputs.

7.3.1 Computing Benchmarks

Due to the heterogeneous nature of hardware in a distributed computing network, it is
important to benchmark the differences in performance for job optimization. Taking into
account the difference in computational speed between the various computers allows for
parameters such as number of simulated particles or paths to be scaled inversely proportional
to the performance. This allows for jobs to finish at roughly the same time independent of
the host computer’s performance. Below in Table 7.2 is a benchmark test to measure the

time needed for each computer to perform a least squares Monte Carlo (LSM) job with 105

iterations for each run using 3¢ order Laguerre polynomials for 50 time steps.

7.3.2 Random Number Generation

For this dissertation, Python’s random module was used for random number generation.

This module uses the Mersenne Twister as developed by Matsumoto and Nishimura (1998).
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Table 7.2: Timing benchmarks for hardware used in this dissertation.

Name No. Cores (OR) “ o
Computer 1 2 0OS X 314.710s  6.496s
Computer 2 4 0S X 259.361s  8.669s
Computer 3 8 Ubuntu 117.939s  8.075s
Computer 4 16 CentOS 126.345s  11.065s
Computer 5 32 CentOS 125.567s  9.384s
Computer 6 40 Amazon Linux 130.459s 4.091s

The Mersenne Twister generates floating point numbers with 53 bit precision and has been

proved to have a period of 219937 — 1,

7.4 Lessons Learned

During this phase of the dissertation, many common practices were learned by research,
intuition, or trial and error. It is important to list these lessons learned to facilitate the

efforts of future works. To list a few of the lessons learned:

e Use the appropriate programming language for the job. Depending on the necessary

task, Python may be appropriate, or C, or R, or javascript.

e Write short modular code blocks or functions. This helps when the end goal may
not be as solid as first imagined. It also helps with the portability, maintenance, and

readability of the program.

e If planning to perform distributed and/or parallel computing, write code appropriately
at the onset. No one wants to rewrite or restructure thousands of lines of code to be

parallel compatible, thread safe, or distributable.
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Chapter 8: Conclusion

8.1 Conclusion

To facilitate the develop of multidimensional evolutionary algorithms, an ontology was pre-
sented to describe the operations needed to project an ANN of one architecture onto a
different architecture. This ontology allows for the existing MD-DE algorithm to be ab-
stracted to include all multidimensional evolutionary algorithms. Once this abstraction was
made, variations to the underlying algorithm were possible without changing the underlying
differential evolution algorithm variant.

Performance of three proposed MD-DE algorithm variants were compared against the
original MD-DE algorithm. These variants were created to illustrate that the original MD-
DE algorithm was developed based upon the arbitrary operation of a additive projective
operation. This operation prevents the training of all hidden nodes within certain popu-
lations of ANNs. Variants using random projections alleviate this issue by permuting the
hidden nodes within an ANN prior to information exchange with the parent candidate so-
lutions. Six test functions were chosen to provide a variety of function attributes such as
polynomial, trigonometric, discontinuities, non-differentiability, and finite singularities to
evaluate the algorithm’s performance. It was discovered that the original MD-DE algo-
rithm outperformed the three proposed algorithm variants in most cases for both single and
multi layer models. Algorithms that used a random additive projection however, performed
the second best over the range of parameters tested. It is this author’s opinion that the
theoretical advantages to using the random additive projective MD-DE algorithm outweigh
the degradation to the algorithm’s convergence rate as compared to the original MD-DE
algorithm that uses an additive projection.

Once the appropriate optimization algorithm was chosen that allows for the training
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of an ensemble of ANNs with potentially different architectures and allows for a non-
differentiable objective function, the K-S test statistic was shown to be a valid objective
function for ANN training. Since the proposed problem is an online learning problem, the
ANNs must be capable of learning a process’ dynamics based upon a single realization of
a price path. A finite length training history is necessary to provide the ANNs a sufficient
number of previous intervals to evaluate updated coefficients. It was shown that the K-
S test statistic outperforms theoretical results when used as an objective function within
the differential evolution optimization algorithm. This out performance is due to the DE
algorithm being greedy with respect to minimizing the objective function.

For two simulated processes, the K-S test statistic was used as the objective function for
an ensemble of ANNs to learn the underlying process’ dynamics using the chosen random
additive projection MD-DE optimization algorithm variant. The least squares Monte Carlo
algorithm was used to calculate the American style option price based upon the learned
dynamics of the ANN ensemble. Distributions of these estimated prices were presented
for both processes. Analysis was then performed to confirm that the large variance seen
in the distribution of option prices was in fact due to the variance induced by estimating
process dynamics from a finite number of observations. Increasing the training length will

theoretically reduce the variance of the estimated option prices to within any desired value.

8.2 Unique Contributions

The following list is a summary of the unique contributions made by this author in this

dissertation:

1. An ontology is introduced to describe the various transformations and relationships

between two neural networks.

2. A continuously tunable parameter for the complexity of an ensemble of neural net-
works is introduced in this dissertation. This parameter may be changed during

training without restarting the models’ training and may even be connected to an
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external control algorithm.

3. Improvement and extension of an existing multi-dimensional differential evolution al-
gorithm for training heterogeneous single-layer neural networks have been made to
allow for efficient training of an arbitrary collection of neural networks with hetero-
geneous architectures. These same algorithms may be adapted to work for genetic
algorithms or if the underlying process is stationary, then particle swarm optimization

as well.

4. Three variations of the MD-DE algorithm are presented in this dissertation and com-
pared against the original MD-DE algorithm. Two of these variations were created to

rectify theoretical pitfalls of the original algorithm.

5. F-divergences and test statistics such as Kolmogorov-Smirnov and Anderson-Darling
test statistics are studied and evaluated in this dissertation as valid objective func-
tions for learning of conditional probability distributions in an online learning setting.
In particular, the Kolmogorov-Smirnov test statistic is used to evaluate a model’s

learning in an online learning setting.

6. The LSM algorithm is used to estimate American style option prices based upon
forecasted paths from the learned ensemble of neural networks with heterogeneous ar-
chitectures. It is shown that a large variance in the output price is due to the variance

induced from estimating parameters from a finite sample of a single realization.

7. ANNs are shown in this dissertation to be capable of learning asset price dynamics
from a single realization of two different simulated processes. Training performance

of these ANNs are analyzed and found to be within theoretical limits.

8.3 Future Work

8.3.1 Symmetry Breaking

Urfalioglu and Arikan (2010) uses the symmetries induced in the permutation of hidden
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nodes as well as the symmetry of RBFs to achieve greater rates of convergence in the
optimization of weights within ANNs. This process, referred to as symmetry breaking,
provides a speed up by allowing the particles to converge on M equivalent global minimums
in K dimensional space. Equation 8.1 describes how the number of M global minima is a
function of the total number of parameters to be optimized K and the number of hidden

nodes N; for L hidden layers.

L
M =25T] ™! (8.1)
=1

These equivalent global optima are a result of the arbitrariness of the numbering scheme
used to convert the ANN weights into an N dimensional vector. Modifications to existing
optimization algorithms is required such that the algorithm does not penalize against con-
vergence to any of the equivalent global minima. The future work on this improvement will
focus on adding the symmetry breaking feature to the MD-EA algorithms developed in this

dissertation.

8.3.2 Multi-Asset Models

All the discussion above have been performed for a single simulated process, even though
there has been no work presented that precludes the same methodology presented in this
dissertation from being applied to a multi-asset model. These models would take the output
multidimensional time series from a collection of correlated processes. It is known that the
prices of many real assets are correlated with each other, and it would be interesting to
explore if these correlations would improve the model performance in learning the underlying
asset’s dynamics. The extreme of this would be to take all assets listed in the Standard and
Poor’s 500 Index (S&P 500) since they all exhibit some amount of correlation with each
other and to the overall index price.

When using multi-asset models, it is possible to create simulated multi-asset models

based upon coupled stochastic differential equations and vector auto-regressive integrated
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moving average (VARIMA) models as done in Hafner and Manner (2012). This would
provide a simulated process with known correlations and dynamics. Complexity parameters
such as AIC, AICc, and BIC may play a much stronger role in determining the optimal
ANN architecture. The reliance on these parameters will be heavier due to the lack of an
equivalent K-S test statistic for multidimensional distributions. A second approach would
be to use a special case of an f-divergence such as the K-L divergence as the objective

function, which that has been well studied in the multi-variate case.

8.3.3 Kalman Filtering

The resulting data shown in Figures 6.14 and 6.15 show that the estimated model parameters
converge to their respective theoretical values. Kalman filtering as developed by Kalman
(1960) and Kalman and Bucy (1961) provides a method to combine results from ensembles
of ANNs each trained on the same realization of input data, but using different training
history lengths. Figures 8.1 and 8.2 show how the values of calculated price converge to
the desired price as the training history is increased for 40 different realizations of sample
price paths. Instead of training a single ensemble of ANNs for a single realization, train
an ensemble of ANNs for each value of training history from 10 to 160 as an example, and
then apply Kalman filtering.

This future work would focus on discovering how Kalman filtering can be applied to
the problem presented in this dissertation and reduce the variance of the output LSM
price estimates. It is unclear at this time if Kalman filtering would be able to extract any

additional information from a set of ANN ensembles.

8.3.4 Comparative Study of Objective Functions

A comparative study of the effects between using a likelihood, K-S test statistic, and f-
divergence measures such as total variation distance of probability measures, K-L diver-

gence, and Hellinger distance.
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