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Abstract

Neural network training methods used by Mathworks Matlab’s Neural Network Toolbox are
deterministic optimizers that tend to find local optimums. Using a probabilistic optimizer,
such as a simulated annealing-based optimizer, to minimize the error should achieve a global
optimum, or at least a better local optimum. The neural network simulator and candidate
simulated annealing optimizers were written in Fortran 90. The simulator calculates the error
between actual and desired output for a given input. The optimizer is used to minimize the
error with the expectation of finding a global minimum over the parameters that define a
neural network. In general, the Matlab methods trained the neural networks better than the
candidate simulated annealing training methods. However, in a couple of trials, a simulated
annealing search led to better answers than were obtained using deterministic methods alone.
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Chapter 1
Introduction

Global optimization has been a very common field of research. One global optimization

method, simulated annealing, was first used for discrete problems but has been extended to

include continuous functions. Simulated annealing “explores the function’s entire surface

and tries to optimize the function while moving both uphill and downhill” [Goffe]. When

talking about minimization, downhill moves are referred to as function evaluations that are

less then the previous function evaluation whereas uphill moves are greater then previous

function evaluations. “Thus it is largely independent of the starting values, often a critical

input in conventional algorithms. Further, it can escape from local optima and go on to find

the global optimum by the uphill and downhill moves. Simulated annealing also makes less

stringent assumptions regarding the functions than do conventional algorithms (it need not

even be continuous). Because of the relaxed assumptions, it can more easily deal with

functions that have ridges and plateaus. Finally, it can optimize functions that are not

defined for some parameter values” [Goffe]. Many researchers have contributed to

developing techniques for optimizing continuous functions utilizing simulated annealing

including Corana, et al., Dekkers and Aarts, and Goffe, Ferrier, and Rogers.

The purpose of the research being reported in this paper was to provide a testing environment

in which to evaluate simulated annealing in the training of neural networks and to perform

such evaluations. The simulated annealing algorithm (in several variations) and the

architectures and training sets for the neural networks to be used in the tests were provided

by the Guidance and Control Branch (GCB) of NASA Langley Research Center, through the

guidance of Dr. Daniel Giesy. Neural network training was chosen as a test example because

of experience among members of the GCB that neural network training was frequently a

multi-modal (more than one local optimum) optimization problem. The testing progressed

through several contrived test examples of increasing complexity to examples of actual

engineering interest in an attempt to find a test example of sufficient multi-modality to

provide the desired testing environment.
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The design of artificial neural networks is inspired by the architecture of a neuron and

multiple input-single output connections of neurons in biological neural networks. Some

input data is processed by both networks and output is produced based on that data.

Artificial neural networks have more regular structure, typically with fewer neurons and

connections than functioning biological neural networks. For the purpose of the paper,

“neural network”, or any form thereof, refers to an artificial neural network.

A neural network is determined by the architecture and parameter settings. The architecture

of the neural network consists of neurons, connections, and activation functions. The

parameter settings are the weights and biases of the network. Training a neural network

involves choosing values of the parameters. The training is formulated as an optimization

problem. Some metric is devised to measure how well the neural network is performing the

intended function. The values of the parameters are adjusted in an attempt to find the best

value of this metric.

lii MathWorks Matlab, neural networks are trained using deterministic optimization methods.

In general, deterministic optimization methods are fast, however, they may converge to a

sub-optimal set of parameters. In an attempt to obtain an optimal set of parameters,

simulated annealing was used. Using simulated annealing to train neural networks should

achieve a global optimum, or, at least, converge to a better local optimum from a given

starting point than a deterministic method does. A comparison of the two methods was

completed as part of the scope of this research.

Neural networks are common in today’s research environment. Some applications of neural

networks include aerospace, automotive, banking, defense, electronics, medical devices,

robotics and transportation [Demuth]. This research is motivated by the use of neural

networks in the field of guidance and control of the aerospace industry.

Chapter 2 is an explanation of global optimization and the simulated annealing global

optimizer. An outline of the algorithm and modifications made to the algorithm are included

in the chapter. A definition of a neural network along with Matlab training methods are
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explained in Chapter 3. The Fortran 90 features used in the research are explored in Chapter

4. Chapter 5 is an description of the test cases that were used to exercise the simulated

annealing algorithm. The results of the test cases and the conclusions of the research are

discussed in Chapter 6.
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Chapter 2
Simulated Annealing

The ideas of global optimization and simulated annealing are presented in this chapter. The

simulated annealing algorithm is laid out along with modifications made to the basic

algorithm.

2.1 Global Optimization

Deterministic optimization methods such as the Levenberg-Marquardt training method in

Matlab are relatively fast but may converge to a sub-optimal set of parameters. To avoid this

possibility, global optimization methods, specifically probabilistic methods, were considered

for training neural networks.

According to Horst, global optimization is defined as follows [Horst]:

Given an objective (or cost) function f: X —* R and a constraint set, C, one
gathers under the wording global minimization the questions related to the
following problems:

i) Find the [greatest] lower bound off on C (on the whole of C);
(€P)

ii) Find a global minimum off on C, i.e. . e C such that f()
f(x)forallx EC.

The issue of local minimization has the same set of goals as a starting point,
but is content in fine with characterizing, finding, approximating, etc.,
elements . of C satisfying f() f(x) for all x C rTh N, where N is some
neighborhood of . So, in global minimization, (one decides) from the
beginning that the neighborhood N is to be the whole space.

There are two types of global optimization methods, deterministic and stochastic. “The

disadvantage of deterministic methods is that they find the global minimum only after an

exhaustive search over (X) and additional assumptions onf The faster among these methods

have the additional disadvantage that even more assumptions must be made aboutf, or that

there is no guarantee of success.

Stochastic methods, in contrast, can almost all be proven to find a global minimum with an

asymptotic convergence guarantee in probability, i.e. these methods are asymptotically
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successful with probability 1. Furthermore, the computational results of the stochastic

methods are, in general, better than those of the deterministic methods.” [Dekkers] It should

be noted that the more assumptions a method makes about the objective function, the fewer

optimization problems fall within the scope of that method.

Stochastic methods include two-phase methods, random search methods, random function

approach, and simulated annealing. The stochastic method chosen for this study by GCB

was simulated annealing.

2.2 Background

Most optimization algorithms are based on a “downhill” search method, which means that a

sequence of design values xj, X2, ... is generated with f(xj) > f(x2)>
‘. In a deterministic

method, Xk÷1 = Xk + Sk where the increment Sk is determined by the value of the function (and

perhaps the derivatives) at xk (and perhaps Xk1, Xk2, ...) in a deterministic fashion. In a

simple random search, candidate increments of s might be generated at random until the

search finds an sk for which, with Xk+1 = xk + sk, one achieves f(xk) >

Simulated annealing is derived from the thermodynamic principle of annealing or slow

cooling metals to achieve a highly ordered, crystalline state of lowest energy. The material is

cooled starting at a high temperature. The temperature is lowered to allow the material to

form highly ordered internal structures until an equilibrium state is reached. Because of the

slow decrease of annealing temperature, the cooling metal is allowed to escape from high

energy crystalline equilibria to lower energy states.

Simulated annealing is not a purely “downhill” method. A global optimization algorithm,

simulated annealing (SA) is an iterative random search procedure that allows for uphill

moves based on meeting a certain probabilistic criterion, which means that a design point

Xk÷1 may be allowed for which f(xk) < f(xk÷J). Occasional uphill moves might allow for

escape from the neighborhood of a non-global local minimum to find a global or at least a

better local minima. Candidate steps are generated from simulated annealing like the simple
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random search and any downhill steps will be accepted, however, an uphill step might be

accepted. The decision on whether to accept an uphill step depends on just how far uphill the

function evaluation goes (a small step uphill is more likely to be accepted than a large one)

and what the current “annealing temperature” is (this is an optimization parameter which

starts large and decreases over the course of the optimization — the smaller the annealing

temperature, the less likely that a given uphill step will be accepted). For a given cost

function, the cost function is evaluated many times before each temperature reduction,

retaining design points with the “better” cost function values and discarding approximately

half of the inferior cost function values, with the expectation of finding a global minimum.

As with the cooling metal, the cost function is allowed to escape from a basin of a sub-

optimal local minimum due to the slow decrease of annealing temperature.

Simulated annealing was first used for discrete optimization problems such as the traveling

salesman problem. Since then, the simulated annealing algorithm has been adapted to solve

continuous problems. Research on continuous problems can be found in [Corana],

[Kirkpatrick], [Dekkers], [Goffe], and [Vanderbilt] to name a few.

2.3 Algorithm

The SA algorithm is adapted from the Corana, et al., [Corana] algorithm with some necessary

changes. The Corana, et al., algorithm will be presented below (with some minor changes)

and the modifications will be discussed in Section 2.4.

Here is how Corana, et al., introduce their algorithm [Corana]:

Let x be a vector in R and (xi, X2, ..., x,) its components. LetJ x) be the
function to minimize and let aj <xj <b1, ..., a <x <b be the n variables,
each ranging in a finite interval. fdoes not need to be continuous but it must
be bounded.

Actually, the box constraint should use weak inequalities as in a x b andfneed only be

bounded from below the box.

Corana, et al., state the algorithm as [Corana]:
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Step 0 (Initialization)
Choose

A starting point x0

A starting step vector v0.
A starting temperature T0.
A termination criterion s and a number of successive temperature
reductions to test for termination N.
A test for step variation N and a varying criterion c.

A test for temperature reduction NT and a reduction coefficient rT.

Set i,j, m, k to 0. i is the index denoting successive points,j denotes
successive cycles along every direction, m describes successive step
adjustments, and k increases with successive temperature reductions.
Set h to 1. h is the index denoting the coordinate along which the trial
point is generated, starting from the last accepted point.

Computefo =1(x0).

Set = x0 ,fopt fo.
Set n = 0,

Set f =i
Step 1

Starting from the point x1 , generate a random point x’ along the direction

X’ = X+fl), eh

where r is a random number generated in the range [- 1,1] by a

pseudorandom number generator; eh is the vector of the hth coordinate

direction; and is the component of the step vector Vm along the same
direction.

Step 2

If the hth coordinate of x’ lies outside the definition domain off that is, if
x <ah or > bh,then return to step 1.

Step 3

Computef =J( x’).
1ff f, then accept the new point:

set x1÷1 =

setf+i =1’
add 1 to i,
add 1 to flh,

iff <f,t, then set

xopt

f0t=f.
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end if
else (f >j) accept or reject the point with acceptance probability p
(Metropolis move):

p =

In practice, a pseudorandom numberp’ is generated in the range [0,1] and
is compared with p. Ifp’ <p, the point is accepted, otherwise it is
rejected.

In the case of acceptance:

set x1 =

setj÷i =1’
add 1 to i,
add 1 to flh.

Step 4
Add Ito h.

Ifhn, the goto step 1;
Else set h to 1 and add 1 toj.

Step 5
1ff <Ni, then goto step 1;

Else update the step vector Vm

for each component index u the new step vector component v is

V =Vm 1+Cu
flu if n>0.6N5,

Vu04/N ifn<0.4N,

= Vm otherwise.

Set Vm+i VI,

setj to 0,
set n to 0,
add 1 to m.
The aim of these variations in step length is to maintain the average
percentage of accepted moves at about one-half of the total number of
moves. The rather complicated formula used is discussed at this end of
this chapter. The c, parameter controls the step variation along each uth
direction.

Step 6
Ifm<Nm then go to step 1;
Else, reduce the temperature Tk:

set T —TT •Tk,

set f, =
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add 1 to k,
set m to 0.

It is worth noting that a temperature reduction occurs every N NT
cycles of moves along every direction and after NT adjustments.

Step 7 (terminating criterion)
If:

u=1,...,N

— f00
then stop the search;
else:

add 1 to i,

set x, =

setJ =f0t.
Go to step 1.

The simulated annealing algorithm, including the Corana algorithm, is capable of climbing

out of a sub-optimal basin. However, the search of the Corana algorithm is limited to the

hyper-rectangle of points x whose coordinates fall between those of given vectors a and b

and the Corana algorithm uses only coordinate direction searches. These limitations lead to

the modifications discussed in the next section.

2.4 Modifications to the Method

A number of modifications were considered for the Corana algorithm. The changes to the

code and the respective steps being changed will be stated. Reasons for the modifications

will be discussed below. Most of the changes are a result of testing and were added with the

expectation of improving the performance of the algorithm. This aspect will be discussed

along with the experiment results in Chapter 5, Experiments and Results.

The Guidance and Control Branch (GCB) design philosophy for simulated annealing

included random search directions and eliminating the bounding box. A random direction

search was preferred because in deterministic searches, altering only one component of the

design vector at a time is known [Nocedal] to produce an inefficient search. The bounding

box was eliminated because a guess had to be made about the size of the box. If the size of
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the box was chosen too small, it could eliminate the best answer and too large a box with

standard “uniform distribution” search step length would be wasteful.

All searches have the form

x’ = + zR. * y

where

z is a random variable in (0, cr),

y is a random vector uniformly distributed over the surface of the unit ball in n

space,

R is a scaling vector to be adjusted from time to time as sampling gives information

about the geometry of the cost function, and

. is a component by component multiplication.

This allowed for generation of trial search steps. Step 2, Step 4, and the step vector, v, of the

Corana algorithm were eliminated. As the trials progressed, algorithm modifications took the

form of changing the distribution of z and changing the scheme for updating R.

The Guidance and Control Branch never came up with a satisfactory scheme for adjusting

R. Some adjustment schemes had R diverging to infinity. This coupled with the tendency

of the tangent sigmoid activation function (see Section 3.1) to saturate at outputs of + 1 or —1

for large magnitude inputs. When this happens, the simulated annealing search was deprived

of information needed to make progress toward a minimum. These large R values allowed

search steps to get so large that the computer capacity was overflowed, and answers of NaN

(Not a Number) were returned. Other schemes caused R to shrink to zero so fast that the

search could not make any progress.

First Attempt

For this method, z was determined by
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r
z=

1—r2

where r is uniformly distributed on (0,1) so z was randomly distributed over (0,co). All

components of R were set equal. R was adjusted by

= + Cu
04

0.6
ifn3> 0.6n*N,

R=
1 +

0—ni/N,
if n < 0.4n*N,

= R otherwise,

the same manner as the step vector Vm (Step 5), to maintain the number of accepted moves to

approximately one half of the total number of moves, where n. is the number of accepted

trials in this phase of the search.

However, the R update was not successful in practice, and alternate R -updates were sought.

The search steps grew too large. This appeared to be because R grew large. It was also

observed at this point that this first choice for z gave a random variable with infinite expected

value which would also tend to make search steps too big.

Geometric Mean

Another method used to update the scaling vector, R, was to calculate ams, the average

magnitude of all the accepted vectors. ams was initialized to 0 and updated by

ams1 = ams1 + —

which was updated every time the function value for the x. vector was less than the function

value for the x1 vector. The notation — x1 represents the vector of component by

component absolute values of the vector x1÷1 — . The calculation for z became

z=
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where r is again uniformly distributed over (0, 1). This random variable z serves the same

“spread (0,1) over (0,oo)” function as
1

r
, but has expected value 1. In this case and the

subsequent cases, R is a vector and its components did not have to have the same value. R

was first updated by

— /ROtd ams
new 1!

‘d ‘

where n was the number of accepted function evaluations, where all operations on vectors

are done component by component. After the above calculation, each component of R was

updated according to the “First Attempt” method described above. This method tended to

not escape local minima.

Constrained Geometric Meau

A third method tried was to keep a rurming tally of the maximum step for each component

which leads to a downhill step. This was done by

ams new = max ams old ‘old — X,ew

The “max” here is a component by component array operation. Then the function adj_fac

was created. An adjustment factor based on the relative size of the best successful step in

component i compared to the old R (i) is calculated by the function. The function adj_fac is

a monotone increasing on [0,co), reciprocally symmetric (adj fac( 1 Ix) = 1 /adj_fac(x)), and

bounded by a user-set bound (this study used the bound 2). R is calculated first as

-. -. . (amsi)
R(z)=R(z).adjfacj

R(i)

then each component of R was updated according to the “First Cut” method described

above.

Constrained Geometric Mean II

Another version of the constrained geometric mean was implemented without the component

update of R at the end of the second loop.
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Optimum R Update

Starting from the constrained geometric mean, another vector was added to the algorithm.

This time, if a function evaluation was accepted and it was better than the currentf0t. R0

would be set to the current R. If the termination criterion was not met, R would be set to

R0 and the algorithm would continue.

Optimum R Update II

This update used the same idea as Optimum R Update; however, the components of R were

not updated according to the “First Attempt” method.

Corana, et. al., penalized

After many changes to the Corana algorithm and many unsuccessful tries, a decision was

made to go back to the original Corana algorithm for the simulated annealing. This decision

was a result of the tries at step-size control had problems (either growing too big or shrinking

too small), which led to more methods being tried. Most solutions wandered into the

saturation region of the sigmoid functions used as an activation function in the neural

networks. This caused insensitivity of the objective function to variation of design variables

when the function evaluations were in the saturation region. Some variables got so out of

control that non-numeric (NaN) values were returned from neural network calculation.

The new methodology was to modify the error function in the neural network module

(Section 3.3). A penalty against very large design variable values was added to the error

function with the expectation of eliminating large values for components of x. The error

function was changed from

— n m 2

e(x) = (vd —

j=1 i=1

to

e(x) = (vd - vo
2 + •

j=1 j=1
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where x I is the vector of absolute values of components of x, • represents vector dot

product, and the components of ö were all set, for this test, to 106. A bounding box for the

Corana, et al., method was picked based on numerical experience with the earlier tests.
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Chapter 3
Neural Networks

This chapter is dedicated to giving the reader a basic understanding of what a neural network

is and how a neural network functions. Different types of training methods for neural

networks and the error function calculated as a result of the neural network are also

discussed.

3.1 Background

According to the newsgroup comp.ai.neural-nets there is no universally accepted definition

of a neural network. However, the newsgroup suggest that most people would accept “that a

neural network is a network of many simple processors (“units”), each possibly having a

small amount of local memory. The units are connected by communication channels

(“connections”) which usually carry numeric data, encoded by any of various means”

[newsgroup].

Since Mathworks Matlab Neural Network Toolbox is used as part of the research, the

Mathworks definition should also be stated: a neural network is a composition of “many

simple elements operating in parallel. These elements are inspired by biological nervous

systems. As in nature, the network function is determined largely by the connections

between elements. We can train a neural network to perform a particular function by

adjusting the values of connections (weights) between elements” EDemuthi. The “simple

elements” are also referred to as neurons. A “neuron layer”, or “layer” for short, is made up

of one or several neurons. A neural network may have one or more layers. The last layer of

a neural network is referred to the output layer and all other layers are referred to as hidden

layers.

The use of neural networks in research dates back to 1954. During this time, the main

concentration for neural networks was pattern recognition. Most work involved single layer

networks. Multi-layer networks were not theoretically proven and the importance was

misunderstood by researchers of that time involved with neural networks. Shortly thereafter,
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the single layer networks were deemed lacking in ability to sufficiently recognize a multiple

number of patterns and essentially all funding for research on the subject was cut. However,

some researchers continued their work on neural networks and eventually proved the worth

of multi-layer networks. Nowadays, the usefulness of neural networks appears in a multitude

of concentrations. [Wassermanj

Neural networks can be feedforward or feedback networks. Feedforward networks are only

commanded by the input and do not correct for disturbances (such as noise) added to the

system. Feedback networks correct for disturbances added to the system and therefore are

more accurate then feedforward networks. [Nise] For this research, however, feedforward

networks were used because GCB was interested in training feedforward networks for use in

control systems.

As mentioned before, neural networks is constructed of a single layer or multiple layers.

Typical neural networks have three or fewer layers. For each layer the output from the

previous layer is the input for the next layer, as diagramed in Figure 3.1.

L L L L

a0 a a1
a akl ak

Figure 3.1 Diagram of Neural Network Layout

Each layer consists of a weighting matrix and an activation function. The network can also

contain a bias vector, but it is optional. The elements of both the weighting matrix and bias

vector are adjustable parameters of the neural network. The weighting matrix connects each

input to all the outputs of the layer. The bias vector allows the user to shift the solution space

in various dimensions and allows for flexibility in most problems. For a given layer, the

input, a, is multiplied by the weighting matrix, M, and the result is added to the bias vector,

B, if present, yielding an intermediate value z1, as shown in Figure 3.2.
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a zi

Figure 3.2 Diagram of Neural Network Calculation for Layer i

Once the intermediate value, Z, is determined, the activation function is applied to each

component in the Zi vector, yielding a new ai+1 vector. The ai+1 vector then becomes the input

for the next layer, as shown in Figure 3.3 below.

f1(z11)

f1(z12)

z, > a+

f(z’’)

f1(z1)

Figure 3.3 Application of Activation Function for Layer i

An activation function is a map from the inputs to the outputs of the network. “Activation

functions for the hidden layers are needed to introduce nonlinearity into the network.

Without nonlinearity, hidden layers would not make nets more powerful than just plain

preceptrons (which do not have any hidden layers, just input and output). The reason is that

a composition of linear functions is again a linear function. However, it is the nonlinearity

(i.e. the capability to represent nonlinear functions) that makes multilayer networks so

powerful” [newsgroup]. In practice, neural networks are constructed with the activation

function of the output layer as linear; however, this is not required by the definition of the

net.

There are five activation functions that were programmed into the test software. These, as

defined in Matlab, are step (or hardlim), pure linear, saturated linear, log sigmoid, and

B,
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tangent sigmoid functions. Figure 3.4 shows the equations of the activation functions and the

corresponding graphs.

U

____

‘I
x=1 1

________

else x=O 1+exp(-x)

urdiimrn gig(i!)

__________

xO x=O
X—X thefx1 x=1 o

eLse xx — y
— p.urelin(,r a

2
1+exp(—2x)1

Figure 3.4 Activation Functions — Graphs and Equations

It should be noted that the logarithmic sigmoid and tangent sigmoid functions are susceptible

to a saturation region. The tansig function approaches ±1 at the outer bounds, whereas the

logsig function ranges between (0,1). Since there are no limits on x, i.e. x approaches ±,

the values of x can become very large. Theoretically, if x <y, then tansig(x) <tansig(y); in

particular, if x and y are different, so are tansig(x) and tansig(y). However, a computer only

represents numbers to about 15 or 16 decimal places. When x gets large enough, even

though tansig(x) < 1 theoretically, tansig(x) is so close to 1 that the computer representation

of tansig(x) is 1. If x and y are large enough, x and y might have distinct computer

representations, but when tansig(x) and tansig(y) are computed, the computer representation

for both is 1. This means that if x was changed to yto try to improve a cost function f, the

computer representation of the cost values f(x) and f(y) have the same computer

representation. This provides no information to the optimization as to which design point is

better.
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3.2 Training Methods

Neural networks are not programmed, they are trained by example. “As children need to

know nothing about comparative physiology to recognize their mothers, programmers need

not provide neural networks with quantitative descriptions of objects being recognized, nor

sets of logical criteria to distinguish such objects from similar objects. Instead, we show a

neural network examples of objects (faces, parts or scenes) along with their identifications

(mother, carburetor, or mountains). It memorizes these by altering values in the weight

matrix, and will produce the proper response when an object is seen again” EWasserman].

Neural networks are trained with supervised or unsupervised training. Only an input is

required with unsupervised training and the neural network is allowed to “organize” itself as

to give a consistent output every time that same input is used. A training set consisting of

inputs and associated target outputs is required for supervised training. The weighting

matrices and bias vectors of the neural network training method is adjusted in the network in

an attempt to minimize the error.

There are numerous training methods for neural networks. One of the types of training

methods in Matlab is backpropagation, a supervised training method. Backpropagation

refers to “the manner in which the gradient is computed for nonlinear multilayer networks”

[Demuth]. Specifically, “input vectors and the corresponding output vectors are used to train

a network until it can approximate a function, associate input vectors with specific output

vectors, or classifSr input vectors in an appropriate way as defined by the user” [Demuth].

The specific backpropagation method chosen to train the networks in Matlab was the

Levenberg-Marquardt algorithm. This algorithm “uses this approximation to the Hessian

matrix in the following Newton-like update

Xk+1 = Xk
[JTJ + pjfJTe

[Demuth]. It “was designed to approach second-order training speed without having to

compute the Hessian matrix” [Demuth]. This particular method was chosen for baseline

training in this study because the “algorithm appears to be the fastest method for training

moderate-sized feedforward neural networks (up to several hundred weights). It also has a
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very efficient MATLAB implementation, since the solution of the matrix equation is a built-

in function, so it’s attributes become even more pronounced in a MATLAB setting”

[Demuth].

3.3 Error Function

A training pair for neural network is an ordered pair {vi, vd} of vectors such that the training

input vector vi is of the correct size to be input to the neural network and the target output

vector vd is the same size as the output vectors of the neural network. The actual output of

the neural network resulting from the input vi is represented by vo. In training a network, a

set of training pairs may be employed, with the training inputs represented by TI = [vii, vi2,

via] and the associated target outputs by TO = [vd1,vd2, ..., vd]. The neural network,

acting on each of the training input vectors, produces a set of calculated output vectors, CO =

[voi, vo2, ..., von]. These output vectors also depend on the neural network parameters. The

point of training the network is to make these output vectors match the corresponding target

vectors as nearly as possible. To measure the extent to which the calculated outputs fail to

match the target outputs, an error function is used. This function results in a scalar value that

is defined as follows:

— n m 2

e(x) = (vd1
j=1 i1

The inner sum is the square of the Euclidian distance between the target output and the

calculated output for the j -th training pair. The error function is than the sum of these

squared distances over all training pairs.
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Chapter 4
Fortran 90

Because of the added features of Fortran 90, it was chosen over Fortran 77 to use for

programming of this research. An explanation of these features and examples of each, where

applicable, are described in this chapter.

4.1 Dynamic Memory Allocation and Pointers

“In Fortran 77, all the storage that was required during execution of a program could be

determined and allocated by the compiler. This is known as static storage allocation, as

opposed to dynamic storage allocation, which means that storage may be allocated or

deallocated during the execution of a program” [Brainerd, 139]. This allows for memory to

be assigned or freed up during the execution of a program. If running long codes with lots of

arrays, the memory may not be sufficient to execute the program. With dynamic storage

allocation, arrays can be allocated and deallocated, thus allowing for more memory to be

available for the execution of the program.

Pointers are another method of memory management. A pointer is “a free-floating name that

may be associated dynamically with or ‘aliased to’ some data object” [Brainerd, 265].

Dynamic memory management, pointers, and modules were used in the research.

4.2 Matrix Manipulation

With the simplified methods of matrix manipulation in Fortran 90, programming in Fortran

90 has become simplified. The following example shows the Fortran 77 method compared to

the Fortran 90 method.

Fortran77: doi=1,tt

do i = 1, 3

sn(i,j) = snless(i,j)

end do
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end do

Fortran 90: sn(1:tt,1:3) = snless(1:tt,l:3)

As seen by the Fortran 90 method, the programming has become simplified and allows for a

more robust programming style.

4.3 Modules

“A module is a program unit that is not executed directly, but contains data specifications and

procedures that may be utilized by other program units via the USE statement” [Brainerd].

The use of modules allows for isolating data and calculations for one part of a program from

other parts of the program. The simulated annealing algorithm and the neural network are

both set up in modules. This allows the simulated annealing algorithm to not have to have

knowledge of the cost function being evaluated but to be able to call on the cost function for

the value simulated annealing assigns to a given set of design variables.

As part of this research, one module was written which performed the simulated annealing

optimization search. With each modification to the simulated annealing algorithm, this

module was modified to incorporate it. Another module was written which could perform

the calculation of a feedforward neural network with an arbitrary number of layers, and of

nodes per layer.
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Chapter 5
Experiments and Results

Neural networks were trained both in Matlab and using simulated annealing. The results of

the training for several data sets are presented in this chapter. For each data set, the size of

the training set, activation functions, number of layers, and number of neurons per layer are

specified. This information, listed under “Training Data” for each case, defines the cost

function to be minimized using simulated annealing or the Matlab Neural Network Toolbox.

For each simulated annealing run, the respective modification to the code is stated. The

initial temperature is only stated when it was changed from the default of 100,000.

Case 1 — Training Data

Case la

Case lb

Training algorithm Matlab
Starting point Random starting point
Initial fopt nla
Final fopt 9.978e-7

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 16 x 2
Log sigmoid, pure linear

2

2’ — 1

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

n/a
9.987e-7
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Case ic

Case id

Case le

Case if

Case ig

Training algorithm Simulated Annealing
Code modification First Attempt
Starting point All zeros
Initial fopt 3677.12
Final fopt 1934.01

Training algorithm Simulated Annealing
Code modification First Attempt
Starting point All zeros
Initial fopt 3677.12
Final fopt 1430.91

As seen by the results of Case 1, simulated annealing did not improve on Matlab’s training

routines. Because of the nature of the function in the training set, the output was easily

Training algorithm
Code modification
Starting point
Initial fopt

Simulated Annealing

Final fopt

First Attempt
Close to solution of Case ia

3180.67
103.75

Training algorithm
Code modification
Starting point

Simulated Annealing

Initial fopt
Final fopt

First Attempt
All zeros
2308.12
1323.00

Training algorithm
Code modification
Starting point
Initial fopt

Simulated Annealing

Final fopt

First Attempt
All zeros
3677.12
409.07
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matched by Matlab with the target output. Because the two Matlab tests produced the same

answer, it was suspected that the problem was too simple to be multi-modal, so a larger,

more difficult training set was introduced. The simulated annealing tests gave poor results

and the simulated annealing code was modified.

Case 2 — Training Data

Case 2a

Case 2b

Case 2c

Case 2d

Training algorithm Matlab
Starting point Random starting point
Initial fopt nla
Final fopt 7.915

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 51 x 2
Log sigmoid, pure linear

2
1s

— 3
2’ — 1

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

nla
9.783

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
All zeros

nla
11.629

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

nla
11.938
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Case 2e

Training algorithm Matlab
Starting point Random starting point
Initial fopt n/a
Final fopt 11.978

Training algorithm Simulated Annealing
Code modification Geometric Mean
Starting point Solution of Case 2e
Initial fopt 11.978
Final fopt 11.978

The Ma±Iatz tests showed that this case was indeed multi-modal. The simulated annealing run

was started at the worst case solution of the Matlab training runs to determine if the

simulated annealing code could improve on the solution. Unfortunately, the simulated

annealing code did not improve on the starting value. Another data set was tried to try to

gain some insight into the workings of this version of the simulated annealing algorithm.

Case 3 — Training Data

Case 3a

Training algorithm Matlab
Starting point Random starting point
Initial fopt n/a
Final fopt 0.142

Case 2f

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 51 x 2
Log sigmoid, pure linear

2
1 St 3
2nd

— 1
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Case 3b

Case 3c

Training algorithm Simulated Annealing
Code modification Geometric Mean
Starting point Solution of Case 3a
Initial fopt 0.142
Final fopt 0.142

Again, starting simulated annealing from the worst case Matlab solution, simulated annealing

produced the same results as the Matlab run. Yet another training set was created to test.

Case 4— Training Data

Case 4a

Case 4b

Training algorithm Matlab
Starting point All zeros
Initial fopt n/a
Final fopt 0.0050

Starting point
Initial fopt
Final fopt

Training algorithm Matlab
All zeros

n/a
0.135

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 51 x 2
Log sigmoid, pure linear

2
1s_3

2 — 1

Training algorithm
Starting point
Initial fopt

Matlab

Final fopt

Random starting point
n/a

0.0056
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Case 4c

Case 4d

Case 4e

Training algorithm Matlab
Starting point Random starting point
Initial fopt nla
Final fopt 0.0059

Training algorithm Simulated Annealing
Code modification Geometric Mean
Starting point Solution of Case 4b
Initial fopt 0.0050
Final fopt 0.0050

Simulated annealing again produced the same results as the Matlab training run of Case 4b.

Further modifications to the simulated annealing code were made. In general, from this point

out, the second best Matlab training point was used as the simulated annealing starting point.

Case 5 — Training Data

Case 5a

Training algorithm Matlab
Starting point Random starting point
Initial fopt nla
Final fopt 0.0339

Training algorithm

Starting point

Initial fopt

Matlab

Final fopt

Layer 1 at all zeros, Layer 2
at random starting point

nla
0.0050

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 200 x 2
Tangent sigmoid, pure linear

2
1—3
2’ — 1
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Case 5b

Case 5c

Case 5d

Case 5e

Case 5f

Training algorithm Matlab
Starting point All zeros
Initial fopt nla
Final fopt 55.847

Note: All NaN’s in output file

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

n!a
0.0273

Training algorithm
Starting point
Initial fopt

Matlab

Final fopt

Random starting point
nla

0.033 1

Training algorithm
Code modification
Starting point

Simulated Annealing

Initial fopt
Final fopt

Geometric Mean
All zeros

66.78
11.59

Training algorithm Simulated Annealing
. Constrained GeometricCode modification

Mean
Starting point Solution of Case 5a
Initial fopt 0.0339
Final fopt 0.0339
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Case 5g

Case 5h

Note: All NaN’s in output file

Case 5i

Training algorithm Simulated Annealing
. . Constrained GeometricCode modification

Mean II
Starting point Solution of Case 5a
Initial Temperature 1000
Initial fopt 0.0339
Final fopt 0.0339

Note: All NaN’s in output file

Training algorithm Simulated Annealing
Code modification Optimum R Update
Starting point Solution of Case 5a
Initial fopt 0.0339
Final fopt 0.0339

For results of Cases 5f, 5g, and 5h, simulated annealing did not improve on the starting value

and, instead of converging to an answer, ran design variables off of the range of the

computer. These tests led to further modifications of the code. For each of the cases that can

be compared, Matlab produced better results. It was decided to obtain a data set that had

been used in other research for this next case. This data comes from some unpublished

research of Dr. Peiman Maghami of GCB. Dr. Maghami was attempting to train a neural

network to serve as an attitude controller for the Lewis spacecraft (a different attitude control

study for this spacecraft is described in [Maghami]).

Training algorithm Simulated Annealing
. . Constrained GeometricCode modification

Mean
Starting point Solution of Case 5a
Initial Temperature 1000
Initial fopt 0.0339
Final fopt 0.0339
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Case 6 — Training Data

Case 6a

Case 6b

Case 6c

Case 6d

Case 6e

Note: All NaN’s in output file

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 347 x 2
Tangent sigmoid, pure linear

2
1SL_ 15
2m1

— 1

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

lila
354.09

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

nla
1.188e7

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

nla
1.567e6

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

nla
400.11

Training algorithm Simulated Annealing
Code modification Optimum R Update
Starting point Solution of Case 6d
Initial fopt 400.11
Final fopt 400.11
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The simulated annealing run for this case also did not converge to an answer, instead ran

design variables off of the computer’s range. The same training set was used for this next

case with further modifications to the simulated annealing code.

Case 7 — Training Data

Case 7a

Case 7b

Case 7c

Note: All NaN’s in output file

Activation functions
Number of layers
Number of neurons
per layer

Size of training set 347 x 2
Tangent sigmoid, pure linear

2
1SL_ 10

— 1

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

n/a
1 .857e7

Training algorithm
Starting point
Initial fopt
Final fopt

Matlab
Random starting point

n/a
1.730e6

Training algorithm Simulated Annealing
Code modification Optimum R Update
Starting point Solution of Case 6a
Initial fopt 1.857e7
Final fopt 5467.79
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Case 7d

Training algorithm Simulated Annealing
Code modification Optimum R Update II
Starting point Solution of Case 6a
Initial fopt l.857e7
Final fopt 4880.40

Note: All NaN’s in output file

Training algorithm Simulated Annealing
Code modification Corana, et. al., penalized
Starting point Solution of Case 7a
Initial Temperature 5
Initial fopt 1 .857e7
Final fopt 1.225e7

Penalty value 0.855
SSE value l.225e7

In both cases 7c and 7d, the terminal behavior of the simulated annealing iterations was to

diverge to values outside the limits of floating point arithmetic on the computer. However, in

both cases intermediate values of the iterates provided better cost function values than either

Matlab run by more than two orders of magnitude. This is an acceptable comparison because

the best values forx0, andf01 are stored as the solutions. A better result was determined by

case 7e than the starting point from the Matlab solution in case 7a, however, the solution was

not an improvement over case 7b.

The x from Cases 7c and 7d were used as starting points for Matlab training runs to

complete the convergence to a minimum.

Case 7f

Training algorithm Matlab
Starting point Solution of Case 7c
Initial fopt 5467.79
Final fopt 5273.71

Case 7e
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Case 7g

Training algorithm Matlab
Starting point Solution of Case 7d
Initial fopt 4880.40
Final fopt 4479.46

Althought Matlab produced better results than the simulated annealing runs in cases 7f and

7g, Matlab would have not reached these results without the aid of simulated annealing.

Cases 7a and 7b trained by Matlab from random starting points yielded cost function values

in the 106 and range, presumably local minima. Cost function values in the range of i03

to 1 0 were determined from cases 7c and 7d before the solution wandered out of control,

possibly a failure of the dynamic step size adjustment. This demonstrates that simulated

annealing is capable of escaping from sub-optimal local minima to find better cost function

values. Cases 7f and 7g were not cases of “Matlab beats simulated annealing again”.

Instead, Matlab was using a downhill algorithm to finish converging to a local minimum

from a favorable starting point located by simulated annealing.
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Chapter 6
Conclusions

In the course of this study, about 1400 lines of Fortran 90 code were written and maintained

through several algorithm modifications to test simulated annealing as a training method for

neural netowrks. Several variations of the simulated annealing algorithm were proposed by

the Guidance and Control Branch (GCB) and tested using this software. Results of these

tests were reported back to GCB. Presented in this paper is the foundation for possible

modifications to a simulated annealing algorithm for continuous functions. Several

variations were suggested which proved not to work well on the neural network training

problem.

For the 7 training sets, 25 Matlab training runs were performed for comparison. At least 2

Matlab runs were performed for each training set. The second best result from Matlab runs

was used for starting points for the simulated annealing training tests. Of the 17 simulated

annealing runs, 6 produced results that went out of control (as indicated by the “All NaNs in

output file”), and 4 did not improve on the non-global local minimum starting point. The

remaining 7 runs settled in local minima. It is important to note that cases 7f and 7g could

never have been run without the information gotten from simulated annealing cases 7c and

7d, respectively. This is a geniune simulated annealing contribution to the network training.

This is a proof-of-concept study. The Fortran 90 language allowed for ease of programming

yet the software has not reached the point of production. The simulated annealing algorithm

could use further development, particularly in the adjustment of the scale factors. A study of

the initial parameters should be completed to determine what starting temperature, initial step

size, reduction coefficient, etc., should be used.
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