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This thesis proposed an approach for identifying non-binding constraints in a linear
programming problem (LP). A supervised learning neural network (NN) was applied in the
prediction method. The inputs of neural network were composed of the coefficients of the
objective function, the coefficients of the constraints and the right-hand-side constants of
linear programming problem. For each target of neural network, it set to — ‘1’ if the constraint
was binding and ‘0’ if the constraint was non-binding. We considered specifically the LP that
has a unique optimal solution and fixed the problem size to m x n dimensions where n was
varied from 2 to 4 and m was varied from n to n+2. Moreover, the back propagation (BP)
algorithm was selected for training neural networks. The result of this research showed the

accuracy of neural networks that identified non-binding constraints.
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CHAPTER I

INTRODUCTION

1.1 Motivation and Problem Description

Linear programming is one of the active research areas in optimization. It has im-
pact on economics, industry, military and science, such as the inventory problem,
the scheduling problem and the transportation problem [1].

Although there are several methods to solve the linear programming problem
(LP), such as the simplex method [2] and the interior point method [3], their
computational time depends on the problem size which mainly varies according
to the number of constraints and the number of variables. In the last 40 years,
researchers have proposed various neural network models for solving linear pro-
gramming problem [4]. Because the models are implemented on RC-circuits, their
computational time is insensitive to the problem size [5].

In this research, we considerthe canonical form of linear programming problem

(LP) [6]:

maximize L1+ oy + ... F+ cy,
subject to a1, + a19x9 + ...+ a1y, S b1

211 + A99T9 + ... + GopTy, S b2

Am1Z1 + Qa2 + ..« + ATy S bm

x17x27"'7xn20



where a;; are the coefficients of the constraints, c; are the coefficients of the
objective function, z; are the decision variables and b; are the right-hand-side
constants, for i =1,2,...,mand j =1,2,... n.

The LP in the canonical form involves m constraints and n nonnegative con-
straints. At the optimal solution, the constraints can be classified into two groups:
binding and non-binding constraints [7].

Theoretically, the group of binding constraints is used to obtain the optimal
solution, while the other group can be omitted. Therefore, if we can identify only
binding constraints and eliminate the others, the time for solving this reduced
problem should not be slower than the time for solving the original problem.

A supervised learning neural network (NN) is chosen as the constrained iden-
tification tool because of its capability of learning arbitrary nonlinear input pat-
terns. We select a widely popular algorithm known as the back propagation (BP)
algorithm in training multilayer perceptron (MLP).

This algorithm is based on adjusting the synaptic weights in accordance with
an error between the actual response of the neural network and the desired (target)
response. The learning process is maintained on an epoch-by-epoch basis until
the synaptic weights of the network stabilize and the average squared error over
the entire training set converges to a minimal value [8].

We will generate input patterns for NNs from all coefficients of LP based on
assumption that they have an effect on determining the binding constraints of the

optimal solution. For output patterns for NNs, we use the following setting:

1, if the constraint is binding;
target =

0, otherwise.



1.2 The Objective of Research

The objective of this research is to predict the non-binding constraints in a linear
programming problem using a supervised learning neural network. The result will

be presented in terms of the accuracy of NN.

1.3 The Scope of Study

In this research, we consider specifically the LP that have a unique optimal so-
lution because at least the number of binding constraints are fixed to be equal
to the number of decision variables. To compare the accuracy of trained NNs in
different dimensions of LLPs, the problem size are fixed to m x n dimensions where
n is varied from 2 to 4 and m is varied from n to n + 2.

Any LP can be transformed into the canonical form where the objective co-
efficient and the right-hand-side constants are not equal to zero, the coefficients
of the constraints (a;;). In addition, the coefficients of the objective function (c;)
and the right-hand-side constants (b;) are randomly generated where ¢; # 0 and
bi#0fori=1,...,mand j=1,... n.

For training each NN, the number of maximum epochs is set to 50,000. Gener-
ally, we use the heuristic method to determine the number of nodes in the hidden
layer. In this research, hidden neurons are increased by the exponential function,
2!, where 2° is equal to or larger than the dimension of input patterns. This
method help us find the appropriate the number of hidden neurons faster than
increasing them by the linear function.

This thesis is organized as follows. Chapter II provides the theoretical back-
ground. Chapter III describes the implementation of the proposed method. The

result and conclusion are summarized in Chapter IV.



CHAPTER II

BACKGROUND KNOWLEDGE

This chapter provides a summary of important theoretical backgrounds that are
required in this research. It contains two main sections: linear programming
problems (LPs) and neural networks (NNs).

First, we give definitions of related terms in LPs. We also introduce the new
form called the normalized linear programming form and explain how any LP can
be converted into this new form.

Second, we provide an elementary introduction to the concept of NNs. A
standard back propagation (BP) learning algorithm and multilayer perceptron

(MLP) are used in this research.

2.1 Background on Linear Programming Problems

Mathematical programming problems are concerned with the use or allocation
of limited resources like labor, materials and capital in the best possible manner
so that costs are minimized or profits are maximized. We will-mainly consider
a subclass of mathematical programming problems called a linear programming
problem (LP) [1]. An LP is an optimization problem in which the objective

function and constraints are expressed as linear function.



2.1.1 The Canonical Form

There are various forms to represent an LP. In this research, we consider the

canonical form of LP with m constraints and n nonnegative constraints as:

maximize C1T1 + CoTo + ... + Cpay
subject to a1 + apds + ...+ apx, < by

U217 + A%y + ... + ATy < by

(2.1)
@1%1 + Qoo + .o+ ATy < by,
TirEes . AN =\
where a;;, for @ = 1,2,...,m and j = 1,2,...,n, are the coefficients of the con-
straints. ¢y, co, ..., c, are the coefficients of the objective function for nonnegative
unknown (decision) variables, @y, s, ..., &, respectively. by, by, ..., b, are the

right-hand-side constants.
In matrix-vector notation, the above canonical LP can be written in a compact

form as:

maximize cTx
subject to Ax<b (2.2)
x>0

where A is an (m x n) matrix called the coefficient matrix, ¢ is an (n x 1) column
vector called the cost vector, x is an (n X 1) column vector called the decision
vector and b is an (m x 1) column vector called the right-hand-side vector [9].
In general, we can convert any LP to the canonical form (2.2). Note that the
canonical form requires maximizing the objective function. For the minimized op-

timization direction, we will multiply the objective function by —1 to reverse its



direction, changing the minimizing problem to the maximizing problem. The op-
timal solutions of both the maximization problem and the minimization problem

are the same, while their optimal values will differ by a negative sign.
T

—maximize (—cTx) = minimize (cTx).

Any linear inequality constraint of the form > can be converted into the form
< by multiplying —1 on both sides of that constraint. For any linear equality
constraint, we can express it using two inequality constraints. Consider the con-
version of a constraint to the form <.

If the k" constraint is of the form

ap1 21 + apoo + ...+ Ay > by,
then we multiply both sides of this constraint by —1 to get

— Q1T — ALy — oo — Apn Ty < —by.

If the k" constraint is of the form

171 + Ao + . ..+ agp T, = by,
it can be rewritten using two inequality constraints:

ap1 Ty + Ara s + 0. b ATy < by,
and —Qp1 X1 — Akl — ... — QppLy < —bp.

Now, we can convert any LP into the canonical form (2.2). In the next part,

we will introduce some terminology for finding the solution of the LP.



2.1.2 Feasible Region, Optimal Solution and Extreme Point

For any linear programming problem, we are interested in determining the values
of the decision variables that satisfy all restrictions and give the optimal value
for the objective function. The necessary standard definitions for solving LPs are

described as follows [10]:

Definition 2.1.1 (Feasible Region).
Given an LP in its canonical form (2.2), the feasible region is the set of all non-

negative solutions that satisfy all the constraints of the LP.
F={xeR"|Ax <b,x > 0},

where F'is the feasible region.

Any solution in the feasible region of the LP is said to be the feasible solution.

Suppose that there are feasible solutions, the goal of the LP is to find the

optimal feasible solution, as measured by the value of the objective function.

Definition 2.1.2 (Optimal Solution).
Consider an LP in its canonical form (2.2), if the feasible region is not empty, an
optimal solution is a feasible solution that has the largest value of the objective

function for the maximization problem. Let x* be an optimal solution to the LP.
cTx* >ceTx,Vx e F

The value of the objective function corresponding to an optimal solution is
called the optimal value.
The definition of convex set and extreme point that relevant in finding the

optimal solution to the LP will be summarized as follows [6]:



Definition 2.1.3 (Convex Set).
A set Sin IR™ is called a convex set if given any two points x; and x5 in S, then

Axy1 + (1 — N)xo € S for each A € [0, 1].

Note that Ax; + (1 — A\)xz for A in the interval [0, 1] represents a point on
line segment joining x; and xs. Any point of the form Ax; + (1 — A)xa where
A € [0,1] is called a convexr combination of xq and x5. If X € (0,1), then the
convex combination is called strict.

Hence convexity of S can be interpreted geometrically as follows. For each pair

of points x; and x5 in 5, the line segment joining them must belong to S.

A convex set A nonconvex set

Figure 2.1: Example of convex and nonconvex sets.

In the latter case, we see that not all points on the line segment joining x;
and x5 belong to S.
For the feasible region of any LP in its canonical form (2.2), we can show that

it 1s a convex set.

Definition 2.1.4 (Extreme Point).
A point x in a convex set S is called an extreme point of S, if x cannot be
represented as a strict convex combination of two distinct points in S. In other

words, if x = Ax3 + (1 — A\)x2 with A € (0,1) and x3,x5 € S, then x = x; = Xa.



Any LP in its canonical form (2.2) must be in one of the following four cases:

1. LP has the unique optimal solution.

This unique optimal solution must be an extreme point.

2. LP has alternative optimal solutions.
If there are two extreme points xj and x5 being optimal, then any convex

combination of xj and x3 is optimal.

3. LP is unbounded.
For a maximization problem, the feasible region is unbounded and the plane
cTx = z can be increased along the unbounded direction of the feasible re-

gion. In this case, the objective value is unbounded and no optimal solution

exists.

4. LP has an empty feasible region.
In this case, the system of equations and/or inequalities defining the feasible
region is inconsistent. This means there is no point satisfying all constraint

of the LP. Therefore, no optimal solution exists.

In this research, we considered specifically the LP that has a unique optimal
solution. To clarify the concept of optimal solution and extreme point, consider

the following example.
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Example 2.1. Consider the following LP:

maximize 40z, + 3674
subject to T <8
) S 10

5x1 + 319 < 45
T 20

i) Z 0
The intersection of the five halfspaces give the feasible region as follows:
F={xe R’z <8z, < 10,5z + 3z, < 45,21 > 0,25 > 0}

Clearly the set is a convex set and its extreme points are given as:

0 8 8 3 0
a = , b= ——r— =  — , and e =
0 0 g 10 10
Xy
A
153

The optimal solution

£310
d (3,10}

Figure 2.2: Feasible region (F) and extreme points (a,b,c,d,e).

After solving this LP, we get the unique optimal solution at 1 = 3 and x5, = 10

(the extreme point d).
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In the next part, we will describe the type of constraints that is the main point

of this research.

2.1.3 Binding and Non-binding Constraints

When the optimal solution to an LP has been found, we will classify each con-
straint as being a binding constraint or a non-binding constraint using the follow-

ing definitions [7]:

Definition 2.1.1 (Binding Constraints).
For an LP in its canonical form (2.2), a constraint is binding at x if the left-hand
side and the right-hand side of the constraint are equal when the feasible solution,

X, are substituted into the constraint.

Definition 2.1.2 (Non-binding Constraints).
For an LP in its canonical form (2.2), a constraint is non-binding at x if the left-
hand side and the right-hand side of the constraint are unequal when the feasible

solution, x, are substituted into the constraint.

Example 2.2. Consider the previous LP. The optimal solution of this problem
is x1 = 3 and @5 = 10. When we substitute the optimal values of the decision

variables into the left-hand side of the constraints, we obtain

maximize 4021 + 3624
subject to <8 3<8 (1)
x9 <10 10 =10 (2)
dx1 + 3wy <45 45 = 45 (3)
x>0 3>0 (4)

29 >0 10> 0 (5)
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the optimal solution

/

(3.10) )

)1—\ bhinding constraints
&)

)

Figure 2.3: Binding constraints.

From the above definition, we can identify that the 2"¢ and 3"¢ constraints are
binding at the optimal solution while the others are non-binding at the optimal
solution. The point of optimal solution (3, 10) results from the intersection of two

binding constraints (Figure 2.3).

From the canonical form of LP (2.2), the concept of extreme points and the
definition of binding and non-binding constraints, if there is a unique optimal
solution, we can show that the optimal solution must be an extreme point that
results from the intersection of at least n binding constraints.

Therefore, we want to find an approach for identifying only necessary con-
straints (binding constraints) and eliminating the others to reduce the problem
size. The following theorem indicates that the optimal solution of the eliminated

non-binding LP is the same as the original LP.
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Theorem 2.1.1. For an LP in its canonical form (2.2) with a unique optimal

solution x*, define
J={jlA;x"=b; }U{j|x;=0}

as a set of indices of binding constraints at x* from the set of inequalities from

Ax < b and x > 0. The reduced LP that is eliminated non-binding constraints

s

maximize G

subject to A, x <b;

x; >0 for i € J
has the same optimal solution x* as the original LP.

Observe that if x* is the optimal solution for the original LLP, then there cannot
be any improving feasible directions at x*. Therefore, x* is also the optimal
solution for the reduced LP.

Conversely, suppose that Fy is the feasible region of the reduced LP. If x* is
the optimal solution for the reduced LP, then there cannot be any point in Fg

giving the optimal value better than x*. Obviously, F' C Fz. Thus x* must be

the optimal solution for the original LP.

z

s

X X
\l The optimal solution \h The optimal solution
15 \ o 15 \ 3.4
(3,10} (3,10}
1 t%) i 1:%)
. }+—hinding consirainis ol }+—hinding consiraints
5) @) £
| | b X 1 T T b x 1
INEBEY IR
(1)
The oniginal LP The reduced LP

Figure 2.4: The original LP and the reduced LP.
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2.1.4 The Normalized Linear Programming Form

In this research, we consider LPs in the canonical form (2.2) where ¢; # 0 for
1=1,2,...,nand b; #0 for i =1,2,...,m.
To simplify our notation, the decision vector (x) and the coefficient matrix

(A) will be divided into a subvector and a submatrix as:
X = [x+ e ],

where x7 is a column vector whose the objective coefficient is equal to 1,

X~ is a column vector whose the objective coefficient is equal to —1.

A+
A= ,
A_
where

AT is the coefficient matrix whose the right-hand-side constant is equal to 1,

A~ is the coefficient matrix whose the right-hand-side constant is equal to —1.

The new form of LPs called the normalized LP form can be defined as follows:

maximize 1TxT =1Tx~

subject to At[xT|[x7]<1
A [xt|x7 )<~ (2.3)
xt,x >0

9 -

where 1 is the sum vector with all element equal to 1.
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The coefficients of the objective function and the right-hand-side constants in
the LP has been reduced from the real value in the canonical form (2.2) to 1 or
—1 in the normalized LP form (2.3). By fixing that values to 1 or —1, the LP in
the new form have been simplified.

The process for converting any LP into the normalized LP form (2.3) can

divided into three steps:

1. Covert any LP into its canonical form (2.2) and check the assumption that

ci#0,fore=1,2,...;nand b; #0, fort =1,2,... ,m.

2. Rename decision variables so that the coefficients of objective function (¢;,

fori=1,...,n) of the LP are equal to 1 or —1.

3. Divide each constraint by the absolute value of its right-hand-side constant

(|bs], fori=1,...,m).
Example 2.3. The LP is given by:

maximize 5x1 — 29

subject to Hr1 — 6xy < 2
— 3z + 29 < —1
— 621 + 1229 < 3

1,72 > 0

We apply the conversion steps to the above problem to get the normalized LP

form of (2.3):
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1. The LP is already in its canonical from(2.2) and also satisfies the assumption

ciZ0fori=1,2,....nand b; #0 fort =1,2,...,m.

2. Let y; = bxy and ys = 29 so that the coefficients of the objective function

from real values are set to 1 or —1.

maximize Y1 — Yo

subject to =3, < 2
— 0.6y; + 0.5y, < —1
— 1.2y1 +6y2 < 3

Y1,y2 > 0

3. Divide the first constraint by 2 and the third constraint by 3 to get:

maximize Y1 — Yo
subject to 0.5y; — 1.5y, <1
— 0.6y + 0.5y, < —1
— 04y + 2y, <1

Y1,Y2=> 0

Now, we can convert any LP in the canonical form (2.2) to the normalized LP
form(2.3)." We can solve any LPs in this form using the software GNU Linear

Programming Kit: GLPK*.

*Appendix A
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2.2 Background on Neural Networks

A neural network (NN) is widely used machine learning methodology in many
diverse fields, including engineering, physics and mathematics. It is a network
designed to model the way in which the human brain processes information, such
as pattern recognition, data classification and image processing [8].

The human brain consists of a large number (approximately 10'!) of highly
connected elements (approximately 10* connections per element) called neurons
[11]. As shown in Figure 2.5, each neuron has four principal components: a cell
body, an axon, dendrites and synapses.

Dendrites: Accept inputs

Synapses: |

The el ectronchemiecal
contact between neurons

Soma:

Axon: 3
Process the inputs

Turn the processed inputs
into outputs

Figure 2.5: A biological neuron.

The dendrites act as a neuron’s input receptors for signals coming from other
neurons. The cell body effectively evaluates these incoming signal and determines
the output. The axon is a single long fiber that carries the signal from the cell
body out to other neurons as the neuron’s output channel. The gap between an
output axon of one neuron and the input dendrites of another is the location of
the synapses. The information are transferred across a synapse by electrochemical

voltage.
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An artificial neuron simulates the four basic functions of the biological neuron:
accepts inputs, combines them, performs an operation and outputs a result (Figure
2.6). The inputs to the network are represented by the mathematical symbol x;.
These are multiplied by their corresponding weights, w;. In the simplest case,
these products and bias are simply summed, fed through an activation or transfer
function to generate an output. The bias acts as a threshold in that it serves to

vary the activity of the neuron.

b

x;

xziv\%:‘,@—v f | output
: £

X

Figure 2.6: A basic artificial neuron.

The output of this model can be denoted by

output = f(z rw; + b)
i=1

where z; is the input signal, w; is the synaptic weight, for ¢ = 1,2,...,n, b is
the bias, and f is the activation function, which is typically a sigmoidal function

having a value range from 0 to 1.

1
t) = —"—
flnets) = T



19

2.2.1 Multilayer Perceptron

In this part, we focus on a certain type of NN called the standard feed forward
multilayer perceptron (MLP). It is a valuable learning tool when one has little or
no knowledge about the form of the relationship between input vectors and their
corresponding outputs.

This model consists of a network of neurons organized into several layers. The
degree of non-linearity of the MLP network can be changed by varying the number
of layers and the number of units in each layer.

Generally, it requires three layers: an input layer, hidden layer and output
layer. However, the input layer does not perform any computations. It is only
used to distribute the input signal to the hidden layer.

A neuron in any layer of the network is connected to all the neurons in the
previous layer by links or weights. The input signal propagates though the network

in a forward direction, from left to right and on a layer-by-layer basis [8].

level i i k

connection

input hidden output
layer layer layer

Figure 2.7: Three-layer feed forward multilayer perceptron.
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Suppose that the number of neurons in the input layer, hidden layer, and
output layer are equal to ny, ny, and ng respectively. The output of neuron j from

the hidden layer, h;, is computed as:
h; = fj(net;)

ny
netj = E Ly W4 + bj

=1

where x; is the input signal, wj;, fori = 1,2,...,nyand j = 1,2, ..., ny, represents
the synaptic weight connecting between the neuron ¢ in the input layer and the
neuron j in the hidden layer, b; is the bias at neuron j and f is a sigmoidal
function.

The output from the hidden layer is the input to the output layer. The output

of neuron k from the output layer, oy, is computed as:
O = fk(netk)

n2
netk = Z hjwkj aF bk

J=1

where wy;, for j =1,2,... ,ng and k = 1,2, ..., n3, represents the synaptic weight
connecting between the neuron j in the hidden layer and the neuron k in the

output layer and by is the bias at neuron k.

2.2:2 © Back propagation Algorithm

Back propagation (BP) algorithm is one of the most popular used algorithm for
training neural network [12]. It is based on a feed forward multilayer perceptron
with supervised learning. Training the MLP with BP is adapting the synaptic
weights until the error between the actual output of the NN and the desired

response (target) over all training patterns is minimized.
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Let p be the total number of training patterns. The cost function or the total

error energy [8] is obtained by:
1 G
E= 522@’2 — op)?
p=1 k=1
where ¢/ is the desired response (target) for the &' dimension of the training
pattern u. of is the output of the k" neuron in the output layer of the training
pattern pu.

In this research, we focus on a neural network training technique called the
steepest descent method. Mathematically, this technique is accomplished by min-
imizing a suitable error function with respect to all network weights [12].

Let n € (0,1) be a learning rate and § be the error gradient. We can compute

the weight adjustment, Aw, to update the synaptic weight, w(t), at iteration ¢ as

follows:

e For the weight between hidden and output layers:

wkj(t =F 1) == wk](t) + Awkj,
Awkj = 7’]5kh]’,

(Sk ~ (tk — ok)f/(netk).
e For the weight between input-and hidden layers:

U)ji(t + 1) = wﬂ(t) + iji,

Awj; = ndjx;,

5; = f (net;) (Y Swry).
k=1
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Training procedures for the MLP by BP are presented in Figure 2.8.

| Eandom weights |

1+-_-.
| Lpply atraining pattern |

¥
| Compute cutput and error |

Y

Compute weight adjustment

Training data
set exhausted?

Evaluate networl: error

rror acceptable
or iteration exceeded ¥

Figure 2.8: Flow chart for training the MLP by BP.

We will use the back propagation algorithm from the software Stuttgart Neural

Network Simulator: SNNST.

tAppendix B



CHAPTER III

IMPLEMENTATION

This chapter describes the implementation of the proposed method. It contains
two main sections: the algorithm for generating patterns of NNs from LPs and

the architecture of NNs used in this research.

3.1 The Algorithm for Generating Patterns

The input-output training and testing patterns for NNs are generated by the main

program (main.ct). The flowchart of the program main.c is shown in Figure 3.1.

Set the problem sizes of LP (m, &)
and Max pattern

*—-I
Create a LP
in the normalized LP form

v

| Sortthe LP according to the matriz A |

Y

| Encode the LP into apattern of NMs |

Max pattern
exceeded?

Figure 3.1: Flowchart for the program main.c

fAppendix C
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Let n be the number of decision variables and m be the number of constraints.

In the first step, the LPs are randomly created in the normalized LP form

(2.3) by the subprogram Gen_LP ().

Eandom the coefficient matriz (A)
(.:;tij, Fori=1, . mand =1, ., »)
in the interwal [-1,1]

Fandom the cost wector {c)
(g;# 0 for =1, ., ) in the interval [-1,1]
- Bound ¢, up to 1 Jf value = 0.5
-Eound % downto -1 ,if value =05

v

Eandom the right-hand-size wector (b))
(& = 0tor1 =1, ., #1n the interval [-1,1]
- Eound & up to 1 LA walue = 0.5
- Round &, dewn to -1 | if walue < 0.5

End

Figure 3.2: Flow chart for generating an LP.

To detect different patterns from the same LP, the generated LP is sorted
according to the coefficient matrix (A) by the subprogram Sort()*. To clarify

the sorting process, we add the notation of the submatrix as follows:
As = [a ], ) Hord i =4).0.0m ) “and /1= 1,1 40

and let ap, be the largest elements in Aj;.

fAppendix C
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The sorting process can be separated into two cases:

e Casel: Ahasm<n-+1
At iteration i, ap, of A; will be interchanged to the top left corner of the
main diagonal position (a;;) of A, fori=1,...,n. When A hasm =n+1,

only n steps are required because a1, are already smaller than a,,,.

e Case 2: Ahasm>n+1
For the first ¢ = 1,...,n, it is sorted as in case 1. However, we need to
add the step of interchanging the remaining rows of A so that the elements
in rows n + 1,...,m are sorted in descending order according to the last

column n.

The flowchart of the subprogram Sort ()* is shown in Figure 3.3.

tAppendix C



for thematrix A that has m =n
Find the mazmum value, @, in A :

Interchange the rowof A and b
hetween § and h

Interchange the column of A
atd the row of ¢
hetween i and &

| P — | Add this step if 7z :=~n+1§
Find the rmazmum value in A 44
from row mti 1o @ inthecolumn 7z
auppose that mas =y, ;.
Interchange the row of A andb

hetween w+iand b
|

Figure 3.3: Flow chart for the sorting process.
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Example 3.1. Consider the following LP:

maximize — 1 + o
subject to 0.3z; — 0.1z <1
0.221 + 0.529 < 1
0.1z +0.125 < 1 PW

Ty, 22 > 0

The cost vector, coefficient matrix and right-hand-side vector can be written

as
03 —0.1 1
_1
c® , AY = 1p2 05|, and bY =y
1
01 0.1 1

Additional different five matrices of A" which interchange rows of the coeffi-

cient matrix A® are

013 = Z0.1 02 05

01 01|, |03 —0.1],

02 0.5 0.1 0.1
0205 0.1 0.1 0.1--0.1
01 01|, [03 —0.1|, and 0.2 05
0.3 0.1 0.2 05 03 —0.1

These matrices still represent the constraints of the same LP.
If we consider the column interchange of the problem P™) its cost vector and
coefficient matrix can be written by
—-0.1 0.3 1
. AP =105 02|, and b® =]

0.1 0.1 1
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Similarly, there are the other five matrices which are the results of interchang-

ing rows of the coefficient matrix A

—0.1 0.3 05 0.2
01 0.1}, [-=0.1 03],
0.5 0.2 0.1 0.1
0.5 0.2 0.1 0.1 0.1 0.1
01 01|, |-01 03|, and [ 05 0.2
—0.1 0.3 0.5 0.2 —0.1 0.3

We can see that one LP can be represented by different patterns of various
cost vectors, right-hand-size vectors and coefficient matrices. However, we need
to identify the unique LP before we encode it into an input pattern of NNs.

Sorted by subprogram Sort (), the above problem (P®)) can be represented

by:
maximize Y1 — Yo
subject to 0.5y1 + 0.2y, < 1

01y 01y <1

y1,Y2.> 0
where y; = x9 and yy = 27,
0.5 0.2 1
1
c= : A=1-01 03] and b=1
-1

0.1 0.1 1
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In the last step, we encode the LP into a input-output pattern of NNs as

follows:

= b by”
Xn=1[c; ... ¢ an ... n b1 ... Ami .. Gun D)

t - [tl e tn tn+1 e tm+n]

where

xn is the ((m+n-+mn)x 1) vector called the input vector and its 7" dimension
represents the input signal of neuron i in the input layer of NNs.

t is ((m+n) x 1) vector called the target vector and its i dimension represents

the output signal that is

1 if the i"" constraint is binding;

0, otherwise.

We solve the LP by the subprogram Solve_LP()* to identify the binding and
non-binding constraints using the subprogram Binding()*. This construct the
vector t. In this research, the number of binding constraints is fixed to the number
of decision variables, so we ignore the LPs that do not have a unique solution.

Solve the Lp
by the subprogram Solve_LP()

Encode the LPinto patterns
by the subproblem Binding()

End

Figure 3.4: Flow chart for the encoding step.

fAppendix C
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For a testing set generations, we also solve LP so that we can compare the
target with the output from trained NNs and compute the accuracy of trained

NNs.

Example 3.2. From the previous problem P, the (11 x 1) input vector can be

written as follows:
xn=[1 -1 05 02 1 —01 03 1 01 01 1"

After we solve the LP, we get the only one optimal solution which is y; = 2
and y, = 0. When we substitute the optimal values of the decision variables into

the left-hand side of the constraints, we obtain

maximize Y1 — Yo
subject to 0.5y1 + 0.2y, < 1 1=1 (1)
—0.1y, + 0.3y, < 1 —02<1 (2)
0.1y, + 0.1y, < 1 02<1 (3)
120 2>0 (4)
Y2 >0 0=0 (5)

The 1% and 5% constraints are binding and the others are non-binding. Therefore,

the targets for NNs can be written in the vector form as:
t=[1 0 0 o0 1"

The training and testing sets for NNs are generated this way. In the next part,

we will describe the design of NNs.
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3.2 The Architecture of Neural Networks

In this research, the back-propagation (BP) learning algorithm is used to train
the three-layer multilayer perceptron (MLP).

The input patterns for training NNs (xn) are composed of the coefficient of the
objective function, the coefficient of constraints and the right-hand-side constants
of LP. Therefore, the number of input neurons is specified by the dimension of
the input vector (xn).

To identify that each constraint of the LP in (m x n) dimensions is binding or
non-binding, we use m~+n NNs with one output to adjust the weight in accordance
with an error from only one constraint instead of all m+n constraints. By reducing
the target size for training NNs, the network error can converge to an acceptable

threshold faster.

________________________________________________________

Metwork 1 —.—-. Constraint,

Wetwork ——."' Constraint,,

Networlomrtl |+ i Nonneg f.'twe 5
; i constraint,

! Nonnegative |
Network pmetn 24 :
: ! constramt,

Figure 3.5: m + n NNs for the LP in (m x n) dimensions.
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The number of hidden nodes is a crucial parameter of a feed forward multilayer
perceptron. An NN with too many hidden neurons may over fit the data, causing
poor classification on unseen data, while too few hidden units under fit the model,
and is not sufficiently accurate.

In this research, we determine the appropriate number of hidden neurons by
increasing them based on the exponential function, 2/ where 27 is equal to or
larger than the number of input nodes.

Suppose that the input, hidden, output neurons are equal to ni,ns and ns

respectively. Therefore, one NN has
ny = |xn| = m+n + mn,

ng =27, where j > logy(m +n +mn) and ng = 1.

input layer hidden layer output layer

mitatmn 27 1
nodes nodes nodes

Figure 3.6: The k* NN for the k™ constraint.
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Example 3.3. For our previous example (P), the input and target vectors can

be written as:
xn=[1 -1 05 02 1 —-01 03 1 01 0.1 1]T

and t=[1 0 0 o0 1"

From the above LP, the problem involves five constraints. We also need five

corresponding NNs where the k" NN identifies that the £*" constraint is binding

or non-binding, for £k =1,....5.
T etwr ot 1 ——.h Constraint,
Metworl 2 —-—."* Constraint,
. Input vector (xn) - Ietworl 3 —-—Iw Constraint,
Network 4 . : Nunnegz?twe
: i constramt,
o A ; - Nunnega?twe
i constrant,

Figure 3.7: Five NNs for the problem (P).

For the hidden neurons, 2/, j starts from 4 because 2* = 16 is larger than the

dimension of input patterns (|xn| = 11).
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i input neurons
:  1lnodes

hidden neurons

21 nodes

05

0.2

output neurons :
1node '

e
0.1 :

03

0.1

0.1

Figure 3.8: The structure of the 1%¢ NN for the constraint 0.5y; + 0.2y, < 1.

The target of the 15 NNs is equal to 1 which means the first constraint (0.5y; +

0.2y < 1) is binding.
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i input neurons
:  1lnodes

hidden neurons

21 nodes

05

0.2

output neurons :
1node '

-1
0.1 :

03

0.1

0.1

Figure 3.9: The structure of the 27¢ NN for the constraint —0.1y; + 0.3y, < 1.

The target of the 2"¢ NNs is equal to 0 which means the second constraint

(—=0.1z1 + 0.3y, <'1) is non-binding.
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i input neurons
:  1lnodes

hidden neurons

21 nodes

05

0.2

output neurons :
1node '

e
0.1 :

03

0.1

0.1

Figure 3.10: The structure of the 37¢ NN for the constraint 0.1y; + 0.1y, < 1.

The target of the 3"¢ NNs is equal to 0 which means the third constraint

(0.1y; + 0.1y, <'1) is non-binding.
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i input neurons
:  1lnodes

hidden neurons

21 nodes

05

0.2

output neurons :
1node '

-
-01

03

0.1

0.1

Figure 3.11: The structure of the 4 NN for the nonnegative constraint z; > 0.

The target of the 4" NNs is equal to 0 which means the nonnegative constraint

(x1 > 0)is non-binding.
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i input neurons
:  1lnodes

hidden neurons

21 nodes

05

0.2

output neurons :
1node '

-z
-01

03

0.1

0.1

Figure 3.12: The structure of the 5* NN for the nonnegative constraint x5 > 0.

The target of the 5 NNs is equal to 1 which means the nonnegative constraint

(x2 > 0)'is binding.
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As for the activation function, we use the sigmoidal function because the target
of our patterns is only 0 or 1. After the training process, its performance and
classification capabilities are evaluated. Before comparing with its target, the
output from the trained NNs is rounded by the threshold value 0.5 as:

1, if net > 0.5.
output(net) =

0, otherwise.

The predicted results are shown in terms of the accuracy of trained NNs in

the next chapter .



CHAPTER IV

RESULT AND CONCLUSION

4.1 Result

In the thesis, we perform our experiments based on Linux operating system with
the CPU Intel Pentium IV 2 GHz and RAM 256 MB using the SNNS software.

The problem size of LP is fixed to m X n dimensions where n is the number
of decision variables varied from 2 to 4 and m is the number of constraints varied
from n to n 4+ 2. Therefore, we have nine different LP sizes, namely 2 x 2, 3 x 2,
4x2,3%x3,4%x3,5x3,4x4,5x4, and 6 x 4.

For training NNs, the training sets contain 10,000 input vectors. The maxi-
mum epochs and the acceptable error (sum square error: SSE) are set to 50,000
and 1079, respectively.

The learning process of the back propagation algorithm is terminated when
either the iteration exceeded (learning at the maximum iteration) or the network
error was below acceptable threshold (learning successfully).

If NN can learn successfully, the newly 1,000 generated patterns will be simu-
lated to estimate the accuracy of the unseen data of the NN.

In our experiment, each binding and non-binding constraint at the optimal
solution is treated differently. Since our aim of the research is to identify non-
binding constraints, the accumulated error is defined as the incorrectly classifying
the binding constraint as the non-binding output.

To clarify this concept, consider the following example.
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Example 4.1. Consider the previous problem P,

maximize Y1 — Y2
subject to 0.5y1 + 0.2y, < 1 (1)
—0.1y + 0.3y, < 1 (2)
0.1y + 0.1y, < 1 (3)
=0 (4)
y2 = 0 (5)

xn=[1 =1 05 02 1 —01 03 1 01 o1 17

This problem involves five constraints, we thus have five corresponding NNs.
At the optimal solution, the 1% and 5" constraints are binding and the others are
non-binding.

The output after xn is fed to the NNs of the 1°* and 5 NNs must not be
equal to 0, otherwise the optimal solution of the original LP may not reach the
actual optimal solution. The NN is said to be incorrectly classified.

In contrast, the output of the other NNs can be equal to 0 or 1 because the
other constraints are non-binding. Whether we eliminate them or not, the optimal

solution-of this updated problem will be the same as the original problem.
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The accuracy of the j* NN can be denoted by

The number of correctly predicted patterns

Accuracy(NN;) =
uracy(NN;) Total number of testing patterns

If our experiment, we train NNs with the different number of hidden nodes.
Since the accuracy of trained NNs on testing data is more important than the
training time, the NN with the appropriate hidden nodes that has the best accu-
racy will be selected. If there are two or more NNs having the same accuracy, the
NN with the shortest running time is selected.

Suppose that the sclected NN for the k" constraint is denoted by NNy, for
k=1,....m+n.

The average accuracy of the m + n NNs is evaluated as:

S 2" Accuracy (NNy)
m+n

Average accuracy =

Note that if all m + n NNs predict the correct non-binding constraints then
the optimal solution of the eliminated non-binding I.P is the same as the original
problem.

However, if one of the NNs misclassifies the binding constraint as the non-
binding one then the optimal solution of the eliminated non-binding LP does not
guarantee to be the same as the original LP.

Therefore, we define the overall accuracy of all m +n NNs as

The number of LP that all m 4 n selected NNs predict correctly

Overall accuracy = -
Y Total number of testing patterns
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Our first learned NNs composes 2 4+ 2 NNs for the LP in the 2 x 2 dimensions.

The input and target vectors can be represented by

The problem involves 4 constraints, we thus have 4 corresponding NNs. Each
of them has 8 inputs (|xn|) and one output. As for the number of hidden neuron,
it is varied from 23 to 2°.

The experimental results is presented in Table 4.1.

Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy(%)
1 8 50,000 - 4.48369 -
16 15,217 1,154.40 - 99.80

*32 4,198 591.89 - 99.90

64 2,315 632.95 - 99.70

2 *8 19,890 960.68 - 99.90
16 3,807 291.88 - 99.60

5% 2,527 363.75 - 99.60

64 1,732 467.80 - 99.50

1 >0 8 50,000 - 9.80923 -
16 10,004 759.08 - 99.80

32 3,523 491.70 - 99.70

*64 2,279 606.59 - 100.00

To >0 8 2,369 *119.07 - 99.90
16 1,769 144.46 - 99.90

32 1,409 207.07 - 99.60

64 1,135 306.05 - 99.90

* marks the selected NNy, for k =1,...,4.

Table 4.1: NNs for the LP in m =2,n =2
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Table 4.1 shows that the accuracy of the NNs with 8 hidden neurons for the 15
and 1 > 0 constraints are not evaluated (-) because the NNs learn unsuccessfully.
They reach the maximum iteration (50,000 epochs) due to having too few hidden
neurons to capture the complexity of training patterns.

The NN with the appropriate hidden nodes for the k& constraint, k =1, ..., 4,

is selected from Table 4.1 as shown in Table 4.2

Constraint# | Network | #Hidden | Times(sec) | Accuracy (%)
1 NNy 32 591.89 99.90

2 NNy 8 960.68 99.90
x>0 NNj3 64 606.59 100.00

x9 >0 NNy 8 119.07 99.90
Average accuracy 99.93

Table 4.2: Selected NNs for the LP in m =2,n =2

After checking the number of LP that all four selected NNs predict correctly,
we get the overall accuracy is equal to 99.7%. This means that there are 0.03% of LP
in testing patterns missclassified the binding constraint, which causes inaccurate

optimal solution of the original LP.
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The second learned NN composes of 3+ 2 NNs for the LP in the 3 x 2 dimen-

sions. The input and target vectors can be represented by

= b b bs]”
Xn—[Cl Co aix1 A2 1 G211 Q22 2 az1 (32 3]

The problem involves 5 constraints, we thus have 5 corresponding NNs. Each
of them has 11 inputs (|xn|) and one output. As for the number of hidden neuron,
it is varied from 2* to 27.

The experimental results is presented in Table 4.3.

Constraint# | #Hidden LEpochﬂTimes(sec) ‘ Error(sse) ‘ Accuracy (%) ‘

1 16 50,000 [ 68.51823 _
32 50,000 | 16.12836 _

*64 2,780 948.61 _ 98.20

128 1,345 881.92 _ 97.80

2 16 50,000 | 59.77855 -
32 50,000 _ 9.67427 _

*64 5,603 | 1,887.96 _ 98.60

128 1,763 1,147.47 - 98.10

3 16 50,000 | 4451794 -
*32 13,447 |  2,401.58 _ 99.50

64 4,064 1,374.76 - 99.20

128 1432 941.20 - 99.40

71 >0 16 50,000 _ 8.08606 -
32 15,960 2,734.58 _ 98.90

64 2 526 833.11 _ 98.90

*128 1,005 589.71 [ 99.10

79 > 0 *16 2,760 273.82 _ 99.80
32 1,805 311.08 - 99.40

64 1,398 470.16 _ 99.60

128 1,139 743.05 _ 99.50

* marks the selected NNy for £k =1,...,5.

Table 4.3: NNs for the LP in m = 3,n = 2
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Table 4.3 shows that the NNs with 16 hidden neurons for all constraint except
the 25 > 0 constraint and 32 hidden neurons for the 1% and 2™ constraints reach
the maximum iteration (learning unsuccessfully). Therefore, their accuracy is not
evaluated (-).

The NN with the appropriate hidden nodes for the k" constraint, k = 1, ..., 5,

is selected from Table 4.3 as shown in Table 4.4

Constraint# | Network | #Hidden | Times(sec) | Accuracy (%)
1 NNy 64 948.61 98.20

2 NN, 64 1,887.96 98.60

3 NNj 32 2,401.58 99.50
x>0 NNy 128 589.71 99.10

xo > 0 NNy 16 273.82 99.80
Average accuracy 99.04

Table 4.4: Selected NNs for the LP in m = 3,n = 2

After checking the number of LP that all five selected NNs predict correctly, we
get the overall accuracy is equal to 95.20%. This means that there are 4.80% of LP
in testing patterns missclassified the binding constraint, which causes inaccurate
optimal solution of the original LP.

Next, we train the 4 + 2 NNs for the LLP in the 4 x 2 dimensions. The input

and target vectors can be represented by

= b b b by|”
XH—[Cl Co Q11 Q12 1 Q21 Q22 2 a31  A32 3 A41 Q42 4]

The problem involves 6 constraints, we thus have 6 corresponding NNs. Each
of them has 14 inputs (|xn|) and one output. As for the number of hidden neuron,
it is varied from 2% to 27.

The experimental results is presented in Table 4.5.
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Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy(%)
1 16 50,000 - 220.01929 -
32 50,000 - 90.70090 -

64 22,158 8081.71 - 96.80

*128 2,162 1,564.69 - 96.90

2 16 50,000 - | 144.23007 -
32 50,000 - 42.77959 -

64 10,053 3,711.40 - 97.50

*128 2,335 | 1,719.71 _ 97.80

3 16 50,000 - 101.22366 -
32 50,000 - 28.36635 -

64 2,831 *1,041.43 - 97.90

128 7,520 5,482.10 - 97.90

4 16 50,000 - 51.59223 -
32 21,346 4,030.50 - 98.20

64 5,272 1,045.18 - 98.30

*128 2,183 1,574.30 - 98.70

1 >0 16 50,000 - 96.61501 -
32 50,000 - 15.81535 -

*64 2,781 1,033.00 - 98.20

128 1,281 932.60 - 97.50

9 >0 16 1,677 *173.11 - 99.50
32 963 182.12 - 99.40

64 904 384.64 - 99.50

128 485 357.78 - 99.50

* marks the selected NNy for k'=1,...,6.

Table 4.5:. NNs for the LP.inm =4,n =2
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Table 4.5 shows that the NNs with 16 hidden neurons for all constraint except

the x5 > 0 constraint and 32 hidden neurons for all constraint except the 4"

and xy >

0 constraints reach the maximum iteration (learning unsuccessfully).
Therefore, their accuracy is not evaluated (-).
The NN with the appropriate hidden nodes for the k' constraint, k = 1, ..., 6,

is selected from Table 4.5 as shown in Table 4.6

Constraint# | Network | #Hidden | Times(sec) | Accuracy(%)
1 NN, 128 1,564.69 96.90

2 NN, 128 1,719.71 97.80

3 NNj 64 1,041.43 97.90

4 NNy 128 1,074.30 98.70
x>0 NNj; 64 1,033.00 98.20

To >0 NNg 16 173.11 99.50
Average accuracy 98.17

Table 4.6: Selected NNs for the LP in m =4,n =2

After checking the number of LP that all six selected NNs predict correctly, we
get the overall accuracy is equal to 89.40%. This means that there are 10.60% of LP
in testing patterns missclassified the binding constraint, which causes inaccurate
optimal solution of the original LP.

The next learned NNs composes of 343 NN for the LLP in the 3 x 3 dimensions.

The input and target vectors can be represented by

XHZ[C1 Co C3 ain a2 a3 b a; ax axz by az;  azx  ass

t=[t b t3 L t3 g

The problem involves 6 constraints, we thus have 6 corresponding NNs. Each
of them has 15 inputs (|xn|) and one output. As for the number of hidden neuron,
it is varied from 2% to 28.

The experimental results is presented in Table 4.7.
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Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy(%)
1 16 50,000 - 323.92490 -
32 50,000 - | 201.72466 -
64 50,000 - 33.36899 -
*128 3,688 2,659.00 - 95.80
256 3,023 4,204.74 - 95.30
2 16 50,000 - 302.52875 -
32 50,000 - 201.60039 -
64 50,000 - 26.59995 -
128 2,002 2.127.22 - 94.80
*256 2,097 2,881.96 - 95.00
3 16 50,000 - | 302.52875 -
32 20,000 - 180.22064 -
64 50,000 - 26.13642 -
128 2,751 1,041.99 - 95.20
%256 1,545 | 2,168.17 - 95.70
1 >0 16 50,000 - 346.91119 -
32 50,000 - 224.78435 -
64 50,000 - 27.86832 -
*128 2,397 1,699.12 - 95.10
256 688 965.54 - 94.30
T2 >0 16 20,000 - 312.15701 -
32 50,000 - 192.91785 -
64 50,000 - 9.30723 -
128 3,403 | 1,771.57 - 95.90
256 2,799 4,025.36 - 94.60
x3 >0 16 50,000 - 203.40755 -
32 50,000 7 76.81271 -
64 10,898 3,959.65 - 96.40
128 3181 9.245.13 - 95.80
256 2,104 *2,993.36 - 96.40
* marks the selected NNy for k = 1,...,6.

Table 4.7: NNs for the LP in m=3,n =3
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Table 4.7 shows that the NNs with 16, 32, and 64 hidden neurons for all
constraint except the NNs with 64 hidden neurons for the x3 > 0 constraint reach
the maximum iteration (learning unsuccessfully). Therefore, their accuracy is not
evaluated (-).

The NN with the appropriate hidden nodes for the k' constraint, k = 1, ..., 6,

is selected from Table 4.7 as shown in Table 4.8

Constraint# | Network | #Hidden | Times(sec) | Accuracy(%)
1 NN, 128 2,659.00 95.80

2 NN, 256 2,881.96 95.00

3 NNj 256 2,168.17 95.70
x>0 NNy 128 1,699.12 95.10

xy >0 NNj; 128 1,771.57 95.90

x5 >0 NNg 256 2,993.36 96.40
Average accuracy 95.65

Table 4.8: Selected NNs for the LP in m =3,n =3

After checking the number of LP that all six selected NNs predict correctly, we
get the overall accuracy is equal to 74.90%. This means that there are 25.10% of LP
in testing patterns missclassified the binding constraint, which causes inaccurate
optimal solution of the original LP.

The next learned NNs composes of 443 NN for the LLP in the 4 x 3 dimensions.

The input and target vectors can be represented by

Xn:[Cl Co c3 a;n a2 a3 by azr ax ax by

The problem involves 7 constraints, we thus have 7 corresponding NNs. Each
of them has 19 inputs (|xn|) and one output. As for the number of hidden neuron,

it is varied from 2° to 28.
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The experimental results is presented in Table 4.9.

Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy(%)
1 32 50,000 - | 313.71573 -
64 50,000 - 92.86191 -

128 2,426 1,950.49 - 91.50

*256 2,223 | 3,602.47 5 92.50

2 32 50,000 - 294.47223 -
64 50,000 - 64.82623 -

128 1,846 *1,499.14 - 91.20

256 1,325 2,135.12 - 91.20

3 32 20,000 . 250.20413 -
64 50,000 - 50.28577 -

*128 1,817 1,477.70 - 94.40

256 1,207 1,933.6 - 94.30

4 32 50,000 - 159.51068 -
64 50,000 - 1.04256 -

128 1,232 991.65 - 94.50

*256 1,202 1,938.42 - 95.30

1 >0 32 50,000 - | 308.46732 -
64 50,000 - 61.96968 -

*128 2,314 1,858.59 - 92.20

256 2,080 3,332.15 - 91.40

T9 > 0 32 50,000 - 267.73502 -
64 20,000 - 54.29050 -

*128 1,581 | 1,280.21 - 95.90

256 1,372 2,241.31 - 91.80

x3 >0 32 50,000 1 80.38234 -
64 4,176 1,704.03 - 95.70

128 1,062 861.76 - 95.20

*256 1,083 1,714.70 - 96.10

* marks the selected NN, fork =1,...,7.

Table 4.9: NNs for the LP in m=4,n =3
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Table 4.9 shows that the NNs with 32, and 64 hidden neurons for all constraint
except the NNs with 64 hidden neurons for the x3 > 0 constraint reach the
maximum iteration (learning unsuccessfully). Therefore, their accuracy is not
evaluated (-).

The NN with the appropriate hidden nodes for the k" constraint, k = 1,...,7,

is selected from Table 4.9 as shown in Table 4.10

Constraint# | Network #HiddenTTimes(sec) ‘ Accuracy(%) ‘

1 NN, 256 3,602.47 92.50

2 NNy 128 1,499.14 91.20

3 NNj 128 1,477.70 94.40

4 NN, 256 1,938.42 95.30

x1 >0 NNj; 128 1,858.59 92.20

x9 >0 NN 128 1,280.21 95.90

x3 >0 NN~ 256 1,714.70 96.10
Average accuracy 93.94

Table 4.10: Selected NNs for the LP in m =4,n =3

After checking the number of LP that all seven selected NNs predict correctly,
we get the overall accuracy is equal to 59.30%. This means that there are 40.70%
of LP in testing patterns missclassified the binding constraint, which causes inac-
curate optimal solution of the original LP.

The next learned NNs composes of 5+3 NN for the LP in the 5x 3 dimensions.

The input and the target vectors can be represented by

xn:[01 co €3 a;; a2 a3 by as ax axs by a1 ase  ass

The problem involves 8 constraints, we thus have 8 corresponding NNs. Each
of them has 23 inputs (|xn|) and one output. As for the number of hidden neuron,

it is varied from 2° to 28.
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The experimental results is presented in Table 4.11.

| Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy(%) |

1 32 50,000 “] 395.51593 -
61 50,000 ~ [ 120.07862 -

128 1,652 1,504.46 - 88.10

%256 1,040 1,841.59 - 90.00

2 32 50,000 ~ 334.06140 -
64 50,000 ~ [ 101.96539 -

128 2,685 2,140.01 - 91.20

¥256 1,248 [ 2,210.47 - 91.80

3 32 50,000 ~ | 315.96420 -
64 50,000 ~ | 75.28999 -

128 1,483 1,316.76 - 91.10

*256 835 1,517.04 - 92.10

1 32 50,000 ~ 240.11996 -
61 50,000 - 1.20835 -

128 1,374 1,236.81 - 924.00

%256 756 1,371.65 - 95.40

5 32 50,000 ~1 9258267 -
*64 4,067 1,867.23 - 96.70

128 893 806.19 - 95.40

256 185 879.64 - 95.80

7 >0 32 50,000 ~ | 335.90030 -
64 50,000 ~| 81.96362 -

*128 1,930 1,737.46 - 91.60

256 1,167 2,003.10 - 91.10

Ty >0 32 50,000 | 285.33115 -
61 50,000 ~ |~ 53.00173 -

128 1,243 1,127.71 - 93.40

%256 1,004 | 1,812.19 - 93.60

T3 > 0 32 50,000 T 42.98532 -
%64 1,136 522.56 - 96.10

128 516 16745 - 95.60

256 337 607.67 - 95.00

* marks the selected NN, for k =1,...,8.

Table 4.11: NNs for the LP'in'm =5,n =3




o4

Table 4.11 shows that the NNs with 32 ,and 64 hidden neurons for all constraint
except the NNs with 64 hidden neurons for the 5" and x5 > 0 constraints reach
the maximum iteration (learning unsuccessfully). Therefore, their accuracy is not
evaluated (-).

The NN with the appropriate hidden nodes for the k" constraint, k = 1,...,8,

is selected from Table 4.11 as shown in Table 4.12

| Constraint# | Network | #Hidden | Times(sec) | Accuracy (%) |

1 NNy 256 1,841.59 90.00

2 NN, 256 2,210.47 91.80

3 NNj 256 1,517.04 92.10

4 NN, 256 1,371.65 95.40

5 NNj 64 1,867.23 96.70
x>0 NN 128 1,737.46 91.60

x9 >0 NN~ 256 1,812.19 93.60

x3 >0 NNg 64 522.56 96.10
Average accuracy 93.41

Table 4.12: Selected NNs for the LP in m =5,n=3

After checking the number of LLP that all eight selected NNs predict correctly,
we get the overall accuracy is equal to 54.90%. This means that there are 45.10%
of LP in testing patterns missclassified the binding constraint, which causes inac-
curate optimal solution of the original LP.

The next learned NNs composes of 444 NNs for the LLP in the 4 x4 dimensions.

The input and target vectors can be represented by
Xn:[Cl Cy 3 cy lan @tz ag by lagy dga Ay ass by

T
as; asy azz  Gza by asy  as2  as3 G 54]

t=1[t1 to ty ty t5 tg t; tg]

The problem involves 8 constraints, we thus have 8 corresponding NNs. Each
of them has 24 inputs (|xn|) and one output. As for the number of hidden neuron,

it is varied from 2° to 28.
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The experimental results is presented in Table 4.13.

| Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy(%) |

i 32 50,000 “T 351.40801 -
64 50,000 T 4771244 -

128 1,488 1,422.90 - 83.90

*256 877 | 1,669.31 - 91.20

2 32 50,000 T 334.82507 -
64 50,000 “ [ 99.72289 -

*128 1,501 1,429.86 - 90.00

256 877 1,669.31 - 91.20

3 32 50,000 ~ 353.66815 -
64 50,000 T 76.27777 -

128 1,578 1,505.59 - 91.40

*256 720 | 1,391.13 - 92.50

1 32 50,000 T 32451324 -
64 50,000 ~| 55.45377 -

128 793 T61.57 - 90.60

%256 830 | 1,585.39 - 92.60

7.>0 32 50,000 T 334.82507 -
64 50,000 “ [ 69.87735 -

*128 1,367 | 1,342.07 - 92.50

256 840 1,600.71 - 92.10

Ty >0 32 50,000 ~ [ 360.21011 5
64 50,000 ~ [ 69.50634 -

*128 1,154 | 1,220.00 - 90.60

256 804 1,570.97 - 83.80

T3>0 32 50,000 ~ | 328.40054 5
61 50,000 ~ |~ 51.65095 -

*128 1,011 968.51 B 91.20

256 829 1,579.03 - 90.50

7,>0 32 50,000 = 244.22375 5
64 50,000 - 752560 -

*128 999 952.96 - 91.30

256 944 1818.33 - 90.20

* marks the selected NN, for k =1,...,8.

Table 4.13: NNs for the LP'inm =4,n =4
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Table 4.13 shows that the NNs with 32 and 64 hidden neurons for all constraint
reach the maximum iteration (learning unsuccessfully). Therefore, their accuracy
is not evaluated (-).

The NN with the appropriate hidden nodes for the k™ constraint, k = 1,...,8,

is selected from Table 4.13 as shown in Table 4.14

Constraint# | Network | #Hidden | Times(sec) | Accuracy (%)
1 NN; 256 1,669.31 91.20

2 NN, 128 1,429.86 90.00

3 NNj 256 1,391.13 92.50

4 NNy 256 1,585.39 92.60

x1 >0 NNj5 128 1,342.07 92.50

x9 >0 NN 128 1,220.00 90.60

x3 >0 NN, 128 968.51 91.20

x4 >0 NNg 128 952.96 91.30
Average accuracy 91.48

Table 4.14: Selected NNs for the LP in m =4,n =4

After checking the number of LP that all eight selected NNs predict correctly,
we get the overall accuracy is equal to 44.20%. This means that there are 55.80%
of LP in testing patterns missclassified the binding constraint, which causes inac-

curate optimal solution of the original LP.
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The next learned NNs composes of 5+4 NNs for the LP in the 5x 4 dimensions.

The input and target vectors can be represented by

Xn:[Cl C €3 C4 Q11 Q12 @13 Q14 by an  a Q23  QA24 by

The problem involves 9 constraints, we thus have 9 corresponding NNs. Each
of them has 29 inputs (|xn|) and one output. As for the number of hidden neuron,
it is varied from 2° to 2%

The experimental results is presented in Table 4.15.
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| Constraint# | #Hidden | Epochs | Times(sec) | Error(sse) | Accuracy (%) |

i 32 50,000 “[ 402.96899 -
64 50,000 ~1 71.9%6%6 -

128 933 1,063.28 - 8750

¥256 665 | 1,430.42 - 89.00

2 32 50,000 ~ [ 43457349 -
64 50,000 ~ [ 114.58553 -

128 1,895 2,054.32 - 89.60

*256 815 | 1,761.21 - 91.70

3 32 50,000 ~ [ 399.22968 -
64 50,000 T 92.483%6 -

128 1,053 1,145.90 - 89.00

*256 558 | 1,207.57 - 89.30

1 32 50,000 ~ [ 339.72290 -
G4 50,000 = 40.49747 -

178 760 832.19 - 837

*256 565 | 1,224.02 - 88.90

5 32 50,000 ~ [ 189.69020 -
64 9,453 5.213.01 - 92.10

*128 498 536.48 - 92.40

256 553 1,194.48 - 9T.40

2, >0 32 50,000 — [ 380.92621 -
64 50,000 ~ [ 97.01405 -

128 T,085 T,I78.07 - 83.00

*256 582 |  1,251.37 - 89.70

7, >0 32 50,000 T 40559177 -
64 50,000 “1 66.69518 -

*128 855 928.62 - 90.80

256 705 1,527.03 - 83.60

23>0 32 50,000 [ 7367.77017 -
64 50,000 — 7719629 -

128 850 922.95 - 90.10

*256 655 | 1,408.90 - 90.80

2,>0 32 50,000 T 20737527 -
64 50,000 - T.04151 -

128 571 620.28 - 90.60

*256 513  1,112.52 - 91.80

* marks the selected NNy, for k£ =1,...,9.

Table 4.15: NNs for the LP inm =5,n=4
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Table 4.15 shows that the NNs with 32 and 64 hidden neurons for all constraint
except the NNs with 64 hidden neurons for the 5 constraint reach the maximum
iteration (learning unsuccessfully). Therefore, their accuracy is not evaluated (-).

The NN with the appropriate hidden nodes for the k™ constraint, k = 1,...,9,

is selected from Table 4.15 as shown in Table 4.16

Constraint# | Network | #Hidden | Times(sec) | Accuracy (%)
1 NN, 256 1,430.42 89.00

2 NN, 256 1,761.21 91.70

3 NNj 256 1,207.57 89.30

4 NN, 256 1,224.02 88.90

5) NNj; 128 536.48 92.40

x1 >0 NN 256 1,251.37 89.70

xo >0 NN7 128 928.62 90.80

x3 >0 NNg 256 1,408.90 90.80

x4 >0 NNy 256 1,112.52 91.80
Average accuracy 90.49

Table 4.16: Selected NNs for the LP in m =5,n =4

After checking the number of LP that all nine selected NNs predict correctly,
we get the overall accuracy is equal to 36.00%. This means that there are 64.00%
of LP in testing patterns missclassified the binding constraint, which causes inac-

curate optimal solution of the original LP.
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The last learned NNs composes of 644 NNs for the LP in the 6 x 4 dimensions.

The input and target vectors can be represented by
Xn:[Cl Ca €3 €4 G G2 Qi3 Qa by ax ak ass aw by

asi Qg Q33  A3q by Qg Guo Qa3 Qua Dy
as; a b be)”
51 52  A53° 054 5 Q1 G2 A3  dg4 6
t = — fr —. tiol"
=t to ts ti t5 tg ly ts ty iy

The problem involves 10 constraints, we thus have 10 corresponding NNs.
Each of them has 34 inputs (|xn|) and one output. As for the number of hidden
neuron, it is varied from 2° to 28.

The experimental results is presented in Table 4.17.
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’ Constraint# \ #Hidden \ Epochs \ Times(sec) \ Error(sse) \ Accuracy(%) ‘

1 64 50,000 -] 78.91619 -
*128 696 820.74 _ 87.30

256 429 1,125.77 - 87.10

2 64 50,000 ~ 9664111 _
*128 967 1,139.89 - 89.80

256 417 975.09 - 88.70

3 64 50,000 ~ | 53.38405 -
128 631 799.97 - 86.60

*256 427 1,015.72 - 87.30

1 64 50,000 ~ | 13.29587 -
128 601 715.08 - 88.6

*256 472 1,097.12 - 90.9

5 64 50,000 2 0.53562 -
128 483 567.42 - 89.60

*256 390 919.06 _ 91.10

6 64 935 591.98 - 92.30
128 352 *413.09 - 92.70

256 326 759.98 - 92.70

71> 0 64 50,000 ~|52.79285 -
128 1,013 1,186.10 - 88.00

*256 533 1,258.20 - 88.40

To > 0 64 50,000 ~ | B4.08652 _
128 879 1,030.46 - 87.20

*256 328 790.87 - 88.70

73 >0 64 50,000 _ 1.51025 -
128 574 673.88 - 88.70

*256 391 975.63 - 89.50

24> 0 64 1,863 1,119.96 - 92.80
128 376 44415 - 93.90

*256 334 791.43 _ 94.40

* marks the selected NNy for k =1,...

-10.

Table 4.17: NNs for the LP in.m =6,n =4
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Table 4.17 shows that the NNs with 64 hidden neurons for all constraint except
the 6" and z, > 0 constraints reach the maximum iteration (learning unsuccess-
fully). Therefore, their accuracy is not evaluated (-).

The NN with the appropriate hidden nodes for the &t constraint, k = 1, ..., 10,

is selected from Table 4.17 as shown in Table 4.18

Constraint# | Network | #Hidden | Times(sec) | Accuracy (%)
1 NN, 128 820.74 87.30

2 NN, 128 1,139.89 89.80

3 NNj 256 1,015.72 87.30

4 NN, 256 1,097.12 90.90

5) NNj; 256 919.06 91.10

6 NN 128 413.09 92.70

x1 >0 NN7 256 1,258.20 88.40

x9 >0 NNg 256 790.87 88.70

x3 >0 NNy 256 975.63 89.50

x4 >0 NNy 256 791.43 94.40
Average accuracy 90.01

Table 4.18: Selected NNs for the LP in m =6,n =4

After checking the number of LP that all ten selected NNs predict correctly, we
get the overall accuracy is equal to 27.90%. This means that there are 72.10% of LP
in testing patterns missclassified the binding constraint, which causes inaccurate

optimal solution of the original LP:
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4.2 Conclusion

The aim of this research is to use a supervised learning neural network for iden-
tifying non-binding constraints in linear programming problems. The back prop-
agation algorithm is selected to train three layer MLPs.

We considered specifically nine different LP sizes: 2 x 2, 3 x 2, 4 x 2, 3 X 3,
4x3,5x3,4x4,5x4,and 6 x 4.

For the LP in the m X n_dimensions, the problem consists of m -+ n constraints,
we thus use m + n NNs with one input to identify each constraint where the k™"
NNs identifies the k“* constraints.

After the training process, the NNs will be measured their classification capa-
bilities as the average accuracy and the overall accuracy.

The average accuracy for nine different LP is summarized in Table 4.19.

LP size (m x n) | #Input (|xn|) | Average accuracy (%)
2 X2 8 99.93
M< 2 11 99.04
42 14 98.17
3 %3 15 95.65
4x3 19 93.94
5 X3 23 93.41
4 x4 24 91.48
5 x4 29 90.49
6:x 4 34 90.01

Table 4.19: The average accuracy

Table 4.19 shows the decreasing of the average accuracy varied by the number
of input nodes. The 90% or above means using the NNs to learn individual non-

binding constraint shows acceptable accuracy.



64

The overall accuracy for nine different LP is summarized in Table 4.20.

LP size (m x n) ‘ #NNs ‘ Overall accuracy (%) ‘
2 X2 4 99.70
3 X2 5) 95.20
4 x 2 6 89.40
3x3 6 74.90
4x3 7 59.30
5% 3 3 54.40
4x4 8 44.20
5 X 4 9 36.00
6 x4 10 27.90

Table 4.20: The overall accuracy

Table 4.20 shows the decreasing of the overall accuracy varied by the number

of NNs. The small accuracy of NNs shows that the large number of NNs does not

help to apply the non-binding elimination of the original LP.
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Figure 4.1: Both accuracies decreases according to problem size

The results indicate

the impact of this method to both accuracies. The in-

dividual accuracy of NNs is slowly decrease while the overall accuracy of NNs is

sharply decrease as the

problem size becomes larger as shown in Figure 4.1.
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An unacceptable overall accuracy of the larger LP shows an inappropriate
naive construction of input of the LP cannot be trained for all constraints, only
individual one is possible.

This shows that the use of the NN to learn the non-binding constraints is
possible. However, the appropriate structure of inputs of the LP is required in
order to reach the acceptable overall accuracy.

Note that for our input vector, no interrelationship between coefficients from
different rows has been identified. In addition, the distinctions among the objec-
tive coefficient and the right-hand-side constant are given according to the index
of the input.

In this research, NNs are used as classification tool for identifying non-binding
constraints. The back propagation algorithm may be unsuitable for training NNs.
Therefore, the future work of this research may concentrate on selecting other al-
gorithms in the training process, such as Radial Basis Function (RBF) or Support
Vector Machine (SVM).

However, this method is suitable to use in the small problem size. Moreover,
the time for predicting non-binding constraints does not depend on the number
of LPs. If we have a lot of LPs with two decision variables and less than four
constraints, this method can help us predict non-binding constraints correctly

more than 89Y%.
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Appendix A

GNU Linear Programming Kit: GLPK

GLPK (GNU Linear Programming Kit) is a set of routines written in the ANSI-C
programming language and organized in the form of a callable library [13]. Tt is
intended for solving mathematical programming problems. The GLPK package

can be downloaded from http://www.gnu.org/gnu/glpk.

In order to understand how GLPK can solve the LP, consider the following

example:

Example A.1. Suppose that we have an LP in the normalized LP form as:

maximize X1 — X

subject to 05x; +—15x%xy<1
—06x; +05x < —1
—04x; +2x <1

X ,%x2 > 0

We can solve this LP using GLPK API routines by the following C program.



/**xAn example code C for solving the LP that has m=3,n=2%x*x/
/***Declare the relevant libraries**x/
#include <stdio.h>
#include <stdlib.h>
#include "glpk.h"

int main(void)
{

/***Declare the relevant variables**x/

LPX *1p;

int rn[1+6], cn[1+6];

double al1+6], Z, x1, x2;

/**+Create a LP object that initially is empty***/

sl: 1lp=lpx_create_prob();

/***Add rows and set upper bounds to the problem object*xx*/
s2: lpx_add_rows(1lp,3);

s3: lpx_set_rows_bnds(lp, 1, LPX_UP, 0.0, 1.0);

s4: lpx_set_rows_bnds(lp, 2, LPX_UP, 0.0, -1.0);

sb: lpx_set_rows_bnds(lp, 3, LPX_UP, 0.0, 1.0);

/***Add columns and set lower bounds to the problem object*x*/
s6: lpx_add_cols(1p,2);
s7: lpx_set_cols_bnds(lp, 1, LPX_LO, 0.0, 0.0);

s8: lpx_set_cols_bnds(lp, 2, LPX_LO, 0.0, 0.0);
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/**xAssign the constraint coefficients to three arrays**x/
s9: rn[1]=1, cnl[1]l=1, a[1]l= 0.5;
s10: rn[2]=1, cn[2]=2, a[2]=-1.5;
si11l: rn[3]=2, cn[3]=1, a[3]=-0.6;
s12: rn[4]=2, cnl[4]=2, a[4]= 0.5;
s13: rn[5]=3, cnl[b]l=1, a[5]=-0.4;

s14: rn[6]=3, cnl[6]=2, a[6]l= 2.0;

/**+Load information into the problem object**x/

s15: lpx_load_mat3(lp, 6, rn, cn, a);

/***Set the optimization directionk**/

s16: lpx_set_obj_dir(lp, LPX_MAX);

/***Set the coefficients of the objective functionx*x*/
s17: lpx_set_cols_coef(lp, 1, 1.0);

s18: lpx_set_cols_coef(lp, 2, -1.0);

/***Solve the Lp**x*/

s19: lpx_simplex(lp);

/**%Get the optimal value and optimal solution*xx*/
s20: Z=lpx_get_obj_val(lp);
s21: 1lpx_get_col_info(lp, 1, NULL, &x1, NULL);

s22: lpx_get_col_info(lp, 2, NULL, &x2, NULL);
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/***¥Print the output***/

s23: printf("Z = Y1lf; x1 = %1f, x2 = %1lf\n", Z, x1, x2);

/**+Delete the problem object*xx*/
s24: lpx_delete_prob(lp);

return O;

After we get the C program (LP. c), the next step is to link the relevant libraries
and compile it by the following command:
>>gcc -g -02 -Iinclude LP.c ../libglpk.a -1m -o LP.out

The LP.out can be executed using the following command:

>> ./LP.out

The result is shown in the following figure:

VY wanypkalocallipetahac ke .
File Edit Wiew Terminal Go Help

[wanyuk@lucalhhst back]$ gce -g -02 -TIinclude LP.c iiﬁglpk.a -Im -o LP.out [*|
[wanyok@localhost back]$ ./LP.out

a: objval = 0. 000000000e+00 infeas = 1.000000000e+00 (0)
1: objval = 1.666666667e+00 infeas = 0. 000000000e+00 (0)
* 1: objval = 1.666666667e+00 infeas = 0.000000000e+00 (0)
* 3: objval = 6.500000000e+00 infeas = 0.000000000e+00 (0)

OPTIMAL SOLUTION FOUND
Z = 6.500000; x1 = B.750000, x2 = 2.250000
Iiranyukﬂlucalhast back]$

u\\\|

Figure A.1: The output from GLPK

The optimal value (z) is 6.5 and the optimal solution of this problem is x; =

875 and xy = 2 25.



Appendix B

Stuttgart Neural Network Simulator: SNNS

SNNS (Stuttgart Neural Network Simulator) is a software simulator for research
on and application of NNs [14]. The SNNS package can be obtained from

http://www-ra.informatik.uni-tuebingen.de/SNNS/

To train an NN, we have to prepare data files using the SNNS format. SNNS

supports five file types as follows:

1. Pattern files (.pat)

The pattern file can divided into two components: a header and a data.
The header defines how many patterns the file contains and the dimension
of the input and target vectors. An example of the pattern file (xor.pat)

for the XOR problem is given as:

# Header
SNNS pattern definition file V1.4-3D

generated at Thu Sep 16 10:00:20 2004

No. of patterns : 4
No. of input units : 2

No. of output units : 1

# Data

# Pattern 1:



4

11

0

# Pattern 2:
01

1

# Pattern 3:
10

1

# Pattern 4:
00

0

. Network file (.net)

The network file consists of the information about the weight, bias and
the link between neurons of NN. An example of the network file (xor.net)

is given as follows:

SNNS network definition file V1.4-3D

generated at Thu Sep 16 10:10:19 2004

network name : Xor
source files :

no. of units : 8

no. of connections : 15
no. of unit types : O
no. of site types : O

learning function : Std_Backpropagation
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update function : Topological_Order

unit default section :

act |bias | st|subnet|layer|act func |out func

------- |-===——=]—= ] | = | - | -
0.0000010.00000|h | 0l 1]Act_Logistic|Out_Identity

unit definition section :

no. | typeName | unitName | act | bias | st |
1] | | 1.00000 | -1.00000 | i |
7 I | 0.03148 | -1.96954 | h |
8 | | | 0.09881 | -2.13637 | o |

connection definition section :
target | site | source:weight

3 | | 1:-3.24972, 2:-2.69466

8 | | 3:-3.09026, 4:-1.59093, ... , 7: 5.77850
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3. Configuration files (.cfg)

The configuration file defines the location of relevant files and the value
of all parameters, such as, the maximum iteration, maximum error and
learning rate. An example of the configuration file (xor.cfg) is given as

follows:

Type: SNNSBATCH_2

# If a key is given twice, the second appearance is taken.

# Keys that are not required for a special run maybe omitted.

# If a key is omitted but required, a default value is assumed.

# The lines may be separated with comments.

# Please note the mandatory file type specification at

**+

the beginning and the colon following the key.
#

NetworkFile: xor.net
InitFunction: Randomize_Weights
NoOfInitParam: 2

InitParam: -1.0 1.0

#

LearnPatternFile: xor.pat

#

NoOfLearnParam: 2

LearnParam: 0.8 0.1
MaxLearnCycles: 10000
MaxErrorToStop: 0.001

Shuffle: YES
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TrainedNetworkFile: xor.net
ResultFile: xor.res
ResultMinMaxPattern: 1 4
ResultIncludeInput: YES

ResultIncludeQutput: YES

. Result file (.res)

The result file is the output of the trained NN written after the SNNS
finished processing. An example of the result file (xor.res) is given as

follow:

SNNS result file V1.4-3D

generated at Thu Sep 16 10:10:19 2004

No. of pattermns 1 4
No. of input units : 2
No. of output units : 1
startpattern 1
endpattern T 4
input patterns included

teaching output included

#1.1
00
0

0.09794
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#2.1
01

1
0.90076
#3.1
10

1
0.90016
#4.1
11

0

0.09881

. Log file (.log)

The log file created automatically reports the statistical data about the
process of training an NN, such as, the error in each iteration, CPU time
used in learning and the number of learned cycles. An example of the log

file (snnsbat.log) is given as follow:

SNNS 3D-Kernel V4.20 Batchlearning Program
Configuration file: ’xor.cfg’

Log file : ’snnsbat.log’

######## SNNS batch execution run. Loop 1 ########
Networkfile ’xor.net’ loaded.
Patternfile ’xor.pat’ loaded.

No. of patterns: 4



No. of cycles: 100000
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Max. network error to stop: 0.001000

Patterns are shuffled
Network name

No. of units

No. of sites

No. of links

Learning Function
Update Function
Learning Parameter #1

Learning Parameter #2

. XOor

s

3 0

15

: Std_Backpropagation
: Topological_Order
: 0.800000

: 0.100000

Init Function: Randomize_Weights

Init Parameter #1

Init Parameter #2

Result File

: -1.000000

1.000000

’xor.res’

Result File Start Pattern: 1

Result File End Pattern

4

Result File Input Pattern included

Result File Output Pattern included



>k >k 3k 3k 5k 5k 3k 5k 5k >k >k >k >k 3k 3k 5k 5k 5k 5k >k >k >k >k >k 3k 3k 5k 5k 5k 5k >k >k >k >k 3k 3k 5k 5k 5k 5k >k %k %k >k %k %k >k 5k >k >k >k %k >k >k >k %k

SNNS 3D-Kernel V4.20 Batchlearning started

at Thu Sep 16 10:11:27 2004

Network initialized with

Randomize_Weights -1.00 1.00

Result file saved.

Network saved to xor.net.

SNNS 3D-Kernel V4.20 Batchlearning terminated
at Thu Sep 16 10:11:29 2004

Node: unknown

stk skok ok ok ok ok o ok ok ok sk sk sk ok ok sk ok ok ok sk ok ok ok ok sk ok ok ko ok sk sk sk sk sk ok ok o s ok ok ok sk sk ok ok ok
----  STATISTICS --——-

No. of learned cycles: 611

No. of units updated : 19552

No. of sites updated : .0

No. of links updated : 36660

CPU Time used: 0.06 seconds

User time: 2 seconds

No. of connection updates per second (CUPS): 6.110000e+05

80
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The process for using SNNS can be divided into three steps:

1. Network Creation

The network file for xor.net can be created by the SNNS tool called
Bignet using the following command: >> ./bignet The number of nodes
in input, output and hidden layers must be entered, respectively. We also
need to enter the name of the network and the file name that we want to

save the network.

v wannk@ocalnsE; : FrEeEy ,.
File Edit Wiew Terminal Go Help
[wanyok@localhost wanyok]$ . /bignet -

SNNS 3D-Kernel WVE.30
———-— Network Generator for 3 Layer Feedforward Networks ---—-

No. of input units: 2
No. of output units: 1
No. of hidden units: 5

Create Units now ...
make connections

S

MName of the network: xor

Filename of the network to save: xor.net
Saving the network

Eanyuk@-lm_:ja_lhost wanyok 1% Al 3

Figure B.1: Bignet for a network creation

Bignet will create a file in-our directory with the name xor.net. This
network has 2 input neurons, 5 hidden neurons and one output unit. How-

ever, we must also have a pattern file before we proceed with the simulation.

2. Pattern Creation

A pattern files is a text file with the .pat extension. It contains a header

and a data. The header is composed of a number of training patterns and
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the number of input and output units. Then, we append training patterns
after the header information. An example of the pattern file has shown in

Xor.pat.

. Simulation

After we have a network file (xor.net) and a pattern file (xor.pat), the
next step is to create the configuration file that defines the location of rele-
vant files and the value of all parameters. An example of the configuration

file has shown in xor.cfg.

The configuration file can be executed using the following command:

>> ./snnsbat xor.cfg

This execution loads a network and pattern files, initializes the weights,
trains it for 10000 cycles (or stops, if the error is less than 0.001), and finally

generates the result file (xor.res).

In order to measure the accuracy of our testing patterns, the configura-

tion file will be change as follows:

NetworkFile: xor.net
LearnPatternFile: xor_test.pat
ResultFile: xor_test.res
ResultMinMaxPattern: 1 4
ResultIncludeInput: YES

ResultIncludeOutput: YES

We can see our results and network file in xor_test.res and xor.net.
For any statistical data, we can see it in the log file (snnsbat.log) that is

automatically created when we train an NN.



Appendix C

Coding

The program main.c is written in the ANSI-C programming language following
the algorithm for generating patterns for NNs from LPs in chapter III. Its coding

can be shown as follows:

/***xDeclare the relevant libraries*k*/
#include <stdio.h>
#include <stdlib.h>

#include <glpk.h>

/**x*xDeclare the relevant variableskxx/
int m,n;
int Max_pat,LP;

int h,k;

/**xDeclare subprograms**x*/

void Set_problemsize();

void Gen_LP();

void Sort(double c[n+1],double aal[m+1] [n+1],double b[m+1]);

void Find_max(double aa[m+1] [n+1],int sr,int sc);

void Switch_row(double b[m+1] ,double aal[m+1] [n+1],int rl,int r2);
void Switch_col(double c[n+1],double aal[m+1] [n+1],int cl,int c2);

void Solve_LP(double c[n+1],double aa[m+1] [n+1],double b[m+1]);
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void Binding(double c[n+1],double aa[m+1] [n+1],double b[m+1],
double x[n+1]);
void Print_output(double c[n+1],double aa[m+1] [n+1],double b[m+1],

int t[m+n+1]);

/***Program main.c for generating input patterns*xx*/

int main(void)

{

Set_problemsize(); //Set problem sizes and maximum patterns.
for (LP=1;LP<=Max_pat ;LP++)Gen_LP();

return O;

b

void Set_problemsize()

{

/**x*xSet problem sizes and maximum patterns***/
printf ("Enter the number of constraints (m): ");
scanf ("%d",&m) ;

printf ("Enter the number of variables (n): ");

scanf ("}d",&n);

/*Set the number of training + testing patterns*/
printf ("Enter the maximum patterns (Max_pattern): ");
scanf ("%d",&Max_pat) ;

}



void Gen_LP()

/**x*xRandom Matrix A, vector c and vector bx**x*/
/**xin the normalized LP fromx**/

/**x*%c1=0 and b!=0)**x/

{

double aa[m+1] [n+1];

double c[n+1],b[m+1];

double temp;

int 1,];

for(i=1;i<=m;i++){

for(j=1;j<=n;j++){
aalil [j1=2.0%(rand()/(double)RAND_MAX)-1.0;
temp=rand () / (double)RAND_MAX;
if (temp<=0.5)c[jl=1;
else c[jl=-1;

}

temp=rand () / (double)RAND_MAX;

if (temp<=0.5)b[i]=1;

else b[i]=-1;

Sort(c,aa,b); //Sort the LP according to the matrix A

Solve_LP(c,aa,b); //Solve the LP to get the optimal solution
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void Sort(double c[n+1],double aa[m+1] [n+1],double b[m+1])

/**xSort the LP according to the matrix A*xx/
{
int sr,sc,i;
for(i=1;i<=n;i++){
Find_max(aa,i,i);
if (h!=i)Switch_row(b,aa,i,h);

if (k!=i)Switch_col(c,aa,i,k);

}
if (m>n+1){
for(i=1;i<m-n;i++){
Find_max(aa,n+i,n);
if (h!'=n+i)Switch_row(b,aa,n+i,h);
}
}
}

void Find_max(double aa[m+1][n+1],int sr,int sc)
{
int i,j; double max=aal[sr] [sc];
h=sr,k=sc;
for(i=sr;i<=m;i++){
for(j=sc;j<=n;j++){

if (max<aa[i] [j]){max=aali] [j];h=i;k=j;}
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void Switch_row(double b[m+1],double aa[m+1] [n+1],int rl,int r2)
{
double temp;

int i;

for(i=1;i<=n;i++){temp=aalri] [i];
aal[r1] [i]=aa[r2] [i];
aalr2] [i]=temp;}

if (b[r1]'=b[r2]){temp=b[ri];

blril=b[r2];

b[r2]=temp;’

void Switch_col(double c[n+1],double aa[m+1] [n+1],int cl,int c2)
{
double temp;

int i;

for(i=1;i<=m;i++){temp=aali][cl];
aalil[c1)=aalil'[c2];
aal[i] [c2]=temp;}

if (c[c1]!'=c[c2]){temp=c[c1];
clc1l=c[c2];

c[c2]=temp;}
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void
{
LPX

int

Solve_LP(double c[n+1],double aa[m+1] [n+1],double b[m+1])

*]_p;

i,j,cu=1,rz=0,rn[m*n+1],cn[m*n+1];

double a[m*n+1] ,x[n+1];

sl:

s2:

s3:

s4:

sb:

s6:

s7:

s8:

s9:

s10:

sli:

sl12:

lp=lpx_create_prob();
1px_add_rows(lp,m);
for(i=1;i<=m;i++)1px_set_row_bnds(lp,i,LPX_UP,0.0,b[i]);
lpx_add_cols(lp,n);
for(i=1;i<=n;i++)1px_set_col_bnds(lp,i,LPX_L0,0.0,0.0);
for(i=1;i<=m;i++){
for(j=1;j<=n; j++,cut+){
if (fabs(aalil [j])>=1E-6){
rnlcu-rz]=i, cnlcu-rz]=j, alcu-rzl=aalil[j];?}
else rz++;} }
lpx_load_mat3(lp,m*n-rz,rn,cn,a);
lpx_set_obj_dir(1p,LPX_MAX);
for(i=1;i<=n;i++)1px_set_col_coef(lp,i,c[i]);
lpx_simplex(1lp);

if (1px_get_status(1p)==LPX_0PT){

38

for(i=1;i<=n;i++)1px_get_col_info(lp,i,NULL,&x[i],NULL);

Binding(c,aa,b,x);}
else LP--;

1px_delete_prob(1lp);
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void Binding(double c[n+1],double aa[m+1] [n+1],double b[m+1],

double x[n+1])

int 1i,j,t[m+n+1];
double sum;
for(i=1;i<=n;i++){if (fabs(x[i]l)<=1E-6)t[i]l=1;else t[i]=0;}
for(i=1;i<=m;i++){sum=0.0;
for(j=1;j<=n;j++)sum+=(aalil [j1*x[j]);
if (fabs(sum-b[i])<=1E-6)t[n+i]=1;
else t[n+il=0;}
Print_output(c,aa,b,t);

b

void Print_output(double c[n+1],double aa[m+1] [n+1],double b[m+1],

int t[m+n+1])

int 1i,7;

FILE *fpat;

fpat=fopen("Lp.pat","a+");

for(i=1;i<=n;i++)fprintf(fpat,"%.01£f\t",c[i]);

for(i=1;i<=m;i++){for(j=1;j<=n;j++H)fprintf(fpat,"%1f\t"aali] [j1);
fprintf (fpat,"%.01£f\t",b[1]);3}

for(i=1;i<=m+n;i++)fprintf (fpat,"%d\t",t[i]);

fprintf (fpat,"\n");

fclose(fpat);

}
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