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Abstract

Genetic Algorithms (GAs) are stochastic, non-
derivative optimization method. They use popula-
tions of acceptable solutions (genes) of the given
‘problem, which evolve toward optimum. The genes
in standard GAs are Boolean vectors. When in
synthesis of finite state machine are used JK and RS
flip-flops there are undefined variables in the
activation signals. When the finite state machine is of
high order Quine-McClusky method is used, which
requires exact values of the variables. At this stage
the GAs are used to find the optimal set of variables,
in terms of simplifying the description.
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Introduction

In the synthesis of finite state machines (FSM) and
Boolean logic JK and RS flip-flops are often used.
These flip-flops have a set of undefined input signals,
which does not affect their action. Table | shows that
necessary input signals for RS and JK flip-flops.
Here c}, ¢3, by,-.. by denote input signals, which does
not influence the switching and could be chosen
appropriately for minimizing the automat description.

When the number of inner states is small Kar-
naugh maps could be used for determination of those
signals, where as when the number of states is bigger
Quine-McCluskey method has to be used. This
method requires that values of c and b to be given. In
[1] is shown that one way of handling this problem is
using D and T flip-flops instead of JK and RS.

TABLE |
) Qit+]) [ R S T
0 QO Ct 0 0 by
0 1 0 1 1 ba
] 0 1 0 by 1
1 | 0 [ b, 0

In this paper we will introduce another approach
based on multi-objective Genetic Algorithms (GAs})
optimization. The algorithm will be used to find the
best set of signals ¢ and b, comparing the different
sets by the results of Quine-McCluskey minimiza-
tion.
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The program for genetic minimization is realized
in MATLAB ® because of its easy syntax and
various toolboxes. Those toolboxes allow simulation
of the final state machines and control systems as
well as their interconnection. The function for Quine-
McCluskey minimization is the same used in [1] (the
code could be downloaded from internét.

Genetic Algorithms

Genetic Algorithms are member of the group of
Evolutionary algorithms. Evolution is a phenomenon
of adapting to the environment and passing genes to
next generations. In On the Origin of Species by
Means of Natural Selection, Charles Darwin did not
know about the underlying genetics, but he identified
three basic principles driving natural evolution;
reproduction, natural selection, and diversity of
individuals, maintained by variations from one to the
next generation. These features of natural evolution
have found entrance to a broad class of evelutionary
algorithms that mimic biological evolution and na-
tural selections.

GAs owe their name to an carly emphasis on
representing and manipuiating individuals at the level
of genotype instead of phenotypic representation. In
Holland’s original work (1975), GAs were proposed
to understand adaptation phenomena in both natural
and artificial systems.

GAs are stochastic, non-derivative optimization
method. At every iteration, there is a set of possible
solutions (individuals), which form the population.
The individual represents a chromosome with genes.
In standard GAs genes are Boclean, but now there
are also other types (real number, string) which are
also GA.

The block scheme of GAs consists of three main
operations (1): selection, recombination and muta-
tion. In most GAs the first population is randomly
generated.

Fitness evaluation gives quantity measurement of
current set of optimization parameters (individual).
This is the value of the function, which is minimized
or maximized.
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Termination of the optimization process in GAs,
most commenly is by defined number of iteration.
Since GA is a stochastic algorithm, other stop criteria
are dangerous, because optimization time for global
search could not be feasible.

Selection is a process of in which fitter individuals
are selected to reproduce offspring for the next
generation. In the terms of optimization, the
evaluation of the fitness means evaluation of the
function we are minimizing or maximizing. The
purpose of the selection is to find the individuals with
best fitness function from one hand, and from other
to preserve the diversity of the population. As already
neted GAs depends on stochastic operators, which do
not guarantee a monotonic improvement in objective
function. To ensure a monotenic improvement, elitist
strategy is used - some of the best individuals are
copied into the next generation without applying any
evolutionary operators.

Recombination is a process in which new
individuals are generated by exchanging features of
the selected parents with the intent of improving the
fitness of the next generation. This process is
sometimes called crossover. This kind of crossover
operators include one-point, two-point and multi-
point. In the one-point crossover for the bitstring
representation, the bits are swapped between the two
parents in segments at a random point of a
chromosome in between the bits. An example of this
Crossover is:

Py =[x X3 %3 X3 X5,
Cr =[xy x2 x3y4 ¥sl;

Py = [y1¥2 Y3 ¥4 ¥sl;
Ci=[y1y2¥3 x4 x5];

Where Py, P, are parent individuals and C,, C; are
child individuals.

Mutation is an operator, which function is to keep
diversity of a population and promote the searching
in the solution space that cannot be represented by
the strings of the present population. In bit-string
GAs mutation makes a random change of a gene in
randem chosen chromosome of the population.
Example of mutation in a single gene is:

P={10010]; C=[10110]

Offspring population is formed by gathering n
elitist individuals and individuals applied to the gene-
tic operations (N-n). This new population is put again
to evaluation.

Multi-objective optimization problem

Real world engineering design problems are
usually characterized by the presence of many con-
flicting objectives. Therefore, it is natural to look at
the engineering design problem as a multi-objective
optimization problem (MOPs). A general multi-
objective design problem is expressed by equation
(1) and (2), where fi(x) is i objective function, x; is
j™ optimization parameter and SeR” is the solution or
parameter space .

min F() = (£, (%), fo (x)ofa (=) 0
x=(x,%,.X, )]F (2-)

GAs for MOPs [2] can be categorized as plain
aggregating, population-based non-Pareto and
Pareto-based approaches. Our goal is to find such
combination of optimisation parameters that we
minimize all objective functions (). In most cases
this is solution is utopian and we could only have
individual minima of each objective function (ﬁ') (2).

One property commonly considered as necessary
for any candidate solution to the multi-objective
problem is that the solution is not dominated. The
Pareto set consists of solutions that are not dominated
by any other sclutions. The space in R* formed by the
objective vectors of Pareto optimal solutions is
known as the Pareto optimal frontier P. ( ).

It is clear that any final design solution should
preferably be a member of the Pareto optimal set.
The user should make the final choice of the optimal
parameter set within all optimal solutions in Pareto
set.
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TABLE 3

% @ 0 10
aa 4] 0 0
ar [ 0 ]
az 0 I 0
az 0 I ]
[*F] f 0 4]
as I 0 1
as 1 1 0
The ceding table when JK flip-flops are chosen is
. divided in TABLE 4 and TABLE 5 (@' denotes J).

Fig. 2 TABLE 4
N x 1o 1o 1o 10 107 19 |y
0 0 0 [/} 0 [4] 4] 1 [
Software realization 7 o Te to |+ ] 7 7] 0
2 ¢ 0 ] 0 Y ! 0 [4]
As mentioned above the software is realized in 3 0 {0 |7 {71 f0 0 I o
MATLAB. MATLAB is chosen because of its many ; g }' g ? é (I) (‘; 3
toolboxes oriented toward different engineering 5 s 171t 7 1o 15 g 7 7
fields, wide usage and easy syntax. - 3 7 1o 1o (o (o 7 7 )
The used GA is multi-objective, Pareto-based with 9 I Jo Jo |1 0 0 0 0
standard Pareto set search and without limitations of e |1 jo0 |1 10 0 I I 0
the number of Pareto-set solutions. LEA I ' W . 0 0 0
12 |7 117 1o Jo Te 0 0 0
13 11 17 o | 1 ! 7 0
J73 Vil VI P AR ) 7 7

i2 1 tfrz I 4] ]2 g bn [
¥ 13 ] dm 0 ] Cry b” l‘ 0
yG g ’ = 14 i dn ! [47] 1 4 bH 1
vl I -
Combinations equal to 7 and 15 are not allowed
TABLE | and they are not in this table, but we assume that we
~ could use them in the minimization as x; and x5
& 10 {where x = d, cor b).
7 Results achieved with Karnaugh maps are shown
in TABLE 6.
TABLE 2
Y - TABLE 6 '
0 _ = —
ﬁ ] JL"xQzQa K}==Q2\fx£L\/th
J, =xQ v Q0 K, =Q3VQI
J =X, viQvaxQQ, | K= vx
y= Qle
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When applied to genetic algorithm minimization
the following objective functions are considered:

fir : Number of disjunctions

J> : Total number of elements in disjunctions

f3: Total number of inverted elements

The minimization problem is:
min 7() = (f, (x). £, (x). £ (x))
x=(dyotlygs o5 s by Bis )

Where dp...d;s. cg...c5 be...bys are the undefined
input signals of the first, second and third flip-flop.
For example, the fitness values for J; would be:
5i=3; (=7 fi=4

The results obtained both by minimization with
- and without cbjective function f; are in TABLE 7.

TABLE 7
input | fifx) | fifx) | fifx) | expression
- ! ’ 0 Jy = x0,0,
Loz (4 T 1L =30, v00,
I 3 7 4 J = “x'éz VEQ V xéan
b i : Ki=0Q,v xéa v X0,
S A A K,=0v(Q,
K (2 |2 |1 |K=0vx

It could be easily noticed that with those objective
functions results obtained from Karnaugh maps and
genetic algorithm minimization with Quine-McClus-
key method are exactly the same.

All minimization for J are made with 10 genera-
tions, where as for X are made with 20 generations.
All runs are with 20 individuals in population. When
minimizing K, three runs were made and the fol-
lowing activation logics ware achieved:

I* run: K, = ézQs v 20,
2™ run: K, =0, vx0,
3% rum: K, =ézvx

Since GAs are based on stochastic operations,
there is no repeatability of the results. This means
that it is not guarantied that the same results will be
achieved on every run.

Now let us assume that we want to use OR-NOT
logic for the activation functions. Therefore, we
change fy(x) to be the total number of non-inverted
signals. The results are in Table 8
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TABLE 8
input | fitx) | Fx) | fifx) | expression
JJ ! 3 3 ‘Il = xQ2Q3
Jz 2 4 3 J2 = EQ3 W Q|Q3
Js 3 7 3 J = 7@2 vEQ v xéle
SO0 10 P [ K=TevEg va0,
K: 2 4 2 K, = Q 0, v Qlé}
Ks 2 3 l K, = éz v xél

One can easily notice, that J; ...J; are not changed,
where as for K; ...K; we have obtained new results.
Depending on the user’s preferences different
objective functions could be used and thus different .
results achieved.

Example 2

For the second example let us consider an automat
baving 2 inputs {xg, x;), 11 internal states (ap, ... a1g)
and 2 outputs (¥ y;). This time we want to use RS
flip-flops.

Here the coding table and the results obtained are
not shown, but only a summary is made. For this
example Karnaugh maps are still applicable, although
using 3 dimensional maps causes scme difficulties
and the possibility for mistakes increases.

To illustrate the minimizing difficulties in this
example we will mention that the possible combina-
tion of ¢ variables for input R, are 33 554 432, while
for §, there is only one unknown variable. Of course
this depends on the automata description, but it
shows that unbalanced “load” could appear. Because
of the very large number of possible combination for
R; and the complexity of the problem, GA did not
achieve the result achieved by Karnaugh maps in
reasonable time. Several optimization runs were
made for R;. The best result, among the achieved
(optimization run with 1000 iterations and popu-
lations of 40 genes) did not match the one achieved
with Karnaugh map. However those result was
differing from the optimal one by just I unit in one of
the three optimization functions (same optimization
functions as in Example 1 were considered). For
prove of the capabilities of the proposed method
additional run with 100 times increase of iteration
number and 2,5 times increase of the population size
were made, during which the optimal result was
achieved.
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Conclusions and Future Research

In this paper a genetic algorithms are introduced
as method for synthesis the activation function of
flip-flops in finite state machines. Introduction of
GAs and Pareto optimality is made and an example is
shown.

GAs appear to be a powerful algorithm for Boole-
an string optimisation. Because GAs are population
passed they are also suitable for multi-objective
optimisation.

Depending on the number of variables in the
optimization, different number of iterations and ge-
nes in populations are needed to reach optimality.
However, when the parameters of GA are appro-
priately chosen the results achieved with GA match
those obtained by Karnaugh maps.

According to the user’s preferences different
objective functions could be used and thus different
results achieved.

This paper proves that Genetic Algorithms offers
correct and reliable procedure for synthesis of Finite
State Machines. Since GAs are designed as multi-
parameter algorithms they are suited for design of
finite state machines with large number of states. The
method is especially appropriate when the time of
optimization run is not important, but optimat
description of the activation functions is needed.

For future work we intend to test two synthesis of
a finite state machine at once (on one run of the GA,
not input by input). We also intend to implement two
levels Boolean minimization in FSM synthesis.
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