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Abstract: The use of genetic algorithms for the
generation of optimal state assignments for synchronous finite state machines (FSM) is proposed.
Results are presented to show that, in all examples
attempted, the resulting state assignments are
better than or at least as good as those produced
by SPECTRAL, NOVA and MUSTANG and
also closed partition assignments. On average, the
genetic algorithm produced assignments with 33%
less logic than the best produced by other algorithms.
1

Introduction

Attempts at solving the state assignment problem spreads
over five decades. Amongst the early attempts are those
due to Armstrong [l], Dolotta and McCluskey [Z] and
the decomposition technique due to Hartmanis and
Stearns [3, 41. The state assignment refers to the allocation of unique binary codes to the states of sequential
switching circuits. The discussion is limited to the state
assignment of synchronous sequential machines that
employ minimum number of state variables. It is known
that all valid assignment codes produce workable circuits. The problem is that the resulting circuits may vary
vastly in terms of their complexity, and there is no known
method of predicting the optimum assignment for the
states. Exhaustive search is only possible for relatively
small state machines (e.g eight states). The partitioning
technique developed by Hartmanis and Stearns [3, 41 is
arguably the most systematic study of the subject. One of
its drawbacks is that not all state machines have well
behaved closed partitions.
Recent work has tended to look for assignments that
can be easily automated and give good though not necessarily optimum results. Some of these are now incorporated into commercial ECAD tools and may be targeted
at two levels [SI or multilevel [6] implementations.
This paper describes a technique which tackles the
problem in an alternative way to the analytical approach
of partitioning, or the heuristics of commercially avail-
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able software. Using a genetic algorithm, all possible
assignments for a given problem may be considered as a
search space of potential solutions. The genetic algorithm, then, essentially searches this space in a systematic
manner whilst employing various methods for the avoidance of settling upon localised optima. It is by this structured search that a good solution for the state assignment
may be found.
2

Genetic algorithms

Genetic algorithms (GAS) [7, 81 present a nondeterministic approach to problem solving. The technique
originated in Holland‘s study of adaptation in natural
and artificial systems has now been successfully applied
to a large number of varied NP-hard problems.
The basic method is to create a population of randomly selected potential solutions to the problem. These
solutions are encoded as ‘chromosomes’ (abstract representations of problem solutions), and each chromosome
is subjected to an evaluation function that assigns a
‘fitness’ depending upon how well the solution it encodes
solves the problem at hand.
The chromosomes are recombined by a process called
‘crossover’. The rationale behind this is that good solutions will contain good building blocks (partial
solutions), the rearrangement of which may produce even
better solutions. Further, a ‘mutation’ process makes
random changes to a few randomly selected ‘genes’
(partial solutions) within chromosomes, preventing
premature convergence by maintaining the genetic
diversity of the population. The population is then iterated through many generations and each individual’s survival depends upon its fitness; hence, the best genes tend
to be preserved, and the average fitness of the population
should increase from generation to generation.
The mechanism for the selection of parent chromosomes is crucial as this is the driving force behind the
gradual increase in average fitness of each generation as
the GA evolves. A well known way to achieve this has
been the so-called ‘roulette wheel selection’. Also known
in statistics as the ‘Monte Carlo’ method, this is simply
an algorithm for selecting parent chromosomes in proportion to their fitness. This means that particularly fit
chromosomes will be chosen as parent chromosomes a
number of times. They will then be able to ‘pass on’
genetic subfeatures to a number of offspring.
A GA has many parameters to be fine tuned for the
problem at hand, and it is still a matter of some debate as
to what these settings should be, and how they should be
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established. The parameters in question are: (i) the population size, (ii) the crossover rate: the number of chromosomes which will breed in one generation, and (iii) the
mutation rate: the percentage of genes in the population
that will be altered.
The mechanisms for parent selection and crossover
within GAS are very much a research topic in their own
right, and many alternatives have been developed [SI.
The most effective choice of these mechanisms may be
problem related as indeed are the particular values of the
GA parameters.
3

Genetic algorithm for the state assignment
problem

An FSM with m states requires a minimum of s state
variables for the assignment where s = [log, ml and rgl
is the smallest integer equal to or greater than g. The
number of logically unique [lo] assignments for an FSM
N is given by

N=-

(2"- l)!
(2"- m)!s!

The chromosome representation chosen was a 'pick list'.
For example, the 'pick list' 3 4 2 1 1 would map the
states 0 1 2 3 4 to the assignment 2 4 1 0 3. This comes
about as follows: pick the third state, which gives 2, then
remove this from the list. Next, pick the fourth state,
which gives 4, then remove. This procedure is then continued for all five states. The reason for this apparently
complicated chromosome representation is that it avoids
the generation of invalid assignments which may otherwise have arisen by (i) random selection in the initial

population and (ii) the processes of crossover and mutation. If the assignment itself were used as the chromosome, the duplication of code assignments to particular
states would be unavoidable. This would hamper the
functioning of the genetic search because each chromosome would have to be repaired to re-establish their
validity as problem solutions.
The genetic algorithm's search space is given by N
above. The fitnessf(ci) of a chromosome ci in a generation having an ESPRESSO multioutput minimised
literal count Zi was given by f(ci) = max { I j } - Zi, where
max { Z j } is the maximum literal count found in the generation. For each chromosome, a Berkeley standard PLA
file is created, this is then passed to ESPRESSO for minimisation. It is the literal count for this minimisation that
forms the fitness for that chromosome. Parent chromosomes were randomly selected with a frequency proportional to their relative fitness (windowed roulette
wheel selection). Pairs were then formed ready for crossover in such a way as to avoid the production of duplicate children. Once the new generation is created, elitism
is employed to promote the best parent from the previous
generation into the new generation. The algorithm used
is described in Fig. 1.
From experience the following GA parameters were
chosen: population size = 30, breeding rate = 40%,
minimum mutation rate = 8%. The mutation rate was
variable and increased with each generation if there had
been no improvement in the literal count of the best
chromosome. It then dropped back to 8% if improvement had occurred. The number of generations over
which the GA was run was a maximum of 500. However,
it was observed that, for machines with less than nine
states, the number of generations required for the GA to

Step 1. Create num-chromosomes randomly generated chromosomes c, ;
Step 2. Evaluate the fitness of each chromosome f ( c , ) ;
Step 3. besr-chromosome=c, such thatf(c,)=max{ f ( c , ) );
Step 4. n u m j e n e r a i i o n s l ;
Step 5. num_children=(percent-breeding *num-chromosomes);
Step 6. while (ma-num_generations not exceeded) do

begin
select num-children parent chromosomes by windowed roulette wheel;
apply one-pint crossover to create nun-children new chromosomes;
replace nun-children parents with new chromosomes (children);
mutate percent-mutation genes of total genes;
replace randomly selected chromosome with best-chromosome (elitism);
evaluate the fitness of new chromosomes f ( c , ) ;
if (f(c, )> may.( f ( c , ) l )

best-chromosome=c, ;

nun~enerat;ons=nun_generations+l;
end;
Fig. 1
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Genetic algorithmfor state assignment
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operate effectively was lower at somewhere between 50
and 100.
4

Closed partitions state assignment

The existence of closed partitions on the states of a FSM
gives an insight into the structure of the circuit. If the
state assignment code is based on closed partitions, the
circuit is decomposed into smaller units operating in
parallel, serial or as a composite structure. The structure
can be predicted by simple inspection of the lattice
diagram of the partitions. The reduced dependency
between the state variables after decomposition normally
results in simpler logic equations. It should be pointed
out that not all state machines have closed partitions
though, in theory, they can be made to do so by state
splitting.
It is felt that a comparison between the performances
of the genetic algorithm and those obtained by industry
standard algorithm, namely NOVA, MUSTANG and
SPECTRAL should give a clear indication of the potential of this algorithm. A comparison with the partitions
assignments should give a better understanding of the
algorithm and its capability of finding what are known to
be good solutions. First, however, a brief review of the
relevant aspects of partition theory is given.

A partition n on the states of a sequential machine is
called a closed partition with respect to the machine, if
for any two states Si and S j belonging to the same block
of n and any input x, the next states Six and S i x are also
in a common block of x. The existence of a partition T
and a closed partition n on the set of states of a sequential machine such that n. T = x(0) is a sufficient condition
for the machine to be decomposed into two components
operating in series. The predecessor consists of
Dog, #(n)l state variables to distinguish the blocks of x.
These variables are independent of the remaining
nog, # ( ~ )variables
l
assigned to distinguish between the
blocks of T. This can be generalised to a cascade of more
than two components [3,4, 113. Similarly, if these exist n
closed partitions such that ntr x 2 , ..., n, = n(O), the
machine can be decomposed into n components operating in parallel and independent of each other. If n1
+ n2 + .. . H, # n(I), a component may be factored
out to produce a composite structure.

+

5

Results

Due to space limitations, only selected examples are considered in detail. In every case the logic was minimised
using the multioutput logic minimiser, ESPRESSO. The
codes for the state assignments are given in Table 3. The

Table 1 : Comparison of algorithms (including output logic)

Table 2: Comparison of algorithms (ignoring output logic)

1

KISSZfile

I Number I Genetic

I Nova

I Mustang

I

Spectral

I
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KISS2 files for the examples which are not benchmarks
are given in Table 4. These were taken from References
11-13.
The partition assignment, for example, ‘dk27’ resulted
in a predictable serial decomposition as shown in Fig. 2.
The GA, which is biased towards minimising the number

The results shown in Tables 1 and 2 show the performance, in terms of the number of two input gates
required, for the various state assignment algorithms considered. The Tables show, for each algorithm, a breakdown of the number of literals and the number of two
input AND gates and OR gates, respectively.

- -

- - - -

X,

= 2 ; 1,3; 5.6; 4.7

X,

= 1.2.5.6 ; 2,4,7

Partition equations:

GA equations:

r, = Y P O

yz =Y,Yoxo +Y,YlYO + xo
-- y =Y2xo+Y2YlYo+YI

-

r, =Y,Yoxo
NOVA quations:

r, = YZYO.,
r;
r, =

=Y2Yoxo
YIYOXO

- -

+YZYlYO

r, = Y P O

+Y,Yo+Y,xo

q = YZY, +YZYOXO

+ Yl YOXO

r, =

-

+Yz

MUSTANG quations:

+ YZYI Yo + YlXO

-- -

-

- --

Y2YOXO +YZYlXO +YlYO

SPECTRAL quations:

r, =
r; = G o
r, =

Y 2 Y X + YlYO

Y2YoXo

Fig. 2

+ YZYO

---

-

+ Y2YoXo + Y2YoXo + YlXO

Equations for benchmark dk27

of literals, generated an assignment which required the
smallest number of literals. This bias can be adjusted, if
desired, to favour the minimisation of the number of
cubes or the number of AND/OR gates. The other algorithms produced comparable assignments.
The example ‘test’ had three useful closed partitions
and resulted in two components in parallel with a predecessor as can be predicted from the lattice diagram in
Fig. 3. The parallel components are independent of each
other. The GA produced the best result with the partition
assignment a close second, both much better than all the
others.
The example ‘swmal assignment was based on three
partitions of the same block size, one of which is also an
input consistent partition [ll]. The result is probably the
best possible, three components operating in parallel
independently of each other one of which is independent
of the external primary input. The GA solution is
comparable but with more dependence. MUSTANG produced the next best solution followed by NOVA and
SPECTRAL. These are given in Fig. 4.
282

In terms of numbers of literals, the genetic algorithm
performed 42% better than NOVA. It should be noted
that only the logic for the state variables was considered,
as this gives a useful comparison against the partitioning
method. Observing the progress of the genetic algorithm,
it was noted that a state assignment similar to the one
produced by NOVA was found after 50 generations, on
average. NOVA generally performed better than
MUSTANG and SPECTRAL. When the output logic
was considered, the genetic algorithm performed, on
average, 33% better than NOVA. O n the whole, the partition method and the genetic algorithm produced similar
results if good partitions exist. However, if no partitions
exist (as some state tables possess no useful closed
partitions), the genetic algorithm still performs well as its
operation is not dependent upon the existence or nonexistence of this property. The CPU time consumed by
running the GA is longer than that required by other
methods, but this mainly due to the fact that the GA has
to communicate with ESPRESSO to ascertain the fitness
of chromosomes. This had to be done by creating files as
IEE Proc.-Comput. Digit.Tech., Vol. 142, No. 4, July 1995

- - _ -

IC, =1,2 ; 3,4; 6.8;

- - - _

5.7
3,7;
4
3
;
- -2,6
= 1,2,6,8 ; 3 , 4 5 7

R2 =1,8 ;
X,

Partition equations:

y2 = Y2
---

GA equations:

I; = Y2YI xo + YlXO + Y2XO + Y2Yl

I: = Y o + y 2 x o

yo = Y2Yo + Y2Ya

y, = Y 2 Y , x , + Y l < + Y 2 Y I

NOVA equations:

yz

-

r, = Y 2

MUSTANG equations:

- -

-

=Y2Y1xo +Y2YOXO +Y2Y,

- -

y2

-

-

--

I; = Y 2 Y l Y o x o
-

I; = Y2YIXO + Y2YoXo + YIYOXO + Y2YlYO

---

= Y2
+Y2YO -t

YIYOXO

- -

r, = Y2YIXO + YlYOXO + YIYOXO

-

5 = Y2Y,YOXO
+ Y2YIYOXO +
-_--

-

YIYOXO +YlYOXO +Y2YI

SPECTRAL equations:

- - -

r, = Y2Yl Yo

+YlYO + Y 2 K

T =Y,Yo<+Y2~o+YlYo~o+Y2Yl

- --y, = Y l Y o ~ o + Y 2 Y o x o + Y z Y o ~ o + Y 2 Y o ~ o

Fig. 3

Equationsfor example ‘test’

ESPRESSO is not embedded in the GA. Even allowing
for this overhead, the times taken to run the GA were not
excessive. For example, the time taken to run ‘donfile’
(with 24 states) over 500 generations was about 30
minutes on an HP-720 workstation. Further, with the
improving processing speeds of modern workstations,
this is likely to become less significant in the future.
At this point it should be noted that the genetic algorithm is not a random search. To support this, tests were
made where lo00 different chromosomes were generated
at random for ‘donfile’. The GA started with 10 chromosomes and ran over 100 generations. The results have
shown that on average, over ten tests, the genetic algorithm produced a 40% better result than the random
search. In every test run, the GA found a better assignment than that produced by any random search.

6

Conclusions

A genetic algorithm for finding good assignments for synchronous sequential state machines has been written in
C, and described above. Tests as to the effectiveness of
this approach to the problem were conducted by comparison of performance against commercially available
software when operating upon various widely used
benchmarks. A number of smaller examples were also
included by way of demonstration.
It may be concluded that the state assignments as
found by the genetic algorithm were at least as good, but
in most cases better, than those derived by the best available methods. In examples where there is a good structure like ‘modulo-12’, ‘shiftreg’, ‘test’, ‘table 1-3’ and
‘swma3’, the GA and the partitioning method produced
significantly simpler next-state equations.
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- 2,3,5.7 = T i
- R, = 1,2,3,4 ; 5,6,7,8
- R, = 1,2,7,8 ; 3.4.5.6
RI = 1,4,6,8 ;

Partition equations:

-

GA equations:

r, = YZXO

r, =y,xo+Yzx,

I; =Ylxo+Y,xo
-

T =Yl

-

r, = Yo

yo = YOXO + Y z x o

MUSTANG equations:

NOVA equations:

---

- -

r, = YZYIXO +YIYOXO +YOXO
r; =
-- r, = Yz Y xo + YlYO xo + YZXO
Yl

I

-

r, = YZXO
-

I; = Y l

--

r, = Y z Y o ~ o + Y o ~ o + Y z Y o

SPECTRAL equations:

- -

r, = Y z Y , Y o ~ o+ Y Z Y I xo + YlYOXO +YZYOXO
-- I; = YZYOXO +Y?O

-- -

r, = Y z Y I Y o ~ o + Y I Y o ~ o + Y 2 Y o + Y 2 Y I
Fig. 4

Equationsfor example ‘swma2’
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Table 3:State assignmentsfor each algorithm
donfile:

G A

2.3,0,4, 1,5. 6.7.10, 11.4 9 , 1 2 13,14,15,21, U. 17.16,18,19,25,17

NOVA

0,2,25,9.3,11.5,1,21,22,~,616,27,7,31,26.15,18,8,13,12,10,14

Mu:

6,7,14,22,10,12,2, 18,3,11,19,15,13,4,5.21,20,29.0.1,16,8,17,9
0.4,6,8,10.11, I, 5,14,16,14 19.2 9 . 1 2 17. zz,u,% 7.13.15, 20.21

SP:

Mu: 60.5,1,3,2

Sp: 0.1

bbm

GA: 7. b6.0.4.5 NOVA: 2,3.1,0,5.6

dk14

GA: 5,7,1,3,6,0,4 NOVA: 1 , 4 . 0 , 2 7.5,3 Mu: 0, I. 2,6,3,4,7 Sp:

dkl5

GA: 1,3,0,1

e*:
NOVA:
Mu:
Sp:

dkZ7:

GA:

NOVA:

1,0.3,2

Mu: 0,1,3,2

Sp: 0,1,2,3

17~~9,0,l,ts,15,5,4,15,7,9,~16,21,~,14,8,31,11,27.~~
127,1,3,4,10,24,23,5,27,
IS, 16,11,6,0,20,31,2, 13,1,21,1
6,4.3,14 10,8,5,12 19,14,24,13,0,1,3,22,27,7,9, II,25,U,I6fo,21.17,15
0.5,1,8,9,10,11,6,7,2,~4,21,~19,1213,16,17,18,14,15,~,24,25,20,26

5,1,2,3,67,0

NOVA:

1,65,3,4.0,7

Mu: 2,3,7,4,1,0,5

Sp: 0,3,5.2,4,1,6

Pa: 0 . 6 1.4,2,3.5
dk51Z:

GA:

4.3,11,15,14,9,12,7.2,1.0,10.13,8

Mu:

9 , l L 1,0,4,3.5,2,14,10,12,6,7,8

Pa:

0,8,1,2.3,9,10,4,11,12.13,5,6,7

modulo12 GA:
MU:

Pa:
PW. GA
Sp:

11.14,4,3, 10, 32.7.2.8, 15. 6,O

NOVA

0,15.1,14,2,13,3,12,4,11,5,10

0,1,9,8,2.3,4.5,7,15,6,14
0,10,5,12 2,9.4,14,1,4 6,13

0,1,6,2,7,3,4,5
0,2,3,5,1.4,6,7

NOVA:
Pa:

0,4,3,2,5,1,67
0,1.2,3,4,5.6,7

Mu:

0,26.4,1,3,7,5

0.3,1,1

Sp:

0.1,23

tav:

GA:

3,LO.Z

Mu:

0,1,1,3

tat:

G A

0, 2 6,7,5,3,4,1
6,4,0,1,25,3.7
0,Z 7,5,4,3,6, I

NOVA:
Sp:

7,0,6,1.5,2,4,3
0,3,1,2,6,4,7,5

GA:
Mu:

0,1,2,3,4,5.6,7,8.9,12,13,

IO, 11.14, I5

Pa:

0,8,4,12 1,9,5,13,210,614,3,11,7,15

G A

4,11,8,5,7,9.15,12.13
7,6.4,15,3.2,5,0.1
0,1,4,6.9,10,13,12,14

Mu:
Pa:
tabhl:

IsbleZ:

Mu:

Pa:

NOVA

NOVA
Sp:

6 , 3 , 2 0 , 4 , 1 NOVA: 60,2,5,4,7

table3

G A

srmpl:

G A 2,5,0,7,1,6,4,3
Pa: 2,o. 3 , 4 , 6 7 , 1 , 5

:-s

NOVA
Sp:

4,0,3,7,1,5,6.2,10,8,9,11.12.13,14.15

GA: 7,62,4.5,0,3,1
Pa: 0,1,3,2 7,6,5,4

NOVA.

NOVA:

0,3,6,5,14,7,1

15, 4,10,13,0.3,14

12

0.3,6.9,10,7,4,0,14,12.13,15,8,11,2,5

10,12,1,14.5,2.13,0,3
0.2,1.3,4,5,46.7

Mu: 4 , 1 , 3 . 5 , 2 0

0,4.5,3,2,6,1.7

pp: 0,2,1,3

Sp: 0,4,1.25,3

Mu: 0,7,26,1,3,5,4

Mu. 0,3,L1,7,4.45

Pa: 0,3,2,64,7
Sp: 0 , 2 , 4 , 6 1 . 5 , 7 , 3

Sp: 0,3.1,4,7,61,5

615,14,10,8,0,2,4,127,9.11,3.1,5,13

NOVA

IO. 12,13,9,3,1,5,15.14,7,0,4~6,2,11,8

Mu:

5,12,15,11,43,0,14,13,9,1.27,4,10,6

Sp:

0,3.4,5.9,11,1.17,13,2,67,10,4

Pa:

0,10,4,14,12,1,2,11,15,43.613,9,5,7

mpJ:GA:

14.15
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Table 4: KISS2 files f o r ‘nonbenchmark‘ e x a m p l e s

test.kiss2
.i 1
.o 1

.p 16
.s 8
0 sto st2 0
1 sto st3 0
0 stl st3 0
1 stl st2 0
0 st2 st5 0
1 st2 st5 0
0 st3 st7 0
1 st3 st5 0
0 st4 sto 0
1 st4 stl 0
0 st5 st4 0
1 st5 st6 0
0 st6 stl 0
1 st6 stl 0
0 st7 st6 0
1 st7 st4 0

tablel.kiss2
.i 1
.o 1
.p 32
.s 16
0 sto st7 0
1 st0 st14 0
0 stl st6 0
1 stl st15 0
0 st2 st5 0
1 st2 st12 0
0 st3 st4 0
1 st3 st13 0

0 st4 st9 0
1 st4 stlO 0
0 st5 st8 0
1 st5 stll 0
0 st6 stll 0
1 st6 st8 0
0 st7 stlO 0
1 st7 st9 0
0 st8 stl 0
1 st8 st4 0
0 st9 sto 0
1 st9 st5 0
0 stlO st3 0
1 stlO st6 0
0 stll st2 0
1 stll st7O
0 st12 st7 0
1 st12 st2 0
0 st13 st6 0
1 st13 st3 0
0 st14 st5 0
1 st14 stOO
0 st15 st4 0
1 st15 stl 0

table2.kiss2
.i 1
.o 1
.p 18
.s 9
0 sto st2 0
1 sto stl 0
0 stl st3 0
1 stl sto 0
0 st2 sto 0

1 st2 st4 0
0 st3 stl 0
1 st3 st5 0
0 st4 st5 0
1 st4 st7 0
0 st5 st4 0
1 st5 st8 0
0 st6 st8 0
1 st6 st7 0
0 st7 st7 0
1 st7 st6 0
0 st8 st6 0
1 st8 st8 0

table3.kiss2
.i 2
.o 1
.p 24
.s 6
00 sto sto 0
01 sto st2 0
10 sto st3 0
11 sto st5 0
00 stl st2 0
01 stl stl 0
I O stl st5 0
11 stl st4O
00 st2 sto 0
01 st2 stl 0
10 st2 st5 0
11 st2 st3 0
00 st3 st4 0
01 st3 st5 0
10 st3 stl 0
11 st3 st2 0

It has been demonstrated that the genetic algorithm is
valid method of finding a good state assignment; it is
competitive with commercial software, and is not
dependent on any particular feature of the sequential
machine. Since the fitness function of the genetic algorithm may be easily modified, certain other aspects of
machine design such as propagation time, the use of flipflops other than D-type, or the use of one gate type as
opposed to another may be taken into account. Further,
it is believed that the effectiveness of the genetic algorithm itself may be enhanced, possibly by better chromosome encoding and more effective parent selection, and
that, as a consequence, improved results may be
obtained.

00 st4 st4 0
01 st4 st3 0
10 st4 st2 0
11 st4stl 0
00 st5 st3 0
01 st5 st5 0
10 st5 stl 0
11 st5 sto 0
swmal.kiss2
.i 1
.o 1
.p 16
.s 8
0 sto st4 0
1 sto sto 0
0 stl st7 0
1 stl sto 0
0 st2 st5 0
1 st2 st2 0
0 st3 st6 0
1 st3 st4 0
0 st4 sto 0
1 st4 st4 0
0 st5 st2 0
1 st5 st5 0
0 st6 st3 0
1 st6 st2 0
0 st7 stl 0
1 st7 st5 0
swma2.kiss2
.i 1
.o 1
.p 16

286
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