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In this paper we present a new tool for the encoding of multi-level finite state machines based on the concept of
evolution programming. Evolution programs are stochastic adaptive algorithms, based on the paradigm of genetic
algorithms whose search methods model some natural phenomenon: genetic inheritance and Darwinian strife for
survival. Crossover and mutation rates were tailored to the state assignment problem experimentally. We present
results over a wide range of MCNC benchmarks which demonstrate the effectiveness of the new tool. The results
show that evolution programs can be effectively applied to state assignment.
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1 INTRODUCTION

utomated logic synthesis of Finite State Ma-
chines (FSM’s) typically begins with a high

level description of the FSM and ends with an ap-
propriate gate level netlist. Beginning with a state
transition table the process of logic synthesis can be
subdivided into" state assignment, two-level mini-
mization, multi-level minimization, and technology
mapping. The state assignment problem has been the
object of extensive research as it is a key step in the
synthesis process influencing the resulting silicon
area, the speed of the circuit, and the testability of
the circuit [16, 23, 24]. Most of the early work in
automatic state assignment has been directed at the
minimization of the number of product terms in a
two-level sum-of-products form of the combinational
logic. Examples of tools aimed at two level mini-
mization include KISS [7] and NOVA [25]. However,
in recent years state assignment tools have emerged
which target multi-level minimization. Examples of
tools targeting multi-level minimization include
JEDI [15], MUSTANG [22], MUSE [27] and MARS
[24]. However most of these tools suffer from two

main drawbacks. First is the limited accuracy of the
cost function used to estimate the goodness of the
solution including the weighing mechanism used for
weighing the various constraints. The second is the
limited efficiency of the graph embedding algo-
rithms. Generally, these algorithms are based on hill
climbing techniques which represent local searches
of the solution space; hence they fail to adequately
explore new neighborhoods.

In this paper we address the embedding problem
by investigating the feasibility of using an evolution
programming technique for the state assignment
problem and tuning of its parameters (frequencies of
crossover and mutation operators) in order to obtain
a good convergence rate. Evolution programs (EP)
[18] are stochastic adaptive algorithms, based on the
paradigm of genetic algorithms [5, 8, 12] whose
search methods model some natural phenomenon:
genetic inheritance and Darwinian strife for survival.
They can be used for finding near optimal solutions
to various large scale optimization problems, many
of which have been proved NP-hard.

This paper discusses the development of a new
evolution programming tool, Pioneer, for the state
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assignment problem. The advantage of Pioneer is
that it exploits both local neighborhoods and new
regions of the search space to find a solution. Pioneer
is incorporated with three common cost functions as
user-specified options.

This paper is organized as follows. Section 2 de-
fines the state assignment problem and summarizes
prior work on state assignment. In Section 3 we pro-
vide an introduction to genetic algorithms and their
generalization, evolution programs. Section 4 de-
scribes the development of Pioneer. Section 5 pre-
sents experimental results and Section 6 presents
conclusions and also gives directions for future work.

2 STATE ASSIGNMENT

2.1 Problem Formulation

An FSM is composed of a combinational network
that computes the next-state and output logic, and a
set of flip-flops, whose binary values within a given
clock period represent the state of the FSM. The
state assignment, which involves developing a unique
binary code representation for each individual state,
plays a central and crucial role in logic synthesis. It
has a direct and critical influence on circuit silicon
area, circuit speed, and circuit testability [23, 24].
The parameters to be considered include:

1. the length of the binary code (number of bits
in the code), and

2. the composition of the code (which code is as-
signed to which state).

The optimization problem relative to state assign-
ment traditionally involves optimizing the above pa-
rameters in order to achieve one or more of the
following objectives.

1. Minimum number of literals (a literal is a state
variable or its complement), representing the
amount of logic in the combinational network
of the FSM, as a measure of silicon area oc-
cupied by the resulting FSM circuit. This can
target either two-level FSM implementations
such as PLA’s or multi-level implementations.

2. FSM testability. This usually involves maximiz-
ing controllability and observability parame-
ters. For example it has been found that a one-
hot (distance 2) assignment, where the code
length is equal to the number of states and the
code for state consists of a string of O’s and

only a single 1 placed the ith position, results
in easily testable FSM’s [16].

In this paper, we address the problem of state
assignment in order to minimize circuit area for the
case of multi-level minimization. Our goal is as fol-
lows: for a given FSM, find a set of state code rep-
resentations for the states of the FSM that minimizes
the cost function C(NSL/OL, F), where NSL/OL
represents the number of literals in the next-state
and output logic block and F represents the number
of flip-flops. It is very difficult to find an expression
for C that accurately estimates the cost of an assign-
ment without performing actual minimization (a pro-
cess which consumes too much time to be incorpo-
rated into a state assignment tool). As stated above,
cost functions have been derived to provide an early
estimate of the results of minimization (see Section
5). These cost functions take into account encoding
relationships among the different states which are
used by FSM minimization tools without actually per-
forming minimization.

2.2 Previous Work

The State Assignment Problem which belongs to the
class of NP-hard (O(n!)) problems, has been the ob-
ject of extensive research since the 1960’s [1, 9, 10,
13, 14]. In classical approaches to this problem,
Armstrong developed a method capable of coding
large machines, based on a graph interpretation of
the problem. He transformed the state assignment
problem into a graph embedding problem. Dolotta
and McCluskey [17] introduced the concept of cod-
able columns as a method for estimating the com-
plexity of the combinational component of a finite
state machine. This method is not effective for large
FSM’s.
More recently state assignment tools have been

developed so as to target a particular implementa-
tion. For example tools targeting two-level imple-
mentations include KISS [7] and NOVA [25], and
tools targeting multi-level implementations include
MUSTANG [22], JEDI [151 and MUSE [27].
For two level implementation, both KISS and

NOVA generate constraint groups which are subsets
of states. The states in a constraint group generate
the same next state and the same outputs under the
same input pattern. In order to reduce the number
of product terms in a PLA implementation, a heu-
ristic encoding procedure tries to find a state assign-
ment which satisfies these group constraints. A group
constraint is satisfied by assigning the group to a
minimum dimension boolean subspace. States be-
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longing to groups outside those in a given group con-
straint, GC, cannot be given assignments which in-
tersect the boolean subspace associated with GC. An
encoding length longer than the minimum encoding
length ([log2(n)], where n is the number of states)
may be required to satisfy the constraints. In prac-
tice, most large FSM’s cannot be synthesized as a
single PLA for performance reasonsmulti-level
logic implementations are generally used for smaller
delays.

Multi-level targeted encoding algorithms attempt
to take advantage of multi-level implementations and
to make use of multi-level logic optimization tools
such as BOLD [11] and MIS [3]. The MUSTANG
algorithm [22] is primarily based on algebraic tech-
niques applied to a two-level representation of an
FSM. The heuristic encoding algorithm tries to max-
imize the number and size of common subexpressions
so that multi-level logic optimization programs like
MIS and BOLD can factor out the common sub-
expressions and create an optimized multi-level im-
plementation of a state machine. The JEDI [15] al-
gorithm, takes a similar approach, but addresses a
more general symbolic encoding problem.
Su [24] developed a KISS-like state assignment

program called MARS which varies the length of the
binary code for finding an optimum assignment. The
length of the binary code is bound by the above
minimum encoding length. However the minimum
encoding length does not always give the best results.
The optimum length of the binary code is sometimes
greater than the minimum encoding length but less
than or equal to the number of states.
The MUSE algorithm [27] uses a multi-level struc-

ture derived by performing multi-level optimization
on a 2-level structure obtained from 1-hot encoding.
From the multi-level representation, the algorithm
evaluates the affinities of each unique pair of states,
in terms of how the hamming distance between the
codes assigned would affect the overall network size
after multi-level synthesis.

3 GENETIC ALGORITHMS AND
EVOLUTION PROGRAMS

In this Section we introduce genetic algorithms, pre-
sent their theoretical foundations, and describe their
applicability. Further, we discuss evolution pro-
grams.

3.1 Basic Concepts

Genetic algorithms (GAs) represent a class of adap-
tive algorithms whose search methods are based on

simulation of natural genetics. They belong to the
class of probabilistic algorithms; yet, they are very
different from random algorithms as they combine
the elements of directed and stochastic search.

In general, a GA performs a multi-directional
search by maintaining a population of potential so-
lutions. This population undergoes a simulated ev-
olution" at each generation the relatively ’good’ so-
lutions reproduce, while the relatively ’bad’ solutions
die. To distinguish between different solutions, an
evaluation function is used which plays the role of
an environment.
The structure of a simple GA is shown in Figure

1. During iteration t, the GA maintains a population
of potential solutions (called chromosomes following
the natural terminology), e(t) {x, xT}. Each

is evaluated to give some measure of itssolution xt
’fitness.’ Then, a new population (iteration + 1) is
formed by selecting the more fitted individuals. Some
members of this new population undergo reproduc-
tion by means of crossover and mutation, to form
new solutions.

Crossover combines the features of two parent
chromosomes to form two similar offsprings by swap-
ping corresponding segments of parents. For exam-
pie, if the parents are represented by five-dimen-
sional vectors (al, bl, cl, dl, el) and (a2, b2, c2,
d2, e2) (with each element called a gene), then cross-
ing the chromosomes after the second gene would
produce the offspring (al, bl, c2, d2, e2) and (a2,
b2, cl, dl, el). The intuition behind the applicability

Procedure genetic algorithm
begin

t=0
initialize P(t)
evaluate P(t)
while (not termination-condition) do
begin

t=t+l
select P(t) from P(t 1)
recombine P(t)
evaluate P(t)

end
end

FIGURE A simple Genetic Algorithm.
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of the crossover operator is information exchange
between different potential solutions.
Mutation arbitrarily alters one or more genes of a

selected chromosome, by a random change with a
probability equal to the mutation rate. The intuition
behind the mutation operator is the introduction of
some extra variability into the population.
GAs require five components:

and Pro, for crossover and mutation, respectively, we
can derive the following growth equation [8]"

m(H, + 1) >- re(H, t) f(H,_ t)
f(t)

 (i4) ]X i pc lPmO(H)

a genetic representation for potential solutions
to the problem,
a way to create an initial population of potential
solutions,
an evaluation function that plays the role of the
environment, rating solutions in terms of their
"fitness,"
genetic operators that alter the composition of
children during reproduction, and
values for various parameters (population size,
probabilities of applying genetic operators, etc.)

3.2 Mathematical Foundation

The theoretical foundations of GAs rely on a binary
string representation of solutions, and on the notion
of a schema [12]a template allowing exploration
of similarities among chromosomes. A schema is
built by introducing a don’t care symbol (*) into the
alphabet of genes--such schema represents all
strings (a hyperplane, or subset of the search space)
which match it on all positions other than ’*’. For
example, a schema H ’**101"*’ represents 16
strings: ’0010100’, ’0010101’, ’1110111.’ In a
population of size n of chromosomes of length m,
between 2 and 2mn different schemata may be rep-
resented; at least rt of them are processed in a useful
manner: these are sampled at a (desirable) expo-
nentially increasing rate, and are not disrupted by
crossover and mutation. Holland [12] has called this
property an implicit parallelism, as it is obtained
without any extra memory or processing require-
ments.
There are two other important notions associated

with the concept of the schema. First is the schema
order, o(H), which is the number of non don’t care
positions in the H: it defines the specialty of a
schema. Second is the schema defining length, l(H),
which is the distance between the first and the last
non-don’t care symbols of H. For example, a schema
H ’**101"*’ has o(H) 3 and I(H) 2.
Assuming that the selective probability is propor-

tional to fitness, and independent probabilities, Pc

where m(H, t) is the expected number of chromo-
somes satisfying schema H at time t, f(H,_ t) is the
average fitness of schema H at time t, and f(t) is the
average fitness of the population (at time t). The
growth equation above shows that the selection in-
creases the sampling rate of the above-average sche-
mata, and that this change is exponential. The sam-
piing itself does not introduce new schemata (not
represented in the initial 0 sampling). This is
exactly why the cross-over operator is introduced, to
enable structured yet random information exchange.
Additionally, the mutation operator introduces
greater variability into the population. In short, GA
seeks near-optimal performance through the juxta-
position of short, low-order, high-performance sche-
mata, called the building blocks.

Recently a notion of so-called evolution programs
(EP’s) was proposed [18]. Roughly speaking, an EP
is a genetic algorithm enhanced by problem specific
knowledge; this knowledge is incorporated in appro-
priate data structures and problem specific operators.
The idea of incorporating a problem specific

knowledge in genetic algorithms is not new and has
been recognized for some time. In [6] Davis wrote"

"It has seemed true to me for some time that we
cannot handle most real-world problems with binary
representations and an operator set consisting only
of binary crossover and binary mutation. One reason
for this is that nearly every real-world domain has
associated domain knowledge that is of use when one
is considering a transformation of a solution in the
domain [...] I believe that genetic algorithms are
the appropriate algorithms to use in a great many
real-world applications. I also believe that one should
incorporate real-world knowledge in one’s algorithm
by adding it to one’s decoder or by expanding one’s
operator set."
However, the concept of EP’s [18] is different from

the previously proposed ones. It is based entirely on
the idea of genetic algorithms; the difference is that
we allow any data structure (i.e., chromosome rep-
resentation) suitable for a problem together with any
set of "genetic" operators, whereas classical GAs use
fixed-length binary strings for its individuals and two
operators: binary mutation and binary crossover. In
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other words, the structure of an evolution program
is the same as the structure of a GA (Figure 1) and
the differences are hidden on the lower level. Each
chromosome need not be represented by a bit-string
and the recombination process includes other "ge-
netic" operators appropriate for the given structure
and the given problem.
Already some researchers have explored the use

of other representations as ordered lists (for bin-
packing), embedded lists (for factory scheduling
problems), variable-element lists (for semiconductor
layout). During the last ten years, various applica-
tion-specific variations on the genetic algorithm were
reported; these variations include variable length
strings (including strings whose elements were if
thenelse rules [21]), richer structures than binary
strings (for example, matrices [26], and experiments
with modified genetic operators to meet the needs
of particular applications [19]. In [20] there is a de-
scription of a genetic algorithm which uses back-
propagation (a neural network training technique)
as an operator, together with mutation and crossover
that were tailored to the neural network domain.
Davis and Coombs [4] described a genetic algorithm
that carried out one stage in the process of designing
packet-switching communication network; the rep-
resentation used was not binary and five "genetic"
operators (knowledge based, statistical, numerical)
were used. These operators were quite different to
binary mutation and crossover.

It seems that a "natural" representation of a po-
tential solution for a given problem plus a family of
applicable "genetic" operators might be quite useful
in the approximation of solutions of many problems,
and this nature-modeled approach (evolution pro-
gramming) is a promising direction for problem solv-
ing in general. We will use this approach in building
Pioneer" an evolution program for encoding finite
state machines.

4 PIONEER

In this Section a description of the system Pioneer
is presented. A new individual representation is pre-
sented along with variations of the crossover oper-
ators and mutation operators. An individual repre-
sentation is a vector of integers. Two crossover
operators and two mutation operators are described.

/00

1/10

0/10

1/0(
1/00

o/oo

FIGURE 2 Example Finite State Machine.

would be as shown below. But in Pioneer, an integer
set is used for representing the state assignment prob-
|em.

Traditional representation
State #0 011
State #1 000
State #2 111
State #3 100
State #4 101
State #5 001
State #6 010

Pioneer representation
State #0 3
State #1 0
State #2 7
State #3 4
State #4 5
State #5 1
State #6 2

This type of representation has a few advantages.
If the chromosome were represented as a binary
string, traditional crossover and mutation operators
can often result in illegal offspring whereby two or
more states are assigned the same code. In such a
case, the state assignment tool must first change the
code assigned to one or more state in order to ensure
that each state has a unique code’ assignment. This
is done by a so-called "repair algorithm." Repairing
such an illegal chromosome, i.e., to force it into a
feasible solution, would require conversion of binary
strings into integers. On the other hand, integer rep-
resentation does not require this step and thus the
repair algorithm is simpler to implement, thus re-
ducing the runtime of the process.

4.1 Genetic Representation of Solutions

Consider the state assignment for the state diagram
shown in Figure 2. The traditional state assignment

4.2 Initial Population

A population of individuals was initialized by gen-
erating random numbers between 0 to 2, where Nb
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is the number of bits used for representing each state.
Linked lists were used to increase the speed and to
avoid the possibility of duplication of individuals.
Another way of initializing the population would be
by using the MUSTANG cost matrix to initialize half
the population and the other half at random. This
technique was not used in Pioneer as there is a pos-
sibility that the searching process would converge to
a local minima. Starting the initial population at ran-
dom would allow Pioneer to explore a larger area of
the search space.

4.3 Genetic Operators

Two crossover and two mutation operators were used
in Pioneer. Both crossover operators produce two
offspring, whereas mutations produce single off-
spring. Some of these offspring go through a repair
algorithm as they do not represent a legal solution,
which require that no two states have the same code.
Both crossover operators are applied with a given
probability Pc, and mutation operatorswith prob-
ability Pro.
The crossover operators combine the character-

istics of both parents, and mutation operators intro-
duce a small disturbance of a chromosome. We dis-
cuss all operators in turn.

Uniform Crossover

This crossover operator takes two parent individuals
which are selected at random. As shown in the ex-
ample below, a mask is formed at random. The next
step is to swap the genes depending on the structure
of the mask.
Example:
Mask: [1010101] (formed at random)
Parentl: [2413567]
Parent2: [7145236]
Childl: [7443267] unused states list: [0

15]
Child2: [2115266] unused states list: [0

347]
The repair algorithm takes care of the repeated

values. The repair algorithm randomly selects du-
plicate states and replaces them with states from the
unused states list.

Childl: [7413260]
Child2: [2105367]
These two children replace the ones with the worst

cost which is found using one of the cost functions.

One-point Crossover

This crossover operator also selects two parents at
random. In this case, each of the selected individuals
is split at a random point and recombined with the
other. This results in two children having qualities
of both the parents. An example of One-point cross-
over is shown below

Parent 1: [2417 053]
Parent 2: [3754 102]
After swapping the two parents, the resulting chil-

dren are
Childl: [2417102] unused states list [3

5 6]
Child2: [3754053] unused states list [1

2 6]
Using the same repair algorithm, the resulting chil-

dren are
Childl: [2417605]
Child2: [3754021]

Mutatel

After selecting an individual for mutation, two genes
are selected at random from the individual and
swapped.
Example: Parent [2407135]
If the mutation operator selects two positions "4"

and "6" (the leftmost position being 1), then the
resulting chromosome would be

Child: [2403175]

Mutate2

Two positions are selected at random as the positions
to be mutated. The assignment at these positions is
moved to the unused states list. Mutate2 then selects
two numbers at random from these unused states
list. This procedure tries to introduce more random-
ness into the system. This operator is applicable only
if there is a non-empty list of unused states. In other
words, this mutation is not used for tight state as-
signments problems where the number of states is
2N.
Example:
Parent: [4, 3, 1, 0, 15, 13, 10, 5, 14] unused

states [2, 6, 7, 8, 9, 11, 12]
If positions 3 and 6 are selected for mutation, then

"1" and "13" are moved to the unused states list
resulting in,
unused states [2, 6, 7, 8, 9, 11, 12, 1, 13]
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Two genes are selected at random from the unused
states list.
The resulting Child: [4, 3, 8, 0, 15, 12, 10, 5,

14]
unused states [2, 6, 7, 9, 11, 1, 13]

where, HD(k, l) is the hamming distance between
the two states k and I.

4.4.2 Next State Cost Function

4.4 Evaluation Functions

Evaluation functions or cost functions are necessary
for any optimization process. The cost function pro-
vides a measure of the goodness of a solution. In the
EP approach, each individual undergoes evaluation
after each generation. The result of evaluation influ-
ences its chances of survival and reproduction. The
cost of any assignment is computed by examining the
encoding affinity between states which is a measure
of the gain resulting from giving two states minimal
distance assignments. The objective is to give mini-
mal distance encodings for the groups of states pos-
sessing high encoding affinities. Built into Pioneer
are three different cost functions which are provided
as user definable options. In this Section, a brief
description of the cost functions is given.

4.4.1 Present State Cost Function

In this cost function, the output information and the
present state information of different states are con-
sidered to estimate the encoding affinity. The en-
coding affinity [27] between two pairs of states k and
1 is calculated using the relation,

The next state cost function is based on the input
and next state transitions of different states in the
state transition table. Next states which are produced
on similar input conditions and from similar sets of
present states are given priority in the assignment of
minimum distance codes.

Let A denote the input portion of the transition
table T, A be the co-kernel of the algebraic expres-
sion associated with A, and JAil be the number of
literals in the co-kernel. The encoding affinity [27]
between a state pair is given by,

Pnk, n X n P npk,i l,i i Ft kd l,i
\i=1 i=1

and P correspond to the input field andwhere nk.i nk,i
present state field of T respectively. The first sum-
mation of the above cost function looks at state tran-
sitions controlled by the same input condition and
the second term looks at states having common next
states.
The total cost estimate after state assignment is,

TotalCost (Wk,, (HD(k, l) 1))

pk, X pld + i X pkN, X p,,
\i=1 i=1

where No is the number of outputs, N is the number
of states, p,. corresponds to the number of times
state k asserts output i, pkN, corresponds to the num-
ber of transitions from present state k to next state
i, and/i is the number of l’s in the encoding of state
i. In tools such as MUSTANG and JEDI, /i is not
known a priori and thus it must be estimated. How-
ever in Pioneer, each generation represents a legal
set of assignments (i.e., each state has a unique as-
signment) and thus /i is known by simply counting
the number of l’s in each assignment.
The total cost estimate after a state assignment is,

TotalCost (PPkJ X (HD(k, 1) 1))
k#l

4.4.3 Constraints as a Cost Function

Constraints as a cost function are formed using rules
to identify states which are targeted to be given min-
imal-distance state assignments. The following four
rules have classically been utilized and have been
incorporated into Pioneer in order to pair states for
minimal-distance code assignments"
Rule 1" States having a common next state.
Rule 2: Next states of a given state.
Rule 3: States having common unconditional out-

puts.
Rule 4: States having common conditional outputs

based on identical input conditions.
The rules were modified so that the weight as-

signed to the constraint was based on the size of the
common input field. The number of constraints sat-
isfied was used to evaluate the goodness of an as-
signment.
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FIGURE 3 Cost "p" versus the number of generation (FSM
sample cse).

5 EXPERIMENTAL RESULTS

Pioneer was used to perform experiments on MCNC
(Microelectronics Center of North Carolina) FSM
benchmarks. The experimental data is divided into
two categories"

1. Convergence Speed
good solutions), and

(convergence towards

2. Effectiveness of Pioneer (comparison with
other tools).

5.1 Convergence Speed

There are 3 options for running Pioneer: ’n’ which
refers to the next-state cost function option which is
sought to be minimized, ’p’ which refers to the pres-
ent-state cost function option which is sought to be
minimized, and ’c’ which refers to the use of the
above constraints as a cost function which is sought
to be maximized. The convergence rate of the al-
gorithm is depicted in Figures 3 to 5. The crossover
and mutation rates are listed in the figures. The data
is for the MCNC FSM sample "cse." Similar results
were obtained for other FSM samples. The data in
Figure 3 was obtained using the ’p’ option, that of
Figure 4 was obtained using the ’c’ option, and that
of Figure 5 was obtained using the ’n’ option. From
the graphs it is observed that the algorithm converges
rapidly to good solutions. Increasing the crossover
and mutation rates did not help in improving the
performance of the algorithm. The mutation rates
were found to be (via experimentation) much higher
than those of classical genetic algorithm applications.

5.2 Effectiveness of Pioneer

Table II shows the effectiveness of Pioneer for 20 of
the MCNC FSM benchmarks whose statistics appear

600.0

0.3
| One Point Crossover 0.3
/ Mutatel 0.1

5oo.o

400.0

300.0

Number of Generations
FIGURE 4 Cost "c" versus the number of generation (FSM sample cse).
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Uniform Crossover 0.3
| One Point Crossover 0.3

Mutatel 0.1

1/ Mutate2 0.1

II

70"D.0 41300 60002000

Number of Generations

FIGURE 5 Cost "n" versus the number of generation (FSM
sample cse).

in Table I. The "number of constraints satisfied"
option produced the best results. The minimization
tool ESPRESSO [2] was used to perform two level
minimization and MIS-II [3] was used to perform
multi-level minimization. The table depicts the actual
literal count obtained from MIS-II in each case. The
results were compared with those ofMUSTANG [22]
using both the ’p’ and ’n’ options which refer to the
’present-state’ and ’next-state’ cost function options
respectively.
The Pioneer data was obtained by running Pioneer

for an average of 1000 generations. Table II shows
Pioneer to produce effective results. The option ’c’
produced the best results. The data in the row la-
belled "TOTAL" is simply the summation of all the
literals in each column of the table. Due to the ran-
dom nature of the Pioneer, this data is especially
important because it gives a better idea of the overall
performance of Pioneer for many runs of the pro-
gram. Comparing the total number of literals of Pi-
oneer to that of MUSTANG, we find that Pioneer’s
performance is very acceptable and produces supe-
rior results.
As in many genetic-based algoritlims, the runtime

of Pioneer is slow. For example, the ’n’ and ’p’ op-
tions of Pioneer average runtimes for 10,000 gen-
erations was about 10 minutes on a SUN SPARC
station2, and for the ’c’ option the runtime is about
10 minutes for 1,000 generations. The runtime for
the ’c’ option was high, as in this case Pioneer needs
to calculate the number of constraints satisfied for
every population in every generation.
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TABLE
Statistics of FSM Samples

No. of
states

10

16

16

16

28

14

19

12

14

10

14

15

11

9

No. of
inputs

11

11

2

No. of
outputs

11

11

16

6 CONCLUSIONS

We have shown that evolution programming can be
used effectively for the state assignment problem.
The most distinct advantage of this method is that
by carefully choosing a set of "genetic operators,"
the system can escape local optima, hence perform-
ing better than hill climbing based systems. A new
tool was presented which provides three common
cost functions. Although the cost functions are not
as accurate as one would like, good results were ob-
tained. Better results can be achieved with cost func-
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TOTAL

TABLE II
Effectiveness of Pioneer on MCNC FSM Benchmarks

Mustang
-p

62

151

226

40

151

111

285

67

181

76

76

115

73

117

92

26

52

23

2052

Mustang
-n

65

132

229

42

132

102

60

271

71

158

78

85

68

122

73

109

88

26

42

16

1969

Pioneer
-p

57

115

205

37

103

85

63

52

152

73

74

55

104

65

112

70

31

15

1741

Pioneer
-n

57

113

210

40

123

102

61

224

54

122

53

68

51

104

59

95

65

18

1671

Pioneer
-C

57

113

198

36

107

77

60

239

54

118

63

57

51

110

61

22

22

1641

tions that better estimate the literal savings resulting
after minimization using such tools as "MIS-II."
However, one advantage of Pioneer is that the num-
ber of l’s in the code does not have to be estimated
because it is known a priori as discussed in Sec-
tion 4.
Four genetic operators were used in Pioneer: two

mutation operators and two crossover operators.
Fine tuning of these operators helped reduce the time
required for convergence. Higher mutation rates

were used compared to classical genetic algorithm to
induce more randomness.
There are many different avenues for future re-

search. One interesting avenue is incorporating more
problem-specific knowledge into crossover. Since
each generation of solutions is represented by a set
of possible assignments, it is possible to vary the
crossover between each of the assignments in the
generation set. The current method of crossover in
Pioneer can be improved upon by selecting from the
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parents those states which are most strongly con-
nected together. However, there is a speed penalty
associated with that since the relationships between
the states in every parent will have to be established
based upon some literal savings cost estimator.
Although we experimented with varying the num-

ber of encoding bits (not shown), we did not achieve
good results principally because the number of en-
coding bits, be it minimal or not, was fixed a priori.
We are currently experimenting with building the
number of encoding bits as a variable into Pioneer.
This new variable will be tuned by the processes of
crossover and mutation. It is not clear, at this stage,
how this will affect the performance of Pioneer but
theoretically it should help in some cases because
increasing the number of encoding bits results in
more freedom in assigning codes which can lead to
satisfying a larger percentage of group constraints.
Other research directions include the use of a cost

function derived from a multilevel model of the finite
state machine to guide the evolution program. This
cost function would be more accurate than the one
used by MUSE because we have a priori knowledge
of the code.
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