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Abstract: Automata Theory has proved to be an 

important field in computer science contributing to 

several areas such as Networking, Compiler and 

Hardware Design, Natural Language Processing and 

Text Processing. Finite State Automata (FSA) is usually 

too large to be constructed or deployed and has a large 

overhead. Finite State Automata often leads to state 

explosion problem which require more storage space, 

high bandwidth and more computational time. To 

address this issue, a variety of optimization grouping 

algorithms can be used to distribute the regular 

expressions into groups and build DFAs independently 

for each group to efficiently solve the state explosion 

problem by obtaining global optimum tradeoff between 

memory consumption and computational time. This 

paper reviews the various Optimization Grouping 

Algorithms like Genetic Algorithm, Particle Swarm 

Optimization, Ant Colony Optimization, Artificial Bee 

Colony Algorithm which can be used to optimize the 

automata and solve state explosion problem.  

Keywords: Optimization Algorithms, Finite State 

Automata, Deterministic Finite Automata, Evolutionary 
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1. INTRODUCTION 

Optimization is generally a mathematical problem 

that has established considerable attention over the 

past years. Researchers have been constantly 

investigating better methods to solve it. The 

principle objective of the optimization problem is to 

find out the maximum or minimum of mathematical 

functions usually referred as objective functions. It 

accurately means finding the best possible solution. 

Optimization problems are spread wide and 

abundant; hence methods for solving these 

problems must be an active research topic. 

Optimization algorithms based on the nature can be 

grouped as deterministic and stochastic. 

Deterministic algorithms are used if a clear relation 

between the characteristics of possible solutions and 

their functions for a given problem exists. If the 

relation is not so clear or if it is complicated then it 

becomes harder to solve problem deterministically 

and it requires enormous computational efforts. In 

these circumstances stochastic algorithms are 

mostly used. The stochastic algorithms can be 

further classified into heuristic and meta-heuristic 

algorithms. Meta-heuristic algorithms mainly 

consist of two components intensification and 

diversification. Intensification is to concentrate on 

search in a local region through exploitation of the 

information that a currently good solution is 

located, while diversification means generation of 

various solutions so as to explore search space on 

worldwide scale. Among the set of search and 

optimization techniques, the development of 

Evolutionary Algorithms (EA) has become very 

significant in the last decade. Evolutionary 

algorithms are stochastic search techniques that 

emulate the representation of natural biological 

advancement. Evolutionary algorithms function on 

a population of ability solutions making use of 

survival of the fittest to provide better and better 

approximations to a solution [12]. Evolutionary 

algorithms are superior and are advanced in terms 

of wide space search ability because they keep on 

evolving different individuals and select better ones 

(offline learning), while support learning can learn 

incrementally, primarily based on rewards obtained 

during task execution (online learning) [2,3,4]. 

Conventional Strategies of optimization are not 

strong to dynamic modifications within the 

environment and they require a complete restart for 

providing a solution. In converse, evolutionary 

computation can be used to adapt solutions to 

changing conditions. Evolutionary algorithms can 

be implemented to any problems that may be 

formulated as characteristic optimization problems. 

Evolutionary algorithms can be consolidated with 

more traditional optimization techniques. The gain 

of evolutionary algorithms consists of the potential 

to address issues for which there may be no human 

information.  Despite the fact that human ability 

ought to be utilized when it is required and 

accessible; it regularly demonstrates less 

satisfactory for computerized problem-solving 

routines [17]. 
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Search optimization techniques are utilized for 

automatic program generation. One of the feasible 

methods to represent these automatic programs is a 

Finite State Automata (FSA). Automata based 

programming [21] is an incredibly new 

programming that makes use of FSA. FSA are 

dynamic models of machines that perform 

computations on an input by traveling through a 

sequence of states or configurations. The automaton 

reads input word one after another and performs 

transition depending on the transition function, until 

the entire word is read. Once the input word has 

been read, the system is said to terminate and the 

state at which automaton has terminated is known 

as the final state. Depending on the final state, the 

automaton either accepts or rejects an input word. 

FSA can be broadly classified into Non 

deterministic Finite State Automata (NFA) and 

Deterministic Finite State Automata (DFA). Some 

interesting results were achieved in evolving DFA. 

DFA are most commonly used in language 

recognition problems. The problem of inducing 

FSA received a significant amount of research. In 

[22], Lucas and Reynolds developed finite state 

transducers from test patterns with a simple 

mutation based random hill climbing algorithm and 

in [14, 23] Spears and Gordon used evolutionary 

strategies to evolve FSA controllers for the 

competition in resource problems. As the number of 

states in the system increases, the size of the system 

space grows exponentially which leads to the state 

explosion problem. The main goal in designing FSA 

is to control the state explosion problem. 

Optimization Grouping Algorithms play a major 

role in designing a FSA through which state 

explosion problem can be controlled and the 

memory storage can be optimized [5]. 

The remainder of the paper is organized as follows. 

Section II discusses and studies about the various 

Optimization Grouping Algorithms that are used for 

the last three decades and section III discusses about 

the Finite State Automata and its types and section 

IV discusses about how Optimization Grouping 

Algorithms can be used along with the FSA to 

compress the memory space and provide a memory 

efficient FSA and section V delivers the concluding 

remarks. 

 

2. OPTIMIZATION GROUPING ALGORITHMS 

Optimization Grouping Algorithms are popular in 

solving many optimization problems [5] and has a 

wide research work in last three decades. Typical 

Optimization Grouping Algorithms include Genetic 

Algorithm (GA), Ant Colony Optimization (ACO), 

Artificial Bee Colony Algorithm (ABC), Particle 

Swarm Optimization (PSO) etc. As a matter of fact, 

finite state automata grouping problem can be 

transformed into an optimization problem. An 

accurate optimum solution can be obtained easily 

by iteratively checking every possible optimization 

result for a small-scale optimization problem [5]. 

2.1 GENETIC ALGORITHM(GA) 

GA is an evolutionary based optimization algorithm 

with a worldwide search capacity proposed by 

Holland in 1975[2] and works on the principle of 

Darwin’s theory of evolution and the survival-of-the 

fittest [13]. Genetic algorithms search looks through 

the solution space by utilizing natural selection and 

genetic operators, including selection, crossover and 

mutation. GA encodes the input parameters of the 

problem into solution strings of a fixed length. 

While conventional optimization algorithms work 

directly with the decision variables or input 

parameters, genetic algorithms generally work with 

the coding. Genetic algorithms begin to search from 

a population of encoded solutions as a replacement 

for a single point in the solution space. Randomly 

the initial population of individuals is created. 

Genetic algorithms use genetic operators to build 

global optimum solutions based on the solutions in 

the current population. The individuals that are 

generated newly replace the old population, and the 

evolution process proceeds until specific 

termination conditions are met. 

The selection process implements the natural 

selection or the survival-of-the fittest rule and 

chooses good individuals out of the current 

population and generates the next population based 

on the assigned fitness. Crossover, also named as 

recombination operator, swaps parts of solutions 

from two or more individuals, who are called as 

parents, and combines these individuals to generate 

new individuals, called children, with the help of 

crossover probability. Mutation usually adjusts 

some pieces of individuals to form perturbed 

solutions. In contradiction to crossover, mutation 

functions only on single individual. One of the most 

admired mutation operators is the bitwise mutation, 

in which every bit in a binary string is balanced 

with a mutation probability [18]. 

The algorithm to implement genetic algorithms is as 

follows: 
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1. Compute initial population; 

2. WHILE stopping condition not fulfilled BEGIN 

3. select individuals for reproduction; 

4. create offspring by crossing individuals; 

5. eventually mutate some individuals; 

6. compute new generation 

7. END 

Genetic Algorithm operates coded versions of the 

problem parameters somewhat than the parameters 

themselves. Although just about all conventional 

optimization algorithms search from a single point, 

GAs at all times operates on an entire population of 

points. This contributes to a large extent to the 

robustness of genetic algorithms. It develops the 

possibility of attaining the global optimum and 

lessens the risk of becoming intented in a local 

stationary point. GA can be applied to any sort of 

optimization problem such as discrete or 

continuous. GA cannot guarantee constant 

optimization response times and it is not directly 

suitable for resolving constraint optimization 

problems. 

2.2 ANT COLONY OPTIMIZATION(ACO) 

 Ant Colony Optimization is a population based 

meta-heuristic approach that was proposed in 1992 

by the Italian researchers Dorigo, Maniezzo and 

Colorini [10] to solve difficult combinatorial 

optimization problem.  The exciting source of ACO 

is the foraging behavior of real ants which use 

pheromones as a communication medium. It is 

based on indirect communication between ants 

intervened by pheromone trails which enables them 

to find shortest path between their nest and food 

sources. When searching for food, ants begin to 

travel around the area surrounding their nest in an 

arbitrary manner. While moving, ants leave a 

substance pheromone trail on the ground. When 

choosing their way they tend to choose, in 

probability, paths noticeable by strong pheromone 

concentrations. Once the ants finds a food source; it 

estimates quantity and quality of food and carries 

some of it back to the nest. All through the return 

trip the amount of pheromone that an ant leaves on 

the ground might depend on the quantity and quality 

of the food. The pheromone trails will guide other 

ants to food source. Ants synchronize their activities 

by means of stigmergy, a form of indirect 

communication intervened by modifications of the 

environment in which they move.  

In general, an ACO algorithm comprises of three 

operations which are repeated until a feasible 

solution is found or a stop conditions are met. 

1. AntBasedConstructSolutions. Each ant travels 

around the graph following a certain path. Based on 

the pheromone value and heuristic data of the 

current edge it chooses the next edge to visit. When 

an edge has been selected, the ant attaches it to its 

path and moves to the next node. Generally, the ants 

continue travelling the graph until each of them has 

constructed a complete solution to the problem. 

2. UpdatePheromone: Pheromone values on all the 

edges of the graph are modified. A particular 

pheromone value can increase if the edge it is 

connected is travelled by an ant or it can decrease 

because of the pheromone evaporation. The 

quantity of pheromone that each ant leaves on the 

edge of a graph depends on the quality of the 

solution built by this ant, which is deliberated by the 

fitness function value of this solution. 

3. DaemonActions: These are some procedure that 

is executed performing some actions that cannot be 

done by an individual ant. An example of such a 

procedure is local optimization. 

The pseudo code for ACO algorithm is as follows: 

1. Begin; 

2. Initialize the pheromone trails and parameters. 

3. Generate population of m solutions; 

4. For each individual ant k ε m, calculate 

fitness(k) 

5. For each ant determine its best position 

6. Determine the global best ant 

7. Update the pheromone trail 

8. Check if condition is true; 

9. End 

ACO can be used in dynamic applications. It has 

positive feedback which leads to rapid discovery of 

good solutions and the distributed computations 

avoid premature convergence. Convergence is 

guaranteed, but time to convergence is uncertain 

and coding is not straightforward. 

2.2 PARTICLE SWARM OPTIMIZATION 

(PSO) 

Particle Swarm Optimization is a naturally inspired 

meta-heuristic computational optimization 

algorithm developed by Kennedy and Eberhart in 

1995 that simulates the behavior of bird flocks, fish 

schools or swarming of bee in search for food. PSO 
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is broadly implemented in a range of fields for 

optimization and design applications [6]. PSO is 

proved to be superior to Genetic Algorithm (GA) 

[7] with a very simple concept of computation and 

design paradigm of few computational codes. The 

PSO algorithm works by concurrently preserving 

several candidate solutions in the search space. 

Throughout each iteration of the algorithm, every 

candidate solution is evaluated by the objective 

function being optimized, resolving the fitness of 

that solution. Every candidate solution can be 

considered as a particle flying through the fitness 

landscape resulting the maximum or minimum of 

the objective function. 

Exploration is the capability of a search algorithm 

to explore diverse region of the search space in 

order to find a good optimum. Exploitation is the 

capability to concentrate the search around a 

promising area in order to refine a candidate 

solution [20].Through their exploration and 

exploitation, the particle of the swarm fly through 

hyperspace and have two important reasoning 

capabilities, one is their memory of their own best 

position known as local best (localbest) and 

acquaintance of the global or their neighborhoods 

best called as global best (globalbest).  

Position of the particle is inclined by velocity. Let 

xi(t) indicate the position of particle in the search 

space at time t  step,  t denotes discrete time steps. 

The position of the particle is altered by adding a 

velocity 𝑣𝑖(𝑡) , to the current position: 

𝑥𝑖 𝑡 + 1 =  𝑥𝑖 𝑡 + 𝑣𝑖(𝑡 + 1) 

where velocity is given by: 

𝑣𝑖 𝑡 =  𝑣𝑖 𝑡 − 1 +  𝑐1𝑟1 𝑙𝑜𝑐𝑎𝑙𝑏𝑒𝑠𝑡 𝑡 −  𝑥𝑖 𝑡 − 1  

+  𝑐2𝑟2 𝑔𝑙𝑜𝑏𝑎𝑙𝑏𝑒𝑠𝑡 𝑡 −  𝑥𝑖 𝑡 − 1   

With acceleration coefficients 𝑐1 and 𝑐2 , and 

random vectors 𝑟1 and 𝑟2. 

PSO algorithm makes use of the objective function 

to compute its candidate solutions and functions 

upon the resultant fitness values. Each particle 

conserves its position, composed of the candidate 

solution and its estimated fitness and its velocity. 

Furthermore, it retains information about the best 

fitness value it has attained thus far during the 

process of the algorithm, assigned as the individual 

best fitness and its candidate solution that 

accomplished this fitness, referred to as the 

individual best position or individual best candidate 

solution. Lastly, PSO algorithm maintains the best 

fitness value attained among all particles in the 

swarm. It is known as the global best fitness. The 

candidate solution that attained this fitness is known 

as the global best position or global best candidate 

solution. 

The PSO algorithm consists of few steps, which are 

repeated until some terminating condition is met. 

The steps are as follow: 

1. Initialize the population, position and velocity. 

2. Calculate the fitness of the individual particle 

(localbest). 

3. Keep track of the individual highest fitness 

(globalbest). 

4. Modify velocity based on localbest and 

globalbest location. 

5. Update the particle position. 

6. Terminate if criteria are met else go to step 3. 

In analysis, PSO has advantages and disadvantages 

[11,19]. Advantages of the basic particle swarm 

optimization algorithm are PSO is intelligence 

based. It can be useful for both scientific research 

and engineering. Then PSO have no overlapping 

and mutation calculation. The search can be 

approved by the speed of the particle. Throughout 

the development of several generations, merely the 

most optimist particle can convey information 

against the other particles, and the speed of the 

researching is very fast. Subsequently the 

calculation in PSO is very simple and appropriate 

for online parameter tuning [15]. Compared with 

the other developing calculations, it dwells the 

bigger optimization ability and it can be completed 

easily. The last one is that PSO accepts the real 

number code, and it is determined directly by the 

solution. The number of the dimension is identical 

to the constant of the solution.  

On the other hand, disadvantages of the 

fundamental particle swarm optimization algorithm 

are the method effortlessly undergoes from the 

partial optimism, which effects the less exact at the 

regulation of its velocity and the direction. 

Subsequently the method cannot work out the 

problems of spreading and optimization and the 

method cannot work out the problems of non-

coordinate system.  

2.3 ARTIFICIAL BEE COLONY 

ALGORITHM 

Artificial Bee Colony (ABC) algorithm was 

published by Karaboga D in 2005 as a technical 
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report for numerical optimization problems [1]. It is 

a swarm based meta-heuristic optimization 

algorithm developed by [8] based on the smart 

foraging behavior of honey bee swarm. There are 

three essential components of forage selection. The 

first component is the food source. The significance 

of a food source depends on a number of factors 

such as its closeness to the nest, its richness or 

concentration of its energy, and the easiness to 

extract this energy. The second one is the employed 

foragers which are associated with a scrupulous 

food source which they are currently exploiting. 

They carry with them information about this 

scrupulous source, its distance and direction from 

the nest, the effectiveness of the source and share 

this information with a definite probability. The last 

component is the unemployed foragers. They are 

constantly at look out for a food source to exploit. 

The information is exchanged among the bees is the 

most important happening in the development of 

collective knowledge. Communication amongst the 

bees interrelated to the quality of food sources takes 

place in the dancing area which is called as waggle 

dance. 

 The artificial bee colony comprises of three groups 

of bees: employed bees, onlookers and scouts [9]. 

An employed bee looks for the destination where 

food is available. They collect the food and return 

back to its source, where they carry out waggle 

dance depending on the amount of food obtainable 

at the destination. The onlooker bees observe the 

dance and follow the employed bee depending on 

the probability of the available food. As a result 

more onlooker bees will follow the employed bee 

connected with the destination having more quantity 

of food. The employed bee whose food source 

becomes discarded behaves as a scout bee and it 

searches for the new food source. This principle of 

foraging behavior of honey bee is utilized to solve 

optimization problems by sorting out the population 

into two parts consisting of employed bees and 

onlooker bees. An employed bee explores the 

solution in the search space and the value of 

objective function related with the solution is the 

amount of food associated with that solution. 

The search cycle of ABC consists of three rules 

[35]. The first rule is sending the employed bees to 

a food source and assessing the nectar quality; 

secondly an onlooker decide the food sources after 

attaining information from employed bees and lastly 

calculates the nectar quality and determines the 

scout bees and sends them onto potential food 

sources. The positions of the food sources are 

arbitrarily selected by the bees at the initialization 

phase and their nectar qualities are calculated. The 

employed bees then distribute the information about 

the nectars of the sources with the bees waiting at 

the dance area within the hive. After distributing 

this information, every employed bee proceeds to 

the food source visited during the previous cycle, 

because the position of the food source had been 

remembered and then chooses another food source 

using its visual information in the neighborhood of 

the current one. At the last stage, an onlooker uses 

the information gained from the employed bees at 

the dance area to choose a food source. The 

probability for the food sources to be selected 

amplifies with increase in its nectar quality. Hence, 

the employed bee with information of a food 

sources with the highest nectar quality workforces 

the onlookers to that source. It subsequently selects 

another food source in the neighborhood of the one 

presently in the memory based on visual 

information. A new food source is randomly 

generated by a scout bee to substitute the one 

discarded by the onlooker bees. 

The key steps of the algorithm are given below: 

1. Initialize Population 

2. Repeat 

3. Position the employed bees on their food 

sources 

4. Position the onlooker bees on the food sources 

depending on the quantity of the nectar 

5. Send the scouts to the search area for finding 

out new food sources 

6. Remember the best food source found so far 

7. Until terminating criteria are met 

Some of the advantages of ABC algorithm are that 

it has strong robustness, speedy convergence, high 

flexibility and fewer setting parameters. Few 

disadvantages of ABC are it leads to premature 

convergence in later search period and for few 

circumstances the accuracy of the optimal value 

cannot be met. 

ABC remains a promising and interesting 

algorithm, which would maintain to be broadly 

utilized by researchers across various fields. Its 

potential advantage of being easily hybridized with 

various meta-heuristic algorithms and components 

makes it robustly feasible for continued deployment 
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for more exploration and enhancement possibilities 

in many more years to come. 

 

3. FINITE STATE AUTOMATA 

Finite state automata are computing devices that 

accept/recognize regular languages and are used to 

model operations of several systems that are found 

in practice. Their operations can be simulated by a 

very simple computer program. A finite state 

automaton comprises of a finite set of states which 

are classified to be either accepting or not 

accepting. A string of input symbols are taken in by 

the finite state automata. If all the input is processed 

and the current state is a final state then the input is 

accepted; otherwise the input is rejected. The 

machine is described as defining a language, which 

would contain all words accepted by the machine.  

3.1 Deterministic Finite Automata 

For deterministic finite automata (DFA) there is 

only one transition out of a state for each input 

symbol of the alphabet (Σ) i.e., δ(q,a) is unique [3]. 

This implies that for an input w, the execution is 

predictable. 

A DFA is defined as a 5–tuple (Q, Σ, δ, q0, F) 

where, 

• Q is the set of finite states. 

• Σ is the set of finite input alphabets. 

• δ is the transition function where δ : Q × Σ   Q 

e.g., δ (q,a)=p gives the transition from state q on 

the input a. 

• q0 Є Q is the start state. 

• F ⊆Q is the set of final states. 

Let M be a DFA such that M = (Q, Σ, δ, q0, F). 

String x is said to be accepted by M if δ *(q0, x) =p 

for some p in F. 

A primary feature of DFA is that at any point of 

time only one active state is present in the DFA. 

However they are infeasible for regular expressions 

found in the most repeatedly used rule-sets. 

Specifically, when repeated wildcards exist in a 

regular expression, it may be difficult to build a 

DFA with a reasonable number of states [16]. It 

takes only one main memory accesses per byte. 

A theoretical worst case study [15] illustrates that a 

single regular expression of size n can be expressed 

as an NFA with O(n) states. The same expression 

when transformed into a DFA generates O(∑
n
) 

states. The processing complexity for every 

character in the input is O(1) in a DFA, however for 

an NFA it is O(n
2
) when all n states are active at the 

same time. 

3.2 Nondeterministic Finite Automata 

Nondeterministic Finite Automata (NFA) can have 

multiple or no transitions out of a state for each 

input symbol of the alphabet. Non determinism 

therefore implies that there may not be a unique 

execution trace as in DFAs. There are multiple 

paths of possible executions. For NFAs a string is 

accepted if there exists at least one execution path 

that ends in a final state, whereas a string is rejected 

if all possible execution paths end in a non–final 

state. NFAs also allow for ε–transitions i.e. 

transitions which do not read a character of the 

input string 

For every NFA there is an equivalent DFA which 

accepts exactly the same language L. It is therefore 

possible to convert any NFA to a DFA. NFAs are 

necessary as it is easier to construct whereas DFAs 

can become very complex. DFAs on the other hand 

are easier to implement and interpret on a computer. 

An NFA is defined as a 5–tuple (Q, Σ, δ, q0, F) 

where, • Q is the set of finite states. 

• Σ is the set of finite input alphabet. 

• δ is the transition function where δ : Q× (Σ Ս ε)  

P(Q) where P(Q) is the power set of Q and ε is the 

empty string. 

• q0  Є Q is the start state. 

• F ⊆  Q is the set of final states. 

R. Sidhu and V. K. Prasanna, 2001 [24] proposed a 

NFA-based representation which improves the 

memory utilization problem. In fact, multiple NFA 

states can be active in parallel and each input 

alphabet can lead to multiple state transitions, and 

therefore it requires multiple parallel memory 

operations. All the NFA states can be active at the 

same time which needs a prohibitive amount of 

memory bandwidth. To match a regular expression 

of size n, a serial machine requires O(2
n
) memory 

and requires the time complexity of O(1) per input 

character. However, the authors proposed a method 

that requires the O(n
2
) space and still process a text 

character in O(1) time. Additionally, they presented 

a simple and fast algorithm that rapidly constructs 

the NFA for the given regular expression. To 

construct an NFA rapidly is crucial because the 

NFA structure depends upon the regular expression, 

which is known only at runtime. 
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4. DISCUSSIONS 

The various types of intelligent optimization 

grouping techniques discussed in section II were 

studied. These intelligent optimization grouping 

algorithms can be used to optimize the finite state 

automata and can efficiently alleviate the state 

explosion problem by obtaining the global optimum 

distribution between memory consumption and the 

number of groups. An accurate optimum solution 

can be acquired effortlessly by iteratively checking 

each possible optimization result. 

 

5. CONCLUSION 

In this paper, the various Intelligent Optimization 

Grouping Algorithms such as GA, ACO, ABC, PSO 

algorithm are presented. GA is efficient when the 

search space is complex and GAs are not suitable 

for solving constraint optimization problems. PSO 

occupies bigger optimization ability and is easy to 

implement but suffers from partial optimism and 

cannot work out on scattering problems. ACO can 

be used in dynamic applications and avoids 

premature convergence but time to convergence is 

uncertain and coding is not straight forward. ABC 

has strong robustness, fast convergence and high 

flexibility but leads to premature convergence and 

accuracy cannot be met with the requirement.  Each 

algorithm has its own merits and demerits. These 

algorithms can be used along with the 

implementation of finite state automata so as to 

reduce the state explosion problem and to provide 

memory efficient finite automata. 
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