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ABSTRACT 

          Genetic Algorithms (GAs) are adaptive heuristic search algorithms premised on the 

evolutionary ideas of natural selection and genetics. Many of the real world problems involved 

finding optimal parameters, which might prove difficult for traditional methods but ideal for 

GAs. However, because of their outstanding performance in optimization, GAs have been 

wrongly regarded as a function optimizer alone. Our aim in this paper is to present a simple 

method to synthesize a simple circuit with some fitness function required for any VLSI circuit 

and reduce the gate complexity of the circuit.  
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INTRODUCTION 

 

The basic concept of GAs is designed to simulate processes in natural system necessary for 

evolution, specifically those that follow the principles first laid down by Charles Darwin of 

survival of the fittest [1]. As such they represent an intelligent exploitation of a random search 

within a defined area. First pioneered by John Holland in the 60s, Genetic Algorithms have 

been widely studied, experimented and applied in many fields in engineering worlds. Not only 

do GAs provide alternative methods to solving problems, they consistently outperform other 

traditional methods in most of the problem domains.  

 

STRENGTHS OF GENETIC ALGORITHMS 

 

The first and most important point is that genetic algorithms are intrinsically parallel. Most other 

algorithms are serial and can only explore the solution space to a problem in one direction at a 

time, and if the solution they discover turns out to be suboptimal, there is nothing to do but 

abandon all work previously completed and start over. However, since GAs have multiple 

offspring, they can explore the solution space in multiple directions at once. If one path turns out 

to be a dead end, they can easily eliminate it and continue work on more promising avenues, 

giving them a greater chance each run of finding the optimal solution [1]. 
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Schema Theorem 

However, the advantage of parallelism goes beyond this. Consider the following: All the 8-digit 

binary strings (strings of 0‟s and 1‟s) form a search space, which can be represented as 

******** (where the * stands for “either 0 or 1”). The string 01101010 is one member of this 

space. However, it is also a member of the space 0*******, the space 01******, the space 

0******0, the space 0*1*1*1*, the space 01*01**0, and so on. By evaluating the fitness of 

this one particular string, a genetic algorithm would be sampling each of these many spaces to 

which it belongs. Over many such evaluations, it would build up an increasingly accurate value 

for the average fitness of each of these spaces, each of which has many members. Therefore, a 

GA that explicitly evaluates a small number of individuals is implicitly evaluating a much 

larger group of individuals – just as a pollster who asks questions of a certain member of an 

ethnic, religious or social group hopes to learn something about the opinions of all members of 

that group, and therefore can reliably predict national opinion while sampling only a small 

percentage of population. In the same way, the GA can “home in” on the space with the highest 

fitness individuals and find the overall best one from that group. In the context of evolutionary 

algorithms, this is known as Schema Theorem, and is the “central advantage” of a GA over 

other problem solving methods [2,3].   

 Due to the parallelism that allows them to implicitly evaluate many schema at once, 

genetic algorithms are particularly well-suited to solving problems where the space of all 

potential solutions is truly huge – too vast to search exhaustively in any reasonable amount of 

time. Most problems that fall into this category are known as “nonlinear”. In a linear problem, 

the fitness of each component is independent, so any improvement to any one part will result in 

an improvement of the system as a whole. Needless to say, few real world problems are like this. 

Nonlinearity is the norm, where changing one component may have ripple effects on entire 

system, and where multiple changes that individually is detrimental may lead too much greater 

improvements in fitness when combined. Nonlinearity results in a combinatorial explosion: the 

space of 1,000-digit binary strings can be exhaustively searched by evaluating only 2,000 

possibilities if the problem is linear, whereas if it is nonlinear, an exhaustive search requires 

evaluating 21000 possibilities – a number that would takeover 300 digits to write in full. 

Fortunately, the implicit parallelism of a GA allows it to surmount even this enormous number of 

possibilities, successfully finding optimal or very good results in a short period of time after 

directly sampling only small regions of the vast fitness landscape [4]. 

 

Processing of Schemata 

 Each individual in the population is an instance of 2
m

 schemata, where m is the length of each 

individual string. For instance, the length-2 bit string „11‟ is an instance of **, 1*, *1, and 11. In 

a population of n-strings, it is easy to see that there will be anything between 2
m

 and n.2
m

 

different schemata. Thus, the population represents a very large number of schemata, even for 

relatively small population sizes. It can, therefore, be said that while the GA explicitly evaluates 

n strings during any given generation, it is implicitly evaluating a much larger number of 

schemata. This effect is known as intrinsic parallelism in GAs [1,4]. 

After a given number of generations have been run, a rough estimate of the average fitness of 

all its schemata or sub-placements can be obtained. The estimates of these averages are not 

stored explicitly since the schemata themselves are not explicitly evaluated. However, it is 

possible, as in the next section, to look at the increase or decrease of a given schema in a 
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population - because it can be described as though the GA were storing these implicitly 

calculated values. 

With each new generation examined, the number of each of its 2
m

 to n.2
m

 different schemata 

present in the population is adjusted according to its fitness. As more generations are tried out, 

the relative proportions of the various schemata in the population reflect their fitness values more 

and more accurately. When a fitter schema is introduced in the population through an offspring, 

it is inherited by others in the succeeding generation, and thus, its proportion in the population 

increases. It starts driving out the less fit schemata, and the average fitness of the population 

improves [1,4] 

From the previous related research [1,6], the number of schemata is correlated to the total 

number of similarity or diversity bits. However, a difficulty arises when the total similarity bits 

count for two different populations is same but the breakup of similarity bits count is different. 

The unique schemata count is correlated with the breakup of similarity bits count.  

Unique schemata count = n.2m – (n–1)2m–1                      

This relationship has been developed for a restricted case of maximum similarity bits count 

being just one less than the length of the string (i.e., s(b) = m–1) which means that the strings are 

non-repeated and further that the count of such maximum similarity bit counts is (n-1).   

   

PROBLEM FORMULATION 

Many of the optimization problems encountered in VLSI design, layout, and test automation can 

be solved with high-quality results using genetic algorithms. Consider the problem of test 

generation for a very simple circuit. A simple GA was implemented with the following fitness 

function to solve this problem: 

 

FITNESS FUNCTION 
Fitness = (1 if fault is excited or 0 otherwise) +(fraction of inputs a – h set to 1) +(fraction of 
inputs i – p set to 0) 
 

 
 

 

 

 

 

 

 
GA – based test generation 

To excite the fault node Y must be driven to logic 1 in the fault free circuit, so that there will be a 

difference between the fault free circuit and faulty circuit. Nodes a through h must therefore be 

set to 1. To propagate the fault effects to output node Z, nodes i through p must be set to 0. The 

required test vector is nearly impossible to find using a random approach. Specific values are 

required on 16 circuit inputs, and it is very unlikely that correct combination will be generated 

randomly. If the GA fitness function simply indicates whether or not the fault is detected, the test 

is very unlikely to be found. However if the fitness function favors setting nodes a through h to 1 

and setting nodes i through p to 0, the test has a good chance of being found [11]. 
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EXPERIMENTAL RESULTS 

 

FITNESS OF POPULATION IS 

_________________________ 

 

Population                 Fitness 

 

1001110110011101            1 

1001110011101111            0.625 

1111110011101101            1 

1011110011101111            0.75 

1101001110111101            0.875 

1001001110101101            0.875 

1001001110100101            1 

1111001110110000            1.375 

1001111001001101            1.125 

1001110010011101            0.875 

1001111110011101            1.125 

1010010011011101            0.625 

 

Max fitness = 1.375   Avg fitness = 0.9375 

 

Finding next Generation 

Selecting parents.... 

Selected parents 

__________________ 

9 

10 

 First parent::1001110010011101 

Second parent::1001111110011101 

 

For Crossover 

______________ 

Press 'e' for entering crossover probability else 'd' for default    d 

 

Cut point for cross-over is  10 

1st child is1001110010011101 

2nd child is1001111110011101 

Fitness after Crossover 

0.875 

1.125 

For Mutation 
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Enter e for entering probability of mutation,press d for default 

value  d 

No mutation 

Fitness after Mutation 

_______________________ 

0.875 

1.125 

 

4th Generation 

POPULATION ALONG WITH FITNESS 

_____________________________ 

 

 

Population                 Fitness 

 

1001001110101101            0.875 

1001111001010000            1.375 

1001101110101101            1 

1001111001001101            1.125 

1111110110010000            1.625 

1111001101001101            1.25 

1111001110010000            1.5 

1111110110111101            1.125 

1001110010111101            0.75 

1111001101001101            1.25 

1111110001001101            1.25 

1001011110010000            1.375 

 

Max fitness = 1.625   Avg fitness = 1.20833 

 

 

 

CONCLUSION 

Genetic Algorithm was conceived by Holland in 1975, and since then, it has emerged as a 

possible solution for many search and optimization problems. In the area of VLSI test, GA has 

been successfully used in stuck - at fault test [11]. The GA may be viewed as an evolutionary 

process where in the population of feasible solutions to the optimization problem evolves over a 

sequence of generations. Each solution is represented as a string of elements and is assigned a 

fitness value based on the value given by an evaluation function. The fitness value measures how 

close the individual is to the optimal solution. A set of individuals constitutes a population that 

evolves from one generation to the next through the creation of new individuals and the deletion 

of some old ones. The process usually starts with an initial population created randomly. The 

integrated Circuit fabrication process is prone to random defects, which may affect the 
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functionality of a device and cause erroneous outputs. Testing of finished circuits is essential in 

weeding out defective parts to ensure that electronic systems build using the ICs function 

correctly. Sets of test vector applied to circuits by a tester must have high defect coverages if 

they are to be effective in identifying defective chips. Furthermore, since the cost of testing VLSI 

chips is a significant fraction of the overall manufacturing cost, the time required to test a chip 

should be minimized. Effective tools for automatic test generation (ATG) are needed to obtain 

compact test sets with high defect coverage. Here, we have discussed how genetic algorithms can 

be used for automatic test generation. Genetic algorithms have been very effective for sequential 

circuit test generation, especially when combined with deterministic algorithms [11,17]. We 

begin with an over view of test generation problem and then discuss how tests can be generated 

in a GA framework. GA parameters and fitness function and an implementation is described. A 

Genetic Algorithm Frame work is developed for use in sequential circuit test generation. 

Populations of candidate tests are evolved by the GA starting from a random initial population.   

 

FUTURE SCOPE 

 

Genetic algorithms are little understood because the genetic transformations and iterations 

through generations are difficult to model by known analytical techniques. Although some 

probabilistic analyses were made by John Holland and others and schema theorems were 

proposed to explain the genetic optimization process, no clear and insightful analytical 

techniques yet exist that can explain rigorously the convergence of genetic algorithms or how 

many iterations are required to obtain the globally optimal solution or a solution within some 

predefined infinitesimally close range of globally solution [11]. Genetic algorithms have been 

used successfully to solve numerous different problems in VLSI design, layout and test 

automation. We sincerely hope that in the future, GAs will prove to be a general – purpose 

powerful heuristic method for solving a wider class of engineering and scientific problems. 
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