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Abstract

In the recent years, with the explosive growth in the density of VLSI circuits, efficient
algorithms and methodologies for circuit partitioning have been established as an important
area of computer aided design for VLSI. In this thesis, I explore a novel methodology for
the partitioning of VLSI circuits optimizing area, cost and performance according to the
user priorities. A data graph representation of a circuit is taken and an optimum crossover
point is calculated with the help of graph partitioning algorithms (METIS). This crossover
point is used to mutate the individuals in the genetic algorithm to find the individual with
maximum fitness. The previous methods available in the literature use random crossover
points which sometimes kill competent genes, significantly increasing the time to find an
optimum solution. The method proposed in this paper intelligently selects a crossover point
considering the circuit given to it and then continues according to the algorithm. This

method is demonstrated to be more efficient and faster than the previous approaches.
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Chapter 1

Introduction

This chapter briefly explains the overall structure of the thesis and why this study
was undertaken. It specifies the importance of this study along with an introduction to
the methods carried out to implement it. It serves as a roadmap for the rest of the thesis
providing the reader with the basic information needed to understand it and also a platform
to navigate through it smoothly.

The last four decades have witnessed a phenomenal growth in the field of VLSI. It is
expected to grow further more with no signs of saturation in the near future. As a result of
this rapid development, the life of mankind became easy, simple and affordable but on the
other hand, the VLSI designers were hampered by more and more obstacles making their
lives problematic. With high-density VLSI chips, many issues such as difficulty to design,
increased design time, increased delay, more power consumption, more area and unfeasible
design costs arose [1]. This forced engineers to come up with new strategies to optimize
these factors.

Partitioning is a technique in which larger components are efficiently and logically broken
up into smaller interacting sub-components for easy and better handling [2]. Tt is one efficient
way to address the problems caused by high-density chips by exploiting the design trade-offs
to make the design more efficient. For the same reasons mentioned above, in the recent
years, partitioning has become an important and integral part of the physical design of a
VLSI system [3]. Industry and academia are continuously working to find better algorithms
and methodologies to break a large design into competent partitions. However, partitioning
of high-density chips is very challenging and a lot of effort and time needs to be put in to

arrive at a good partition. It has been shown in the past that the partitioning problem



is NP-hard [4] [5]. Hence it is always important to develop heuristic algorithms and new
methodologies, which arrive at a reasonable solution in a plausible amount of time. Even
though there were a few ways studied earlier, there are some disadvantages to them, which

are examined in more detail in Chapter 2.

1.1 Background and Motivation

As a result of vigorous study undertaken in the area of partitioning to cope with the
enormous technology scaling, new techniques and heuristic procedures have emerged for
better partitions. Out of these many proposed algorithms, genetic algorithms proved to be
very promising in the field of VLSI. These algorithms serve as a pivot around which this
thesis is constructed. Genetic algorithms are heuristic algorithms based on Charles Darwin’s
theory of evolution by natural selection. This algorithm was adopted into VLSI partitioning
a few decades ago [16]. It logically partitions the circuit represented by the dataflow graph
over a few iterations until we get the best partition or we run out of iterations. Although it
was shown that genetic algorithms serve well in obtaining a feasible solution for the VLSI
partitioning problem, it was also evident that the genetic algorithms’ run time increases
rapidly with the increase in the size of a VLSI circuit [6] [7]. It is very important to reduce
this run time, if we need to get the most out of the genetic algorithms’ usage. This problem
is contemplated in the thesis, which provides the motivation to come up with a better

methodology and to reduce the time taken by the genetic algorithm to arrive at the solution.

1.2 Problem Statement

In this thesis a new methodology is proposed for VLSI circuit partitioning using genetic
algorithms, which significantly decreases the overall run-time of the partitioning algorithm.
In the previous methods a randomly generated crossover point was used in the genetic
algorithms, which could potentially kill some useful genes, thus increasing the algorithm

run-time. Hence, in this thesis a new approach is proposed, where the chromosome for the



algorithm is logically chosen, which is circuit specific, using a graph-partitioning algorithm.
This routine, in the later parts of the thesis, is proved to be efficient and faster than the

existing methods.

1.3 Structure and Scope of the Thesis

This thesis presents a new technique to generate an efficient solution for the problem of
VLSI circuit partitioning in less time, using genetic algorithms. Circumstantial evidence and
explanation is also provided to reinforce the proposal. This also proposes a new kind of a
fitness function, which provides the user with the flexibility to choose the weighting of various
properties of the system. However, the advantage of this fitness function over the previously
used functions is not portrayed explicitly in the thesis. The entire thesis uses the 350nm
technology standard cell libraries from the TSMC ASIC design kit, to compare and contrast
the various aspects of the Benchmark circuit modules. The experiment uses a MATLAB
tool to code all the algorithms required for it, which are not included in the documentation.
However, the detailed description of the functioning of the code is included in the Appendix.
Detailed description of the third party partitioning software used in the experiment is also
included in the appendix. Genetic implementing the new methodology and also without
implementing the new methodology is also implemented using the MATLAB script and all
the comparisons are done based on the run-time of this code.

The rest of the thesis is organized as follows:

provides us with information of the relevant work carried out by different
authors in this area. This chapter prepares a platform for the reader to understand the
thesis and gain the needed insight.

gives a general introduction on the evolution algorithms and then the brief
overview of genetic algorithms explaining its emergence, significance, uses and its relevance

to the thesis. This chapter explains the very functioning of genetic algorithms and deals



with the key concepts needed to understand the thesis. This chapter also emphasizes the
fitness function used in the experiment.

introduces the methodology with all the supportive figures and explanation.
This chapter provides essential insight to see how the technique works to produce efficient
results in the VLSI partitioning.

provides the necessary evidence to prove the superiority of this methodology
over the previous algorithms. This chapter could be studied if all the experimentation results
are to be analyzed.

gives the final conclusion and also addresses the future prospects of develop-
ment using this methodology. This also mentions about the possible work that could still be
carried out on this thesis to make it even better and also add to its contribution.

The report concludes with the bibliography containing all the references cited in this
manuscript. If even more detailed investigation is required, the report finally has an Ap-
pendix, which describes all the functional modules scripted in MATLAB and also the notes
on ‘GPMETIS’, which is a third party graph partitioning software, provided by Karypis Lab,

which is used to partition the graph.



Chapter 2

Literature Survey

This chapter deals with the previous study carried out in the field of genetic algorithms
and their use in the partitioning of VLSI circuits. It also emphasizes on hardware/software
codesign techniques developed in the past using genetic algorithms. The studies in the area
of hardware/software codesign widely inspired the present thesis and it would be a good
start to learn about them before jumping into the proposed methodology.

The basics of genetic algorithms are quite comprehensively covered by Goldberg, David.
E. et. al. []]. Also, the importance of partitioning is mentioned in several articles in the
literature [9], [3], which justifies the importance of the current undertaken study. Traditional
Genetic Algorithms use a random point to do the crossover over the chromosomes. Even
though this involves only a few computations, this is nothing more than a random searching
with little direction provided by the ever-evolving chromosomes.

A number of theories have been provided previously, which try to improve the selection
of crossover points. One such technique is proposed by Zhi-Qiang Chen, Yuan-Fu Yin,
et. al [I0], where the individual chromosomes are compared and the crossover operator,
is generated based on the difference between the individuals. But this kind of comparison
involves a complicated set of computations at every iteration which nullifies the effect for
more complex systems like in the case of VLSI partitioning. It is important to get a better
crossover point with minimal amount of computational complexity in order to deal with
the highly complicated VLSI circuits where the total number of iterations can go into the
thousands.

Another useful proposal to improve the total run time of the genetic algorithm was

given by Shiu Yin Yuen, Chi Kin Chow et.al [I1] which incorporates more control on the



mutation operator and keeps track of the chromosomes to avoid revisiting. This method
indeed improves the run-time of the algorithm, but still hasn’t improved the search space.
If the algorithm runs into a chromosome which is revisited earlier, it simply discards that
chromosome and moves ahead, saving that computational time. While this method is still
effective, controlling the search space at a higher level removes a lot of unnecessary computa-
tion down the line. Also this method has a serious threat from the amount of data generated.
For example, if we select a population size of 16 and run the algorithm for 10000 times, the
database should be large enough to hold information on 16 x 1000 = 16000 chromosomes and
an efficient search algorithm on these 16000 chromosomes has to be done at every iteration
to check if the chromosome has been visited earlier. This study aims to find a more effective
solution for this problem.

In the work of Wu Jigang, Thambipillai Srikanthan et.al [12], efficient algorithms for the
partitioning of hardware and software are presented which considers only the improvement
of area while also improving the run-time of the algorithms and power of the system. It
is a known fact that reducing the area of a circuit, in most cases, also reduces the power
consumption (due to the reduction of the transmission losses on the connections). This could
mean that the cost of implementing such a system could be very expensive. In the modern
day where millions of a particular kind of IC’s are shipped every day, even a small fraction
of increase in the IC size could add up to significant costs. Hence, in the current study,
cost is also included in the fitness function which significantly boosts the effectiveness of this
methodology. If, in a particular experiment, the cost is to be avoided, its coefficient could be
simply made ‘0’ in the fitness function. The importance of genetic Algorithms in partitioning
was found very early and several modifications to it are proposed. However, most of them
[13] still lack the intelligent chromosome selection, which hinders their time savings.

The work of Peter Arato et al [14], shows the idea of partitioning using both genetic
algorithms and integer linear programming (ILP). Again, even in this, the traditional pro-

cedure is followed to choose the crossover point randomly. However, this work shows that



Genetic Algorithms are superior to ILP, as far as the run-time is concerned. This has a
considerable amount of motivation in carrying out the present study on Genetic Algorithms,

overcoming the limitations of its random crossover point selection.



Chapter 3

Brief Overview of Genetic Algorithms

This chapter introduces the concepts of Genetic Algorithm, giving necessary examples

and supporting information to get a better understanding of the core logic.

3.1 Overview of Evolutionary Algorithms

Most of the computation problems involving real world inputs are NP hard and arriving
at a clear solution might take impossible amounts of time. Fortunately, in these scenarios,
getting close to the optimum solution might be enough to get fruitful results. Hence, over
a period of time many heuristic algorithms and procedures have been proposed which take
a logical approach to arrive at a useful solution without actually searching the entire search
domain. Among these algorithms, a special class of algorithms called the evolutionary algo-
rithms [15] have gained popularity and were shown to provide very good heuristic solutions
within a small amount of time. They also have been quickly adopted in the various problems
of optimization, design, searching and machine learning. These algorithms have been proved
to be extremely effective in the optimization problems.

Over many years, scientists from across the world independently worked on algorithms
which were inspired from biological events and the natural evolution, like the technique
developed by a flock of birds to help each other to find food, the branching technique of blood
vessels in our body to transport blood faster to different parts of the body, etc, which gave rise
to the evolutionary algorithms. These are hence, mostly inspired by nature and are adopted
and tweaked slightly to suit our needs and fit into the problem at hand. The evolutionary
algorithms are more intelligent as they change their mechanism and procedure for arriving

at a solution constantly throughout the algorithm, rapidly progressing towards a suitable



solution. The main backbone of these evolutionary algorithms is an encoding mechanism,
the scheme by which a mathematical problem is described or coded to be implemented
in the algorithm and a fitness function, which is constantly measured and used to evolve
the algorithm. After their introduction, scientists were able to describe large numbers of
complicated problems to be solved using these algorithms and arrive at promising solutions.
A subset of these evolutionary algorithms is genetic algorithms, which were used extensively

in the recent past and hold a lot of potential to solve complicated problems.

3.2 Overview of Genetic Algorithms

Genetic algorithms [§] are a popular class of evolutionary algorithms, which were inspired
by Charles Darwin’s theory of natural evolution and his concept of “survival of the fittest
7. After it was shown that solutions of various complicated problems, such as optimization
problems including the traveling salesman problem, searching problems , learning problems,
scheduling problems, placing and routing problems, etc, could be obtained more efficiently
and faster, genetic algorithms gained a lot of popularity. Even after approximately 50 years
since its discovery by John Holland and his students [I7], genetic algorithms still remain
as a popular choice for many optimization problems. This gives a little hint about the
potential of these algorithms. Unlike other algorithms, genetic algorithms are not completely
randomized in arriving at their approach, but also use some directed approach and have an
ability to do a multi-dimensional search. But still the randomization is kept intact hoping
to achieve the global maximum by introducing a ‘mutation’ operator. This unique feature of
genetic algorithms enables arriving at a more realistic solution than its other contemporary
algorithms, still keeping the overall run-time low.

The general pseudo code of genetic algorithms is given in at the end of this

section.



3.3 Genetic Algorithms Terminology

3.3.1 Chromosomes

Before we apply these algorithms to a given problem, a representation of solutions to
the problem must be developed which is understood by the computer. These representations
are called ‘chromosomes’. Each chromosome is made up of fields, which represent various
properties of a problem. These fields are called ‘genes’. The Genetic algorithm creates such
chromosomes randomly and tries to find a best chromosome which represents a solution to

the problem.

3.3.2 Crossover

The genetic algorithm attempts to produce better generations for every iteration. This
involves “crossing over” the chromosomes at a certain ‘crossover point’. This means that
some positions are selected on two or more chromosomes, called ‘parent chromosomes’, and
the genes at these positions are exchanged to produce the ‘child chromosomes’. The off-
spring thus produced thus have the genes of both the parents (properties of both the parent
chromosomes). This process is called ‘crossover’ or ‘reproduction’.

The crossover may not necessarily happen only once with each pair of chromosomes.
There are many ways in which the total number of times a pair of chromosomes are used for

reproduction is allocated. Two widely used method are ratioing and ranking [§].

e In ratioing, the reproduction rate of a chromosome is in proportion to its fitness. If
the chromosome has higher fitness, it reproduces and contributes to more offspring. In
this way, the algorithm may soon reach a set of population of fit individuals. To enable
this a concept called ‘Roulette Wheel’ is introduced. This is a genetic operator which,
based on However, this method has a downside. If the algorithm finds a dominant
individual early, it may suppress the chromosomes from reproducing and hence we

may reach only a local maximum.
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e The alternate to the ratioing method is the ranking method, where the chromosomes
are sorted based on their fitness and a certain rank is given to them. They then
reproduc based on their rank. The individuals with higher rank have a higher proba-
bility of reproducing and the individuals with lower rank have a lower probability of

reproduction. For this, again, the ‘Roulette Wheel’ concept, slightly modified, is used.

A pictorial representation of crossover is depicted in Figure [3.1

We can see in the figure that the offspring produced from the chromosomes share the
genes of both the parents to inherit new and unique characteristics.

[ [/ [/
P mm\/\&
— =

/ /)

Chromosome 1 Chromosome 2 Offspring 1 Offspring 2

Figure 3.1: Pictorial Representation of a Genetic Crossover

3.3.3 Mutation

Genetic algorithms are a kind of ‘Hill Climbing’ type of algorithm, which may sometimes
get stuck at a local maximum. Mutation, just like in Biology, is a random alteration of a
gene in a chromosome. This is injected into the chromosomes occasionally to make sure that
the solution we reach is not a local maximum but rather global maximum. It is also possible
that during the process of crossover, the chromosomes which are not selected for generating

the next population, may along with them, lose some important genes. This can completely

11



change the final solution or may delay the program in getting there. Hence to avoid this,

sometimes mutation is essential to inject useful genes (information) into the chromosome.

3.3.4 Fitness Function

A ‘Fitness Function’, in short, is a mathematical model which represents the ability
of a chromosome to survive within the specified environment. It is unique to every given
problem, tailor made to hold all the important properties of the system on which the genetic
algorithm is applied. The final solution can only be as good as the fitness function. More

on fitness functions and the function used in this study are explained in detail in [chapter 4]

Data: Pseudo Code implementation of Genetic Algorithm
Result: The chromosome with highest fitness

begin

Generate Initial Population P(t) at t=0;

Evaluate Fitness, f(t), of each chromosome € P(t);

while specified condition is not satisfied do

begin

t=t+1,

Select fit individuals Py, (t) so that P, (t) € P(t-1) ;
Crossover each chromosome € P, (t) to produce offspring;
Evaluate P, (1);

P(t) = Ppew (1) ;

end

end

end
Algorithm 1: Pseudo Code for Genetic Algorithm

12



3.4 Advantages of Genetic Algorithms

Since the genetic algorithms were first invented in the 1960’s, their popularity has been
increasing as they posses a lot of advantages compared to similar algorithms. Some of the

advantages are

e As long as we can encode system traits into a fitness function and represent the prop-
erties in the form of a chromosome, any complex problem can be solved using genetic

algorithms.

e Besides condensing down a large search space significantly, we can search within a it
relatively quickly when compared to other algorithms. This is because these algorithms
use a unique strategy by which a wide variety of points in a search space are selected
and a directed search through that space is performed, gradually converging towards

the optimum solution [g].

e Genetic algorithms are a hill-climbing type of algorithm. Unlike other hill-climbing
algorithms, genetic algorithms do not get stuck at the local optima values due to
the occasional mutation operation. Even though they take fractionally more time in
reaching the solution due to this operation, they make sure that the final output is a

global optimum and not local optima.

e The other important advantage of genetic algorithms is that the problem search space
need not be continuous. Even if it is discretely defined, the intermediate solutions
undergo genetic crossover and produce better solutions (solutions which are originally
not defined in the search space). Hence these algorithms makes really important con-
tributions to solving problems where only little amount of data is known relating to

the search space.

e As the genetic algorithms can be controlled by the user and he decides when to ter-

minate the flow, if configured properly, they could be very effective in problems which

13



have more than one solution. If a problem has more than one solution and we continue
to run the algorithm even after finding the first solution, the algorithm may continue

to find the next solution as well.

The graph of fitness function vs. number of iterations, while running the Genetic Algo-

rithm over a few iterations, is presented in figurd3.2]

Sl

Fitness
»

g Iterations

Figure 3.2: The fitness vs. the total number of iterations of a Genetic Algorithm
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Chapter 4

Overview of the Fitness Function used in the Methodology

As mentioned earlier, a fitness function is generally a mathematical description, used to
evaluate the fitness of a chromosome as a candidate solution to a particular problem. The
fitness function should hold in it all the important traits of a system, which are desired to be
optimized. In other words, a fitness function is the sole measure with which the algorithm
decides to accept or reject a chromosome. There are a few main characteristics of a fitness
function, which should be considered for effective implementation of the algorithm. Among

these, the two essential features in selecting a fitness function are:

e [t should be compact, yet completely representing the desired traits of a system so as
to make sure that the chromosomes selected based on this fitness function represent

the close to optimum implementation of the circuit.

e [t should be computationally small, i.e., it should take minimal amount of time to be
computed. As a fitness function is evaluated for every chromosome for every generation;

more complex fitness functions lead to genetic algorithms with long run-time.

In this thesis, the problem in front of us is to find an effective solution for circuit partitioning,
with the circuit characteristics like area, cost and delay to be as minimized as possible.
Keeping this in mind, essentially, we need to find a circuit implementation that has a low
value of area, cost and delay. Hence the fitness function given below is framed keeping in

mind the important characteristics for a good fitness function mentioned earlier.

[ = ai(area) + as(cost) + as(delay) (4.1)

15



In the above equation, aq, ao, ag are positive numbers which the user chooses as per
the requirement. Assuming the area, cost and delay to be mere integers, equation is
reasonably compact, describes the problem almost exhaustively as it contains the variables
of interest like the area, cost and the delay and also, as it is a simple linear mathematical
equation with no complicated operators, it is computationally efficient and thus ensures that
the range of fis bounded. Consider we send a chromosome “110010100” to this function,
where ‘1’ represents a particular kind of implementation and ‘0’ represents a different kind of
implementation. Based on the chromosome, the fitness function calculates the total area of
the circuit, worst-case delay from input to output across the partitions, and the total costs
for this implementation, including the communication costs. Hence this fitness function
can be used effectively to tackle the problem at hand and produce the necessary optimized
solution. Many real time problems might have more than two kinds of implementations. In
such scenarios, the chromosome encoding can be undertaken in a more complicated fashion,
as per the requirements. Even then, the overall functioning would be the same.

When we run the genetic algorithm, every time a generation passes, the fitness of the
current population is measured. The algorithm runs until the required fitness is obtained or
we run out of iterations. In the above equation, the main traits are area, cost and delay. In a
given system, these traits would be always desired to be as minimum as possible and hence,
the chromosome with the least value of fis said to be the best solution or the chromosome
with the best fitness.

The fitness function also provides the user with three coefficients, a;,as and ag to
the individual variables of the fitness function, which allows the user to manually set the
priorities. For example, if the user can afford to spend some money on the design to get
more area-optimized circuit, he or she can increase the weight of the area variable (o) and
decrease the weight of the cost (a2). Obviously, if all the coefficients are of equal weight,

then all the three factors are optimized equally.
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As area, cost and delay are mutually dependent on each other, this fitness function,
according to theory, seems better than the fitness functions mentioned in the literature as it
takes into account the mutual effect of these variables by putting them all in one equation.
This also provides the user the flexibility to decide which factor has more importance in the
given circuit. To provide more control of the optimizing factors of each variable, an extended

version of this fitness function is proposed as follows

[ = ay(area) + az(cost) + as(delay) + oy (area)(cost) + as(area)(delay) + ag(cost)(delay)

+az(area)(cost)(delay) (4.2)

However, this function is not used in this thesis as the experimentation is conducted
by considering only the equal optimization of the three variables i.e. a; = as = ag = 1.
It is almost obvious that both the proposed equations (equation 4.1 and equation 4.2) for
the fitness functions would always be positive for any realistic values of area, cost and
delay. This is really dependent on the variables chosen and if such a case arise where
some negative values are expected, then the linear construction of the fitness function would
go berserk in a Genetic Algorithm increasing the search space to a great extent and thus
considerably increasing algorithm run-time. To avoid this, the following modification of the

fitness function is proposed for equation 4.1.

f :\/(al(area)Q + ag(cost)? 4+ as(delay)?) (4.3)

The above equation basically reduces the search space from [-N, N] to [0,N]. We can also
avoid having the square root and just have the squares of the variables to avoid mathematical
computation. The fitness function still exhaustively represents the important variables of the
circuit. But care is to taken when doing so as the equation can easily get unbounded and give

unmanageable values for the fitness function. Eq 4.2 can also be modified in similar terms

17



to avoid the negative values There are also similar modifications available in the literature
to handle the negative values like “Power Law Scaling” and “Sigma Truncation” but these
are completely out of the scope of the thesis.

The main missing element in the present fitness function is the power variable which
in these days have gained a lot of prominence. However, as power is not a straight forward
metric available for most of the circuits, to avoid complexity it has been ignored in the thesis.
Also, we need to keep in mind that we need to run the algorithm for many iterations and
calculating power for every iteration may not be within the scope of this thesis and is left

over for future considerations.

18



Chapter 5

Overview of the Methodology

As shown in the in Figure 5.1}, the traditional genetic algorithms in the literature will
choose the crossover points randomly. With this method, the algorithm just jumps into the
search space without a proper direction, searching for candidate solution which best match
the fitness function. This significantly delays the overall run-time of the algorithm. Contrary
to this, in this thesis a new methodology is proposed where a circuit-specific crossover point
is intelligently chosen based on the partitions generated by the graph partitioning algorithm.
This provides a direction to the algorithm to start the search in the search space, which

otherwise is significantly large, giving rise to faster and efficient solutions.

5.1 Methodology

To begin with, the circuit description is taken and is converted into a datagraph repre-
sentation using a parser code. This datagraph is given as an input to a graph partitioning
algorithm which partitions the circuit into two parts (or more parts based on the require-
ment). This partition would later act as the crossover point in the algorithm. The circuit is

partitioned based on two factors.
e The number of edges across the partition are as low as possible
e The number of nodes on either side of the partition as balanced as possible.
e The communication costs between the two partitions are minimized.

Each node of the datagraph representation of the circuit is randomly assigned a value of

either ‘0’ or ‘1" according to their respective implementation. This array of bits containing 1’s
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Figure 5.1: Traditional Partitioning Flowchart

and 0’s, which correspond to the properties of each node in the datagraph, constitute to one
‘chromosome’ (which also might be called as individuals, phenotype, genotype or creatures).
Each bit in this chromosome representing the kind of implementation of that paticular node
is called the ‘gene’ of the chromosome. The size of each chromosome is ‘V’; where ‘V’ equals
the total number of nodes in the datagraph (which is equal to the total number of gates in
the circuit). Hence in short, we can say, for a given circuit containing ‘V’ number of gates,
each chromosome has ‘V’ number of genes. A fixed number of such random chromosomes
are created and grouped which construct the ‘initial population’. The datagraph is fed to

the graph-partitioning algorithm, which partitions it into two parts. We can also partition
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the graph into smaller parts enabling faster running algorithms, but this study is setup only
to handle only 2 partitions. This partition represents the crossover point of our genetic
algorithm. The user selects the properties intended to be optimized in the fitness function
and each chromosome in the initial population is fed to the fitness function to calculate their
corresponding fitness. The chromosomes with low fitness are discarded and those with high
fitness are chosen for the reproduction of next generation of the offspring. The fitness of the
thus created ‘new population’ along with the initial population is calculated and again the
chromosomes with low fitness are discarded and chromosomes with high fitness are crossed
over, based on the crossover point generated by the graph partitioning algorithm,to produce
new population. This process continues and a database is created within the algorithm to
store the fitness of each chromosome after every generation. We stop the algorithm when we
find a chromosome with maximum fitness or we run out of the total number of generation
cycles (i.e the total number of iterations specified by the user). The flowchart of this new

proposed methodology is depicted in figure [5.3]

— T : L
1
0 -
0
- - -
1 0_
o1
0 0
1 0

0 = Implementation Type 1
1= Implementation Type 2

Figure 5.2: Idea of partitioning - final solution

The algorithm spits out a final chromosome, which has the best fitness and thus rep-

resents the best implementation of the circuit at hand. The genes in this chromosome are
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then decoded and the kind of implementation of each node in the circuit is figured out (If
the gene representing a node is 0, we implement in the 1st style of implementation and if
it is 1, we implement it using second style of implementation). The final solution of an
example circuit looks something like in figure 5.2l As shown in this figure, different gates
of the design, implemented in different styles, co-exist and hence this kind of design is also
called as co-design. We can hope to have this kind of co-design to have the maximum fitness

and thus the most efficient way to implement the logic to get our desired results.

‘ START '

FEED THE CIRCUIT
DESCRIPTION TO THE
ALGORITHM
USE GRAPH
GENERATE RANDOM PARTITIONING
CHROMOSOMES ALGORITHM TO FIND A
(INITIAL POPULATION) SUITABLE CROSSOVER
POINT
EVALUATE THE FITNESS USE THE CROSSOVER
OF EACH CHROMOSOME POINT TO A CREATE NEW
POPULATION
DAD) THE FITNESS N0 | sELECT CHROMOSOMES
TR WITH BEST FITNESS

STOP AND COLLECT THE
FINAL SOLUTION

Figure 5.3: Proposed Paritioning Methodology Flowchart
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To increase the search space and to obtain a global maximum instead of a local max-
imum, the chromosomes occasionally undergo ‘mutation’, which is a process of randomly
altering a gene based on a defined condition. In this methodology, in order to undergo mu-
tation, a gene is randomly selected in the chromosome and its bit is inversed. However, care
should be taken to keep the probability of mutation optimum. Greater the probability of
mutation, greater the time taken to reach the optimum value and better is its quality. But,
as is with everything, even the mutation probability also has a limit. Increasing the mutation
probability increases a lot of chaos in the algorithm which converts the Genetic Algorithm
into a mere randomly searching algorithm. Generally, in this experiment, the probability of
mutation is in the order of 0.001, i.e out of every 1000 chromosomes, one chromosome would
be mutated. But this probability could completely be changed in other problems depending

upon the type of solution required and other parameters.
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Chapter 6

Implementation and Results

This chapter in details discusses how the proposed methodology is implemented in this
thesis. It also gives a through explanation of supporting functional code and algorithms used

to get a close to accurate results. The chapter also gives evidence to support the conclusions.

6.1 The input files and data used by the methodology

The RTL description of the circuit of interest is taken and synthesized using Mentor
Graphic’s Leonardo Spectrum [I8]. This produces a .vhd netlist of the circuits using the
standard gates defined in the TSMC ASIC design kit. The technology of the gates using
which the netlist is built is of 350nm. The goal of the thesis is to implement a part of our
circuit in this technology. All the gates implemented in this technology are given a logic
value ‘1’. More information is given as to how this value is used in given in the later part
of the chapter. For the second kind of implementation, an FPGA board is taken where the
gates are implemented in a similar technology of 350nm as it is essential to have both the
implementations in the same technology for a reasonable comparison. For this the FPGA
board chosen is the Xilinx Cool-Runner CPLD board (XA9500XL). The part of the circuit
implemented in this technology is treated as our second implementation and all the gates
which use this technology are given a logic ‘0.

It is a know fact, that implementing a circuit in an FPGA increases the area of the
circuit, decreases the speed of operation but is cost efficient. Similarly implementing the
circuit in a standard-cell based approach increases the cost of the design but drastically
improves the performance of the design. Hence it would be wise to implement the critical

parts of the circuit which are important in determining the speed using a faster technology
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without caring about the implementation cost and using the FPGAs to implement the not
so critical paths of the design. When the design complexity is extremely high, it is almost
impossible for us to manually differentiate the design into the two kinds of implementations.
Hence, there were many algorithms which emerged to do this task for us. The front runner
among all the algorithms are those which effectively use the genetic algorithms. That been
said, as the complexity of the designs increase rapidly every year, the need for more effective
algorithms is also exponentially increasing. That’s where this new methodology plays a
prominent role. Hence the main objective of this study is to find an efficient method to
partition the circuit into two parts, such that the total cost of implementation is as low as
possible and also, the total area of the design, the total critical delay of the design are as

low as possible.

6.2 Parser

The two main functions of the parser code in this experiment are

e To construct a datagraph based on the .vhd netlist provided by the Leonardo Spectrum

and

e To format the circuit into a .graph representation which would be used by ‘gpmetis’

which is an open source graph partitioning software.

6.2.1 Contructing a Datagraph

The .vhd netlist generated by the Leonardo Spectrum is fed to the parser program.
This, based on the important labels and keywords of VHDL languages extracts the key
information like the total number of gates, inputs and outputs the the gate, total number of
edges (i.e the wire connections between the gates) and the type of the gate.

The .vhd netlist of a simple supporting circuit is shown below.
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library IEEE;

use IEEE.STD LOGIC 1164.all;
library work;
use work.adk_components.all;

entity adder _area is

port (
A :INstd logic
B :INstd logic ;
Cin :INstd logic ;
Sum : OUT std logic ;
Cout : OUT std_logic) ;
end entity ;

architecture behaviour of adder _area is
signal nx78, nx92, nx100, nx181, nx21: std logic ;

begin
ix179 : xor2 port map ( Y=>nx78, A0=>A4, B0=>B);
ix189 : xor2 port map ( Y=>nx181, AO=>nx78, A1=>Cin);
ix983 : and02 port map ( Y=>nx92, A0=>Cin, AI=>nx78);
ix284 : and02 port map ( Y=>nx100, AO=>A4, AI=>B);
ix233 : or02 port map ( Y=>Cout, AO=>nx92, AI=>nx100);
ix165 : inv01 port map ( Y=>nx21, A(0)=>nx92);
ix190 : xor2 port map ( Y=>Sum, AO=>nx181, AlI=>nx21);
end architecture;

The netlist shown above is understood by the parser algorithm, which reconstructs it
back into the data graph format, where the connection between the two gates is represented
by the a single line. So each gate in the circuit is represented as a node in the datagraph
depiction. It should be noted that to make the algorithm simpler, the inputs and outputs
of each circuit are represented as a node which gives a handle for the Genetic algorithm to
work on all nodes between them. To clearly show the functioning of the parser code, a .vhd
netlist of a simple circuit is taken, which is sent as an input to the the parser block.

In the example .vhd netlist above generated by the Leonardo Spectrum, the parser code
recognizes the instances of gates based on the label after the ‘begin® VHDL keyword. It

makes an array of all the instance of various gates and associates the gate type for each

instance. It also recognizes the connection between each gate to the other gates, based on
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Figure 6.1: Datagraph Representation of a circuit created by the Parser Program

the inputs and outputs to each gate. All this data is used to reconstruct the circuit into a
data graph format. The circuit’s datagraph representation is shown in Figure [6.1]
In the Figure [6.1] we can also observe that the inputs and outputs, which are ‘A’ ‘B,

‘Cl, and ‘Sum’, ‘C” , respectively are also denoted as nodes in the datagraph. However, the
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algorithm is intelligent enough to consider this ambiguity and not assign any 1’s or 0’s to

them in the process.

6.2.2 Partitioning the Graph using GPMETIS

GPMETIS is an open source graph partitioning software which takes the circuit descrip-
tion in a .graph format file which is just a bunch of numbers representing the circuit and the
connections. Detailed information of the functioning of GPMETIS is not in the scope of the
thesis and interested readers, if interested, can get more information of it in notes provided
about it in Appendix I. The GPMETIS gives out a stream of 0’s and 1’s representing the
two partitions in which the circuit is split. It should be noted that this convention of 0’s
and 1’s are completely the software’s way of representing that two partitions and it is in now
way related to the genes of chromosomes used in this study.

The parser, then takes back the output of GPMETIS and identifies the chromosome
which is fed to the Genetic Algorithm code, which would be explained in detailed in the
subsequent sections. To help visualize the partition, the outputs of the GPMETIS are used
to construct a sparse matrix which is used to graphically show the partitions using MATLAB
tool. The datagraph in figure[6.1]is split into two partitions by the GPMETIS software which
is shown in the figurd6.2]

6.3 Genetic Algorithm Program

Using this code, we actually implement the Genetic Algorithm. To differentiate the old

and new methodologies, the Genetic Algorithm code is slightly modified in two ways.

e One way is to randomly create the crossover point within the algorithm and thus

implementing the traditional methodology shown in figure 5.1l

e The other way is to take the partition created by the GPMETIS and use it as the

crossover point which reflects the new methodology shown in figure (.31
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Figure 6.2: Partitions created on the example circuit by GPMETIS

6.3.1 Using Random Chromosome

All of the genetic algorithm is implemented using the MATLAB scripting language. The
random crossover Genetic Algorithm randomly chooses a point about which the crossover is
done. The user has the ability to set the values of oy, s, ag which are present in the fitness
function to their desired values. But for the sake of simplicity, those were all set to ‘1’ in this

thesis. Which in theory means the desired optimization for all the three factors is equal. To
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provide with the values for area, cost and delay, it would be wise to use a database which
readily provides the data when requested, instead of simulating every time for those values.
This would decrease the accuracy to some extent, but it is very reasonable when compared
to the quality of the final chromosomes. This data is provided by a “library file” which is
provided as an input to the genetic algorithm. This file contains the important data of the
gates which are necessary to calculate the fitness for every iteration. The library file also
contains the information of the propagation delay of each gate. However, the performance
of a circuit depends on a critical path of the design. When, for every iteration, we keep
changing the style of implementation, the critical path may vary. Hence another supporting
functional code which discovers the slowest path in the design for every iteration is used.
Care is taken that this code acts as fast as possible. However, it should be noted that this
piece of software only gives the path which takes the highest propagation time, but does

have the intelligence to check if it is the ‘false path’.

6.3.2 Using Circuit Specific Chromosome

To implement the proposed methodology, the Genetic Algorithm is programmed to take
the chromosome fed to it by the parser, instead of generating a random crossover point. There
is a small time overhead in this methodology due to the calculation of the circuit specific
crossover point which is not present in the traditional genetic algorithm. However, this time
overhead is very small and is insignificant for large circuits. The fitness function, the library
file, the fitness function coefficients and the delay calculation code would remain the same
even in this methodology. The only thing that changes is the way it gets the crossover point.
Maintaining this consistency is essential to make a proper comaparision between the new
methodology and the existing traditional methodologies.

The time overhead between the new methodology and traditional methodology is de-

picted in the figure 6.3
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Figure 6.3: Run-time of the traditional and new Methodologies with the size of the circuit

The variable T in the figure denotes the time overhead of the new methodology.
After repeated experimentation, it was found that this time overhead is significant for circuits
which have a value of Np of around 100 to 150 gates. In any circuit which has more than
this 150 gates, this time overhead is insignificant and the proposed methodology gives more
efficient results. In today’s time, where we talk about circuits with millions of gates, a
circuit with less than 150 gates is almost obsolete or even if they are to be optimized, we
can manually achieve very good results rather than using an algorithm. Hence, the time

overhead associated with the new methodology stand as a no threat to get efficient results.

6.4 Results

The new methodology proposed is implemented on various benchmark circuits, using
the functional codes mentioned in the earlier sections. The benchmarks used are S713,
S13207, S15850, S35932, S38417, 538584 [19]. This implementation is also compared to the
traditional implementation and the difference is contrasted in the results provided in the

following sections of the document.
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In the table the traditional Genetic Algorithm Methodology and the new proposed
methodology are run on various benchmark circuits for 500 iterations and the time taken for
each of the methodologies is calculated. Also the percentage of improvement caused by the
new methodology over the old methodology is also provided in the last column of the table.

From these results there are 2 important points which are to be noted.

e The first thing to note is that the benchmark S713, which has only 170 gates, has not
shown any improvement in the final fitness when implemented in both the methodolo-

gies.

This could be because the S713 was small enough to achieve its highest fitness before
500 iterations for both the methodologies or because the time over-head for calulating the
crossover point in the new methodology dominated the total run-time. Whichever might
be the reason, would be more clear in the subsequent evidence to be presented later in this

manuscript.

e The second thing to note is that the percentage of total improvement in the fitness

increases with the increase in total number of gates.

Which means that the new methodology is more effective for larger circuits than the

smaller circuits. Hence with large circuits we obtain more savings.

Benchmarks| Number of | Fitness after 500 Fitness after 500 % of improvement
Circuit gates iterations using | iterations using new
old methodology methodology
S713 170 824 824 0

S13207 3672 8712 9508 11.8
S15850 4945 11844 13385 13.01
535932 15543 201019 274830 36.72
S38417 13473 180792 242150 33.94
538584 13328 180111 239330 32.88

Table 6.1: Improvement over the fitness of various benchmarks after 500 Iterations
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The overall repetitions of the Genetic Algorithm can be stopped in two ways. One would
be to stop the algorithm when we reach the maximum or intended fitness or the other way
is to let the algorithm run for a fixed number of iteration and select the chromosome with
the maximum fitness. The former method would be useful when we have some knowledge
about the circuit and what a good implementation might be. If we don’t know anything
about the circuit, it would be better to follow the latter method by allowing the algorithm to
run for some specified number of iterations based on the processing capability and available
resources.

Hence to compare the new methodology and the traditional methodology by the time
taken by them to reach the maximum fitness of each bechmark circuit is also gathered and

are presented in Table [6.2

Benchmarckl Number of Time to reach Time to reach % of

Circuit gates maximum fitness maximum fitness improvement
using traditional using proposed
methodology methodology

S713 170 74 78 -5.18

S13207 3672 2097 1797 16.7

S15850 4945 2416 2058 17.4

535932 15543 10285 7253 36.72

538417 13473 7625 5493 33.94

538584 13328 7588 5455 32.88

Table 6.2: Time taken to reach the maximum fitness of each circuit using the traditional
and the proposed methodologies

Again in the table we can observe that for the benchmark circuit S713, the per-
centage of improvement in the total time to achieve the maximum fitness is negative. This
negative time indicates the time overhead, which is necessary for the calculation of the
crossover point by the graph partitioning algorithm.

Various data available in this section of the thesis and the details of the implementation
methodology discussed earlier stands as a strong evidence to show the effectiveness of the

new methodology. The output of the Genetic Algorithm is a stream of 1’s and 0’s whose
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length is equal to the total number of gates in that circuit. Which means the largest circuit
in the chosen benchmarks, S35932, when fed into the genetic algorithm, produces a 15543
bits of binary value. This represents the most fit chromosome and gives a suggestion as to
how to implement the circuit in order to have the combined least value of area, cost and

delay.
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Chapter 7

Conclusion and Future Work

As it has been shown in this new methodology that when the genetic algorithm is given
a little push by intelligently choosing the crossover point, it gives us more efficient results
faster. Unlike the traditional partitioning methods using genetic algorithms, where the
searching operation starts and proceeds randomly, in this method a little bit of processing is
performed on the circuit at hand, to figure out a logical point to start the algorithm. This
reduces a lot of work for the genetic algorithm and thus saving significant amount of time. In
today’s applications, where the size of VLSI circuits is becoming exponentially large, the rise
time of these algorithms are also increasing along with them. We have reached a point where
traditional algorithms would give acceptable results only in unfeasible amounts of time. This
is where this new method plays a prominent role. As shown in tables[6.1] and the fitness
and run-time have been improved for about 50% for a circuit of size 15000 gates and the
curve only rises higher for larger circuits. In today’s practical applications, the gate sizes are
much more than these and hence we can expect much larger improvements in the quality
of the solutions and also the time taken to reach them. The user also has the opportunity
to alter the process in which this algorithm is implemented. In this methodology, due to
the contribution of the adaptive fitness function, the user has complete control over the
quality of the solutions. The user can also increase the accuracy of data residing within the
library file to get better results. Highly accurate data within the library file only means more
accurate data without any timing penalty. With these features, this methodology serves to
be a powerful tool in achieving quality circuit partitions. As this proposal only serves as a
skeleton for much sophisticated and custom built applications, the scope of areas, in which it

could be effectively applied is also vast. As, the technologies in which the modern day VLSI
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circuits are changing very rapidly, to get accurate time to time information, the user should
just update the library file to get the best results. Which means, the same methodology can
be applied for outdated technology nodes or the current state-of-the-art technology nodes
by just providing the appropriate data to the algorithm through the library file. This makes
the methodology more robust and more flexible.

This methodology gets even more effective if more traits that determine the quality of
a design are incorporated into the design. One immediate suggestion would be to add the
‘power’ variable. It would be great if the fitness function can somehow hold the variable
representing the power consumption of the design. This could be a little tricky as the power
consumption of the design cannot be readily fed to the algorithm using a library file. Every
time the way of implementation of the gates change, we need to simulate the entire circuit
with the new composition. As we know power simulation itself is a very time taking process,
simulating a circuit for every iteration is close to impossible. Hopefully some better ways to
go around this obstacle would be put forward in the future, thus complementing the potential
of this methodology to a greater extent.

Other areas, which could be good to ponder are developing a kind of more adaptive
fitness functions, which are custom made to the circuit the methodology is dealing with.
Even though this idea is just suggested as another area to explore, this undertaken study

does not provide much information in this direction.
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Appendix A
Notes on GPMETIS

The GPMETIS is a software module which is a subset of a more sophisticated software
called METIST] developed by Dr. George Karypis et.al at the University of Minnesota.
Apparently METIS is a “set of serial programs for partitioning graphs, partitioning finite
element meshes, and producing fill reducing orderings for sparse matrices. The algorithms
implemented in METIS are based on the multilevel recursive-bisection, multilevel k-way, and
multi-constraint partitioning schemes. ”.

A.1 Input File Format to the software

METIS defines a file format called as ‘.graph’ which numerically holds the information
about a graph to be partitioned.

The primary input of the partitioning and fill-reducing ordering programs in METIS
is the undirected graph to be partitioned or ordered. This graph is stored in a file and is
supplied to the various programs as one of the command line parameters. A graph G =
(V,E) with n vertices and m edges is stored in a plain text file that contains n + 1 lines
(excluding comment lines). The first line, referred to as the header line contains information
about the size and the type of the graph, while the remaining n lines contain information
for each vertex of G. Any line that starts with line and is skipped. The header line contains
either two (n, m), three (n, m, fmt), or four (n, m, fmt, ncon) parameters. The first two
parameters (n, m) are the number of vertices and the number of edges, respectively. Note
that in determining the number of edges m, an edge between any pair of vertices v and u is
counted only once and not twice (i.e., we do not count the edge (v, u) separately from (u,
v)). For example, the graph in Figure 2 contains 11 vertices. The fmt parameter is used
to specify if the graph file contains information about vertex sizes, vertex weights, and edge
weights. The fmt parameter is a three-digit binary number. If the least significant bit is set
to 1 (i.e., the 1st bit from right to left), then the graph file provides information about the
weights of the edges. If the second least significant bit is set to 1 (i.e., the 2nd bit from right
to left), then the graph file provides information about the weights of the vertices. Finally, if
the third lest significant bit is set to 1 (i.e., the 3rd bit from right to left), then the graph file
provides information of the sizes of the vertices. For example, if fmt is 011, then the graph
file provides information about both vertex weights and edge weights. Note that when the
fmt parameter is not provided, it is assumed that the vertex sizes, vertex weights, and edge
weights are all equal to 1.

IMETIS stable version: 5.1.0, 3/30/2013; MT-METIS initial version: 0.1, 5/21/2013
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Figure A.1: An example Datagraph on which the functioning of GPMETIS is demonstrated

An example .graph format file for the figure [A.Tlooks something like this

68 // denoting the (V,E) of the graph
26 // connections to 1st node.
136 // connections to 2nd node.
245 // connections to 3rd node.
35 // connections to 4th node.
346 // connections to 5th node.
125 // connections to 6th node.

Hence as defined, a 6 node graph contains 6+1 = 7 lines in the .graph format.

A.2 Output Format File

The output of METIS is either a partition or an ordering file, depending on whether
METIS is used for graph/mesh partitioning or for sparse matrix ordering. The format of the
partition file which is the main interest of this study is described in the following section.

The partition file of a graph with n vertices consists of n lines with a single number per
line. The ith line of the file contains the partition number that the ith vertex belongs to.
Partition numbers start from 0 up to the number of partitions minus one.

For example of a 2-way partition file of the graph in figure is

_ o O o

which means that the nodes 1,2 and 6 are in one partition and the nodes 3,4,5 are in a
different partition which makes sense once we look the graph in figure [A.1]
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