
ALGORITHM ENGINEERING: STRING PROCESSING 

Thomas Berry 

A DISSERTATION 

in 

COMPUTING AND MATHEMATICAL SCIENCES 

Presented to the Faculties of Liverpool John Moores University in Partial 

Fulfillment of the Requirements for the Degree of Doctor of Philosophy 

2002 

Dr. S. Ravindran 

Supervisor of Dissertation 

Prof. M. Merabti 

Graduate Group Chairperson 



COPYRIGHT 

Thomas Berry 

2002 



DEDICATION 

To Mum and Dad 

iii 



ACKNOWLEDGEMENTS 

I would like to express thanks to my principal supervisor Dr. S. Ravindran for 

his help and advice throughout my research. I would also like to thank my second 

supervisor Dr. C. Bamford for his help and support. I would also like to thank my 

third supervisor Prof. M. Merabti for his encouragement and support throughout my 

research. Nick Huxley and Marc Siegar for talking me into doing a Ph. D. in the first 

place. 

I would like to thank my colleagues in the school of Computing and Mathematical 

Sciences for their continued support, especially those of my fellow researchers who 

have made it more fun than it would otherwise been, Bob Askwith, Mike Baskett, 

Chris Bewick, Henry Forsyth, Damian Gregory, David Gresty, John Haggerty, Ste 

Keller, Toni Reyes Moro and Ewan Smith. 

Away from the office I would like to thank my friends and family who have suffered 

my rants about my research. Special thanks must be made to the 'M17 quiz team' 

Allen Dunn, Chris Gill, Paul Lynam, Matt Pickles and Marc Siegar. The cinema 

buffs Dave Barnes, Kathryn Holmes, Nick Huxley, Jo Redmond and Neil Stafford. 

I would also like to thank the 2000/2001 Liverpool Squad for winning the treble 

and giving me many nights of footballing ecstasy. 

iv 



Abstract 

The string matching problem has attracted a lot of interest throughout the history of 
computer science, and is crucial to the computing industry. The theoretical community 
in Computer Science has a developed a rich literature in the design and analysis of string 
matching algorithms. To date, most of this work has been based on the asymptotic 
analysis of the algorithms. This analysis rarely tell us how the algorithm will perform 
in practice and considerable experimentation and fine-tuning is typically required to 
get the most out of a theoretical idea. 

In this thesis, promising string matching algorithms discovered by the theoretical com- 
munity are implemented, tested and refined to the point where they can be usefully 
applied in practice. In the course of this work we have presented the following new 
algorithms. We prove that the time complexity of the new algorithms, for the average 
case is linear. We also compared the new algorithms with the existing algorithms by 
experimentation. 

" We implemented the existing one dimensional string matching algorithms for En- 

glish texts. From the findings of the experimental results we identified the best two 
algorithms. We combined these two algorithms and introduce a new algorithm. 

" We developed a new two dimensional string matching algorithm. This algorithm 
uses the structure of the pattern to reduce the number of comparisons required to 
search for the pattern. 

" We described a method for efficiently storing text. Although this reduces the size 
of the storage space, it is not a compression method as in the literature. Our aim 
is to improve both space and time taken by a string matching algorithm. Our new 
algorithm searches for patterns in the efficiently stored text without decompressing 
the text. 

" We illustrated that by pre-processing the text we can improve the speed of the 
string matching algorithm when we search for a large number of patterns in a 
given text. 

" We proposed a hardware solution for searching in an efficiently stored DNA text. 
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Chapter 1 

Introduction 

Theory and theoreticians have played a major role in the development of the field of 

computer science. Theoreticians have developed a set of basic concepts and method- 

ologies that transcend application domains. These contributions include automata 

and natural language theoretic models, data structures and algorithms, methodolo- 

gies for evaluating algorithm performance, the theory of NP completeness [64], logics 

of programs and correctness proofs and methods of public-key cryptography [56,114]. 

Within theoretical computer science algorithms are usually evaluated by metrics 

such as their asymptotic worst case running time or average case running time or 

their competitive ratio. Many groundbreaking results have been proved according to 

the worst and/or average case running time of the algorithm. These metrics rarely 

tell us how well the algorithm will perform in practice. This is because the metrics 

are not sufficiently accurate to predict actual performance. The situation can be im- 

proved using models that take into account more details of the system architecture 
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and factors such as data movement and interprocessor communication, but even then 

considerable experimentation and fine-tuning is typically required to get the most out 

of a theoretical idea. An effort must be made to ensure that promising algorithms 

discovered by the theory community are implemented, tested and refined to the point 

where they can be usefully applied in practice [69,77,131]. During the practical eval- 

uation of the algorithm it is possible to learn what affects the speed of the algorithm. 

It is possible to then modify the algorithm and remove any features that are slowing 

the algorithm down. This experimental testing and tuning of algorithms is known as 

Algorithm Engineering. 

If an algorithm has a better theoretical evaluation than another algorithm we 

would expect that the algorithm would be faster in practice. Until we compare both 

algorithms in practice we can claim nothing. Although practical evaluation would 

seem dependant upon the environment, comparing algorithms in one environment is 

a good indication of how the algorithm may perform in other practical environments. 

The method used for the theoretical evaluation of algorithms is known as the 

asymptotic analysis of algorithms using Big-Oh notation and is described in Chap- 

ter 2. When we theoretically analyse algorithms we consider the amount of time taken 

for the algorithm to complete its task and the amount of space or memory required 

for the task. Big-Oh notation gives a guideline of how the algorithm should perform. 

There are three main types of analysis used in the evaluation of algorithms. They are 



3 

the best case, worst case and average case analysis of the algorithm. 

The best case is the optimal performance of an algorithm for a given data set. 

The best case is rarely used and does not show how the algorithm would perform on 

other input. We would expect the average case analysis of an algorithm to show the 

average performance of an algorithm over a range of input. A worst-case analysis of 

the algorithm gives the upper bound of the number of steps taken by the algorithm. 

For example consider the sorting algorithms Quicksort and Mergesort, the worst- 

case analysis shows that the Mergesort algorithm is better than the Quicksort algo- 

rithm. When they are evaluated practically the Quicksort algorithm is faster than 

the Mergesort algorithm. The time taken for the algorithms to sort randomly or- 

dered lists of different sizes are taken from [120] and from these results we would 

chose the Quicksort algorithm as it is up to eight times faster than the Mergesort 

algorithm. For sorted lists the Quicksort algorithm suffers a drop in performance. 

This is due to the worst-case for the Quicksort algorithm being used. For the sorted 

lists the Mergesort algorithm is up to five times faster than the Quicksort algorithm. 

If we were to choose an algorithm to sort a list we would want to use the Quicksort 

algorithm for unordered lists, and the Mergesort algorithm for ordered lists. This 

example clearly shows that an evaluation of algorithms in both theory and practice is 

required before choosing an algorithm for a specific task. These results are described 

in Chapter 2. 
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The worst-case for an algorithm may never occur or occur rarely for an algorithm 

in practice. By implementing the algorithms and evaluating them it is possible to 

see what features affect the time taken by the algorithm. It is then possible to fine 

tune the algorithms to produce faster algorithms using the knowledge gained from a 

practical evaluation. 

String matching is the searching for a pattern P of length m in a Text T of length 

n. The pattern is aligned with the beginning of the text and the pattern characters are 

compared with the corresponding text characters. This is called an attempt. After a 

mismatch or match the pattern is shifted to the right and comparisons are again made 

between the pattern and text characters. A number of string matching algorithms 

have been developed [36,84,47]. The main difference among the algorithms is in the 

order the comparisons are made and how far the pattern is shifted to right after a 

mismatch or match. When searching for a pattern in a text we have to search through 

all of the text. Full descriptions of one-dimensional string matching algorithms used 

in this thesis are given in Chapter 3. 

The string matching algorithms are practically evaluated in Chapter 4 using two 

different methods. We count the number of comparisons taken by each algorithm 

record the real time taken by the algorithms on the chosen data sets. The texts are 

written in English and the patterns are English words. From these tests we choose 

the best two algorithms. Using the features of these algorithms we designed a new 
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algorithm, the BR algorithm. 

The average case analysis of the BR algorithm is given and is proven to be linear. 

The new algorithm is then compared to the nine fastest existing algorithms and the 

KMP algorithm by experimentation. Both the number of comparisons taken and the 

time taken by the BR algorithm are compared with the existing algorithms. 

String matching can be two-dimensional as well as one-dimensional. 

Two-dimensional string matching usually involves searching for a pattern matrix P of 

dimensions ml x m2 in a text matrix T of dimensions nl x n2. In Chapter 5 we discuss 

two-dimensional string matching algorithms and describe a new algorithm for the 

task. We prove that the new algorithm has a linear average case time complexity. The 

algorithms are both theoretically and practically evaluated. The practical evaluation 

again records the number of comparisons taken and the time taken for the algorithms 

to perform specific searches on chosen data sets. We include results for alphabets 

and pattern of different sizes. The new algorithm is the fastest algorithm when the 

alphabet set is large (> 64). 

We can decrease the length of the text by compressing it. Text compression is 

the re-representation of the characters in a text so that they take less space. There 

are many different text compressions algorithms available and we describe the most 

widely used algorithms in Chapter 6. They are Huffman encoding [73], Lempel-Ziv 77 

[140], Lempel-Ziv 78 [141] and Lempel-Ziv-Welch [134]. The time taken to compress 
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the text can be a factor when choosing a text compression algorithm but generally 

the algorithm that offers the greatest amount of compression is used. Searching in 

the compressed file is called Compressed string matching. By performing compressed 

string matching we would expect to decrease the amount time taken to search for a 

pattern in a file. 

We consider searching in the 'compressed' DNA text in Chapter 7. The DNA 

alphabet consists of four characters A, C, G and T. A common search using string 

matching in DNA texts is for boundary or cutting locations. These boundaries or 

cutting locations are strings of DNA characters and strings may contain wildcard 

characters, which can represent two or more of the DNA characters. Most DNA texts 

use eight bits to store each of the DNA characters. As there are only four characters 

we can represent each of the characters using only two bits. This efficient storage 

method would guarantee to reduce the size of the original DNA text by 75%. 

We compare our new efficient storage method with existing compression algo- 

rithms and find that our method is competitive with the existing methods. We 

describe a new algorithm for searching in the efficiently stored DNA text. We prove 

that the average case time complexity of our new algorithm is linear. The new algo- 

rithm is compared practically with the existing string matching algorithms and the 

results show that our new algorithm is roughly more than three times faster than the 

existing string matching algorithms. This is mainly due to the use of the efficient 
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storage method. 

The new algorithm can search for patterns with or without wildcards. The existing 

algorithms have to be modified to handle wildcards. The modified algorithms are 

compared to the new algorithm and new algorithm is still roughly three times faster 

than the existing algorithms. 

We expand our idea of efficiently storing DNA texts to include storing texts with 

an alphabet of any size in Chapter 8. We give a method for efficiently storing texts 

with an alphabet of < 128 characters. This new method will reduce the text to 

[1092 
8a of its original size, where o is the size of the alphabet set. We describe a 

new string matching algorithm that will search for patterns in the efficiently stored 

text. We prove that the new algorithm has a linear average case time complexity. 

We compare our new string matching algorithm with the existing string matching 

algorithms and find that as the alphabet increases the performance of the new string 

matching algorithm degrades. This is due to the amount of space that is saved by 

using the efficient storage method being reduced as the size of the alphabet increases. 

The algorithms described in Chapters 3 and 4 require pre-processing of the pattern 

that they are searching. More over, these algorithms require the reading of the text 

into an array before searching for the pattern. In Chapter 9 we describe a new string 

matching algorithm which requires the pre-processing of the text. This means that 

we record the positions of characters or strings of characters in the text. Using this 
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method we are able to reduce the number of attempts required to search a text. This 

results in fewer comparisons and faster searches. Although this algorithm spends 

time on pre-processing the text, the running time of this algorithm is comparable to 

the other existing algorithms as they require the reading of the text into a text array 

before searching for the pattern. We prove the new algorithm has a linear average 

case time complexity. The new algorithm is compared to the existing string matching 

algorithms by recording the time taken to search for patterns in texts using the same 

data sets as in Chapter 4. 

In Chapter 10 we develop a hardware solution for searching the efficiently stored 

DNA text. We outline the new algorithm, the BK algorithm, we show how we can 

build a new hardware solution for this algorithm. We give a modification to the basic 

BK algorithm, which will search a stream of DNA text for multiple sub-strings in 

a single pass of the text. Attention is paid to the inadequacies of modern micro- 

processors and the advantages which so-called 'hardware compilation techniques' can 

offer as a means of accelerating the execution of algorithms. We compare our BK 

algorithm with five of the fastest existing algorithms by experimentation. 

1.1 Novel aspects of the thesis 

We have devised a number of new algorithms for solving different string matching 

problems. The new algorithms have been compared with the existing algorithms to 
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show that the new algorithms are competitive with the existing algorithms. 

" The BR algorithm, a one dimensional string matching algorithm described in 

Chapter 4, is the first algorithm to consider using the next two characters outside 

of the pattern and the text alignment window to calculate how far to shift the 

pattern to the right after a match or mismatch. This algorithm is also described 

in [31]. 

" We have developed a two-dimensional algorithm (2D-BR), described in Chap- 

ter 5, that uses the structure of the pattern to reduce the number of comparisons 

required to search for the pattern. We found that the algorithm is best when 

the size of the alphabet set being used is large. 

9 The DS algorithm is a one dimensional string matching algorithm that searches 

in an efficiently stored DNA text and is described in Chapter 7. The efficient 

storage method is not novel and has been documented by [91]. Using the efficient 

storage method a DNA text can be stored in 25% of the space required for the 

original text. The DS algorithm searches in the efficiently stored text and can 

search for patterns with and without wildcard characters. The DS algorithm 

was found to be the fastest algorithm for the task of searching for DNA patterns. 

The algorithm is also described in [321. 

9 We have extended our work from Chapter 7 to form a new algorithm that 
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searches in an efficiently stored text for any alphabet set of size < 128. This 

new method will reduce the text to 
P092 

8a of its original size, where o, is the size 

of the alphabet set. The new algorithm will search for patterns in the efficiently 

stored text. The algorithm is also described in [34]. 

" In Chapter 9 we describe a new algorithm that searches for a pattern by pre- 

processing the text. This new algorithm reduces the number of comparisons 

required to search for the pattern. The string matching via pre-processing 

algorithm is many times faster than the existing algorithms when searching for 

a large number of patterns in the same text. 

" In Chapter 10 we describe a hardware solution to searching in the efficiently 

stored DNA text. Although the algorithm has not been fully implemented in 

hardware we expect the algorithm to be faster than the DS algorithm. The 

hardware solution is also described in [33]. 



Chapter 2 

Analysis of Algorithms 

2.1 Introduction 

Algorithms can be evaluated in a number of different ways. We need to be able 

to demonstrate that one algorithm is superior to another algorithm. For a given 

application we have to be able to decide which algorithm is the superior without 

relying on formal arguments, without being misled by special cases and without being 

influenced by the efficiency of the programming language used or the hardware used 

to run the algorithm. 

To solve this problem we use a theoretical evaluation of the algorithms, which is 

independent of the environment used to implement the algorithm. To evaluate each 

algorithm we use an asymptotic analysis of the algorithm. 

11 
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2.2 Asymptotic Analysis of algorithms 

The most obvious way to evaluate the efficiency of an algorithm would be to measure 

the amount of processor time and memory space required to run the algorithm to ob- 

tain a correct solution using a specific data set. This process is called benchmarking. 

However this only gives a measure of efficiency for one data set. If we changed the 

data set then the algorithm may no longer be superior to the other available algo- 

rithms. For example, searching a telephone directory for a name in sequential order 

from A to Z may be acceptable if the directory only contains 40 entries but if we 

increase the number of entries to 400,000 then this algorithm would be unaccept- 

able. Benchmarking is a good way of seeing if a finished program runs to the timing 

specifications desired for this algorithm. We need an appropriate method to evaluate 

algorithms before we start coding them. 

A single number cannot describe the amount of work done because the number 

of steps performed is not the same for all inputs. We observe first that the amount 

of work done usually depends on the size of the input. For example, computing the 

sum of ten numbers usually requires less operations than computing the sum of 100 

numbers. Suppose we have an array A of n integers, then the following algorithm 

computes the sum of the n integers. 
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for j=1 to n do 

sum=sum+Ab] 

Figure 2.1: Algorithm to sum n numbers 

It is convenient to use T(n) to represent the time complexity of an algorithm on 

any input size n. For example, T(n) = cn for Figure 2.1, where c is a constant. 

The first observation indicates that we need a measure of the size of the input for a 

problem. It is usually easy to choose a reasonable measure of size. In Table 2.1 we 

give some examples: 

Problem Size of input 

Find x in a list of names The number of names in the list 

Sort a list of numbers The number of entries in the list 

Multiply two matrices The dimensions of the matrices 

Table 2.1: The size of input for a number of problems 

Even if the input is fixed at, say n, the number of operations performed may 

depend on the particular input. Most often we describe the behaviour of an algorithm 

by stating its worst-case time complexity, which is the maximum number of basic 

operations performed by the algorithm on any input of size n. 

If we have an array L of n distinct entries and wish to find the location of x in 

L. The following algorithm described in Figure 2.2 compares x to each entry in turn 
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until a match is found or the list is exhausted. If x is in the list, the algorithm returns 

the index of the array entry containing x, and index equal to 0 otherwise. 

index=l 

while (index < ra) and (L[index] x) do 

begin 

index = index +1 

end 
if index >n then index =0 

print (index) 

Figure 2.2: Algorithm to find an entry in a list 

Clearly the worst-case time complexity T(n) is equal to cn, where c is a constant. 

The worst cases occur when x appears only in the last position in the list or when x 

is not in the list at all. In both cases x is compared to all n entries. 

2.3 Big-Oh notation 

Suppose one algorithm for a problem does 2n basic operations, hence roughly 2cln 

operations in total, for some constant cl and another algorithm does 3n basic oper- 

ations, or 3c2n in total. We don't know which algorithm will run faster. The first 

algorithm may do many more overhead operations, i. e. its constant of proportionality 

may be a lot higher. Thus if functions describing the behaviour of two algorithms 

differ by a constant factor, it may be pointless to try to distinguish between them. 

We consider such algorithms to be in the same complexity class. 
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Suppose one algorithm for a problem does 
2 n2 basic operations and another algo- 

rithm does 5n. For small values of n< 10 the first does fewer basic operations but for 

large values of n> 10 the second is better. In fact whatever had been the coefficients 

of n2 and of n in these expressions, the second would be faster than the first for all 

n greater than some value, no say. The rate of growth of a quadratic function is so 

much greater than a linear function that the coefficients don't matter when n is large. 

For these reasons we usually express the time complexity of an algorithm using 

Big-Oh notation, which is designed to let us hide constant factors. For example, 

instead of saying the time complexity T(n) of the algorithm described in Figure 2.1 

is cn we would say T(n) = 0(n), which is read "big-oh of n" which informally means 

"some constant times n". 

Now let f (n) be some function defined on the non negative integers n. We say 

that T(n) is O(f (n)) if there exists an integer no and a constant c>0 such that 

for all integers n> no we have T(n) 5 cf (n). For example if we have an algorithm 

whose time complexity T(n) = 6n + 3. We can say that T(n) = O(n) because: 

T (n) = 6n +3 

T (n) < 6n + 3n 

T (n) < 9n 

We can let c=9 and no =1 in the definition above. 

Suppose T(n) is a polynomial of the form akn' + ak-ink-1 +"""+ a2n2 + aln, 
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where leading coefficient ak is positive. Then we can remove all the terms but the 

first and the constant ak replacing it by 1. That is we can conclude T(n) = O(nk). 

Table 2.2 shows some of the more common time complexities for algorithms and 

their informal names. 

Big-Oh Informal Name 

0(1) constant 

O(log n) logarithmic 

O(n) linear 

O(n log n) n log n 

0(n2) quadratic 

O(n3) cubic 

0(2") exponential 

Table 2.2: Common time complexities for algorithms and their informal names 

2.4 Theoretical Versus Practical evaluation of algorithms 

In 1984, Narendra Karmarkar [79] took the key step (not common among theoreti- 

cians) of implementing his new linear programming algorithm. In doing so, he discov- 

ered that it typically ran much more quickly than its worst-case guarantee indicated. 

His initial claims proved controversial, as other researchers could not at first duplicate 
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his results. The reason for this was that Karmarkar, coming from a computer science 

background, had implemented the algorithm using modern data structure techniques, 

something that was not yet common in the mathematical programming community. 

The ferment caused by Karmarkar's results and claims has been immensely beneficial 

for the field of mathematical programming. The packages have improved dramatically 

by adapting modern data structures and programming techniques. 

Many algorithms have been proven to be efficient according to their worst-case or 

average case evaluations. The worst-case and average case results rarely tell us how 

an algorithm will work in practice. A practical evaluation of an algorithm requires 

information about the application area of the algorithm. Using a practical evaluation 

we can focus on the typical problems that will be solved by the algorithm. 

The worst-case complexity describes an upper bound on the worst-case time we 

would see when running an algorithm. The average case complexity presents an upper 

bound on the average time taken when running the algorithm many times on various 

inputs. If the algorithm is to be run a hundred or a thousand times it is pessimistic 

that the worst-case time will occur each time. In this situation the cumulative time 

of thousands of different runs should show some averaging out of the worst case 

behaviour. An average case analysis may give a more realistic picture of the time 

taken by the algorithm. A practical analysis is still required to guarantee the speed 

of an algorithm. 
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A practical evaluation may involve no more than running a few tests to see what 

happens. After a while one develops an informed opinion about what is likely to 

affect performance. If we know what factors speed-up or slow-down an algorithm, 

we can try to apply the speed-ups to other algorithms and remove the slow-downs to 

improve the algorithm. 

Two algorithms may have the same worst-case time complexity or one may have 

a better worst case time complexity than another. This does not mean that the algo- 

rithm with the lower order worst-case time complexity will be the fastest algorithm 

for all sizes of input. For example, in parallel computing the fastest algorithm known 

for permutation routing on the hypercube is by Cypher and Plaxton [42] and runs in 

O(log n(log log n)2) time with a substantial amount of offline computation. Although 

asymptotically this is an improvement over the O(log2 n) algorithm, because of the 

large constants hidden by the Big-Oh notation Cypher and Plaxton's algorithm only 

becomes competitive for hypercubes of dimension greater than 20. 

Algorithms may have similar time complexities. For example, Mergesort and 

Quicksort have a worst-case time complexities of O(n log n) and 0(n2) respectively 

and both algorithms have an average case time complexity of O(n log n). To determine 

which algorithm is the best for the task of sorting a list of n numbers we must code 

both algorithms and time them to see which actually does run faster. (The values in 

Tables 2.3 and 2.4 were taken from [120]). In Table 2.3, we show the time taken in 
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seconds to sort a randomised list of numbers with n= 500,2500 and 10000. 

List size 500 2,500 10,000 

Mergesort 0.8 8.1 39.8 

Quicksort 0.3 1.3 5.3 

Table 2.3: Time in seconds to sort a randomised list 

From Table 2.3 we would choose the Quicksort algorithm to sort lists. However, 

the Quicksort algorithm suffers a rapid degrade in performance if the list is ordered 

as can be seen in Table 2.4. 

List size Random In Order Reverse Order 

Mergesort 8.1 7.8 7.9 

Quicksort 1.3 35.1 37.1 

Table 2.4: Time in seconds for sorting ordered lists for n= 2500 

When the list is ordered the Quicksort algorithm performs in its worst-case of 

O(n2). If we were to sort a number of lists we would choose to use the Quicksort 

algorithm as long as the lists were in a random order. If the lists were partially 

sorted or fully sorted we would want to use the Mergesort algorithm. We wouldn't 

expect the worst-case of the list being sorted already to occur very often in real 

world applications of sorting algorithms. We wouldn't know which algorithm was 

best for sorting until we implement them and test them over a number of lists. The 

average-case and worst-case analysis of an algorithm are only indicative of how fast 
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the algorithm should be and do not guarantee any speed over other algorithms in 

practice. This example clearly shows that an evaluation of algorithms both in theory 

and practice is required before selecting an algorithm for a specific task. 

In Chapters 4,5,7,8,9 and 10 we present and discuss a new algorithm and 

analyse the speed of the new algorithm. We perform a theoretical analysis of the new 

algorithm and calculate the worst-case and average case analyses of the algorithms. 

The worst-case analysis gives the upper bound number of steps taken by the algo- 

rithm. The average case analysis presents an upper bound on the average time we 

would expect when running the algorithm many times on various inputs. This shows 

that theoretically the new algorithms are competitive with the existing algorithms. 

To show the actual performance of the algorithms we implement them and compare 

them with the existing algorithms. The time taken by the new algorithms is shown 

to be competitive with the existing algorithms. 



Chapter 3 

String matching algorithms 

3.1 Introduction 

A number of different tasks are performed on strings [47,63,127]. String matching 

is finding an occurrence of a pattern string in a larger string of text. String matching 

can be one dimensional, for example the comparison of a word with a text or can be 

two dimensional, the comparison of one matrix with another matrix. In this chapter 

we will consider one dimensional string matching and its applications. 

The string matching problem has attracted a lot of interest throughout the history 

of computer science, and is crucial to the computing industry. This problem arises in 

many computer packages in the form of spell checkers, search engines on the Internet, 

find utilities on various machines, matching of DNA strands and so on. 

String matching algorithms [47,127] work as follows. First the pattern of length 

in, P[l.. m], is aligned with the extreme left of the text of length n, T [l.. n]. Then the 

pattern characters are compared with the text characters. The algorithms can vary in 

21 
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the order in which the comparisons are made. After a mismatch is found the pattern 

is shifted to the right and the distance the pattern can be shifted is determined by 

the algorithm that is being used. This shifting procedure and the speed at which a 

mismatch is found are the main difference between the string matching algorithms. 

In the Naive or Brute Force (BF) algorithm, the pattern is aligned with the 

extreme left of the text characters and corresponding pairs of characters are compared 

from left to right. This process continues until either the pattern is exhausted or a 

mismatch is found. Then the pattern is shifted one place to the right and the pattern 

characters are again compared with the corresponding text characters from left to 

right until either the text is exhausted or a full match is obtained. This algorithm can 

be very slow. Consider the worst case when both pattern and text are all a's followed 

by a b. The total number of comparisons in the worst case is O(nm). However, this 

worst case example is not one that occurs often in natural language text. 

3.1.1 Knuth, Morris and Pratt algorithm and its derivatives 

The number of comparisons performed by the BF algorithm can be reduced by moving 

the pattern to the right by more than one position when a mismatch is found. This is 

the idea behind the Knuth-Morris-Pratt (KMP) algorithm [84]. The KMP algorithm 

starts and compares the characters from left to right the same as the BF algorithm. 

When a mismatch occurs the KMP algorithm moves the pattern to the right by 
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maintaining the longest border of a prefix (the beginning) of the pattern with a suffix 

(the end) of the part of the text that has matched the pattern so far (See Figure 3.1). 

A border is a repeated substring in the pattern with the repeated substring starting 

with the first character of the pattern. The border of 'babdcbabcadb' is 'bab'. If a 

border does exist then we shift the pattern so as to preserve any characters that 

have already matched. So for the example 'babdcbabcadb' u= 'babdcbab', v= 'bab' in 

Figure 3.1. 

T 

P 

P 

i+j 

Figure 3.1: Shift in the Knuth-Morris-Pratt algorithm (v border of u and d 54 c) 

As can be seen v is not compared again and the comparisons start at the character 

after the string v. In general the shift is calculated so that each character in the text 

is compared at most twice. Then the comparisons begin again at the character that 

mismatched in the text and the corresponding pattern character. If a border does not 

exist then the comparisons continue from the first character in the pattern. There 

are not many English words, on average, with a border bigger than 1. The KMP 

algorithm takes at most 2n character comparisons. Although when using English 

text it behaves very closely to the BF algorithm. The KMP algorithm does O(m + n) 

operations in the worst case. The reason for this is that if we consider the worst 
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case again of a text of all a's and a pattern of all a's followed by a b. Then we have 

an overlap of m-1 (the length of the longest repeated substring). So the pattern 

is shifted by one position after a mismatch and begins the comparisons at the last 

character in the pattern as it already knows the previous m -1 characters will match. 

So the algorithm will take n+m operations. A coding of the KMP algorithm in the 

programming language JAVA is shown in [110]. 

The Colussi (COL) algorithm [44,45] is an improvement of the KMP algorithm. 

The number of character comparisons is 1.5n in the worst case. The set of pattern 

positions is divided into two disjoint subsets. First the comparisons are performed 

from left to right for the characters at positions in the first set. If there is no mismatch, 

the characters at positions in the second set are compared from right to left. This 

strategy reduces the number of comparisons. 

Galil and Giancarlo (GG) [60] improved the COL algorithm by reducing the num- 

her of character comparisons in the worst case to 3n. In these algorithms the prepro- 

cessing takes O(m) time. 

3.1.2 Boyer-Moore algorithm and its derivatives 

The Boyer-Moore (BM) algorithm [36] differs in one main feature from the algorithms 

already discussed. Instead of the characters being compared from left to right, in 

the BM algorithm the characters are compared from right to left, starting with the 
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rightmost character of the pattern. In a case of mismatch it uses two functions, good 

suffix function (see Figures 3.2 and 3.3) and last occurrence function (see Figures 

3.4 and 3.5) and shifts the pattern by the maximum number of positions computed 

by these functions. The good suffix function returns the number of positions for 

moving the pattern to the right by the least amount, so as to align the already 

matched characters with any other substring in the pattern that are identical. The 

last occurrence function moves the pattern to the last occurrence of the text character 

in the pattern (from the left) that mismatches at the current pattern position. If the 

character is not in the pattern then the pattern is shifted by m places to the right. 

It is the last occurrence shift that gives the BM its speed and is used in many of its 

derivatives. The worst case running time of the BM algorithm is 0(nm). This is 

because as in the BF algorithm characters can be compared m times to give a worst 

case run time of O(nm). 

In Figure 3.2 a portion of the text and pattern has matched up to the character 

'a' in the text and 'b' in the pattern. The already matched portion of the text occurs 

again in the pattern at a position to the right of the current match. This other 

occurrence of u in the pattern is aligned with the characters in the text that matched 

u. This is not done if the character in the pattern that precedes the second occurrence 

of u is the same as the first occurrence. Comparisons resume at the rightmost position 

and continue from right to left. 
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T a u 
x shift 

p b u 

m 

p 

Figure 3.2: Boyer-Moore good-suffix shift, u reappears preceded by a character different 
from 'b' 

In Figure 3.3 the portion of the pattern that matched the text u has a portion v 

that is a prefix (leftmost portion) of u. The pattern is shifted so that v is aligned 

with the text characters that matched with it. Comparisons resume at the rightmost 

position and continue from right to left. 

T 

P 

P 

Figure 3.3: Boyer-Moore good-suffix shift, only a prefix of u reappears in P 

In Figure 3.4 the pattern is shifted so that the character in the text that mis- 

matched is aligned with the rightmost occurrence of that character in the pattern. 
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T ta 
shift 

pb 

Pa contains no a 

Figure 3.4: Boyer-Moore bad-character shift, a appears in P 

In Figure 3.5 the pattern is shifted past the character that mismatch as it does 

not occur in the pattern. 

T la U, 

shift 
Pbu 

p contains no a 

Figure 3.5: Boyer-Moore bad-character shift, a does not appear in P 

The Turbo Boyer-Moore (TBM) algorithm [48] and the Apostolico-Giancarlo (AG) 

algorithm [8] are amelioration's of the BM algorithm. When a partial match is made 

between the pattern and the text these algorithms remember the characters that 

matched and do not compare them again with the text. The TBM algorithm and the 

Apostolico-Giancarlo algorithm perform in the worst case at most 2n and 1.5n [52] 

character comparisons respectively. 

The Horspool (HOR) algorithm [70] is a simplification of the BM algorithm. It 

does not use the good suffix function, but uses a modified version of the last occurrence 

function. The modified last occurrence function determines the right most occurrence 

of the k+ mth text character, T [k + m] in the pattern, if a mismatch occurs when a 

pattern is aligned with T[k.. k + m]. The comparison order is not described in [70]. 
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We assumed that the order is from right to left as in the BM algorithm. The average 

case running time of the HOR algorithm is proven to be linear in [23]. The HOR 

heuristic is analysed in [92]. 

The Raita (RAI) algorithm [109] uses variables to represent the first, middle and 

last characters of the pattern. The process used is to compare the rightmost character 

of the pattern, then the leftmost character, then the middle character and then the 

rest of the characters from the second to the m- lth position. Using variables is more 

efficient than looking up the characters in the pattern array. The use of variables to 

represent characters in the array is known as 'Raita's trick'. This optimisation trick 

is only used in the RAI algorithm. If at any time during the procedure a mismatch 

occurs then it performs the shift as in the HOR algorithm. 

The Quicksearch (QS) algorithm [129,74] is similar to the HOR algorithm and 

the RAI algorithm. It does not use the good suffix function to compute the shifts. 

It uses a modified version of the last occurrence function. Assume that a pattern is 

aligned with the text characters T[k.. k + m]. After a mismatch the length of the shift 

is at least one. So, the character at the next position in the text after the alignment 

(T[k+m+1]) is necessarily involved in the next attempt. The last occurrence function 

determines the right most occurrence of T[k +m+ 1] in the pattern. If T[k +m+ 1] 

is not in the pattern the pattern can be shifted by m+1 positions. The comparisons 

between text and pattern characters during each attempt can be done in any order. 
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The Maximal Shift (MS) algorithm [129] is another variant of the QS algorithm. 

The algorithm is designed in such a way that the pattern characters are compared in 

the order which will give the maximum shift if a mismatch occurs. 

The Liu, Du and Ishi (LDI) algorithm [90] is a variant of the QS algorithm. The 

algorithm uses the same shifting function as the QS but changes the order in which 

the pattern characters are compared to the text. The characters are compared in 

a circular method starting at the first character in the pattern and finishing at the 

last. If a mismatch occurs then the pattern is shifted and searching restarts with the 

pattern character that mismatched. For example, if the pattern was 'string' and the 

pattern mismatched the text at the 'r' then we would search in the order 'ringst'. 

The Smith (SMI) algorithm [125] uses HOR and Quick Search last occurrence 

functions. When a mismatch occurs, it takes the maximum values between these 

functions. The characters are compared from left to right. 

The Zhu and Takaoka (ZT) algorithm [138] is another variant of the BM algorithm. 

The comparisons are done in the same way as BM (i. e. from right to left) and it uses 

the good suffix function. If a mismatch occurs at T[i], the last occurrence function 

determines the right most occurrence of T[i - 1.. i] in the pattern. If the substring 

is in the pattern, the pattern and text are aligned at these two characters for the 

next attempt. If the two character substring is not in the pattern then we shift by m 

positions. The shift table is a two dimensional array of size alphabet size by alphabet 
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size. 

The Baeza-Yates (BY) algorithm [12] is similar to the ZT algorithm. It calculates 

the shift according to the last k characters of the pattern aligned with the text. 

When k=2 the shifts are the same as ZT but without the good suffix function. The 

main differences are constructing and storing the shift table. The shift table is a one 

dimensional array of length Q2, where a is the size of the alphabet. The table is 

constructed by bit shifting the two characters to form a 16 bit number and storing 

the value of the shift at this location in the array. 

The HOR algorithm can be improved by using a transformation that increases 

the size of the alphabet being used [22]. As the size of the alphabet is increased the 

probability of a larger shift increases. The transformation concatenates a substring to 

form a new character. For example, the ith character is composed by the concatenation 

of the ith, .. i+k+ 111 characters of the original string for any k>1. This reduces 

the length of the string to m- (k + 1) and the size of the alphabet is increased to ck 

where c is the size of the original alphabet. 

3.1.3 Other one dimensional string matching algorithms 

The Karp-Rabin algorithm [80] uses a hashing function instead of comparing each 

character individually. The algorithm checks to see if a portion of the text aligned with 

the pattern is similar to the pattern. The pattern is hashed and then compared with 
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hashed portions until either a match is found or until the end of the text is reached. 

Upon a match of the hashed text portion and the hashed pattern the characters that 

are aligned are compared character by character to see if a true match is present 

at this position. The algorithm has a worst case time complexity of O(nm) and an 

expected running time of O(n + m) 

The Not So Naive algorithm (NSN) is based on the BF algorithm. The NSN is 

the BF with a constant time and space pre-processing phase added. The pattern 

is aligned with the text[i, i+ m]. The pattern can be shifted by two positions to 

the right if one of two conditions are true: pattern[O] # pattern[1] and pattern[1] = 

text[i + 1] or pattern[O] = pattern[1] and pattern[1] 54 text[i + 1]. The order in which 

the comparisons are performed is modified. The characters are compared in order 

from pattern[1] to pattern[m - 1] and then pattern[O] is compared to text[i]. The 

NSN algorithm has a worst case time complexity of 0(nm). 

Searching can be done in O(n) time using a minimal Deterministic Finite Au- 

tomaton (DFA) [20,68,46,97]. This algorithm uses O(Qm) space and O(m + o) 

pre-processing time. Where a is the size of the alphabet being used. 

The Simon algorithm [122,123] gives a more economical implementation of a 

DFA. Simon noticed that there are only a few significant edges in the a DFA. There 

are at most 2m significant edges in a DFA. Removing the least significant edges we 

can improve the preprocessing time to O(m). Upon a search at most 2n -1 text 
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comparisons are performed during a search for a pattern. A Boyer-Moore automaton 

is constructed and analysed in [19]. 

A pre-processing function is needed for all the algorithms to calculate the relevant 

shifts upon a mismatch or match except for the BF algorithm, which has no pre- 

processing. The pre-processing cost of the algorithms is an important factor in the 

speed of the algorithm with regard to the number of operations required and the 

amount of memory required. This will be most noticeable when we are searching in 

smaller texts. 

Animations of string matching algorithms can be found at [39] and more informa- 

tion about the above string matching algorithms can be found in [38,40]. 

3.1.4 Approximate string matching algorithms 

Approximate string matching allows the erroneous matching of a user defined number 

of erroneous matches, k, between the pattern and text. An error or difference can be 

one of the following three types: 

Substitution: A character of the pattern corresponds to a different character of the 

text 

Deletion: A character of the pattern corresponds to no character in the text. 

Insertion: A character of the text corresponds to no character in the pattern. 

A number of solutions exist to solve this problem [3,9,15,16,17,55,135]. Approxi- 
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mate string matching is used for many applications including aiding in the security of 

passwords [94], spell checkers and bibliographic search. Approximate string matching 

has recently been applied to approximate searching on hypertext [104] and compressed 

texts [99]. 



Chapter 4 

A new string matching algorithm 

4.1 Introduction 

The algorithms described in chapter 3 are implemented and the results are given in 

this chapter. From the findings of the experimental results we identify the best two 

algorithms. We combine these two algorithms and introduce a new algorithm. We 

compare the new algorithm with the existing algorithms by experimentation. 

4.2 Experimental results of the existing algorithms 

Monitoring the number of comparisons performed by each algorithm was chosen as 

a way to compare the algorithms. All the algorithms were coded in C, which are 

taken from [38], animations of the algorithms can be found in [39]. This collection 

of string matching algorithms were easy to implement as functions into our main 

control program. The algorithms were coded as their authors had devised them in 

their papers. The main control program was the same for each algorithm and so did 
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not affect the performance of the algorithms. Each algorithm had an integer counter 

inserted into it, to count the number of comparisons made between the pattern and 

the text. The counter was incremented by one each time a comparison was made. 

A random text of 200,000 words from the UNIX English dictionary was used 

for the first set of experiments. We decided to number each of the words in UNIX 

dictionary from 1 to 25,000. Then we used a pseudo random number generator to pick 

words from the UNIX dictionary and place them in the random text. Each word was 

separated by a space character. Punctuation was also removed as we were concerned 

with finding words and the punctuation would not affect the results obtained. We 

selected a word (pattern) from the UNIX dictionary and searched the text for the 

first occurrence of the word. 

The text was searched for each word in the UNIX dictionary and the results are 

given in Table 4.1. The first column in Table 4.1 is the length of the pattern. The 

second column is the number of words of that length in the UNIX English dictionary. 

The abbreviations at the top of the remaining columns related to abbreviations de- 

fined in Chapter 3. For example, for a pattern length of 7,4042 test cases were carried 

out and the average number of character comparisons made by the KMP algorithm 

was 197,000 (to the nearest 1000). The average was calculated by taking the total 

number of comparisons performed to find all 4042 cases and dividing this number 

by 4042. The figure given in the table is the total number of comparisons taken di- 
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vided by the number of words for the pattern length and then divided by 1000. These 

columns are arranged in descending order of the average of the total number of com- 

parisons of the algorithms. An interesting observation is that for (almost) each row 

the values are in descending order except for the last two columns. 

Ion um. F MP FA Y M G OR RAI BM S Dl S T MI 

133 

Bb 38 8 7 19 13 13 13 13 13 11 10 10 13 10 

178 2 2 0 8 3 3 3 3 2 19 19 19 2 8 

146 151 150 145 9 34 4 4 4 4 30 0 0 2 8 

852 186 185 79 38 36 6 8 36 8 3 3 2 3 0 

042 198 197 191 34 34 4 4 4 4 32 1 1 0 8 

807 05 04 197 30 32 2 1 2 1 0 9 9 7 6 

088 12 11 04 8 0 0 0 0 0 9 8 8 5 4 

10 1971 20 19 12 6 9 9 9 9 9 18 7 7 4 3 

11 1120 09 07 01 2 8 8 8 6 5 5 4 4 1 1 

12 93 18 17 10 1 b 5 b 5 5 4 4 4 1 0 

13 79 24 22 15 0 4 4 4 4 4 3 4 3 19 19 

14 116 28 27 20 19 3 3 3 3 3 3 3 3 19 19 

15 4 151 150 144 11 15 15 15 15 14 14 14 14 11 12 

16 17 27 25 17 16 0 1 1 1 0 0 1 0 18 16 

17 33 31 22 16 0 0 0 0 19 19 0 0 15 16 

18 36 34 25 15 19 0 0 0 19 19 0 0 14 16 

19 

0 1 132 131 122 10 10 10 10 10 10 10 10 7 8 

1 11 09 95 16 4 4 5 5 3 3 4 4 15 18 

2 91 86 55 3 3 3 3 3 3 1 34 
g 

" 
4 

ota l 4988 180 179 174 1 0 0 8 8 8 7 5 

Table 4.1: The number of comparisons in 1000's for searching a text of 200,000 words 
(1670005 characters). 

The algorithm with the largest number of comparisons is the BF algorithm. This 

is because the algorithm shifts the pattern by one place to the right when a mismatch 
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occurs, no matter how much of a partial or full match has been made. This algorithm 

has a quadratic worst case time complexity. However, the KMP algorithm, which has 

a linear worst case time complexity, does roughly the same number of comparisons 

as the BF algorithm. The reason for this is that in a natural language a multiple 

occurrence of a substring in a word is not common. Other linear time algorithms, 

DFA, also have roughly the same number of comparisons as the BF algorithm. We 

will see below that the other quadratic worst case time complexity algorithms perform 

much better than these linear worst case time algorithms. This is a good example 

showing that asymptotic worst case running time analysis can be indicative of how 

algorithms are likely to perform in practice, but they are not sufficiently accurate to 

predict actual performance. 

The BM algorithm uses the good suffix function to calculate the shift which de- 

pends on a reoccurrence of a substring in a word. But, it also uses the last occurrence 

function. It is this last occurrence function that reduces the number of comparisons 

significantly. In practice, on an English text, the BM algorithm is three or more times 

faster than the KMP algorithm [124]. From Table 4.1, one can see that the KMP 

algorithm takes six times as many comparisons than the BM algorithm on average. 

The other algorithms, BY, TBM, AG, HOR, RAI, LDI, QS, MS, SMI and ZT, are 

variants of the BM algorithm. The number of comparisons for these algorithms is 

roughly the same number as in the BM algorithm. 
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The SMI algorithm and the ZT algorithm do the least number of comparisons for 

pattern lengths less than or equal to twelve and greater than twelve respectively. 

4.3 The new algorithm (BR) 

From the findings of the experimental results discussed in section 3, it is clear that 

the SMI and ZT algorithms have the lowest number of comparisons among the others. 

We combined the calculations of a valid shift in QS and ZT algorithms to produce 

a more efficient algorithm, the BR algorithm [31]. If a mismatch occurs when the 

pattern P[1 .. m] is aligned with the text T[k.. k +m- 1], the shift is calculated by 

the rightmost occurrence of the substring T [k +m+L. k+m+ 2] in the pattern. If 

the substring is in the pattern then the pattern and text are aligned at this substring 

for the next attempt. This can be done shifting the pattern as shown in the table 

below. 

T[k+m+1] T[k+m+2] Shift 

* P[1] m+1 

P[i] P[i+1] m-i+1,1 <i<m-1 

P[m] * 1 

Otherwise m+2 

Figure 4.1: Values for a shift using the BR algorithm 

Let * be a wildcard character that is any character in the ASCII set. Note that if 

T [k +m+L. k+m+ 2] is not in the pattern, the pattern is shifted by m+2 positions. 
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For example, the following shifts would be associated with the pattern, 'onion'. 

T(k+m+ 1) T(k+m+ 2) Shift 

+0 6 

0n 5 

ni 4 

i0 3 

0n 2 

n* 1 

Otherwise 7 

Figure 4.2: The shift values for the pattern 'onion' using the BR algorithm 

After a mismatch the calculation of a shift in our new algorithm takes 0(1) time. 

Note that for the substrings 'ni' and 'n*' have a value of 4 and 1 respectively. This 

ambiguity can be solved by the higher shift value being overwritten with the lower 

value. We will explain this later in this section. For a given pattern P[ 1 .. m] the 

preprocessing is done as follows, and it takes O(m2+0) time, where o, is the size of the 

alphabet. The two dimensional array, ST (Shift Table), of size at most m+1xm+1 

will store the shift values for all pairs of characters. The ST will be initialised as 

m+2. As the index of the ST is of type integer, we need to convert the pairs of 

characters into pairs of integers. This is done by defining an array of ASCII character 

set size called CON with each entry initialised to 0. For each character in the pattern 

the right most position (numbering from the right, starting with 1) is entered in the 

corresponding location in CON. For example, the relative position of the character 
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'a' in the ASCII set is 97. Assume that the character 'a' is in the pattern. The right 

most position of 'a' in the pattern is entered in CON[97]. 

If the pattern was the word 'onion' then the rightmost positions of n, o and i are 

1,2 and 3 respectively. The CON for 'onion' would look like this: 

Character: ... ab ... h i j ... n o p 

ASCII value:... 97 98 ... 104 105 106 ... 110 111 112 ... 

CON: ... 00030120 

Figure 4.3: The structure of the CON table for the pattern 'onion' 

The value of a shift for the pair T [k +m+ 1] and T [k +m+ 2] is ST(CON[T[k + 

m+ 1]], CON[ T [k +m+ 2]]). 

All the entries in the ST will be initialised as 7, and the above shift values will be 

entered as follows: 

[wildcard] [o] =6 

[o] [n] =5 

[n] [i] =4 

[i] [o] =3 

[o] [n] =2 

[n] [wildcard] =1 

The ST for the pattern 'onion' would look like this after the complete insertion of 
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all the values. The rows represent the T[k +m+ 1]th character and the columns are 

the T [k +m+ 2]th character. 

0 1 2 3 

0 7 7 6 7 

1 1 1 1 1 

2 7 2 6 7 

3 7 7 3 7 

Table 4.2: The Shift Table for the pattern 'onion' 

The order of performing the steps is important in ensuring the correct values 

appear in ST. Note that the higher values have been over written by the lower values. 

We search for the pattern starting at P[m] and searching from right to left and finish 

at P[1]. To find a shift value we look up in the CON table the first two characters 

after the pattern and the text alignment window. We use these values to the find the 

correct shift value in the ST. 

We now give an example of our new algorithm in action to find the pattern 'onion'. 

The tables above, ST and CON for the pattern 'onion' were used to calculate the shift 

after a mismatch. In Tables 4.3 to 4.7, the first row shows the text and the third row 

shows the position of the pattern. The second row shows whether the aligned pattern 

and text characters match (=) or mismatch (#) as the comparisons are made. 
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w e w a n t t o t e 
Is It 

w i t h o 
In 

i o n 

0 n i o n 

Table 4.3: mismatch shift on ST(CON[n], CON[t]) = ST(1,0) =1 

w e w a n t t o t e s t w i t h o n i o n 

o n i o n 

Table 4.4: mismatch shift on ST(Con [t]J, CON[]) = ST(0,0) =7 

w e w a n t t o t e s t w i t h o n i o n 

o n i oI n 

Table 4.5: mismatch shift on ST(CON[s], CON[t]) = ST(O, 0) =7 

w e w a n 
It It 

o t e 
Is It 

w i t h o n i o 
In 

o n i o n 

Table 4.6: mismatch shift on ST(CON[], CON[o]) = ST(O, 2) =6 
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v e w a 
In 

t 
I 
t o t e 

It, It 
w i t h o n i o n 

o n i o n 

Table 4.7: So the pattern 'onion' has been matched and the test is exhausted 

So the word onion is found in 10 comparisons in a text of length 26. 

4.4 Average case analysis of the BR algorithm 

The average case time complexity of the BR algorithm is the upper bound number of 

comparisons taken by the BR algorithm given the average case input. Let a be the 

size of the alphabet, E, where E is the set of alphabets used by the text. We assume 

that the characters in the text all have an equal frequency and so the probability of a 

match between a character of the pattern and text is ö. The number of comparisons 

taken at an attempt can be 1 to m inclusive. 

Lemma 4.1: The upper bound number of comparisons at an attempt is ým Q1(ä, ) 

for an average case text. 

Proof: The probability of i pattern and text characters matching is ä, 
. 

After 

a match we must make at least one more comparison unless we have a full match. 

Therefore the probability of at least i comparisons being made is 
o, 
l 

1. The probability 

that exactly i comparisons are made is (the probability of at least i comparisons are 

made) - (probability of at least i+1 comparisons are made). The probability of exactly 



44 

i comparisons being made is 
a, 
l 

,-ä for all i<m. When i= in (the probability 

of the mth comparison), the equation becomes r" To find the total number of 

comparisons made we multiply each of the probabilities by i and sum the results. So 

the total number of comparisons made at an attempt is (Em' il ((ý4 - 
öý) 

x i) + 

If we expand the equation we get: 

(U ä )X1+(ä 
-ö 

)X2}... 
_}( -Q 'E)Xm-2+(7- j;; x 1+a, R_fxm) 

-1122 
m-2 m-2 m-1 m-1 m 

1 +01 } +ol+ 
o 

+a- 

m-1 1 
-ýi-0 Q" 

We assume that u>1 and therefore the above is maximised when v=2. As m 

increases the equation approaches the limit for this equation which is 2. So we expect 

to make 2 comparisons at each attempt for a text where all the characters have equal 

frequency. 

Lemma 4.2: The lower bound for a shift in an average case text is 7 
. 

Proof: To find the average shift we have to consider what values are in the shift 

table. There are a2 entries in the table. The entries are entered in order of size of 

shift from the smallest to the largest until the table is complete. 

The size of the shift is minimised when a=2 and there are Q2 = 22 =4 entries 

in the shift table. Using Figure 4.1 to calculate the shifts and assuming that the first 

two pairs of characters in the pattern don't match. Then there will be two entries 
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with a value of one and one entry for each of the values two and three. We multiply 

each shift value by its frequency in the shift table and total the results. This result is 

divided by Q2 to give the average shift. The average shift is (2 x 1) + (1 x 2) + (1 x 3) 

divided by 22 =4Q 

Theorem: The BR algorithm has a linear average case running time of O(n+m). 

Proof: The lowest average shift value for a text with equally frequent characters 

is 4. We would expect to make n= 47 attempts and expect to make 2 comparisons 4 

at each attempt. We expect to make 2x 47 = 87 comparisons. Therefore the BR 

algorithm has a linear average case running time of 0(n + m). Note that the in term 

in O(n + m) comes from the time taken for the pre-processing. Q 

4.5 Experimental results and comparisons with the BR algorithm 

We select the best eight algorithms from the results in Table 4.1, the BM algorithm 

and the KMP algorithm, and compare with our BR algorithm. Experiments were 

carried out for different random texts as described in Section 4.3. There were 2 

different texts of 10,000 words (Texts A and B), a text of 50,000 words and a text of 

100,000 words. The results are described in Tables 4.8 to 4.11 respectively. Tables 4.8 

to 4.11 show the average number of comparisons required for a search for the given 

pattern length. They are based on taking the total number of comparisons for the 

search for all the patterns of a length and dividing the number by the number of 
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patterns of that size to give the average and then they are divided by 1000. So for 

example, in Table 4.8 the BM algorithm takes 12,000 comparisons (to the nearest 

thousand) on average if the pattern length is seven. 

p len num KMP BM HOR RAI TBM MS LDI QS ZT SMI BR 

2 133 6 3 3 3 3 2 2 2 3 2 2 

3 765 20 7 7 7 7 6 6 6 7 5 4 

4 2178 41 11 11 11 11 10 10 10 11 9 7 

5 3146 60 14 13 13 13 12 12 12 12 11 9 

6 3852 67 13 13 13 13 12 12 12 12 11 9 

7 4042 68 12 12 12 12 11 11 11 10 10 8 

8 3607 69 11 11 11 11 10 10 10 9 9 7 

9 3088 70 10 10 10 10 9 9 9 8 8 7 

10 1971 71 9 9 9 9 9 9 9 8 8 6 

11 1120 70 9 9 9 9 8 8 8 7 7 6 

12 593 70 8 8 8 8 8 8 8 6 7 5 

13 279 72 8 8 8 8 8 8 8 6 6 5 

14 116 69 7 7 7 7 7 7 7 5 6 5 

15 44 72 7 7 7 7 7 7 7 5 6 5 

16 17 70 6 6 6 6 6 6 6 5 5 4 

17 7 75 7 7 7 6 6 6 6 5 5 4 

18 4 87 7 7 7 7 7 7 7 5 6 5 

19 0 0 0 0 0 0 0 0 0 0 0 0 

20 1 89 7 7 7 7 7 7 7 4 5 4 

21 2 88 7 7 7 7 6 7 7 4 5 4 

22 1 89 6 6 6 6 6 6 6 4 5 4 

Total 24966 64 11 11 11 11 10 10 10 10 9 7 

Table 4.8: The number of comparisons in 1000's for searching Text A of 10,000 words 
(83360 characters) 
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p len Num KMP BM HOR RAI TBM MS LDI QS ZT SMI BR 

2 133 6 3 3 3 3 2 2 2 3 2 2 

3 765 21 7 7 7 7 6 6 6 7 6 4 

4 2178 42 12 12 12 12 10 10 10 11 9 7 

5 3146 59 13 13 13 13 12 12 12 12 11 9 

6 3852 66 13 13 13 13 12 12 12 11 11 9 

7 4042 68 12 12 12 12 11 11 11 10 10 8 

8 3607 69 11 11 11 11 10 10 10 9 9 7 

9 3088 70 10 10 10 10 9 9 9 8 B 7 

10 1971 71 9 9 9 9 9 9 9 8 8 6 

11 1120 70 9 9 9 9 8 8 8 7 7 6 

12 593 71 8 8 8 8 8 8 8 6 7 5 

13 279 71 8 8 8 8 8 8 7 6 8 5 

14 116 70 7 7 7 7 7 7 7 6 6 5 

15 44 64 6 6 6 6 6 6 6 5 5 4 

16 17 74 7 7 7 7 7 7 7 5 5 4 

17 7 64 6 6 6 6 5 6 6 4 4 4 

18 4 87 7 7 7 7 7 7 7 5 6 5 

19 0 0 0 0 0 0 0 0 0 0 0 0 

20 1 41 3 3 3 3 3 3 3 2 3 2 

21 2 72 5 6 6 5 5 6 5 4 4 3 

22 1 89 6 6 6 6 6 6 6 4 5 4 

Total 24966 63 11 11 11 11 10 10 10 10 9 7 

Table 4.9: The number of comparisons in 1000's for searching Text B of 10,000 words 
(83425 characters) 
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p len num KMP BM HOR RAI TBM MS LDI QS ZT SMI BR 

2 133 9 6 6 6 6 4 4 4 6 4 3 

3 765 37 13 13 13 13 10 10 10 13 10 8 

4 2178 77 21 21 21 21 18 18 18 20 17 14 

5 3146 133 30 30 30 30 27 28 26 28 25 21 

6 3852 159 31 31 31 31 29 28 28 28 26 22 

7 4042 170 29 29 29 29 27 27 27 26 24 21 

8 3607 176 27 27 27 27 26 25 25 24 22 19 

9 3088 181 26 26 26 26 25 24 24 22 21 18 

10 1971 185 24 24 24 24 23 23 23 20 20 17 

11 1120 184 23 23 23 23 22 22 22 18 18 16 

12 593 186 21 21 21 21 21 21 20 17 17 15 

13 279 183 20 20 20 20 19 19 19 15 16 14 

14 116 194 20 20 20 20 19 20 19 15 16 14 

15 44 164 16 16 16 16 16 16 16 12 13 11 

16 17 217 20 20 20 20 20 20 20 17 16 13 

17 7 172 16 15 15 14 14 15 15 11 12 10 

18 4 147 12 13 13 12 12 13 13 9 10 8 

19 0 0 0 0 0 0 0 0 0 0 0 0 

20 1 41 3 3 3 3 3 3 3 2 3 2 

21 2 221 17 18 18 17 17 17 17 11 13 10 

22 1 397 27 27 27 27 26 28 28 18 22 18 

Total 24966 155 27 26 28 26 24 24 24 23 22 18 

Table 4.10: The number of comparisons in 1000's for searching a text of 50,000 words 
(417923 characters) 
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P len num KMP BM HOR RAI TBM MS LDI QS ZT SMI BR 

2 133 13 7 7 7 7 5 5 5 7 5 3 

3 765 37 13 13 13 13 10 10 10 13 10 8 

4 2178 80 22 22 22 22 19 18 18 21 17 14 

5 3146 149 34 34 34 34 30 30 29 31 28 22 

6 3852 182 36 36 36 36 33 32 32 33 29 24 

7 4042 193 33 33 33 33 31 30 30 29 27 23 

8 3607 201 31 31 31 31 29 29 29 27 26 21 

9 3088 198 28 28 28 28 27 26 26 24 23 19 

10 1971 198 26 26 26 26 25 25 25 22 21 18 

11 1120 199 25 25 24 24 24 23 23 20 20 17 

712 593 217 25 25 25 25 24 24 24 20 20 17 

13 279 207 23 23 23 22 22 22 22 18 18 15 

14 118 180 19 19 19 19 18 18 18 14 15 12 

15 44 218 22 22 22 21 21 21 21 17 17 14 

16 17 162 15 15 15 15 15 15 15 12 12 10 

17 7 220 20 20 20 19 19 19 19 14 15 13 

18 4 208 17 17 17 17 17 18 18 12 14 11 

19 0 0 0 0 0 0 0 0 0 0 0 0 

20 1 157 12 12 12 12 12 13 13 8 10 7 

21 2 89 7 7 7 7 7 7 7 11 5 

22 1 315 21 21 21 22 22 14 18 

J 

Total 24966 173 30 30 30 

Ei Bd 

27 27 26 24 2O 

Table 4.11: The number of comparisons in 1000's for searching a text of 100,000 

words (834381 characters) 
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From these tables one can observe that the relative order of their performance is 

the same as in Table 4.1. The main observation is that the BR algorithm performs 

better than the other algorithms for all pattern lengths and for all texts used in the 

experiments. 

Table 4.12 summarises the results of Tables 4.8 to 4.11. The entries in Table 4.12 

are in percentage form and describe how many more comparisons existing algorithms 

did than our BR algorithm. The figures are an average of the four different texts 

used. To calculate the difference as a percentage between our BR algorithm and the 

existing algorithms we used the following formula. The average number of compar- 

isons was taken from the relevant cell in Tables 4.8 to 4.11 and divided by the value 

for that pattern length for our BR algorithm. This value was then deducted by 1 

and multiplied by 100 to give the percentage difference between the two algorithms. 

An interesting observation of the existing algorithms when compared with the BR 

algorithm, is that for each individual text the percentages were within 1% for each 

specific algorithm. Each value in Table 4.12 is calculated by taking the difference as 

a percentage between each algorithm and our BR algorithm for each pattern length, 

adding them together and dividing by 4. For example, for a pattern length of 4 the 

BM algorithm takes on average 51.11% more comparisons than our BR algorithm. 

Note that the figures only include direct comparisons between the text and the pattern 

and not any text comparisons made during the calculation of a shift. 
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The result of a full search for the dictionary over all four texts is given in the 

last row of Table 4.12. From this we can see that the BM algorithm took on average 

43.54% more comparisons than our BR algorithm (see 5th column, last row) for a 

complete search for all the words in the dictionary. 

pat. len num. KMP BM HO RAI TH MS LDI QS ZT SMI 

2 133 199.98 93. 94. 93. 93.81 35.9 37.2 32.9 93.9 31.4 

3 765 366.02 64.1 64.2 64.1 63.7 28.7 32.9 28.2 60.0 24.9 

4 2178 449.02 51.1 50.8 50. 50.7 28.2 31.0 25.7 43.1 19.7 

5 3146 540.11 45.0 44.5 44.4 44.7 28.3 31.5 26.4' 33.91 18.1 

6 3852 626.30 42.4 41.8 41.6 41.91 30.0 32.3 27.3: 27.7 16.4 

7 4042 719.01 41. 40.9 41. 40.7 31.4 33.5 28.8 24.9 16.0 

8 3607 807.61 40.5 40.2 40.3 39.9 32.2 34.9 30.1 21.6 15.4 

9 3088 896.18 41.5: 40.9 40.8 40.8 34.7 37.1 32.1 19.2 15.4 

10 1971 982.63 42.11 41.6 41.7 41.1 36.6 39.3 34.3 17.7 15.6 

11 1120 1067.8 44.1 43.6 43.7 42.9 38.5 42.1 37.1 17. 16.3 

12 593 1164.1 45.2 44.5 44.6 44.2 40. 44.3 39.2 16.1 17.3 

13 279 1245.5 47.8 47.2 47.3 46.3 42.2 46.6 41.8 12.6 17.5 

14 116 1322.7 46.7 46.4 46.6 45.1 42.6 48.6 42.2 11.3 17.0 

15 44 1426.0 51.2 51.5 51.5 49.2 44.7 52.8 45.2 8.72 19.0 

16 17 1527.2 49.3 50.4 50.6 47.3 46.8 52.911 49.0 24.8 20.0 

17 7 1598.5 45.21 44.5 44.5 43.4 40.2 50.2 45.01 6.72 16.9 

18 4 1700.8 50.5 53.9 54.0 48.5 50.1 59.0 53.5 6.09 22.21 

19 0 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 

20 1 1948.7 58.3 58.1 58.0 58.3 52.2 72.6 63.5 3.01 29.4 

21 2 1947.9 57.3 63.9 63.9 56.3 57.5 64.0 57.5 2.22 21.8 

22 1 2129.1 50.9 49.8 49.8 50.9 45.0 66.5 55.4 1.04 25.0 

Total 2499 737.56 43.2 42.8 42.8 42.65 
. 

32.0 34.5 29.7 26.0 16.6 

Table 4.12: The average (of Tables 4.8- 4.11) percentage difference in the number of 
comparisons between existing algorithms and the BR algorithm 

We also measure the user time for these algorithms as the saving in the number of 

comparisons may be paid for by some extra overhead operations. We timed the search 
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of book1 of for all occurrences of 500 words from the UNIX dictionary. The words 

are of length 2 to 11 and there are 50 words of each length. The words were chosen at 

random from the UNIX dictionary. We show the average length of a shift performed 

by each algorithm in the second column. The percentage difference between the 

existing algorithms and the BR algorithm is shown in the third column. We used a 

486-DX66 with 32 megabytes of RAM and a 100 megabyte hard drive running SUSE 

5.2. The user time includes the time taken for any pre-processing and the reading of 

the text into memory. Each algorithm was evaluated ten times and the average time 

taken is given in Table 4.13. The timing was accurate to löo of a second but was 

rounded to the nearest second. The difference between the slowest and fastest time 

for each test for an algorithm was less than 0.2 of a second. The last column shows 

the percentage difference of the user time between existing algorithms and the BR 

algorithm. 

If we list the algorithms in order of the average shift that they take from the 

highest to the lowest starting at the BM, we will get: BM, LDI, ZT, QS, MS, SMI 

and the BR. But, if we do the same for the timings we get BM, MS, SMI, LDI, 

QS, HOR, BY, RAI and the BR. The reason for the difference in the lists is due to 

overheads in traversing the data structures which are present in the algorithms for 

the calculation of the correct shift value. Therefore, we can not assume that because 

an algorithm has a higher average shift that it will be more efficient than another. 
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Algorithm average shift % difference time in secs. % difference 

BF 1.00 708.00 3402 315.89 

KMP 1.00 708.00 4727 477.87 

DFA 1.00 708.00 3057 273.72 

BY 5.61 44.03 987 20.66 

BM 5.76 40.28 1518 85.57 

AG 5.65 43.01 4396 437.41 

HOR 5.72 41.26 1042 27.38 

RAI 5.72 41.26 865 5.75 

MS 6.40 26.25 1237 51.22 

LDI 6.34 27.44 1115 36.31 

QS 6.49 24.50 1094 33.74 

ZT 6.38 26.65 1874 129.10 

TBM 5.57 45.06 2240 173.84 

SMI 7.11 13.64 1186 44.99 

BR 8.08 N/A 818 N/A 

Table 4.13: The average shift and the user time in seconds 

We then considered eight other texts, 'Book2', 'news' and the six papers from the 

Calgary corpus [37]. The number of words and the number of characters of these texts 

are shown in Table 4.15. We searched for the same 500 random words from the UNIX 

dictionary for the BM, BR, BY, HOR, LDI, QS, RAI, and SMI algorithms. The 

reason for using different texts of different sizes was to check that the pre-processing 

of the BR didn't become too expensive as the text became smaller in size. We also 

needed to check that the distribution of the characters in the text didn't affect the 

speed of the BR algorithm. 
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BM BR BY HOR LDI QS RAI SMI ZHU 

Paper 1 103.7 56.0 68.2 71.3 76.6 74.7 59.3 81.3 169.9 

Paper 2 161.8 86.8 106.2 111.2 120.1 116.9 92.4 126.5 247.1 

Paper 3 93.2 50.1 61.2 64.0 69.2 67.4 53.3 72.8 164.9 

Paper 4 26.7 15.5 17.6 18.2 19.8 19.2 15.1 20.9 85.5 

Paper 5 23.3 13.9 15.7 16.2 17.8 17.1 13.5 18.7 82.2 

Paper 6 74.2 40.2 48.7 51.0 54.5 53.2 42.4 58.2 143.3 

Book 2 1195.0 639.0 784.0 820.0 884.0 862.0 681.0 934.0 1485.0 

News 727.0 391.0 476.0 498.0 533.0 520.0 414.0 570.5 862.0 

Table 4.14: User times in seconds for the eight chosen texts 

number of words number of characters 

Paperl 8512 53162 

Paper2 13830 82205 

Paper3 7220 47139 

Paper4 2167 13292 

Paper5 2100 11960 

Paper6 6754 38111 

Bookl 139994 773635 

Book2 101221 610856 

News 53940 37711 

Table 4.15: The number of words and characters of the texts used in Table 4.14 
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The results documented in Table 4.14 show that the BR algorithm is faster than 

the existing algorithms when the text is large. The RAI algorithm is the fastest 

algorithm for texts 'paper 4' and 'paper 5'. This is due to the time for the pre- 

processing in BR which is not as dominant in the RAI algorithm. The tests were 

carried out for a wide range of text sizes as shown in Table 4.15. The main reason 

for the speed of our BR algorithm is the improved maximum shift of m+2. 

4.6 Conclusions 

The experimental results show that the BR algorithm is more efficient than the ex- 

isting algorithms in practice for most of the data sets from the Calgary Corpus [37]. 

Over our 4 random texts and 9 real texts where the BR algorithm is compared to the 

existing algorithms, our algorithm is more efficient for all but two of the texts. With 

the addition of punctuation and capital letters it does not affect the BR algorithm. So 

in the real world we would expect our savings to remain and make our BR algorithm 

competitive with the existing algorithms. It is also possible to apply some of our 

findings to what makes a fast algorithm to the existing algorithms. This may make 

them faster but we were concerned with the original algorithms that were devised by 

their authors. 


