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Abstract1

The substring matching problem occurs in several applications. Two2

of the well-known solutions are the Knuth-Morris-Pratt algorithm (which3

guarantees a good worst case bound) and the Boyer-Moore algorithm4

(which has a better average running time). In this work we will introduce5

the general class of left-to-right searching algorithms which contains these6

and several other algorithms as special cases. We show how to find the7

optimal algorithm from this class by solving a linear programming prob-8

lem. In particular, the presented method provides a matching algorithm9

which for large texts is significantly better than known procedures.10

1 Introduction11

Pattern matching is one of the basic problems in computer science. For example,12

it arises naturally in text-processing, language recognition, bio-computing or13

image processing. In this article we study the important special case of substring14

matching, i.e. find all occurrences of a given substring of length m in a text of15

length n. Further we assume that n is large in comparison with m. Therefore,16

the time for preprocessing the substring can be neglected. This assumption is a17

natural one, since the size of the text can be several gigabytes (internet research18

or e-books) but the size of the substring does not exceed ten letters in most19
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cases. Additionally we assume that the relative frequency of the letters in the20

text is known in advance. In most applications this assumption is evident, for21

example, in Internet research and e-books the language of the text and therefore22

the frequency of the letters are known. Another example in bio-computing23

is the typical distribution of triples of DNA-bases. In all these examples the24

distribution differs significantly from the equality distribution so we can archive25

an improvement if we use a specialized algorithm that benefits from the different26

probabilities.27

This paper is organized as follows. First we give an overview of some of the28

previously known algorithms. In section 2 we will introduce the class of the29

left-to-right searching algorithms and demonstrate that the previously known30

algorithms do belong to this class. In section 3 we show how to find the best31

algorithm of this class. Finally, we compare the new optimal algorithm with32

previously known algorithms to give an impression of the improvement.33

The naive substring searching compares every letter of the pattern with every34

letter of the text. This yields to the worst case bound of O(nm) comparisons. A35

natural improvement is to use a deterministic finite automaton for the pattern36

matching which gives the worst case bound of O(n) comparisons. The Knuth-37

Morris-Pratt algorithm [5] uses the special structure of the pattern to construct38

the automaton in only O(m|A|) steps. The Boyer-Moore algorithm [2] uses39

another strategy. As the naive algorithm it compares every letter of the pattern40

with every letter of text. But it starts with the letter at the right end of the41

substring. If a mismatch occurs it uses two rules known as mismatch heuristic42

and occurrence heuristic to move the search window as far as possible to the43

right. The worst case bound remains by O(nm), but under some reasonable44

assumptions the average running time is as low as O(n/m). Actually, in practice45

the Boyer-Moore algorithm or a close variant is used in most substring matching46
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routines.47

The Boyer-Moore-Horspool algorithm [4] differs from the Boyer-Moore algo-48

rithm only in ignoring the match heuristic. This reduces the preprocessing time49

without increasing the running time too much. It is also possible to combine50

the ideas from the Boyer-Moor algorithm with ideas of the Knuth-Morris-Pratt51

algorithm. This is for example done in the Turbo-BM algorithm described in52

[3]. In a recent work M. Nebel [6] shows that the probability of the application53

of the match heuristic can be increased by examining the most improbable let-54

ters of the pattern first. If different letters have different probabilities this can55

significantly reduce the average running time.56

A detailed survey over these and other matching algorithms can be found in57

[1].58

Now we want to describe a general class of algorithms that contains in par-59

ticular all of the above algorithms. The task is to identify the fastest algorithm.60

2 The general algorithm61

The algorithm has a search window that moves from left to right. If the search62

window is at position i the algorithm tests if the substring starting at the i-63

th position matches the pattern. Especially this procedure assures that the64

matchings are found in order from left to right. Thus we speak of the class of65

left-to-right searching algorithms. The algorithm has an internal state in which66

the part of the pattern that has already been tested is marked.67

In each step the algorithm chooses a letter which has not been tested so far at68

random. (The probability distribution for the random decision will be specified69

later.) If the letter matches the pattern, the algorithm changes its state to mark70

that it has been tested. If the letter does not match, the pattern the algorithm71

moves its search window as far as possible to the right. At this point it uses a72
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variation of the match and occurrence heuristic of the Boyer-Moore algorithm.73

If possible, already tested letters are stored in the new state.74

So the algorithm need up to 2m−1 internal stages. For each state we have to75

store the information which letter has to tested next. Therefore the algorithm76

needs a storage that is exponential in m. Since m is small, e.g. for m ≈ 10 a77

few k-bytes will be sufficient, this is acceptable.78

Let us have a look at a simple example. We search for the pattern 10 in a79

text which consists solely of the letters 0, 1 and 2. Assume that the letters in the80

text are independent and identically distributed with the probabilities p(0) = a,81

p(1) = b and p(2) = c (obviously we have a + b + c = 1). Our algorithm can be82

in one of the following three states.83

• In the state ?? we have no information about the letters in question. In84

algorithm can choose to test the first letter with probability h1. (Shown85

by dashed lines in Figure 1). As a second possibility the algorithm can86

choose with probability h2 = 1−h1 to test the second letter. (If we choose87

h1 = 1 and h2 = 0 we obtain the Knuth-Morris-Pratt algorithm.)88

• In the state X? we know that the first letter matches the pattern, i.e. it89

is 1.90

• In the state ?X we know that the second letter is 0.91

Thus we can describe the general matching algorithm for the pattern 10 with92

the following state-graph.93

Now we give a formal description of the algorithm in pseudo-code and show94

how to compute the next state and the step width of the search window.95

The internal state of the algorithm can be fully described by the position P96

of the search window and the letters of the substring we have tested so far. We97

encode a tested letter as 1 and an untested letter as 0. By this encoding we98

4



??

X?

?X

b | 1

b | 0

a + c | 2

a | 0

1 | 2

b | 1

c | 2a + c | 1

Figure 1: The search graph for the pattern 10

map each state to a (binary) number between 0 and 2m − 2. (In Figure 1 we99

number the state ?? by 0, the state ?X by 1 and the state X? by 2. Note that100

we need no state labeled by XX , since if we find a matching, we will print a101

success message and then move our search window to the right reaching state102

??.)103

Algorithm 1 left to right searching algorithm

1: P = j, S = 0 {initialize}
2: while P ≤ n − m do

3: {loop until the search window reach the end of the text}
4: choose J {we will later show, that in the optimal algorithm J = J(S) and

compute the function J(S)}
5: if Pattern[J] = Text[P+J] then

6: set the j-th Bit of S to 1 {pattern matches}
7: if S = 2m − 1 then

8: print Matching found at position P
9: Increase P and reset S {see discussion below}

10: end if

11: else

12: Increase P and change S according to Algorithm 2. {Precomputed
values}

13: end if

14: end while

In line 9 we have to determine the largest prefix of the pattern that is also104

a suffix. If the length of that prefix is i we have to increase J by i and set S to105
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2i−1. (In the example of the pattern 10 there is no such prefix, i.e. i = 0 and106

we will move the search window by 2 after each successful match.)107

We now describe how to adopt the mismatch heuristic and occurrence heuris-108

tic to our general case.109

Algorithm 2 How to shift the search window

1: INPUTS: a state S, a mismatch X = P [P +J ] at position J {We may run
the algorithm for all possible inputs to build a lookup table}

2: i = 0
3: increase i by one
4: if j − i ≥ 0 and Pattern[J − i] 6= X then

5: goto line 3 {Mismatch heuristic}
6: end if

7: for all k do

8: if the k-th Bit of S equals 1, k − i ≥ 0 and Pattern[k − i] 6= Pattern[k]
then

9: goto line 3 {Mismatch heuristic}
10: end if

11: end for

12: print increase P by i {move the search window}
13: set the j-th Bit of S to 1
14: dived S by 2i (integer division)
15: print switch to new state S

Algorithm 2 simply does the following. It shifts the search window by 1 and110

compares if the letters we have already seen equal the letters we expect to find.111

Note that we can do the computations of Algorithm 2 in the preprocessing112

phase, i.e. Algorithm 2 gives no contribution to the running time. Therefore, if113

X does not occur in the pattern the exact value of X does matter for Algorithm114

2. Since a typical pattern will contain only a few letters of the alphabet this115

means that the preprocessing is independent from the alphabet size.116

Now we demonstrate that Algorithm 1 contains many other pattern match-117

ing algorithms as a special case.118

Choosing (in step 4) always the first untested letter we obtain exactly the119

Knuth-Morris-Pratt algorithm. If we choose the last untested letter we obtain120
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a variation of the Boyer-Moore algorithm. To obtain the exact Boyer-Moor121

algorithm we have to forget after each “shift operation” the information about122

all tested letters, i.e. we must add some unnecessary comparisons. This shows123

that we can look at the Knuth-Morris-Pratt algorithm and the Boyer-Moore124

Algorithm as a special case of a left-to-right searching algorithm.125

Another algorithm we can find in this class is the algorithm due to M. Nebel126

cited in the introduction.127

The goal of this paper is to show a method to determine (in dependency128

of the known probability distribution on the alphabet) the optimal substring129

matching algorithm in the class described above.130

As we will see in the next section the optimal algorithm is a deterministic131

one, i.e. the randomized algorithms allowed in our general description obtain no132

advantage. (However they are needed as a technical part of the proof.)133

It should be noted that there are possible situations in which other algo-134

rithms (for example an algorithm that searches from the right to the left) can135

be faster than all algorithms in the class described above. Another one that136

is not in our class is the variant of the Boyer-Moore algorithm described by137

D. Sunday [9]. This variant tests the leftmost letter after every mismatch and138

then continues to test the letters from right to left as the original Boyer-Moore139

algorithm. This is not a special case of our class since we require that each action140

of the automaton depends only on the current state and not on the preceding141

action. In section 5 we will demonstrate how to integrate such an extension in142

our framework.143

3 The optimal algorithm144

The general algorithm from section 2 can be described as a stochastic finite145

automaton. Each step is joined by an award (the number of letters the search146
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window moves to the right). We are looking for the automaton that maximizes147

the expected award per step for a random input.148

We use the encoding of the stages by (binary) numbers between 0 and 2m−2149

described in the last section.150

Let pi,t denote the probability for the automaton to be in the state i at time

step t (0 ≤ i ≤ 2m − 2). The theory of Markov chains tells us that the limit

pi = lim
n→∞

1

n

n∑

t=1

pi,t

exists. The probability pi is called the limit probability and describes how often151

the automaton will be in the state i. (In this article we need only basic results152

from the theory of Markov chains, that can be found in many textbooks for153

example see [8].)154

The probability that the randomized algorithm tests the letter at position155

j if it is in the state i is denoted by hi,j . Necessarily we have hi,j ≥ 0 and156

∑m

j=1
hi,j = 1. (In the example we have h1,1 = h2,2 = 1 since in these states157

there is only one possibility left. The probabilities h0,1 and h0,2 can be chosen158

freely and our goal in this section is to determine the best decision.)159

With ai,j,k we denote the probability for the algorithm to switch into the160

successor state k, if it is in the state i and tests the letter at position j. The161

probabilities ai,j,k depend only on the known probabilities of the different letters162

in the text. In Figure 1 we have written these probabilities on the edges of the163

graph (the labeling in the first position). For example a0,2,0 = c since the only164

way for the algorithm to obtain no information on the pattern is to read a 2165

(and then move the search window two steps to the right). a0,2,2 = b since the166

algorithm tests the second letter, it changes its state from ?? to X? only if it167

reads a 1 (and moves its search window one letter to the right). To compute168

ai,j,k we simply have to sum the probabilities of all letters X for which Algorithm169

8



2 computes the successor state k if the inputs are s, X and j.170

By bi,j,k we denote the (average) number of letters the search window ad-171

vances from the left to the right, if the algorithm switches from state i to state172

k while testing the letter j. In Figure 1 these numbers are shown as the second173

edge label, i.e. b0,1,0 = 2 and b0,1,2 = 1. To compute bi,j,k we sum up p(X)i(X)174

over all letters X for which Algorithm 2 computes the successor state k if the175

inputs are s, X and j. Here p(X) denotes the probability of X and i(X) is the176

value, which is computed as step width in Algorithm 2.177

All these computations can be done in the preprocessing phase and extending178

Algorithm 2 to compute this values cost almost no extra time.179

Now we may apply the theory of Markov chains to conclude that the limit

probabilities pi are given by the following system of equations.

pk =

2
m−2∑

i=0

m∑

j=1

pihi,jai,j,k (1)

To determine the optimal algorithm we have to maximize the expected step

width for the search window, i.e. we have to solve the following optimization

problem.

Maximize:

2
m−2∑

i=0

m∑

j=1

2
m−2∑

k=0

pihi,jai,j,kbi,j,k

under the restrictions given by equation (1) (k ∈ {0, . . . , 2m − 2}) and

m∑

j=1

hi,j = 1 for i ∈ {0, . . . , 2m − 2}

and the sign conditions pi ≥ 0 and hi,j ≥ 0.180

This a nonlinear optimization problem but we can transform it into a linear

one by the following trick. We introduce new variables wi,j = pihi,j . Since

∑m

j=1
hi,j = 1 we have pi =

∑m

j=1
wi,j and hi,j =

wi,j

pi
=

wi,j
P

m
j=1

wi,j
. Thus we can
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reconstruct the variables pi and hi,j from the new variables wi,j . With these

new variables we may write (1) in an equivalent form as

m∑

j=1

wk,j =

2
m−2∑

i=0

m∑

j=1

wi,jai,j,k (2)

This yields the following linear program.

Maximize: Z =
2

m−2∑

i=0

m∑

j=1

2
m−2∑

k=0

wi,jai,j,kbi,j,k

under the restrictions given by equation (2) (k ∈ {0, . . . , 2m − 2}) and the sign181

conditions wi,j ≥ 0.182

Since the linear programming problem belongs to the complexity class P183

(see for example [7]) we have proven the following theorem.184

Theorem 1

One can determine the optimal algorithm in the class of left-to-right searching185

algorithms with a preprocessing in EXL(m) (exponential time). The algorithm186

itself needs only n/Z comparisons in the average case. (Z is the maximum187

determined by the optimization problem.)188

The representation as linear programming problem shows why we allow ran-189

domized algorithms in our class of the left-to-right searching algorithms. If we190

require non-randomized algorithms we have to add additional nonlinear restric-191

tions. In other words, we would obtain a non-linear optimization problem. But192

we can show that there always exists a non-randomized algorithm with minimal193

expected running time.194

Theorem 2

There exists a non randomized algorithm with an expected running time of n/Z195

steps.196
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Proof197

Suppose that some of the probabilities pi are equal to 0 in the optimal algorithm.198

(In the example of Figure 1 this could happen if the optimal algorithm tests199

the first letter if it is in state ??. In this case it will never reach the state200

?X , i.e. p1 = 0.) Let S be the set of all i with pi = 0 in the optimal solution.201

Furthermore we assume that there exists no other optimal solution that satisfies202

pi = 0 for all i ∈ S and pj = 0 for at least one j /∈ S. In other words, we assume203

that S is maximal.204

In this case that optimal solution is also an optimal solution of the following

linear program.

Maximize: Z =
∑

i∈M

∑

j∈{0,...,2m−2}\S

2
m−2∑

k=0

wi,jai,j,kbi,j,k

under

m∑

j=1

wk,j =
∑

i∈{0,...,2m−2}\S

m∑

j=1

wi,jai,j,k for k ∈ {0, . . . , 2m − 2}\S

and the sign conditions wi,j ≥ 0.205

As it is known each linear program has an optimal basic solution. For the

linear program described above a basic solution has at most (2m − 1) − |S|

variables that are nonzero. On the other hand

0 < pi =
m∑

j=1

wi,j

for all i ∈ {0, . . . , 2m − 2}\S (by definition of S). This proves that for every206

i ∈ {0, . . . , 2m − 2}\S exactly one wi,j in the basic solution is nonzero, i.e.207

exactly one hi,j = 1 and all other hi,j′ = 0. This shows that the algorithm208

described by the optimal basic solution is non-randomized.209
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4 Comparison with other algorithms210

Now we compare the algorithm with previously known algorithms. First we211

prove a theorem about the worst case bound.212

Theorem 3

Each left-to-right searching algorithm needs at most n comparisons.213

Proof214

By definition a left-to-right searching algorithm memorizes all letters it has215

already tested, i.e. if it has seen a letter of the text it will remember this letter216

as long as it is located in the search window. In other words, it has to read each217

letter at most once which bounds the number of comparisons to n.218

(It should be noted that this worst case bound cannot be improved, as we can219

see if the pattern consists of just one letter.)220

Theorem 3 proves that each left-to-right searching algorithm satisfies the221

same worst case bound as the Knuth-Morris-Pratt algorithm. But for the222

Knuth-Morris-Pratt Algorithm the worst case complexity is identically to aver-223

age case complexity, while all other left-to-right searching algorithms have an224

average running time less or equal n. In other words the Knuth-Morris-Pratt225

algorithm can never be optimal in the class of left-to-right searching algorithms.226

In [6] M.Nebel proves that his algorithm is faster than the Boyer-Moore227

algorithm in many cases but that there exist cases in which the Boyer-Moore228

algorithm is faster. Especially non of these algorithms is optimal.229

Now we take a closer look on the strategy “test the most improbable letter230

first” suggested by M. Nebel [6] and an alternative strategy “maximize the231

local step width”. Both strategies have the advantage that they require less232

preprocessing time, but we will see that they will be not as good as the general233

algorithm. Suppose we want to search the pattern 123 in a text which contains234

only the letters 1, 2 and 3. Furthermore suppose p(1) ≈ 0, p(2) ≈ 2

3
and235
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p(3) ≈ 1

3
. Which letter should be tested if the automaton is in the state ??,236

i.e. it has no knowledge on the text. The “test the most improbable letter237

first” and the “maximize the local step width” strategy will recommend the238

first letter (with an average step width p(2) + p(3) ≈ 1 compared with a step239

width of 2p(3)+p(1) ≈ 2

3
(if we test the second letter) or of p(2)+2p(1) ≈ 2

3
(if240

we test the third letter). Most probably after this test the automaton will be241

in the state ?? again and therefore the average step width will be ≈ 1. We can242

increase the average step width to ≈ 1.5 if we first test the letter 3 and then the243

letter 1. This procedure will most probably shift the search window by 3 letters244

every 2 steps.245

This shows that finding the optimal algorithm is not obvious and that the246

optimal algorithm can be significantly faster than an algorithm based on a247

simple heuristic. But to find the optimal algorithm we need a very expensive248

preprocessing. For m ≈ 10 this is no problem since the preprocessing is fast249

enough to be negligible. For larger m we can choose between the following250

suboptimal strategies.251

• The size of the linear program does not depend on the size of the alphabet252

A. Therefore we may interpret two signs of the original alphabet as one253

sign of a new larger alphabet and search the optimal algorithm for this254

alphabet. This reduces the search space (we require that two letters at255

adjacent positions must be tested at the same time), i.e. the new search256

algorithm may be non-optimal. But this restricted class still contains the257

Knuth-Morris-Pratt algorithm and the Boyer-Moore algorithm, so we can258

be sure to get an improvement of these algorithms.259

• First we search for a sub-pattern of length ≈ 10. This sub-pattern will260

occur on a few positions only. We will then use the naive algorithm to261

check this few positions. If we choose the sub-pattern of the last 10 letters262
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we can still be sure to get an improvement of the Boyer-Moore algorithm.263

We conclude this section with a larger example. Assume we want to match264

the pattern 123 in a text over the alphabet {1, 2, 3}. Let p(1) = a, p(2) = b265

and p(3) = b. In the state 0 we may test the letter at the first, second or third266

position (3 choices), in the states number by 1, 2 and 4 we have two possible267

positions to check. In a total we have the choice between 3 ·2 ·2 ·2 = 24 possible268

algorithms.269

Diagram 2 shows for that different algorithms are optimal for different choices270

of a, b and c. Since a + b+ c = 1 we can represent all possible values in a plane.271

The vertices of the triangle representing the three extreme cases a = 1, b = 1272

or c = 1, respectively. The center is cases a = b = c = 1

3
and so on. Since the273

regions have a very complex shape, the picture is only drawn as a raster with274

width 0.05 for a, b and c.275

c a

b

Figure 2: Optimal Algorithms for the pattern 123

There are 5 different kind of optimal algorithms. The three main cases are:276

If c ≈ 1 (black area) we should test in state 0 for the 2 (second letter) and277

for the first possible letter in all other states. If a ≈ 1 (gray area) we should278

always test for the right most letter (Boyer-Moore). For b ≈ 1 (hatched area)279

we should test for the fist letter in the state 0 but follow in all other states the280

Boyer-Moore strategy (this is similar to an algorithm suggested by Sunday).281
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The two other algorithms are only optimal for a small set of parameters: If282

a ≈ 0, b ≈ 0.4, c ≈ 0.6 (the area marked by white hexagons) we should test283

the right most letter if we are in the state 0 or 2 and the left most letter in284

the states 1 and 3. Finally we have a very small area (light gray) where the285

following algorithm is optimal. Test in state 0 test the letter in the middle, in286

state 2 test the right most letter, and in state 4 test the left most letter287

Again we see that is fare form obvious to decide which algorithm is the288

fastest.289

5 Possible extensions290

As noted in section 2, the Sunday’s algorithm is not in the class of left-to-right291

searching algorithms. Sunday’s algorithm is a variation of the Boyer-Moore292

algorithm that tests the first letter after each mismatch and then continues to293

test the letters from the right to the left. A simple way to model Sunday’s294

algorithm as a left-to-right searching algorithm is to test the first letter in the295

state 0 and the right most letter in all other states. This yields a good but not296

perfect approximation of Sunday’s algorithm. In a perfect model we should test297

the first letter after each shift of the search window. But this is not a left-to-right298

searching algorithm, since the decision which letter is to test next depends not299

only on the current state but also on the last action. To model such algorithms300

we can extend our class of left-to-right searching algorithms in the following301

way. Instead of 2m−1 states (numbered by 0 to 2m−2) we use 2(2m−1) states302

(labeled by (i, j) with 0 ≤ i ≤ 2m − 2 and j ∈ {M, S}). The marker j shows us303

if the last operation was a match (M) or a mismatch resulting in a shift (S).304

We now proceed as in Section 3. We write a linear program that describes the305

optimal algorithm and solve this program to find the optimal algorithm. For306

this algorithm we can be sure that it is an improvement of the simple optimal307
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left-to-right searching algorithm described previously in this paper and Sunday’s308

algorithm. However we have doubled the number of equations and variables in309

the linear program, i.e. we need more time for preprocessing.310

There are several other possible extensions of the class of left-to-right search-311

ing algorithms. For example, the algorithm may decide the next step on the312

two proceeding states (modeled by an automaton with (2m −1)2 states). But it313

seems that the additional effort to determine the optimum in such larger classes314

is not worth the improvement.315

An other variation of left-to-right searching algorithms is the following, after316

each shift we forget the tested positions, i.e. we start always in the state 0. This317

has the advantage that the final algorithmen, can described by the order in318

which it should test the characters of the pattern, the description therefor just319

a permutation of the number 1 to m. The disadvantage is that the optimization320

problem we have to keep track over which positions are untested, which positions321

have been tested but forgotten and positions are tested. We need 3m therefore322

variables in the preprocessing phase. Thus there is no hope to find the optimal323

algorithm without an expensive preprocessing.324

6 Conclusion325

We described a general class of substring matching algorithms which contains326

many of the popular matching algorithms. We have shown that it is possible327

to determine the optimal algorithm in that class by solving a linear program-328

ming problem. The determination of the optimal algorithm needs an expensive329

preprocessing, but for large texts and small patterns the speedup will compen-330

sate for the preprocessing. Furthermore, we have shown how to reduce the331

preprocessing for larger patterns but still improve the known algorithms.332

16



References333

[1] A.V. Aho. Algorithms for finding patterns in strings. In J. van Leeuven,334

editor, Handbook of Theoretical Computer Science, chapter 5, pages 255–300.335

Elsecier Science Publishers, 1990.336

[2] R.S. Boyer and J.S. Moore. A fast string searching algorithmen. Communi-337

cations of the ACM, 20(10):762–772, 1977.338

[3] M. Crochemore, A. Czumaj, S. Jarominek L. Gasieniec, T. Lecroq,339

W. Plandowski, and W. Rytter. Speeding Up Two String Matching Al-340

gorithmens. Algorithmica, 12(4-5):247–267, 1994.341

[4] R.N. Horspool. Practical fast searching in strings. Software-Practice and342

Experience, 10(6):501–506, 1980.343

[5] D.E. Knuth, J.H. Morris, and V.R. Pratt. Fast pattern matching in strings.344

SIAM Journal on Computing, 6(2):323–350, 1977.345

[6] M.E. Nebel. Fast String Matching by Using Probabilities. Technical report,346

Johann Wolfgang Goethe-Universität, 2004. Draft extended abstract of the347

material presented at the 10th Seminar on the Analysis of Algorithms, June348

2004, MSRI, Berkeley.349

[7] C.H. Papadimitriou and K. Steiglitz. Combinatorial Optimization, Algo-350

rithms and Complexity. Prentice-Hall, Inc, Englewood Cliffs, New Jersey,351

1982.352

[8] M. Rosenblatt. Markov processes, structure and asymptotic behavior.353

Grundlehren der mathematischen Wissenschaften. Springer, Berlin, 1971.354

[9] D. Sunday. A very fast substring search algorithm. Communications of the355

ACM, 33(8):132–142, 1990.356

17


