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Abstract

The so-called conventional approach to implement nite automata is by mean of a matrix
to represent the transition function. Of course, if the transition table is very sparse, linked
lists might be used as an alternative. Such approaches thefere depend on the computer's
main memory capabilities to optimally hold the table for better processing.

For various computational problems using nite automata as a basic solution-model, the
processing may be an important factor to be considered. Thisvork aims to investigate a
relatively new implementation approach that relies on hardcoding. A hardcoded algorithm
uses simple instructions to represent the transition table The algorithm is written in such
a way that the transition matrix is part of its instructions a s opposed to the traditional
table-driven approach in which the table is external data that is to be accessed by the
algorithm. This work includes a general performance analyis of both approaches through
an empirical study. We rstly investigate the processing speed required to accept or reject
a symbol by some randomly generated single states of some awmata. Then, a more
advanced experiment is performed based on the previous, fathe test of acceptance of
randomly generated strings by randomly generated nite automata .

The main result of this work is that the hardcoded implementations of nite automata
outperform the table-driven implementation up to some threshold. This therefore empha-
sizes that many applications using nite automata as basic nodel may be optimized by
replacing the table-driven implementation with a hardcoded implementation, resulting to
better performances.

Keywords: Hardcoding, Automata, Pattern matching, Lexical analyzer, Algorithms,

Experimentation, Performance, Grammars, Language, Parsig
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Chapter 1

Introduction

Performance considerations often form an important part of peblems that require
computational solutions. Sometimes solutions to problems ree¢o be nely tuned
to produce an outcome that results in near minimal timing. It night be easy to
nd a brute force solution to a given problem, but it is usually harder to elaborate
an optimal solution. Over the years, numerous techniques haveeen developed to
improve performance, no matter the computational domain afoncern.

This dissertation focuses on the development of a technique athat improving
performance of certain computational problems related tonite state automata (or
simply nite automata and abbreviated to FAs). The overall objective is to explore
the hardcoding of algorithms related toFAs, as an alternative to the traditional

softcoded implementation approach td-A-related processing.

1.1 The Problem

To hardcode an algorithm means to build into it speci ¢ data ttat it requires. The
algorithm is implemented in such a way that it will not require{ and indeed cannot
handle { alternative data at run time. The algorithm of concen in this dissertation is
one that determines whether or not an arbitrary input string 8 an element of the lan-

guage represented by aRA. Throughout the dissertation references to implementing
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(or hardcoding) an FA should be construed to mean implementing (or hardcoding)
such and algorithm. Hardcoding this algorithm therefore invves the use of primitive
data types and very simple control structures to represent thenére automaton. The
algorithm in this case is a set of simple instructions with embedd data, whereas its
softcoded version requires the use of data in memory to represéme FA's transition
function. Of course, in both the hardcoded and softcoded algtirms, the arbitrary
input string to be tested is not \hardcoded" in any sense, but is réaer ordinary input
that can change with each execution of the algorithm.

Implementers of FAs generally use a table to represent the transition function.
The conventional table-driven algorithm to determine whdter an FA recognizes a
given string is generic in the sense that the transition table isgst of the input data
to the algorithm. At any stage a di erent FA can be considered, simply by changing
the transition table. The time taken by such an algorithm to deérmine whether an
FA recognizes a string, thus depends inter-alia on the memoryalbh as represented
by the size of the transition matrix. When manipulating very lage automata, the
implementer has to be aware of, and indeed avoid, unpreditie behavior such as
early program termination caused by memory over ow. This cabe done by applying
more complex techniques such as vectorization [DoGK84] orctgsion algorithms for
e cient cache memory usage [Douglas et al 00, Andersen et al 99].

Much of the work that has been done to improve automata impleantation e -
ciency, has been done at the modelling stage { that is, beforegtautomaton'’s tran-
sition table has been set up for processing by the standard algdémibs. Automata
minimization [Wat02, Wat95], and the study (for improvemen) of specialized algo-
rithms on problems usingFA as basic model such as pattern matching, parsing, DNA
analysis, neural network etc are among several examples whedre tmodel is optimized
before implementation.

Since much work to optimize the representation dfAs has already been done at
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the modelling level, hardcoding-A algorithms, aimed at enhancing processing speed,
seems like an inevitable next step. In this dissertation, therefe, we investigate
whether hardcoded implementations df As may be more e cient than the traditional

table-driven implementation of FAs.

1.2 FAs in Context

Chomsky classi ed formal languages in four basic categories afidws:
1. Right-linear languages;
2. Context Free Languages;
3. Context Sensitive Languages; and

4. Unrestricted or Self Recursive Languages.

Each of the above enumerated language has its equivalent rha@ that might be use
for practical modelling and implementation. They are respéwely, Finite automata

(FAs), Push down automata PDAS), Linear Bounded automata (BAs), and Turing

Machines TMs). More importantly, the inclusion relation holds when appled to the
above hierarchy from top-to-bottom { i.e. context free langages include all the right
linear languages, context sensitive include the context freetc. The present empirical
study is restricted to the rst element of the Chomsky hierarchy,namely to right-

linear grammars We do not however restrict ourselves to some particular righinear
grammar. Rather, the experiments performed relate t& As in general.

It is not the intention to extend the study to other types of larguages in the
Chomsky hierarchy. In fact, as shall be seen in chapter 2, congidele work in the
direction of this present study has already been carried out inegard to parsing
strings from a context free language. In a sense, one could tHere say that the

present work seeks to specialize existing results, some of which already routinely
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applied when parsing context free languages. However, such spkzration is more at
a logical level { the study does not take explicit cognizancef ¢the of existing context
free grammar techniques and specialize them for right linegrammars. Rather, it
investigates solutions for right linear grammarsb initio, in a bottom-up fashion, as

it were.

1.3 Objective of the dissertation

This works aims to show that any implementation oFAs where speed is major factor
may gain from the results obtained. The longer term objectives to produce a toolkit
for processing hardcode@As. But to achieve this, the work must be carried out in a
stepwise fashion. Thus, it must rst be established whether hardcoulj a FAs would
indeed be more e cient than a table-driven implementation. Having established
that, more work will have to be done at a later stage in order tamplement the actual
toolkit. The work consists of a performance analysis of variougersions of string
recognition algorithms based on hardcodeBA implementations. It aims to examine
whether and to what extent hardcodingFAs is more e cient than the table-driven
method when speed is the major factor to be considered. It alsov@stigates whether
the implementation of FAs using high level languages is ine cient compared to their

low level language implementation counterparts.

1.4 Methodology

The following approaches are used to achieve our goal:

A theoretical presentation of both methods is provided in théorm of generic
pseudo-code that describes the essential algorithmic issues vaieg to both

cases.
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This provides a basis for a theoretical cross comparison of theethods prior to

the empirical assessment of their e ciency,

For the purposes of the empirical study, the problem is initidy restricted to a
highly constrained domain. However, it is argued that this is @he without loss

of generality in regard to the broad conclusions.

The empirical study is then carried out on randomly generate#As and ran-

domly generated input symbols,

The results are then presented, providing a quantitative congsison between

hardcoding and table-driven with respect to time e ciency.

A study of the cache memory e ects is carried out, based on the ptementation
of string recognition algorithms byFAs using both hardcoded and table-driven

methods.

A conclusion of this work is that hardcoding may sometimes yig$ signi cant
e ciency improvements over the traditional table-driven method, and might therefore

be appropriate in particular circumstances where timing ismportant.

1.5 Dissertation Outline

Chapter 2 provides mathematical preliminaries as backgrad to the remainder of
the work. It also reviews a number of conventional computatital concepts that use
FAs as a basic model. Two levels of experiments were carried outet rst being
where the size of thd=A and the associated hardcode was limited to an absolute min-
imum. Chapter 3 discusses the design of these rst level experimeamid shows their
relevance. Chapter 4 presents tools and methodology requirto carry out the rst

level experiments. Chapter 5 depicts implementations detaiused in the rst round
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of experiments and the quantitative results are presented ardiscussed in chapter 6.
Chapter 7 describes a further experiment induced by these preus results. Here,
various levels of cache and main memory are exercised, basedlager FAs than

in the rst experiment but relying on the best hardcoded algothm previously en-
countered. Chapter 8 gives the overall conclusion and indies directions for further

research.



Chapter 2

Background and Related Work

2.1 Introduction

This dissertation involves practical experimentation { spectally in regard to the

time-e ciency implications of hardcoding a nite automaton. However, by way of
introduction, it is appropriate to locate the theoretical sé¢ting of the broad problem
domain. Hence, this chapter introduces theoretical aspect &#As and their rela-
tionship to various well-known computational problems thatrely on various other
kinds of automata as their primary model for the solution. Thechapter summa-
rizes standard introductory texts such as [McN82], and [LePaB1We formally de ne

FAs and explore two major characteristics of such devices, namealgterminism and
non-determinism This helps clarify the kinds of automata related to hardcoishg

algorithms that shall be encountered in the remainder of theissertation.

Sections on regular expressions, patterns matching and cortiésree grammars are
presented. Emphasis is placed on their respective relationship FAs in order to
give an indication of the wider domain of applicability of nite state automata in
the computing world. The chapter ends with an explicit presaation of what has

been done in hardcoding nite automata, merely for improvig syntactical analyzers.

7
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Hence producing e cient LR parsers and one of its subsequent parsgenerators such

as YACC!.

2.2 Finite Automata

From a practical point of view, a nite automaton is considerd to be a computing
device used to examine (recognize) strings over an alphabethel' study of the com-
plexity of such a device is of importance due to its wide area applicability. The
goal of its implementation is to accept or reject an input stng. It is therefore of
importance to consider how much memory the device uses for theopessing of a
given string, as well as its time complexity or processing speed.

An example ofFA is shown in gure 2.1, and more explanations may be found in
[LePa81]. The nite automaton has a transition function , where for each states;,
and for zero or more characters in the device's alphabet, the operation (s;; c) maps
to some state that depends on the value af Once it has read a character, thé-A
makes a transition (s;;C) to some new state. The automaton halts when there are
no more character to be read from théenput stream, or when (s;;c) in not de ned.

When setting up or constructing anFA, a set of its states are designated as nal
states. The device is said to recognize a string if and only if theris a sequence
of transitions of the device that leads to one such nal state afr reading the last
character of the string. Otherwise, the device does not recage the string. The
characters read by theFA from the input stream are part of its alphabet. The set of
all strings that an FA accepts is said to be théanguagerecognized by theFA.

An FA may be modelled as a transition graph as shown in gure 2.2 as p@as its
grammar is well de ned.

The grammar of a nite automaton is a formal description of the structure of all

1Yet Another Compiler Compiler
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Figure 2.1: A nite automaton

Figure 2.2: A state transition diagram

nite and allowable sequences of symbols that can be obtainsthg the alphabetThe
transition function is part of such a formal description. We shéalsee later that a

regular expression is an alternative way of formally describgnsuch a grammar.

2.2.1 Deterministic Finite Automaton (DFA)

As de ned in [McN82], adeterministic nite automaton M is a quintuple (S; A; ;s1;F)

where:
S is a nite set of states,
A is an alphabet,
s; 2 S is the initial state,

F Sis the set of nal states, and
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the transition function :SxA! S, is de ned such that

8s2 S;8c2 A; (s;0 2 S is uniquely determined.

2.2.2 Complexity of DFA String Recognition

The complexityof the computation of a string recognition operation by a detainistic
nite automaton is measured in terms of complexity of each tnasition to be made (if
any) for a given character in the string.

Assume that a stringstr is de ned by str  ¢;¢:::¢, 1G,, and assume thatM , is
a DFA as de ned above.

We denote byXy (str) the complexity of recognizing the stringstr.

Thus

X (str) X (C1C2:iCh 1Cn)
Xm(C)+ Xm(e)+ i+ X (G 1)+ Xu(cn)
= in=1 Xwm (G)

where Xy (¢) denotes the complexity of recognizing the single charactey. If we

assume that the complexity of recognizing a single characterrche characterized by
some constant value, saK , irrespective of the state or the character, then both the
worst case complexity and the average case complexity of recizgmy a string may be
regarded as linearly dependent on, the length of the string { i.e. the complexity is
K n. However, in practical implementations (as will be seen latgthe time taken
to implement the operation (sj;¢) is a statistical variable.

The transition function of a deterministic nite automaton is said to betotal if

and only if
8si 2 S;8c2 A;9s 2S: (si;0) = s (s is unique).

Then, if a string str is recognized by the automatorM , it follows that (s;;c) = sk,
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with i;k = 1;:::;m, andj = 1;2::;n; wherem is the total number of states, andn
the numbers of characters irstr.
The transition function of a deterministic nite automaton is said to bepartial
if and only if
9s; 2 S;9c2 A : (s;0 does not exist.

If a string str is recognized byM, the complexity of eachg exists and is totaly
P
determined. Thatis, Xy (str) = [, (G).

If a string str is not recognized byM , then
91 i n: (si;G)=s«2S F,or (sj;¢)does notexists.

In this second caseg; is the rst character of str, that does not allow a transition
at the state s¢. This means that, for the present purposes it may be assumed that
Xm(c) =0;) < n. In particular, for i = 1, if (s;;¢;) does not exists, then
X (str) = X (c).

2.2.3 Non-Deterministic Finite Automata (NFA)

A nite automaton is said to be non-deterministic when the transition operation on
a given state and a symbol returns a set of states as result. A nontéeninistic nite

automaton (NFA) M is a quintuple (S;A;4 ;s;; F) where,
S is a nite set of states
A is an alphabet,
s, 2 S is the initial state,
F Sis the set of nal states, and

4 S A S is the transition relation. Thus, (si;u;sj) 2 4 means that

when in states; and presented with the input characteru the automaton M
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may transit to the state s;. However, if it is also true that (s;; u;s¢) 24 , then
when in states; and presented with the input characteru the automaton M
may transit to the state s,. The particular state that is selected cannot be

predetermined. It is in this sense that theNFA is non-deterministic.

There are various practical reasons for using non-determinisimodels. In some cases,
a non-deterministic model re ects the underlying random naitre of that solution
which is being modelled. In other cases, non-determinism is usieda speci cation
context. The non-deterministic model concisely speci es sewamossible alternative
options to be implemented, all alternatives being accept#éb as implementations of
some system. The implementer is then free to select any one of thendeterministic

possibilities that have been speci ed. Examples ddFAs may be found in [LePa81].

2.2.4 Equivalence DFA and NFA

As pointed above, two automata are considered equivalent if ¢y accept the same

language no matter what method is used to accept the languagdoreover, based on

the de nition of NFAs, it can easily be seen that anyDFA can be regarded as a special
case of a\NFA {i.e. one that is restricted to having uniquely-de ned transtions. The

inverse can also be shown to be true, as enunciated in the follagitheorem.

Theorem

For each non-deterministic nite automaton, there is an eqwialent deterministic
nite automaton. The proof of this theorem will not be given here. It can be fou

together with various illustrative examples, in [McN82].
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2.3 Finite Automata and Regular Expressions

A regular expression RE) is a formula for specifying strings that conform to some
pattern [AhUI72]. It may be composed of characters (symbols or riminals) and
meta-characters (non-terminals).

A regular expression is thus used to specify a pattern of strings. ig an algebraic
formula consisting of a pattern whose value is set of strings. Thistsef strings is
called the language of the regular expression.

A regular expression is de ned over amalphabet that is the set of symbols found
in the derived strings and used in specifying the regular expressi

Just like any algebraic formula, a regular expression is compdsef one or more

operandsappropriately conjoined by zero or moreperators

2.3.1 Operands and Operators of a Regular Expression
In a regular expression, operands can be:

a symbol or terminal from the alphabet over which the regular>@ression is

de ned; or

a non-terminal (group of symbols or variables) whose values aamy pattern

de ned by the regular expression; or
the empty string denoted"; or
the empty set of strings denoted .

Operators required to compose a regular expression include tiedowing:

Union: if R; and R, are two regular expressions, so iR; [ R,. Therefore,
L(R1[ R2) = L(Ry) [ L(R,). Where L represents the language de ned by the

regular expression.
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Concatenation: ifR; and R, are two regular expressions, so B,R,. Therefore,
L(R:R2) = L(R1)L(R2)

Kleene Closure: ifR is a regular expression, theR (Kleene Closure olR) is a

regular expression. AndL(R)="[ L(R)[ L(RR)[ L(RRR)[ ::L(RRR:::)

An algebraic formula that constitutes a regular expression witherefore be any valid
combination of operands and operatorghat have been de ned above. For example,
the set of strings over the alphabef a; g that end with two consecutivebs has the

following algebraic formula: [ b) bb

2.3.2 Equivalence of Finite Automata and Regular Expres-

sions

From a regular expression, we can derive the related nite autsaton and vise-versa.

The following propositions relate regular expressions and t@ automata.

1. For every regular expressioR , there is a corresponding nite automatonM

that accepts the set of string generated byr.

2. For any nite automaton M, there is a corresponding regular expressiéhthat

generates the set of strings accepted W .

The proof of the propositions is can be found in [LePa81].

Corollary

A language is regular if and only if it is accepted by a nite @aomaton. Refer to

[LePa81] for a constructive proof.
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2.3.3 Summary of the Section

We have discussed in this section the notion of a regular expressimd its relation
to nite automata. Regular expressions are widely used in comgung, especially for
searching within a string for a substring that matches some pattar where the pattern
to be matched is expressed as a regular expression. The e ciendytlbe algorithm
that implements such a matching is therefore of interest and ouwvork lies in this

category. The section below discusses pattern matching algdwits in more detail.

2.4 Pattern Matching

Pattern matching is the process of matching, completely or pially, some occurrence
of a given pattern (string of characters) against substrings of x¢ The algorithm

outputs a set of positions in the text where a substring starts thats a partial or an
exact match of the pattern. In most cases, the pattern is a nite deof substrings

within the text.

2.4.1 General Pattern Matching Algorithm

In the forgoing, EOT denotes a special marker for the end of a text (a string). In
general, the algorithm for matching a patternP in a text T may be expressed as

follows:

Algorithm 1. Simple matching algorithm

function simpleMatch(T: Text; P: Pattern): ArrayOfMatches
t,p .= 0,0;
results := ;;
while (T[t] 6 EOT) do
if (T[t] = P[p] ™ P[p] = last character of P) then
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update ListOfMatches;
p:=0;

if (T[t] = P[p] ™ P[p] & last character of P)then
p:=p+1

if (T[t] 6 P[p])then
p:=0;
t:=t+1;

end while
return results;

end function

The algorithm receives a texflT and the pattern P and outputs resultsrepresenting
all occurrences oP in T. We can generalize the algorithm so that instead of looking
for occurrences of a single pattern, we de ne a set of pattern tmatch against the
text and modify the algorithm accordingly. The algorithm aspresented above is
for exact string matching; a modi cation can also be made to hatle partial string
matching problems. Various forms of pattern matching algatms can be found in
[Wat95], and [Cleo03]. Our problem is to present their relevae in general toFAs.
The section below outlines the relationship between pattern atching problems and

nite automata.

2.4.2 String Keyword Pattern Matching and Finite Automata

Assume that PMs) is a string keyword pattern matching problem in which some
arbitrary set of patterns is to be recognized. A nite automabn can be constructed

that recognizes all the string described in the set of patterns.
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Proof

This proof can be given in two steps: rstly a single pattern to math against a text
is considered; and secondly, the problem is generalized to datenset of patterns to be

match against a text. The details of this two-step proof may beouind in [CroHa97].

2.4.3 Summary of the section

Various pattern matching problems can thus be solved by usingpropriate FAs. To
the extent that FAs can be successfully hardcoded, so too can pattern matching algo-
rithms be hardcoded. This supports the case for experimentingth the hardcoding
of FA-related algorithms. Such experimentation may ultimately @sult in processing
speed improvements for various pattern matching problems.

One of the most popular application oFAs processing is that of compilers. Lexical
analysis is an important phase in compiling and usEAs as basic computing model.

The section below brie y summarizes lexical analysis.

2.5 Lexical Analysis

In compiling, lexical analysis is the process of converting éhtsource code of a program
into a stream of tokens. Some of the functions performed by thexical analyzer
include: removal of white space and comments, collecting dmiinto integers, and
recognizing identi ers and keywords. Given a speci cation o& regular expression
that de nes lexeme$ in the language, the compiler writer can directly construct a
FA that recognizes inputs from the source code and performs \@us other tasks
such as creating a symbol table. The process of constructing aitat analyzer can

be done directly by a code generator such as Lex [LeSc75]. Lekds as input a

2The character sequence forming tokens
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regular expression speci cation that represents the legitimatpatterns of the lexical
analyzer to be created, then generates a C program. The C caddhen executed to
produce an output that represents the lexical analyzer, whicconsists of the transition
table and a \driver" that performs various operations such ascanning the input

stream and producing a sequence of tokens according to the nfahg revealed by
the transition table. Lex therefore performs a so-called tabtdriven generation of a
lexical analyzer. However, it is possible to implement a hardded lexical analyzer
as suggested in [AhSU86]. Our work involving an empirical study éfrdcoding FAs

in general, therefore relates to hardcoding lexical analgws, since they merely model

FAs and additionally perform various other ad-hoc functions.

2.5.1 Summary of the section

Lexical analysis summarized above is one of the key problemsedily related to FAs
implementation and therefore, may be hardcoded for e cienc Many other compu-
tational problems such as graphic animation, image processjrayti cial intelligence
applications, cryptology and circuit design, protocol implmentation, genomic, etc
use FAs as a basic computational model. In many of these areas, the sotuts to
the problems encountered rely on the processing of automata ifsetimes very large)
using the classical table-driven approach. Hence there is a néednvestigate e cient
solutions by means of hardcoding as a possible alternative.
Yet another topic that relates to FAs is that of context free languages. The section

below focuses on context free languages and their relation tote automata.

2.6 Context Free Grammars

A context free grammar CFG) is a formal system that describes a language by

specifying how any legal expression can be derived from a distughed symbol called
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the axiom, or sentence of symbols [ELIO2]. £FG is normally speci ed as a set of
recursive rewriting rules (or productions) used to generate garns of strings. CFGs
are often used to de ned the syntax of programming languages. @F G consists of

the following components:

A set of terminals symbols, which are the characters of the alpbat that appear

in the strings generated by the grammar.

A set of non-terminals symbols representing patterns of termath symbols that

can be generated by the non-terminal symbols

A set of productions, representing rules for replacing non-teinals symbols on
the left side of the production in a string with other non-termnal or terminal

symbols on the right side of the production.

A start symbol, which is a special non-terminal symbol that appea in the

initial string generated by the grammar.
Formally, a CFG is a quadrupleG = (A;V; P;S) where:
A is the alphabet of terminal symbols
V is the set of non-terminals
P is the set of productions (rules such thaP Vx(V [ A))

S is the start symbol, which is an element o¥.

2.6.1 De nition

The notation a) g b for some non-terminal symbok and some stringb means that

there exists a so-called derivation frona to b using various production rulesP from
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G. The set of strings consisting of terminal symbols only that can béerived from
the start symbol of aCF G is a context free language@FL).

Thus, if G is a context free grammar, then its corresponding context fedanguage
isL(G)=fw2A :S) 5 wg.

2.6.2 Context Free Grammars and Regular expressions

Context free grammars are more powerful than regular expresss (therefore nite

automata) in the sense expressed by the following theorem:

Theorem

Any language that can be generated using regular expressiagan be generated by a
context free grammar. But there are languages generated bytext free grammars
that cannot be generated by any regular expressiorhe proof of this theorem can be
found in [AhUI72].

As described in [AhUI72], strings in &CFL can be recognized by using an appro-

priate push-down automatadescribed in more details below.

2.6.3 Push Down Automata

A Push Down Automaton (PDA) is a nite state machine that is equipped with a
memory device that functions as gush-down-store P DAs are accepting devices for
context free languages. They are therefore equivalent to dert free grammars in
the sense that, given any context free grammdsg, a push-down automatonA can be
derived that recognizes just the sentences generated Gy

A PDA consists of four components:

a control unit (CU),
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a Read unit (RU),
an input stream (IT ), and
a memory unit (MU).

The control unit, the read unit and the input stream are the sameas those of aFA,
except that the transition executed by the control unit of aP DA involves operations
to store symbols in, and retrieve symbols from its memory unit.

The memory unit of a PDA operates as a stack or push-down-store. As shown
in gure 2.3, the stack of aPDA can be treated as a list; symbols can be added,

remove only form one end of the list calletbp of the store. The push down store also

Input stream | 1] 0[0[1]0]0]1]0
T Read Unit

i Sg e Sy

1

o "

0 S S

T : o

nor ' ontrol Unit
Me&%@{()un't (Finite states)

Figure 2.3: A Push Down Automaton

contains the empty pointer that enables to know if the store is empty or not. The
store is said to be empty iftop = empty.

a PDA is therefore a sextuple; A;Z;  ; op; F) where:

K is a nite set of states,

A is a an alphabet representing the symbols of the input stream,
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Z is an alphabet representing the set of characters in the store,

is the transition relation of the machine which maps from

K A Z!'! 7Z K

G 2 K identi es the starting state of the machine, and

F K is a set of nal states.

Con guration

The con guration of a PDA at any stage in its processing of an input string is
determined by its current state and the contents of its store. & example, consider
a PDA currently in state ¢, where its push down store, in addition to the empty
store symbol zy, contains the symbolsz;z,:::z¢ with zc being the topmost. The
con guration of the automaton is then speci ed by the stringzyz,z,:::z¢¢. In general,
if the store contains the string 2 Z , then the con guration of the machine when

in state g isGgzy .

Transitions function

The transition function , ofa P DA may be represented as a set of ordered quintuples

(9;a2z;q;w) where;
g 2 K is a label identifying the current state

8 2 A is a symbol that can be read when the automaton is in the statg (if
the automaton does not need to read a character in order to mala transition,

then the symbol is the empty symbol)

z; 2 Z is the topmost symbol is the store
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g 2 K is the label of the next state
w 2 Z is the word contained in the store in the statey .

Using the rewriting rule format, the above transition can be witten as
gaz ! qwor(g;a;z)! (g;w):

Accepting conditions

A PDA that has read all the symbols of an input string 2 A and halts in the

con guration ¢ zo is said to accept if either one of the following conditions is met:

Final state condition: the state ¢ is an nal state of the PDA {thatis, ¢ 2 F,
where F is the set of nal states. The string symbol 2 Z left in the store
above the empty store symbok, need not necessarily be null, although it can

be the case that =

Empty store condition: the push down store is empty, that is, it contains only
the empty store symbolz, meaning that = . The state ¢, in which the
machine halts need not necessarily be a nal state, although itaa be the case
that ¢ 2 F.

Language of a PDA

The languageL (A) of a push down automatonA is de ned as follows

LA)=f @ 2A;®mz0=) G2z;qs 2For = ¢

2.6.4 Parsing and Code Generation

A thorough investigation on what has already been done in hacdding algorithms

to implement FAs yields to two particular elds of study that use automata as bas
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model for solving more speci ¢ problems: parsing and code gen@éra. Both domains
are similar even though the second tends to contain the rst.

Code generation is precisely about writing programs that wie programs[Herr03].
For the case of our work, a code generator is a program that geates a parser. The
program is supplied with a speci cation of the input process (ctdext free grammar)
as well as a low level input routine (the lexical analyzer) thandle basic items (called
tokens) from input stream [GRJA91]. The tokens supplied are org&ed according
to the input structure rules (grammar rules). The parser genetad is then useful to
handle user input based on the rules that have been speci ed atrgation time.

Parsing is the process of structuring a linear representation iaccordance with
a given grammar[GRJA91]. In general, a parser is an algorithmhat determines
whether a given input string is in a language, and produces a s tree for the input
if it is or an error message otherwise. Parsers are therefore syiteal analyzers
for compilers. They are generated from context free grammatisat characterize the
language being used for testing the input string. There are sew¢rtypes of parsers
depending to the properties of the language upon which thegalrithm is based. One
of the most widely used that require a nearly linear time are LR grsers. They are
based on the left-to-righf technique, and they perform identi cation of he right most
production. As described in [GRJA91], LR parsers are determinist bottom-up*

parsers having the following general characteristics:
The determinism of such parsers lies in the fact that a shift inveés no move.

The right-most production expands the right-most non-termimal in a sentential
form, by replacing it by one of its right-hand side. A sentencesiproduced by

repeated right-most production until no non-terminal remans.

3The input is scanned from left to right
4Checking whether a string is part of the grammar is done from bottom to up as opsed to the
conventional top-down approach
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Each step of a bottom-up parser working on a sentential form, idé es the
latest right-most production and undoes it by reducing a segméewnf the input
to the non-terminal it derived from. The identi ed segment iscalledthe handle
Since the parser starts with the nal sentential form of the prodction process

(the input), it nds its rst reduction rather to the left end.

Constructing the control mechanism of a parser can be implemeat directly or using a
code generator. The parser in most casetable-driven consisting of drivers (routines)
and one or more tables that describe its grammar as well as trexical analyzer it is
based upon. For table-driven parsers, the tables describing tgeammar on which the
parser is calledparse table In the parse table, the columns might contain terminal
and/or non-terminal symbols, the rows generally contain the stes of the push-down
machine described by the grammar, and the entries contain thgroduction rules.
Parse table might considerably be large and complex, leading important processing
speed aws at run-time. It is therefore of importance to explee alternative ways
of representing the table to ensure e cient processing speed ofdhparser during
syntactical analysis.

Most of the work that has been done fohardcoding parser algorithms relied on
LR parsing as basic technique. The overall goal was to optimitiee parse table pro-
cessing speed by avoiding the implementation of table-driveragsers. In this case,
the drivers of the parser are implemented is such a way that theapse table is imbed-
ded into it using hardcoding implementation technique. It shold be emphasized
that such a strategy do not take into consideration implementabn issues related to
the lexical analyzer, since for various compilers lexical alysis is not part of pars-
ing. However, since the overall data structure required to impment a parse table is
fully determined by the structure of a Push Down Automaton PDA), thus involv-
ing transitions functions implementation into hardcode, itmight be useful to explore

empirically the implementation of a lexical analyzer for exmple using hardcoding
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technique.
There exist various parsing techniques and details can be falm standard in-
troductory texts that cover the subject in more detail as in [AIBU86]. In the next

subsections we summarize some of the parsing techniques that canhardcoded.

Top-down parsing

Given an input string, the top-down parsing starts with the staring state and at-

tempts to reproduce the input. One of the popular implement#on technique use for
top-down parsing isrecursive-descent parsing With this technique, a set of recur-
sive procedures are executed to process the input. A proceduseassociated with
each nonterminal of a grammar. This mechanism therefore afla the fact that a

recursive-descent parsers are hardcoded into procedures. Epobcedure associated
to a nonterminal decides which production rule to be use by l&mg at the lookahead

symbol. The procedure also uses a production by mimicking itsght side. More

details on top-down parsing and its various versions can be fodiin [GRJA91], and

[AhSU8E].

Bottom-up parsing

This method is in general known as shift-reduce parsing. It ampts to construct
a parse tree for an input string beginning at the leaves (bottojmand working up
towards the starting symbol of the grammar's rule (the top). Tle process therefore
reduces the input string to the start symbol. Explicit details m Bottom-up parsing
maybe found in [GRJA91, AhSU86]. Furthermore, we present LR pargj in more
details since it appears to be necessary for an understanding bétnext Section on
related work

LR parsing is an e cient, bottom-up syntax analysis technique hat can be used

by a large class ofCFGs. The letter "L" denotes left-to-right scanning of the input,
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and "R" stands for constructing the rightmost derivation in rewverse. An LR parser is
made of an input bu er, a stack, the LR parsing program (driver) and the parsing
table which is itself made of a functioraction and a function gota

The driver reads characters from the input bu er one at a time It uses the stack
to store a string of the formsyX 1S:::: X mSm, Wheres, in on top of the stack. EachX;
is a grammar symbol and eacls; is a symbol called a state. Each state summarizes
information contained in the stack below it. A combination ofthe state symbol on
top of the stack and the current input symbol are used to access thmarsing table
and perform the shift-reduce parsing decision. The driver detaines s,,, the state
currently on top of the stack, anda;, the current input symbol. It then consults
action[sy; &), the parsing action table entry for the states;,, and input a. The

result can be one of the following four values:
1. shift s, wheres is a state,
2. reduce by a grammar production,
3. accept, or
4. error.
The overall LR parsing algorithm can therefore be summarizedsdollows:

Algorithm 2. LR parsing
begin algorithm
pointer:= text[0];
while (True) do
s:= top(stack);
a:= pointer;

if (action[s,a] = shift s") then
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push a;
push s';
pointer := pointer+1;

else if (action[s,a] = reduce A ! )then
pop2 j | symbols o the stack;
s".= top(stack);
push@);
push@otds®, A]);
output A ! ;

else if (action[s,a]=accept)then
exit;

else
error();
exit;

end while

end algorithm

The algorithm above takes as input a string and a parsing tableith functions
action and goto for a grammar. It outputs a bottom-up parse tree if the input ispart
of the language described by the grammar; otherwise it outputs error signal. This
algorithm is conventionally said to execute table-interpréve LR parsing.

When a parser generator is provided with a BNF formula describgna CFG (an
LR grammar), then it will automatically generate the parsingtable, its stack, and
the driver program for executing table-interpretive LR pasing. YACC is one of the
best known LR parser generator that works precisely as describaldove.

The algorithm is implemented using a \driver" routine contaning a loop. In each
iteration of the loop, a single parse action is made: a terminahift, a reduction,

an acceptance of the input, or the emission of an error message. determine the
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action, the state on the top of the parse stack and the current ing symbol have to
be considered. It follows that three to four array accesses arsually su cient to
determine the next action. However, when more than one redueetion is needed, a
list searching is required to determine the next action. The maber of instructions
required by the algorithm for a parsing action appears to be de high. One way of
seeking greater e ciency in implementing the LR parsing algathm is by hardcoding
aspects of the parsing table as well as the stack into the algdmt itself. Various
authors have explored this broad strategy in various ways. Theection below presents
work that has been directed at using hardcoding to improve e iency of the LR

parsing algorithms.

2.7 Related Work

The subsections below present in a chronological order, the Wwasf authors who, to
the best of the author's knowledge, have been the most promirtein investigating

the hardcoding of LR parsing algorithms.

2.7.1 Pennello

In 1986, Thomas J. Pennelo created a system that produced haoated parsers in
assembly language [Penn86]. The system was a parser generatot th&es as in-
put a BNF description of an LR grammar and automatically generates a hdcoded
parser in assembly language. The generated parser in turn takes iaput a string
and produces its parse tree if the string is syntactically corcé or an error message
otherwise. Pennello observed that by encoding the parser ditlgcinto assembly code
the parsing time can be signi cantly improved.

Various strategies are used to implement the stack and the pargitable. While

full details are available in the original article, two featires of Pennelo's approach are
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highlighted below.

Firstly, in the hardcoded assembly language, it is unnecessary éncode the stack as
a separate data structure. The essence of the LR parsing algorithgiven above, is
that the stack contents (and speci cally, the top of the stack) @&termines the next
action to take in terms of the next input symbol. In the hardco@&d counterpart to

this algorithm, a labelled section of code is associated with @astack state. By

directing control to appropriate labels, code that handles given state is executed.
For example, ashift action is carried out by executing a simple jump to a label
associated with code for the destination state. When a reductioly a production

p is indicated, a jump is made to the simple routine that handlep since such a
reduction may occur in several states. A jump to another label ithen executed
to carry out instructions associated with the destination state & determined by the
left part of the production. The source-code below providesogsible forms for the

assembly language code associated with speci c states.

$Q_n$: call Scan; only if accessed by a terminal (get the next
input symbol).
push address of label $NTXQ_n$ on machine stack

linear search for a terminal transition

or

mov Base_reg, Base

call Find_T_transition

jump to default reduction(rare)

or

binary search for default reduction(rare)

or

jump to error handler if no reductions possible

SNTXQ_n$: binary search for default reduction
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or

in-line code to extract transition from NT_next

reduce state for production
p: $Q_p$: call Scan ; only if
accessed by a terminal.

mov R_NT,Left part

jmp $Reduce {L-1}$

or

jmp Reduce_minus_1L

or

mov R_RPL, L-1

jmp ReduceN

or

mov R_RPL,L

jmp Reduce_minus_1N
SNSQ_p$: mov R_NT, Left part

jmp $Reduce_L$

or

mov R_RPL, L

jmp ReduceN

Secondly, in Penello's system, the hardcoded implementatiaf the parsing table
relies on a thorough analysis that is undertaken by the prognagenerator. In e ect, it
analyzes the transitions speci ed by the parse table in any ginestate s to determine
the resulting value ofaction[s; a] for each possible terminal symboh. The resulting
value is either an injunction to shift to a speci ed new state, orto reduce to by a

speci ed production, p. The code below shows an example of the code associated
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with a state labelled Q23 indicating the \shift" transitions to be made if one of the
nine terminal symbols "a',...,"I', is encountered in that st&@. In this case, a linear
search for the current symbol is used to arrive at the appropriatjump to be made
when that symbol occurs in that state. If the current symbol is nbone of the nine
terminal symbols, then a jump is indicated to code that handlea \reduce" operation

in regard to production number 20.

Q23: call Scan
;since accessed by a terminal.
push address of NTXQ23
cmp R_T,4 ; If 'a
je Q11 ; shift to 11 on 'a'
cmp R_T,5; If 'b
je Q12 : shift to 12 on 'b’
; assume similar code for 'c' to 'h’
je Q19 ; shift to 19 on '
jmp NSQ20 ; Reduce by production 20

Similarly, the part of the parsing table represented byotds; A] in the previously
speci ed LR algorithm needs to be hardcoded to indicate, for given states, what
the resulting state will be when reducing a given productio. The code below
shows an example of the code associated with a state labelled NTX3Q2ndicating
the \reduce" transitions to be made if one of the ten nontermialsA...I is encountered
in that state. Note that in this case, a binary search for the releant non-terminal
symbol is used to arrive at the appropriate jump to be made. In Pello’'s system, the
decision to use a linear search, a binary search or a jump table srpof the analysis

to be carried out by the program generator.

NTXQ23: Binary search for nonterminal transition
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cmp R_NT,19
ja L1

cmp R_NT,16
jl Q33

je Q25

cmp R_NT,18
jl Q26

je Q27

jmp Q28
cmp R_NT,21
jl Q29

je Q30

cmp R_NT,23
jl Q31

je Q32

jmp Q24

f E

Af B

;shift to 33 on A
;shift to 25 on B
;If D

;shift to 26 on C
;shift to 27 on D
; shift to 28 on E
0 G

;shift to 29 on F
;shift to 30 on G
if |

;shift to 31 on H
;shift to 32 on |
;shift to 24 on K
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The resulting hardcoded parser is reported to have shown a 6 to féctor im-

provement in speed over his table-driven system. However, thisiproved speed is

achieved at a cost of a factor of 2 to 4 increase in space requir@ise Full details on

Pennello's work may be found in [Penn86].

2.7.2 Horspool and Whitney

Horspool and Whitney in [HoWh88] proposed a number of additionaptimizations

for hardcoding LR parsers. They used Pennello's attempt at optiizing decision

sequences via appropriately implementing either a linear geh, a binary search or the

using of a jump table. But, in addition, they use an adaptive optnization strategy.
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The strategy involves an analysis of the nite state machine (tb goto function in
the parsing table), as well as some low level code optimizat®rthat increase the
processing speed and decrease the code size.

They start by observing that many stack accesses (push, and pop) duwy LR
parsing are redundant. Therefore using "Minimal Push" optimiation techniques,
they eliminate these redundant actions. The main observatios that only states with
non-terminal transitions need to be pushed onto the stack. Sudates are the only
ones which may be consulted after a reduce production. Thistopization implies an
optimized way of dealing with the various right-recursive rles of the LR grammar.
For example, a list containingn identi ers would require only n stack pushes, because
pushes relating to the comma separator of list elements are suppsed in terms of
their stack optimization strategy.

Another optimization used is the technique ofJnit Rule Elimination. They note
that grammars often contain productions in the formA ! X, where X represents
either a terminal or nonterminal symbol. Such a production igalled unit rule. LR
parsers generated from grammars containingnit rules have an in ated number of
states. The overall observation is that if there is no semantic aon associated with
a unit rule in the parsing table, the transition associated with sch a unit rule may
be deleted.

Having applied the above strategies during the construction @he LR parser, all
that remains is to implement the parser directly into assemblyade as suggested by
Pennello.

Their parsers generator also creates a directly executable farser that operates
at faster speed than the conventional equivalent, while simaheously requiring a
decreased amount of storage relative to the parsers generatgddennello. The parsers
created were 5 to 8 times faster than the equivalent table-dien parsers generated
by YACC.
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2.7.3 Bhamidiapaty and Proebsting

Bhamidipaty and Proebsting in [BhPr95] developed a YACC-copatible® parser gen-
erator that creates parsers that are 2.5 to 6.5 times faster thahose generated by
YACC. The tool creates directly executable hardcoded parsem ANSI C (as opposed
to Pennelo's assembly code), whereas yacc produces tablexeii parsers. Their sys-
tem creates code that is responsible for simulating the actiori each state, this action
being based upon the current input token. States labelled wWittokens are calledshift

statesand they require extra code to advance the lexical analyZerAn extract of the

hardcoded version of the implementation of a given state N is sho below:

State_N:
stack --- > state = N;
If N is ashift state , then

stack -> semantic = yyval; // Put lexical semantic entry on st ack
token = yylex(); /I Advance lexical analysis
yyerrorstatus++; /lupdate error-recovery counter

if (++stack == EQOS) gotostack_overflow;

state_action_N: /[Error-recovery entry point

switch(token){

case Q: goto state X ; /I iff shift = action[N,Q], X = goto[N,Q

case R: goto reduce_Y; /I iff reducey = action[N,R]

case S: goto error_handler; // iff error = action[N,S]

case T: goto YYACCEPT, /I iff accept = action[N,T]

5The generator creates LR directly executable LR parsers exactly as YACC, but the LR parer
is not implemented using table-driven approach as YACC does
®Recall that the parser generator requires a reference to the lexical analyzer. The latteis used,

in turn, to identify tokens for the parser.
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/I The action table determines the defaults action for N:
default:  goto error_handler;
or

default: goto reduce Z;

}

In the same way as Pennello's system, one piece of code (hardg¢aslenplemented
for each production, avoiding therefore the use of externalath from memory (the
table). Nonterminal transitions are implemented using switch sitements, enabling
a jump to the appropriate state from the current state. An empircal evaluation of
the method showed speedup factors ranging between 2.5 and 6Not surprisingly,
there was a code size increase of up to 128% but in practice, thapresented less

than 75KB in space.

2.8 Summary of the chapter

In this chapter, we have presented various aspects of compudithat use anFA as a
basic tool to solve a certain computational problem. We have siva the relationship
of FAs with regular expressions, pattern matchers, and context free gnmars. We
have also shown that considerable work has already been done erdcoding LR
parsers by means of implementing e cient code generator progms. These take the
BNF form of the LR grammar and generate a directly executable LRapser. Yet
another variant of LR parsing which is implemented by hardcadg each state of the
LR automaton as a procedure. In this case, a shift calls the predure. The manip-
ulation of the stack is avoided using embedded reduced actionto the procedure.
Details about recursive-ascent parsingnay be found in [AhSU86] and [Krus88].

The present work does not extend what has already been done iarticoding LR
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parsers. Rather, we restrict ourselves to hardcoding of nite domata in general.

Thus, our work relates to hardcoded possibilities for lexicalnalyzers, regular expres-
sion recognizers, pattern matchers, and any other string recagan problem where

an FA is the underlying model.

The main concern in this work is theprocessing speed of FABY this we meant the
time taken by a device to accept or reject a string. We focus ohé complexity metric
de ned above, trying to minimize its value as much as possiblesing appropriate
programming techniques. The next chapters deal with the theetical and practical
aspects of the implementation and experimentation of hardded algorithms on nite
automata. Of course, experiments are conducted using as bagis traditional table-

driven implementation approach that is used by most automatanmplementers.



Chapter 3

Problem Domain Restriction

3.1 Introduction

In this chapter, we present abstractions to characterize therpblem of concern. The
chapter starts with a general speci cation of both the table-dven and the hardcoded
algorithms to implement anFA. A theoretical evaluation is made on both methods.
It is shown that at the theoretical level no order of magnitudedi erences between
hardcoding and the table-driven approach are observable. Hever, such an analysis
does not illuminate likely behaviour in practical situatiors. To do this, an empirical
analysis of the behaviour of the two approaches is required.e@&ion 3.5 justi es
the restriction of the problem domain in a particular way in oder to facilitate such
an empirical analysis. The actual empirical analysis is discusseda later chapter.
The chapter ends with a speci cation of how each of the two algéhms would be

specialized when applied to the restricted domain.
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3.2 The Table-Driven Algorithm

A table-driven algorithm is the usual basis for ascertaining wéther a string str is a
member of the language generated by dPA, M. Consider a string,str, of length
len > 0, and a tabletransition [i][j] that represents the transition function of M,
where 0 i < numberOfStates and 0 | < alphabetSize ®. If the automaton is in
state i, and the next character in the input string isj, then transition [i][j ] indicates
the next state of the automaton. Interprettransition [i][j] = 1 to mean that the
automaton cannot make a transition in statei on input j. Algorithm 3 shows how
the string str is conventionally tested for membership of the language acteg by
M.

Algorithm 3.  Table-driven string recognition

function recognize(str,transition):boolean

state = O;

stringPos := 0;

while (stringPos < len) *(state 0) do
state := transition[state][str[stringPos]];
stringPos := stringPos+1;

end while

if state O
return(false);

else
return(true);

end if

end function

LIf the table is very sparse, its representation can also be based on linked & rather than on
arrays. Details are not important in the present context, and do not materially a ect the argument.
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In terms of complexity, Algorithm 3 largely depends on the legth of the string
being tested for recognition. Thus the worst case scenario regps O(len) time to
be completed. Our aim is to improve the algorithm using hardabng. The section
below depicts the hardcoded algorithm of a giveRA that serves as a basis for our

investigation.

3.3 The Hardcoded Algorithm

Hardcoding the recognition of a string avoids the use of a tablesaa parameter,
but generates instead, code that is speci cally characteristiof a given transition
table. The idea is to break the transition table into instructons, so that the result-
ing algorithm does not use external data, and has integratedsirequired data. To
do so, we analyze each state of the automaton by grouping into at ¢ symbols
of the automaton's alphabet that may trigger a transition in that state. We call
validSymbols the set representing all symbols that may trigger a transition irstate
i. We also callnextStates; 2 the set of all those states that can be reached if an
element ofvalidSymbols triggers a transition in statei. We incorporate labels into
the algorithm that mark the piece of code dealing with each sta such that, at a
given statek, if the current input symbol belongs to the setvalidSymbols, then a
transition is made to its corresponding next state in the sehextStates, or true is
returned if the end ofstr has been reached; otherwidalse is returned.

Consider a string,str, of lengthlen > 0, and anFA, M of numberOfStates len
states. Algorithm 4 depicts how the stringstr is tested for membership of the language
accepted byM . Note that the a statement of the formgoto nextStates;; is intended

as shorthand for a number of successive conditional instructionsach indicating

2The fact that we are dealing with deterministic nite automata requires that a uniq ue element
of validSymbols; corresponds a unique element ofiextStates; to be transited to. This is a form of
surjective relation betweennextStates; and validSymbols;.



jumps to speci c labels, depending on the precise value s [i].

Algorithm 4. Hardcoding string recognition

function recognize(str)boolean
statey:
if str[0] Z validSymbob
return(false);
elseif len=1
return(true);
else
goto nextStates;;
end if
state;:
if str[1] 2 validSymbok
return(false);
else if len =2
return(true);
else
goto nextStates;;
end if
state,:
if str[2] Z validSymbob
return(false);
else if len =3
return(true);
else
goto nextStatess;
end if
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StatenumberOfStates 1:

if strfnumberOfStates-1]2 validSymbohymperofstates 1
return(false);

else
return(true);

end if

end function

The production of algorithm 4 may seem cumbersome. However, itight o er
some speed advantages that we will investigate in the next sectioThe algorithm's
execution time clearly depends on the length of the string beg tested for recogni-
tion. The worst case complexity isO(len). The next section provides a theoretical

comparison between algorithm 3 and 4.

3.4 Comparison of Hardcoding and Table-Driven
Algorithms
Three factors may be taken into consideration when comparirtge two algorithms:
the code size;

the memory load as represented by the data structures requirddr the algo-

rithms; and

the complexity as measured by an order of magnitude estimate thfe number

of instructions that have to be executed for a given input.
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Hardcode Softcode Remarks
Instructions 4 numberOfStates 5+2 len Softcode
required seems better
Data required 1 2+alphabet States | Hardcode seems bette
Complexity O(len) O(len) Both equivalents

Table 3.1: Evaluation of algorithm 3 and 4

Any other factor one can specify falls under one of the above ntemed. The number
of instructions determines the code size whereas the amount @dita used in the
algorithm determines the memory load. In the extreme, if theode size becomes too
large, it may not be possible to compile it. On the other hand, ithe memory load
is excessively large, it might not be possible to execute the coibegl program. In
between scenarios might also occur, where various levels offeamemory are used.
However, for the present, these extreme scenarios will be ignibren later sections,
the impact of cache memory will be investigated.

It is possible to perform a comparative evaluation of algoritim 3 and 4, based on
the above, as depicted in table 3.1.

The two algorithms share the same order of magnitude compleyitwhich { for
both algorithms { is linear in the number of characters in thestring to be recognized
by the FA. The code size and the memory load are also important factorsree and
there are clear di erences between the two approaches. Thebta entries in regard
to these factors are to be justi ed below.

Hardcoding requires very little additional data, due to the &ct that much of the
data has directly been hardcoded. This is justi ed by the presee of the value 1 in
the corresponding cell in the table. In e ect, as shown in algdhm 4, at each state,
there is a single conditional statement that performs a test onhe current symbol
of the string (str[i]). The symbol is loaded in the memory; this justi es the fact
that 1 data (one memory access) is performed at each state. Any ethoperations

are considered to be hardcoded. Thien of the string is automatically evaluated at
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run/compile time, validSymbols is known in advanced, therefore, hardcoded.

The table-driven approach, on the other hand, heavily depels on data, thus
memory load. The algorithm requires just before starting thedop, 2 data access in
the memory (fromstate and stringP 0s); the algorithm also requires entries in a table
representing the transition between one symbol in the alphaband an a given state,
thus the factor alphabet state where alphabetrepresents the number of elements
in the alphabet of the grammar that describes thd=A. This justi es the fact that
2 + alphabet state data are required in the worst case by algorithm 3.

Very few instructions are needed to implement table-drivenpgproach, but that is
not the case for hardcoding. The latter requires approximaleg4 numberOfStates
instructions, which is very consistent compared to the table-dren which only requires
2 len (len numberOfStates). Theoretically, if memory load constitutes our
assessment standard, hardcoding implementation is far betterah the traditional
table-driven implementation of nite state automata. The inverse is veri ed when
the criterion is the code size. With better compressiof techniques applied at the
encoding stage, it is also possible to overcome the problem of ssmementioned in
[HOWh88]. This results in a very e cient hardcoding algorithm, compared to the
traditional table driven implementation.

Having established theoretically the advantage of using hardde over table-driven
method, the next section performs some observations on table Hat results in the

restriction of the problem domain.

3.5 Problem Restriction

Observations on table 1 suggest that measurements are approxiels linear. The

following remarks can be made:

3The compression of hardcode is beyond the scope of this work. At present, the maj@oncern
is to establish the e ciency of hardcode in terms of processing speed and not code size.
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For hardcoding:

{ the number of instructions is approximately 4 numberOfStates, meaning
that there are four basic instructions* that are executed in each state of

the automaton.

{ the amount of data required in the memory is simply the string tobe
recognized, all other data being directly hardcoded and sted as values in

the algorithm's variables (en, validSymbol);
For softcoding:

{ The number of instructions is approximately 2 len {i.e. two instructions

are executed per symbol of the string to be recognized;

{ The amount of data required isalphabetSize numberOfStates; so that
in any given state, each symbol of the string has its allied entrin the

table.
Based on the above, the following restrictions suggest themsealve

Rather than studying an entire string, it seems reasonable to alyae the re-
sponse to a single symbol of the alphabet at a time and to draw tertiee
conclusions about the behaviour of an entire string on this basi At a later
stage, a more complete investigation into the behaviour of thalgorithm in

relation to a complete string can be explored.

Rather than analyzing a complete automaton that may consist @& large number
of states, it seems reasonable to restrict attention to a limited grtion of the

automaton { in fact, to a single arbitrary state { without the lo ss of generality.

4This is, of course, an abstraction since in each case, the instruction, gotoextStates; in fact
implies the execution of several additional instructions, as has previously been noted.
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Algorithm 4 consists of near-identical chunks of code, each ctludealing with
a state of the automaton. In terms of processing speed, each chuwkl consume
the same time. Therefore, analyzing the performance of an arary chunk of the
algorithm appears to be a reasonable strategy, since the entipeocessing speed of
the algorithm will simply be a multiple of the time taken for a shgle chunk.

From the point of view of the present discussion, the most importarportion of
algorithm 3 is the iteration to be performed when processing argtg. That portion
of the algorithm corresponds in fact to the process of recogmin of a single symbol,
repeated several time according to the length of the string b recognized. It is
thus possible restrict further analysis to a single iteration ofite loop, which in fact
corresponds to the analysis of some single state of the automatan & given symbol
of the string.

Without the loss of generality, therefore, the original prokem can be restricted to
the study of some arbitrary single state of some nite state automain. Conclusions

will be drawn later about complete automata that may have seval states.

3.6 Single Symbol Recognition

In algorithm 3, each iteration of the loop processes a single syailof an input string.
Under normal circumstances, the time taken to process such a singigmbol is inde-
pendent of both the symbol itself and of its position in the string A consideration
of the time taken to process a single symbol instead of an entire isig is assumed
to be a reasonable basis for comparing various string processirigogithms. This
does not imply that the study of each algorithm would be limitd to a study of how
it behaves in a single xed state. Instead, both the symbol to be pcessed, and
the transitions allowed from an assumed single state were randgngenerated over

many di erent simulation runs. In each case, a single state of an tamaton has a
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randomly determined set of legal transitions on some set of rantty selected alpha-
bet symbols and is considered to have no transition at all on themaining alphabet
symbols. Figure 3.1 depicts one such a state, where the ve outearrepresent ve

legal transitions associated with di erent input alphabet symiols.

Figure 3.1: A state in the transition diagram of some nite autonaton

>

a/bjc|d|e|f]|g
8/-1/-1/-1/10(14|5|5

Figure 3.2: A transition array for a state of some automaton

Figure 3.2 shows the possible transitions associated with such segltate of an
automaton. The gure depicts a one-dimensional array, that my be regarded as a
row of a transition matrix of someFA. The array is indexed by theFA's alphabet:
fa;b;c;d;e;f;g;m°. Each entry of the table contains either a valid transition véue
(which indicates some arbitrary next state) or no transition atall (represented by the
value 1). Figure 3.2 therefore indicates a state where there will bee transition to

state 8 upon encountering ara symbol in the input, no transition is possible forb, ¢

SFor simplicity, we assume that alphabet symbols are permitted as arrayindices, and that indices
are ordered in some reasonable way, e.g. in ASCII representation order.
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or d inputs, a transition to state 10 upon inpute, etc. Algorithm 5 depicts in pseudo
code how the array can be referenced to determine whether aigrary input symbol

is rejected in the given state of the automaton or not.

Algorithm 5.  Character testing on a state of some automaton

function recChar(character,transition):boolean
return(transition[character] 6 -1);

end function

The point about this very simple pseudo code is that it is indepment of the actual
content of the transition array, in the sense that the pseudo coddoes not need to
change for di erent values in the transition array. It is thusdecidedly a speci cation
for a softcoded version of the task at hand { it may be regarded a®é version of
table-driven algorithm 3 that has been trimmed down to deal w#h one symbol in

some arbitrary state described by the transition array.

3.7 Hardcoding Single Symbol Recognition

Hardcoding generates code that is speci cally characteristiof a given transition
array. Algorithm 6 shows an example, in pseudo-code, of the haatle to deal with
the single state transition array depicted in gure 3.2. Note thathis hardcode has

to change whenever a transition table with di erent entries$ to be used.

Algorithm 6. Hardcode of a transition array of nite automaton in the gure 3.2

function hardCode(character)boolean
if (character=b)_(character=c)_(character=d)
return(false);
else if (character=a)_(character=e) (character=f) _(character=Q)

_ (character=h)
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return(true);
end if

end function

We are interested in determining how algorithms 5 and 6 comparin terms of
their time performance. Of course, there are many sources ofriedion that require

study in order to draw general conclusions:

Algorithms 5 and 6 are presented in Pascal like pseudo-code laage format.
For empirical cross-comparison, they have to be translated intearious high
and low-level language implementations. Six di erent impl@entations were
examined in this study (one of algorithm 5 and ve of algorithm6). These are

described in chapter 5.

The algorithms' performance may vary from one hardware platfm to another.

Hardware considerations are discussed in the next chapter.

The algorithms' performance should be compared in relation tmany di erent
input scenarios. Algorithm 7 in section 5.2 describes how variouandomized

transition arrays were generated for the study.

3.8 Summary

In this chapter, we have presented table-driven and hardcadj speci cations of nite
state automata and theoretical comparisons have been perfagth A rationale has
been given for restricting the problem domain to a single statef gome nite state
automata for some arbitrary symbol. We now need to present toolequired to
conduct practical experiments on algorithms 5 and 6. This ostitutes the theme of

the next chapter.



Chapter 4

Tools and Methodology

4.1 Introduction

The realization of a practical comparative study requires th selection of basic tools
needed to achieve the goals; it also requires the setup of meagsaich experiments
will be carried out. This chapter aims to address those issues. Teaequired for
cross-comparing hardcoding and softcoding of nite state autoata are presented,

and a strategy is designed for the experiments.

4.2 Hardware Considerations

Finite automata implementation can be carried out on any peonal computer as well
as special purpose computing devices designed to handle spesiate transition tasks.
A personal computer was regarded as a good choice for the expentation, not only
because of the convenience of being readily available, bus@lbecause programs can
be written and tested with little e ort and at relatively low ¢ oast. The con guration of
the computer system was not considered to be of prime concern aese the overall

objective of the study relates to the processing speed and not tbet strength of

50



51

the computer's other components. Several kinds of processorsrev available for
our experiments. Those we had to choose from included AMD, Celarand Intel
processors. It is known that AMD and Celeron are both Intel compdéile because
they have integrated some emulators that handle Intel-spea instructions. In the
absence of any selection criteria that strongly commended thesel of one processor
over another, it was decided that the use of Intel processors wdserve as an adequate
and convenient tool to be used for the empirical study. The aimas been to produce a
guantitative evaluation of two FAs implementation techniques, independently of the
type of hardware being used. Consequently, it is considered ikelly that the results
the experiments conducted would be signi cantly di erent ifany other compatible
processor had been used.

Our experiment was performed on the Intel architecture (1A 8){ specically a
Pentium 4 at 1 GHz with 512 MB RAM and 10GB of Hard drive. While the voad
conclusions of the study are unlikely to be a ected if other hatlware had been used,

veri cation of this claim remains an aspect for further study.

4.3 Software Considerations

Any operating system platform could have been used to conduct thexperiments.
We have chosen to work under Linux because its RedHat version imporates free
software which can be use to encode programs. In addition, anyogramming lan-
guage could have been used to implement nite state machinesdanonduct proper
experiments. As high-level language, we considered C++ to be table because it
0 ers many optimization options. The g++ compiler of the free software foundation
group gnu was used. Netwide Assembler (NASM) was our low-level assesnlbf
choice, merely because of its simplicity. Any other assembler ¢dinave been chosen,

based primarily convenience of use. Having established the sui@lprogramming



52

environment and operating system platform, the software needdo produce the re-
sults of the experiment in graphical form was selected. We haa tmake a choice
between gnuplot and Microsoft Excel for Windows because theyoth o er plotting

capabilities on data collected. For simplicity reasons, we che Microsoft Excel.

4.4 The Intel Pentium Read Time Stamp Counter
Instruction

Since the experiment involved cross-comparison of times takdéor di erent algo-
rithms, it required the use of a software instruction to measure mes. On Intel
microprocessors, the so-called time stamp counter keeps an aateircount of every
cycle that occurs in the processor. The time stamp counter is a &t model speci c
register (MSR) which is incremented at every clock cycle [lat]. Whether invoked
directly as a low-level assembly instructions, or via some higbyel language instruc-
tion, the RDTSC! instruction allows one to read the time stamp counter before an
after executing critical sections of code, and thereby to detmine approximately the
time taken to execute these critical code sections. It was ext&Emely used in the coded

experiments of this study.

4.5 Random Number Generation

In this experiment that was to be conducted orfFAs, or more precisely on an arbitrary
state of someFA, we needed a way to simulate the behavior of tHéA in such a state.
Lacking a repository that contained a representative sample ofiite automata to

conduct the experiments, we have chosen to randomly generater @wn arbitrary

1Read Time Stamp Counter
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state of a nite automaton. By a randomized state is meant one tht is characterized

by:

A random set of symbols representing the alphabet from which isleeted a
random subset of symbols. Each of which triggers a transition to aslandomly
determined next state. Whereas the complement of the randomts# symbols,

represents symbols that do not trigger transitions at all.

The size of the random subset of symbols that could trigger trangins, was also
determined randomly. This number determined thedensity of the transition

function (i.e. the proportion of valid transitions).

To be able to obtain reasonably representative data, we needé&m generate on this
random basis a large number of such arbitrary single states andeth to use them for
experiments. The use of an optimal random number generator g@am was therefore
of interest. According to [PTVF02], the e ciency of a random nunber generator
algorithm largely depends upon the size of the data to geneetis well as on the
kind of data to be generated. Three main options for random mober generation
are proposed in [PTVF02]; Source-code 9, 10 and 11 in appendix dgpict each of
them written in C++. The type of values we aimed to produce wasn the order

of hundreds. The series to be generated does not need to follove@x statistical

laws other than to be random. We aimed to produce a series thabds not contain
repetitive values, so that all possible symbols were used in the epnent. We chose
the function ran2 (source-code 10) for its e ciency, and forts ability to produce in a

single run fairly randomized numbers. These properties are dissed in [PTVF02].
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4.6 Methodology

We aimed to cross-compare various hardcoding implementat®against one another
and also against the table-driven method. The implementationf the table-driven
speci cation is straightforward and any programming languag may be used. Further
details need to be provided for the hardcoding technique, bause several implemen-
tations both in high-level and low-level languages were csidered.

Using a high level language, algorithm 6 can be coded in two wayather switch
statements or nested conditional statements (if...then..g...) could be used. It was
decided to investigate three strategies in a low-level langge, namely: the use of jump
tables, the implementation of a linear search and the use of soied direct jumps.
Figure 4.1 depicts the overall process ow used to compare th@nous hardcoded
implementations and the table-driven implementation. Figre 4.1 gives an overview
of the main processes involved in the design and execution of teeperiment. The
process started by designing and implementing code that prodesea random transi-
tion array. Such an array is used as input to a table-driven appach for recognizing
a character of a string (i.e. an implementation of algorithm b It is also used to
hardcode (i.e. implement) algorithm 6 in several di erent wgs. The gure shows
two branches taken in regard to the hardcoding endeavor. Thest provides two
high-level language hardcoded implementations, and the sedo three low-level (i.e.
assembly) language hardcoded implementations. Figure 4.1 thalludes to a total
of ve separate hardcode generating programs. Each such progrdakes as input,
some transition array indicating how transitions from a single stte of anFA are to
be made, and generates as output, the corresponding hardcadehandle a single
input character in terms of such a transition array. In addition, a C++ version of the
\table-driven" algorithm 5 also takes the same transition arrg as input, as well as

the single randomly generated input character. The entry m&ed \Generate random
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characters" in gure 4.1 therefore alludes to the generatioof this random character
that is used as input for a total of six di erent programs. As suggesd in the gure,

readings of the time stamp counter were appropriately embedd in each of the pro-
grams, making it possible to plot and compare the relevant exemon times taken by

each program.

4.7 Chapter Summary

We have presented in this chapter practical tools needed to rduct the intended
experiments. Issues relating to hardware, software, and prognaning language selec-
tion have been presented. The overall methodology indicatinthe techniques to be
used for cross-comparison was presented.

The next chapter is devoted to the implementation details dated to each al-
gorithm speci ed in the previous chapter as well as to the impmentation of the

methodology of the previous section using the tools depicted this chapter.
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Figure 4.1: Process diagram indicating how the hardcoded ingmentation were com-
pared to the table-driven implementation



Chapter 5

Implementation

5.1 Introduction

This chapter is about the overall implementation of our work It focuses on the actual
implementation of each critical session of the ow diagram prested in Figure 4.1

of the previous chapter. The design of the random transition eay is presented as
well as details about how we randomly generate symbols of thiphabet to be tested
for recognition. The chapter ends with the presentation of ea of the six coded
implementations that constitute the experiment's buildingblocks. Thus, the table-
driven encoding in a high-level language is depicted. Vatis hardcoding experiments
in high level language and low level language then follow. €hchapter ends by
indicating how we handled the actual experiment having eacétrategy de ned. The

approach to data collection for cross-comparison purposes is sipally raised.

5.2 The Random Transition Array

For the purposes of the experiment, it was necessary to generedadomized transition

arrays. Such an array is based on the following random selectson

57
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the alphabet size of theFA, say alphabetSizeand

the maximum number of transitions,numberOfT ransitions 6 alphabetSize

that can be made from the simulated single state.

For the present purposes, it was considered appropriate to limihe alphabet to
integer values in the range 0 alphabetSize 255. The array is populated with
random entries, each of which represents the next ctitious sta to which a transition
would be made if a full transition matrix were to have been genated. The actual
number of such ctitious states is largely irrelevant, but is epresented bymaxint.

The array index position of each such entry is some random numbksss than
alphabetSize Such a random number is generatedumberOfTransitions times. No
provision is made to enforce the selection of a di erent randomumber in each gener-
ation, which means that sometimes an array index position mayebreselected. Each
array index position could be associated with a symbol that is toérecognized, but
which, for the purpose of the experiment, is merely taken to bihe integer number
itself.

The foregoing implies that an entry such agransition [12] := 234 should be
interpreted to mean that if, in the current state, symbol 12 is ecountered, then a
transition should be made to the ctitious state 234. Symbols sicas 12 are regarded
as \accepting" symbols.

The implication of the above is thatalphabetSize numberOfT ransitions is
the minimum number of randomly located indices of the transibn array that are
not regarded as those triggering a transition. Instead these ifgks are associated
with \rejecting” symbols. Algorithm 7 shows how the randomized tansition array is

generated.

10Of course, these integer values could be regarded as bit strings within a byte, and calilbe
given any interpretation required by a particular application, e.g. they could be viewed as Unicode
characters, etc.



59

Algorithm 7.  Generation of random transition array

function genRandomArray()transitionArray
i:=0;
alphabetSize := ran2(0,255);
numberOfTransitions := ran2(0,alphabetSize);
f Initialization of the transition array g
for ;=0 to alphabetSizedo
transition[i] := -1,
end for
while (i < numberOfTransitions) do
index := ran2(0,alphabetSize);
transition[index] := ran2(0,maxInt);
=i+l
end while
return(transition);

end function

5.3 Table-Driven Implementation

A C++ version of the table-driven implementation takes as injt a transition array,
as well as a single randomly generated input character. Soarcode 1 below illus-
trates the actual encoding of algorithm 5. Notice that to pregnt the C++ optimizing
compiler from bypassing the execution of the statement relatetd the random sim-
ulation of a valid transition or not, we introduced a function fake transition() that
contains some \fake" statements, forcing the compiler to actulg consider the assign-
ment that determines a next state. The reason behind all of this that the g++

compiler is very e cient in generating optimized executabé code from source code.
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One of its strength is to bypass any statement it may judge not to é& useful to the

entire program being compiled. Therefore, a sequence of staents such as

begin = rdtsc();
nextState = ptrTransition[k];
end = rdtsc();

tsc = end-begin;

will inevitably produce atsc = 0. This because the compiler regardeextStateto be
of no use in the code, and thus bypasses the statemewxtState = ptrT ransition [K].

It was therefore necessary to look for a means of \forcing" thexecution of such
a statement. This was achieved by introducing the functionfake transition() ". The
function prevents the compiler from bypassing an important stement that consti-
tutes the very statement being tested in our work.

We consider here the time to execute afake transition() " call. For the present
experiment, this represents the time taken to receive an assigent either of an arbi-
trary next state or of -1 (indicating that the next state does no exist)?. Acceptance
or rejection is actually determined by the content of the vaable nextState after exe-
cuting \ fake transition() ". In the case of our experiment, a transition was said to be
invalid for a given input symbol if the corresponding value oftte transition function
at that current state with the given symbol was -1. Any other val@e was a positive

integer that represented a valid transition to an arbitrary stae of the automaton.

Source-code 1. C++ extract of table-driven symbol recognition algorithm

void fake_transition(char a, long &next){

long val,

20f course, in normal circumstances, thefake transition() invocation consumes some time that
a ects the overall time measured to accept or reject a symbol. This situation wa taken into account
in the later experiments as described in chapter 7.
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val = ptrTransition[a];
next = val,

}

int main(int argc, char *argv[]){

/I assume alphabetSize below is known (global variable)
[*Generate the random transition array using
genRandomArray and store in ptrTransition */
ptrTransition = genRandomArray();

for (k = 0; k < alphabetSize, ++k){

nil = rdtsc();
nil = rdtsc()-nil;
begin = rdtsc(); /I read time stamp counter

fake_transition(k,nextState);
end = rdtsc(); /I read time stamp counter

tsc = end-begin-nil /I compute the processing speed

return O;

}

5.4 Hardcoded Implementations

As shown in gure 4.1, two branches were taken in regard to the ijpementation of the
hardcoding experiments. The rst branch refers to two high-leel language hardcoded
implementations, and the second, to three low-level (i.e asselydanguage hardcoded

implementations. The gure thus alludes to a total of ve sepaate programs that
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generate hardcode. Each of these was written in C++. Each suchrggram takes as
input, some transition array indicating how transitions from asingle state of anFA
are to be made, and generates as output, the corresponding tieode to handle a
single input character in terms of such a transition array.

Source code 2 and 3 illustrate how these programs to generatedwded programs
were written in C++. In the former case, the hardcode generatkis in a high-level
language while, in the latter case it is in a low-level languag Note that similar

approaches were used for the other three cases.

Source-code 2. C++ extract of high-level language hardcode generator

based on nested conditional statement to recognize a singyjenbol

int main(int argc, char *argv[]){

testFile = fopen(fileName, "w");
/I headers files

fputs(" #include \"", testFile);
fputs("rdtsc.h", testFile);

/I and any other header file required

fputs("'int main(void){\n"testFile);
fputs(.... variable declarations);

fputs(.... more variable declarations);

fputs(""begin = rdtsc(); /I read time stamp counter \n"te stFile);
/[ auto generate any single line of the nested conditional st atement
for(auto int k = 0; k < alphabetSize; k++){

/I we use the randomly generated transition table to constru ct the



/I hardcoded program
if (ptrTransition[k] '= -1){
firstvValidTrans++;
if (firstvValidTrans == 1){
I/l begin the first line of the nested conditional statement
fputs("" if (a == "testFile);
fputs( tostr(k),testFile);
fputs("’) nextState = ", testFile);
fputs(tostr(ptrTransition[k]),testFile);
fputs("; \n", testFile);

}

else

{
fputs(" else if (a == " testFile);
fputs( tostr(k),testFile);
fputs("’) nextState = ", testFile);
fputs(tostr(ptrTransition[k]) testFile);
fputs(""; \n", testFile);

}

/I default statement
fputs("" else " testFile);
fputs("" nextState = -1; \n", testFile);
I
fputs("end = rdtsc(); /I read time stamp counter \n" test

fputs(""tsc = end-begin; /I read time stamp counter \n" te
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File);
stFile);



fputs("return 0; \n");

fclose(testFile);

}

Source-code 3. C++ extract of low-level language hardcode generator

based on jump table to recognize a single symbol

int main(int argc, char *argv[]){

testFile = fopen(fileName, "w");
I/l headers files
fputs(""\%include \"asm_io.inc \" \n", testFile);

fputs(""\n" testFile);

fputs("'segment .data\n" testFile);

fputs(";initializations",testFile);

fputs("TABLE dd " testFile);
if (ptrTransition[0] == -1)
fputs(""case_default\n" testFile);
else
for (auto int k = 1; k < alphabetSize; k++){
if (ptrTransition[k] = -1){
fputs(" dd " testFile);

fputs(strcat(" case_",tostr(k)),testFile);
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else
fputs(" dd case_default\n", testFile);
}
fputs(""segment .bss\n" testFile);
fputs(" 'segment text\n" testFile);
fputs(™ global asm_main\n" testFile);
fputs(""asm_main: \n" testFile);

fputs(" rdtsc\n",testFile);

fputs(""mov [ebp+8],eax \n'" testFile);
fputs(""mov [ebp-8],edx \ntestFile);
fputs(""mov eax,[epb-4] \n""testFile);
fputs(""shl eax,2 \n' testFile);
fputs(""mov esi,TABLE \n'"testFile);
fputs("add esi,eax \n ,testFile);
fputs(jmp [esi] \n"",testFile);

fputs(""case_default:\n",testFile);

fputs(" mov edx,-1\n");

fputs(™ jmp next\n");

for(auto int k = 0; k<alphabetSize; k++){
if (ptrTransition[k] = -1){

fputs(strcat(" "case_ " tostr(k)),testFile);
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fputs(":\n" testFile);

fputs(™ mov edx," testFile);
fputs(ptrTransition[k],testFile);

fputs(""\n" testFile);

fputs(" jmp next\n",testFile);
}
}
fputs(" rdtsc\n",testFile);
fclose(testFile);
}

The subsections below discuss each of the hardcoded implemeiotas, and explain

the reason for our choice.

5.4.1 Use of the Nested Conditional Statements

An implementation based on nested conditional statements app®ato be a natu-
ral and easy way to encode a hardcoded algorithm f&As. It is an almost direct
translation of algorithm 6 into C++. As can be seen in that algorthm, a condi-
tional statement is used to check whether a symbol is valid in theansition table or
not. Source code 4 gives an extract of the actual implemenian in C++ for some
randomly generated transition array. In this particular aray, character 0 causes a
transition to state 8, characters 1, 2, 3 and 4 are not associatedtlwa transition,

character 5 causes a transition to state 10, etc. The program thuecords the time
stamp counter value intsc for each possible input character valua that is less than

alphabetSize
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It may be observed that the value otsc will be the least whena corresponds to
the rst accepting symbol in the randomly generated transitionarray. As the symbol
being evaluated is sought after more deeply in the nested cotidnal statement, so
the time required to locate it increases. Therefore, the worstase scenarios arises
when the symbola is not an accepting symbol in the transition array. In that case,
all branches of the conditional statement will be tested sequealy before reaching
the default case. When the number of branches become relativéarge then such
an implementation seems likely to be less e cient on average itomparison with the

switch statement implementation that is presented in the next sion.

Source-code 4. C++ extract for nested conditional statement implementatin

for (a =0; a<alphabetSize; ++a){
begin = rdtsc();
if (a == 0) nextState = 8;
else if (a == 5) nextState = 10;

else nextState = -1;
end = rdtsc();

tsc = end-begin; /lrecord tsc

5.4.2 Use of the Switch Statements

The switch statement is a high-level alternative to implemenmtg nested conditional
statements. It would appear to be especially appropriate wherharacters are to be

recognized in general. However, as will be seen when the exmpenmtal results are
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presented, the use of nested conditional statements appears te me cient than
switch statements in terms of processing speed, especially wheralolgy with the
default case.

Source-code 5 shows an extract of the encoding of a hardcodersion of algorithm
6 based on a switch statement. The randomly generated transiticarray that is to
be hardcoded is the same as that of the previous hardcoded exden In the source
code, for each value o& between 0 andalphabetSizea tsc values is recorded.

A switch statement being a branching structure, one may predictame execution
time for each accepting symbol to be evaluated. Such a predant is made without

taking into consideration the way the structure is compiled den at a lower level.

Source-code 5. C++ extract for switch statement implementation

for (a = 0; a < alphabetSize; ++a){
begin = rdtsc();
switch(a)
{
case 0: nextState = 8; break;

case 5: nextState = 10; break

default: nextState = -1; break;
}
end = rdtsc();
tsc = end-begin; /I record tsc

}
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5.4.3 Use of a Jump Table

The use of a jump table in assembler was suggested by the results afadsembling
the high-level language's switch statement. The latter revéad that the optimiz-
ing compiler constructs a jump table when encountering a swhcstatement with a
large number of cases. However the compiler-generated jump l&lontained several
generic features that could be further optimized for the spec scenario under study.
A code extract that illustrates such an optimized jump table isshown in source-code
6.

A table is de ned in the data segment. Each table entry contais the address of
a block of code that is associated with an input symbol. This engris accessed by
having regard to the table's start address and the value of theaput symbol. The
table entry relating to the input symbol is thus read, and the ow of control is directed
to the memory containing instructions relating to that specic symbol.

In the source code below, a loop is performed for each symbol sthat memory
location ebp-4 That location is used as a control variable, even though evadtion
to check whether the loop has reached the end is done using thegister eax At
any step in the loop,eax is assigned the value of the current symbol. We then need
to evaluate the corresponding block of code for the symbol bgirexamined. This
is done by rstly shifting the content of eax by 16 bits ( 2 bytes) to get a double
word using shl (shift left). Next the resulting content of eax added to the address
of TABLE, is stored inesi. Such a series of instructions is justi ed by the fact that
each entry of TABLE occupies a double worddd), whereas the initial content ofeax
is a single word. We then need to shift it left by two bytes to maké have the same
length as an entry inTABLE , then add that value to the start address ofTABLE
to obtain the exact entry point corresponding to code relatig to the symbol being
tested. This is done without any ambiguity because each symbal humbered from O

to say alphabetSize-1
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After obtaining the address of the block of code to which to jumpthe program
records the start value fortsc, then executes the corresponding block of code, and
records the nal value fortsc respectively. The duration of the processing speed of
the current block is then calculated and recorded. The jumpable is implemented
in such a way that all default entries are part of the table, butonly one default
block of statements is labelled in the program. Thus, for exan® the symbols 1,
2, 3, 4, and 6 (in the Source-code below) do not have a next state order words,
they are rejecting symbols and should be treated in terms of traefault code. While
they therefore have di erent entries in the jump table, eacttable entry refers to an
identical address, designateddasedefault’. There is only one action associated with
any such rejecting symbol: the action carried out in terms of #aunique block labelled

by casedefault in the Source-code.
Source-code 6. Sample code for jump table implementation in NASM

segment .data

,define the TABLE entries

TABLE dd case O
dd case default ;rejecting symbol
dd case default ;rejecting symbol
dd case_default ;rejecting symbol
dd case _default ;rejecting symbol
dd case 5

dd case_default ;rejecting symbol

mov dword [ebp-4], 0 ; first symbol of the alphabet
mov dword [ebp+24], alphabetSize



mov eax, [ebp-4]
begin_loop:

cmp eax, [ebp+24]

je end_loop

: read start tsc value

mov eax, [ebp-4] ; store the value of the symbol in eax
shl eax, 2 ; Byte offset from start of TABLE

mov esi, TABLE ; load start of TABLE address

add esi, eax ; determine the address of the jump
jmp [esi] ; jump to address

. specify the different case statements

case_default:

mov edx, -1 ; for any rejecting symbol
jmp next
case_O:
mov edx,8
jmp next
case_5:
mov edx,10
jmp next
next:

:read final tsc value

:calculate duration

mov eax, [ebp-4] ; restore the current symbol into eax
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inc eax ; increment to the next symbol
jmp begin_loop

end_loop:

5.4.4 Use of a Linear Search

Linear search involves a sequential comparison of the variouases. Its structure
is fairly obvious and is suggested by the disassembly of the high#l conditional
statements. The implementation is straightforward. It invohes a sequential series
of comparisons and jumps to the appropriate label, accordirtg the current symbol.
Source-code 7 below depicts an extract of NASM code that implemts the linear
search.

The program loops on the alphabet symbols and the time is red®d for each
symbol recognition action. The code shows that comparison is seqtial. The com-
parison is performed only on symbols that trigger a transitiond some state. The
default case handles the case related to rejecting symbols. Itiéevs that a rejecting
symbol is only noticed after performing all the preceding coparisons on all accept-
ing symbols. However, a symbol that matches at the beginning of éghcomparison
structure is processed at a minimal speed compared to any other dyofs that may

match somewhere in the middle or at the end of the control struate.

Source-code 7. Sample code for linear search implementation in NASM

mov dword [ebp-4], O ; first symbol of the alphabet
mov dword [ebp+24], alphabetSize
mov eax, [ebp-4]

begin_loop:



cmp eax, [ebp+24]

je end_loop

: read start tsc value

mov eax, [ebp-4] ; store the value of the symbol in eax
cmp eax, O

je near case_0

cmp eax, 5

je near case_b5

je near case_default

. specify the different case statements

case O:
mov edx,8
jmp next
case_b:
mov edx,8
jmp next

case_default:
mov edx, -1
jmp next
next:
;read final tsc value

:calculate duration
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mov eax, [ebp-4] ; restore the current symbol into eax
inc eax ; increment to the next symbol
jmp begin_loop

end_loop:

5.4.5 Use of a Direct Jump

This implementation strategy was an attempt to improve uponhe jump table version.
It involves the labelling of each block of statements that dés with a given symbol
and ensuring that blocks are separated from one another by a @bant o set. This
makes it possible to compute a direct jump address from the symblue and block
size. Having noticed that each block can be represented in xedzsi the idea is to
calculate the absolute address of a block using the symbols thatrépresents in the
alphabet. For that reason, we used the formuladdr = ip+ c+ w R whereip
represents the current address of the instruction pointelc a constant representing
the size of any gap that might exist betweenp and the block to which to jump, w
is the size of block, ancR is the register containing the current symbol. In the code
below (Source-code 8) is taken as 7 bytes andv is taken as 10 bytes.

Unlike the jump table approach of the previous section, in thimethod there is no
default case and consequently identical blocks of code havebt® repeated for distinct
rejecting symbols. While this implies additional space to storthe program, there is
some gain in space in that a table mapping symbols to addresses dneshave to be

set up and stored.
Source-code 8. Sample code for direct jump implementation in NASM

:Direct jump using 10 as the size of each block of case stateme nt

;and 7 as the size of the jump instruction it self
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mov dword [ebp-4], 0 ; first symbol of the alphabet
mov dword [ebp+24], alphabetSize
mov eax, [ebp-4]
begin_loop:
cmp eax, [ebp+24]
je end_loop

: record initial tsc

mov eax, [ebp-4] ; store the value of the symbol in eax

mov edx, 10 ; store the size of the block in edx

mul edx,

add eax, $+7% ; eax = ip + 7 + 10*eax (absolute jump address)
jmp eax ; jump to address

; specify the different case statements

case_O:
mov edx,8
jmp next
case 1:
mov edx, -1
jmp next
case_2:
mov edx, -1
jmp next
case_3:
mov edx, -1
jmp next

case_4:
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mov edx, -1

jmp next
case_b:

mov edx, 10

jmp next
next:

:record final tsc

: calculate time

end_loop:

5.5 Data Collection

The collection of data was straightforward. At the time of wriing, 355 random
transition arrays had been generated along the lines previsly described. For each
such array, the ve versions of hardcode were generated. Eacbngrated version was
then compiled (high-level versions) or assembled (low-levelrg®ns). Then, running
through each symbol of the alphabet (i.e. char in algorithm 5rad 6) each hardcoded
version as well as the code for table-driven implementationas run. The time taken
to process each symbol was recorded, noting whether the symbalssan accepting or
rejecting symbol of the state

In order to account for statistical noise in the time variable (Wether caused by
the CPU or the Operating System), it was decided to repeat the easurements over
20 runs for the same transition array and input symbol.

Algorithm performance relative to accepting symbols, rejeatg symbols, and all
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symbols collectively, was recorded in terms of three statisit measures, computed
for each batch of 20 runs, namely: the average time, the minimutime, and the
maximum time.

For the table-driven method as well as for each of the ve haabde versions this
yielded a total of nine statistics per randomized transition aay. In each of these
cases a tenth statistic was also recorded, namely the randomlytelenined number of
accepting symbolsn the transition array. Note that, while the rejecting symbolsare
all treated similarly in the code, it is generally the case thathe greater the number
of accepting states, the greater the number of lines of code thaas to be added into
the hardcoded versions to deal with these accepting states. Inishsense, this tenth
statistic, the average number of accepting states, will be regied as a metric (albeit
somewhat rough and ready) of the problem size.

The raw data thus consisted of six 355 by 10 matrices { one such miatper each
hardcoded version and another for the table-driven method.

In order to further smooth out statistical noise, it was decidedd aggregate the
355 rows in each of the six above mentioned matrices. As a rst steflie rows were
sorted in ascending order ohumber of accepting symbalsThe latter statistic, i.e.
the number of accepting symbols, was used as a basis for clustemogtiguous rows,
resulting in 33 clusters of rows, containing approximately 10ot11 rows per cluster.
These clusters of contiguous rows were averaged by column. Tt e ect was to
reduce each of the six matrices to 33 rows by 10 columns. ReferAppendix B for
the reproduced data. It should be noted that on some rather rareccasions, the data
contained outlier values. It seemed reasonable to assume that $eemeasurements
were so dominated by operating system or CPU chance events, thdtey merely
obscured any legitimate conclusions that one might potentigl draw about hardcode
performance. Since practically all timing measurements wemwell within a 2-digit

range, it was decided to regard any timing number greater tmatwo digits as an
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outlier. These numbers were simply ignored in all subsequent cpuotations.

5.6 summary of the chapter

In this chapter, we have given details relating to the implemntation of the experiment
that constitutes the cores aspect of the dissertation. Detailsbaut data collection
have been presented. The next chapter covers details relaito the presentation of

results.



Chapter 6

Experimental Results

6.1 Introduction:

Various graphical representations of data collected durintpe experiments described
in the previous chapter are provided in this chapter. We starby presenting the
processed results of the table-driven implementation. Thenlfows various graphical
representations relating to results from both high-level antbw-level hardcoded im-
plementations. The chapter ends with a general graph to compathe table-driven

implementation against the various hardcoded implementains.

6.2 Table-Driven Experimental Results

Figure 6.1 shows that the average processing speed of the tabte«eh method is about
88 clock cycles (ccs), both for accepting and rejecting symBolThe graph plots the
rst column (problem size) against the tenth column of Table B.1lof Appendix B.
In this situation, the problem size does not appear to be a faatdhat in uences
the time taken to recognize a single symbol of sonféA. Recall that the 88 ccs

includes the time taken to perform a function faketransition() ) call. In normal
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circumstances the average time required to perform an assignmhetatement such as
( x = transition [i])is about 10ccs. Therefore, up to 78 ccs of the time provided the
gure is related to function call overhead and not the actuabhssignment statement.
The overall picture does not change if the time measurementsrfprocessing ac-
cepted symbols or rejected symbols is plotted. There is almosb ali erence between
the time required to accept a symbol and the time required to ject a symbol. This
is explained by the fact that access and retrieval of data fromeach entry of the table

is performed at an almost uniform speed.
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Figure 6.1: Average processing speed for Table-driven implerteion (accepting and
rejecting symbols)

6.3 Hardcoding Experimental Results

As mentioned in the previous chapters, there are several wayswhich hardcoding

could be implemented and ve speci c strategies have been sdlet in this work. The
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reasons for various selections were previously explained. Fresentation purposes,
it was considered useful to partition the experiments into twagroups: high-level

language experiments and low-level language experiments.

6.3.1 High-Level Language Hardcoding

The encoding using nested conditional statementdNCSs) and switch statements
(SS9 was considered for this group of experiments. Data collectéor both methods
are depicted in table B.2 and B.3 of Appendix B.

As previously suggested, there is prima facie case to be made for anticipating
that the NCS implementation may be in uenced by the problem size (that is, ¥ the
number of symbols being processéd) The reason was that comparisons are made
sequentially from the top to the bottom of the control structure.

Figures 6.2 and 6.3 justify the arguments. When measurementseabased on
accepting symbols ASs), then the average processing time is between 89 ccs and
100 ccs. For rejecting symbolsRSs), the average processing time is between 110 ccs
and 160 ccs. This means that the processing of an accepting synsbisl about 0.8
to 1.6 times faster than the processing of rejecting symbols. Onexage, therefore,
rejecting symbols apparently require more processing time thaaccepting symbols.
Furthermore, the average time for processing both accepting@ rejecting symbols
appears to increase with the problem size. In the gure, thereppears to be a growth
trend in processing speed as the the problem size increases. This ba explained
by the increase, on average, in the number of sequential comigans to be performed
before accepting or rejecting a symbol.

Figures 6.4 and 6.5 plot the processing speeds obtained from ®8simplemen-

tation against problem size. No obvious trend is apparent in dier of the gures { in

LIf there were more states to be processed, then what is being termed here the \problemzsi"
would translate to the overall density of the FA's transition matrix.
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Figure 6.2: Accepting symbol performance fadlCSs

both cases the processing time seems to oscillate unpredictalnyai relatively narrow

band around the average processing time. In the case of rejegtisymbols, this av-
erage time is approximately 88.4 ccs whereas the averagedifor accepting symbols
is some 92.4 ccs. There therefore appears to be a net processingdeerence of

about 4 ccs between accepting and rejecting symbols.

A possible explanation for this di erence might relate to the &y in which the
compiler executes the default cases. It would seem that these aldf cases are han-
dled before any other cases. However, in the context of the cumtework, further
investigations into this matter were not carried out, since tk issue is not considered
to be central to the main theme of the present work.

Having hypothesized on the basis of the above evidence that theoplem size is
not of importance at this stage of the experiment, it was decetl to cross-compare the
NCSsand SSsimplementations on the basis of their average performancealle B.7
in appendix B contains data reproduced by averaging the ol processing speed

of both methods and other implementation techniques used fdhe single symbol
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Figure 6.3: Rejecting symbol performance fdICSs

experiments. Recall that the data averaged (minimum, maxinm and average time)
was performed on the 355 data collected for each implementat technique, without
taking into consideration the problem size. Figure 6.6 depistin histogram form the
overall performance of both methods { i.e. the average perfoance taken over all
problem sizes. It appears that for minimum time measurements, ¢haverage time
taken by the two methods is almost the same. In the worst case measorents
(maximum time), the nested conditional statement approach teds to be slower than
the switch statement approach. On average, the switch statemestaverage time is
90 ccs, which is about 33% faster than the nested conditional séahents' average

time of 120 ccs.

6.3.2 Low-Level Language Hardcoding

Jump table (JT), linear search (S) and direct jump (DJ) were the low-level imple-
mentation techniques chosen, for the reasons previously debed.

Data collected for theJT implementation is presented in table B.4 of Appendix
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Figure 6.4: Performance based oASs for SSs

B. Figures 6.7 and 6.8 depict the performances measured fothbaccepting symbols
and rejecting symbols. Accepting symbols require an average pessing speed of
8.5 ccs, whereas the average processing speed for rejecting sysnisoabout 4 ccs.
Rejecting symbols' processing is therefore about 2 times fastdran the processing
of accepting symbols. In neither case, however, does the problsize appear to
have any in uence. The stable performance with respect to rejgng symbols may
be explained by the fact that each entry in the jump table for arejecting symbol
executes the same default block of code.

In the case of theLS implementation, the problem size predictably constitutes
a major factor that in uences the time required to accept or eject a symbol. This
is due to the nature of the structure that requires several sequigal comparisons for
a given symbol. As the problem size grows, processing both accegtand rejecting
symbols may be expected to be slower since, on average, the nunmdfecomparisons
required increases.

The data collected forLS is shown in table B.5 of Appendix B. Inspection of
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Figure 6.5: Performance based oRSs for SSs

gures 6.9 and 6.10 reveals that the method requires betweabout 2 and 14 ccs for
accepting symbols, and between about 2.64 to 100 ccs for rejegtsymbols. Rejecting
symbols recognition is therefore up to about 10 times slowerah the recognition of
an accepting symbol. In accordance with the previously mentied predictions, there
is some suggestion of an upward trend in the graph for acceptingnsiyols, and a very
de nite trend in the case of rejecting symbols.

Table B.6 of Appendix B contains the data collected for th&®J implementation.
The method's processing speed does not appear to be a ected by throblem size,
as shown in gures 6.11 and 6.12. In e ect, the minimum time taé&n to accept a
symbol is between 12 and 18 ccs, whereas about 12 and 14 ccs ajeired to reject
a symbol. There is thus a weak suggestion that the processing speeddccepting
symbols is slightly slower than the processing speed for rejectiagmbols.

Finally, as shown in gure 6.14, hardcoding implementationsising low-level lan-
guages results in very fast minimum and average processing timésfact, the mini-

mum and average processing speed is in the range of 4 to 24.5 ccs. évew there are
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Figure 6.6: Performance based on hardcoding implementatiam high-level language

di erences between each of the strategies. If average or minim time is considered
as the basic measurement for comparison, then the use of a jump l@lappears to
be the best of all three strategies. At a minimum, it requires 4 scto recognize a
symbol, and on average it requires 13.3 ccs.

It should be noted that the average time data does not includeutlier values,
as mentioned previously. The measurement therefore does nepresent an objective
basis for comparison in the sense that the determination of whabgstitutes an outlier
value was somewhat arbitrary. The intention was to eliminateobservations from
the sample data that did not accurately re ect processing speedakiations due to
random noise, but whose overly large values could more reasolyabe ascribed to
some chronic operating system factors that did not relate in angneaningful way to
the present experiment { i.e. it is postulated that such factor®ccur, irrespective of
the experimental task being run. In determining what valuesd consider as outliers,

the rather arbitrary value of 100 ccs was chosen by inspectiors éhe cuto value.
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Figure 6.7: Performance based oASs for JT

As a result, it is possible that several values that should have beeonsidered to be
outliers might remain in the averaged data. Nevertheless, therdoes not seem to be
any obvious way of overcoming this di culty.

To indicate the extent of these outlier values, the gures also siw the maximum
processing times. The fact that direct jump has the lowest maxinm processing speed
of 237.1 ccs is considered to be purely incidental. For reasaigeady mentioned, it
does not seem like a reasonable metric for assessing the perforreasicthe various

implementation strategies.

6.3.3 Overall Results of Hardcoding

Figure 6.14 depicts the minimum, maximum and average procesgispeed, averaged
over all problem sizes, for the various hardcoded implementahs. The corresponding
data may be found in table B.7 of Appendix B. The graphs stronglpuggest that,
in terms of this metric, the jump table implementation is thebest of all the various

approaches. It appears to be at least twice as fast as the lineaasgh approach, at
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Figure 6.8: Performance based oRSs for JT

least four times faster than direct jump, and more than thirty imes faster than either

of the high-level hardcoded implementations.

6.4 Final Results

Investigation of the rest of the data revealed that, with the egeption of the graphs
characterizing thelinear searchand nested conditional statementsersions, all of the
graphs have more or less the same form as tjuenp table and direct jump graphs{i.e.
they are substantially unrelated to problem size. The observatn holds, irrespective
of whether maxima, minima or average values are consideredwhether data relating
to accept or reject symbols are used. As a result, it seemed reasdeatn base
further comparisons of the six di erent coding possibilities oraverage values taken
over all problem sizes. The results are displayed in histogram forin gure 6.15.

The gure relates to overall average performance (as oppostmoverall minimum or
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Figure 6.9: Performance based oASs for LS

maximum performance) in regard to any symbol (whether accepg or rejecting). It
follows that, the jump table version is more than twice as fast as its nearest rival (the
linear search version) and more than forty times faster than any of the highevel
implementation versions, whether table-driven or hardcoded Moreover, it would
seem that hardcoding to a high-level language is not worthwiki since the standard

table-driven implementation appears to be slightly faster.

6.5 Summary of the chapter

In this chapter, we have presented various results obtainedofn the rst level ex-
periments introduced in chapter 5. Table-driven and hardated algorithms were
cross-compared and various graphs drawn. At this stage, it is sho that hardcoded
algorithms are more time e cient that their table-driven counterpart. However, the

traditional table-driven appears to be more e cient than the hardcoded algorithms
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Figure 6.10: Performance based oRSsfor LS

implemented in high-level language. The jump table implenmation in a low-level
language is the fastest of all other methods. However, it might bgossible to ob-
tain improved results with the direct jump implementation by engaging in further
optimization.

Having established the e ciency of hardcoding implementatioa based on pro-
cessing in regard to recognizing a single symbol in a single arbity state of anFA,
it was considered desirable to scale up the problem to a highewdé { i.e. to carry
out experiments based on the recognition of an entire string thin some arbitrary
FA. Based on previously mentioned considerations, the overall eegiation would be
to obtain a linear time relationship with respect to the lengthof the string to be
recognized by theFA. However, consideration must also be given to the overall cache
misses encountered during the execution of such programs. Theset of cache misses
introduces noise into the prediction of linear time performace. The next chapter

presents in detail the problem and the results achieved thusrfa



Figure 6.11: Performance based oASs for DJ

Figure 6.12: Performance based oRSs for DJ
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Figure 6.13: Performance of low-level hardcoded implematibns

Figure 6.14: Performance based on hardcoding implementatio
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Figure 6.15: Average processing speed per implementation teicjue
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Chapter 7

String Recognition Experiments

7.1 Introduction:

In this chapter, we extend the results obtained from previousxperiments by per-
forming quantitative analysis based on string recognition, wdre strings are no longer
limited to a single symbol in length. One of the aims of this chdpr is to investigate
the e ect of cache misses due to the size of the automaton beingadyred. It is
shown that, within the range of experiments described belowaching e ects could
be detected as an in uence on the processing time of hardcodddaithms. However,
variations in cache memory requirements did not appear to krequired for compara-
ble table-driven experiments. Extended experiments on strgnrecognition processing
were conducted using both methods. Below we describe the datatiwas collected,

as well as the results and conclusions that may be drawn.
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7.2 Exercising Memory on Intel Pentium Archi-

tecture

The implementation of a hardcodedstring recognizer will clearly require a largeFA
than generated previously. Because it implies an increase inetltode size it may
involve various levels of cache memory, main memory and widl memory (through
paging). As a preliminary analysis of these matters, we have chas® carry out an
experiment using a very simple string recognizer that was based cesults obtained
from the single state case described in previous chapters. Unlikeettable-driven
algorithm, whose code size for string recognition is automatandependent, the code
size for a hardcoded program for string recognition is dependeon the automaton's
features, i.e on the number of states, the size of the alphabet,etltomplexity of the
transition function, etc. Memory management is therefore afoncern, in so far as the
program's processing speed is likely to be a ected by its exealitie code size.

The amount of memory that a program can use is limited by the mamum address
space of the processor [Ger02]. On Intel processors (Pentium 4 @&tz ), the address
space is comprised of physical memory andgtual memory. The use ofvirtual memory
by an application is usually indirect in the sense that it occursvhen the application
requests more physical memory than is actually available. Tharocess is referred to
as paging and when used, the e ciency with which the application is proessed is
likely to be considerably degraded. Hence, programmers neet@are that { as far as
possible { the program to be executed ts into physical memory.

Small and high-speed memories callezhchesare used to improve the latency of
physical memory [Ger02]. The Pentium 4 processor has two cachesdled the L1
cache and the L2 cache. The L1 cache is split into two cache tygpeeferred to as
a trace-cache bu er and a data cache whereas the L2 cache is both data and an

instruction cache The L1 trace-cache bu er can store up to 12-K decoded micro
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operations in the order of program execution. It operates gpoximately at register
speed, and is accessible in one processor cycle. The L1 data cashelatively small
(8KB) in size. It is always accessible within two processor cycle$he L2 cache is 32
times larger than the L1 data cache, but is about three times @ler. It is therefore
256KB large and requires approximately six processor clock tgs to be accessed.

When an application accesses a piece of memory, no matter whatldata is to be
read or written, the processor rst looks for the data in the L1 cahe?. If found, a
cache hit occurs and the data is accessed without interferingttv L2. If not found,
then there is an L1 cache miss. The data is then sought from the Laahe. If found,
there is an L2 cache hit. Otherwise an L2 cache miss occurs, ane tltequested data
is not in either of the two cache memories. The data then has toebfetched from
main memory. In general, instead of retrieving just the requestl bytes, a 64-bytes
chunk of data is fetched in the expectation that one or more dhe remaining bytes
are likely to be used shortly. In general, such a mechanism may, may not increase
the number of hits and therefore the e ciency of the applicaion being processed.

The processing of an application can then be summarized as folo The processor
loads the program into the main memory if it is of reasonable ®z(i.e. if it can
t into main memory). Next begins a series of fetch/execute cyes as explained
above. However, if the entire program cannot t into main memuoy, there is a need
for virtual memory and paging is performed by the operating system without any
external intervention. Paging considerably reduces the e ciency of an application
due to the disk-accessnature of the operation. For the present study, paging does
not constitute an issue since all programs that were written t ito memory and
requiring intensive cache operations.

Based on all the above, one should clearly not anticipate for #tg recognition a

LActually, the fetch is performed either from the L1 execution trace cache if the piecesf memory
accessed is an instruction, or from the L1 data cache if it is a data
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simple linear-time scale up of the results obtained from the silggsymbol recognition
case. Instead, the subsection below describes experiments fothbiable-driven and
hardcoded algorithms that measure the e ects of memory usaga the time e ciency

of the various algorithms.

7.2.1 A Simple Experiment and Results

There are many dimensions in which arbitrarily large nite adomata could be con-
structed and exercised: the number of states could be increasélde alphabet size
could be made very large; the fan-out at every state could bedreased (i.e. the
density of the transition matrix could be increased); the lendt of input string to
be recognized could be increased, etc. Since the current axpents were merely
aimed at ensuring that large amounts of cache memory and mainemory would be
occupied, there did not appear to be any particular advantagin generating large
automata that were unnecessarily complex. Instead, it was deeid to generate large
but fairly simple automata along the following lines.

The experiment was based on a language that has only two symbiwists alphabet
(say a and b). For any state of the FA (except the nal one), an input of a always
triggers a transition to a next state, whileb is a rejecting symbol in that state. Our
nite automaton only had one accepting state, namely its nalstate. The only string
accepted by such an automaton witm states is the stringa:::a (i.e a string with
n 1 symbols). Testing the processing speed required to recognize #imve string
represents the worst case scenario in the sense that any string comitag a b symbol
before the it 1) occurrence ofa would be rejected sooner. Conversely, any string
with (n 1) initial occurrences ofa followed by an arbitrary number ofa's and b's
would be processed in the same amount of time, the outcome being¢ject the string
as being in theFA's language after the rst (n 1) elements have been processed.

The advantage of using such a simple automaton is that the size caasily be
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increased in a linear fashion (with respect to the number of stadeand therefore also
with respect to the size of the very simple transition table), andhat each increase
in size can easily be re ected in new hardcode that is the result a relatively simple
adaptation of the previously tested hardcode. This simplicitytherefore supported
the ability to create a relatively simple loop in which the sizeof the automaton is
incrementally increased, string recognition measurementseamade and the loop is

then repeated.

The Hardcoded Experiment

A hardcoded implementation could be obtained by selecting ¢hassembly source code
of one of the hardcoded implementations previously describadd then appropriately
linking together n replications of this source code. For the present experimeritwas
decided to use the best performing algorithm that had been prmwsly tested, namely
the algorithm based on gump table

Using the same approach as described in [KWKO03], 400 di erefAs were gener-
ated, with the number of states ranging from 10 to 4000. Under éhsame conditions
as in the single state case, 20 runs were performed for each hadkd program. In
each case, the corresponding time stamp counter value, givirfgettime to process the
maximum length string, was recorded. The minimum, maximum ahaverage values
of these measurements over the 20 runs were calculated.

The Intel processor (Pentium 4 at 1GHz) uses the Branch PredictioBu er (BPB)
mechanism to make fairly nasve guesses (predictions) about tinext path in a branch-
ing structure to take. The processor then executes some of the ingitions in that
branch in a pipelined fashion while simultaneously verifyingiat the branch is indeed
the correct one to execute. If it guessed correctly, then someni has been gained.
If not then it has to execute the instruction required by the aernative path, result-

ing to some latencies. The 20 runs performed in our experimerdse implemented
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using a loop, and are thus subject to branch prediction bu erig. Furthermore, each
iteration contains several branching instructions for bothable-driven and hardcoded
implementation. The following forms of branching structure are encountered by the

processor:

Conditional branches executed for the rst timeAn example of such a branch-
ing structure may be thefor loops used for the table-driven implementation
and variousje, ja instructions (jump if equal and jump if above) used for the
hardcoded implementation. This form of branching appearsotbe expensive
during the rst attempt by the processor to enter the loop. In gerral the rst
attempt by the processor will result on a mis-prediction since thactual con-
tent of the pipeline (Branch History Bu er { BHB {) is not made up of the
desired instructions to be executed. Of course, a mis-prediatioesults in some

latencies.

Conditional branches that have been executed more than onEer such struc-
tures, there is a chance that the processor makes a correct pin since the
result of the previous branch is still in the processor's BHB. In tht case, some

processing time is gained.

Indirect jumps(jump tables) For this kind of branch, the processor usually
predicts that the branch target will be the same address as thadt time the
branch was encountered. This is likely lead to frequent missgdictions if { as
it is the case for our hardcoded implementation { the code notnty has a large
number of potential targets, but the same target is also seldomvaked twice

in succession.
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Details about how the processor handles various other typeshofinches using branch
prediction bu ering may be found in [Ger02].

The jump table used for the current experiment was rather simpl (it contained
only two entries corresponding to the two alphabet symbols). Tik suggests that the
processor's BHB will contain accurate results during the entirprocess of recognizing
the string. In the present context there is therefore a very lowisk of mis-predictions.
However, even though the current experiment's implementain was very simple, it
should be noted that noisy time measurements are likely to be abhed in other
more elaborate hardcoded experiments since the hardcodedlementation is based
on indirect jumps.

As a lower limit for the time taken to process a single symbol in amére string,
it seems reasonable to rely on the previous results obtairfedConsequently the min-
imum value was used for processing a single symbol as determinedhs jump table
experiments described in previous chapters. The ideal, exdlng the e ects of di er-
ent levels of memory, would be a linear time scale-up propastial to this lower limit
and proportional to the length of the input string. Put di ere ntly, any time measure-
ment not re ecting this proportionality could be attribute d to caching e ects.

The processing speed (minimum, maximum, and average) for vaug hardcoded
multiple state programs was recorded. We then divided the resptive processing
speeds for each algorithm's execution by the number of statesthat experiment, to
obtain the average minimum speed per state (or, equivalently ithe present case, per
input symbol) for automata of various sizes. The series of datadghwas produced was
plotted and cross compared with the jump table hardcoded expment. Figure 7.1
depicts the resulting graph.

The results show a fairly constant growth rate in certain regiosy then changes to

2Note that the lower limit for the table-driven case excludes the time taken to swich contexts in
order to execute the functionfake_transition() as well as the time taken to return from that switched
context.
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Figure 7.1. Hardcoded time against automaton size for two symisohlphabet

a linear growth rate until another plateau of constant growthrate is reached. The

overall pattern is plausibly explained by the following:

The size of the L1 cache { the trace cache {(12KB) cannot contaithe code
for even the smallest automaton (10 states) whose executable wasasured to
be approximately 16.09 KB. The program size is therefore biggthan the L1
cache's size. Consequently, services of the L2 cache (256KB3 ezquired for
complete processing. But between 10 and 110 states, the L1 hiteat fairly
hight, and the need for L2 accesses is correspondingly low. As aulg the

average time per state is fairly constant for these automata.

Between about 160 and 360 states, the need for the L2 cache by firecessor
increases progressively and so does the probability of cache nssselevel L1.
As a consequence, the average processing time per state shows aifimerease

in this region.
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An almost constant time per state is experienced from between alto460 and
1700 states. The associated hardcode executable appears to ble &b t into
the L2 cache. This is illustrated by the smoothness of the curveitin that

range.

From about 1800 states onward, the minimum size of the executlalis approxi-
mately 260, and this can no longer t into the L2 cache. A very siw but linear
growth in the curve was observed. This indicates that servicdsom the main
memory were required even though hit rates in the L2 cache stiemained rela-
tively high in the range of states exercised by this experimenfurthermore the
policy of moving across 64-bytes of data from main memory at arte, coupled
with the relatively simple structure of the FAs under test probably contributed
to the very small growth in average processing time per state, ey visible in
this region of the graph. Note that the largest number of statesested in the
experiment was 4000 and the corresponding code size was 561 KBis is ap-
proximately twice as large as the L2 cache size. Consequenthe may expect
that beyond 4000 states, similar e ects that were seen in the casé the L1
cache above will be observed for the L2 cache { i.e. an increasghe number
of misses in L2, and an increase in the number of hits in the main mery.

Such observation was explained in detail in [KWKO03].

In the gure, noise is observed between 2310 states and 2410, @%1ates and
3010, and from 3610 onward. These phenomena are possibly ex@diby the

fact that the processor's BHB may contain inaccurate results durg the branch
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prediction bu ering. The nature of the indirect branching structure of the ex-
periment explains such a situation. As a result, mis-predictionthat cause a
considerable waste of time to the overall process are observedwdwer, further

experiments is needed to fully justify this claim.

We may expect that in the long run, if the main memory is full, hat paging
between memory and hard drive will be carried out. However, #the ects of

paging were not further investigated in this study.

The Table-Driven Experiment

The table-driven algorithm was easily constructed using algithm 3 from chapter 3.
The same 400FAs that had been generated in the above hardcode experimentsreve
used in this experiment. Again 20 runs were performed per aut@ton, in each case
determining the minimum, maximum and average time to recogre a string of length
n, wheren ranged from 10 to 3999 (and corresponded to the total number sfates
minus 1 in the respective automata).

The results of experiments based on repeated runs of the taldlgven algorithm
are depicted in gure 7.2. The data again refers to the averagof minima over the
20 runs per automaton.

The gure clearly shows that no cache e ect is experienced fdhe table-driven
method, but rather that the memory load appears to be the majoe ect. The average
time taken for processing is slightly above 40 ccs, which is considbly more than
the time measured when processing a single state. This is justi eq bhe fact that
more statements per state are executed in the present comparexthe single-state

experiment.
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Figure 7.2: Table-driven time against automaton size for two sybols alphabet

Putting it all together, gure 7.3 depicts the general perfomance of both hard-
coded and table-driven implementation based on the simple twg&ymbol alphabet
scenario. It clearly shows that the hardcoded algorithm outpforms table-driven
implementation. These results are described in [KWKO3].

However, it would be nawe to consider these results as fully regsentative since the
primary objective of the experiment was to establish and obsexuwhe e ect of cache
memory on the hardcoded algorithm. The next section discusses @am realistic set
of experiments based on a set of more realistic string recognitiproblems. This will

enable more accurate conclusions to be drawn.

7.3 The String Recognition Experiment

Having observed and plausibly explained the cache e ects frorhé previous section
it was necessary to perform a more realistic experiment to moreaurately compare

the table-driven and hardcoding nite automata processing. Te idea was rst of
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Figure 7.3: table-driven and hardcoded multiple states fomto symbols alphabet

all to randomly generate a nite number of transition tables ad their corresponding
hardcoded executables. These generated programs were theacexed and required
times to recognize a string were recorded. The time taken toaegnize the same
string based on a table-driven algorithm was also recorded.

In general, there are two ways of implementing a string recoger: implementation
using symbol searching and implementation using direct indexgn Both methods are

brie y explained as follows:

The implementation using searching refers to a situation whethe alphabet set
is explicitly required when processing the string that is beingecognized. An
array is used to store the symbols of the alphabet. The column ifm#s in the
transition table correspond to the indices in the alphabet aay, thus indicating
which alphabet symbol the column is intended to represent. Thefore, during
the recognition process of the current symbol, it is necessary search for its

position in the array of symbols before accessing the entry in thable using
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the assignment
nextState := transition [i][pogstr [stringP os]; alphabetArray)]

of algorithm 1. Of course,pos(ch,array) returns an integer value that re ects

the index of the symbol in the array of symbols (alphabet).

The implementation using direct indexing is rather straightbrward. No search is
required to access an entry in the transition table. The positio of the symbol
to access in the transition array is known, and is indeed the symbitself.

Therefore the assignment
nextState := transition [i][str [stringP 0s]]

refers to an entry in the table, and will return either -1 if there is no transition

and a non negative integer otherwise.

The rst method is, not surprisingly, more time consuming than thesecond. The
time may be optimized if a binary search algorithm were to be udeto search for
the character's position instead of a linear search. However, senthat would have
made the assembly language coding in the hardcoded case slightigre complicated,
the present experiment simply stuck to linear search. For the samb approach, the
conversion from a character data type to an integer data type iWwundoubtedly take
a certain amount of time. However, we did not take such factorsiiconsideration
during the experiments, since it was assumed that the approach ised with the
standard type conversion fronthar to int and vice versa o ered by most programming

languages.

3This may be regarded as a character symbol, whose value can be printed, and it®nversion to
integer type represents its index in the transition table.
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The experiment for both approaches was based on the random geation of 400
di erent automata (transition tables) but always using a 10-synbol alphabet, say
fa,b,c,d,ef,g,h,i,g. The number of states of the automata were varied between the
ranges of 10 to 4000 states. For each automaton of sizea string of lengthn 1 was
randomly generated, but always in a way that the entire stringvould be recognized
by the automaton. We call such a string anaccepting string. The lling density
of each transition table was set at 41%. The subsection below pretethe results

obtained for both methods.

7.3.1 Experimental Results

Experiments on string recognition, where a linear search algihm was used to re-
trieve the position of the current symbol from the alphabet symbl array, is depicted
in gure 7.4. The data used to reproduce the graphs can be found Table B.9

of Appendix B. The gure clearly indicates the e ects of cachig for the hardcoded
experiment, and memory load for the table-driven experiménAn important obser-

vation to make here is the e ect of L1 cache on both table-dren and hardcoded
implementation. In fact, for very small automaton, say ones héng at most about

50 states, one notices that the L1 trace cache has an impact orethardcoded im-
plementation whereas the L1 data cache in uence the tabledglen approach. This is
apparent in gure 7.4 by the portion of the graph just below 20Qccs for the table-
driven method (L1 data cache e ects), and the portion of the giph below 175 ccs
for the hardcoded implementation. We observe that the hardcked algorithm outper-

forms its table-driven counterpart for automata of size lesshan approximately 2000
states. Above about 2000 states, the table-driven experiment apars to be the better
method to use: it requires a constant time of about 200 clock dgs for processing
while its hardcoded counterpart becomes increasingly ineient with a processing

speed of up to 300 clock cycles. The ine ciency of the hardcodedethods above
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Figure 7.4: Table-driven and hardcoded performance usingidiar search

that threshold is justi ed by the same cache e ects as previouslgliscussed in the
2-alphabet experiment. However, the number of noise increadescause theFA is
less regular than in the two-alphabet case.

As an aside,note that if a binary search algorithm had been impigeented instead
of a linear search, a global improvement would be observed oretbverall results in
both cases. (The binary search time complexity is logarithmicotnpared to the linear
search which is, of course, linear.) If the binary search algdnith was encoded in the
table-driven implementation only, then the competitivenes between the techniques
would have been reduced at less than 2000 states. However, if baththods rely on
a binary search, one could expect that the hardcoded implentation would continue
to outperform its table-driven counterpart at above 2000 stzs.

Table B.9 of Appendix B provides the data collected in the expenent based on
the direct indexing of symbols. Figure 7.5 and 7.6 depict the gfermance of both

methods. The gures clearly show that the hardcoded implemeation is of interest
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when using automata of no more than 500 states. However a closerkiamn the
graphs in gure 7.6 shows that between about 500 and 1500 statéise two methods
compete. By this is meant neither method is a clear and consistevinner within that
range. From 1510 states onward, however, the table-driven sisito become the more
e cient approach, continuing to have a constant processing spdeof approximately
45 clock cycles per state.

An observation of interest is the di erence in speed in the impleentations using
direct indexing and the implementations relying on searchiqn Figure 7.7 shows the
gap between the two table-driven methods, as well as betweemettwo hardcoded
algorithms. The table-driven implementation using searchingequires approximately
200 clock cycles per state, while its direct-indexing counfgart requires only about
45 clock cycles per state { i.e. about 155 clock cycles di erem between the two
approaches. Of course, the gap observed might be reduced if adnnsearch were to
be used. However, this was not tested as part of the current rourad experiments.

A comparison between the two hardcoded graphs in the gure shewhat for the
rst 900 states, the gap between the two approaches is almost coast at about 50
clock cycles. This gap is reduced as the number of states becertagger and tends
to be negligible above 3000 states. Such an observation cleadlgmonstrates how
instructions-dependanta hardcoded algorithm appears to be. Therefore, no matter
the complexity of the algorithm being implemented, the proessing speed isode-
size dependant. The bigger the code, the more the processing speé&dnally, when
implementing FAs, one should take into account the number of states of the device
being encoded. A rough rule of thumb would be to used the hardibed approach for
automata of up to about a 1000 states and the table-driven algthm for automata
above that limit. What should happen if the memory limit has ben reached for

table-driven experiment is a topic of separate interest.
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Figure 7.5: Table-driven and hardcoded performance usingrect index

Figure 7.6: Table-driven and hardcoded performance usingréct index
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Figure 7.7: Performance based on searching and direct indexin
7.4 Summary of the Chapter

In this chapter, we have used a specic and fairly simple type dfA to perform
some basic experiments on the recognition of a string by an autaton. This experi-
ment made visible the e ect of cache memory on the hardcoded piementation and
strengthened the idea that table-driven implementation is mmory load dependerit
We have also performed a more realistic experiment based on tleeognition of strings
from a somewhat larger alphabet than in the rst experiment. Wehave shown that
the hardcoded implementation provided very interesting preessing advantages over
it table-driven counterpart when implementing automata ofup to about 1000 states
in size. However, the table-driven method is preferable wheihd automaton to be
implemented is above 1000 states (and, of course, the system hasugh memory

to avoid unfortunate situations such early program terminaton or system halting as

4By this we mean that if the processor's memory is not big enough to contain the aatal table
being implemented, important processing de ciencies will be observed
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mentioned in chapter 1). One of the main issues that should be s&d is that, if the
system is limited in terms of memory, how could we overcome thdustion using the
hardcoded implementation? A discussion around this question Wbe presented in

the next chapter for future work.



Chapter 8

Summary and Future Work

8.1 Summary and Conclusion

Hardcoding of nite state automata involves the design and imgmentation of an
algorithm that does not require external data at run-time. Al data that the algorithm
needs is embedded in the algorithm itself. Our study was cardeout in three major
phases:

The rst phase was the preliminary experiments based on single swl recogni-

tion [KeWKO03]. Several implementations were empiricallynvestigated:

Nested conditional statements The transition function is translated into a set
of nested conditional statements, (that is, if-then-else statemes) which test
whether to accept or reject a symbol. The testing is done on a sesquial basis,
meaning that the number of comparisons to be done may negatiyea ect the

processing speed.

Switch statements The transition function is implemented in the form of a

branching structure, such that control branches to statementselating to the

113
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corresponding symbol and these statements either trigger theatnsition (if there
is any), or execute the actions related to no transition. Thisnethod appears to
be the best way of hardcoding the symbol recognition algorithim a high level

language.

Jump table The transition function is represented in a low-level languge in
the form of code that relies on a so- called jump table. Thus faach alphabet
symbol an address is stored in the data segment that points to thalel in the
text segment at which instructions for dealing with that particular alphabet
symbol commence. The relevant position in the table from whicto retrieve
this label's address, is computed from the value of the input symol as well as

from the start address of the table in the data segment.

Linear searcht This is an optimized low-level translation of nested conditinal
statements. It is implemented exactly in the same way. It is thefore subject
to same limitations as its high-level counterpart, althougtthe fact that it is

implemented in assembly results in improved processing speed.

Direct jump: For each input symbol, a direct jump is executed to an address$ a
which code relating to that input symbol is stored. Thus instea@f rst referring
to a jump table, the relevant code address is directly computefrom the input
symbol. Although this method seemed conceptually more e cienin terms of
processing speed, this was not borne out empirically. Furtheptimizations to

the existing code might be possible, but this is a matter for fuhter study.

The second phase of our research was related to an empirical aaibn of caching

e ects in relation to the code-size of hardcoded algorithmdKWKO03]. It was shown
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that, while the table-driven implementation of FAs, heavily depends on the size of the
transition matrix represented in the memory, the hardcoded iplementation strictly
depends on the number of instructions required to implemenhe transition. There-
fore, the processing time required to recognize a string, is nohly a function of the
string's length, but is also a function of the size of the hardcadgenerated for the
automaton implementation. If the hardcoded code is small engh to t in cache
memory, the processing speed will be highly e cient. However, ithe hardcode is
very large such that it cannot be contained in cache memory, ¢hprocessing will be
performed from main memory, and therefore results in increasg ine ciencies as the
code-size grows. The jump table method was chosen a basis for thpegiment since
preliminary results showed that it was the best of the hardcodenhethods that had
been investigated. However, for future work it might be worthwile to consider the
caching e ects that arise if a direct-jump implementation isused.

The last phase of our empirical study was based on a quantitativevauation
of fairly realistic string recognizer so that important recomrendation can be drawn
from our research. The study was based on an evaluation of the pessing speed of
FAs of various size (number of states). We found it reasonable to geag randomly
an accepting string proportional to the size of the automatonso that the minimum
path through the automaton would always be traversed during sihg recognition. The
results presented in the previous chapter showed that the hamded implementation
of FAs seemed to be of high e ciency in terms of processing speed when ispenting
FAs of not more than a thousand states. For automata having more thaa thousand
states, the table-driven implementation tends to be of high eciency. However, the
forgoing needs to be quali ed by noting that the experiment élied on an alphabet
of size 10. These conclusions would have to be appropriately med for larger
alphabet sizes, by taking into account the fact that hardcodeand therefore speed)

would accordingly increase.
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The nal experiment performed only considered strings proptional to the au-
tomaton size and the transition table density was held at 41%. Ithat regard, the

following issues need to be highlight:

What if the automaton's transition table density is at 100%? This situation

does not appear to be of great concern in the context of the ¢ant implemen-
tation choices. The number of entries in the transition table dpends on the
alphabet size and the number of states. Each entry is either a nomgative
integer (a next state) or a negative value (-1 in the current ipplementations)
to indicate that there is no transition. If the -1's were to be bhanged to non-
negative integers, nothing would change in regard to the timeequired by the
recognizer to accept or reject a string. The transition table ehsity therefore
does not a ect the processing speed of either implementation p@aches. Of
course, these conclusions (especially in regard to the tablavein approach)
would need to be modi ed if the transition table were to be imptmented dif-
ferently from the current study, e.g. as a structure of linkedists that does not
explicitly store \no transition” information. However, these matters have been

considered to be beyond the scope of the current study.

What if the length of the string varies (increases, decrease)Varying the string
length automatically varies the total processing speed reqei to accept or re-
ject the string. However, it does not signi cantly vary the pro@ssing time per
symbol string. Therefore for both table-driven and hardcodetnplementation,
the per-symbol timing recorded and comparisons will remain ¢fie same mag-

nitude as already presented in the results of the last section diapter 7.

What if the alphabet size increase?The number of symbols, in the alphabet
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constitutes an important factor for implementing both tabledriven and hard-
coded experiment. If the alphabet size increases, the size of ttiansition
function increases. Therefore the memory load increases fobledriven im-
plementation and the code size increase for hardcoded implertaion. As a
consequence, the e ciency of both table-driven and hardcodeexperiment will
be reduced in line with the caching and memory management ets that arise.
At the time of writing, quantitative evaluations of such e ects were not avail-
able. However, experiments are currently in progress and thesults will be

released outside the scope of this dissertation.

To date, experiments have been performed on randomly gent@ FAs. Results
obtained are rather general and might not be applicable forectain speci c types of
FAs. Further experiments need to be carried out such that a sort oikonomy ofFA
implementations can be built up, indicating which \families" of FAs would be best
suited to which implementation strategies.

Moreover, it might be possible to ne tune both the hardcoded ah table-driven
implementations that have been produced thus far. This codlyield better process-
ing speeds than those provided by this work. We have restrictediselves to using a
jump-table for the hardcoded implementation. Only time-castraints on the present
project prevented us from attempting further optimization on the direct-jump im-
plementation and using it for the experiment. Such an approacmight eventually
produce better values than the ones obtained in this work. Meover, it is also pos-
sible to combine the linear search, jump table and direct jumpogether to produce
better performance than the one produced in this work. Anothreimportant issue
is the fact that we did not explore the hardcoded implementabn in a high level
language. It will be of interest to empirically investigate ths aspect of our work for

further usages.



118

In summary, the foregoing experiments have shown that there ercertain occa-
sions when a hardcoded solution to the problem &8 -based string recognition is more
time-e cient than the classical table-driven solution. In the context of these partic-
ular experiments, the hardcoded solution appeared to be bettthan the traditional
table-driven method for automata of about a thousand states. Tétable-driven al-
gorithm outperforms the hardcoded counterpart for an autorton having more than

a thousand states.

8.2 Future Work

While the results to date indicate that hardcoded technologputperforms the table-
driven method in some contexts, it is desirable to perform morexnsive quantitative
experiments in various directions. The following issues shoute considered in doing

SO:

Problem size . The fact that the size of the hardcode will grow linearly as
the number of states becomes larger represents an importannltation on the

overall processing performance for both approaches in the ¢ term.

Decomposition of the automaton . In re ecting on the above limitation,
one might consider decomposing the problem into sub-problemsHat is, par-

titioning and storing parts of the hardcode on di erent les;

Compression : It seems relevant to consider issues related to compression in

order to save space.

Paging : As the problem size is enlarged, it seems relevant to investigaat

which point paging between main memory and hard drive will lggns to take
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e ect. The impact of such paging on both the table-driven algathm as well as

on the hardcoded versions should be explored.

Di erent platforms : The results to date all relate to Intel Pentium 4 ar-
chitecture. It is desirable to verify empirically whether the overall results will

remain the same on di erent hardware platforms.

Hardcode generation tools : Currently, much of the software that has been
developed has been for research purposes. In the longer termwibuld be
useful to develop user-friendly hardcode generators that takanFAs language's
speci cation as input (for example, in the form of a regular exression or as a

right linear grammar) and directly produce the hardcode inxecutable form.

Once the above matters have been satisfactorily investigatethe hardcoded im-
plementations might well be usefully employed in the variousomputing eld that
rely on FAs as a modelling tool. This is because, to our knowledge, harditiog in the
context of formal language theory and practice, has mainlyden used to do parsing,
and more recently, for programming regular expressions in CK[M02]. However, it
would be reasonable to expect similar satisfactory results in seskarea whereFAs
are used for modelling purposes, such as biological computingachine learning with
neural networks, genetic algorithms, and many other domainsh&re FAs could be
used for modelling. A combination of modelling optimizatiorand encoding optimiza-
tion such as automata minimization and hardcoding should be eauraged as that

would yield highly e cient solutions to the related string-recognition problems.



Appendix A

Random Number Generator

Each of the Source-code listing below represents an extraabiin the C++ implemen-
tation of various random number generator algorithms fromHTVF02] . We have
chosen in our experiments the implementation suggested by L'é&eer [PTVF02] with
Bays-Durham shu e and added safeguard because it has the abilif providing fairly

randomized sequence of numbers in the order of hundreds.
Source-code 9. // C++ extract for random number generator of Park and Miller

#include “nr.h"
DP ranl(int &idum){
const int IA = 16807, IM = 214783647, 1Q = 127773, IR = 2836, NTAB = 32;
const int NDIV = (1+(IM-1)/NTAB);
const DP EPS = 3.0e-16, AM = 1.0/IM, RNM= (1.0-EPS);
static vect_INT iv(NTAB);

int j, k;
DP temp;
if (idum <= 0Q]] liy){ MNnitialize.
if (-idum <1) idum = 1; /[Be sure to prevent idum = 0.

120
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else idum = -idum;
for (] = NTAB+7; j>=0; j--){ //Load shuffle table (after 8 war m-ups).
k = idum/IQ;

idum = IA*(idum-k*1Q)-IR*k;
if (idum < Q) idum +=IM;
if j < NTAB) iv[j] = idum;

}
ly = iv[0];
}
k = idum/IQ; //Start here when not initializing.
idum = IA*(idum-k*1Q)-IR*k; //[Compute idum = (IA*idum)%IM  without
if (idum < Q) idum += IM; /loverflow by schrage's method
] = iy/NDIV; //Will be in the range 0..NTAB-1.
iy = iv[j]; //Output previously stored value and
iv[j] = idum; /Irefill the shuffle table.
if ((temp = AM*iy)>RNMX)
return RNMX; /[Because user don't expect endpoint values

else return temp;

}

Source-code 10. // C++ extract for random number generator of L'Ecuyer with

/I Bays-Durham shu e and added safeguard

#include “nr.h"
DP ran2(int &idum){
const int IM1 = 2147483563, IM2 = 2147483399;
40014, 1A2 = 40692, 1Q1 = 53668, 1Q2 = 52774;
12211, IR2 = 3791, NTAB = 32, IMM1=IM1-1;

const int 1Al

const int IR1
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const int NDIV = 1+IMM1/NTAB,;

const DP EPS = 3.0e-16, RNMX = 1.0-EPS, AM = 1.0/DP(IM1);
static int idnum2 = 123456789, iy=0;

static Vect_INT iv(NTAB);

int j, k;

DP temp;
if (idum <= 0){ lnitialize.
idum = (idum ==0 ? 1: -idum); //Be sure to prevent idum = 0.
idum2 = idum;
for j = NTAB+7; j>=0; j--){ //Load shuffle table (after 8 war m-ups).
k = idum/IQ1;
idum = IA1*(idum-k*1Q1)-k*IR1;
if (idum < 0) idum +=IM1;
if ( < NTAB) iv[j] = idum;
}
ly = iv[O];
}
k = idum/IQ1 //Start here when not initializing.
/[Compute idum = (IA1*idum)% IM1 without
idum = IA1*(idum-k*IQ1)-k*IR1;
if (idum < 0) idum += IM1;
k = idum2/1Q2;
[[Compute idum2 = (IA2*idum)\% IM2 likewise.
idum2 = [A2*(idum2-k*1Q2)-k*IR2;
if (idum2 < 0) idum2 += IM2;
] = Iy/INDIV; //Will be in the range 0..NTAB-1.

/*Below idum is shuffled, idum and idum2 are



combined to generate output.*/

iy = iv[jJ-idum2

iv[j] = idum;

if (ily < 1) iy += IMM1,

if (temp = AM*iy) > RNMX)

return RNMX; /[Because user don't expect endpoint values.

else return temp;

}

Source-code 11. // C++ extract for random number generator using //Knuth's

suggestions

#include <cstdlib>
#include “nr.h"
using namespace std;
DP ran3(int &idum){
statc int inext, inextp;
static int iff=0;
const int MBIG = 10000000000, MSEED=161803398,MZ=0;
const DP FAC = (1.0/MBIG);
[* The value 56 (range ma[l..55])is special and
should not be modified; see Knuth.*/
static Vect_INT ma(56);
int i,ii,k,mj,mk;
if (idum < 0 || iff == 0) /Mnitialization.
iff=1;
[*Initialize ma[55] using the seed idum and the

large number MSEED.*/
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mj=labs(MSEED-labs(idum));
mj \%=MBIG;
ma[55]=mj;
mk=1;
for (i=1;i<=54;i++){
/* Now initialize the rest of the table,
in a slightly random order,
with numbers that are not especially random.
*/
iiI=(21*)%55;
mal(ii]=mk;
mk=mj-mk;
if (mk < int(MZ)) mk += MBIG,;
mj=malii];
}
for (k = 0; k<4,k++)
//We randomize them by “warming up generator."
for (i=1;i<= 54; i++){
mali] -= ma[1+(i+30)%55];
if (mafi] < int(MZ)) ma[i] += MBIG,;
}
/[Prepare indices for our first generated number.
inext=0;
/IThe constant 31 is special; see Knuth.
inextp=31;

idum=1;



/l Here is where we start, except on initialization.
if (++inext == 56)
/lincrement inext and inextp, wrapping around
inext=1;
if (++inextp == 56) inextp=1; 56 to 1.
/I Generate a new random number subtractively.
mj=mal[inext]-malinextp];
/l Be sure that it is in range.
if (mj < int int(MZ)) mj +=MBIG
ma[inext]=mj; //Store it,
/land output the derived uniform deviate.

return mj*FAC;
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Appendix B

Data Collected

The tables below depict data collected for various experimes. In the case of two-
alphabet symbols and the string recognition experiments (dedzed in Chapter 7),
we only provide sample data for automata of up to 500 states. Themaining part
of the table may be obtain upon request to the author.

For the Single symbol experiment described in Chapter 5, taldd3.1 to B.6 depict
data collected for each of the technique used namely, tablengn, switch and nested
conditional statements, jump table, linear search and direcump. A few number of
values reproduced were considered as outliers since theirerdf magnitude appeared
to be out of range compared to the large majority of data. Rowsontaining outliers
values were simply deleted from the table. Table B.7 representhe averaged data of
each of the last nine columns of the tables B.1, B.2, B.3, B.4,.8and B.6 without
taking into account the problem size (number of accepting synolts { rst column).

For the two-alphabet symbols experiments (Chapter 7), the da was collected
based on both table-driven and hardcoded implementation. TEhhardcoded data
relied only on the jump table implementation since it was condered to be the best
of the other hardcoded methods investigated. Table B.8 depscthe sample data (up

to 500 states) collected for both table-driven and hardcodedplementation.
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Our String recognition experiment (Chapter 7) was based on aalphabet size of
10 symbols. 4000 di erent data were items collected. Table Bdepicts an extract of
the rst 50 rows of data collected for both table-driven and hedcoded experiments

using searching and direct indexing.
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# Min Max | Avrg | Min Max | Avrg | Min Max | Avrg
accepting | valid | valid | valid | no no no both | both | both
symbols trans | trans | trans | trans | trans | trans | cases | cases | cases
93 88 88 88 88 88 88 88 88 88
94.6 88 88 88 88 88 88 88 88 88
96.3 88 88 88 88 88 88 88 88 88
98.6 88 88 88 88 88 88 88 88 88
100.9 88 88 88 88 88 88 88 88 88
105.2 88 88 88 88 88 88 88 88 88
105.7 88 88 88 88 88 88 88 88 88
109.5 88 88 88 88 88 88 88 88 88
109.8 88 88 88 88 88 88 88 88 88
110.5 88 88 88 88 88 88 88 88 88
110.56 88 88 88 88 88 88 88 88 88
113.2 88 88 88 88 117.2 | 102.6 | 88 117.2 | 88.02
116.5 88 88 88 88 88 88 88 88 88
117.5 88 88 88 88 120.8 | 104.4 | 120.8 | 88 88.01
119 88 88 88 88 88 88 88 88 88
119.2 88 88 88 88 88 88 88 88 88
120 88 88 88 88 88 88 88 88 88
120.2 88 88 88 88 88 88 88 88 88
121.2 88 88 88 88 88 88 88 88 88
130.2 88 123.2 | 105.6 | 88 88 88 88 123.2 | 88.02
131.3 88 88 88 88 88 88 88 88 88
136.6 88 88 88 88 88 88 88 88 88
136.9 88 88 88 88 88 88 88 88 88
139.1 88 88 88 88 93.2 |[90.6 | 88 93.2 | 88.00
140.2 88 88 88 88 88 88 88 88 88
146.1 88 88 88 88 88 88 88 88 88
148.6 88 88 88 88 88 88 88 88 88
149.8 88 88 88 88 88 88 88 88 88
152.5 88 88 88 88 88 88 88 88 88
153.3 88 88 88 88 88 88 88 88 88
160.5 88 88 88 88 88 88 88 88 88
161.8 88 88 88 88 944 |91.2 |88 94.4 | 88.00
162.3 88 88 88 88 88 88 88 88 88
183 88 88 88 88 88 88 88 88 88
186.7 88 108.4 | 98.2 | 88 150.8 | 119.4 | 88 150.8 | 88.05

Table B.1: The Table-driven Experiment Data
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# Min Max | Avrg Min Max Avrg Min Max Avrg
accepting | valid | valid | valid no no no both | both both
symbols trans | trans | trans | trans | trans | trans | cases | cases | cases
85 94.4 | 147.2 | 100.25| 88 140 93.58 | 88 147.2 | 95.75
90.9 93.6 | 122 99.62 | 88.8 | 1104 |93.81 |884 | 1244 |96.34
91.8 94.8 |117.2 | 98.79 | 88 116.4 | 94.15 | 88 120 96.20
92.7 96 154.4 | 100.18| 88 139.6 | 93.54 | 88 154.4 | 96.20
102.9 95.2 |121.6 | 99.45 | 884 | 119.2 | 9355 |884 | 121.6 | 95.77
107.3 94.8 | 118 98.90 | 88.8 | 1156 |93.32 | 884 | 118 95.06
107.9 94.4 | 123.2 | 99.06 | 88.4 | 114.4 | 93.95 | 88 123.2 | 96.35
108.7 94 117.2 | 98.73 | 88.8 114 93.78 | 88.4 117.2 | 95.63
109.6 93.6 |121.6 |97.98 | 888 | 1184 |92.79 |88.4 | 124 94.25
110.9 93.6 | 118 98.80 | 884 | 112.4 | 94.05 | 88 118 96.17
111 92 124.4 | 98.98 | 88.8 | 123.6 | 92.42 | 88.4 | 130.8 | 94.02
116 95.2 |121.6 | 100.41| 88 118 93.60 | 88 121.6 | 96.03
116.8 93.2 | 116.8 | 100.15| 88.4 | 118 94.35 | 884 | 119.6 | 96.60
117 94.4 | 122.4 | 99.21 | 884 | 121.2 | 94.06 | 88 126.8 | 96.06
117.8 94.8 | 122.4 | 100.44| 88 140.4 | 95.30 | 88 144.8 | 97.69
123.1 91.6 142.8 | 97.71 | 88.8 1344 | 9251 | 88 144 94.19
126 95.2 144 99.74 | 88.4 120.8 | 93.67 | 88.4 146.4 | 96.30
127.4 94.4 | 120.4 | 99.82 | 884 | 119.2 | 93.692| 88 122.4 | 95.87
128.1 92.4 | 121.2 | 98.85 | 88 110 92.86 | 88 121.2 | 94.60
128.3 94.4 | 126.4 | 100.95| 88 122.4 | 93.59 | 88 126.4 | 96.04
129.5 91.2 | 122 99.22 | 884 | 118 93.49 | 884 |125.2 | 95.44
134.3 91.6 | 116 99.80 | 88.8 | 120 92.02 | 88.8 | 122 93.70
134.5 94.8 | 126.8 | 99.86 | 88 116.8 | 93.25 | 88 126.8 | 95.69
143.6 93.6 |119.6 | 98.24 | 88 116.8 | 92.87 | 88 120.4 | 94.82
143.6 93.2 113.2 | 98.74 | 88.8 1124 | 93.85 | 88.8 118.8 | 95.56
145.2 92.8 123.2 | 99.10 | 88.8 114 94.09 | 88.4 123.6 | 96.04
147.4 96.4 | 146 100.32| 88 116.4 | 94.41 | 88 146 97.01
148.5 92.8 | 122 100.17| 88 120 93.75 | 88 124.8 | 96.01
149 95.6 | 131.6 | 100.56| 88 117.6 | 94.72 | 88 131.6 | 97.32
150.7 94.4 116 98.27 | 88.4 1144 | 92.82 | 884 116.8 | 94.55
160.56 94.67 | 124 100.89| 88 120.89| 94.09 | 88 126.67| 96.16
163.6 94 123.6 | 99.72 | 88.4 | 118.8 | 92.99 |88.4 | 126.8 | 95.27
179.1 92 116.8 | 98.21 | 88.8 | 110.4 | 92.60 | 88.8 | 118.8 | 94.28
180.2 92 121.2 | 99.30 | 88 113.2 | 93.39 | 88 121.2 | 95.37
196.1 94 119.6 | 98.47 | 88 112.4 | 92.83 | 88 119.6 | 94.73

Table B.2: The Switch Statements Data
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# Min Max Avrg Min Max Avrg Min Max Avrg

accepting | valid valid valid no no no both both both

symbols trans | trans |trans |trans |trans | trans | cases | cases | cases
85.00 93.60 | 163.60| 118.73| 119.60| 328.40| 125.37| 93.60 | 334.80| 122.32
92.70 94.40 | 176.00| 117.80| 123.20| 222.00| 126.80| 94.40 | 224.80| 122.99
98.10 94.00 | 172.00| 118.18| 126.80| 209.60| 128.77| 94.00 | 211.20| 123.34
98.80 92.40 | 131.20| 107.27| 110.00| 159.60| 110.94| 92.40 | 161.60| 109.88
103.40 93.60 | 166.00| 120.96| 124.00| 197.20| 129.61| 93.60 | 200.00| 125.63
107.90 92.40 | 214.40| 132.43| 140.40| 256.00| 151.47| 92.40 | 264.40| 141.91
108.10 93.60 | 199.20| 129.22| 136.40| 251.60| 144.05| 93.60 | 253.20| 136.71
108.60 89.60 | 221.60| 129.89| 146.80| 271.60| 150.93| 89.60 | 272.80| 137.86
108.70 91.60 | 201.20| 128.79| 137.60| 298.00| 143.44| 91.60 | 298.00| 136.73
109.80 92.00 | 164.80| 122.40| 124.40| 212.40| 132.43| 92.00 | 212.80| 127.53
110.60 92.00 | 159.20| 118.89| 125.60| 214.00| 129.53| 92.00 | 214.00| 125.06
110.90 91.20 | 202.40| 130.86| 140.00| 240.00| 149.15| 91.20 | 248.00| 139.83
111.90 93.20 | 177.60| 125.34| 131.60| 236.40| 139.19| 93.20 | 237.60| 132.01
115.30 92.00 | 216.80| 129.31| 145.20| 258.00| 147.00| 92.00 | 260.00| 138.34
116.00 94.40 | 180.00| 125.51| 136.00| 250.40| 138.93| 94.40 | 250.40| 131.95
117.00 94.40 | 206.40| 130.83| 140.40| 254.80| 147.81| 94.40 | 261.20| 138.94
119.50 93.20 | 192.80| 125.64| 133.60| 248.80| 139.66| 93.20 | 251.20| 133.59
122.50 92.80 | 208.80| 135.52| 148.80| 276.80| 157.60| 92.80 | 277.20| 145.25
123.10 94.80 | 207.60| 121.54| 134.40| 239.60| 137.08| 94.80 | 258.80| 130.33
125.30 95.60 | 172.40| 119.92| 126.40| 238.00| 129.98| 95.60 | 238.00| 124.88
130.80 94.40 | 174.00| 117.82| 130.40| 223.60| 131.97| 94.40 | 223.60| 125.66
137.50 93.60 | 217.20| 132.75| 152.00| 275.20| 153.86| 93.60 | 275.20| 142.89
138.70 91.20 | 210.40| 126.36| 135.60| 240.80| 140.88| 91.20 | 240.80| 133.65
140.00 94.40 | 210.80| 136.24| 144.80| 264.40| 155.73| 94.40 | 265.60| 146.73
140.90 92.00 | 202.40| 130.20| 140.80| 264.80| 147.35| 92.00 | 265.60| 139.91
141.90 93.20 | 198.00| 129.58| 144.00| 268.80| 146.82| 93.20 | 268.80| 138.86
143.10 93.20 | 195.20| 129.86| 138.80| 245.20| 145.38| 93.20 | 246.80| 136.80
145.70 96.40 | 230.80| 136.67| 155.20| 297.60| 161.04| 96.40 | 298.40| 148.86
146.80 90.40 | 215.20| 137.02| 148.40| 283.20| 158.56| 90.40 | 283.20| 148.06
150.80 92.80 | 215.20| 132.24| 140.80| 266.80| 150.38| 92.80 | 268.00| 140.85
165.50 95.60 | 245.20| 135.39| 159.20| 331.60| 162.86| 95.60 | 332.40| 148.65
165.70 95.20 | 205.20| 135.48| 150.00| 278.80| 156.97 | 95.20 | 278.80| 146.74
179.60 96.00 | 235.60| 142.47| 155.20| 306.80| 167.10| 96.00 | 309.20| 156.38
183.00 100.00| 148.00| 112.13| 112.00| 184.00| 112.39| 100.00| 184.00| 112.35
181.60 95.36 | 220.76| 139.25| 154.36| 314.44| 162.40| 95.36 | 315.08| 150.65

Table B.3: the Nested Conditional Statements Data
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# Min Max Avrg | Min Max Avrg | Min Max Avrg
accepting | valid | valid valid | no no no both | both both
symbols trans | trans trans | trans | trans trans | cases | cases | cases
3.44 6.67 | 216.89 | 13.62 | 4.00 | 216.89 | 16.18 | 4.00 | 216.89 | 14.74
10.70 7.20 | 177.60 | 15.99 | 4.00 | 165.60 | 8.64 | 4.00 | 181.60 | 11.56
15.40 11.20 | 235.60 | 18.12 | 4.00 | 233.20 | 8.87 | 4.00 | 235.60 | 11.49
22.30 8.80 | 296.80 | 15.60 | 4.00 | 289.60 | 9.55 | 4.00 | 296.80 | 12.28
31.00 6.40 | 218.00 | 16.27 | 4.00 | 200.40 | 8.85 | 4.00 | 220.00 | 11.85
39.70 9.60 | 280.40 | 17.26 | 4.00 | 281.60 | 8.46 | 4.00 | 290.00 | 10.84
49.20 8.80 268.00 | 15.70 | 4.00 267.20 | 8.67 4.00 |294.80 | 10.91
54.70 560 |298.00 | 17.56 | 4.00 | 273.20 | 9.58 | 4.00 | 298.00 | 12.33
60.50 8.80 |[299.60 | 16.92 | 4.00 | 326.00 | 9.59 | 4.00 | 326.00 | 12.48
68.90 7.20 | 318.00 | 17.79 | 4.00 | 257.20 | 8.62 | 4.00 | 318.00 | 11.61
77.70 8.80 |352.80 |17.36 | 4.00 | 338.40 | 9.67 | 4.00 | 364.80 |12.75
83.30 10.40 | 300.40 | 18.44 | 4.00 | 296.40 | 9.65 | 4.00 | 316.80 | 12.72
92.70 8.00 | 304.00 | 18.09 | 4.00 | 256.40 | 8.50 | 4.00 | 304.00 | 11.83
99.20 10.40 | 241.60 | 18.47 | 4.00 | 291.60 | 9.50 | 4.00 | 322.40 | 12.52
111.50 9.60 279.60 | 18.70 | 4.00 308.00 | 941 4.00 | 317.60 | 12.29
119.60 7.20 | 393.60 | 19.41 | 4.00 | 424.80 | 10.03 | 4.00 | 434.00 | 13.73
126.60 9.60 |377.20 | 20.55 | 3.60 | 358.80 | 9.43 | 3.60 | 383.20 | 13.66
134.10 9.60 |339.60 | 19.28 | 3.60 | 355.20 | 9.11 | 3.60 | 371.20 | 12.03
144.60 7.20 | 4063.20| 23.50 | 4.00 | 400.80 | 10.66 | 4.00 | 4101.60| 16.95
151.80 7.20 | 329.60 | 20.61 | 4.00 | 404.00 | 10.29 | 4.00 | 405.20 | 14.07
156.60 8.00 | 369.60 | 21.34 | 4.00 | 340.40 | 9.78 | 4.00 | 406.80 | 13.41
163.30 9.60 | 391.60 | 22.16 | 4.00 | 380.40 | 11.35 | 4.00 | 391.60 | 15.94
168.30 7.20 | 389.20 | 21.58 | 4.00 | 4018.80| 10.43 | 4.00 | 4037.20| 14.36
174.90 8.80 | 355.20 | 22.89 | 4.00 | 337.60 | 9.78 | 4.00 | 366.80 | 14.43
185.30 8.80 |443.60 | 22.85 | 4.00 | 446.00 | 10.54 | 4.00 | 447.20 | 15.97
194.40 9.60 |312.80 | 22.75 | 4.00 | 324.80 | 9.23 | 4.00 | 340.00 | 12.76
201.00 8.80 | 4218.80| 25.57 | 4.00 | 359.20 | 10.98 | 4.00 | 4224.80| 17.48
208.50 6.40 | 8906.00| 28.69 | 4.00 | 430.80 | 10.39 | 4.00 | 8923.60| 17.81
214.40 8.00 |416.80 | 23.39 | 4.00 | 365.20 | 10.05 | 4.00 | 425.20 | 14.59
221.80 6.40 | 338.80 | 22.63 | 4.00 | 356.00 | 10.56 | 4.00 | 371.20 | 15.31
228.90 8.80 | 398.00 | 23.58 | 4.00 | 383.20 | 10.88 | 4.00 | 399.60 | 15.95
236.30 8.00 371.20 | 25.82 | 4.00 431.60 | 11.18 | 4.00 | 444.80 | 16.47
245.90 8.80 | 365.20 | 23.44 | 4.00 | 364.40 | 10.28 | 4.00 | 375.20 | 14.58
253.17 8.00 |374.00 | 21.74 | 4.00 | 370.67 |9.28 | 4.00 | 379.33 | 12.63

Table B.4: The Jump Table Data
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# Min Max Avrg | Min Max Avrg Min Max Avrg
accepting | valid | valid valid | no no no both | both both
symbols trans | trans trans | trans | trans trans | cases | cases cases
3.44 2.22 | 52.89 8.87 | 2.67 24.89 4.77 2.22 | 52.89 7.12
10.90 6.40 | 65.60 14.02 | 6.80 45.60 7.99 5.20 | 67.20 10.43
16.40 7.60 | 111.60 16.04 | 8.40 105.60 | 9.81 6.00 | 112.80 12.24
25.30 8.40 |248.40 |22.87 | 15.60 | 238.00 | 18.40 | 6.80 | 248.40 | 20.19
33.40 10.80 | 256.00 | 21.86 | 16.00 | 252.00 | 19.12 | 10.00 | 256.00 19.68
42.80 6.40 | 198.40 | 23.68 | 18.40 | 196.80 | 21.45 |6.40 | 199.60 | 21.09
51.10 9.60 | 404.00 | 27.96 | 21.60 | 405.60 | 28.15 | 9.60 | 405.60 | 27.21
55.31 7.36 | 297.60 | 29.44 | 2456 | 296.96 | 30.50 | 6.96 | 299.76 | 29.40
61.80 12.40 | 341.20 | 31.27 | 26.40 | 324.00 | 34.22 | 11.20 | 345.60 | 32.53
71.00 8.80 |388.80 | 3051|2640 |392.00 | 32.36 840 |392.40 | 31.03
79.50 13.20 | 391.60 | 37.70 | 37.20 | 439.60 | 44.41 | 11.60 | 439.60 | 40.25
85.90 7.20 | 3192.80 | 36.73 | 34.40 | 3491.60 | 41.60 | 7.20 | 6354.40 | 38.83
93.80 9.60 |351.60 | 34.37 |30.40 |356.80 | 39.59 [9.60 |357.20 | 36.42
100.30 14.00 | 478.40 | 39.17 | 38.40 | 478.40 | 47.97 | 14.00 | 478.40 | 43.97
113.00 12.40 | 541.60 | 43.74 | 46.00 | 601.20 | 53.69 | 12.00 | 644.00 | 47.92
120.90 10.40 | 784.00 | 50.21 | 57.20 | 766.80 | 64.57 | 10.40 | 794.40 | 57.63
127.50 12.80 | 686.40 | 46.64 | 52.40 | 746.80 | 59.70 | 12.40 | 762.40 | 53.52
134.80 12.80 | 558.80 | 43.23 | 45.60 | 535.60 | 53.12 | 12.80 | 560.40 | 47.45
144.60 8.80 |853.20 |60.98 | 76.00 | 816.80 | 83.73 |8.80 |926.40 | 70.97
151.26 9.68 |856.92 |54.76 | 64.80 | 735.28 | 72.94 | 8.48 |908.24 | 61.69
156.60 10.00 | 3860.00 | 50.31 | 55.60 | 659.20 | 62.73 | 10.00 | 3860.00 | 56.46
163.30 12.80 | 1076.00 | 64.22 | 78.00 | 950.00 | 88.43 | 12.80 | 1076.00 | 76.17
168.30 7.20 | 602.00 |51.89 | 59.60 | 673.20 | 67.24 | 6.40 | 750.40 | 59.12
175.80 11.20 | 15007.60| 70.93 | 69.60 | 708.80 | 77.96 | 11.20 | 15007.60| 73.46
185.30 10.40 | 3969.20 | 78.12 | 86.00 | 880.00 | 112.23| 10.40 | 4100.80 | 94.09
194.30 8.80 |682.80 |47.97 | 52.40 | 712.40 | 60.87 | 8.00 | 727.60 |55.94
201.70 12.80 | 1012.80 | 75.27 | 98.00 | 1105.60 | 107.92| 12.80 | 1136.00 | 91.04
209.30 7.60 | 775.20 | 6455 | 79.60 | 528.00 |88.78 | 7.60 |840.40 | 77.07
216.70 10.40 | 1088.40 | 71.49 | 89.20 | 951.20 | 99.42 | 10.40 | 1099.60 | 86.70
224.60 8.80 |945.60 | 78.76 | 99.60 | 1016.40 | 114.83| 8.80 | 1132.80 | 96.84
231.20 11.60 | 1054.00 | 77.52 | 101.60| 913.60 | 111.15| 11.60 | 1148.00 | 94.04
239.30 12.40 | 1080.40 | 80.81 | 108.00| 3980.00 | 120.15| 12.00 | 4022.40 | 99.84
247.30 10.00 | 1046.40 | 64.88 | 80.40 | 949.20 | 89.36 | 10.00 | 1046.40 | 79.33
253.75 13.50 | 1018.00 | 66.29 | 84.00 | 21755.50| 99.54 | 13.50 | 21755.50| 87.06

Table B.5: The Linear Search Data
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# Min Max Avrg | Min Max Avrg | Min Max Avrg
accepting | valid | valid valid | no no no both | both both
symbols trans | trans trans | trans | trans trans | cases | cases cases
3.70 12.00 | 39.20 20.31 | 12.00 | 35.20 16.86 | 12.00 | 44.80 18.91
11.50 13.60 | 56.00 21.01 | 12.00 | 56.40 20.39 | 12.00 | 58.00 20.63
15.15 15.36 | 84.00 21.03 | 13.60 | 85.24 21.14 | 12.00 | 85.40 21.04
22.30 14.40 | 138.80 | 21.06 | 14.40 | 138.80 | 20.89 | 12.00 | 138.80 | 20.96
31.00 16.00 | 193.60 | 21.90 | 14.40 | 194.00 | 21.88 | 12.00 | 194.00 | 21.87
39.70 16.00 | 214.40 21.97 | 14.00 | 214.40 21.99 | 12.00 | 214.80 22.01
49.20 17.60 | 249.60 22.25 | 13.20 | 249.60 22.28 | 12.00 | 249.60 22.29
54.70 13.60 | 186.80 | 22.90 | 16.40 | 187.20 | 22.91 | 12.00 | 187.20 | 22.89
60.50 14.40 | 189.20 | 23.63 | 13.20 | 282.40 | 23.89 | 12.00 | 282.40 | 23.77
68.90 12.80 | 130.40 | 23.18 | 12.80 | 132.00 | 23.16 | 12.00 | 132.40 | 23.16
77.70 14.00 | 219.20 | 22.69 | 12.80 | 220.00 | 22.97 | 12.00 | 220.00 | 22.93
83.30 14.00 | 156.00 | 22.27 | 12.80 | 157.20 | 22.36 | 12.00 | 157.20 | 22.33
91.00 15.20 | 180.40 | 24.46 | 13.20 | 257.60 | 24.70 | 12.00 | 257.60 | 24.67
96.90 18.00 | 238.80 | 24.72 | 12.80 | 238.00 | 24.83 | 12.00 | 242.00 | 24.80
108.00 16.00 | 254.40 21.81 | 13.20 | 280.00 21.89 | 12.00 | 280.00 21.89
117.50 15.60 | 276.80 | 24.72 | 14.80 | 23851.20| 36.40 | 12.00 | 23854.00| 34.71
124.30 15.20 | 271.60 | 25.42 | 14.80 | 270.40 | 25.40 | 12.00 | 277.20 | 25.45
130.30 18.40 | 27695.60| 48.15 | 12.80 | 267.20 | 25.47 | 12.00 | 27697.20| 36.19
138.20 14.00 | 200.00 | 24.64 | 12.00 | 226.80 | 24.70 | 12.00 | 251.20 | 24.73
148.30 13.60 | 253.60 | 25.55 | 15.60 | 27638.00| 38.18 | 12.80 | 27639.20| 34.84
153.80 15.60 | 303.60 | 25.05 | 14.00 | 295.60 | 25.25 | 12.00 | 318.00 | 25.13
158.80 15.20 | 304.40 | 26.06 | 13.20 | 306.00 | 26.23 | 12.00 | 306.00 | 26.21
165.50 14.40 | 278.40 | 26.29 | 12.80 | 284.80 | 26.30 | 12.00 | 285.60 | 26.27
171.40 13.60 | 284.00 26.65 | 13.20 | 285.60 26.41 | 12.00 | 285.60 26.45
179.14 14.56 | 268.80 | 26.82 | 12.92 | 266.16 | 26.80 | 12.00 | 270.56 | 26.81
189.20 14.40 | 273.60 | 27.71 | 14.80 | 300.80 | 27.78 | 12.00 | 302.00 | 27.74
197.00 16.40 | 282.00 | 27.74 | 12.00 | 296.00 | 27.81 | 12.00 | 298.00 | 27.80
204.60 13.60 | 275.20 | 28.24 | 14.00 | 276.00 | 28.15 | 12.00 | 279.60 | 28.23
211.50 14.00 | 272.80 | 27.70 | 12.40 | 303.20 | 27.58 | 12.00 | 305.20 | 27.64
218.90 14.40 | 29771.60| 55.24 | 12.80 | 8078.40 | 33.74 | 12.00 | 29774.00| 39.39
227.60 16.00 | 329.20 | 26.87 | 13.60 | 305.60 | 26.91 | 12.00 | 331.20 | 26.87
235.70 15.20 | 281.20 29.29 | 12.80 | 278.00 29.26 | 12.00 | 284.40 29.23
246.40 15.20 | 332.00 | 27.99 | 12.80 | 325.60 | 27.78 | 12.80 | 337.20 | 27.79
253.14 15.43 | 4751.43 | 31.91 | 13.14 | 275.43 | 29.89 | 12.00 | 4754.86 | 30.76

Table B.6: The Direct Jump Data
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Valid Transition No transition Both cases
Min Max Avrg Min Max Avrg Min Max Avrg
Table-driven 88.00| 89.59 | 88.79 | 88.00 | 91.90 | 89.95 | 88.00| 92.90 | 88.00
Switch Statements | 93.86| 124.70| 99.40 | 88.34 | 119.16| 93.54 | 88.21| 126.89| 95.63
Nested Conditional | 93.56 | 195.94 | 127.50| 137.51| 254.55| 143.24| 93.56 | 256.73| 135.49
Jump Table 8.46 | 322.14| 19.61 | 3.97 321.49]| 9.85 3.97 | 341.49| 13.26
Linear Search 9.69 | 545.84| 41.53 | 44.45 | 516.78| 51.22 | 9.22 | 574.60| 46.12
Direct Jump 14.84| 223.71| 24.54 | 13.31 | 232.71| 24.43 | 12.03| 237.10| 24.50

Table B.7: Averaged Data collected independently to the prdém size




Table-driven Hardcode
# Avrg Avrg Avrg Avrg Avrg Avrg
of min max avrg min max avrg
states time time time time time time
10 424 649 436 57 235 69
20 840 987 847 112 721 150
30 1247 1396 1254 169 2034 275
40 1642 1864 1655 224 3670 413
50 2032 2249 2057 279 4033 488
60 2465 2717 2479 335 4842 585
70 2865 3127 2888 390 7089 754
80 3293 3499 3307 460 5842 772
90 3699 4016 3717 536 6291 887
100 4030 4309 4111 613 8663 1093
110 4512 4619 4525 667 7440 1096
120 4929 5201 4944 760 9703 1314
130 5324 5535 5338 855 10072 1437
140 5753 5809 5758 929 9405 1464
150 6139 6377 6155 1015 13007 1733
160 6490 6793 6575 1251 11886 1897
170 6978 7267 6994 1432 13043 2135
180 7418 7538 7424 1616 15137 2438
190 7658 8143 7797 1824 17380 2775
200 8038 8478 8211 2096 13985 2847
210 8485 | 185347 | 17475 | 2253 15786 3125
220 8975 9324 9064 2374 17676 3339
230 9397 9651 9417 2647 17863 3618
240 9678 9934 9699 3063 19773 4036
250 10238 | 10587 | 10261 | 3335 20361 4337
260 10444 | 10685 | 10659 | 3641 20673 4648
270 10938 | 11045 | 10953 | 3896 20474 4897
280 11319 | 11760 | 11361 | 4313 22638 5387
290 11706 | 11999 | 11886 | 4706 25121 5890
300 12089 | 12667 | 12322 | 5090 25033 6264
310 12740 | 12986 | 12754 | 5430 | 124328 | 12658
320 13124 | 13268 | 13150 | 5839 26174 6990
330 13559 | 13888 | 13580 | 6234 26281 7369
340 13998 | 14215 | 14009 | 6706 | 202403 | 17768
350 14246 | 14610 | 14279 | 6974 28786 8161
360 14554 | 14816 | 14787 | 7386 30275 8611
370 15114 | 15210 | 15142 | 7771 31341 9313
380 15330 | 15601 | 15369 | 8059 29948 9192
390 15766 | 16198 | 16009 | 8319 31951 9534
400 16104 | 16635 | 16159 | 8549 34266 9863
410 16843 | 17104 | 16858 | 8781 36855 | 10207
420 16857 | 17140 | 17106 | 9025 36610 | 10428
430 17299 | 17671 | 17623 | 9274 21243 9898
440 17778 | 18080 | 18060 | 9505 21164 | 10111
450 18315 | 18548 | 18336 | 9733 23876 | 10456
460 18890 | 18972 | 18896 | 9981 20511 | 10528
470 19137 | 19424 | 19315 | 10198 | 22078 | 10814
480 19650 | 19949 | 19665 | 10416 | 22415 | 11033
490 19837 | 20254 | 20030 | 10632 | 24994 | 11367
500 20197 | 20387 | 20207 | 10849 | 21277 | 11388

Table B.8: Sample Data for the two-alphabet symbols Experinms
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String Recognition using Linear Search

String Recognition using Direct Index

Table-driven Hardcode Table-driven Hardcode
# Avrg Avrg Avrg Avrg Avrg Avrg Avrg Avrg Avrg Avrg Avrg Avrg
of min max avrg min max avrg min max avrg min max avrg
states time time time time time time time time time time time time
10 1785 2720 1805 576 3419 636 340 659 348 91 2470 141
20 3797 4506 3811 1283 5800 1383 698 1151 709 184 6165 308
30 5717 6553 5734 1908 8260 2056 1049 1403 1059 282 9089 468
40 7639 8554 7659 2539 10899 2723 1400 1856 1411 372 11895 615
50 9580 10304 9594 3203 15339 3474 1753 2232 1764 468 13011 740
60 11558 12340 11574 | 4214 18978 4532 2109 2580 2119 643 16480 994
70 13652 14429 13667 | 4741 23830 5154 2460 2772 2468 781 21418 1226
80 15597 16394 15613 | 5550 22115 5917 2818 3291 2829 857 21008 1296
90 17461 18228 17476 | 5936 23944 6348 3169 3618 3180 931 23370 1420
100 19519 20274 19534 | 6771 30223 7312 3532 3948 3541 1173 26865 1748
110 21699 22426 21714 | 7776 35837 8393 3889 4201 3897 1320 31447 1970
120 23670 24419 23685 | 8941 36895 9548 4229 4464 4237 1526 35666 2699
130 25641 26398 25656 | 10161 39970 10805 4484 5000 4581 2038 38148 2840
140 27678 28262 27690 | 10882 | 1807381 | 47007 4934 5240 4943 2591 39015 3391
150 29718 30468 29733 | 12408 48226 13188 5289 5740 5300 2786 47801 3746
160 31680 32378 31694 | 12920 49600 13730 5652 6031 5660 3067 45179 3973
170 33660 34405 33675 | 13911 59202 14874 5962 6327 6025 3670 51786 5174
180 35802 36615 35818 | 15496 67729 16597 6311 6852 6369 4141 58319 5281
190 37712 38539 37730 | 16583 67413 17636 6704 7084 6714 4669 63788 5903
200 39614 40471 39632 | 17870 73731 19130 7070 7399 7079 5274 67080 6581
210 41519 59819 41903 | 19053 75763 20264 7408 7749 7417 5659 73443 7080
220 43418 64129 43850 | 20158 80724 21973 7681 8101 7797 5979 77634 7481
230 45332 46227 45350 | 20932 85096 22260 8116 8521 8144 6430 79685 7993
240 47432 48286 47449 | 21774 | 143616 25614 8441 8918 8451 6913 79821 8433
250 49297 50064 49312 | 23176 89264 24576 8843 9293 8855 7474 84791 9091
260 51243 52036 51259 | 23627 97556 25169 9136 9658 9149 7820 91989 9573
270 53221 | 586024 | 63945 | 24741 | 169972 29372 9564 10136 9583 8413 | 100716 | 10296
280 55065 56194 55088 | 26060 | 112703 27851 9845 10270 9856 8967 | 103267 | 10899
290 57087 57924 57105 | 26393 | 111594 28186 | 10186 | 10790 | 10203 | 9306 | 105460 | 11794
300 59172 59963 59188 | 29386 | 112494 31140 | 10520 | 11153 | 10543 | 9792 | 106645 | 11790
310 61114 | 1828776 | 96498 | 30386 | 120012 32225 | 11042 | 11411 | 11052 | 10139 | 113321 | 12259
320 63040 63860 63057 | 31493 | 117679 33253 | 11402 | 11902 | 11434 | 10400 | 118619 | 12612
330 65059 87578 65531 | 30909 | 127564 32900 | 11811 | 12295 | 11869 | 10965 | 121293 | 13216
340 66949 84500 67321 | 31462 | 127632 33436 | 12116 | 12796 | 12183 | 11374 | 126034 | 13754
350 69011 70112 69034 | 32470 | 127860 34418 | 12546 | 13162 | 12561 | 11808 | 126155 | 14180
360 70904 | 201363 | 73550 | 33958 | 146674 36286 | 12934 | 13639 | 12992 | 12101 | 160247 | 15124
370 72907 91467 73302 | 35109 | 148358 37434 | 13274 | 13892 | 13292 | 12685 | 141602 | 15753
380 75197 | 749073 | 88713 | 37630 | 153435 40075 | 13689 | 14572 | 13730 | 13167 | 142012 | 15803
390 77031 | 207068 | 79680 | 38628 | 154922 41030 | 14090 | 14795 | 14120 | 13513 | 159357 | 19333
400 79178 95878 79546 | 39642 | 158204 | 420600 | 14561 | 15084 | 14591 | 14096 | 145721 | 16779
410 81149 82636 81180 | 39143 | 164597 41719 | 14898 | 15786 | 14935 | 14666 | 149139 | 17433
420 83096 | 754076 | 97026 | 39278 | 165208 41850 | 15257 | 15984 | 15279 | 14836 | 156112 | 17717
430 85338 86679 85366 | 40309 | 185388 46014 | 15758 | 16570 | 15775 | 15335 | 161386 | 18311
440 87146 | 104880 | 87534 | 43800 | 166546 46333 | 16273 | 16782 | 16344 | 15673 | 164625 | 18699
450 89338 90906 89388 | 42103 | 180878 44920 | 16533 | 17174 | 16579 | 16321 | 173763 | 19550
460 91136 | 142873 | 92217 | 45832 | 191300 48810 | 17176 | 17558 | 17220 | 16755 | 186600 | 20252
470 93113 94907 93149 | 46588 | 193856 49592 | 17512 | 226983 | 21746 | 17098 | 165980 | 20126
480 95192 | 114015 | 95597 | 44737 | 195712 47820 | 17959 | 57126 | 18743 | 17354 | 178416 | 23529
490 97083 98513 97111 | 45025 | 193362 48062 | 18224 | 18533 | 18232 | 17947 | 397911 | 26038
500 99238 | 121324 | 99711 | 46985 | 198716 52620 | 18716 | 38069 | 19130 | 18249 | 191298 | 21780

Table B.9: Sample Data for the String Recognition Experimdrwith Searching and
Direct Indexing
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