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ABSTRACT

The probiem of modeling, analysis and reconstruction of noisy and/or

distorted syntactic patterns is studied. Segmentation errors and primitive

extraction errors can be treated as syntax errors and defined in terms of
language transformation rules. Three types of error transformations are

defined on strings, nanely substitution, insertion and deietion. Con-

———

sequentiy, the parser constructed according to the grammar generating the
strings and the three types of transformations is cailed the error-correcting
parser. This technique is also extended to tree languages. In formuiating
error-correcting tree automata (ECTA), five types of error-transformations

on trees are defined, namely, substitution, spiit, stretch, branch and
deietion. By way of using language transformations, the distance between

two sentences can be determined. A definition of distance between a sentence

and a language is proposed. Based on this definition, a clustering procedure

> rY

(I Is proposed, where error-correcting parsers are empioyed to determine the
distance between an input syntactic pattern and a formed cliuster, or a
ianguage. Finally, using the error-correcting parsing techniques, real

data exampieson texture modeiing and discrimination are presented.




——

CHAPTER |

INTRODUCTION

1.1 Purpose

During the past decade, there has been.an increasing interest in
pattern recognition. Most of the developments in the theory and appii-
cations of pattern recognition use the statistical approach [1-3]. In
order to represent the structurai information contalned in the patterns,
the syntactic or structural approach has been proposed [4-5]. This approach
draws an anaiogy between the structure of patterns and the syntax of
fanguages. The precision of syntactic specification provides the recogni-
tion procedure not oniy the capabiiity of ciassifying patterns but also
the capacity of describing patterns. However, one of the weaknesses of
this approach }s the probiem of recognizing noisy patterns. . Severai
approéches have been used in deailing with noisy patterns, namely; stochastic
grammars or discriminant grammars, sequential parsing or partial parsing
methods, language transformations, and error-correcting parsers. The
purpose of thls research Is to develop'error-correctlng parsing algorithms

suitabie for'syntactlc pattern recognition.

1.2 The Recognition of Nolisy and Dlétorted Patterns

Using a syntactic approach to pattern recognition, a set of training
patterns is first analyzed. A pattern, according to its structure, is
divideq into subpatterns. Subpatterns can be further divided into sub-

subpatterns, and so on. The basic eiement is caiied a 'pattern primitive."




IR S

Linguistic notationsare used to describe a pattern in terms of primitives

and relations between them as in a sentence. The set of sentences corre-
sponding to the set of training patterns can be specified by a generative
grammar called a ''pattern grammar.' Non-terminals in the pattern

grammar represent the subpatterns and terminals represent primitives and
possibly some relational symbols. The structure of patterns is characterized
by production rules of the grammar.

In a recognition procedure, after preprocessing,segmentation and
primitive extraction, an input pattern is represented as a sentence, then a
parser is employed as a pattern recognizer. A parser is an algorithm
based on a given pattern grammar, G, that can produce a complete syntactic
description in the form of a parse tree of an input sentence if it belongs
to L(G), the language generated from G. A block diagram of a syntactic
pattern recognition system is given in Figure 1-1.

In a pattern classification problem, parsers are used to determine
the membership of an input pattern. Grammars are constructed to characterize
each of the classes of patterns. An input pattern Is then parsed with
respect to the pattern grammars one by one to decide which language
(class) it belongs to.

In practical applications, there often exists pattern distortion
and measurement noise causing segmentation and primitive extraction
errors which ultimately result in a noisy representation (sentence),
that is, it cannot be successfully analyzed by the parser. The following
are situations that may cause the representation of a pattern to be
noisy; (1) unpredictable distortions and variations, (2) simplified

grammars.
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4

(1) Unpredictabie distortions and variations. Normaliy, one would
fike to construct a grammar which generates as much variety in patterns
as possibie. The construction of a grammar Is tased on a priori knowledge
availabie; e.g. the given set of patterns, or predictabie noise, distortion
or variation of patterns. However, not alllthe distortions and variations
of patterns are predictabie. This uncertainty may cause some patterns to
be rejected during recognition.

(2) Simplified grammars. in a ciassifiéation probiem, In order to
avolid any ambigulty caused by the overiaps between ianguages, grammars
may be constructed to exciude some known patterns as weil as some expected
distortions In order to be simpier and smaller. There is a decision which
has to be made between the descriptive precision and the anatysis efficiency
of a grammar. One may construct a large grammar (with a large number of
production rules) which generates a language that very ciosely yields
the given set of patterns, or a simpier grammar which does not generate
some of the known patterns but uses less parsing time and storage space.

Stochastic grammars have been suggested in resofving the uncertainty

of patterns [6-8]. With a probabiiity assigned to each production ruie,
L the probabifity distribution of sentences generated from the stochastic

grammar can be used to modeil the probability distribution of patterns.

ta 'y

i Normal patterns are discriminated from nolsy patterns by thelr assoclated
probabiiities. This approach requires a targe amount of training data
in order to make a meaningful probabiiity distribution of patterns.

Page and Fitipski [9], propose the use of a discriminant grammar which
Is an extension of the stochastic grammar approach. The generated

language from a discriminant grammar s supposed to inciude ail the ciasses

T W ST, e |
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of patterns under consideration. In a discriminant grammar, a number is
associated with each production ruie. By adding the numbers corresponding
to each use of a production ruie in a derivation of a sentence, a number
associated with the sentence is derived. The language is partitioned

into decision regions by comparing this number to a predetermined cut
point. A discriminant grammar can aiso be used in making a Bayes' decision
between two stochastic fanguages. In this case, the number assigned to
each production ruie is obtained from the probabiiity distribution of

sentences. Therefore, the construction of discriminant grammars faces

§| a simiiar probiem to that of stochastic grammars, nameiy, that a very iarge
amount of training data is necessary in order to make a meaningful prob-

ability distribution.

An interesting feature that stochastic grammars and discriminant
grammars have is the sequential parsing. Persoon and Fu [10] proposed an
algorithm of sequentiai parsing for stochastic context-free grammars.

f Using a stopping ruie, oniy part of the input string needs to be scanned
when a decision is made. The classification ruie used is Bayes' decision

ruie. Page and Fiiipski [9] aiso proposed a scheme for sequential parsing

of discriminant grammars based on the sequential probabiiity ratio test.

Using the sequential parsing method, since oniy the ieft part of a string

L

is invoived in the decision making process, one may construct the pattern
grammars in such a way that the most informative, distinctive subpatterns
and primitives are generated first. Consequently, the sequentiai
classification schemes demonstrate an error toierance capabiiity to some

extent. The error toierance of sequential parsing is investigated in

Chapter 2 of this thesis.
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All and Pavlidis [11] used a similar idea for the construction of
parsers for hand written numerals. Finlte state grammars are used for
the characterization of each class (numeral). A set of flnite state
automata is designed to read primitives considered to be discriminanting,
while unimportant primitives are neglected. Since the recognizer ignores
some frrelevant details which are extracted by pattern description
algorithms it can thus reduce recognitlon errors.

The use of language transformation for the representation of special
types of pattern distortions, such as scaling, rotation and replacement,
etc. was suggested by Fu and Bhargava [12]. This concept also appears

’

in Aho and Peterson's paper [13] where error transformation for substitution,

E deletion and insertion errprs are defined. Aho and Peterson further

expand the original grammar to include error transformations as production
rules. Based on the expanded gramma} an error-correcting parsing algorithm
was formulated for substitution, deletion and insertion errors in general.

; The correction satisfies the minimum-distance criterion.

The épproach of using error-correcting parsers is the method used in

this research. A parser constructed on a given grammar, G, performs the

b st R
»

function of analysing an Input string, x. The analysis result is a

i

vy

complete parse of x, if x is In L(G), the language generated from G. From
the parse, a derivation tree which represents the structure of x can be

reconstructed. Suppose that x Is not in L(G). Then the parser can, at

most, generate a partial parse. Therefore, for a given gramar, G, a
parser can be used to answer the membership problem, it can also be used
to describe the syntax structure if the input sentence is in L(G) [14].

An error-correcting parser is designed to generate a complete parse even

- e
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if the input sentence is not In L(G). Hence, uslng an error-correctling
parser In a pattern recognltlon problem, a nolsy pattern can be successfully
analyzed and recognlzed. Block diagrams are glven in Flgures 1-2(a) and
(b) to 1llustrate the function of a parser and an error-correcting parser.
A corrected pattern may further be reconstructed from the parse. The
use of error-corrécting parsers in deallng with noisy patterns has the
followlng two advantages over other methods.

(1) Improvement of recognltlon performance under inadequate tralning.
The construction of grammars, manually or automatic, is an important part
in the design of a syntactic pattern recognition system. An elaborate
design gives better recognition performance, but such a design is certainly
data dependent. Inadequate inference procedures or insufflcient training
data will result in a poorly constructed grammar, and consequently poor
recognition performance. The use of error-correcting parsers as a pattern
recognlzer wlll compensate this difficulty In grammar construction. Hence,
even with a rather poorly constructed grammar, the use of error-correcting
parsers can give satisfactory recognitlon results.

(2) Correction of nolsy patterns. When pattern grammars are con-
structed from noise-free patterns only, noisy or distorted pattersn can

be corrected by uslng error-correcting parsers.

1.3 Survey of Error-Correcting Parsing

The idea of using syntax rules in correcting program errors or
punctuation errors arose with the deslgn of syntax-directed compllers.
Because the syntactlc specifications are preclse, syntax analysls not
only plays a central role in the organlzation of compilers, it also

provides error detectlon and recovery capabllity within the compiler.

e e O
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sentence x e
parsing falls, if x ¢ L(G)
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Figure 1.2 Syntax analysis using a parser (a) and
an error-correcting parser (b)




TTT—

Ty

Most error-recovery strategies take the point where parsing falls

to continue as the point of detection of errors, [15-21]. A recovery
action Is then appiied to suppress the error so that parsing can be
resuned. Diagnostic Information or corrections may also be generated at
this point. In [i5], ironsattempts to suppiy some recovery action at
each point where an inconsistency Is detected by a top-down parser. Part
of the input sentence Is replaced based on the context of the error and
productions of the grammar to aliow parsing to continue. Simifar to
lron's Idea, Gries [161 proposes more sophisticated error-recovery
strategies for top-down parsers. Using a precedence grammar, an error

Is detected when no precedence refation exists between the incoming
terminal and the symbol at the top of the stack, or the phrase to be
reduced has no equivaient right hand side of a production. Wirth [i7]
proposes an error recovery algorithm by scanning tabies of error ruies
for an entry which appiies to the erroneous condition. The tabie of
error rules is based on de;lgners' knowiedge of common programming errors
and appropriate recovery actions. Lelnius [i8] discusses strategies of
isolating the smaliest potential phrase and then makes the required
replacement. Graham and Rhodes [i19], suggest a weighted minimum distance
measure for finding a '‘closest fit'" local corrections when an error recovery
routine faces numerous cholce of next move.

Error-correcting for compiiers emphasizes eariy detection of
errors and generating accurate diagnosis. Nevertheiess, error detection
may arbitrariiy be deiayed. In a study by Aho and Ullman [23],they
concluded that a precedence parser wiil not always detect an error as

soon as a corresponding LR(1) parser. Repairing techniques for LR and

LL parsers are stiii subjects to be studied.
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An alternative to the heuristic approach for error-correcting
parsing Is the minimum-distance error-correcting techniques. All the
potential errors and their corrections are recorded during parsing. After
the entire string has been processed, a derivation that satisfies the
minimum-distance criterion will be generated. Aho and Peterson formulate
substitution, deletion and insertion errors in terms of error transformations
[13]. Distance between two sentences is defined as the least number of
transformations used to derive one from the other. The originai grammar
is then expanded to include error transformations in the set of production
rules such that its generated language contains all the possible
erroneous sentences. The parsing algorithm is a modified Earley's

parser [34] with provisions added for the bookkeeping of the number of error

transformations used. During parsing, the potential derivation that uses
the least number of error production rules is placed in the parse list.

By the time a parsing is completed, the minimum-distance correction is

E also achieved. Instead of formulating error production rules, Lyon

: proposes a scheme that puts all the possible corrections such as the
substitutions, deletions and insertions of the currently scanned symbol

in the parse 1ist [24]. Setting limitations on the number of local errors

and global errors are also suggested by Lyon to decrease the parsing time

s

and memory storage. -

o s L S S

Although the minimum-distance error-correcting parsers (MDECP) use
a similarity criterion in their searching for the syntactically correct
i sentence they are considered Impractical from compiler design point of
: view. Compiler designers' interests are in methods that generate accurate
diagnostic information and continue parsing more than that of automatic
correction, since part §f the debugging and correction can be left to the

programmer .
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A spelling error correction technique is proposed by Morgan [25].
He uses a heuristic method to search for a good match of the input string
from a table of code words. A more rigorous approach in finding a best
match from a finite set of strings for an input string Is to use the
algorithm given by Wagner and Fisher [26]. Error-correcting parsers for
regular language are proposed by Wagner [27] and Thomason [28] respectively.
The second interesting application of error-correcting parsing is
in syntactic decoding systems where errors are caused from noisy
communication channels [29-32]. In modeling the randomness of noisy
channeis, it is essential that the designed probabilistic model can be
applied to the syntactic processing of iinguistic information. Bahi and
Jeiinek [30], proposed a first order Markov chain modei for noisy channels
in which an input sequence, aja,...a can produce output sequence
. blb2"‘bm of varying lengths. This is done by associating with each
Tnput symbol a a probabilistic finite state machine. A null transition,

self loop transitions and transitions producingoutput other than a, are

added to the finite state machine for modeling deietion, insertion and
substitution errors. In Fung and Fu's probabilistic deformation model,
context-free ianguages with substitution errors are considered [31].

Let x = a,ay...a. be a string, the error occurred on a symboi, a is

assumed to be independent from its context in x. Therefore, the probability

that y = bib2"‘bn is an error deformed string of x is defined as foliows

Q(le) = |?I] q(bilai)

1 where q(bllal) Is the probability that b, substitutes for a;. Let L(Gl)
and L(Gz) be two languages, the maximum-likelihood decision rule proposed

by Fung and Fu is

= _— — e
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(c
(G3)

(o

x e"f(G ) q(y|x) < X € L(G ) q(y|x) decide

< <
M ™

Given a grammar G, the parser designed for the searching of x that satisfles
the maximum-i ikeiihood criterion, "T?;) q(y|x), where y is an input
string, is cailed maxlmum-ligelihoodeerror-correctlng parser (MLECP).

A modified Cocke-Younger-Kasami parser is used by Fung and Fu. Thompson
[32] formulates error-correcting parsers for stochastic grammar in
Greibach normal form (GNF). The approach of using expanded grammars in
which substitution, deletion, insertion and transposition errors are
added as error production rules is also used here. The four types of
errors are treated seperateiy. Four separate algorithms each of which
copes with one type of error are then combined to correct simuitaneous
errors. Although Thompson gives no discussion on compiexity of this
ECP, he points out that the originai top-down parser for GNF has aiready
exponential growth in computational complexity. Ambiguity caused by the
four expanded grammars is expected to increase this complexity. The
combined algorithm would further compound time complexity with the
enormity of the bookkeeping probiem. It Is suggested to combine the
algorithm serifally to simplify the process. However, the use of serial
combination may not always give maximum-1ikelihood correction.

The idea of using error-correcting parsers in tii@ syntactic recogni-
tion of noisy patterns has also been suggested [31,33]. Since pattern
recognition systems handle a variety of types of input data, such as
pictorial data [35-39], waveforms [40-43], speech patterns, program schemes
[44-45], or data files [46] etc., the metalanguages used to describe

1} v
patterns can be sets of strings, trees or graphs. in addition to type |,
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type 2, and type 3 grammars, programmed grammars [47-48], transition
networks [49], tree grammars [50], graph grammars [45,51], web grammars
[52,53), array grammars [54-56], and many others have been used for
pattern analysis. An error-correcting parsing scheme for context-
sensitive grammars is proposed by Tanaka and Fu [57].

Error-correcting parsing for syntactic pattern recognition is still
at a beginhing stage. Most existing pattern grammars do not have their
corresponding error-correcting parsers. Similarity measure is a key
point in designing such a parser for a pattern recognition system. The
idea of using language transformations for the modeling of primitive
extraction and segmentation errors, and constructing a parser based on
the expanded grammar which includes transformation rules, provides a
giobal distance measurement. We shall use this approach in formulating
error-correcting parsers for stochastic and non-stochastic context-free
languages and tree languages. A minimum-distance error-correcting parser

for context-free program grammar is also presented.

1.4 Thesis Organization

In Chapter 2, the distance between two strings is measured in terms
of the three defined transformations, namely, substitution, deletion and
insertion transformations. This measurement provides a similarity measure
between syntactic patterns. Error-correcting parsers are formulated
based on a similarity criterion; e.g. the minimum-distance criterion.
Definitions on distance between a string and a language are proposed. A
minimum-distance classification system using a modified error;correcting
parsing algorithm is presented. A similar approach is applied to a stochastic s

model where stochastic languages, deformation probabilities and maximum-

likelihood criterion are used.
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The problem of error-correcting syntax analysis for tree languages
Is studied in Chapter 3. Syntax errors on trees are defined in terms of
five types of transformation, namely, substitution, deletion, stretch,
split and branch. |In the formulation of error-correcting tree automata
(ECTA), transformations made on each terminal symbol are added to the
automata in the form of transition functions. Two types of ECTA are
proposed: one for substitu;Ion errors called SPECTA and one for all five
types of errors called GECTA. Real data examples of using SPECTA for
LANDSAT data interpretation and GECTA for character recognition are
presented.

Chapter 4 and Chapter 5 describes two potential applications of
error-correcting parsers in the area of pattérn recognition. As the
distance between a sentence (a syntactic pattern) and a language (a
group of syntactic patterns) is defined, and its computation is implemented
by using error-correcting parsers, a clustering procedure for syntactic
patterns is proposed in Chapter 4. A character recognition experiment
is glven as an illustrative exémple.

A syntactic model for the generation and the discrimination of
structured textures is described in Chapter 5. A texture pattern is
first divided into fixed-sized windows. Windowed patterns belonging to
the same class of texture are then characterized by a tree grammar. The
uncertainty existing in texture patterns; e.g. local noise, structure
distortion, makes them impossible to be fully characterized by the
constructed grammars. Therefore, SPECTA's are used as texture
discriminators. Texture patterns generated by tree grammars are i1lus-

trated. Discrimination results are also given.
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A short sumary of this research and suggestions on further work

can be found in Chapter 6.
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CHAPTER 2

ERROR-CORRECTING PARSING FOR STRING LANGUAGES

2.1 iIntroduction

In this chapter, a distance between two strings is first defined and
then extended to the distance between a string and a language. The
distance between two strings is defined in terms of the minimum number of
error transformations used to derive one from the other by Aho and Peterson
[13]. When the error transformations are defined in terms of substitution,
deletion and insertion errors, the distance measurement coincides with
the definition of Levenshtein metric [61]. In Section 2.2, error trans-
formations are applied to weighted Levenshtein metric. Also, a new metric,
simply caiied weighted metric, whick would reflect the difference of
the same type of error made on different terminals is proposed. This
extension provides a similarity measure between two sentences more closely
related to the similarity of their corresponding patterns.

For a given input string y and a given grammar G, a minimum-distance
error-correcting parser (MDECP) is an algorithm that searches for a sentence
z in L(G) such that the distance between z and y, d(z,y) is the minimum
among the .distances between all the sentences in L(G) and y. The algorithm
also generates the value of d(z,y). We simpiy define this value to be the
distance between L(G) and y and denote it as dl(L(G),y).

When a given grammar is a context-free grammar (CFG), its MDECP can

be implemented by modifying an Earley's parsing algorithm. We also extend

Vo T p—
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the definition of the distance between L(G) and vy, di(L(G),yL to the
definition of dK(L(G),y), the average distance between y and the K
sentences in L(G) that are the nearest to y. The computation of dK(L(G), y)
can be impiemented by further modification of the algorithm of MDECP. In
Section 2.2.3 a minimum-distance decision rule is proposed for classi-
fication of syntactic patterns.

An aigorithm of MDECP for context-free programmed grammars (CFPG) is
given in Section 2.3. This algorithm is restricted to Levenshtein's
distance oniy. In pattern recognition, the context-free programmed grammars
are considered having higher descriptive power than the context-free
grammar. It is proved by Rosenkrantz, that the set of ianguages gener-
ated by CFPG's properiy contains the set of context-free languages, and
is properly contained within the set of context-sensitive languages [60].

A CFPG generating a context-sensitive language may be selected in order
to describe the patterns effectively. Aithough a context-sensitive
grammar (CSG) may as weil be used, the parsing based on a CFPG has better
anaiysis efficiency than a CSG.

In Section 2.4, the stochastic deformation modei of subs*itution
errors proposed by Fung and Fu [3i] is first extended to inciude deietion
and insertion errors. Based on the deformation model, the deformation
probabiiities can be estimated from the observations of these errors.
Similar to the use of error transformations proposed in [13], the stochastic
deformation quel is introduced into the original stochastic context-free
grammar (SCFG). The Eariey's parser is modified for the searching of
the most likely error-correction based on the maximum-likelihood criterion.

We shaii call this algorithm the maximum-1ikelihood error-correcting parser
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(MLECP). For an input sentence y and a given SCFG, Gs, a MLECP generates
the most iikely correction of y, x. Let p(x) be the probabiiity of x in
L(Gs). The MLECP also computes the value of q(y|x)p(x) where q{y|x) is
the deformation probability of y given x. We shall interpret the term,
q(y|x)p(x), as the deformation probability of y given L(Gs), denoted as
q(ylc;). If the a priori probabiiity of each grammar is known, Bayes'
decision ruie is proposed as a decision criterion.

Due to the Inefficlencf of such an error-correcting parser, we are
also interested in the improvement of parsing speed. Persoon and Fu have
proposed a sequential ciassification algorithm (SCA) for stochastic
context-free languages [10]. The error-tolerance capability of SCA is
investigated in Section 2.4.4. We further modify the SCA to classify
nolsy sentences using the error-correcting approach. Experimental results
illustrate that within a toierable percentage of misrecognition, the

speed of SCA is faster than that of MLECP.

2.2 MinimumDistance Error-Correcting Parsing for Context-Free Languages

Foliowing the notations used in [14], the definition of grammars
and languages is briefly reviewed.

Definition 2.1. A grammar is a 4-tuple

G = (N,Z,P,S) where
(1) N is a finite set of nonterminal symbois
(2) T is a finite set of terminal symbols disjoint from N.

(3) P is a finite subset of

*
(ng) *N(nug) *x (nuz) *
An element (a,B8) in P will be written a + 8 and called a -

production.

|
i
. S |
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(4) S is a distinguished symbol in N called the start symbol.

Definition 2.2. The language generated by a grammar G, denoted

L(G), is the set of sentences generated by G. Thus,
* *
L(G) = {w|lw Is in I, and S=> w}

x

where a relation => on (NUL) is defined as follows: if aBy is
*

in (NUL) and B + 6 is a production rule in P then a8y = aly,

*
and => denotes the reflexive and transitive closure of => .

If each production in P is of the form A + a, where A is in N and
*
a is in (NUL) then the grammar G = (N,Z,P,S) is classified as context-free
grammar. The set of languages that can be generated from context-free

grammars are called context-free languages.

2.2.1 A Similarity Measure for Syntactic Patterns

in [13], errors in a string are considered to be the three types:
substitution, deletion and insertion errors, and treated as syntax errors

* *
by defining transformations from Z to a subset of I .

*
Definition 2.3. For two strings, x, y € £ , we can define a

* *
transformation T: I + I such that y € T(x). The following three
transformations are introduced:

(1) substitution error transformation
Ts
wjawy — wbw, for all a, b e I, a ¥ b,

(2) deletion error transformation

.
w au, F——E—- ww,,for all a e £
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(3) 1insertion error transformation

T
w0, P——L—- m,amz,for all a el

*
where Wi,y € b

Definition 2.4. The distance between two strings x, y ¢ 2*,

dL(x,y), Is defined as the smaliest number of transformations required

to derive y from x.

Example 2.1. Given a sentence x = cbabdbb and a sentence

y = cbbabbdb, then

x = cbabdbb

T T T
|—>— cbabbbb |—S>— cbabbdb |—— cbbabbdb = y

T wyrE—eT:

The minimum number of transformations required to transform x to y

Is three, thus, dL(x,y) =3,

The metric defined in Definition 2-4 gives exactly the Levenshtein

distance of two strings [61]. A welghted Levenshtein distance can be

defined by assigning nonnegative numbers ¢, y and § to transformations

*
TS, TD and Tl respectively. Llet x, y ¢ I be two strings, and let J be

e

l a sequence of transformations used to derive y from x, then the welghted

Levenshteln distance between x and y, denoted as d"(x,y) Is

eyl

d"(x,y) = msn {o-kj+7°mj+6-nj} (2.1)

where kj' mJ and nj are the number of substitution, deletion, and insertion
transformations respectively in J.

We shall propose a weighted metric that would reflect the difference
of the same type of error made on different terminals. Let the weights

assoclated with error transformations on términal a In a string o au, where

i« o s aa s M "
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*
ael, w; and w, € I , be defined as foiiows:

TS’ S(a’b)
(1) w, aw, F=—— w;bw, for b ¢ Z, b # a, where S(a,b) is the

cost of substituting a for b. Let S(a,a) = 0.

Tp D(a)
(2) w, aw, w;w, where D(a) is the cost of deleting a
from wjaw,.
L 1(a,b)

(3) wjaw, b——m w;baw, for b € I, where I(a,b) is the cost

of inserting b in front of a.

We further define the weight of inserting a terminai b at the end of a

string x to be,

T, 1'(b)
(4) x p—————=xb, for b € I.

e ooty
o

o

*
Let x, y e L be two strings, and J be a sequence of transformations used

to derive y from x. Let |J] be defined as the sum of the weights associated
with transformations in J, then the weighted distance between x and vy,

dw(X,Y) is defined as

k- (x,y) = min o[y (2.2)
1 Equation (2.2) can be iiiustrated by a graphicai interpretation.
F From point B to point E, each path in the iattice shown in Figure 2.i

corresponds to a sequence of transformations used to derive y from x. A

: horizontai branch indicates an insertion transformation, a verticai branch
[ indicates a deietion transformation, and a diagonai branch indicates a
substitution or a non-error transformation. The weight assigned to a
I particuiar type of transformation on a particular symboi in x is fabeied
at its corresponding branch. Let J be a path in the lattice, then |J|

is the sum of weight associated with each branch in J. The distance,

> e Y e ST
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d%(x,y), is the weight associated with the minumum-weight path.

We shall refer to the Levenshtein distance, weighted Levenshtein
distance and weighted distance as metric L, w, and W respectively, and
use d{x,y) to denote the distance between x and y based on any of the

three metrics.

2.2.2 A Minimum~Distance Error-Correcting Parser

Let L(G) be a given language and y be a given sentence the essence
of minimum-distance error-correcting parsing is to search for a sentence
x in L(G) that satisfies the minimum distance criterion as follow

d{x,y) = min {d(z,y)|zeL(G)} (2.3)
z
We note that the minimum-distance correction of y is y itseif if
y € L(G).

We shall extend the minimum-distance ECP proposed by Aho and Peterson
[13] to all three types of metric; L, w, and W. In [13], the procedure
for constructing an ECP starts with the modification of a given grammar
G by adding the three types of error transformations in the form of
production rules, called error productions. The grammar G is now expanded
to G' such that L(G') includes not only L(G), but all possible sentences
with the three types of errors. The parser constructed according to G!'
with a‘provlslon added to count the number of error productions used in
a derivation is the error-correcting parser for G. For a given sentence
y, the ECP will generate a parse, T, which consists of the smallest
number of error productions. A sentence x in L(G) that satisfies the
minimum-distance criterion (measured by using Levenshtein distance) can
be generated from I by eliminating error productions. With some modifi-

cations, this minimum~distance ECP can easily be extended to the three
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metrics proposed In Sectlon 2.2.1. We flrst glve the algorithm of con-
structing an expanded grammar, In which the nonnegatlve numbers assoclated
with errorjproductlons are the weights assoclated with thelr corresponding

error transformations with respect to the metrlc used.

Algorithm 2.,1. Construction of expanded grammar

Input: A CFG G = (N,Z,P,S)

output: A CFG G'= (N',I',P',5') where P' Is a set of weighted

productions.

Method:

Step 1. N' = NU {S'JU{E |a e £},Z' DI

Step 2. If A > @ I a 2 ..b O ™ > 0 1s a productlon In P such
that a € N and b' € I, then add A +> % Ebl ) bz... bmum’

0 to P', where each Eb Is a new non-termlnal, Eb e N
: 1 1
and 0 1s the weight associated with this productlon.

Step 3. Add the followlng productlons to P'.

welight
Productlon Rule L w W (metric)
(a) s' s 0 00
(b) S' -+ Sa 1 & 1'(a) for all ael'
() €, +a 0 00 for all ael
C) S 1 o S(a,b) for all aeL,
beX', and b # a
() E, +2 1 v p(a) for all acl
(f) Ea - bEa 1 & I(a,b) for all aeZ, bel'
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In Aigorithm 2.7 the production ruies added in Step 3(b), 3(d),
3(e) and 3(f) are caiied error productions. Each error production
corresponds to one type of error transformation on a particuiar symboi
in L. Therefore, the distance measured in terms of error transformations
can be measured by error productions used in a derivation. The parser is
a modified Eariey's parsing aigorithm with a provision added to accumuiate
the weights associated with productions used in a derivation. The
algorithm is as foliow.

Algorithm 2.2. Minimum-distance error-correcting parsing aigorithm

input: An expanded grammar G' = (N',Z',P',S') and an Input

stringy = blb2"'bm in 2'*

output: lg,1)...1  the parse list for y, and d(x,y) where x is the

minimum-distance correction of y.

Hethod:

Step i. Set j = 0. Then add [E + - §',0,0] to e

Step 2. If [A > a  BB,i,E] is in Ij’ and B + vy, n is a production
ruie in P' then add item [B + « v,j,0] to Ij'

Step 3. If [A+a «,1,8] is in I and [B+8 « Av,k,E] is in I,
and if no item of the form [B + BA-y,k,$] can be found in
‘j’ then add an item [B + BA + vy, k,n+£+Z) to Ij where ¢ is
the weight associated with production A + a. if
{8 + BA  y,k$] is aiready in Ij’ then replace ¢ by n+E+rg
if ¢ > n+Etz.

Step 4. If j = m go to Step 6, otherwise j = j+l.

Step 5. For each item in ‘j-l of the form [A + a - bjB,l,E] add

jtem [A -*abj « B,1,E] to Ij’ go to Step 2.
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Step 6. If item [E -+ $',0,€] is in |m. Then d(x,y) = E, where x

is the minimum-distance connection of y, exit.

In Aigorithm 2.2, the string x, which is the minimum-distance
correction of y, can be derived from the parse of y by eliminating aii
the error productions. The extraction of the parse of y is the same as

that described in Earley's aigorithm.

2.2.3 A Minimum-Distance Classifier for Noisy Patterns

In Section 2.2.1, three metrics are proposed as simifarity measures
between two strings. We shall define the distance between a string and

a given language based on any one of the three metrics as foliows.

Definition 2.5. Let y be a sentence, and L(G) be a given fanguage,

the distance between L(G) and vy, dK(L(G),y), where K is a given

positive integer, is;
8
dy (L(G),y) = min{ Xi -K-d(zi,y)lzI e L(G)} (2.4)
j=
In particuiar, if K= 1, then
d; (L(6),y) = min{d(z,y) |z € L(6)} (2.5)

is the distance between y and its minimum-distance correction in

L(G).

As the distance between a string (a syntactic pattern) and a language
(a set of syntactic patterns) is defined, a minimum-distance decision rule
can be stated as foiiows: suppose that there are two classes of patterns,
C' and C2 characterized by grammar Gi and G2 respectively. For a given

syntactic pattern y with unknown classification,
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Figure 2.2 A minimum-distance classifier for noisy patterns.
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cl <
decide y e c, If d (L(G,),y) 5 d (L(G,),y) (2.6)

A block diagram of a minimum-dIstance classliflcatlon system is glven In
Flgure 2.2, ;

For a ngen L(G) and a stringy = byb,...b , the MDECP described in
Algorithm 2.2 also generates the dlstance dl(L(G).Y). For the computatfon
of dK(L(G),y), K > 1, Algorithm 2.2 needs further modiflcatlon. The
following algorlithm wlll generate parse lists 1n which each item in the
list Ij Is of the form [A + a - B,i,(nl,nl),(nz,nz)...(ne,ne)] where

e < K. Each pair (nk,nk), for 1 < k < e, n  Is the welght assoclated with

a derivation of substring b l"'bj’ and L is the corresponding correction

i+

of b ..b, from thls derivation.

j+1°°°7 ]

Algorithm 2.3. Computation of dK(L(G),y)

lnput: An expanded grammar G' = (N',Z',P',S') an input string
y = ble"'bm In ', and K,a given poslitive Integer.
output: dK(L(G),y) and x;X,...x, the K nearest strings to y in L(G).
Method:
Step 1. Add Item [E + - §',0,4] to '0' Set j = 0.
Step 2. If [A+a « BB,i,(n;,m)...(n_,7 )] is in Ij and B >y
Is a production rule in P', then add item [B + « v,j,¢] to 'j'
Step 3. If [A+a - By,h,(nl,wl)...(ne,ne)] is In I, and
[B+8 -,l,(ml,Tl)...(mf,rf)] Is 1n lj’
(a) 1f item of the form A + aB * y,h,(l{,n;)...(l;.,n;,)]
cannot be found in 'j’ then add [A + o B- y,h,(ll,nl)...

(lg,ng)] to lj’ where each palr are chosen from the set N,

N={(E+“pﬂﬂq,ﬂpx)l_<_p_<_e,l_<_q_<_f,andX-Bif

g -
LY

S R0
4 e
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B-+B, £Eis an error productién, or X = rq, otherwise},
such that i, <1, 53..§_ig are the g smailest left hand
side numbers having distinctive right hand side in N.
g=|N], if IN] <Korg=Kif INI‘i K where |N| is the
number of eiements in the set N.

(b) if item of the form [A + aB - y,h,(i;,n;)...(lé.,né.)]

is already in 'j’ then rearrange the set of pairs |

(1) oo (1200n30) €0 be (1n).e (i yn ) such that

n',hz...ng are g distinctive strings and I; < i, < ... <1

‘ are g smailest number in the set N' = NU{(I;,n;),

‘ (li,ni)...(lé”né)} and g = |N'] if |N'] <K, or g =K if

IN'] > K.

Step 4. Repeat Step 3 until no new item can be found. Then if j=m,
go to Step 6, otherwise jJj=j+i.

Step 5. For each item [A + abj . B,i,(ni,tl)...(ne,we)] in 'j-l’

sy vy

i
[ add [A » abj B,i,(ni,wi)...(ne,we)] to |j. Go to
! Step 2.
k- !
’ Step 6. If item [E+S' . ,0,(n',n')...(nK.wK)] is in 'm’ then L
K
} ’ dk(L(G)'Y) . i‘zi ‘iﬁni-
]
i

The pairs (n

T )s 1 Sk < Kin the items of the parse iists are

added for bookkeeping of the K nearest strings L(G) to the input y.

During the derivation of substring bi+!"'bj’ the corresponding corrected string
are recorded such that identical strings caused by ambiguity of the grammar

wiil not appear in the final set of the K nearest strings.

e - e R ————— "

paT oy = o~ "M-'

S . ENENN
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2.3. Error-Correcting Parsing for Context-Free Programmed Languages

2.3.1. Context-Free Programmed Grammar

Definition 2.6. A context-free programmed grammar (CFPG) is a

5-tupie G = (N,Z,5,P,J) where

(1) N is a finite set of non-terminals

(2) £ is a finite set of terminals

(3) S is the start symboi in N

(4) P is a finlte set of proérammed productions

(5) J ts a finite set of production lables

Each production in P consists of a label reJ, a core production of the
from A + o where AeN, a ¢ (NUZ)*, and a success branch field and a

failure branch field each consisting of eiements from J.

A derivation or generation in G proceeds as follows: the first
production is applied to the start symbol S; therefore, if production r
1s applied to the current sententiai form y to rewrite a nonterminai A, and
if Y contains at least one occurrence of A, then the leftmost A is rewritten
by the core of production r and the next production label is selected from
the success branch field of r; if the current sentential form does not
contain x, then the core of production r cannot be used and the next
production label is selected from the failure branch field of r; if the

applicable branch field is empty, the derivation halts.

Example 2.2. Consider the CFPG Gp = (N,Z,A,P,J) where

N={A,B,C}, £ = {a,b,c}, J = {1,2,3,4,5} and P:

e
— " mma 3
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label core s(U) F(w)
1 A + aBC 2,4 ¢
2 B -+ aBB 3
3 c »CC y ¢
4 B+ b L 5
5 C+c 5 ¢

L(Gp) = {a""c" | n > 1}

A syntax analysis procedure for CFPG's has been proposed by Swain and

Fu [48].

The algorithm can be explained by using the following example.

Example 2.3. Figure 2.3 is a schematic diagram of the analysis of the

string abc with respect to grammar Gp. The notations used are

explained as follows:

(1)

(2)

(3)

For any nonterminal AeN, AI(Y)AI indicates that the string Y was
generated from the nonterminai A which was rewritten as y at the
ith step.

A downward arrow indicates a generative step. An upward arrow
indicates backtracking. Backtracking is occurred when a
generated sentential form is incompatible with input string.
That is, the parsing detects at this step that if the analysis
continues along the current path (or derivation), the string
generated will be cdifferent from the input. |
The branch labels have the form £, (£) = t, where £ is S (success)
or F (failure); subscript k indicates the application of the kth

production; £ indicates the selection of the Lth branch in the

> o "'?7?-'~ i
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So(l) =]

N,(aBC) N'

s'(l) -2 I s,(3) undef i ned
,(z)-h

A
' Terminate analysis

N, (aN,(aBB)N,C)N
g (aly(aBBINCIN, N, (aM, (b)N,C)N, of abc

Fk(') w5 TF"(Z) undefined

¥
N,(anz(b)nzu3(c)u3)ul

rs(l) -¢ T

/

Successful analysis,
report and backtrack

Figure 2.3 Analysis of abc with respect to Gp.
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g field, which is the branch to the production labeled t. By
definition, Ek(L) = ¢ indicates -the termination of a path down
the tree, which constitutes a successful parsing if the current
' sentential form Fs identical to the string belng analyzed. The
analysis of the string is complete when Ek(a) is undefined

for k = 1 and some £.

2.3.2 Error-Correcting Parsing Algorithms

Using the parsing algorithm for CFPG proposed by Swain and Fu, a
parsing is considered to be a failure when all the paths in the analysis
procedure terminates with an sentential form that is incompatible with the

input string.

Example 2.4. Given a sentence, aabc, the parsing with respect to
Gp is illustrated in Figure 2.4. In Figure 2.4, the analysis is

complete without generating a successful parse. It concludes that

aabc £ L(G).

Let y be an input string, n be a preset positive integer. Suppose
that a parsing is allowed to continue along the path in which an incompatible
sentential form is generated. Backtracking is occurred only when a
generated sentential form is considered to have the potential of generating
a string with at least a distance n from the input string. Using this
method, a syntactiéally correct sentence x can be generated such that
dL(x,y) < n. A complete parsing procedure startswith n=0. If the analysis
based on n fails, then n is increased by one and the analysls procedure
is repeated, otherwise parsing is completed and dL(x,y) = n. The algorithm

is described as follows.
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A
So(l) = ]
y
AI(aBC)AI
S'(I) = 2/// 51(3) undef Ined

;_ ;// sl(z)-h
5 Al(aBZ(aBB)Bzc)AI termlnate analysls,
E aabc 1s rejected.
] s.(1) = 3 Y
b 2 :/4§ﬁ; A, @B, (b)B,C)A,
; Al(aBz(aBB)BZCS(CC)CS)AI
%' S3(l) _/j);§7
: / 55(2) = b
: AI(a(Bz(aBk(aBB)BAB)Bzcs(CC)CS)A‘
f AI(aBz(aBk(b)BkB)BZCS(CC)CS)AI

E_; ! 5, (1) = 4 T

AI(aBz(th(b)Bth(b)BS)BZCS(CC)C3)AI

Flgure 2.4 The syntax analysls of aabc with respect to Gp.
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Algorithm 2.4. MDECP for CFPG

fnput: A CFPG G, = (N,Z,S,P,J) and an’input string y = b,b,...b .
output: A string x € L(Gp), and dL(x,y)

Step 1. Set n=0.

Step 2. Call subroutine PARSE(n)

Step 3. If "Analysis Fail", n=n+] go to Step 2.

Step 4. dL(x,y) = n, exit.

Subroutine PARSE(n)

index and array;

Ek(t) as explained in Example 2.3,

f the left hand side of the kth rule,

'y the right hand side of the kth rule,

X generated sentential form,

STACK(i, 1) indicates S or F, STACK(i, 2) indicates the production

rule lable. STACK(i, 3) indicates the branch in S or F field of

the ith step in a derivation.
operator:

X = X(ft — rt) denotes that the left most nonterminal ft in X is
replaced by rt in the ith step.

X = X(ft — rt) denotes that the substring r_ in X is replaced by

t

ft’ where re Is placed in X at the ith step.

Method:

Step 1. Set k=1, j=0, £=1, £=S and Xﬂrk.

Step 2. If gk(l) is undefined then go to Step 5, otherwise let
t-Ek(l). If £=F, then go to Step 4.

Step 3. |If ft cannot be found in X, then E=F, L=1 and t-Fk(l).
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Step 4. Let I=i+i, STACK(i, 1)=&, STACK(i, 2)=k, STACK(i, 3)=L.
Let X = X(ft L rt). Cail subroutine COMPAT(n, X). If
""Compatible,” and If X is a terminail string, then "Analysis
Success' Exit. otherwise k=t, &=i, go to Step 2. If
“incompatibie' go to Step 5.

Step 5. If i=0 then "Analysis Fali', exit. Otherwise X = X(ft i t) ;

t
EmSTACK(i, 1) k=STACK(1, 2), £=STACK(i, 3)+i, i=i-1 go to

Step 2.
Subroutine COMPAT(n, X)
index and array;

M= |X], the length of sentential form X. Assume that X = B,B,...B,.
D(i, J), stores the number of potential errors between BIBZ"'BI and

b'bz...b].

Method:

Step 1. D(0, 0)=0
Step 2. Do i=l to M
(1, 0) = o(i-1, 0)+1 if B, Is a terminal
p(i, 0) = o(i-i, 0) if B, Is a nonterminal
Step 3. Do j=I tom
p(0, j) = 0(0, j-1)+i
Step 4. Do i=l to M, Do j=i tom
(a) if B

i
otherwise m, = 0D(j-1, j-1).

Is a terminal and B, # bJ then m, = D(i-1, J=1)+i

(b) if B; Is a terminal then m, = D(i-1, j)+1 otherwise

mz oY D(I'Io J)-

it .LAL;'W' o o i oo
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(c) 1f B, is a terminai then my = D(i, J-1)+) otherwise
my = D(1, J-1).

o(1, j)=min (m,my,m,)
Step 5. If D(M, m) > n then it Is "Incompatibie' otherwise

“Compatibie'". Exit.

Exampie 2.5. Let the string aabc be parsed by Aigorithm 2.k. The
result of the first analysis (n=0) is shown in Figure 2.4. Since
“Analysis Fall' is reported, the aigorithm then increases n by one.
Figure 2.5 describes the resuit of the second anaiysis where an
"Analysis Success' is reported. The aigorithm generates the

corrected string ''abc", dL(abc, aabc)=1.

2.4, Error-Correcting Parsing on_a Stochastic Modei

Basic notations and definitions of stochastic context-free grammar
(SCFG) given in [62-63] are briefiy reviewed.

Definition 2.7. A SCFG is a 4-tupies G, = (N.t,Ps,S) where,

N is a finite set of non-terminais,
I is a finite set of terminals,
Ps is a finite set of stochastic productions, each of which Is

of the form:

p'J

Ay == o;p I = L2,un, T =1,2,00,0

where n; is the number of productions with A| at ieft-hand side,
*
£ Is the number of non-terminals, A| €N, ] e (NUL) , and plJ
is the probabiiity associated with this production. Furthermore,
"

0<p;y<iand JZI Py = |
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so(l) -
\
Al (aBC)Al

5, (N }/ \il(S) undefined
{2)a=t

A, (an (aBB)BZE)Al : terminate analysis

A, (a8, (b)B,C)A ;

A le8, (aaa)a c (cc)c )A

L
$3(1) -}/s S (2= \| A, (a8, (b)8,C (eI ),

A (a8 (aa,.(au)a n)n (cc)c3)A T

A,(aaz(aa,.(b) F (1) = ¢
S, = 3/,//( BC,(cCIC,)A, A

ful analysis, aabc |
A, (aB, (a8, (an8)B, a)azc3(c5(cc)c C)C,A \§§ ::;::::duto.:: z:eser:;r? s
4

/4 \ Fm-
s (l) -
,// =L Al(as (aa,.(b)a,.a5(b)a5c3(cc)c3)Al
Al(alz(al~(aﬂ (aaa)a6a)aha
B,C.(C.{cC)CC)C,)A
2°35 527737 F (1) = 5

Al(alz(alb(aﬂ6lb)B6B)B~B)Bzc3(c5(cc)c5C)Ai
Al(aaz(.a,.(b)a~a5(b)asc3(c6(c)c6c)c3)AI

sy = Ili Sgl1) =5 \

A, (a8, (a8, (als(b)nsa7(b)ﬂ7)8~8) azc3(c5(cc)c5c)nl
A, (a8, (a8, (b)B, B (b)B.C,{Cq(c)CEC ()T DA,

Figure 2.5 The analysis of aabc when n=) -
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Deflnitlon 2.8. The stochastlc context-free language (SCFL)

generated by SCFG GS is

* P
L(e) = {(x, p(x) |xez, s =— x,

k
i=12,...,k, and P(x) = z P.}
Jell -

where k is the numbér of all different derivatlons of x from S,
and pj Is the probability assoclated with the jth distlnctlve

derivation of x.

Deflnition 2.9. A SCFL is consistent if )} p(x) = 1.
xel

2.4.1., A Stochastlc Model for Syntax Errors

Following the notation of error transformatlons, the deformation

probabilities associated with the three types of transformatlons, namely,

TS’ Tl’ TD are defined as follows:

Ts.qs(bla)
(1) wa, fp— w,bw,, where qs(bla) 1s the probablllty of

substituting termlnal a by b, and a # b,

F‘ Tl.ql(bla)

” (2) ©) 2w, w,baw,, where ql(bla) is the probability of
inserting termlnal b In front of a,

¥ Tp29p2)

(3) w,au, e w,u,, Where qD(a) Is the probablllty of

deleting terminal a from a string.

3 T,,q)(a)
: (4)

3 terminal a at the end of a string.

]
xa, where ql(a) Is the probabillty of inserting

Let qs(ala) be the probabillty that no error occurs on terminal a,
whlch could be Interpreted as the probability of the non-error trans-

formation on a. Assume that for each terminal symbol there can be at
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most one error existing. The deformation probabilities on this singie-
error modei is consistent if
) qs(bla) + qD(a) + 3 ql(bla) = i (2.7)
bel bel

for aii a e

x
let a ¢ Z be a substring the probabiiity that symboi a is deformed

to a, denoted q(aja), is defined as foilows:

qD(a) ifa=2A
alaa) = { max{qg(bla),q, (bla)qy(a)} ifa=b (2.8)
q;(bla) ... q,(b,_.|a) max[q¢ (byla) ,q;(byla)qy(a)]
Ifa=by..by, £>1

Note that a substitution error can also be considered as an insertion
transformation foiiowed by a deietion transformation. The consistency
of this muitipie-error stochastic modei defined in (2.8) can easiiy be

proved from (2.7). Therefore, we have

1, alala) =1 (2.9)

ael

The proof of (2.9) is given In Appendix A.
The probability of inserting a, a € E*, at the end of a string is

defined as

i - q'| when a = A
q'{(a) = { (2.10)
(i -q'y) q'i(bi) q'i(bz) e q'|(b£)

when a = b, ... b,, £ >1




hi

where q', = ) q',(a).
ael

Furthermore,

v i
!,0a'()= (i-q')) [ ) (a')) J = | (2.11)
ael i=0

It is aiso assumed that for any string of symbois a1, 3g,...,a_ € s

*
and strings Oy Ogseee,Opy G 0 € I we have

n
= ! |
q(aiuz...an+i|aia2...an) q(ailai)...q(anlan) q (°n+I) (2.12)

With the deformation probabiiity defined on each terminai of a j

string, the probabiiity of deforming string x to string vy, q(y[x), where i

S

X = aiaz...an is defined as

n
qly|x) = m?XIjgi q(uzlaj)]q'(alﬂ) (2.13)

where ai aiai
1°° " "n n+i?

i <1 <r, ris the number of different ways of partitioning y into

|“}| >0, Is a partition of y into n+i substrings, and

n+i substrings.
A graphicai interpretation of (2.i2) is particulariy lifustrative.
Consider an exampie, in ?hich X = aiaza3 and y = bib2b3bh’ whose iattice

is shown in Figure 2.6. In this jattice, a horizontai branch indicates

e vy

an insertion transformation, a verticai branch indicates a deietion

k transformation, and a diagonai branch indicates a substitution transfor-
mation or a non-error transformation.

] In Figure 2.6, each traverse from point B to point E represents

! one way of deforming x into y. The heavy iine indicates that bi is an

| insertion in front of aps b2 is a substitution for a;, a, is deleted,

T € m— ~ -
P

R e oty e




q,(,la))
B e e —> insertion
a ag(b,[a)) \
\
Lot W3
x=a, i
Y ¥ ,ﬂo %2 \ 4
— R e = i ¢
: N
; qelb,la,)
" S 3' 3
3 2/ >
. —a . *‘ E
1 ‘L substitution
! et oF non-error

i Figure 2.6 The stochastic deformation model

described by a lattice
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b3 subs titutes a3, and bh is inserted at the end. This deformation is

made possibie by partltioning y into ayax03ay, where a = bib2’

a, = A, a3 = b3, ay = bh’ We have,

q(a|a2a3ah|aiaza3

There are numerous ways of deforming x to y, the deformation probabiiity
q(y|x) can be interpreted as the probability associated with the most

fikely path from point B to point E.

2.4.2. Maximum-Likeiihood Error-Correcting Parser (MLECP)

Let L(Gs) be a given SCFL, and y be a noisy string, y ¢ L(Gs). The
proposed maximun-1ikeiihood error-correcting parsing aigorithm is to

search for a string x, x ¢ L(Gs) such that

aly[x) p(x) = max {q(y|2) p(2)|z € L(G)} (2.14)
Y 4

3 where p(z) is the probability associated with z in L(Gs).
Simifar to Aigorithm 2.1, the construction of expanded grammars

based on a stochastic deformation modei is given as foilows:

Algorithm 2.5. Construction of stochastic expanded grammar.

input: A SCFG G_ = (N,Z,PS,S)

output: G; - (N',Z',P;,S') the stochastic expanded grammar.

Method:
1 & 1
Step i. N' =NU{s'} U {E|ac ).
i Step 2. L' DI
‘ step 3. If AP apbiabya, ... b b, m>0, Isaproduction in
Ps such that a; is in N*, and bi is in I, then add the
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o e e el e A b

by

production A I uoEblalEbz...Eb o to Ps'. where each
E, is a new non-terminal, E, ¢ N'.
b' b'

Step 4. Add to Ps' the productions

(a) s —::LJ* S where q! = } q'l(a),

| ael'!

(b) s! E_Liﬂl, S'a for all a e L'

Step 5. For all a ¢ Z, add to Ps' the productions

(a) € g§£3132> a

ag(bla)
(b) Ea —> b for all b e X', b ¥ a, 1

(c) Ea 1"—("1—» A

q,(bla)
(d) E,——> bE  forallbel'.

aliiadie PGP R PR L W

Suppose that y is an error-deformed string of x, x = a3,...a, . By

using productions added to Ps' by Step 3, we have S ELra»X, where
s

P K

X=E E_ ...E_, If and only if S ==l=> x, where p, Is the ith derivation

&y 43 ) Gs i :

of x in Gs. Applying Step 4(a) first and then repeatedly applying i
]

P
Step 4(b), we can further derive S' ELT" X a ., where p" = P q'(a

n+l n+|) :

q(a, |a,)
The productions in Step 5 generate Ea —&-—.1—’ a; for all 1 <1 <n,
i s

If a),85,...,0, ., Is a partition of y. Step 5(a), (b), (c), and (d)
correspond to non-error transformation, substitution transformation,
deletlon transformation, and insertion transformation which allows
multiple insertions, respectively.

Thus, the stochastic language generated by Gs is

r
L) = (ly,pMy e 25, pty) = T T o' (y]x) px)
xeGs i=l




i
4s |
where r is the number of distinctive sequence of transformations to derlve

y from x, and qi(ylx) is the probability associated with the ith

sequence, | < i <r. |

The consistency of L(G;) can be proved from equation (2.9), (2.11) ‘
and (2.12).

It is proposed to use a modified Earley's parser on Gs' tc implement
the searching of the most likely correction of a noisy input. The
algorithm is essentially Earley's Algorithm with a provision added to
keep accumulating the probabilities associated with each step of

derivations.

Algorithm 2.6. Maximum-Likelihood Error-Correcting Algorithm

L input: A stochastic expanded grammar Gs' = (V',Z',Ps',s) of G,
*
- I .
and string y !]bz...bm inZ'.
output: Parse lists of y.

Method:

Step 1. Set j =0, and add [E + + S', 0, 1] to Ij'

’ Step 2. (a) If [A+a - BB, i, p] is in Ij' and B —35 v is a
f

B

production in PS' add item [B+> - vy, j, i] to Ij'

(b) 1f [A+a -, 1, pl isin Ijand [B+8 ¢« Ay, k, q] is
in Ij’ and if no item of the form [B + BA « v, k, r] can be
found in tj' add a new item [B + BA + vk tpq]l to Ij'

where t is the probabil ity associated with A + a In Ps'.

R P —

If [B+B8A ¢ v, k, r] is already in Ij’ then replace r by

tpq if tpq > r.

= R e
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Step 3. If J = m, go to Step 5. Otherwise, j = j+l.
Step 4. For each item in lj-l of the form [A + a - bJB, i, pl
add iftem [A -+ “bj 8, 1, p] to 'j' go to Step 2.

Step 5. If item [E+S' +, 0, p] Is in I exit.

The extraction of the most likely correction of y, x, that satisfies
equation (2.14) are the same as that in MDECP.

From Step 5, the probabiiity, p, in the item [E + S' +, 0, p] of
the fast parse iist, | , gives the vaiue of q(y|x)p(x) for some x € L(c,)
that satisfies equation (2.14) if the stochastic grammar, Gs is
unambiguous. Since whenever a substring has more than one derivation,
the algorithm choosesthe one associated with the largest probabiiity.

Consequentiy, the derived number, p, is q(ylx)pj(x), where x Is the most

it

iikely correction of y and pj(x) is the probabiiity associated with the 1
3 jth distinctive derivation of x with respect to Gs (refer to Definition 2.8).

Therefore, only when x has one derivation can p be interpreted as

qly|x)p(x).

el

2.4.3. Bayes Classification of Noisy Patterns

_ { Assume that there are two classes of syntactic patterns, C, and Cz.
k Let x be a pattern. Suppose that the probabiiity density function for
x inC;, p(x|C|) and the a priori probabiiity of C;, P(C,), where | = 1,2,

are known. Using Bayes ruie, the aposteriori probabliiity thatx Is in

—

class ] is

P(xICJ)P(CJ)

P(lex) - , for j = 1,2 (2.15)

f plx|c))P(c))

=]

.
e TN
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Then, the maximum-iikelihood decision ruie (or Bayes decision rule) is,

&

decide xe if P(C,|x) A p(czlx) (2.16)

C2

Let C', C2 be two set of training patterns for C' and C2 respectively.
Two stochastic grammars G, = (N',ZI,PI,S') and G, = (Nz,zz,Pz,Sz) are
constructed to characterize C' and C2 respectively, such that the
probability of a sentence In L(Gi) yieids the probabiiity of its corres-
ponding syntactic pattern in C', for i = 1,2, Let the probability of x
in L(G') be denoted as p(le'), where x is a given sentence. p(le') can
be taken as p(xjci) in equation (2.i5). The maximum-1 ikel Thood decision
rule is then appiied for recognition, provided that x is in L(GI)LJ L(Gz),

[64]). We shall rewrite equation (2.15) and (2.16) as follow:

c

decide xe c; i p(x[GIP(c)) 2 plx]6,)P(c)) (2.17)

P Note that p(x|G;) = 0 if x ¢ L(G,)

| The purpose of this section is to provide a recognition ruie that

minimize error rate for a given string, even If it Is not in any of

; l the languages under consideration. Let the deformation probabilities

| of terminals iIn G' and Gz be known. Let G" and Gz' be the stochastic
expanded grammars for G' and G, respectiveiy according to the deformation

probabilities. Given a string y, we shall interpret the term q'(ylx)p(x)

CTRTRCY /aEn—

that satisfies equation (2.i4) as the probability that y Is an error
deformed string of L(G'), and denote it as q(yIG;) where ql("l") denotes
the deformation probabliity of terminais in G'. Then equation (2.il) can

be rewriten as
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aly|6;') = max {q;(y|2)P(2)|z € L(G;)} (2.18)
r4

The use of expanded grammar, G", enlarges the probability space from a
L(G') to L(G") in which the deformation probabilities are employed to
adjust the density function P(XIG,) for x € L(G'). Consequently, the

probability density function defined in equation (2.18) for sentences

in L(Gi') more closely yields the distribution of syntactic patterns

In C'. Let the recognition rule be as follows:

c
decide ye | if a,(y|6,")P(c;) % q,(y[G,")P(c,) (2.19)

73

2.4.4. An lilustrative Exampie

A chromosome pattern classification problem is used as an example.
Consider that there are four different types of chromosomes-submedian,
median, accrocentric, and telocentric-denoted as CS, CH, CA' and CT,
respectively [64,65]. The typical chromosome patterns of each of the
four types are illustrated in Figure 2.8, Let the SCFG's for CS, CM’

CA, and CT be GS' GH' GA' and GT' respectively. Segmentation efrrors

due to noise and distortion in Input patterns are considered as Insertion
or deletion errors, and, primitive extraction errors are considered

as substitution errors. With a set of training samples, we can estimate
deformation probabilities based on the segmentation and primitive

extraction errors committed by the syntactic pattern recognition system.

Then the MLECP's are constructed from the estimated deformation probabilities
and SCFG's for each type of chromosomes. A set of samples, generated
from the stochastic expanded grammars Gg', Gy', GA, and G' (Algorithm 2.5),

is then used as the test samples. They are classified by a Bayes

T e —
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‘Figure 2.7 Bayes classification system for noisy strings

y is in

class j




T, -

submedian median

cbabbdbbbabb cbabbdbbabcbabbdbbab
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Figure 2.8 The typical chromosome patterns

and their string representatlions
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classification system shown in Figure 2.7.

All the programs In this

paper are written in Fortran IV on a CDC 6500 computer.

(A) Pattern Grammars

Let the apriorl probabilities P(CS), P(CM), P(CA) and P(CT) be .5,

.26, .20, and .04, respectively [64]. The pattern grammars Gg» GM’ Gy l
and Gy are given in Table 2.1. The deformation probabilities of each Ii
terminal are given in Table 2.2. For illustration only, we assume that l
the deformation probabilities of different classes are the same, the i
probabilities in Table 2.1 and Table 2.2 are rather arbitrarily assigned. 3

Gg = (Ng.Zg,Pg,S) Gy = (NyZyysPyS)

pS; S —i—> wu PM: S -—l——b wW

s 5 5 W WL oM

VI PR ML b

uleos on N =22 bNb !

ML’ bRb N —255 aFa

N L—s bLb F =5 bFb :

R —225 bRb F =5 bdb :

R —25, aqF

6 NM = {S,W,M,N,F}
Q —==— bQb
§ EM = {a,b,c,d}

Q@ —— bdb

L —22 bLb

L —45, FQa

F =% 5 bFb

F =65 bab

NS = {S,W,U,M,N,R,L,Q,F}

ES = {a,b,c,d}
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Gy = (NgoZpaPp,S) G = (Np,Zp,Pr.S)
PA: S sy uw PT: S Jd- eM
UL ca n—=5— bm
W—L—s Qa C M= b
QL ad Nl aFa
M~5 s bub F =55, beb
M =25 bNb F—45, pep
N -JJ——> aFa |
-y ah x alol Ny = {S,M,N,F} }
£ _,i;i_’ beb ZT = {a,b,c,e} ]

Ny = {S,U,W,Q,M,N,F}

I, = {a,b,c,d}

Table 2.1 GS, GM’ G,, GT for submedian, median,

acrocentric, and telocentric, respectively.

qs(ala)-.97 qs(bla)-o. qs(cla)-o. qs(dla)-.OOB qs(e[a)-o.

. ——— —

qg(b]b)=.963 qg(alb)=0. g (c|b)=0. qg(d|b)=.012 qg(e[b)=.003
qg(clc)=.965 qclac)=0. qg(bc)=0. q(d[c)=.003 q (e]c)=.01
qg(d|d)=.955 qc(a]d)=.01 qq(bJd)=.01 qg(c|d)=.003 q.(e|d)=0.
qq (e]e)=.965 qs(ale)-o. qg(b|e)=.003 qglcle)=.01  q.(d|e)=0.
qpla) =.01 qp(b) =.01 qD(c) =.01 qD(d) =.01 qD(e) =.01

91 (3)1)=.0024

qy (1)=0.

for all 1, j,
for all | ¢ {a,b,c,d,e}

1, J € {a,b,c,d,e}

Table 2.2 Probabilitles of terminal error transformations.
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(8) Parsing-Time Speed-Up Technique

As discussed in [13], the time complexity of minimum-distance error-
correcting parsing is 0(N3). in a stochastic model, some of the
probabilities associated with items In parse lists are so small that
their corresponding derivations hardly ever occur. We may eliminate
these unnecessary derivations by comparing the probability of an item
with a lower bound before it is added to the parse list.

Let [A+a + B, i, p] be an item In ij. We set £ as a lower bound.
Then [A +a « 8, i, p] Is allowed to be added to ij only if p>E. A

good selection of £ should depend on the tolerance of error density of

a string. We use C(A)j-i as the lower bound in this paper, where A, C

are constants. The value of C shouid be less than the smaliest deformation
probability to permlt its associated error to exist. The value of A !
depending on stochastic grammar rules should be small enough to guarantee

successfui parsing of noisy strings.

For the string y = cbabdbabcbabdbab, Tabie 2.3 gives the approximate
maximum number of errors allowed in a substring of given length when
parsed by G"' with C = ,001, A = .5,

To iifustrate the amount of parsing time saved by appiying this
technique, we parse a string both by GM' with a preset iower bound and
without a lower bound. Figure 2.9 shows this comparison in terms of
the number of items in each parse list when string cbabbdbbabcbabbdbbab
is parsed by G"' with the lower bound A = .5, C = .001. Total cpu time

is 5.4 seconds with the preset iower bound and 34.3 sec. without.

= R W = e
SN I— winiinas SRS,
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no. of |tems

without lower bound

0 —— . — with lowser bound
3 p © . =
{ 0 s 10 15 20 parse list

[Rgpe

Figure 2.9 Comparison of number of Items in parse list of string
cbabbdbbabcbabbdbbab parsed by Gé with and without
preset lower bound




Lanidnd! Lecabbaiddial o o ok R ny

e o A B it P

length of
substring 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

maxImum no. of
error allowed 1R RN 2820 282 B2 28 D! 2 3 3 3

Table 2.3 Maximum number of errors allowed In substrlings
of cbabdbabcbabdbab when parsed by GM' with lower

bound .001 (.5)J-1.

Figure 2.10 shows a plot of parsing tlme versus string length using

the MLECP constructed from G.' with lower bound .001(.5)"'. The time

S
complexity with the present lower bound appears to be 0 (nl). 2<L<3and

£ varles with the values of constants A and C.

The trade-off of thls speed-up 1s the generosity of MLECP. From
Table 2.3, we notice that no string wlth consecutive errors can be
successfully parsed In thls example, but from GM', there 1s nearly
2.5% chance of consecutive errors for a string with string length 16.
Therefore, the value of constant A and C should be carefully chosen
such that the MLECP can meet a good compromlse between lts parsing

tlme and error-correctling capablllty.

(C) Classificatlon Result

Thirty-two test samples are generated from GS'" GM', GA', and GT'
wlth average string length 27, of which 20 are erroneous. The 32 samples
are then tested by the Bayes classifler with lower bound set at .00](.5)1-1.
The result is that, among 32 samples, 29 are correctly classlifled. The

rest of the three samples are too nolsy to be correctly classifled due
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Figure 2.10 cpu time vs. string length
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to the use of lower bound of MLECP's. On the average, it takes 32.6 sec.

to classlify a string with an overall accuracy of 90.6%.

2.4.5. Sequentlal Classlflcation of Nolsy Patterns

in the previous sectlon, we have designed MLECP's for the classification

of noisy and distorted patterns. As it was shown, even 1f the lower
bound of ECP are skitifully selected, the use of MLECP's is still too

costly to be practically feasible. Persoon and Fu have proposed a

L

sequentlal parsing scheme for strings generated from SCFG's [10]. By
using an optimal decision rule and a suboptlmal stopplng rule, the
parser scanned only part of the Input string when a decision is made. g
For a given‘speclfied probability of error, ;, the sequentlal parsing
scheme should be deslgned to minimize the average number of terminal

symbols scanned.

The sequential classification algorlthm (SCA) consists of a decision
algor1thm and a sequentlal parsing algorithm (SPA) which 1s essentially
an extension of Earley's parser. Since errors are randomly distributed
in a string, and SCA requlres only part of the string to be parsed,
chances are that the parsling of a noisy string by SCA would be successful
before an error has ever been detected. Otherwise, a forced decision is

made based on the Informatlon accumulated in the provlsion of SPA.

Let y = al"’ajaj+l"'an be a noisy lnput string. Suppose that we
observed alaz...aj (j < n). The sequentlal parsing algorithm (SPA) computes
p(alaZ"'ajlci) which 1s the probability that ajay...a; 1s a string in
L(GI)’ and p(al...ajalcl) which 1s the total probability of strings in

L(Gi) with alaz...aj as their prefix. By using these two quantlties, a

stopping rule tells when one has to stop observing more terminals, and
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a declslon ruie asslgns a class to y once the stopping ruie indlcates to
stop.

The SCA designed for processing erroneous strings Is slmilar to
the algorlthms presented in [10] for non-error-correctlng parsing. A
forced decision ruie is added to the aigorithms such that a declsion can
be reached where parsing Is termlnated by liiegitimate termlnais. The

restriction on uslng X productions In [i0) is removed. The aigorlthms

are given In Appendix B.

Two hundred test samples are generated from G_.', GM', GA', and GT'.
Among them, 1i2 are erroneous. The average string length 1s 26. The
classlfication resuits of uslng SCA with a preset error bound ; are

lilustrated In Table 2.4 which shows ciasslfication accuracy and parsing

time with respect to varlous e. In the second experlment, the 200 test

samples are passed through a non-sequential Earley's parser constructed

] from G, GM’ GA and G.. The result is glven at the last row of Table 2.4.

| For the purpose of comparison, the third experiment uses 200 correct

strings generated from SCFG's GS’ GM’ GA’ and GT as test samples. They
B are classlified by uslng SCA. The results are shown in Table 2.5. Curves
showing accuracy vs. parsing tlme of Experlment i, 2, and 3 are given in
Figure 2.11.

From Tabie 2.5, if the parsed strings are error-free, the accuracy
of sequentlal classlfication increases montonlcaliy as the number of
symbols scanned Increases. One hundred percent accuracy may be reached
when the error bound is sufflclently smaii. Whereas, the curve of

accuracy vs. parsing time (or the number of parsed symbois per strlng)

Is convex when the parsed strings are noisy. In this case, the

VN R - A
. B
_— s Mmut wonm s bl
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accuracy, 2
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< Sequential classification of noisy strings
Non-sequential ciassification of noisy strings
x Sequentiai ciassification of unerring strings

Figure 2.11 Accuracy vs. parsing time of sequentlial classifier
and nonsequential classifier
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Sequential Classifier

error bound e misclassification accuracy tlme (sec)

no. of

total cpu

ave. no. of parsed
symbol per string

.03
.05

.Is
.18
.21

.25

*® e e
o U &

33
26
26
27
27
30
30
32
35
57
57
93
101

Non-sequential Classifier

112

83.5%
872
87%
86.52
86.5%
852
85%
842
82.5%
71.5%
.52
53.5%
49.5%

Lu%

162.
119.
118.
116.
113.
108.
104,
88.
82,
52.
bg.
37.
.036

- e PN 0O O N S VWUV O N

27.0
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Table 2.4 Classification results from 200 strings
(112 of them are erroneous)

Sequential Classifier

error bound e mlsclassification accuracy time (sec)

no, of

total cpu

ave. no. of parsed
symbol per string

|
o2
.35

0
11
51

1003
94.5%
74.5%

128.2
110.2
50.0

Table 2.5 Classification results from 200 correct strings.
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accuracy of the sequential classifier cannot reach beyond a maximum point.
in our example, the maximum Is 87% accuracy when error bound 1s .05

with average parsing time .6 sec per string. The interpretation is :
intuitive, the more symbols are scanned, the higher the accuracy SCA can

reach, and the better the chance an error s detected.. As soon as an

error is announced by the SPA of all the pattern grammars, a forced decision,
whose low accuracy plays the counterpart, must be made.

To increase accuracy beyond the maximum accuracy of sequentiai
classifier, we can use a sequential error-correcting parser as the
classifier which is a SCA with its SPA coﬁstructed from error-induced
grammars. The results of classifying 200 noisy strings are glven in
Table 2.6. When error bound Is .15, the sequential error-correcting
classifier reaches 942 accuracy with average 19.1 sec per string.

Comparing with the result of 90.2% accuracy and average 32.6 sec per

string using a non-sequential error-correcting classifier in Section 2.4.3,
the sequential version achieved a slightly higher accuracy with less
average parsing time.

The effectiveness of using SCA for processing noisy strings is

largely pattern grammars dependent. It is noted thaf, most misclassifications
of SCA occur between median and submedian because no distinctive difference
appears at the first few symbois of their string representations. Whereas,

it takes only two or three symbols to discriminate acrocentric from the

other three types with very high accuracy. We may conciude that to

increase both accuracy and efficiency using SCA, pattern grammars should

l be carefully constructed such that informative symbols will appear at

the first few positions of derived strings.
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= no. of total cpu ave. no. of parsed
error bound e misclassification accuracy time (sec) symbol per string

.15 12 943 3816
.25 27 86.5% 2650 5

Table 2.6 Sequential error-correcting classification.

PR TR TR il
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CHAPTER 3

ERROR-CORRECTING TREE AUTOMATA

3.] Introduction

b

In appiying syntactic methods to pattern recognition, one-dimensionai
(string) grammars are sometimes inefflcient in describing two- or three- |
dimensionai patterns. For the purpose of effectiveiy describing high-
dimensional patterns, high-dimensional grammars such as web grammars, graph

grammars, and tree grammars have been proposed [50-52]. Properties of

generaiized finite automata, calied tree automata, which accept finite

trees of symbols as its input, have been studied by several authors
[66~70]. Brainerd [66] proves that the ciass of systems which generates

exactiy the sets of trees accepted by the automata is a reguiar system.

ML B i G S

Fu and Bhargava [50] introduced the application of the tree systems into
- pattern recognition. In practical appiication, tree grammars and tree
automata have been used in the classification of fingerprint patterns

|
. [38], the analysis of bubbie chamber events [74], and the interpretation

[ of LANDSAT data [39], etc.

i The descriptive power of tree languages and the efficient analyticai

! capabiiity of tree automata made the tree system approach to pattern
recognition very attractive. This chapter is concerned with the error-
correcting verslon of tree automata. Unlike the string case, where the
oniy relation between symbois is ieft-right concatenation, a tree structure

would be deformed under deletion or insertlon errors. The structure-




64

preserved error-correcting tree automaton (SPECTA) proposed in Section 3.3
takes oniy substitution errors into consideration. By introducing a blank
eiement, a deietion error can be treated as substitution of a non-blank
eiement by a biank eiement, and an insertion error becomes a non-biank
eiement in substitution for a biank eiement. An exampie of using SPECTA
in LANDSAT data interpretation [s presented.

In Section 3.4, syntax errors on trees are defined in terms of five

ki, i i

error transformations; namely, substltution, stretch, branch, spiit,

and deletion. The distance between two trees is the least cost sequence

of error transformations needed to transform one to the other. Based on
this tree metric, a generalized error-correcting tree automaton (GECTA),

is formuiated, where transformations made on each terminal symbol are added
to the system in the form of transition rules. An exampie of hand-printed

character recognition is given to demonstrate the operation of GECTA.

3.2 Definitions
in this section, some baslc definitions on trees, tree grammars, and

? tree automata given by Brainerd [66] are briefly reviewed.

{ Definition 3.1. Let N* be the set of positive Integers. Let U

be the free monoid generated by NY. Let « be the operation and 0

the identity of U. The depth of acl is denoted d{a) and defined
as foliows: d(0)=0, d{a*i)=d(a)+i, ient. a < b iff there exists
xeU such that aex=b. a and b are incomparable iff a $ b and b { a.

Definition 3.2. D is a tree domain iff D 1s a finite subset of U

e i

satisfying (i) beD and a < b implies aeD, and (2) a<jeD and i < j

In N+ Implies aleD.
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Definition 3.3. A rank is a pair <I,r> where I is a finite set of

symbols and r:I+N. Let I = r-'(n).

Definition 3.4. A tree over I (i.e., over <I,r>) is a function

a:D+Z, such that D is a tree domain and rla(a)] = max{i|a-ieD}.

i.e., the rank of a label at a must be equal to the number of branches
in the tree domain at a. The domain of a tree is denoted D(a) or Dy
Let Tz be the set of all trees cver L. The depth of a is defined as,
d(a) = max{d(a)laeDu}.

Definition 3.5. Let a, b, b'eU such that b = a-b', then b/a = b'.

b/a Is not defined unless a < b.

Definition 3.6. Let acTy, and aeD , w/a = {(b,x)|(a*b,x)ea}, a/a is

the subtree of a at a and a/a occurs at a in a.

Definition 3.7. Let acTy, acU, then a‘a = {(b,x)|(b/a,x)eal.

Definition 3.8. Let aeD , a, BeTy, then ala+8) = {(b,x)ea)b}a} U a-B.

This is the result of replacing the subtree a/a at a by the tree 8.
n
Using postfix notation, the tree a = U iouilj{(o,x)} is represented
j=1
by @)0ay...@ X,

Definition 3.9. t is a term over <I,r> iff t = xel

0 or t = t'tz...tnx
where xetn, and ti, 1 <1 <n, is a term, fz is the set of terms over
I. There is obviously a one-to-one correspondence between the terms
over I and the trees over L. |If the corresponding tree of t is a
subtree of a, we say t is a term in a.
Definition 3.10. A regular tree grammar over <L,r> Is a regular system
&, ® (v,r',P,S) satisfying the following conditions:

(1) <v,r'> is a finite-ranked alphabet with IgV, and r'|I=r.

The elements in V and V- are called terminal and nonterminal

symbols, respectively.

. —
Sra BRI
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(2) P is a finite set of productlons of the form ¢y, where
¢ and ¥ are trees over <V,r'>.
(3) scT, isafinite set of start symbols.

pefinition 3.11. Derivation a¥8 is in G, Iff ¢+¥ in P such that

*
a/a = ¢ and B = alawy). a=>B is a derivation iff there exist
Apdyee a , M > 0 such that a = apbay+...5a = B in Gt'

Definition 3.12. The language generated by G, = (v,r',P,S) over

<I,r> is defined as, L(Gt) = {GETzI there exist xeS such that
= 5

as.
XGt

Definition 3.13. A tree grammar G, = (v,r',P,S) over <L,r> is

expansive iff each production in P is of the form

X
Xo -»> // \\ or Xo + x where xel.

Xy oo Xe(x)

and Xo, X ’xr(x) are nonterminal symbols.

Following the definition given by Brainerd [66], a tree automaton is

a finite automaton with many-to-one state transition functions.

Definition 3.14. Let <I,r> be a rank and L = {01’02"'°k}’ A finite

EI-automaton or tree automaton over I is a system M, = (Q,f‘...fk,R)

where
(1) Q is a finlte set of states,
(2) for each i, 1 <1 <k, f; is a relation on s,

(3) RC Qis a set of final states.




67

if each f‘, I <1<k, is a function f': Qr(c') + Q then Ht is

deterministic; otherwise Mt is nondeterministic.

The construction procedure of tree automaton for a regular tree

grammar can be summarized as follows [50].

Algorithm 3.1. Construction of tree automaton. |

Step 1. To obtaln an expansive tree grammar (V',r,P',S) for the
given tree grammar (V,r,P,S) over aiphabet I.
Step 2. The equivalent nondeterministic tree automaton is
- [ I -~
M = (V'-Z, f...F,{S]) where f (X;...X )-X, If

X\ > Xl...X x. s in P'. ]
ni

0
The acceptance of a tree by tree automaton is a backward procedure.

it reads paraliel branches simui taneously then transfers to the states

of their immediate predecessors.

i 3.3 Structure-Preserved Error-Correcting Tree Automaton (SPECTA)

Let D be a tree domain, Dc U, £ be a set of terminal symbols, we
define TzD = {a]a e T;z» D, = D} be the set of trees in the tree domain D.
In this section, substitution error is described in terms of the trans-

D, we write

I { formation S: TZD-w TZD. For aeD, xe I, and a, a' ¢ T2
S

a}—ilﬁ- a' If a' Is the resuit of replacing the iabel on node a of tree

a by terminal symbol x. Furthermore, Sk denotes the composition of S

with itself k times.

The distance on trees In TXD, d(a,a'), Is defined as the smailest
integer k for which a}—§E—- a' If o and a' are two trees in TzD for some
DC U. The function of d Is symmetric and satisfies triangle inequaiity.
¥ Let L be a tree language, and tree o' * L. The essence of SPECTA is to

search for a tree a, a € L such that
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min

B

d(a,a') = 7.7 {d(B,a') |8 e L, D, = D ,} (3.1)

B

and reconstruct a' as a. d{(a,a') in the abové equation is also defined as

the distance of a' from L, denoting d{L,a'). a is called the minimum

distance correction of a' in L.

3.3.1 Minimum-Distance SPECTA !

By adding terminal error production rules corresponding to sub-
stitution error transformations, the covering grammar Gt' = (V',r',p',S)
of a given tree grammar G, = (V,r,P,S) is constructed as follows:

Step 1. V' = (V-I) U L', where L' D L is a new set of terminal

symbals.

Step 2. For each y € L' add to P'

y x
/\ , HE Xy /\ e P

-5
Xl 0 00 Xr(x) )(I e Xr(x)
or X0 >y if X0 + x is in P,

The ianguage generated from Gé consists of the language L(Gt) and

its corresponding erroneous trees. Hence, L(Gé) can be written as

L(G{) = {a'|a' € Tgrs and Fac L(Gt) such that D, = Da}

For a given tree grammar, Gt’ the SPECTA is formulated to accept
trees in L(Gé) and to generate a parse that consists of the minimum number
of error productions. Assume that a' is an input tree, the operation of
a SPECTA is a backward procedure of construction a tree-like transition

table from the frontiers to the root of a'. For each node a ¢ Do there
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Is a corresponding set of triplets, denoting ta In the transition table.
Each triplet (X,%2,k) is added to t, If X Is a candidate state of node a,

2 Is the minimum number of errors in subtree a'/a when node a Is represented
by state X, and k specifies the production rule used. The algorithm is
given as follows.

Algorithm 3.2. Minimum-distance SPECTA

Step 1.

b Step 2.

Input: G

= (v,r,P,S) and tree o'.

Output: Transition table of a' and d(L(Gt),a').

If rla'(a)] =0, a«'(a) = x , then add to t,

(a) (xo,O,k) if Xy > x is the kth rule in P.

(b) (xo,l,k) if Xo >y Is the kth rule In P and y # x.
If rfa'(a)l =n >0, a'(a) = x , then add to t_

(a) (Xo,l,k), if Xy + x Is the kth rule in P and

XI...Xn

(Xpo20ky) €ty e (X 00 Lk ) €t then 2= 2 4. 40

(b) (xo,z,k) » 1f Xy > ¥ is the kth rule in P, y # x, and

oo X
(Xps2p5k,) € ta'I;'°}xn’2n’kn) €t,,, then £ = 2.+, .40 41,

Whenever more than one item in t, has the same state, delete

the item with larger number of errors.

If (s,2,k) € ty, then d(L(Gt),a') = 2. If no item is In t,

of the form (S,%,k), then no tree in L(Gt) Is In tree domain

Da., the Input tree is rejected.

The minimum~distance correction of a' can easily be traced out from

the transition table.

- - *
b et
: . =

OIS P VO

s e b e i
it i e
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The tree grammar in the following example Is a part of the highway

grammar used In Sectlon 3.3.3. (n the meantlime, we use 1t as an example

here to illustrate the operatlon of SPECTA and to demonstrate the highway |
patterns recognitlon procedure that will be dlscussed in Sectlon 3.3.3.

Example 3.1. Conslder a set of vertlcle line patterns as given In

B w0

Figure 3.1. Assume that elements in the 4 x 4 array are connected
as a tree shown In Figure 3.2. Thus, each pattern has its
corresponding tree representations. For example, pattern (b) In
Figure 3.1 can be represented by the tree shown in Figure 3.3, where
nodes labeled by symbol ''b'" represent blank or nonhighway elements
" ", and nodes labeled by "h' represent hlghway elements " & '.

The tree grammar that generates these tree representations can be

written as:

(v,r,P,S) over <I,r> where

[}
[}

<
!

= {S’AO’A] ’AZ’A3’XO’ l]’ Izv '3’$’b’h}

: ={- QO S
$° b * h

r(*) =1, r(b) = {0’]’3}’ r(h) = {0’]’3}

$ $ $

Al ) B L e ST

A0 A] A3 Ah

Ao /T\ G, | ), n
0 5), .
A" Xo %o Ao

Ay* 'I’ (8)
Xo/Ao\ h

b
Ry + I (9)
xo/Al\ 2
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b
Ay ’//A\\\ (10)

h
h> | (1) I, >h (17)
X

—_——
o
e s

> (12)
i
b
|3-> ! (13)
2
¥o X0 %o X

Given a noisy pattern shown in Figure 3.k(a), let o' be its tree
representation. o' Is given In Figure 3.4(b). The transition tablie of
a' resulted from using the minimum-distance SPECTA with respect to grammar
Gy is shown in Figure 3.5. Since (5,3,2) is in tys a' is accepted by the
SPECTA and the number of errors in o' is 3. Llet the minimum-distance
correction of o' be calied a. The generation of a from th> transition

table Is illustrated in Figure 3.6.

3.3.2 Maximum-1ikeiihood SPECTA

When the probabiiity distribution of patterns and the deformation
probabiiities on each terminal are availabe, error-correcting parsing
based on maximum-1ikel ihood criterion may provide a better recognition
performance. Definitions of stochastic grammar, terminal deformation
probabitities, and maximum-1ikel Thood criterion have been introduced

In Chapter 2. A similar approach to MLECP is used in formulating SPECTA

based on maximum-1ikeiihood criterion.
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The expansive stochastic tree grammars and ianguages defined in
172] are briefiy reviewed.

Definition 3.15. A stochastic tree grammar 6, = (v,r,P,S) over

L is expansive if and oniy if each ruie in P is of the form

X
XO-E-> /\ orXo-L-rxwhereer:
Xpooor X(x) +

and X X]...Xr(x) e V-I are nonterminais.

0’
Definition 3.i6.

P k
L(Gs) = {{a,pla)) |a € Tys S =>q, i = 1...k, pla) = )) p;}
i=i

where k is the number cf aii distinctly different derivation of «
from S, and P is the probabiiity associated with the ith distinct

derivation of a from S.

Assume that the occurrence of substitution error on a terminai is

independent from its neighboring terminais. Fung and Fu [3i] define a

substitution error made on strings to be a stochastic mapping o: £ > L

such that o(a) = b, if aand b ¢ £, with probabiiity q(bla) and furthermore,

I qlbla) =1 (3.2)
bel

The same definition can be appiied to model a substitution error made on

trees. Furthermore, assume that t = ti...tnx is a term over <I,r>,

o(ti...tnx) = o(t]) ey o(tn)o(x) (3.3)

If two trees a = t,...t x, a' =t '...t ' x' are both in T D, the
i n 1 n L

probabiiity of a' being the noisy deformed tree of a is
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qla'|a) = q(t]'lt]) q(tn'ltn) q{x'|x) (3.4)
We further have
2 D qla'la) =1 for any a € TED, DC U (3.5)
a'eTz

For a given stochastic tree grammar GS = (V,r,P,S) over <I,r>, when
the deformation probabilities, q(y]x), are known for all x ¢ £, andy ¢ £',
the stochastic expanded grammar is GS' = (V',r',P',S) over <I',r'> where
V' = (V-I) £' and £' D) I is the set of terminal symbols, and for ail

]
y e ZY%, X0 S A y is in P' If Xo L x is in P, or X0 £, y
AN
Xy Xe(x)

is in P!, if X, £ x is in P and p' = p qly|x).
Sy
X] ...Xr(x)

The language that generated from G; can be written as:

L(e)) = {(a',p' @) ]a’ € Ty, p'(a?) = ) qla'|a)p(a)} (3.6)
! aeL(Gs
D ,=D
a a

Suppose that the given noisy input tree a' is in tree domain D, the

maximum-1ikelihood decision rule in this case is to choose a tree o in

L(G,) of domain D, i.e., a € L(E,) and a ¢ TED, such that

a®[a)pla) = "8* {ala’[B)p(8)] B € L(c) T} (3.7)

We call this value, q(a'|a)p(a), the probability of a' being a noise

deformed tree of L(GS) and denote it as q(a']Gs').

The structure-preserved maximum-1ikelihood SPECTA is given as follows:
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Algorithm 3.3. Maximum-likelihood SPECTA J

Input: (1) Stochastic tree grammar GS = (V,r,P,S) over <I,r>.
(2) Deformiation probabilities,q(y|x).for all x e £, y € I'.
(3) Input tree a'.

Output: Transition table of o' and q(a‘IG;).

Step 1. !f rla(a)] =0, ala) = y then add to t_, (X,,p',k), if
X0 —2 x is the kth rule in P and p' = p qly|x). :

Step 2. If rlafa)]l = n, n >0, afa) = y then add to ta,(Xo,p',k), if

] x, 2 X is the kth rule in P and (X, ,p!,k,) ]
0 1°P1°%)
r x/ \ 1
] 1% ,
o s 0 , ' €3 '*l..* I* * -
et ppeees(Xupt k) et  then p! = p) pr*p*q(y|x)

Step 3. Whenever more than one item in ta have the same state,

delete the item associated with smaller probability.

Step 4. If (S,p',k) € ty, then q(a|G;) =p'. If no item in ty is
associated with the start state S, then no tree in L(GS)

is in tree domain Da' Input tree is rejected.

3.3.3 Application of SPECTA to LANDSAT Data Interpretation

I Recently, syntactic methods have been used to analyze and interpret
data obtained from the earth resource technology satellite (LANDSAT)
[39,53]. The input data used in [39,53] are the results of pointwise
classification [73]. Each pixel collected by LANDSAT represents a ground
area of approximately 60 x 70 m2. According to spectral and/or temporal
measurements of the object, a pixel is then classified into classes of

water, cloud, downtown, concrete, or grass, etc. Due to the resolution

e e = e T e e

size, spectral signals of smaller objects are usually composed of
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refiectance of severai different kinds of ground cover. For instance,
the spectral signai of a segment of a highway actuaily resuits from a com-
bined refiectance of concrete surface, grass, and transportation vehicies.
Consequentiy, the variation of size of smaiier objects and their surroundings
changes their reflectances, and thus, their spectral properties from point to
point. This uncertainty causes some difficulty in setting threshoid for
ciassification based on spectrai information of individuai points oniy.
One example of the resuits of pointwise ciassified highway patterns is
given in Figure 3.7 which covers the area of the northern part of Grand
Rapids,Michigan. Each symboi '"H'" represents a pixei that is ciassified as
a segment of highway. Figure 3.8, which is obtained from the official
highway map, indicates the major divided highways of the same area.

As iilustrated in Figure 3.7, the inadequate resolution of highways
and the mass of scattered concrete and grass-mixed objects other than
highways resuit in discontinuity of highways and spurious points from
pointwise ciassification. Syntactic methods have the advantage of using
contextual and structural information contained in patterns for recognition
purpose. In order to discriminate highways or rivers from other objects
having simiiar spectrai properties a tree system approach is proposed by
Li and Fu [39]. The method demonstrates fairiy good resuits in recognizing
rivers among watery areas and some modern buiidings with giass waiis
having simiiar refiecting surfaces as water, but poor in anaiyzing highway
patterns. Evidentiy, highway patterns in some cases are too noisy to be
effectively anaiyzed by a conventionai training and parsing methods.

In this experiment, an input picture is processed window by window,

where window size is 8 x 8 array of pixeis. The labeis on single pixeis

M O eyt
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are used as primitives. Thus, we have two kinds of primitives: 'h'"

represents a highway pixel and 'b' represents a blank or nonhighway pixel.

3 Initially, sample patterns of vertical, horizontal, or diagonal line are {

used as our positive samples (or desired patterns). Assume that only a !

single segment of highway or at most two intersected highways that appeared
within a window is considered. Hence, some patterns consisting of two
such sample patterns are also added to the set of positive samples.

| Similar to the procedure illustrated in Example 3.1, an array of

primitives in a window are represented as a tree. Each primitive becomes

a labeled node in the tree representation. We fix the tree domain to be

DH’ and allow node label to be either "h'" or 'B''. Totally there are 26h

D
tree representations in Ty H, where £ = {b,h,$}, and $ is the start
terminal. Hence, the set of all possible patterns in an 8 x 8 window
and the set of all labeled trees in TZ H are one-to-one correspondence.
Figure 3.9 illustrates the correspondence between points in the 8 x 8 array
and nodes in the tree domain DH' The set of positive sample patterns can
‘ now be transformed into a set of positive sampie trees of domain DH'
The construction of a pattern grammar, when error-correcting parser is
used as recognizer, is a little different from the regular procedure
[73]. With some presumed patterns as positive samples, the language
generated from the constructed grammar must be as close to the set of
positive samples as possible. Otherwise, there is always the possibility
that the noisy pattern finds its bestmatch in the set of '"'unwanted
sentences'' (sentences in L(G) but not in the set of positive samples).

The tree grammar, GH’ constructed to generate positive sample trees

is given in Appendix C. Figure C.1 in Appendix C illustrates some

it e i e, i ks d
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Figure 3.9 Nodes in trec domain DH and their corresponding

positions in the 8 x 8 array.
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typlcal patterns whose tree representatlons are In L(GH). In Figure C.1,
"Group A" denotes the group of patterns that are generated from rules of

the form

S + $ , 1=1...8, "Group B" are from S -+ $ etc.

|
Ay B,

Note that the tree whose nodes are all iabeled with '"b" also belongs
to L(GH). Actually, the pattern 1t represented 1s an undesired one, 1.e.,
a window with no highway passing through. it 1s our negatlve sample
tree, denoting as A. We may categorize the sets of trees that have been
Introduced so far as follows: TED" Is thé unlverse we are working on,
where £ = {$,h,b} and $ is the start terminal. TzDH r\(L(GH) - {a})
Is the positive sample set, denoting as st. {1} 1s the negatlve sample
set denoting as S [74#]. Let the set TzDH - (s'Us”) be denoted as N,
then N = TzDHf\ E?E;). Apparently, elements In N are nolsy patterns,
which are normally unrecognlzable using a conventlonal parslng scheme.
The idea of uslng error-correcting tree automaton is to measure the
dlstance between an Input pattern and patterns In SﬁJS-. If the lnput
pattern 1s In N, 1t will further be reconstructed to lts best matching
pattern in terms of the minlmum number of mislabeled nodes, In S+, or
erased If Its best matching pattern Is In S . Since S~ is also In L(GH),
we may measure the dlstance of the Input tree with st and §” at the same
time.

Assume that an lnput plcture Is scanned column by column from left

to right. After an 8 x 8 array of primltives has been processed by SPECTA,

we erase the top left 5 x 5 array of pixels, i.e., replace '"H'" polnts by

il
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blanks of the orlglnal pattern and superimpose the reconstructed pattern
on the origlnal window. The scannling window then moves down five rows of
plxels so that the pattern appeared In the window is processed by the

same procedure. After elght columns of plxels have been scanned, the
process Is repezted from the sixth column. By dolng thls, the error-
correcting scheme would be furnlshed with contextual informatlon, not only
wlthin the window, but between the window and 1ts surroundings. Using the
pattern shown in column 141-148, row 1-18 of Flgure 3.7, the wlndow-by-
window correcting process 1s lllustrated In Figure 3.10. The flowchart
of the entire recognltlon procedure lIs given in Figure 3.11.

This error-correcting scheme of the hlghway recognltlon problem is
programmed in Fortran IV on CDC 6500 computer and tested using the data
shown In Figure 3.7. The result is shown in Figure 3.12. There are
80 x 160 pixels in the input data. The cpu tlme for processing 1s 150 sec.

We also use the grammar GH’ which is trained from Grand Rapids data
to analyze some other noisy data, such as data obtained from Lafayette,
Indiana. The polntwlse classified data of Lafayette Is shown in Figure 3.13
which contains 125 x 125 pixels. The result of the error-correctling
analysls is shown in Flgure 3.14. The cpu time used is 101 sec. For
comparlson, we use the hlghway map shown In Figure 3.15 as ground truth.

There are several remarks to be made about this highway recognltion
example. (1) Originally, the presumed positive samples were more than those
generated from GH in Appendix C. Many patterns of two intersected highways
are consldered. After the originally constructed grammar was tested by
Grand Rapids data, we further removed production rules that were

infrequentiy (or not) accessed and reduce the highway grammar to GH In

Appendix C.
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a

\

Parse the tree by ECTA

yes

\
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Figure 3.11 Flow chart of highway recognition using SPECTA
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(2) An alternative solution, if not using the error-correcting scheme,

is to obtain a large set of positive samples and negative samples from
training data, and to construct a grammar so that all the negative samples
are excluded from the language and all the positive samples are included.
it is difficult to construct such a grammar when patterns are irregular.
Besides, due to the large variation of Input data, a slight difference

in the training set will cause some patterns to be rejected during parsing.
(3) For our convenience, we use fixed tree domain. A deleted segment

¢ highway Is taken as a substitution of a highway primitive by a blank

primitive. A spurious H point is considered as substitution of a blank
€t primitive by a highway primitive. A generalized ECTA which handles
substitution errcrs as well as deletion and insertion errors is introduced

in the following section.

3.4 Generalized Error-Correcting Tree Automaton

3.4.1 Distance on Trees

in Section 3.3, since only substitution transformations are considered,
3 tree distance is measurable when two trees are in the same domain. Our

E purpose in this section is to define transformations between trees in
different tree domains such that tree distance is measurable for any two

given trees. Consequently, the transformations we defined can be

14wy .

applied to a tree automaton.

Errors on trees are defined to be of the following five types:

! (1) the substitution of the label of a node by another terminal
symbol,
(2) the insertion of an extraneous labeled node between a node and

its immediate predecessor.
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(3) the insertion of an extraneous labeled node to the ieft of ail
the immediate successors of a node,
(k) the insertion of an extraneous labeled node to the right of a
| node,

(5) the deletion of a node of rank 1 or O.

The three operations of insertions in rule (2), (3) and (&) are
named as stretch, branch, and spiit, respectively, according to the
relative position of the inserted node to the original tree. Apparently,
the inverse operation of any type of insertion is deietion, and the
Inverse of deletion operation is one of the three types of insertion.

We define five transformations S, T, P, B, D, from TX to the subsets

| of T):' to describe substitution, stretch, spiit, branch, and deietion

% errors respectively. Let o be a tree over <Z,r>, ael, yeL, and c*i = a,

E‘ rla(c)] = n, then error transformations are defined as foliows:

éﬁ (i) Sa/y(u) = a(a«{(0,y) }ica/a-i| 1 < i < rla(a)l}),

, (2) 7T, () = alatt(0,y)}U{1-0/a}),

5 (3) Ba/y(u) = a(a«((0,a(a)), (i,y)}Hi+i-afa-i| 1 <1 < rlata)l}),
(&) Pa/y(a) = alcenti « a/cen)...(c i+l « a/cei)U(a « (0,y)),

b, (5) Da/y(u) =calcei « a/c*i+i)...(c°n=1 « a/c-n)U(c*n « 1)

T vy

if rla(a)] =0
a(c « ao/a) if rla(a)] =1
S, T, B, P and D transformations are illustrated in Figure 3.16 (a),
(b), (c), (d) and (e), respectively.
We write u}-—é—-e, Lf B is in A(a), where Ae{S,T,B,P,D}, and

further denote that uFJL——-B for k > 0, If B is derived froma by applying 4
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Figure 3.16 S, T, B, P, and D transformations on a.
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k transformations, where Ak denotes the composltion of A with itself k
times. The distance on trees over I, d{(a,B), Is defined as the smallest
integer k for which a}—ét——~ B,if a and B are two trees in TE'

For example, given two trees a and B, where o« = {(0,%$), @,~), (1-1,P),
(2,7), (2:1,9)}, 8 = {(0,%), (1,v), (1-1,P), (1-2,q), (2,q)}, then
d(a,B) = 3, since B = D,/ (PI-I/q (Sl/v(a))) and no other derivation
of 8 from a costs transformations less than three. Trees a and B are
shown in Figure 3.17.

Let L be a tree language, a tree B not in L can be derived from
some tree in L by a sequence of error transformations. The distance
between B and L is defined as,

min

o {d(«,B)| @ € L} (3.8)

d(L,B) =

Example 3.2. Assume a directed graph of labeled verticesand
unlabeled branches as shown in Figure 3.18, the tree grammar con-

structed to generate such patterns is given as follows:

Gt = (v,r,P,S)
v = {S,A,B,C,D,E,H,#,a,b,c,d,e,h}
r($) = (1}, r(a) = {0,3}, r(b) = {0,3,4}, r(c) = {0,2}

r(d) = {0,2,3}, rle) = {1,2}, r(h) = {1,2}

5 ¥

|
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A 2 a
//l\\ ’ A ’ a

H D B
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Suppose that o' is the given distorted pattern. The successive graphs

after each tree error transformation is applied are fl1lustrated in

Figure 3.19.

3.4.2 The Formulation of GECTA

For any given a' not in language L, the generalized error-correcting
tree automaton (GECTA) is formulated to search for a in L such that the :
distance of o from ' is the smallest among all the sentences in L. That
is,

min

nn a(8.at) (3.9)

d(a,a') =

Note that the condition DB =D, in equation (3.1) is removed here.
Before introducing the algorithms for GECTA, a normal form of trees

and tree grammars, called the binary form, is defined.




Figure 3.18 A directed graph
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Figure 3.17 B = D,, (Pl l/q(S,/v(m)))
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Figure 3.19 Continued
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(A) Tree Binary Form

A binary tree grammar Is defined as foliows:

Definition 3.17. A tree grammar G = (Vb,rb,Pb,S) over <I ,r > Is

said to be in binary form if,

(1) A pseudo symbol * is in Ep-

(2) r, = {0,1,2}

(3) Each production in P, Ts In one of the foiibwing forms:
(a) Up > X
(b) U, + U X, *

(c) Xo * lei x
(d) Xy + X, x

(e) Xg > X
) where U, U,, Xg» X, are inV, - I, xel, - {*}.

Let a be a tree In Tz, and * be a pseudo symboil not in £, the
conversion of tree a Into fts binary form a* s given in the foliowing
Atgorithm.

Algorithm 3.4, Binary Form Conversion.

Input: Tree a In Tz.

Output: a*, binary form of a.

Method: Repeat CONVERT untii a is In binary form.

<CONVERT>: (1) 1if ty = X is a term In a, then ty Is sald to be

in binary form.
(2) 1If t;...t, are already in binary form, and
ty = (ti“‘tn) x is a term ina, x € I then t,

Is sald to be In binary form if n=1, then

ty = (tl) X
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*

*
o ot such that
1 n-1

1f n > 1, then define t
*

- * !
t, (tl)
* *
t, = (¢, tz)*

The construction of the binary tree grammar G, = (Vb,Pb,rb,S) from

a glven tree grammar Gt = (V,r,P,S) In expanslve form Is as follows:

Let I, = tU{*}, add V to Vb. Py 1s constructed as follows:

Step 1.

Step 2.

For each production in P of the form X0 + x, Xelj, add
Xg + x to P, and rb(x) =0,
For each productlon In P of the form Xo -> Xlx, xek,, add

Xo * Xyx to Py and rb(x) =1,

0

For each productlon In P of the form Xo -+ xl...xnx,

xezn, n > 2, adad,
%*
o1 %

oz * YorX2*

U

Uon-1 * Yon-2%n-1*
x0 i UOn-lxnx
to Py, and r, (*) = 1,2}, ry(x) = 2. Add {yp,| 1 <1 <n-1}

to Vb.
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Let the binary form of a tree language L(Gt) be denoted as Lb(Gt)
and G be the binary form of grammar G, then Lb(Gt) - L(Gb).

Example 3.3 Character E

A character E is shown in Figure 3.2) (a). Based on the pattern
primitives defined in Figure 3.20, the tree representation a of
E is shown in Figure 3.21 (b). The tree grammar Gt which generates

the character E of different sizes is as follows:
Gt = (v,r,P,S) over <I,r>

v = {s,8,c,D,$,b,d},z = {4§,b,d}
r($) =2, r(b) = {1,2}, r(d) = {0,1}

f P:
- S
'; RP7AN
: B D
3 b b
TN & |
c D B
d
D>
A | , d
D
i b b
'; C'*l ] l
r c D

#
The binary from of o, a , is given in Figure 3.22 and the binary

form of Gt' Gb, is:

Gb - (Vb,rb,Pb,S) over <Zb,rb>
Vp, = {5,Ug,B,Up,D,C,8,b,d, %}, I = ZU (%}

rp($) = (2}, rp(b) = (1,2}, rpld) = {0,1}, rp (%) = {1},
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Figure 3.20 Pattern primitives

$ d /$
{ o) /\
g/ \%
b8 d i
d
(a)E (b)a

Figure 3.21 Character E (a) and its tree
representation (b)
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Figure 3.22 a*, binary form of «




106

(8) GECTA

Let #, = (Vb‘Zb,F,{S}) be a tree automaton that accepts a tree grammar
In binary form Gb = (Vb,rb,Pb,S) over L, where F 1s the set of translitlon
functions on (Vb~2b)r(x)X(Vb~Zb), for all x ¢ £,. By adding error
transitions according to the transformatlons defined In Sectlon 3.4.1,
the expanded tree automaton that accept all the posslble erroneous trees
Is constructed as follows:

Algorithm 3.5. Expanded Tree Automaton ib'

Step 1. Hy = (7,F,{5)) where ¥ = (v,-£,)U {1}, F = FUFUFUF', and

.FS, FD, and Fl are called substltution, deletlon, and

insertion error transitions, respectively.
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S
Step 2. F” = {f (&) ~ Xg, ofF () v X; e F, x £ #, yer - {x}}

Step 3. F° = {f(£) ~ Xy, ¥[F (8) v X, € F, x £ %} U
{f(g) ~ X;, O|F (€) ~ Xg € F}

Step 4.
(a) Add fy(Xo) N Xo, 8, to Fl for all y ¢ Eb = {*} if

fx(E) ~ Xg Is In F and x # %,

(b) Add fx(l,xl) ~X., 0, and fy(l,x,) v Xg» O or

o’

!
f (1) ~ Xg, 0, and £ (1) ~ Xg, o to F'if £ (X,) ~ X; or

0’ 0

fx o Xo is inF, X e Zb.

(c) Add £, (E) ~ X5, 0, f,(X5,1) ~ X
|

o’ o’ fy(xo’l) v xo’ o

if fx(g) a Xo Is in F for

and fx(xo,l) ~ Xgs O to F

all x ¢ Eb.

(d) Add to F', £,00) %1, 6, and £ (1,1) ~ 1, 8, for

all y € I, and fy ~l, 8§ for all vy ¢ I, - {*}

i .
Where £ ¢ (Vb Eb) , 1= 1,2,

The notations o, vy, and § assoclated with transitions represent costs
of substitution, deletion, and insertion errors, respectively. Hence,

weighted distance can be measured by using expanded tree automaton.

ey

(a), (b), and (c) in Step 4 introduce stretch, branch, and split
operations, respectively.

The search algorithm for the least cost (minimum~distance) solution
is to construct a tree-like transition table with all candidate states and
their corresponding costs recorded. Each element in the transition table

corresponds to a node in the tree domain of the input tree. Let it be denoted
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as t_ ifae D, and a' be the input tree, then a pair (X,n) is in t
If X Is a candidate state representing subtree a'/a, n is the minimum

cost associated wlfh X, the algorithm Is given as follows:

Algorithm 3.6. Minimum-Distance GECTA

Input: Expanded Tree Automaton ﬁb = (V,?,{S}) of a tree language
L(Gt)’ and input tree a'.
Output: d(L(Gt),a'), and transition table of a'.
<SUBTREE(Start)>
(a) SUBTREE(Start) = {(Xo,y) | £~ Xg» V € ERl)
(b) Add (Xy,n) to SUBTREE(Start) 1f f(X;) v X,
Y € FD, (Xl,n) ¢ SUBTREE(Start), then n = vy + .
(c) Add (X, ,n) to SUBTREE(Start) If f(X;,X,) ~ X,

y e FP, (X)) and (X,,m,) € SUBTREE(Start),

? then n =y + m ot T,
. (d) Whenever two or more items assoclated with the same
state. Delete items with higher costs.
<SUBTREE(X,8) >
(a) SUBTREE(X,8) = {(Xg,n) [ F(X) ~ X;, v € F", n =y + 6}
©ulx,e)l.
(b) Add (Xg,n) to SUBTREE(X,8) if f£(Y) ~ X , y ¢ F',
(Y,7) € SUBTREE(X,8), n =y + .
(c) Add (Xg,n) to SUBTREE(X,0) If £(Y,,Y,) ~ Xy, v ¢ F',
i (Y,»m) e SUBTREE(Start) and (Y,,,) e SUBTREE(X,8),
or (Yl,nl) ¢ SUBTREE(X,6) and (Y,,m,) ¢ SUBTREE(Start),

then n =y + Lt + 7,

= - p .—‘- - "‘wf“‘.':&xm

TRGT YOS NPT B Sodad
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(d) Delete redundant states.
Step 1. If rla(a)] = 0, a(a) = x, then
(a) (Xgm) 1s int 1F F (X) ~Xj, A eFU FSyF', for
all (X,m) in SUBTREE(Start), n = A + =.
(b) (Xo,n) is added to t_ If fx(XI,XZ) v Xgr XE Flj F>

V] F', (xl,n,) and (X ) € SUBTREE(Start),

DONE)
ne=2x+ ﬂl + ﬂz.
(¢) Delete redundant states.
Step 2. If rla(a)] =1, a(a) = x, then
2tep ¢
(a) (Xg,n) is int, 1F £ (Y) X A e FUF U F', for

all (Y,n) e SUBTREE (X,8) and (X,8) et  y» n =2+ m.

(b) (Xg,m) is added to t_ 1f £ (Y,,¥,) ~ X, A ¢ FU F>
UF', for all (Y ,m) e SUBTREE(X,6) and (Y,,m,)
e SUBTREE(Start) or (Y,,m) e SUBTREE(Start) and
(Yz,ﬂz) e SUBTREE(X,8) where (X,8) € to.e then
n =X+ L + Ty-

k- (c) Delete redundant states.

Step 3. If rla(a)] = 2, ala) = x, then

(a) (Xgom) s in g, §f £ (Y],¥,)) v X, A e FU Py F!

- for all (Y,,m) € SUBTREE (X,,6,) and (Y,,m) €
SUBTREE(X,,0,) where (X;,8) e t_ ; and (X,,6,) € t .o,
then n = A + T+ T,

(b) When x # ¥, add (X5,n) to t_ If £, (Y,,Y,) ~ 2,
0cFUF and f (2,2)) v Xg, A e FU F°, (Z,m)
e SUBTREE(Z,0), (Z,,n,) ¢ SUBTREE(Start), then

!

! t

) ; ]
m e N L
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(c) Delete redundant states.

Step 4. If (S,n) is in ty, then d(L(G.),a') =n. exit

For all states in Mb’ a table of minimal deleted trees is first com-
puted by the two subroutine SUBTREE(Start) and SUBTREE(X,6). (Xo,n) is
generated from subroutine SUBTREE(Start), if Xo=€%:=* ¥, and ¢ Is the
smallest subtree among all the possible derivations starting from non-

terminal X,. Similarly, (Xo,n) is generated from subroutine SUBTREE(X,0),

*
if X0=7?==¢ Yy, where X is the state of a frontier in ¢, and all the other
b

nodes in ¢ are labeled by terminal symbols. Furthermore, ¢ has the least
number of nodes among all the possible derivations. Steps (1), (2), and
(3) are formulated under the assumption that: (i) the trees represented
by the states of the immediate successor of the current node may be the
subtre; of the acutal derivation, (ii) there are one .or more subtrees

that may be deleted between the current node and the node right adjacent

b3
to it. For example, If rule X0 -+ | is aprlied at t,, but (X,0) ¢ to.ye
Y

then (Y,n) must be in SUBTREE(X,8). The other words, let B be the tree
represented by state X and abe the tree represented by state Y, then B
is a subtree of a, where nodes in o but not in B, are assumed to be
deleted, the cost of deletion Is -6 which is the minimum among all the
possible deletions. All the insertions are handled by transitions in

F| automatically.

Example 3.4. Recognition of Hand-Written Character E

Suppose a casually-written character E, as shown In Figure
3.23(a), whose binary tree representation a'* is shown in Figure
3.23(b), is to be recognized. The expanded tree automaton con-

structed from the tree grammar GE in Appendix D-1 is as follows:

—— -—
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Mg = (v,F,{s})

V = {s,U,8,U5,0,C, 11, I = {a,b,d,h,$,*},

-

F: f$ (US,D) ~nS, 0
f, (B) ~ Ug, O

fo (UB,D) ~B, 0

f, (C) ~ U, O
fd ~D, 0
f, (D) ~¢C, 0
£ fy (UB’D) ~nB, o y ¢ {a,d,h}
fy ~D, o y ¢ {a,b,h}
y ¢ {a,d,h}

D) ~ C,
fy (D) nC, o

F': f (B) ~ Ug, O

f (UB,D) ~nB, Y
f (C) ~Ug, O
faD, Y

£ (D) ~C, Y

fy (8) ~ B, 6
fy (p) »D, &
fy (c) ~c, ¢
y ¢ {a,b,d,h}
f, (1,8) ~ Ug, 0
fye (1,€) ~ Vg, O
fp, (1) v D, 0

i, (1) ~p, o y € {a,d,h}

r——
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£ (1,0) ~C, 0

f (1,0) ~nC, o y ¢ {a,d,h}

fi (Ug,0) ~ S, 0
fo (S,1) v5, 0
fy (S,1) ~S, 0
fr (Ug,1) ~ Ug, O
f, (Ug,D) ~ B, 0
f, (B,1) ~B, 0

fy, (8,1) ~B, 0
f, (B,1) ~ 8, © Y
fy (Ug,1) ~ Ug, O
f, (D) ~cC, 0
f, (c,1) ~c, 0
fb (c,1) ~c, 0
fy (c,1) nC, o y
fy (1)~ 1, 8 Yy
£,0,1) N, 6 y
fy ~l, § y
h $
a d
b d
(a)

Figure 3.23 Distorted Character E (a)
Representation a'* (b).

{a,d,h}

[y}

¢ {a,d,h}
¢ {a,b,d,h,*}
¢ {a,b,d,h,*}

{a,b,d,h}

[y}

*/i\é
A

d

o— oT—%

(b)

and its Binary Tree
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Using the GECTA, the transition table of a'* is iliustrated in
Figure 3.2k (a) and (b). From Figure 3.2k (b), since (S, 0 + 6 + 1Y) is

in t;, we have d(L(6),a') = o + 8 + v.

3.4.3 An Illustrative Example on Character Recognition

A classic example, the hand-printed chracter recognition problem, is
given in this section to illustrate the operation of GECTA. Input
characters are assumed to be digitized patterns in a 16 x i6 format.
After chaln coding [77] and primitive extracting, input patterns are
transformed into their corresponding tree representations. Grammars for
sample characters are given; hence, GECTA's are constructed. Input
patterns are then analyzed by the GECTA's and classified based on the minimum-
distance criterion.

An example of input pattern is shown in Figure 3.25 (a). Assume
the leftmost of the top row to be the starting point. From the starting
point, the input pattern is chain coded point by point. The successor
point is coded as A, B,..., or H according to its relative position to
the current node. The resuiting chain code is shown in Figure 3.25 (b).
in Figure 3.25 (b), the point iabeied as "I'" is the starting point. The

majority code in a continuous iine segment consisting of eight coded

A e N st i et

points is selected as the primitive of that line segment. Primitives

|

selected by this method approximate the primitives defined in Figure
3.20. When a line is terminated or branched before it counts to eight
points, the short line, if longer than two points, will be considered
as a normal iine segment; thus, a primitive. Otherwise, the line is

neglected. The binary tree representation of pattern E Is given in

Figure 3.25 (c). The leftmost | of each strings in the column entitled
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Y
% - uS B Ug - C
X
Start Ly 4y 2Y 2y

Ug 0 - - -
8 0 0 - -
UB 2Y 0. 0 -
c 2Y 2Y 0 0
D 3y 3y Y Y

(Y, 7) € SUBTREE(X, 6)

(a) Table of Minimal Deleted Trees
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0.1
(1, 6)

(c, o)
(U, o + 3 Y)
(Usy g + Y)

(S, o + 8 +¥)

$

Sl

7rf;

toe141
(8, o + 3 )

(C, o +¥)
(1, 8)
(0, o)

toe2
(1, % 5)
(C, o + 2 8)
(8, o)
"”"," a IK\\‘
t0.2.2
(8, o + 3 )
(C, o +¥)
(1, 8)
(p, 0)

1Eh

I

toe21e101
(B,'U + 3 Y)

(€, o +7v)
(1, 8)
(p, 0)

ik

(b) Transition tatle of a'#

Figure 3.24 The acceptance of a'* by GECTA
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as "tree domain'" corresponds to the identify of U in Definition 3.1.
The rest of the symbols in the string are added according to Definition
3.2, Therefore, i, 11, 12, 111,-=- etc. in Figure 3.25 (c) corresponds
to tree domain 0, 1, 2, 1.1,~-~--,etc. by Definition 3.2.

Five characters, A, C, D, E, H, are used in this experiment. The
assumed sample patterns for each of the five characters and their tree

representations are shown in Figure 3.26., Their respective tree grammars

5' _ are given in Appendix D.1.
A totai of 26 patterns, casualiy or meticuiousiy printed characters,

. are tested. Assume that o =y = § = 1. The input patterns, their tree

representations, as weli as ciassification resuits and their distance
1 from the assigned sampie pattern are given in Appendix D.2. The entire
I recognition scheme is programmed in Fortran IV on a CDC 6500 computer.
The cpu time used for chain coding and generating tree representation
of each input is given under the title 'time used for iinking a tree."

The actual recognition time is designated as "Time used for parsing.'! The

average recognition time is 4.1 sec. per character.

These 26 test patterns are also processed by the (non-error-correcting)

——— T

tree automata constructed respectively for grammars GA’ Gc, GD, GE’ GH

vy

‘ given in Appendix D.i. Evidently, a pattern is acceptable oniy when its
distance from a sampie pattern is zero (see Appendix D.2). Therefore,
only six out of the 26 test patterns are recognlzabie. The processing
time is .012 sec. per character (average over the six recognizable patterns).
Compared with their corresponding non-error-correcting schemes, error-
correcting tree automata have the potential of recognizing highly noisy

and distorted patterns. The trade-off is the processing efficliency.
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Using the techniques suggested in Section 2.4.3 can certainly reduce the
processing time significantly.

When a large set of training samples, Including noisy and distorted
patterns, is available, a pattern grammar inferred from these samples
will reliably represent its corresponding pattern structure. A con-
ventional (non-error-correcting) syntax analyzer can thus perform
recognition tasks satisfactorily. On the other hand, when the number
of training samples is small, a pattern grammar inferred is usually very
poor in describing the actual paftern structure. A conventional syntax
analyzer designed accordiné to the inferred grammar may often reject
(noisy) patterns that should be accepted. In such a case, an error-
correcting syntax analyzer, such as the proposed ECTA, could certainly

recognize (or accept) these (noisy) patterns by using the minimum-

distance criterion.
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CHAPTER &4
CLUSTERING ANALYSIS FOR SYNTACTIC PATTERNS

4.1 Introduction

In statistical pattern recognition, a pattern Is represented by a
vector, calied a feature vector. The simiiarity between two patterns can
often be expressed by a distance, or more generally speaking, a metric
in the feature space. Cluster anaiysis can be performed on a set of
patterns on the basis of a selected similarity measure [3]. In syntactic
or tinguistic pattern recognition [5], a pattern Is represented by a
sentence in a language. The sentence could be a string, a tree, or a
graph of pattern primitives and relations. The emphasis of such a
representation Is on the structure of patterns which Is described by the
syntax of a language. A similarity measure between two syntactic patterns
must Include the simitarity of both their structures and primitives.

In Chapter 2 and Chapter 3, we have proposed distance measures for strings
and trees, which leads to the study of ciustering analysis for syntactic
patterns.

The conventional clustering methods, such as, the minimum spanning
tree, the nearest (or K-nearest) neighbor ciassification rule and the
method of clustering centers can be extended to syntactic patterns. We
shaii briefly describe the extension In Section 4.2. An iilustrative
exampie using a set of character patterns are presented in Section 4.3.

The studies described In Section 4.2 and Section 4.3 are mainly

on the pattern-to-pattern basis. An input sentence (a pattern) is
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compared with sentences In a formed ciuster, one by one, or with the
representation (ciuster center) of the cluster. In Sectlon 4.5 we shail
use the distance measure between a sentence and a {anguage proposed in
Chapter 2. The proposed ciustering procedure is combined with a
grammatical Inference procedure and an error-correcting parsing technique.
The idea is to model the formed cluster by Inferring a grammar, which
implicitly characterize the structural identity of the cluster. The
language generated by the grammar may be larger than the set consisting
of the members of the cluster, and inciudes some possibie similar
patterns due to the recursive nature of grammar. Then the distance between
an input sentence (a syntactic pattern) and a language (a group of
syntactic pattern) is computed by using a ECP (error-correcting parser).

The recognltion is based on the nearest neighbor ruile.

h.2. Sentence-to-Sentence Clustering Aigorithms

4.2.1. A Nearest Neighbor Classification Ruie

Suppose that CI and C2 are two pattern sets, represented by sentences

i 1 202 2
,...xnl } and X2 - {xl "Xy ,...,xn2 } respectiveiy. For an

unknown syntactic pattern y, decide that y Is in the same class as Cl if

x' = {x' I ’xz

in d{( l.y) < min d(x,2,y);
mjn Xj ‘C ‘a

and y Is In class C2 if

m}n d(le,y) > min d(xzz,Y)- (4.1)

In order to determine min d(xj',y), for some I, the distance between

J

y and every element in the set Xl have to be computed individualiy. The

e
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string-to-string correction algorithm proposed in [26] yieids exactly
the distance between two strings defined in Definition 2.4. We shall
briefly describe the algorithm in Appendix G.1.

The nearest neighbor classification ruie can be easily extended
to the K-nearest neighbor rule. Let ii = {;' ,;zi,...;In } be a
reordered set of X, such that d(;ji,y) < d(;(‘e'i ,y) I€F <I£, for ali
t <], lf_ni, then

c

decide ye C

'rffld( )<§ld(;2) (4.2)
3 jsl K xj Y > j-] K j Y .

We shail describe a clustering procedure in which, the classification

of an input pattern is based on the nearest (or K-nearest) neighbor rule.

Algorithm 4.1

input: A set of samples X = {x,,xz,...,xn} and a design parameter,
or threshold, t.
output: The partition of X into m clusters, CI’CZ""’cm'
Method: |
Step 1. Assign X to CI, Jj=1, m=l,
Step 2. Increase j by one. if D= m}“d(xzi,xj) is the minimum,
1 <i<m, and
(i) D < t, then assign X; to C,
(ti) D > t, then initiate a new cluster for Xgs and i
increase m by one.
Step 3. Repeat Step 2 until all the elements of X have been put |

In a cluster.

" ..»_‘— \,_.””\*\.-.TA -
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Note that, in Algorithm 4.1, a design parameter is required. A
commonly used clustering procedure is to construct a minimum spanning
tree. Each node on the minimum spanning tree represents an element in
the sample set X. Then partjition the tree. Actually, when the distances
between all of the pairs, d(x',xj), Xps Xj € X, are available, the
algorithm for constructing minimum spanning tree is the same as that
where X Is a set of feature vectors In the statistical pattern recognition

[94]. The algorithm is given in Appendix G.2.

§,.2.2. The Cluster Center Techniques

Let us define a B-metric for a sentence xjl in cluster Ci as follow,

L n{' dix,,x,") (.3)
U TR - I
Then, xj' is the cluster center of Cir If le = ﬁé" {Bgil' <l < n;t

' Is also called the representation of C,, denoted A

i’ i*
The following clustering algorithm is given in [94].

%

Algorithm 4.2

input: A sample set X = {XI’XZ""Xn}'

Output: The partition of X into m cluster

Step 1. Let m elementsof X, chosen at random, be the 'representation"
of the m clusters. Let them be called Al’ AZ""’Am'

Step 2. For all i, X; € X Is assigned to cluster j, iff
d(Aj,x') is minimum.

Step 3. For all j, a new mean AJ Is computed. Aj is the new
representation of cluster j.

Step 4. If no Aj has changed, stop. Otherwise, go to Step 2.
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4,3, An Illustrative Example

4,3.1. Data Preparation

A set of Engiish characters is used to illustrate the proposed
clustering procedure. There are 5] characters from nine different
classes: D, F, H, K. P, U. V, X, and Y. Eight of the nine classes are 4
selected from four groups, each with characters of similar structure; i
that is, D and P, H and K, U and V, and X and Y. The class of character
F is different from the other eight classes. Each character is a
continuous line pattern on a 20 x 20 grid as shown in Figure 4.1(a).
Starting from its lower left corner, each input pattern is chain-coded
[77] cell by cell by a subroutine. Each successive cell is coded as A,

B, C, or D according to its position relative to that of the current

one. After three consecutive cells have been coded, a pattern primitive 1

] of this line segment is extracted.

(a) Primitive and Subpattern Extraction

8 Four pattern primitives which are line segments with four different

orientations,//;,

are reduced to primitive a, b, or d, respectively. A primitive

b.\\f, -11-, are selected. For example, ABA, CCA, or ADD

extraction subroutine PRIMITIVE is constructed and several typicai results
! from the subroutine are shown in Figure 4.2. In the meantime, the chain-

code subroutine searches for singular points of the input pattern for

segmentation purposes. Coordinates of the singular points at two ends
of a line segment (called a branch) are then recorded. For example,
the chain-coded result for the character P shown in Figure 4.1(a) is
given in Figure 4.1(b), in which the symbol "'S" represents singular

points. From Figure 4.1(b), the pattern has three branches, which,
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together with the coordinates of their end points, are shown in Figure 4.1(c).

i Each branch is a subpattern, and the three branches consist of primitive
X strings bbb (Branch 1), b (Branch 2), and dddbdd (Branch 3), respectively.

(b) String Representation

From the recorded coordinates of starting and terminating points
(tail and head) of each branch, the subroutineCONCATE determines con-
! catenation relations between branches. Following Shaw's PDL [95],
three concatenation relations, +, x, *, and the parentheses ( and ) are
used. However, * is used Here primarily for the situation of a "self loop';
that is, a branch of which the head and the t;il coincide. in such a
case, the notation (B)* is used where B is the branch. The priority of
the three concatenation relations follows the order of *, x, and then
E +. Consequently, redundant parentheses are eliminated. For the character
P in Figure 4.1(a), the concatenations of branches are expressed as
BRANCH 1 + (BRANCH 2 + BRANCH 3)*., The final string representation in
terms of pattern primitives is bbb + (b + dddbdd)*. Simiiarly, the
character K in Figure 4.3 is represented by BRANCH 1 + BRANCH 2 x BRANCH 3 x

;“ BRANCH 4, and finally by a string of primitives b + bbbxaaxbc.

The 51 chain-coded patterns with their pattern numbers which represent

input sequence are shown in Figure 4.4, The string representations

i

extracted from subroutines, CHAiIN-CODE, PRiMiTIVE and CONCATE, are also

listed in Table 4.1,

4.3.2. Experiments
(a) The Distance

el dhi Lt e 1 b i

The proposed distance measure is performed on the linguistic

representations of pattern (sentences), rather than on the pattern

A
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Pattern Pattern

No. String Representation No. String Representation
] bbb+ (b+dddbdd)* 27 bbb+ (dx(b+dd) ) xdd
2 aaa+cddxaaxcbb 28 bb+cbxaaa

3 (bbb+ddcbaa) * 29 bb+bbxddd+axbb

] cbbbxdabbbb 30 baa+bbxaaxcc

5 bb+(b+dd) xd 31 ba+abxdd+axbbb.

6 bbbb+ccxbb 32 aa+ccxaxc

7 (bbb+dxddcbbaa) * 33 bb+(bb+dxddcaad) *
8 Ba+bbxaaxcc 34 bb+bbxa+axcb

9 aaa+cxaaxb 35 bb+(bb+d) xdd

10 b+bbxdddd+bbxb 36 cbbxdaabb

n (bbb+dxddbbad) * 37 ba+bcxaa

12 bb+(bb+d d) xd 38 aa+ccxaaxcc

13 cbbbxabbba 39 bb+(bb+dd) xdd

14 bb+bbxaaxcc 4o (bbbbb+dddcbaad) *
15 bbb+cxaa L] dab+cbxba

16 cbbxda+bbxb : k2 bb+(b+ddd) xd

17 bb+bbbxaaxbcc h3 bbb+cxa

18 bb+(bbb+dddbaa) * ki b+dxabxdd+bxbb

19 b+bbbxd+bxdxb ks (bb+ddcbdd) *
20 aa+cbxaaxcc 46 aa+cxaaxcc
21 bbb+ (bbadcbad) * &7 bbb+ddaabcddd
22 bbbxddabb 48 bbbxda+bbxb

23 bbb+bcxaa 49 baa+ccxbbxccc
24 b+(bb+ddcbad) * 50 ba+bxa+abxbbb
25 b+bbbxaaxbc 51 cbbxdabbbb

26 bbbbbxabaa

Table 4.1 The 51 character patterns and
thelr representations
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themselves. Consequently, whether the model yieids a good measurement

is a matter of choosing representations. Figure 4.5 illustrates a couple

of exampies. In Figure 4.5(a) the distance between the two K's is |
smailer than a K and an X. Simifariy, in Figure 4.5(b) the distance |
between a U and a distorted U, 'tA',is stiil smaller than the distorted

U and a H.*

(b) A Minimum Spanning Tree

Using algorithm in Appendix G.2 the minimum spanning tree for the 5i

characters is constructed and shown in Figure 4.6. The true clusters

i Sl —— .l ——

are circied on the tree. .

(c) The Ciustered Results Using Algorithm 4.1

The results of ciustering based on K-nearest neighbor classification

rule are given in Figure 4.7, Figure 4.8 and Figure 4.9 when K=i and
t=6, K=3 and t=6, K=3 and t=6.5 respectiveiy, where t is the preset
threshoid. The case that K=1 is the same as that using the nearest
neighbor rule. .

(d) The Ciustering Results by Computing Cluster Centers.

The clustering procedure given in Algorithm 4.2 does not require
a preset parameter. Let the algorithm be Initiated by choosing the

first nine input patterns; patterns 1 to 9 as the representations of

O
vy

I the 9 classes. The procedure becomes stable after three iterations. The
results of all the iterations are given in Table 4.2. The finai clusters
are shown in Figure 4.i0. The representation of each formed cluster 1s

marked with a square.

*
In this section, all the experiments use unweighted distance. However,
we exclude the possibility that a primitive namely, a, b, ¢, d, can not
substitute a relation symbol, namely, +, x, *, (, ), and vice versa.
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Figure 4.6 The minimum spanning tree
of the 51 character patterns
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Figure k.7 The result of using K-nearest nelghbor recognition
rule ~ Kel, te=b




140

/:Is\-—zs\ -2
NN
// 43 \\ 37
]

Figure 4.8 The result of using K-nearest nelghbor recognition
rule - K=3, t=f
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Figure 4.9 The result of using K-nearest neighbor recognition
- rule = K=3, t=6.5
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cluster | 2 3 4 5 6 7 8 9

representation | Z 3 ] 5 6 7 8 9

21 18 10 12 15 11 1 2
33 26 13 27 19 17
0 16 35 23 25
ks 22 39 26 28 I
29 42 W 30 1
3 43 32 :
36 34
(11 37 :
47 38
48 i6 . ]
51 49
50

(a) the flrst lteration

cluster 1 2 3 4 5 6 7 8 9 : 1

representatlon 21 2 3 22 39 15 11 8 20

WS L

1 9 7 4 5 6 W 38
24 18 10 12 23 17 46
33 b 13 27 26 25 49
45 16 35 28 30
19 k2 3 32
29 i 34
31 43 50
36
i
47
48
51

(b) the second lteratlon

Table 4.2 The three lteration results
using Algorlthm 4.2
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Table 4.2 Continued

cluster I 2 3 4 5 6 7 8 9
representation 24 9 3 22 39 15 11 8 38
1 2 7 b4 5 6 i 20
21 46 18 10 12 23 17 49
33 ko 13 27 26 25
b5 16 35 28 30
19 42 37 32
29 b 3h
31 L3 50
36
Lk
k7
48
51

(c) the third iteration
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Figure 4.10 The result of classification according
to clustering centers
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(e) Remark

From the experiments described in (d) and their results, the main
weaknesses that exist in conventional clustering algorithms are also z
unavoidable when data are in the form of sentences. These weaknesses
are; (1) the requirement of thresholds of somewhat arbitrary nature,
(2) the requirement of large memory, for example, tables of n(n-1)/2
if the sample set, X, has n objects, and (3) the chain effect. However,

the chain effect could be improved by using a weighted distance.

4.4, A Proposed Nearest Nelghbor Syntactic Recognition Rule

With the distance between a sentence and a language defined in
Chapter 2, we can construct a syntactic recognizer using the nearest
(or K-nearest) neighbor rule. Suppose that we are given two classes
of patterns characterized by grammar Gl and G,, respectively. For an é

unknown syntactlc pattern y, decide that y is in the same class as

L(Gl) if
d(L(G;),y) > d(L(G,),y)
and decide that y Is in the same class as L(Gz) if,

d(L(G,),y) > d(L(G)),y) (4.4)

The distance d(L(GI),y) can be determined by a minimum-distance ECP
constructed for Gi' Consequently, a grammatical inference procedure
is required to infer a grammar for each class of pattern samples. Since
the parser also gives the structural description of y, the syntactic

recognizer gives both the classification and description of y as its %

output. We shall summarize the procedure in the following algorithm.
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Algorithm 4.3

Input: m sets of syntactic pattern sampies

X; = {x",le,...,xn I}, e s X = {x'm,xzm,...,xn )
and a pattern y wlthlunknown ciassification. "

OQutput: The classification and structural description of y.

Step i. infer m grammars GI’GZ""’Gm’ from XI’XZ""’Xm’ respectively.
Step 2. Construct minimum-distance ECP's, EI’EZ""’Em for

GI’GZ""’Gm’ respectiveiy.

Step 3. Caiculate d(L(Gk) ,y) for aii I =1,...,m. Determine £

such that

d(L(Gy),y) = ™" d(Lle,),y)

y is then classified as ciass £. in the meantime, the

structural description of x can be obtained from EL'

4,5, A Ciustering Procedure for Syntactic Patterns

L.5.1. The Aigorithm

Using the distance defined in Chapter 2 as a similarity measure

between a syntactic pattern and a set of syntactic patterns, we can

R - perform a cluster anaiysis to syntactic patterns. The procedure again

: invoives error-correcting parsing and grammatical Inference. In contrast

* to the neérest neighbor ruie in Section 4.4 which uses a supervised

inference procedure, the procedure described in this section is basicaily
non-supervised. When the syntactic pattern sampies are observed sequentialiy,

a grammar can be easiiy infered for the sample observed at each stage

of the clustering procedure. We propose the following cliustering procedure

for syntactic patterns:
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Algorithm 4.4
input: A set of syntactic pattern samples X = {xl,xz,...,xn}

where X Is a string of terminals or primitlves. A threshold t.

Output: The asslgnment of Xy i=1,...,n to m clusters and the

grammar G(k), k=1,...,m, characterizlng each cluster.
Method:
Step 1. Input the flrst.sample Xy infer a grammar Gl(l) from |
xp L6, 1) Dtx 3. !
(1) (1) i
Step 2. Construct an error-correcting parser El for Gl |

El(l) to determine whether

Step 3. Input the second sample Xy use
or not X, is similar to X by comparing the distance

between L(GI(I)) and x,, i.e., d(xz,L(Gl(l))), with a

2’

i o i

threshold t.

(1) 1f d(x ,L(Gl(l))) < t, x; and x, are put Into the
(1)
2

same cluster (Cluster 1). Infer a grammar G
from {xl,xz}.
(n) if d(xz,L(Gl(l))) > t, Inltlate a new cluster for
A (2)

Xy (Cluster 2) and infer a new grammar G)

R ey L E o

from

Xy tn thls case, there are two clusters characterized

(2)

by Gl(l) and Gl , respectively,

ty vy

Step 4. Repeat Step 2, construct error-correctlng parsers for
3 Gz(l) or GI(Z) depending upon d(xz,L(Gl(l))) < tor

d(xz,L(Gl(l))) > t, respectively.

E Step 5. Repeat Step 3 for a new sample. Untll all the pattern
samples are observed, we have m clusters characterized
by G (I), G (2),...,6 (m)’ respectively.

M ) m

2k Naaa ’ -
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The parsers (non-error-correcting) constructed according to

(M, @ (m)

E 5 ,...,Gn could then form a syntactic recognizer directiy
i 2 m

for the m-class recognition probiem,

G

The threshoid t is a design parameter. |t can be determined from

a set of pattern sampies with known ciassifications. For exampie, if

(1)

we know that the sampie X; is from Ciass 1 characterized by G and the

(2)

sampie X is from Ciass 2 characterized by 6'“’, then t < d(x‘,xj).

Or, more generaily speaking,

t<nm{dud%mp.duw“ﬂﬁ)} (4.5)

(I)’G(Z) (m)

For m ciasses characterized by G seseyG , respectiveiy, we can

choose

t < Hin (a6 x%)y 3, kp 2 (4.6)
K, :

(k) is a.pattern sampie known from Class k and L(G(L)) is the

where x
grammar characterizing Ciass £ (£ # k). If the above required information
- is not availabie, an appropriate vaiue of t wiii have to be determined

on an experimental basis untii a certain stopping criterion is satisfied

(for exampie, with a known number of clusters).

4.5.2 An Experiment

Let the same set of pattern sampies used in Section 4.3 be tested

by Algorithm 4.4, The subroutines of finding string representations
for the 5i character patterns are stiii used here. in addition, we wiii

have subroutines for grammatical inference and error-correcting parsing.
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(i) Grammatical Inference (Steé i, 3, and 5 in Algorithm 4.4)

By comparing Its distances to existing ciusters with a threshold t,
an Input pattern sample Is assigned to an existing cluster or a new
cluster. In either case, a grammar Is first inferred for the singie
input sample. The Iinferred grammar Is then merged into the grammar
(by merging their productions) characterizing the assigned cluster.

The subroutine REDUCE combines productions of the two grammars, removes
identical productions, and unifies nonterminais. To use a simple
inference procedure, Input sampies are assumed to be generated by finite-
state grammars. However, non-seif-embedding context-free productions

are used to describe concatenation of branches. Each branch Is described
by finite-state productions. For the character P shown in Figure 4.1,
the Inferred grammar is given in Table 4.3.

(2) Error-Correcting Parser (ECP - Step 2 and 4)

The error-correcting parser used in this exampie is the MDECP given
in Algorithm 2.1 and 2.2. Certain realistic assumptions are made to
reduce the number of error productions. For exampie, we do not aliow
a substitution error that occurred between a, b, c, or d and +, x, *,
(,or). Aiso, the concatenation symbol + or x cannot be Inserted at
the end of a string.

A simpiified fiow chart for the compiete experiment is given in
Figure 4.11.

(3) Experimental Results

Foilowing the clustering procedure described in Section 4.5, three

experiments were performed: (i) using unweighted (Levenshtelﬁ) distance

with threshold t = 3, (ii) using unweighted (Levenshtein) distance with
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(0)
6, b (VysVysPsSp) %

Ve " {so,BA,KA.BC,EA,EB}
v‘r- {(o +, X, *o )0 b, d} | ]

P: Sb-’BA-l-KA* ) 1

KA+ ( BA + BC)

BA -+ b BA 4
BA+ b |

BC - d BC

BC + dEA

EA+ b EB

EB + d EB

EB+ d

(0) n n, ng ny ‘ .
L(G' )={b +(b“+d°bd )*Inl’nZ’nB’nh are positive Integers}.

Table 4.3 An inferred grammar for pattern 1.
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: ¥
Input pattern i
In 20 x 20 grid

|

call
CHAIN-CODE

|

call
PRIMITIVE

!

call
CONCATE (x,)

number of pattern samples
input sequence
current number of clusters

the closest cluster for
input i

assigned cluster for
input i

D: D =dlx.,L(6. , ) f
i i"j i
t: threshold i
call
€cP (j, D)

Where G - {V|.£|.P|.ss} Is the reduced grammar equivalent to

6, Nue, @y ... ygM™
t, 1, Y I

Flgure 4.11

Flow chart of the clustering Algorithm 4.4
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threshold t = 4, and (111) using welghted distance with threshold t = 3.
The results of clusterlng analysis are listed In Table 4.4, In Table 4.4
\ pattern samples are grouped accordIng to the clustering result of the‘ |
experliment (i11); pattern numbers In the flrst column correspond to those
listed in Figure 4.4. The number in the parentheses of the last column :
in Table 4.4 represents the weighted dlstance between the pattern and
the most similar cluster; that is, the cluster to whlch the pattern
is assigned.
For Experiment (1), there were 11 clusters formed. Pattern 18 was
not assigned to the same clﬁster with other character P's, and Pattern 27
\ was not assigned to the same cluster wlth other F's. For Experlment (ii),
t was Increased from 3 to 4, only 7 clusters were formed. Both Pattern 18

and Pattern 27 were correctly clustered. However, all the X's and the

K's were assigned to the same cluster. In both experiments, Patterns 13,
26 and 47 were not correctly clustered. For Experiment (iil), 10 clusters
were formed; all the patterns except Pattern 47 were correctly clustered.
The welghts associated with each error productions used in the experiment
are given in Table 4.5.

| The final inferred grammar Gn, n = 51, from the third experiment,
is llsted in Table 4.6. The grammar is the union of the inferred grammars

¢ ¢M @ O yonterntnals

© M

for each cluster; namely,
So, Sl’ Sz,---,S9 In the grammar are the start symbols of G
G(z),---,G(g), respectlvely. In order to carry out the parslng for

all clusters uslng a single parser, we merge all the productions orlginated
f rom So, Sl,---,s9 into a slngle grammar GSl by addlng productlons SS -+ SO’

§S »+ S, ,-=~,55 » S9 where SS is the start symbol of GSI'

1
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Pattern String True Unweighted Weighted
No. Representation Character t=3 t=h t=3

1 bbb+ (b+dddbdd) * P (] 0 o(-)
18 bbb+ (bbb+dddbaa) * P 0 0 0(2.2)
21 bbb+ (bbadcbad) * P 8 0 0(3.0)
24 b+(bb+ddcbad) * P 0 0 0(1.5)
33 bb+(bb+dxddcaad) * P 0 0 0(1.5)

2 aaa+cddxaaxcbb X 1 1 1(-)

9 aatccxaxc X 1 1 1(1.5)
20 aa+cbxaaxcc X 1 1 1(0.6)
32 aaatcxaaxb X 1 1 1(1.0)
38 aa+ccxaaxce X 1 1 1(0.)
46 aa+cxaaxcc X 1 1 1(0.)
49 baat+ccxbbxcc X 1 1 1(2.7)

3 (bbb+ddcbaa) * D 2 2 2(-)

7 (bbb+dxddcbbaa) * D 2 2 2(1.0)
1 (bbb+dxddbbad) * D 2 2 2(1.5)
Lo (bbbbb+dddcbaad) * D 2 2 2(1.0)
L5 (bb+ddcbdd) * D 2 2 2(0.9)

4 cbbbxdabbb U 3 3 3(-)
16 cbbxda+bbxb u 3 3 3(2.0)
22 bbbxddabb U 3 3 3(0.5)
36 cbbxdaabb ] 3 3 3(0.)
L8 bbbxda+bbxb U 3 3 3(0.5)
51 cbbxdabbbb U 3 3 3(0.)

5 bb+(b+dd) xd F 4 L L(-)
12 bb+(bb+dd) xd F 4 4 4(0.)
27 bbb+ (dx (b+dd) ) xdd F 9 4 4(2.0)
35 bb+(bb+d) xdd F L 4 4(0.)
39 bb+(bb+dd) xdd F 4 4 k(o.)
42 bb+(b+ddd) xd F L A 4(0.)

6 bbbb+ccxbb Y 5 5 5(-)
15 bbb+cxaa Y 5 5 5(2.0)
23 bbb+bcxaa Y 5 5 5(0.9)
28 bb+cbxaaa Y 5 5 5(1.0)
37 ba+bcxaa Y G 5 5(1.0)
L dab+cbxba Y 5 5 5(2.9)
43 bbb+cxa Y 5 5 5(0.)

8 ba+bbxaaxcc K 6 1 6(-)
14 bb+bbxaaxcc K 6 1 6(0.9)
17 bb+bbbxaaxbcc K 6 1 6(0.9)
25 b+bbbxaaxbc K 6 1 6(0.)
30 baa+bbxaaxcc K 6 1 6(0.)
34 bb+bbxa+axch K 6 1 6(1.6)
10 b+bb xdddd+bb xb H 7 6 7(=)

Table 4.4 The result clusters of the 51 characters




Table 4.4 Continued

T TR TR W

> Pattern String True Unweighted Welghted
\ No. Representation Character t=3 t=4 t=3
19 b+bbbxd+b xdxb H 7 6 7(1.5)
: 29 bb+bbxddd+axbb H 7 6 7(1.0)
3 ba+abxdd+axbbb H 7 6 7(2.0)
Ly b+dxab xdd+bxbb H 7 6 7(3.0)
50 ba+bxa+abxbbb H 7 6 7(3.0)
; 13 cbbbxabbba v 3 3 8(-)
| 26 bbbbb xab aa v 5 5 8(0.5)
47 bbbxddaabcddd D 10 7 9(-)

>
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’: Rule
i ' E,* a
f E - b
a
B E +»c¢c
a
r E. +d
a
Ea + aEa
! Ea -+ dEa
X E_ + 4E
a a
i l E -+ xE
3 a a
E »2
a
Eb +b
Eb + a
Eb‘» c
Eb + d
Eb+aEb
Eb->bEb
Eb - dEb
Eb -+ +Eb
Eb > be
Eb + A
E -»
c
] E o
(]
E - bE
c c
Ec +> cEc
3 E +2
4 c
Ed + d
Ed + a
Ed+b

Table 4.5 New rules added
to the original
grammars '
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Weight

9
2.0
1.0
0.
0.5
0.6
0.5
0.9
0.
1.0
0.6
1.5
1.0

1.0
1.0
1.0
0.5
0.

1.0
0.9

0.5
0.

1.2
2.0
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Table 4.5

Rule

E,+C
E, » dEd
E -»xEd
E, > A

a o A

+
X a X
m_m
x X

[
m

m m m m m
+ 4+ X X X o

+ ¥ ¥+
+
+

m
b

m
* +
+
%

m
~
+
~—

Ey > JE

m
—
+
—

E( Ve dE(
E( S XE(
B~ (&
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Continued

1.0
0.5

0.
0.5
0.
0.5
0.5
0.5
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|
!

fi ekl

Ge (V Vp ,P,SS), where
. N {XY|X and Y are alphabets}u{s It = 0.1,...,9} - 1
3 o= {8, by co dy 4y x, * » )} 1
P: 1 ss + S, 26 s3> KD
2 Sg > BA + KA * 27 KD + BG x BK
3 KA+ ( BA+BC) 28 BK+dEI
x 1} BA + b BA 23 El + a BA
5 BA + b 30 .Ss-os‘
| 6 . BC +d BC 3 Sy~ BA+ KF
7 BC + d EA 32 KE + ( BA + EB )
8 EA - b EB 33 KF + KE x EB
9 E8 + d EB EL $S + S
10 E8 + d 35 Sg + BA + KG J
n $S + S, 36 KG + BQ x BA
12 Sy *+ BD + K8 x BG 37 BQ + c BQ
13 K8 -+ BE x BD 38 8Q + ¢
1) BD + a BD 39 Sy + KH *
15 BD + a 8 . KH + ( BA + EB x Bl )
16 BE~+cEB M EF+bEF |
17 8G + c BA a2 $S + 5, ‘
18 sS » S, a3 Sg + EF + KI x BQ :
19 S, +KC* M Kl +BA x BD
20. KC -+ (BA +Bl) S S, + B0 + KJ x BA ;
21 81 + d BI 3 KJ + BQ x 8D ]
22 Bl +dEE M ssas, o ]
23 EE + ¢ EF A8 S7¢BA+KK+KL |
2k EF + b 80 A9 KK + BA x EB
25 s + S5 50 KL + BA x BA
Table 4.6 The grammar GSI ' %




F A 51
E 52
53
E 5“
55

- 56
57

| ss
i 59
60

| 61
| 62
: 63
' 6h
65
66
67
68
69
70
7
72
73
7h
75
76
77
78
79

P

81

Table 4.6 Continued

Sz-rKH*

KM - ( BA + EB x BR )
BR -+ d BR

BR - d EG

EG + b EG

EG + b EH

EH +~ a EB
SS+88

58+KN

KN + BG x BS

BS » a EF

Sg + BA + KI x BQ
SS+BA+KJ
S3+KO+KL

KO + BG x BT
BT - d BD

56+BA+KI‘xBU

BU - b BQ
s°+8A+KP*
KP - ( BA + BV )
BV - d BV

BV + d EF
S7+BA+KK+KKxBA
SI+BD+KJxBQ
So+8A+KR*
KR + ( CA )
CA+b CA

CA +b EI

El +a EJ

EJ + d EK
EK + ¢ EG

82
83
84
85

87
89

91
92
93
9k
95
96
97
98
99
100
101
102
103
104
105
106
107

-108

109
110
m
112

$3+KS

KS -+ BA x
BK - d BK
SS+BA+
KT + BU x
So-rBA+
Ku-+ ( BA
£EJ +d EJ
Ss-vl(\vl

KW + BA x
S‘.+BA+
KY + ( EB
KZ + KY x
SS+BA+
MA + BG x
S7+BA+
MC + BD x
S7+EF+
MD -+ El x
SI*BD+
So-rBA+
ME -+ ( BA
B +d CB
CB -+ d EL
EL + c EH
EH + a EH
56+BA+
MF -+ BD x
El - a EI
S_ > EF +
5

S, ~BD +

1

BK

BD
KU *
+ EJ)

BS

KZ

x KE )
EB

MA

BD

KK + MC
BA

MD + MC
EB

MA x BQ
ME *

+ EB x CB )

Kl + MF
BG

KT
KJ x BQ




Table 4.6 Continued

13
14
115
116
17
18
; 19
120
- 121
122
. 123
124
125
126
127
128
: 129
[ 130
131

132

B’ 133
- 134
! 135

1 136
137

_ 138
' _ 139
| 140

P

SZ*KU*

Ss*Bl(d-HG
MG +~ BG x EF
Sh*BA-l-M_H
MH - KE x EB
SS+BA+MI

Ml + BQ x BD

S7*BA+HJXEB+MK

MJ »+ EB x El

MK + BA x BA
SZ*HL*
ML+ ( BA+ CC)
cC ~d CC

CC ~ d EN

EN + c EA
SS*SS'

89+MM

MM + BA x CD

cb +d CD

Ch ~d EQ
EQ ~ a EQ
EQ+ a ER

ER =+ b BE
Ss*HN-l-KL

MN + BA x BT
S]*EF-FIKGxBQ
S, = EF + KI + MP

7
MP + El x BA
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4.6. Conclusions and Remarks

In Sections 4.4 and 4.5, we have demonstrated that, by using an
error-correcting parser, the distance between a syntactic pattern and
a group of syntactic patterns can be determined. Such a distance can
be used for the nearest neighbor recognition and the cluster anailysis
for syntactic patterns. Essentiai parts in both applications include
grammatical inference and error-correcting parsing. If the correct
ciassifications of pattern sampies are known, the proposed nearest
neighbor syntactic recognition ruie can be appiied to determine the
ciassification and structurai description of an unknown pattern. Using
Algorithm 2.3 to determine the average distance between a sentence and
the K-nearest sentences in the language, the proposed rule for a single
nearest neighbor can be easily extended to the K-nearest neighbors.

When the correct classifications of pattern samples are unknown,
a non-supervised procedure must be used. In this case, the proposed
clustering procedure can be applied. Using error-correcting parsers in
cluster analysis, after the clustering resuit is obtained, we couid only
implement conventional non-error-correcting parsers for recognition.
Furthermore, the grammars inferred couid be in finite-state form, the
construction of conventionai parsers for finite-state grammars Is
straightforward, and the parsing procedure is, in general, deterministic
and efficient. The proposed ciustering procedure can certainly be
extended to syntactic patterns represented by trees since tree grammar
inference procedures [93] and error-correcting tree automata have already
been deveioped. When a general error-correcting parser s used, the

computer time required for ciustering analysis could be siow. (For
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example, using a CDC 6500 computer wlth FORTRAN V programming language,
the average computer time for analyzing each pattern in Experiment (iii)
is 37 sec.) Nevertheless, this requirement may not be critical slince
a clustering algorithm is used primarily for pattern analysis rather
than recognitlon. Besldes,llnference procedures for special grammars [74],
(such as finite-state and precedence grammars) can always be employed to ; !
speed up the analysls.

The grammar Inferred for each cluster often generates not only the
sentences (syntactic patterns) already in the cluster, but also sentences
wlith simllar structures. For example, the grammar Gl(o) in Table 4.3 is

an Inferred grammar for Pattern 1, bbb+(b+dddbdd)*. However, L(GI(O)) -

nl n2 n3 nl'
' +(b°“+d°bd )*I"l'"z’"B and n, are positive integers} which
represents character P of different sizes (Cluster 0). Consequently,

the unwelghted distance between Pattern 18 (a character P) and Cluster 0

Is 2 although the unwelghted distance between Pattern 18 and Pattern 1

is 4. For this reason, the clustering procedure proposed in Section 4.5
appears to be more effective and flexible than that of computing the
distance between an input pattern sample and a set of prototype or
reference patterns on a sentence-by-sentence basis.

With syntactlc or lingulstlc representations of data being more
and more common in pattern recognltion, speech and language analysis,
and database systems [98-101], nearest nelghbor recognitlon rule, and

clustering procedures for syntactic patterns should find their applications

In these areas.
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CHAPTER 5

A SYNTACTIC APPROACH TO
TEXTURE ANALYSIS

5.1 Introduction

Research on texture analysis--modeling, synthesis, classification,
and discrimination--has received increasing attention in recent years [78].
Texture is a term for the quality of a surface. The feature that dominates
a texture scene is the repetitive or quasl-repetitive pattern. Texture
information 1s valuable In scene segmentation, especially in those cases
in which the contrast between the object to be observed and the background
Is poor. A survey of research in this area can be found in Zucker {79].
Applications of texture analysis include terrain classiflcation [80-81],
radiographlic Image interpretation [82,83], microscopic cell image analysis
{84-86], materlals Inspection [B7], and many others.

Most of the previous research has concentrated on the statistical
approach [80-90]. In this approach, statistical properties are calculated
from a set of local measurements taken from the pattern. Weszka, Dyer,
and Rosenfeld [81] give a comparative study of several frequently used
features for texture classification.

An alternative approach to the statistlcal one for texture analysis
is the structural approach [78]. A texture is considered to be defined
by subpatterns which occur repeatedly according to a set of well-defined
placement rules within the overall pattern. Furthermore, the subpattern

1tcelf is made of structured elements. Compared with the statistlcal
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approach, the structural approach appears to be easier to interpret.

Zucker [79] proposed the idea of texture modeiing in terms of an
ideal texture and its transformations. According to Zucker, an ideal
texture is a deep, unobservable, highiy-structured perfect pattern in which
iocai primitives (fundamental building biocks) are extended into a globai
structure such as reguiar tesseiation. He beiieves that transformation
rules can be defined from a representation of an ideai texture to that
of a naturai texture. In our work, we shaii propose a tree grammar which
defines such ruies.

Carlucci [91] has formuiated a system calied ''texture language' for
the description of some simpie repetitive subpatterns such as polygons
or open poiygonals. Texture patterns are treated as graphs with the
baslc eiements in the texture language representation being iines and
vertlces. The structure of a subpattern is then represented as a tree.
From a practicai point of view, Cariucci's system may encounter difficuities
during preprocessing, such as difficuity in the extraction of iines and
vertices in a texture region.

Ehrich and Foith [42], propose a tree language approach for the
description of the structure of waveforms calied 'reiational trees."
They bei ieve that informatién about textures in an image can be obtained
by sequentiai anaiysis of individual scan iines. The change of gray
ievels of a scan iine gives a random waveform which can be represented
by a relational tree.

We shall propose a texture model based on the structural approach.
In this model, a texture pattern is divided into fixed-size windows.

Repetition of subpatterns or a portion of a subpattern may appear in a

L e -
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window. For all cases, we shall treat a wilndowed pattern as a subpattern.
A tree grammar is then used to characterize wlndowed patterns of the same
class. This model can be used for texture synthesis as well as dis-
criminatlon. Since the windowed patterns are also a part of the global
structure of the texture, a higher level of syntax rules can also be

constructed for the arrangement of windowed patterns.

5.2 A Syntactlc Model for Texture Analysis g

We propose the following syntactic model for texture analysis: its
primitive, window, tree representation, and tree grammar being described

here.

§.2.1 The Primitive

We choose a single pixel with different gray levels to be the pattern
primitive. For a picture of & gray levels, we have % different primitives.
However, the size of a primitive can certainly be larger than a single
pixel. For example, a window of n x n pixels with a relatively uniform

gray level would be a good primitive.

5.2.2 The Window

From the structural point of view, texture is the placement of
structured subpatterns. (See Flgure 5.1 (b)). However, in a natural
scene, the exact boundary of a subpattern is usually vague and unidentl-
fiable. Often, subpatterns of the same texture appear in various sizes,
shapes, or brlghtness. In some cases, there even exists a situation In
which there are no well-defined subpatterns. For examples of this see

Flgures 5.1 (c) and 5.1 (d). In addltion, the placement of subpatterns

can be Irregular and distorted such as shown in Figure 5.1 (a). Nevertheless,
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Figure 5.1(a) Pattern D22. Reptile Skin.

Figure 5.1 Four texture patterns obtained from
digitizing pictures found in Brodatz's
book, Textures.
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Figure 5.1(b) Pattern D3k.
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Figure 5.1(c) Pattern D38. Water.
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Figure 5.1(d) Pattern D68.
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a small subframe of the overall texture pattern does maintain some of the
characteristics of the texture. To make the syntactic approach practically
feasible, pictures are divided into fixed-size windows. A grammar is then
used to characterize the windowed pattern of the given texture. Assumlng
that the window is of size k x k, there are lkz possible patterns. The

set of all the windowed patterns of a partiﬁular texture is a subset of

the lkz patterns. Consequently, a high-dimensional regular grammar, for. " j

example, a tree grammar, is suitable for the characterization of texture

patterns.

5.2.3 The Tree Representation ' ;

Before we construct the tree grammar for a texture pattern, each
windowed pattern is first transformed Into a tree representation. Each
pixel in a k x k window corresponds to a node on its tree representation.

Hence, a pattern primitlve becomes the assigned label to its corresponding

node. For implementation, a tree structure can be arbitrarily chosen,
but is then fixed for all windows during the process. That is, for all
tree representations, the tree structure is the same, but node labels
are different. Two convenient tree structures are suggested in Figures
5.2 (a) and 5.2 (b) where the window size is 9 x 9. We shall refer to
them as Structure A and Structure B, respectlvely. Clearly, a different
choice of tree structure will result in a different tree representation
for the same window. This choice will influence the complexlty as well

as the effectiveness of the constructed tree grammar.

v

Example 5.1. The pattern shown in Figure 5.3 (a) has the tree

representation shown in Figure 5.3 (b) if Structure A is used.
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5.2.4 The Tree Grammar

Example 5.2. The following tree grammar Gl will generate the tree

{ representation shown In Figure 5.3 (b):

@
n

(Vl )P 'Al) over <I,r>

_<
L}

{Al ,A2,A3,Al‘ ’AS’AG’ N0 ,Vo ,1,0}

{8 ,0!
1 0
{0,1,2,3}

™~
L]

-~
(]

i it Sa

1
AN
No Ay No

1
A2 > I
NO/AB\ NO-

No

1
A3 -+ |
/A,’\ No

0

1
% N
No A5 N

SN

0
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Example 5.3. Grammar Gl in Example 5.2 will only accept patterns
of a cross In the midle of the 9 x 9 window such as the texture

pattern shown In Figure 5.4. [In a natural texture, we will most
l1ikely have some distortions of the perfect pattern such as the pattern
shown in Figure 5.5. Grammar G2 will generate patterns having a

shifting of the cross in Figure 5.3 (a) anywhere within the window.

G, = (Vz,r,Pz,SZ) over <I,r>

V2 = {A AZ’CI’CZ’DI’D E EZ,F F.,,G,,G HI’HZ"Y"Z’JI’JZ’

1 28R & @Ry
N09N19N29N39N4’V0,190}

S2 = {AI’CI’DI’EI’FI’GI’Hl"l’Jl}

PZ:

R
> N/l\N ; /\

No No

CI.’ N/((il\N | V/:lI\V ; V/\V
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Figure 5.4 A regular texture pattern.

v . § L]
4 b
4 > 3
$ P
I |
v
v b !
2 4
L b samsscy
4 ]
aanescnsd |
[
ooy
L)
LY ml
-v-m Jrocen:

Figure 5.5 A distorted texture pattern which
can be generated by GZ'
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The distorted pattern shown in Figure 5.5 can be accepted by G2.

5.3 Illustrative Examples of Texture Synthesis

In Section 5.2, a syntactic model is presented for describing windowed
patterns. The global structure of the overall texture pattern depends
on the arrangement of windowed patterns. In Example 5.3, we constructed
the grammar G2 for the acceptance of the texture pattern shown in Figure
5.5. However, when G2 is used for generation, numerous patterns might
be produced, one of which Is shown in Figure 5.6. Therefore, in order
to preserve the coherence between windows, a set of higher level syntax
rules is necessary In which the windowed pattern is treated as a primitive,
and the overall texture can be represented as a tree which decides the I
placement of windowed patterns.

In thls section, we will illustrate the ;ynthesis of patterns D22,
D34, D38, and D68 from Brodatz's Textures [92]. Flgures 5.1 (a), (b),
(c), and (d) are digitlzed pictures with resolutions of 400u, 400u, 100y and
400u, respectively, of the above four patterns. For simplicity, we use
only two primitives: black as primitive "1," and white as primitive "0."
By setting a threshold for gray levels in Figure 5.1, we obtain four

blnary pictures, Figures 5.7 (a), (b), (c), and (d) for patterns D22,

D34, D38, and D68, respectively.
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Figure 5.7 Binary pictures of patterns in Figure 5.1,
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Binary picture of pattern D68.

Figure 5.7(d)
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5.3.1 Regular Tesselation

The texture pattern D34 Is a hexagonally tesselated pattern which

Is nearly what Zucker called '"ideal texture.'

Example 5.4. A syntheses of hexagonal tesselation is as follows:

Assume that we have two windowed patterns; namely, A] and Cl shown

] in Figures 5.8 (a) and (b), respectively, with window-size 9 x 9.
Tree grammar G3 generates the tree representations, AI and C], using
Structure A described in Section 5.2.3. Tree grammar G3' generates
the placement rule for A] and C,. The placement rule Is given in

Structure B. G3 and G3' are given as follows:

G3 = (V3,r,P3, {A],C]}) over <I,r>

V3 = {A| ,AZ,A3,AI',A5,A6,A7,C] ,CZ,C3,CI',C5,C6,C7,NI aNzaN3a
E NQ’NO’,’O}

1
| i g |
. No/ A2\ No

i NO Aﬁ No
0
Ny A5 N




184
7, 0,
]% .: .:j w 7
7 — /
/,/f'z ' A"l L
1//A//[A; ! i I VAng '
! 'V/ i I o 7/.‘
"% | ‘ 1 U7
7 Y
A/ /
& Al Cl
(a) : (b)
fg Figure 5.8 Windowed patterns of hexagonal tesselation.
1 AT 9T ATHH
i |
[ 1
i by S I T R
F G } >
I ANTSTA TS
]
AT 4 TAM TG
?
:

Figure 5.9 The generation of a hexagonal pattern by
using grammars 63 and 63'.
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2
0
Nl' -+ l
. Ny
Gy' = (V3',r',P3',X) over <L',r'>

V3‘ = {X,Y,Z,AI,C'}
! = {Al’cl} P Al (0 B

1.
P3' AI
x—»/\ 3
X Y
G
Y"b )




Rl (o £ i nda b ne.
-

The generating procedure uslng the two-ievel syntax rufes, G

3

and 63' is Tilustrated in Figure 5.9. The generated pattern is

shown In Flgure 5.10.

Example 5.5. In Example 5.4, we assumed that the window size matched
the size of the hexagonal subpattern. However, the 9 x 9 window in
Exampie 5.4 does not perfectiy match the pattern D34 in Figure 5.7
(b). An improvement is shown in Figure 5.i1 (b), where the hexagons
have a simiiar size to that of pattern D34. In Figure 5.11 (b),
wilndow frames have been drawn in so that the windowed patterns and
their repetitive order can be shown clearly. There are 20 different
windowed patterns within each heaviiy iined area in a & x 5 arrangement.
The itarger pattern, made up of the 20 windows, aiso repeats itseif.
The grammar Gh that generates the 20 wlndowed patterns, is given on
the feft-hand side of Appendix E-1. Figure 5.ii (a) shows the piace-
ment.rule in Structure B for the pattern In Figure 5.1i (b). The
symboi In each cell of Figure 5.ii (a) belongs to the set of starting
symbols in grammar Gh' ‘From each starting symboi, £he corresponding
windowed pattern of Figure 5.i1 (b) can be generated. The grammar
that generates the piacement rulfe s also given in Appendlx E-1

as grammar Gh"

Example 5.6. The uneven brlghtness in pattern D34, e.g., darker

for horlzontal 1lnes and llghter for dlagonal lines, can be simulated

by uslng a stochastlc grammar. Figure 5.12 is the resuitlng
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Figure 5.10 The generated reqgular hexagonals.
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Figure 5.12 Simulated result of pattern D34
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pattern from using stochastic grammar GS in the generation of the
A
“noisy version.'' The grammar GS is given on the right-hand side

in Appendix E-1.

In this subsection, three examples were given: (1) to illustrate

the synthesis of an ideal texture for a matching sized window and sub-
pattern, (2) for an unmatched size window and subpattern, and (3) for
a noisy version. However, the noisy version described in Example 5.6
is the result ofllocal noise. 1In the following subsection, we shall

describe the synthesis of a global structure-distorted texture pattern.

5.3.2 Irregular Tesselation

Let us examine pattern D22 in Figure 5.7 (a). We may consider that ,
pattern D22 is the result of twisting the regular tesselation of an ideal
texture such as the pattern shown in Figure 5.13. From a single window !
the trend of distortion cannot be fully detected. For texture synthesis,

3 such a global distortion can be treated as a problem of the placement

T

'

of windowed patterns.
b Example 5.7. The regular tessclated pattern shown in Figure 5.13

is composed of two basic patterns shown in Figure 5.14 (a) and (b).

D PR T

A distorted tesselation can result from shifting a series of basic

T

patterns in one direction. Let us use the set of patterns resulting L
from shifting a basic pattern as the set of primitives. There will
be 81 such windowed pattern primitives. We shall refer to them

simply as primitives in this example. Figure 5.15 shows several

M Snath danei i o b e deion e San e

of them. Each primitive Is given a name of two symbols. “Xi,"

where X ¢ {A,B,C,D,E,F,G,H,1},i ¢ {1,2,...,9}. Starting from Xi,

i
|
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(a) . (&)
Figure 5.14 Baslc pattern of Flgure 5.13.

e

Figure 5.15 Windowed pattern primitives.
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the pattern resuiting from shifting one column to the left wiii be

named X [ and the pattern resuiting from shifting one row up willi

i+

be named Y|. Grammar G_ in Appendix E-2 is constructed for the

5
generation of the 81 primitives.
Several synthesis resuits are given in Figure 5.i16 (a), (b), and
(c). Tree representations using Structure B th;t decide the placement
of windowed patterns are shown at the ieft-hand side of each pattern.
Using the same idea as that in Exampie 5.6, a stochastic grammar can
be used to add iocal distortions. An exampie of this Is shown in
Figure 5.16 (d). We can also construct a grammar for the placement of
windowed patterns for certaln types of structure distortion. For
example, a twisted upward or downward pattern, or an insertion of an

extraneous row of subpatterns, etc.

5.3.3 Random Pattern

The texture pattern D38 and D68 in Figures 5.7 (c) and (d) show a
higher degree of randomness than D22 and D34. No ciear tessefation or

subpattern exists In the pattern.

Exampie 5.8. The water waves In pattern D38 can be described as a
beit extending in the horizontal direction, varying in width and
twisting ﬁpward or downward. Assuming that, at most, one belt can
appear in a window, we shall use Structure A for tree representation
and a stochastic tree grammar G6 to describe such patterns. In each
production ruie in G6’ the left-hand side nonterminal is the present
state and the right-hand side generates the width and the position
of the beit that the present state represented, as well as the next

state. Figure 5.17 Iliustrates this generation process. The




Figure 5.16(a)

Flgure 5.16 Synthesis results of pattern D22.
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Figure 5.17 The syntactic generation of water waves.
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grammar G6 Is given in Appendix F-1. G6 is also the discrimination
grammar for pattern D38 which will be discussed in Section 5.4.

The production rules associated with zero probability are unused rules
during pattern generation. They are added for pattern discrimination.
The probabilities associated with the production rules in G6 are

arbitrarily assigned. By varying the assignment of probabilities,

patterns with a different degree of brightness and fluctuation can

l be generated. Some resulting patterns are shown in Figure 5.18.

Example 5.9. The texture pattern of D68, the wood grain pattern,
consists of fong verticai iines. It is particularly convenient

E‘ for syntactic description when Structure A is used for tree

i representation. The subpattern (vertical line) and its repetition
can be fully characterized by the stochastic grammar G7. Therefore,
there is no need to generate the overaii pattern window by window.

The grammar G7 is given as follows:

G7 = (V7,r,P7,A|) over <I,r>

f‘ Vg = {A;,Ng,N;,0,1} .
r = {0,1,2,3}
) L = {051}
P7: 5 8 |
A /I\ , 0.5 ; /\ , 0.05 ; |
R o Mo

0 .
/ I \ ’ 0.09 H 3
AI N i

0
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The density of grains (vertical lines) depends on the probabilities
associated with production rules. Pictures in Figure 5.19 are

generated from G7 using different probabiiity assignments.

5.4 Texture Discrimination

The proposed texture modei can also be used for texture discrimination.
In Section 5.3, we illustrated how a texture pattern was generated
window-by-window. The construction of a grammar in modeiing the variation
of size, shape, and brightﬁess, as weii as noise and distortion was
illustrated by exampies. We also discussed in Section 5.2 that a pattern
in a smail subframe (window) maintains some of the characteristics of
the overall texture. Under this assumption, we shall restrict the
problem of texture discrimination to the recognition of windowed patterns

only. Each picture is processed window-by-window.

5.4.1 Data Preparation

The pattern shown in Figure 5.20 consists of patterns D22, D34, D38,
and D68. There are 180 x 180 pixels with 128 gray leveis. We shall use
two primitives (two gray levels) for discrimination. The picture shown
in Figure 5.2 is obtained by setting a threshoid at gray level bk,

Window frames are drawn in Figure 5.21. The window size is 9 x 9.

5.4.2 Discrimination Grammars

The texture modeiing grammars described in Section 5.3 are used for
discrimination here. Let the grammar for pattern D22, D34, D38, and D68

be G5y, G3h’ 638’ and 668’ respectiveiy. From the viewpoint of

discrimination, we wouid iike to modify the grammar so that overlaps !

between L(G,,), L(G3h)’ L(G38), and L{Ggg) (ianguages generated from
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G 634, 638’ and Ggg, respectively) will be as smail as possible.

22’
Whereas, each language itself needs to be asgeneral in characterizing
each class of texture as possibie., Grammar 622’ G3k’ and 668 are given
in Appendis F-2, F-3, and F-4, respectively. Grammar G38 is the non-

stochastic version of grammar 66 in Appendix F-1.

5.4.3 Error-Correcting Parsing

The nonventional parser usually fails to recognize a '"noisy"
pattern. Although we have tried to construct the discrimination grammars
to include as large a variety of patterns as possible, the uncertainty
existing in a pattern is impossible to be fuliy characterized and
predicted. An error-correcting parser can be used to improve the
classification accuracy. In particular, in this application, we shall
use the SPECTA (structure-preserved error-correcting tree automata) as

the texture discriminator.

5.4.4 Computation Result

The SPECTA measures the distance between the input tree represeﬁtat!on
and the texture languages, L(Gzz), L(G3b)’ L(G38), and L(GGB) one by one.
Then, the input pattern is classified to the texture class which has
the minimum distance.

The result of texture discrimination for the picture in Figure 5.21
is given in Figure 5.22. There are 400 windows. Thirty of them are
misrecognized. The misrecoghition usually results from the unavoidable
overlap between two languages or from the reduction of one language to

decrease the overlap.
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5.5 Remarks

in this chapter, a syntactic approach for texture modeling fis
presented. The proposed approach appears to be attractive from the
practicai point of view. The preprocessing invoives picture digitization
only. The window operation stores a smail subframe of the pattern in the
main memory. Thus, the process is manageabie by a smaii memory computer.

The most difficult part comes from the construction of an effective
grammar. Since no sophisticated preprocessing is used, the iinguistic
representations are very sensitive to noise. In constructing a grammar,
we wouid iike to consider as many variations of the texture pattern as
possibie. On the other hand, we also need to keep the grammar as simple
(as few nonterminais and production rules) as possibie to save storage
space. Such a compromise often results in a grammar that generates some
excessive sentences, but exciudes some possible distortions. That is one
reason for the necessity of using an error-correcting parser for picture
parsing in texture discrimination. The other reason is the uncertainity
existing in the picture making the construction of a grammar difficuit in
order to fit aii the possibiiities of a texture ciass.

All the computation exampies are programmed in Fortran IV on a PDP-
ji/45 computer with a 32K core memory., The SPECTA we designed processes
ail the branches of a tree from the frontiers to the root in paraiiei,
but it shouid be programmed in series on a general purpose computer. The
process can certainiy be speeded up by a specially designed processor.

Automatic grammatical inference procedures for tree ianguages have
been recently studied [93]. By combining an inference algorithm with
the proposed discrimination procedure, an automation of the entire train-

ing a'.d testing process as proposed in Chapter 4 can be implemented.
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CHAPTER 6

SUMMARY OF RESULTS AND SUGGESTIONS
FOR FURTHER RESEARCH

6.1. Summary of Results and Conclusions

The probiem of modeling, analysis and reconstruction of noisy and/or
distorted syntactic patterns is studied. in syntactic pattern recognition,

a pattern is described in terms of fts subpatterns, primitives and the
relations among them. Segmentation errors and primitive extraction errors

can be treated as syntax errors and defined in terms of fanguage transformation
rules. Three types of error transformations are defined on strings, nameiy,
substitution, insertion and deietion. Consequentiy, the parser constructed
according to the grammar generating the strings and the three types of
transformations is called the error-correcting parser. A stochastic de-
formation model and stochastic error transformation rules are aiso proposed.
In searching for the most fikely correction, the formulation of error-
correcting parser (ECP) for context-free fanguages and context-free programmed
fanguages are based on the minimum-distance criterion for non-stochastic

model and the maximum-1ikelfhood criterion for stochastic model.

The error-correcting parsing technique for string languages has been
extended to tree languages. In formulating error-correcting tree automata
(ECTA), five types of error transformations on trees are defined, namely,
substitution, split, stretch, branch and deletion. Two types of ECTA are

proposed; a SPECTA corrects substitution errors only, and a GECTA corrects

all five types of errors.
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By way of using language transformations, the distance between two
sentences - strings, or trees, can be determined. This idea provides a 1
necessary tool for the clustering analysis for syntactic patterns. The
algorithms of constructing minimum spanning tree and clustering centers in
statistical pattern recognition are extended to syntactic patterns. A ?
definition of distance between a sentence and a language Is proposed. Based
on this definition, a new clustering procedure is proposed, where a grammar
is inferred to characterize a formed cluster, and then updated when a new ]
pattern is assigned to the cluster. An error-correcting parser, in this case,
is employed to measure the distance between an input syntactic pattern and a
formed cluster, or a Ianéuade. Therefore, the procedure yields not only the
clustering results but also the syntax rules characterizing each cluster. é

Finally, using the error-correcting parsing techniques, a real data

example on texture modeling and discrimination are presented. |In

texture modeling, the idea of window operation is used. Texture patterns
are divided into fixed size windows. Windowed patterns belonging to the

same class of texture are then characterized by a tree grammar. This tree

grammar is used for texture synthesis as well as discrimination. However,

in texture synthesis, the coherence between wlndowéd patternsis also essential
to the overall pattern. It is proposed to use a higher level syntax, for example,
another tree grammar, as a monitor for the plgcement of windowed patterns.
Consequently, structural distortion can be simulated by changing the place-
ment of windowed patterns, whereas, local noise can be simulated by using
stochastic grammars for characterizing windowed patterns. In texture

discrimination, a set of SPECTA, where each is constructed for one class of :

texture, is used as discrimipator. An input windowed pattern is analyzed

Al a
s ok SRy aiiaie SR




PR Y

T

|
E
I

v

o

——

210

by the SPECTA's then classified according to the nearest neighbor rule.

6.2. Suggestions for Further Research

The proposed simltarity measure and error-correcting parsing scheme
provide a formali modei and a useful tool for recognition under uncertainty,
for exampie, In a clustering problem where correct classification for afll
sampies are unknown, or in a nolsy environment, such as the analysis of
texture patterns. To improve the recognition resuits, the foliowing probiems

need further investigation:

(1) To improve the parsing efficiency. The weakness of error-correcting
parsing is the need of iong computing time. In the case of |
error-correcting parsing for context-free ianguages, sequential
method has been proposed to reduce the computing time. However,
further Improvement Is stiil needed. In the texture discrimination
exampie, patterns are divided Into fixed-size windows, and then :

each window Is classified by using SPECTA. Both window operation

and SPECTA are paraliel operations. Parallel processing techniques
are expected to be very useful in improving the computation

efficiency.

(2) The inference of updated grammars. - The knowiedge of ciassifi-
cation obtained from using error-correcting parsers Is accumulated
by way of updating pattern grammars. Different from the existing
grammatical inference procedure which often require all the
training data be avaiiable at the same time, training data are
given sequentlaiiy in the grammar updating probiem. To update

a grammar to be simple and effective is a problem for future

s tudy.
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(3) The inference of a set of weights associated with error
transformations. - Using weighted distance can improve the
clustering resulta. The problem of finding a set of appropriate

weights from training samples requires further study.

(4) The inference of texture grammars. - Due to the noise and
variation of texture patterns, it is cumbersome to construct
texture grammars manually. To be more practical, the proposed
syntactic model for texture analysis needs an efficient
inference procedure. There are two problems to be studied; the
first is the inference of stochastic tree grammar for windowed
patterns, and the second is to infer placement rules for a

texture pattern. In the second problem, the regularity, or

the repetition of the basic texture patterns has to be determined.

P —

Other problems such as choosing a suitable window size based
E on density or coarseness of textures, and finding the relations
between window size, the effectiveness of texture grammar and

parsing efficiency, etc. are also interesting problems to be

investigated.

(5) To appiy the proposed syntactic texture modei to analyze real world

vy

data, such as aerial photographs, X-ray images and LANDSAT data,

etc.
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APPENDIX A

PROOF OF THE CONSISTENCY OF THE MULTIPLE ERROR MODEL

Assume that deformation probabilities on terminal a € I is consistent

on a single error model; i.e., equation (2.1) in Section 2.4 is satisfied.

By summing over all the cases In equation (2.2) we have,

I, alala) = tgy(a)} + ] [agbla) + q, (bla)ay(a)l}
acl bel

T

| o -]
: + {5 In (% a]a)Il ] (a5(b |a)
g=2 j=1 b €l b eX

+q (b la)gy(a))]} . (A1)
| :
I From equation (2.7), the first three terms of (Al) can be reduced to ]
D-1 qbla)) + 1] q,(b[a)]q,(a) (A2)
bel bek

and the fourth and fifth term of (Al) can be reduced to

. |
I tn (] ab.fa)ili-qpa) - T q, [a) :
g=2 j=1 b ez b ez
+ ) ql(b |a)qD(a)] . (A3)
b eZ

£ A, -- o » Shalll - TRy
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Then,

! aqlala) = (A2) + (A3)

ael
- l-ql(a) (l-qD(a))
w g
+ VI q,(a)1[(1-q, (a))
=2 =

(l-qo(é)) ] =1

where ql(a) = . EZ q'(b |a)
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APPENDIX B

SEQUENTIAL CLASSIFICATION ALGORITHMS

Let e be a parameter, 0 < e < 1.

Algorithm 3. Decision Algorithm

Input: String ‘l‘z' o8-

t Output: C,, 1 < 2 < k.
H Method:
max v:
Step 1. Set j=0 and compute r=l " P(C'). If r <e, stop and

max

PPC,). 1fr2e, set

assign class C,, where P(c,') -
J=! and go to Step 2.
Step 2. Parse the jth input symbol by SPA.

Step 3. If Step 2 recelves parsing fallure flag from all pattern

i grammars, stop and assign class C,', where
[ p(C,'la'az...aJ_,a) - m?x p(C'|a'az...aJ_'u). otherwise go
, to Step k.
Step 4. If J=n, stop and classify to C,', where
p(Clla'az...an) - m?x p(c'la'az...an). If j¥n, compute
ma
rel - 'x p(C'|a|az...aJa), go to Step 5.
Step 5. If r < e, stop and assign C  where p(C,'la"z...aJa)
max

® " p(c'la|az...aja). otherwise, If j=n then stop,

otherwise, set j=j+1. Go to Step 2.

PRI ——
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Algorithm 4. Sequential Parsing Algorithm

input: A SCFG G, = (N',EI,P',S') and an Input string a)8,y...2).
1 <j<n.

Output: p(alaz...ajlcf) and P(alaz"'aj°|°:)'

Method:

P L IR T I

Step 1. Set J=0, add item [Z + - S',O,l,l] to 'j'
Step 2. (a) 1f [A>o < B88,1,p,¢] Is in 1}, and B8 Iy is in P,
add item [B + ¢+ v,j,q,0] to 'j'

) fF[A»>a - l,pl,r] is In 'j’ for all item In 'i of

2
the form [B + £ « Ay,k,pz,s), add item [B + BA « v,k,
p3,0] to Ij where P3 = PyPy unless an Item of the
form [B + BA * v,k,q,t] is already In lj. If this

is the case, set q = q + P1Py-

Step 3. (a) For each item Ij of the form [A + a - BB,i,q,r],
where | < j, find in I' all the itmes of the form
[C +u ¢ Ay,k,t,s]. Suppose that there are m such
jtems with values for s equals to SS90 S
respectively, set r = q(s' s, bt sm).
(b) Locate a]l items in Ij of the from [A + a« ¢+ BB,j,q,r].
If there are n such items, number these items such
that kth of them is dgnoted as [Ak o BkBk’j’qk’rk]'
For the kth Item, locate in 'j all items of the form

[c>u - Aky,l,t,s]. if there are m, such items, we

k

denote the values for s in these Items as $150+ *Sp
k

then r, = qk(s] +sy + ..l +'smk), k =1,2...n. Note

that elther s, Is determined by Step 3(a) already, or




t
g
:

Rt il

Step 4.
Step 5.

Step 6.

Step 7.
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S Is not known and is one of the unknowns rj

(j = 1,2...n). This given n linear equations in

n unknowns from which FysFpee T, can be determined.
If j=0, to go Step 7; otherwise, go to Step 5.
Compute p(a'az...ajlﬁ') as foliow, if an item of the from
[z » S * 0,p,r] Is in ij’ set p(a'az...aJIG') =p,
otherwise p(a'az...ajls') = 0.
Applying b(a'az...aJIG') and p(a'az...ajalﬁ') obtained
from Step 5 and Step 8 to Algorithm 3, if it is decided
to continue, go to Step 7; otherwise, stop and classify.
Set j=j+1. For each item in 'j-l of the form
[A>a - ajB,l,q,r], add item [A » u.aj-'B,l,q,O] to i_]’ go
to Step 8. If no item of the form [A + a ajB,l,q,r]
in 'j-l exists, set parsing fallure fiag and
p(a'az...ajalG') =0, p(a'az...ajls') = 0, stop.
Locate the Items which are added to 'j by Step 7. Suppose
that there are n such items, number the mth of them as
A » aa; B,Im,pm,rm].' Find all Items in 'im of the form
[8 +» vy « As,k,q,5] and suppose that there are & such items
with parameters s denoting as $1959+45¢ » t?en

K'm
p(a'az...aJIG') + p(a'az...ajalﬁ') = mzl P f S;» 90 to

Step 2.
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APPENDIX C

HIGHWAY GRAMMAR
|
! G, = (v,P,r,S) over <ZI,r> where,
;‘ v = {S'HO’XO'AI"'S’ BI"'S' CI...3, Dl"'3’ E]...7,
Myeeegs h,b,$}
r($)= {1}
r(h)= {0,1,3}
l’(b)= {0,],3}
; P:
N $ $
B S > | | 5 1158
| Al B
L $ $
L S > | | ’ I...3
. ci Di
$ $
‘: S > I | K | ey 4
E, F,
$
S > I I..."
é Mi
$ $
S -> I I ’
Ho Xo

F

‘g9

ego
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b b
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Hl B] xo H] C] xo
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H2 CZ xo H3 C3 Xo
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Figure C-1

Typical patterns generated from G

H

2] ] ' H
H ] H H
H"h Hy HHEHHH Hﬂ"""“F "
H
of B J! i ] E I
(a) Group Ho .
i I EEE :
; R A HHHHH HH
] i " H
o ! H H .
(b) Group A
™ ﬂ_HHHHﬂH nu HHHHH Rﬂ
HHHMHHH _ H E‘» S g
[HHHHHHHY HHHHEHH a e
; B ,
(c) Group B
H H
" H HHH "y Hﬂ
H, ", | HHHﬂNﬁ H H
H H
o H__|
(d) Group C, D
W LE "
M W u Wt
# o
H W
(e) Group E
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4 M " o o E
:unﬂ H “H H “‘"H .
H HHH M HH
(f) Group F, M
Figure C-1 Continued
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3 APPEND!IX D !
E
THE GRAMMARS AND RESULTS OF THE |
£

CHARACTER RECOGNITION EXAMPLE 3

] D.1 Character Grammars

(a) Character A

G = (V PA,A) where

A’rAl
= {A,A‘ ’AZ’Na’Nd’Nc}’ ZA = {i,a,c,d}

A

Va

rA(I) = {2}, rA(a) = {0,2}, rA(c) = {0,1}, rA(d) = {0}

Bt S olechi s mide o

1

P,:

i
A A*/\ i
A
Ay Ay :

AN

Na -+ a, Nd +d, N »>cC

(b) Character C

G = (Vc,rc,Pc,c) where

c

vc - {C,C‘,CZ,C3,Nd,Nf}, Xc & {a,b,d,f}

re(i) = (2}, rca) = 013, rc®) = (1}, rctd) = {0,13, rc (f) = {0}




x>y

(c)

+d, N

Ng £

Character D

6y = (VD,rD,PD,D)

v -.{D’DI’DZ’D3’Dh’Nb’Nd}’ ZD = {i,b,d}

D
rD(l) = {2}, rD(b) = {0,1}, rD(d) = {0,1}

P_:

SRR

b
Dl -+ I
D3
b
03’* '
N
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b
02 > l
Dy
b
D" * l
Ny
Nd + d, Nb + b

(d) Character E

GE = (VE’rE’PE’E)

= (E,E Nd}’ ZE = {i,b,d}

] ’Ez’E3’
re(i) = {2}, rg(b) = {1,2}, rgld) = (0,1}

“* /\
A




(e) Character H

= (VH'rH'PH'H)

= {H,H Nb'"f)' I, = {1,b,d,f}

I'HZ'
= {2}, rﬂ(b) = (0,2}, rH(d) = {2}, rﬂ(f) = {0}

A\

Hy "N/d\N |

Nb'*b

Ne + f




237

Appendix D.2. Classification Results of 26 Test Patterns
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A\ APPENDIX E

3
h' SYNTHESIS GRAMMARS FOR NETTING AND REPTILE SKIN

!

; E.l. Grammar for Netting (pattern D34)

" l G, = (V“,r,P“,S“) over <L, r> and G, = (v“,r,PSh,S“) over <I, r>

Sy
V= R q,...,9'%,1,...,9°%,1,...,9°%,1,...,9°F0,1,...,9°F0,1,...
b .

1 Moo1,...,6'%,1,...,30 2

S = (AyeBorBgiCarhyiBeaCoihysB3,C5:01080:E9:FysDy0Ee FiuDy B F )

' A,-’N/Il\\N ;N/\N N A'-’v/i!l\\v & fa ;v/\

A2+N/Il\\N ;N/\N A2+u/;|\\u e ;N/\
A T T W 1 AN 1

: M /NN s/ A JI\ w0 [
Ny Ay Ny Ny Ny ool TR N2

-b>
+
~
/
~
—
#>
+
~
-
=
&
/




A [N

Ny Ag Ny

0
A, + | ;
S Né//A;\ No N

-\

/\
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s N,'/A6\ N,

et /1\

No A7 No

o

W
~—
/
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0.1

0.1

0.1
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| 0

VAN AN '°°'/\

k: o Bu N3 N Mg o &4 Y3 Y3

0 0 - 0 e /o\ . 5 j
i AN S AN Y AL

[ “o/ Es\N3 No/ \N3 NO/ES\V3 Ny Y ;

“ Eg + /l\ ; /\ ES-»/(;\ , 0.9 /\ , 0.1

No E6 N3 No N3 -No E6 V3 No V3
0 0 0 0
56+ /l\ ; /\ 56* /l\ » 0.9 ./\ » 0.1
No E7 N3 No . N3 No E7 \I3 No V3
|
0 0 o0 i
E7+ /l\ : /\ E +/|\ , 0.9 ./\ » 0.1 J
No Eg N MNo Mg No Eg Mg No Mo i

s
/
N
-
o
oz ¥
\
v
/
o
(V-
~
—

Eg + /1_\ : /\ ES*N/l\N » 0.9 ./\ ’

N Fo o M Mo No Mo
0 o 0 0
AT R, T e R A
Np Fy Ny N Ny M Tyl g, N N N

*N/E\N | /\ Fl-’N/:lr\u 7 ./\ |




E—— MBdam e o

gl h e e s dadi e sy 0 e
‘v vy »

0
FS" l\
V3 F6 N
0
F6"/|\
V3 F7 No
0
R/ BN
V3 F8 N
0
Fa" l\
V3 F9 N
0
B RN
V3 00 N
0

0.1

0.1

0.1

o.‘

o.‘

0.1

o.‘

0.1
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v -+ I 'Y ].0

v, » I , 1.0

Gb. = (Vb', rb', Ph.’ Xl) over <£k" rhl>

[] o [}
vy =5 9,00 M1,2,...9,00 UL

Zy = {As Bgs By, Cgs Ags Bgs Cso Ays By, €0 By Egs Egs Fge By
Egs Fgo Dy» Egs Fyl

r"' - {0, l, 2}

P"' 8
A A
1 1 1
x] < / N l ’ A]
i X% X
B
0
X7 ; By
X3
B
9
| ; By
Xy
C
8
W > b Ca
Xg
A
7
Xs > | ; Ay
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Be Ts
X H
/N
Ye¢ %7 7
C
5
L ; Cs
Xg
{
A
L
A
X¢ ™ ; 4
Xq
B
3
Loy A ; B3
XO '
C
2
Xo | ; ¢,
)
0, D,
Yl -»> / \ ’ |
6 T2 Y,
E
0
Y, | ; Eo
L
E9 )
i, ; 9
Yy
F
8
Ys
b
Y. =+ ‘7 H D7
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Eg Eg
e+ [\ s 1 i g
Xl Y7 y7
i
Y7 + l ; FS
Y
! Oy Fa
Y9 Yl
e .
Y.g <2 l ? Es .
Yo

E.2. Grammar for Reptile Skin (pattern D22)

Gg = (Vs,r,P SS) over <I, r>

5’

-ssuzumo }

Vs b,...,9'%,1,...,5

Ss - {xllx € {A,B,C,D,E,F,G,H,l}, I e{1,2,...,9}}

fge 1 1
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. 0
v, * |
- vo
3 0 :
R
Ny + | v, l
N, Ng
0 ]
f Ny » | Vs l *
- Ny Ng
. 1 1
Ns +> | v'i % I
Ny Ny
0 ]
N Ng
0
N7 + |
Ng
]
Ng + |
b Ny
0
Ng |
Ng
]
Vo * | : 1
v -
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: {
y APPENDIX F
1 DISCRIMINATION GRAMMARS FOR PATTERN D22, D34, D38, and D68 ]
;
F.1. Grammar for Synthesis and Discrimination of Water Pattern (D38) ~

Gg = (Vg,r,Pg,S¢) over <z, r>

Vg = Sg UNg 3 gs¥,1,... 58 UE

Se = (Ao 181.2,...,77%,2,...,600,2,. ..,7°B1,2,....5°F1,2,. .. ,5°8,2,3
Hy 230109}
P6: 0 0 0
A+ /IN 0.0 5 JING 0 0 s //|\\ FLISTSE
Ny A N Ny B, N, Ny B, Ny
0 0 0
JIN s 0.1 ; //I\\ , 0.1 //I\\ 3 )
Y b BT No 0y My No &1 Mo
0 0 0
//I\\ , 0.1 ; //I\\ , 0.1 //|‘\ , 0.1
No F1 Mo No &1 Yo No H N
0 0 0
/I\ o ot RS /I\ ’ o ; /I\ ’ 0o ;
N B YN No 4y Yo N5 5.
0 0
//I\\ y B //\\ , 0.1
No P7 Mo No Mo
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» 0.1
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Vi A Yo
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, O
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» O
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0.2 ;

0.1




P~ /1\

v

, 0.4

, 0.15 3

s O s

» 0.15 ;

0.15 ;

0.1

0.15 ;

0.1

N/I\N ’

OV RS NIV,
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, 0.4

» 0.15 3

» 0.3
» 0 3
, O
'
» 0 3
» 0 3
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, 0
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5 0
w0
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L

6
0
/1N
No Fa Mg

y O 5

y 0.15 3
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o

y 0.15 ;

» 0.1

0.15 ;

, 0.15 ;

» 0.3

» 0.1

o Used 18

B R T )

St

e e
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IO, /'\ o Wk R
3 v

0 0
0.1 5 /] Mo AN , 0.1
No D:\\Vo No Vo
1 1
wEe @ NG S0 E A 0
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1
’ 0o ; /\ ’ 0
Vo Vh
0 0 |
Joh 5 /IND 02 /I 403 '
No Al N7‘ No GZ N7 .:
, 0.1
0 0
Loy /N 02 JIN 203
Ng Ay My No Hy Ny
y 0.1
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F.2. Dlscrimlnation Grammar for Pattern D22

622 - (vzznrppzzoszz) over <L, r>

v luz

22 " 522U Mo 1 .. 9Y%,1,...,5

E F

S22 " %,1,...,9'%1,2,...,8%,2,...,701,2,...,6°F1,2,...,6"1,2,...,6°

6 2,...,6"M,2,...,6°"1,2,3°

P22: 1 1 ' 1
A /1IN ; 7EIRS ; ‘//I\\ -
v, A Y, v, 8, Y, v, ¢ Y,
1 "
/1NN
Va A Yo V. Yo
1 1 1
> /IN s /IN s /IN
Vg A, V. Vg By Vg Vg B, Vg
1 1 1
AR 5 LY SE
Vg €, Vo Vs Ay Vo A

PR

DN RTE N




E

E |

k> A >

. 4 |\\

E‘ VI/A,’ A
A

3 ,

B |

i Vl/cz\vo

»,
i e
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1 1
%I\ ; VAR
Yo &5 V3 o & V3
5
"o/ Y3
: 1 1 1
1 Ag /I\ 3 /|\ : /l\
rltl vy Ag Vs Vo 8, Vg Vo Bg Vs
1 I,
/ A
Yo % Vs Vo Vs
_r 1 1 ' 1
f v /N /N /N
Vo Ay Y, Vo B3 Y, SRS
! 1 1
| AN /\
E*. VO AO v2 vO Vz
l l 1 1 1
1 " /N /NN
Ng € Vg Ng A Yy Ng Ay Vo
: . '
: N /\
Ng A Vg Ns Vo
1 1 1
B, * AN /I\ /l
Vi € Yo v, €, Vg T A
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i 1 1
/\ [\
{ V‘. A3 Vo V,. 0
.
1 1
| : |
/ N\ N7/ °3\"o u7/ A3\v°
! | I\
|
I‘ N7/ A',.\Vo u7/ A
- 0 0
’ % /| ‘ | = |
vl/c3\v° vl/c:\vo Y Ah\ Yo
0 0
AN / \
v, A Vg vV
0 0
' 8. » I H |
/I\ Vo/cs\vl "o/ 5\"1
E 0
| N A |
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37 /IN | |
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| I |
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| "yl | ; |
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| I ‘
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0 0
| ‘ s
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L 3 /O 0 0
: s” /IN N, |
t Vo S5 Ny Vo/ E, Ny Vo/ GI\ Ny
| o ° °
. | I |
f VO/AS\N7 "o/"7\"7 vo/as\"7




/\

Vo B6 N7

SN

Vo C6 My

Vo A6 Nk

YN

"o/lz\ Yo

Vo 86 N“




: 1./1} AP

N0 0
" 0 0 ) 0
+> : 3
SN I\ / \
V0 ES No Vo CS No V0 No |

/l\ ‘ SN ¢ INK

EG N Vo CS No v
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VI/FS\ Mo
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A
No G

G+/|\
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F.3. Discrimination Grammar for Pattern D34

G3k = (V3a"'P3h'534) over <, r>

=SULU No

Vi g

S3p = {A

P

3 1 i
. A /|\ /1N ;
NI AI' NI N, A, N

1 A N
0 0
£ /l\ ; /\
. Ny A3 Ny N, Ny
0 0
i //l\\\ ; /\
Ny A, Ny Ny N
0 0
M /N ‘ i
Ny, Ag N, Ny N,
0 0
AS -+ //I \\ ; //I‘\\ :
Ng A5 Mg N, Ag N,
0 0
A /'\ 3 /\
Ny Ag Ny Ny N

N>
+
>
7~
g
—

1,...,8%,1,...,9°%,1,...,9°%,1,...,9°0,1,...,9°F0,1,...,9

N//K\N
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No F2 Ny
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F.k. Discrimination Grammar for Pattern D68

306

Ggg = (v68’r'P68'S68) over <I, r>

A N

Veg = (A1sR0R5, NN LY,

Seg = (A[sRyAS)

P68= 0
Al -+ /I \
No Al N

0

N//%\N

VI}LJ z

AN

0 2 0
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APPENDIX G
ALGORITHMS FOR THE COMPUTATION OF THE DISTANCE BETWEEN

TWO STRINGS, AND THE MINIMUM SPANNING TREE
OF A SET OF PATTERNS

G.1. The Distance Between Two Strings

Algorithm G.1
Input: Two strings x = LI PORRE e bl’bZ""’bm

Output: d(x,y)

e

Method:

Step 1. D(0,0) =0

Step 2, DOl =1,n
D(1,0) = p(1-1,0) + 1

@ DO j = 1, m
3 D(ooj) ¥ D(O’j) + 1

Step 3. DO 1 =1,n 3
DO j=1,m 3
e = D(1-1,j=1) +1 Ifa = bJ, or e,= D(1-1,j-1) If a; # bJ
e, = D(1-1,j) +1
ey = p(1,j-1) ¢+ 1 _ y

D(i,j) = mln(e‘,ez.eB)

é Step 4. d(x,y) = D(n,m}), exit

l
i G.2. The Minimum Spanning Tree

E Algorithm G.2

input: X = {x',xz,...,xn}. a set of sentences

Output: The minlmum spanning tree of X
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Method:
Step 1. Assume that there are n nodes

Step 2. Compute d(x'.xj) for all i, j. Let d(xl,xj) be the

length of the arc connected node | and j, and denote
as d(i,j).

Step 3. List all arc (i,]) in the order of increasing d(i,})

Step h. Put the first arc (p,q) on the list into list A

Step
' Step 5. Put the next arc on the l1ist into A, except If a clrcuit }
. can be found with the arcs already in A. l

Step 6. If all nodes are connected, stop, otherwise go to Step 5.

vy oo
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