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tIn this paper we propose the use of 
lassi
al Pattern Re
ognition te
hniquesin order to build a 
ontext free grammar (CFG) from a given dis
ourse innatural language. Our approa
h is based on similarities between strings overan alphabet. Thus we may treat in the same manner the re
ognition of wordsand the re
ognition of senten
e stru
tures, provided, in this last 
ase, that the
orpus has been \marked" previously. In spite that our word 
lassi�
ationmay be translated into a set of CFG rules, the obtained grammar may notbe \
ongruent" with any formal grammar of natural language. The intendedpurpose of our approa
h is to 
olle
t the regularities of a set of strings into aset of CFG rules.1 Introdu
tionGiven a set of strings over a �nite alphabet it is possible to \measure" similarities be-tween strings through natural distan
e fun
tions. This property allows the appli
ationof 
ommon 
lustering te
hniques to form goups of similar words. The 
hara
teristi
sof the formed groups are given by sets of 
ommon substrings, let us say 
on
epts, of1



the words appearing in the groups. Any su
h 
on
ept is synthetized by a CFG rule:a proper variable symbol is introdu
ed with the rule that asserts that this symboltransforms into the given 
on
ept. The pro
edure is applied in a re
ursive way inorder to obtain the greatest synthesis of the given set of strings as a set of CFG rules.If the alphabet is the set of Roman letters then the above des
ribed pro
eduresmay be seen as an elementary morphologi
al analysis of the words appearing in thetext. The strings 
orrespond to words in the dis
ourse lexi
on and are delimited byblank or pun
tuation signs.On the other side, if the dis
ourse is given as a marked 
orpus, where ea
h wordin the 
orpus has asso
iated its grammar 
ategory, then any senten
e in the 
orpusis translated quite dire
tly into a string over the alphabet whi
h is just the set ofgrammar 
ategories. In this 
ase the strings are sequen
es of grammar 
ategories.The translation may be seen as the formation of senten
e patterns.Evidently, the CFG grammar obtained by our pro
edures need not be 
ompatiblewith any formal grammar of the natural language. However, sin
e grammar 
ate-gories in a formalization of natural language may have some invariant parti
les wemay expe
t that our 
lassi�
ation may be 
onsistent, to some extent, with formalgrammars of natural language.In Se
tion 2. we present some basi
 te
hniques that ignore any previous knowledgeof the synta
ti
 stru
ture of the given 
orpus and pro
eed 
anoni
ally to the formationof 
lusters based on similarities.In Se
tion 3. we introdu
e some heuristi
s to guide the 
luster formation in orderto be more 
onsistent with formal grammars of natural language.As an extension of this paper we look toward pro
edures to 
onstru
t a CFGgrammar, let us say CG, based on similarities in su
h a way that given a formalgrammar, NG, of natural language then the language generated by CG is 
ontainedin the language generated by NG. In other words the 
onstru
ted grammar shallre
ognize just well formed senten
es from the point of view of natural language.2 String pattern re
ognition2.1 Distan
es and similaritiesLet A be a �nite alphabet, and let A� denote its di
tionary:A� = [n�0An:2



For any a 2 A�, its length islength(a) = Minfnja 2 Ang:Let us 
onsider the relations \�str" and \�mon" in A� de�ned as follows:8a = a1 � � �an;b = b1 � � � bm, where n = length(a) and m = length(b),a �str b , 9
;d 2 A� : b = 
ad, a appears as a substring in b.a �mon b , 9f : [1; n℄ ! [1; m℄ in
reasingly monotone:8i � n : [ai = bf(i)℄, ea
h symbol of a appears in b.Remarks:a) Both relations \�str" and \�mon" are orderings in A�.b) \�mon" is an extension of \�str":8a;b 2 A� : a �str b ) a �mon b:For any relation \�" 2 f\�str",\�mon"g, and any a;b 2 A� a \�"-meet offa;bg is an element of maximal length in the set of \�"-lower bounds of the pairfa;bg. A pair of words may have more than one \�"-meet.In other words, a \�str"-meet of (a;b) is a 
ommon substring of maximal length;a \�mon"-meet of (a;b) is an element of maximal length that 
an be (in
reasingly)mapped into both a and b.Any meet \operation" is idempotent, 
onmutative, asso
iative, the empty stringis the null element, i.e.nil is the only \�"-meet of nil itself and a; 8a;and it is 
onsistent with the ordering:(a is the only \�"-meet of a and b), (a � b):Any meet operation in A� has no unit be
ause A� is not upperly bounded.Proposition: 8a;b 2 A� if n = length(a) and m = length(b) then a �str-meet
an be 
omputed in O(nm) symbol s
annings over a and b.3



Proof: Let's slide a over b. At ea
h new position we 
he
k along a for symbolequality to �nd the longest 
ommon substring of a and b. We keep tra
k of theselongest 
ommon substrings in order to 
hoose, at the end, the greatest of them all.The pseudo
ode to 
ompute the \�str"-meet of (a;b) is the following:f for i = 1; : : : ; m doflet si be the longest 
hain of the formsi = [bi+ji+k�2℄1�k�ki = [aji+k�1℄1�k�kifor some ji and ki g ;let i0 be su
h that length(si0) = Maxi�m length(si) ;return si0g The 
omputation of a \�mon"-meet of two given strings a;b is more 
omplex. Infa
t, this problem 
an be posed as an equivalent problem in Graph Theory. Indeed,let Ga;b = (V;E; w) be the weighted digraph whose sets of vertexes and edges arespe
i�ed as follows:V has n +m vertexes, one for ea
h appearan
e of any symbol in a and b,E has two kinds of edges: if 
i
i+1 is a pair of 
onse
utive symbols in a or b, then
i
i+1 is an edge, of weight 1; if a symbol 
 appears in both a and b then thereis an edge 

 going from the 
 in a to the 
 in b, of weight n +m, and there isalso a ba
k edge 

 going from the 
 in b to the 
 in a, of weight n+m as well.Initial vertexes Correspond to the �rst symbols in a and b.End vertexes Correspond to the end symbols in a and b.Extremal path Is a path going from an initial vertex to an end vertex withoutvisiting twi
e any vertex.Any \�mon"-meet of a;b 
orresponds naturally to a extremal path of maximmumweight in Ga;b.Thus the problem to �nd a \�mon"-meet is equivalent to �nd a maximmumextremal path.Let \�" be an ordering in A�. 4



If a;b 2 A� are two strings su
h that a � b let us denote by b � a the wordobtained from b after deleting the image of a into b.Let us 
onsider the fun
tiond� : A� � A� ! R(a;b) 7! d�(a;b) = length(a� 
) + length(b� 
)where 
 is a \�"-meet of a and b.Clearly, d� is a distan
e in A�.Remark: d�mon is a re�nement of d�str in the following equivalent senses:1. 8a;b 2 A� : d�mon(a;b) � d�str(a;b):2. The topology indu
ed by d�mon is a re�nement of the topology indu
ed byd�str.3. The identity map (A�; d�mon)! (A�; d�str) is 
ontinuous.Let h : R+ ! [0; 1[ be a di�erentiable in
reasing homeomorphism, for instan
e,x 7! x1+x . Then 8x; y 2 R+ : h(x + y) � h(x) + h(y):The fun
tion d̂� = h Æ d�is a distan
e. It is the normalized distan
e indu
ed by d�.Let s� : A� � A� !℄0; 1℄ be de�ned as8a;b 2 A� : s�(a;b) = 1� d̂�(a;b):s� is a similarity fun
tion: the 
loser to 1 is the value s�(a;b), the strings a and bare more likely. The similarity properties areDe�niteness 8a;b 2 A� : 0 � s�(a;b) � 1 ands�(a;b) = 1 , a = b:Symmetry 8a;b 2 A� : s�(a;b) = s�(b; a):5



\Triangle inequality" 8a;b 2 A� :8
 : s�(a;b) � Maxfs�(a; 
)� d̂�(
;b); s�(
;b)� d̂�(a; 
)g:Remark: The 
al
ulations of d� and s� have the same 
omplexity as the 
al
u-lation of \�"-meets.Conversely, we may 
onstru
t a \pseudosimilarity" fun
tion before a 
orrespond-ing distan
e. Namely, let \�" be an ordering in A� related to a sort of string in
lusion.Given an in
reasing homeomorphism h : [0;+1[! [0; 1[,h(0) = 0h(x) �!x%+1 1;let s� : (a;b) 7! h Æ length(
), where 
 is a \�"-meet of a;b.For instan
e, if we 
onsider as h an homote
y 
omposed with the hyperboli

otangent ha : x 7! 
oth(ax) = eax � e�axeax + e�ax ; a > 0;then, by modifying a, we 
an make as \pseudosimilar" as we like any two strings witha 
ommon substring of positive length.s� is not a similarity fun
tion be
ause it doesn't happen thats�(a; a) = 1:In fa
t, we have s�(a; a) �!length(a)%+1 1:Thus a string is more pseudosimilar to itself as it is longer.Nevertheless a pseudosimilarity fun
tion may be used to 
olle
t strings by 
onsid-ering the pairwise likelyhood of the strings.2.2 Clustering analysisLet A be a �nite alphabet and let d : A� �A� ! [0; 1℄ be a normalized distan
e. Lets : A� � A� ! [0; 1℄, where s = 1� d, be its 
orresponding similarity fun
tion.The Clustering Problem is the following:6



Instan
e: A set W = fwjgj � A� of strings.Goal: A partition PW = fPigi of W su
h that ea
h Pi is a 
luster whi
h 
olle
tsthe more pairwise alike strings.There has been some remarkable methods in the literature to solve the ClusteringProblem. We will review two of them. In spite that we will present the methods
onsidering just distan
es between strings, they 
an be re
onstru
ted to 
onsidereither similarity fun
tions or pseudosimilarity fun
tions.2.2.1 Adaptive sample set 
onstru
tionThis method 
lassi�es a set of strings by 
lustering in a 
over with no previouslyknown number of 
lasses. In the �rst part, it takes a set of the given strings as alearning set to re
ognize the 
lusters. After that, any new string is 
lassi�ed in the
luster in whi
h it �ts better.It is very important to sele
t a representative element in the 
luster, whi
h isintended to be an average element in the 
lass, and to measure distan
es between
lusters.Let us go into the preliminaries of the method.Let P 2 A� be a �nite set of m strings. For ea
h w 2 P letdP (w) = 1m� 1 Xv2P�fwg d(v;w)be the average distan
e between w and its 
ompanion elements in P .Let the intraset distan
e in P be the average of those average distan
es:Intra(P ) = 1m Xw2P dP (w):An average element in P is an elementw0 2 P that \realizes" the intraset distan
ein the set, i. e. it is su
h thatjdP (w0)� Intra(P )j = MinfjdP (w)� Intra(P )j : w 2 Pg:Given two sets of strings P1; P2 2 A�, with m1 elements and m2 elements respe
-tively, the interset distan
e between P1 and P2 isIntra(P1; P2) = 1m1m2 X(w1;w2)2P1�P2 d(w1;w2):7



Learning pro
ess Suppose given a set of learning sample stringsW0 =fwjgj � A� and a �xed ratio � to bound the intraset distan
e in the 
lusters to beformed.Algorithm:1. Let P 
onsist of the �rst string P = fw1g, let wP = w1 be the average elementin P and let the 
urrent partition be P = fPg.2. Repeat the following 
y
le till no further modi�
ations in P were done.(a) For ea
h word w 2 W0 do the following:� If there is P 2 P su
h that d(w;wP ) < � then{ put w into P , and{ re
al
ulate the average element wP .otherwise{ de�ne a new 
luster P 
onsisting of just w with average elementwP = w,{ enlarge P by putting into it the new 
luster P .(b) Repeat the 
y
le.Classi�
ation pro
ess After the re
ognition of the 
lusters, any newstring is 
lassi�ed into the nearest 
luster.2.2.2 \Maximin" distan
eThis algorithm builts also the 
lassifying 
lasses and it puts into them the givenstrings.Suppose given a set of sample strings W = fwjgj � A�. The �rst 
luster is�xed by the �rst string. Later on for any non-
lassi�ed string w let us order therepresentative elements of the formed 
lass a

ording to their distan
es to w. Let ustake the shortest distan
e. Then we take the greates of su
h distan
es, varying wand we 
ompare the obtained value with the average interset distan
e of the formed
lasses 
lass in order to de
ide whether we de�ne a new 
luster or we in
orporate winto an already formed 
lass. More pre
isely, let us pro
eed as follows:Algorithm: 8



1. Let z1 = w1. Mark w1 as 
lassi�ed.2. Let j1 be su
h that d(wj1; z1) = Maxfd(w; z1)jw 2 Wg.3. Let z2 = wj1. Mark wj1 as 
lassi�ed. z1; z2 are the 
enters of two 
lusters P1; P2whose ratios 
oin
ide with 12d(z1; z2). Let P := fP1; P2g and mP := 2.4. While there remain any non-marked elements in W do the following:(a) Let � be the average distan
e between any two z's:� := 1(mP � 1)mP X1�i1<i2�mP d(zi1; zi2):(b) For any non-marked element w in W ,� let i(w) be su
h thatd(w; zi(w)) = Minfd(w; zi)ji 2 [1; mP ℄:g(
) Let j1 be su
h thatd(wj1; zi(wj1 )) = Maxfd(w; zi(w))jw 2 W has not been markedg:� If d(wj1; zi(wj1 )) > � then{ Let mP := mP + 1, and zmP := wj1,{ de�ne a new 
luster with 
enter zmP , ratio � and{ mark wj1 as 
lassi�ed,otherwise{ put wj1 into the 
luster 
entered at zi(wj1 ),{ mark wj1 as 
lassi�ed.� Look up for another non-marked element in W .(d) Repeat the 
y
le.
9



2.2.3 String 
lusters and CFG'sIn this se
tion we sket
h a pro
edure to build a 
ontext free grammar (CFG) togenerate a set of strings that have been 
lassi�ed into several 
lusters.Let d : A� � A� ! R be a distan
e in the di
tionary of A, let's assume that d isde�ned by the \�str" ordering in A�.Let W = fwjgj � A� be a given language.Let us assume that P = fPigi is a partition of W by 
lusters:8w 2 W9!P 2 P : w 2 P8w;v 2 W;P 2 P : w 2 P;v 62 P ) Maxu2P d(w;u) < d(w;v)Inner-
luster word generationLet P = fw1; : : : ;wkg be a 
luster. For any two strings wi;wj 2 P let uij be theirmeet. Sin
e wi;wj are in P we may expe
t that any uij is as longest as possible.We are going to 
onstru
t a CFG GP su
h that8w : w 2 P ) w 2 L(GP ):A pairwise method: Let L be the list 
onsisting of the set of �k2� = k(k�1)2 pairsof elements in P ordered in
reasingly by the size of their \�str"-meet. We pro
eedas follows:1. Initially, the set Va of grammar variables and the set Pr of grammar produ
tionsare empty.2. For ea
h pair fw;vg in L do the following:(a) Let u be the meet of fw;vg.(b) Add a new grammar variable symbol V , put it into Va and add the pro-du
tion V ! u into Pr.(
) Substitute all the appearan
es of the string u in strings in P by V . (Notethat it is not ne
essary to re
al
ulate distan
es: they may disminish by auniform number.)(d) Supress in L the pair fw;vg.(e) Repeat the 
y
le. 10



3. Add a new grammar symbol VP , whi
h will be 
onsidered as the initial symbolin P . Put VP into Va.4. For any w in P (whi
h has been rewritten by the above pro
ess and may 
ontaingrammar variables) add the produ
tion VP ! w into Pr.Evidently GP = (Va; A;Pr; VP ) is a CFG that generates the strings in P .In this 
onstru
tion we may asso
iate to ea
h variable symbol V 2 Va a levelvalue:� If V derives dire
tly only strings in A� then Level(V ) = 1.� If V derives dire
tly a string that involves a symbol of level n�1 then Level(V ) =n.A 
entered method: Let us order the strings in P by their average distan
esto their 
ompanion elements in P :8w 2 P : dP (w) = 1m� 1 Xv2P�fwg d(v;w):In this method we will 
ompare the average elements with all other elements to �ndthe grammar produ
tions. More pre
isely we will pro
eed as follows:1. Let P 0 be a 
opy of P . Let Q0 be the list of pro
essed strings in P . Initially,Q0 isempty, the set Va of grammar variables and the set Pr of grammar produ
tionsare empty as well.2. While P 0 has more than one string do the following:(a) Let w0 2 P 0 realize the average of the average intraset distan
es in P 0, i.e.if �P 0 = 1
ard(P 0) Xw2P 0 dP 0(w)then w0 is the average element satisfyingjdP 0(w0)� �P 0j = MinfjdP 0(w)� �P 0j : w 2 P 0g:(b) Pop out w0 from P 0 and push it into Q0.11



(
) For ea
h w 2 P 0 do the following:� Let u be the meet of fw;w0g.� Add a new grammar variable symbol V , put it into Va and add theprodu
tion V ! u into Pr.� Substitute all the appearan
es of the string u in strings in P 0 by V .� Repeat the 
y
le.(d) Che
k the size of P 0 to de
ide whether to repeat this pro
ess.3. Add a new grammar symbol VP , whi
h will be 
onsidered as the initial symbolfor 
luster P . Put VP into Va.4. For any w in Q0 add the produ
tion VP ! w into Pr.Global word generation Now let us 
onsider the whole 
lassi�
ationof a given set of strings W into a 
lustering P.We pro
eed iteratively to built a global CFG GW;P that generates the set of givenexamples W :1. For ea
h P 2 P, 
ompute the \lo
al" CFG GP as has been explained before.2. Sustitute the strings that are 
onsequen
es of produ
tions in GP by their 
or-respondent variable symbol in all the strings that belong in any other 
lusterQ 2 P. Pro
eed a

ording to a 
luster ordering and the level values of variablesin GP .3. Colle
t the obtained set of words by the above transformations, into a new setof 
lusters.4. Repeat the pro
ess:�Constru
tion of lo
algrammars. � ! 0BB�\Inverse" sustitutionsof produ
tions in a lo-
al grammar in theother 
lusters. 1CCA! �Constru
tion of a new
lustering. �till any of the following 
onditions are satis�ed:12



� The 
lusters in the new 
lustering are all monads.� The new 
lustering does not \re�ne" the last 
lustering.� The new 
lustering 
onsist of just one 
luster.5. Finally, add a new grammar symbol VG, whi
h will be 
onsidered as the initialsymbol of the whole grammarG. Add the produ
tions VG ! VP for ea
h 
lusterP in the last 
lustering obtained.The obtained CFG GW;P may have many \unit produ
tions". They shall be elimi-nated in an equivalent way.2.3 Heuristi
s for string 
luster analysis2.3.1 Heuristi
s based on substring positioningLet us follow the next 
riteria to distinguish some string sets:1. Let l0 2 N be a threshold. The set of l0-long strings is de�ned as follows:8a 2 A� : length(a) > l0 ) a 2 Long(l0):2. For any substring a0 2 A� let us 
onsider the setsPr�x(a0) = fa 2 A � j9b : a = a0bgIn�x(a0) = fa 2 A � j9b; 
 : a = ba0
gSu�x(a0) = fa 2 A � j9b : a = ba0g3. Given any partition P in A� in ea
h set P 2 P we may 
onsider a spe
i�
re
ognition pro
essing.We will 
onsider spe
i�
 pro
essings in ea
h subset 
onstru
ted above.Spe
i�
 pro
essings Let us modify the algorithm \MaxiMin" in orderthat it distinguishes appearen
es of substrings in spe
i�
 relative positions of any twowords. We will apply this modi�
ation in sets of the form Long(l0), for a thresholdl0 2 N . Later on, we may repeat this pro
edure with an smaller l0 2 N .13



Input: 1. A set W = (wi)i of example strings.2. A 
ag � 2 f0; 1; 2g that indi
ates whether we arelooking for pre�xes, in�xes or su�xes in pairs of strings.3. A threshold l0 2 N .Output: A 
lassi�
ation of the words in W whose length ex
eeds l0.In fa
t, the modi�
ation 
onsists of \MaxiMin" applied to the setWl0 =W \ Long(l0);with distan
ed� : (w1;w2) 7! 8><>: length(w1 � 
0) + length(w2 � 
0) if � = 0d�(w1;w2) if � = 1length(w1 � 
2) + length(w2 � 
2) if � = 2where 
0 : is the longest 
ommon pre�x of w1 and w2,and
2 : is the longest 
ommon su�x of w1 and w2.Remarks:1. A

ording to the value of the parameter � the above pro
edure introdu
es inWl0 a partition whi
h is a re�nement of the 
over in Wl0 indu
ed by the 
oversPr�x(a0;j)j2JIn�x(a0;j)j2JSu�x(a0;j)j2Jwhere (a0;j)j2J is a �nite set of substrings.2. It is important to distinguish relative positions in 
ommon substrings be
auserelative positioning is 
ongruent with some semanti
 features of substrings 
om-ing fron natural languages dis
ourses. Indeed,� in the 
ase of words in a natural language 
ommon parti
les may determine{ (
ommon) grammar 
ategories of word pairs,{ the in
exion type that is a�e
ting a word, and14



{ phonologi
al 
hara
teristi
s,� and in the 
ase of senten
es in natural language{ the 
ommon pre�xes may be identi�ed with new non-terminal gram-mar variables,{ by 
lustering the set of senten
es with respe
t to 
ommon pre�xesthe 
onstru
tion of a 
ontext-free grammar will emphasize rightmostderivations,{ the synthesis of produ
tions may be done by renaming variables, i. e.by introdu
ing unit produ
tions,{ the synthesis of produ
tions 
an be done in a more eÆ
ient way withsome \partial learning": Some senten
e 
lasses are previously de�ned,
orreponding to senten
ial forms, then the grammar rules are built inorder to re
ognize the senten
e examples and, at the same time, topreserve the sentential forms.3 Indu
tion of grammars based on pattern re
og-nition3.1 Substring 
omparisonLet A be a �nite alphabet.3.1.1 String 
odingsWe will introdu
e the notion of string mat
hing whi
h will allow us to re
ognizefrequent appearan
es of substrings in a sample set of strings.A mat
hing is a pair (a;b) 2 A�A+. The mat
hing (a;b) will be written also asa! b.Given a subsetM � A�A+ of mat
hings, the notion between words \x mat
hes y"in A� is de�ned as follows:1. If a! b is a mat
hing then b mat
hes a.2. If bi mat
hes ai, i = 1; : : : ; n, then b1 � � �bn mat
hes a1 � � �an.3. If a! b is a mat
hing and 
 mat
hes b then 
 mat
hes a.15



String Code Mat
hings11011 1a10a2 a1 ! 1a2 ! 1a1111111 1a1a2a3 a1 ! 1a2 ! 1a1a3 ! a2ABCOABCV AB ABCOa1V a2 a1 ! ABCa2 ! ABABCOABCV AC ABCOa1V a2a3 a1 ! ABCa2 ! Aa3 ! CFigure 1: Codings of strings: In the examples, the variable symbols are numbered intheir order of appearan
e.Let us assume that A0 is a �nite alphabet that extends A. Let us 
onsider A00 =A0 � A as a set of symbol variables. An (A0; A)-mat
hing is a mat
hing a ! b in A0su
h that a 2 A00.Let F(A0) = fx 2 (A0)�ji 6= j ) xi 6= xjg be the set of strings in (A0)� withoutsymbol repetitions.A 
oding is a pair (x;y) 2 A� � F(A0) together with a set of (A0; A)-mat
hingsM = fa ! bg su
h that x mat
hes y, with respe
t to the given set of mat
hings,and A0 is an extension of A.A 
oding may be built dire
tly for any given word x: At ea
h symbol xi in xwe 
he
k whether at the i-th position starts a substring that has been already beenpro
essed in x, in this 
ase, a new variable symbol is 
reated, say a, and the longeststring b starting at xi that has appeared repeated in x is sele
ted. Append in the
ode sequen
e the symbol a, add the mat
hing a ! b and substitute any furtherappearan
e of b by a in x. Repeat this pro
ess to the end of x.Examples: In Fig. 1 we present some examples of the proposed 
oding.A more elaborated example is the following:Let a sequen
e of mat
hings be de�ned iteratively,a0 ! 1 and8k � 0 : ak+1 ! 1a1 � � �ak16



Then 1(2k) mat
hes with ak, for all k � 0.For any n � 1 let n = [1nk�1 � � �n1n0℄2 be its binary representation. The sequen
e1(n) 
onsisting of exa
tly n 1's is 
oded by the sequen
e1a1 � � �ak�2ak�1bkbk+1 � � � b2k�1
onsidering that, for the variables b's, we have put the mat
hingsbk+j ! ( ak�j�1 if nk�j�1 = 1nil if nk�j�1 = 0 ; j = 0; : : : ; k � 1:
3.1.2 Grammar 
onstru
tionFor a given set of words W � A� we will build a CFG GW su
h that W � L(GW ),i.e. W is generated by the grammar GW , as follows:1. For ea
h w 2 W let w
 be its 
oding and let Rw be the 
orresponding set ofmat
hings.2. Rename the variables appearing in Sw2W Rw in su
h a way that any two mat
h-ings with the same 
onsequen
e have equal ante
edents:8(a1 ! b1); (a2 ! b2) 2 [w2W Rw : [b1 mat
hes b2℄) [a1 = a2℄:3. In
orporate all the mat
hings as produ
tions in GW .4. Apply, in an inverse way, the 
urrent rules in GW into all the sample words, i.e.8(a! b) 2 fprodu
tions in GWg; 8v 2 W : substitute any substring in v thatmat
hes with b by the symbol a.5. Repeat the following till no new produ
tions are produ
ed:(a) For any pair of di�erent words w;v 2 W do the following:i. Cal
ulate the greatest substring u 
ommon to both w and v.ii. Create a new variable symbol a, in
orporate the produ
tion a ! uinto GW , and substitute by a any substring in any word of W thatmat
hes with u. 17



iii. Continue the 
y
le with another pair of words.(b) Che
k whether GW has been modi�ed to repeat the 
y
le above.6. Create an initial variable symbol a0 and for any word w in W (whi
h has beenrewritten by the above pro
ess), add the produ
tion a0 ! w to GW .7. \GW is the sought grammar."Later, the grammar GW may be simpli�ed by eliminating unit produ
tions. Some
hara
teristi
s of our 
onstru
tion are:� As we have renamed some variable symbols it may happen that re
urrent pro-du
tions had arouse.� The 
onstru
tion of GW is strongly dependent with the order in whi
h the wordsin W are pro
essed.� In the above pseudo
ode, we begin with an \empty" set of produ
tions in thegrammar GW . A
tually we may begin the pro
ess with some \heuristi
" rulesalready in
orporated into GW . In this way we 
an in
orporate e�e
tively someheuristi
s into the grammar GW .4 Con
lusionsThe pro
edures shown in this paper do not require any previous knowledge of thenatural language stru
ture. Thus, the formal grammar that they build may notne
essarily be 
onsistent with a formal grammar of natural language that follow the
lassi
al linguisti
 approa
h. Our pro
edures follow instead 
lassi
al approa
hes inPattern Re
ognition. We look toward pro
edures to 
on
iliate these two di�erentapproa
hes.The proposed methods are very pro
edural and e�e
tive. They allow to build aCFG that parses the senten
es in the given 
orpus or the words in the given lexi
on.However they give rise to unnatural grammar 
ategories sin
e they may form a 
on
eptthat in spite that it embbeds string similarities it does not 
orrespond to any \natural"
ategory, in fa
t it may 
olle
ts similar two strings in di�erent \natural" 
ategories.
18
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