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ABSTRACT

A Locally Testable Language in the Strict Sense {(LTSS) is a
language that is strictly k-Testable for some k. A k-Testable
Language in the Strict Sense (k-TLSS) is essentially defined by a
finite set of substrings of length k that are permitted to appear
in the strings of the language. This paper is concerned with the
inductive inference of automata that recognize LTSS's from
samples of these languages. Given a positive sample R of strings
of an unknown language, an algorithm is proposed which obtains a
deterministic finite automaton that recognizes the smallest k-
TLSS containing R. Moreover this algorithm can be implemented to
run in O(knlogm), where n is the sum of the lengths of all the
strings in R and m is the number of permitted segments of length
k. Also, for a given k, the proposed method is shown to actually
identify the source k-TLSS language in the limit, from only a
positive presentation of this language; furthermore, if it is
only known that the source language is a LTLSS language, then a
method is given which identifies this language in the limit, from

& complete presentation (both positive and negative samples).
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1. INTRODUCTION..

It is known that the class of regular languages remains
unidentifiable from positive data in the limit [11]. However, a
characterization of the classes that are identifiable from
positive presentation was established by aAngluin [3]. Moreover,
she has proved the learnability of the class of k-Reversible
languages and proposed a polynomial time algorithm  which
identifies such a class from positive data in the 1limit [41.

This paper deals with the inferability of an important family
of formal languages: the clasg of Lecally Testable Languages in
the 8triect Sense (LTISS). The family of Locally Testable
languages is a Proper sub-family of Star Free languages of dot-
depth 1 [5]. Previous works on the inference of the class of
LTLSS's can be found in [9] and more recently in [21]. Some
applications of learning of k-LTLSS's to Pattern Recognition (PR)
problems was developed in [10].

Informally speaking, a k-Testable Language in the Strict Sense
(k-TLS8) is defined by a finite set of substrings of length 'k
that are allowed to appear in the strings of the language.
Concepts which are more or less related to k-~TLSS's have been
widely used in Information Theory and, also in practical PR, K-
Testable stochastic Languages in the Strict Sense are directly
related to order~k Markov Sources (see e.g. [1]), and the
frequencies (probabilities) of occurrence of substrings of
increasing lengths have been utilized as succesive approximations
to characterize natural languages [16], [17]). On the practical
side, these concepts have led to quite useful computer programs
for sSpelling correction like the famous TYPO on UNIX (see e.qg.
{13], and also to successful approaches to speech recognition
(6], and phoneme to text (stenotype) transcription [7]. On the
other hand, the concept of "N-gram" (which also comes fron the
terminology of Markov Sources) has been successfully utilized in
other practical PR systens, many of which are also related with
speech and/or waveform recognition, [18], [19], [207.
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2. LOCALLY TESTABLE 8ETS.,

Let Zk=(z,Ik,Fk,Tk} be g four-tuple, where 3T is a
finite alphabet, Ip Fi QET: 21 are two sets of injtial ang final
Segments, respectively, and Tkggzk is a set of forbidden gegments
of length k. A k-Testable Language in the Strict Sense (k-TLsS)
is defined by the regular expression

1 (%) - (Ix=%) n (2*F) - (z*1Tz*) (2.2)

The strings in 1(Zy) can therefore be characterized as
follows: they start with segments in I, they end with segments
in Fr, and they do not have any segment of length k which is
in Ty. an interesting subclass of k-TLSS is the class of 2=
TLS8's, which are also referred to as Local Lanquages [15], [8].
On the other hand, the class of all k-TLSS's for any k is
referred to as the class of Locally Testable Languages in the
Strict Sense (LTLSS). The entire family of k-Testable Languages
is defined as the boolean clousure of k-TLSS's. The above
definitions of k-TISS and LTLSS are quite similar to those of
[12] and [233, [5] though conveniently adapted to include Local
Languages as a natural k=2 case.

3. SBMALLEST K-TLSS CONTAINING A POSITIVE SAMPﬁE.

Iet R be a learning set (positive sample) and k21. We can
uniquely associate a four-tuple Zk(R)=(E(R),Ik(R),Fk(R),Tk(R))
with R as follows: "

Z(R): set of the symbols that appear in the words of R.

Ix(R) = (u| uver, |u]=k-1, VeX(R)*) U {x¢R| | %] <k-1}
“(initial segments of length at most k-1 of
the strings in R).

Fi(R) = (v| uver, [v]=k-1, UeZ(R)*) U (xeR| x| <k-13
(final segments of length at most k-1 of
the strings in R).
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T (R) = Z(R)“-{v] uvweRr, |v|=k, u,wez(R)*)
SR (segments of 1length k not appearing in’ the
strings of R). ' (3.1)

In the sequel, a k-TLSS 1(Zi(R)) will be denocted as 1L (R).
The following results establish some important relations between
R and 1yx(R) [9].

Lemma 3.1. R €1y (R} Vk21.
Theorem 3.1. 1,(R) is the smallest k-TLSS that contains R.

Proof. TLet 1' be a k-TLSS such that RC1l'. We have to prove
that, for any such 1', 1. (R) € 1'.

For every xes” and k21, let us define a k-test vector
(ig_1 (%), Ex_3(X),tp (%)) as follows:
x 1f |Jx|<k

ig-1(x) =
u if x=uv, |u|=k-1, vezt
x if |x|<k
feq () =
v if x=uv, |v}=k-1, uest
typ(x) = (v] x=uvw, |v|=k, u,vez*}

By contradiction, let us assume that 1 (R)-1'#¢. Then, there
exist an xez* such that xelp(R), and x§1':

ix-1(xX)€ Ix(R) and fy.q(x)eF(R) and ty (x)S zK-Ty (R).
If (£,I',F',T') is the four-tuple defining 1', then:

1p-1(x)fI' or fy_q(x)¢F' or ti (x)¢sK-T'. But then JyeR such that
k-1 k-1 k
v¢l', and therefore R ¢ 1'. "

Theorem 3.2, Let R'C R. Then Ik (R')E 11 (R).
Theorem 3.3. Let k21. Then 141 (R) = 1 (R) [9].

Corollary 3.1. Let k>maxy.plx|. Then 1, (R)=R.
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4. INFERENCE ALGORITHM,

Based on the above construction, we propose the k-TssT
algorithm for the inference of k-TILSS's:

kX-TSST _algorithm // Obtains a DFA which accepts the smallest
k-TSSL containing R//
Input: k22, R: set of training strings.
// the case k=1 is trivial since ¥R Z7(R)=(Z(R), {e},{e},¢) and

11 (R)=Z(R)*// o
output: DFA Ap= (Q,3,4,dy,0¢) //9< 1% =, qpeq, of < a,
§ < (OxExQ)// |
Method
(2,1,F,T):= (£(R), Ix(R), Fi(R), Tr(R)) ;
Qi= {e}; 6:= ¢; dgi= e; // e is the symbol for the nuill
string //

V aj...ap €I for j:=1 te m
Q:= QU {al.."aj};
= & U {(al...aj_l,aj,al...aj)}; //ai...aj = e iff

end for end v
V aj...ap e(Ek—T)
Q:= QU {az...ak};
= & U {(al.“.ak_l,ak,az...ak)};
end Vv
Qp:= F; Ap:= (Q:E;S:QQer}F
end k-T8S8I

The following examples illustrate the proposed learning
algorithm:

Example 1. ILet R = {abba, aaabba, bbaaa, bba)} and k = 2.
Then Z,(R) = ({a,b}, {a,b}, {a}, ¢). Also if k¥ = 3, then
Z3(R)=({a,b}, {aa,ab,bb}, {aa,ba}, {a,b}3~{aaa,aab,abb,baa,bba})"
From Z,(R) and Z3(R) and following the k-TSSI algorithm, we
obtain the automata A, and A, show in Fig. 4.1
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Fig. 4.1: Inferred automata for k=2 and k=3.

The correctness of the k-TSSI algorithm is established by the
| following theorem [9]:

é Theorem 4.1. Let an R be a positive sample, and let Ay  (k22)
be the automaton obtained from R by the k-TSSI algorithm. Then

lk (R) =L(Ak) .

Proof.

Let x=aj...ap€ly (R)

a}) Let m>k. Then:
81...85_1€Ix (R} ; An-k+ze - 2p€FR(R) ;

aj. - .aj+k_162k(R) -T) (R), 3=1,...,m-k+1.
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w

From the k-TSSI algorithm
a(al.-.-a_j__l,aj) = al'..aaj, j=1,-u.,k"‘l, //ala0=9//

& (-ai. cs8i4k-2rB8i4k-q) = Aj4reee@itp_1, i=1,... P

qm-k+2 -+ -An€Qf

We can now conclude that §(e,ay...ay) = @1.+-.an€0f, and XeL(Ay).

b) Let m<k. Then: Ay~ +-an€lx (R)NFi(R).
From the above construction s(alu..aj_l,aj) = al...aj,
j=i,...,m, and a1-..ap€6Q¢.

But then S(e,al...am) = 8j...2p€Qf, and ¥€Ly (R) .

2. L(Ay)c1p(R)

Since, by construction, Ay 1is deterministic, and consequently
unambiguous, this can be easily proved by fellowing the steps of
the previous part of the proof in reverse order. »

From this theorem and 3.1, we see that the automaton A
inferred from R for a given value of k22, accepts the smallest k-
TLSS containing R. Also, using theorem 3.3 and coreolilary 3.1, we
can see that, for a given sample R, increasing values of k,
produce increasingly restricted languages. Therefore, the
proposed GI algorithm permits a variety of solutions to a
given inference problem to be obtained by changing the value of
k from 2 to the length of the longest string in R. These
solutions supply languages which span from the smallezst TIocal
Language (2-TLSS) containing R, to exactly R (Fig 4.2).
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l; (R) = =
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Fig.4.2. Range of languages which can be inferred with the k-TSSI

algorithm from a given positive sample (m>maxy.glxl).

5. IDENTIFICATION IN THE LIMIT OF LOCALLY TESTABLE LANGUAGEE IN
THE STRICT BENSE

A characterization of the classes of languages that are
identifiable from only positive samples in the limit is given in
{3]. In particular, every finite collection of languages is
identifiable in the 1limit from positive presentation. For
_ instance, given a finite class of languages, an algorithm with
input R which obtains the smallest language in the class
containing R, identifies such a class in the limit.

Theorem 5.1. The k-TSSI Algorithm identifies any k~TLSS in the

1imit from positive data.

Proof. Given a finite alphabet = and a positive integer k,
the number of different kK-TISS's over % is finite. Theorems 4.1

and 3.1 suffices for proving that the k-TSSI algorithm identifies

the class of k-TLSS's. =
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Note that, despite this result, the class of Locally
Testable TLanguages in the Strict Sense (LTLSS) (k~=TLSS for any
k), as a whole, remains unidentifiable in the limit from only
positive presentation sequences. However, the proposed inference
algorithm can be effectively used to identify any language from
this class in the limit through a complete (both positive and

negative) presentation sequence of the language [11]. From
Theorems 3.3, 4.1, and 5.1, this can be accomplished by starting
with k=2 and using successive positive samples to infer
progressively larger (less restricted) 2-TLSS's until a negative
sample, which is incompatible with the current language, appears.
Then k is increased by one, and the process continues in the same
way with the successive samples, Eventually, the correct value of
k will be reached and then, following Theorems 3.1 and 3.2, no
other negative sample will ever be incompatible. The inferred
language will then grow progressively with the successive
positive samples until the source k-TILSS is exactly identified,
thus effectively stopping the changes of the output automaton,

: which 1is precisely the condition assessing the identification in
J the limit [11].

: 6. SIZE OF THE INFERRED AUTOMATA AND COMPLEXITY OF THE
1 INFERENCE ALGORITHM

Let Zyp=(Z,1y,Fx,Tyx) be the four-tuple which defines a k-TLSS
from which R has been drawn, and let T'=Ek-Tk. It foliows from
the k-TSSI algorithm that the maximum total number of transitions

of Ay is [&|=]|14|+]T'], where Ip = (uex*: uvelp, veIZ*).~
_ Therefore, since for non-trivial k-TLSS's |[I,|<|T'|, and since
e ; for every finite automaton [Q[<|é|, we can write:
lél =odlerly;  Jal =odr'h: B=o(z) (6.1)
; where B is the maximum number of transitions associated with any
state of Ay ("Branching factor"). These bounds are given in
s
- terms of the complexity of the language which 1is being
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inferred. This complexity can in turn be bounded for given k
and % as |T'| < |z]|X, yielding:

k1,
ls] = odlzl®: Tel = |uztlsa=(Izl*-1)/(Iz]-1) = o(]z|*1);
B = o(|z]) i (6.2)

In practice, however, the source language is not often (well)
known and one would prefer the growing rate of the inferred 1
automaton to be given as a function of only the size of the given ]
positive sample. 1In this case, fdllowing (3.1) one can readily _
verify that, if Zk(R)=(2(R),Ik(R),Fk(R),Tk(R)) is the four-tuple ;
associated with R, then Izk(R)-Tk(R)] Sn= L&xlxl, and from P |
(6.1), we have:

m

|§]=0(n) ; lQl=o(n); B=0(|Z(R)|); (6.3)

It should be noted, however, that if the source language is
really a k-TLSS, the bounds (6.3) (and also (6.2)) can become
rather pessimistic. This is because, as n gets larger, all the

Lo N W

o

elements of 3, Iy, Fy, and T' will eventually have already

B R U

appeared in the strings of R, and then the inferred automaton
will in fact stop growing, whilest the above bounds will not.

The time and space complexities of the inference procedure
defined by (3.1) and the k-TSST algorithm, are established by the
following theorem.

Fe

Theorem 6.1.- Let 2x=(2x, Iy, Py, Ty) be a four-tuple defining 5
a k-testable language 1(2¢), let R<1(2y) be a positive sample, v t
and let Zy(R) be the four-tuple associated with R. An automaton |
Ax such that L(Ay) = 1(Zp(R)) can be inferred in O({knlogm)
time, and represented using O(m|=|) space, where n=g=%|x| and

m= | Ek—Tk l .

These bounds come from the fact that, by using the
appropriate linear data structures to represent the different
sets involved in the construction of Zx(R) and Ay, the reguired

set find-insert operations can be carried out in at most 0 (klogm) tl
time [2],19].
be
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Several facts should be pointed out concerning the above
bounds. First, if the source language is not known, but it is
known to be a k-TLSS over the alphabet £, one may realize that
m<|=|X, which leads to an inference time bound in 0O(k?nlog|z|).
On the other hand, if nothing is known about the source language,
one may see that Izk-Tk(R)l < n to obtain an inference time

- bound in O(knlogn). 1In this case, however, the same remarks that

have been made above about the bounds (6.3) apply.

7. LOCALLY TESTABLE LANGUAGES IN THE BTRICT BSENSE AND
REVERSIBLE LANGUAGES.

Recently, Angluin has proposed so called k-RT algorithm which
allows the identification of the class of k-Reversible (k-R)}
languages, (k20) from positive data [4]. Following Angluin, a
regular language L is said to be k-R iff whenever u)vw, u,vweL
and |v| = k, then (ulv)'l(L) = (uzv)'l(L) where, for every xex*,
x7H(L) = (yez*| xyeL)

Theorem 7.1. Let L be a regular language. If L is (k+1)-TLSS,
then L is k-Reversible. '

Proof

One may verify that for every u,v,weX* and |v|=k, the
following relation hold:
ig(uvw) = iy (uv), L (uvw) = fy(vw), and
Epyq (uvw) = tk+p(uv) U trrq (VW) .

Let L be a (k+1)-TLSS, and u;Vw,u,vweL, |v|=k. Then:
(ix(uqv) U ik(uzv))c:Ik+l; fr(vw) € Fryq

(Tx+1(U1V) U tyyq (Upv) Uty (vi) ) 564 Iom

We now show that for every zez*, uyvzel iff u,vzel.

Let wu,vzeL. Then fr(vz) € Frs1 @nd tk+l(vz)c:zk+1~Tk+l. But
then u,vzeL. The reciprocal follows analegously. -

Theorem 7.1 implies that the methods proposed in [4] could
be seen as applicable for the inference of k-TLSS's. However, the
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time complexity of Angluin's inference algorithm is O(kn3), anad
then, 1if the languages of interest can be assumed to belong to
the class of LTISS's, the methods proposed here can be chosen
with certain advantage over the (most general) methods available
for Reversible Languages. It should be noted that although the
automata inferred by the k-TSSI algorithm are not minima, their
size is bounded; then, from a practical point of view efficient
recognition algorithms can be applied [10]. Furthermore, even
taking into account the work required for minimizing these
automata, the overall cost remains advantageous.

8. RELATED WORKS

Recently an algorithm wich is essgentialy the same that our
k-TSSI has been presented, although from one point of view
slightly different [21]. The more original aspect of this work is
the study of the polynomial identifiability of the algorithm
considered in the way of Pitt [14]; i.e. a idéntifiable class of
languages C is identifiable in polynomial time using a given
class of representations iff there exist an algorithm identifying
C such that: 1) it has the polynomial update time property, and
2) there exist a polynomial p such that for any n, and for any
LeC that has a correct representation of size n, and for every
presentation of L, the number of implicit errors of prediction
made by the learning algorithm is at most p(n). Yokomori proved
in his version of the k-TSSI algorithm that the nunber of
implicit errors of prediction is bounded by |Z|n, where n is the
number of states of the cannonical acceptor of the unknown k-TLSS
[227.

8. CONCLUDING REMARKS

As it has been discussed in section 1, k-Testable Languages in
the Strict Sense can be adequately used to modelize certain
interesting Pattern Recognition problems f1o]. Furthermore,
following the representation theorem that establishes that every

336 Algorithmic Learning Theory

o

e < e FE~ Hi— b i b




eir
ent
ven

ese

our

riew

vthm

iven
7ing
and
any
very
tion
oved
of
the
TLSS

15 in
*tain
1ore,
wery

regular set is the homomorphic image of a 1local language, the
inference of k-TLSS's can be used as the basis of a general
methodology for +the inference of regular Jlanguages [8]. An
extension of these results to the inference of the most general
class of (non-strict) k-Testable Languages from positive data
does not seem easy. It can be easily shown from {3] that this
class is also identifiable. The question remains as to whether an
efficient procedure for carrying out the inference exists. While
a straighforward linear-time algorithm is proposed in [21] for
obtaining the sets of k-test vectors that represent the k-
Testable Language desired, whether a standard language
representation (grammar or automaton) for this language can be
efficiently obtained from these sets remains to be done.
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