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Abstract

A new tree language inference algorithm is proposed in this work. This algorithm extends a string language inference
algorithm which is based on error correction (ECGI). The algorithm proposed here uses the substructures which have
already been taken into account in a tree automaton, modifying the automaton in order to force it to accept the new
structures presented in the identification process. The proposed algorithm allows the use of more powerful represen-
tation primitives in pattern recognition tasks than the string primitives. It also takes advantage of the thoroughly tested
ECGI features used in speech and planar shape recognition tasks. © 2002 Elsevier Science B.V. All rights reserved.
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1. Introduction

The grammatical inference problem can be
considered as the process of obtaining the set of
rules of an unknown grammar G from a set of
samples. The samples may or may not belong to
the language L(G).

Among other important factors, the identifica-
tion on the limit paradigm (Gold, 1967) shows that
the presentation (positive or complete) of the in-
formation is key to obtaining a method which is
capable of learning a single given class.

Due to the scarce availability of negative sam-
ples (samples which do not belong to the target
language) in real problems, and the impossibility
of inferring in the limit even the regular language
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class with only a positive representation (Angluin,
1980), several approximations were developed to
make up for the lack of negative samples.

One of the techniques which has been tested
previously was the use of structured samples, that is,
skeletons which represent the derivations of strings
in a grammar (Sakakibara, 1990, 1992). From that
point on, other algorithms were developed to infer
tree languages (Garcia, 1993; Garcia and Oncina,
1993), thus allowing the objects to be modelled
with more powerful primitives in real tasks.

This work makes use of an error-correcting al-
gorithm introduced in (Lépez et al., 2000) which
gives a distance between a tree and a tree automaton
to propose a tree language inference algorithm as an
extension of an already existing string language in-
ference algorithm, the error-correcting grammar
inference algorithm (ECGI) (Rulot, 1992).

The ECGI algorithm, which was developed to
be applied on speech recognition tasks, has proven
to be efficient in other fields where the differential
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features of the representation are based on the
recognition of substructures, the length of these
substructures and their relative position in the
sample representation. This algorithm has been
widely applied with good performance results in
speech recognition and in recognition of two-di-
mensional shapes (Prieto et al., 1994; Vidal et al.,
1993).

In this work, for each new sample ¢, the tree
language inference algorithm proposed establishes
the set of edit operations needed to force the au-
tomaton to accept ¢. In this way, the path with
minimum cost will guide the creation of new states
and transitions in the automaton.

There are two reasons why this new approach
can be considered as a proper one for syntactic
pattern recognition (Fu, 1982; Gonzdlez and
Thomason, 1978). On the one hand, the repre-
sentation power of tree primitives is considerably
higher than string primitives. On the other hand,
this algorithm takes advantage of the ECGI al-
gorithm features that considers the substructures
which are already in the language as well as,
adding the new ones when they are presented in
the inference process.

This work begins with the introduction of the
concepts and the notation which is going to be
used, followed by the description of the algorithm
and the study of its complexity. It is then shown
how the increased representation power of the
domain objects does not imply an exponential in-
crease in the complexity of the recognition process.
A discussion explains the uniqueness of the infer-
ence result, and then the results obtained in the
experimentation are discussed. Finally, the con-
clusions and the future lines of work are presented.

2. Notation and definitions

Given an alphabet V' and the set of natural
numbers N, let a ranked alphabet be defined as the
association of ¥ with a finite relation r in (¥ x N).
Let ¥, denote the subset {a € V|(g,n) € r}. Now
let VT be the set of finite trees whose nodes are
labelled with symbols in V, and let a tree be de-
fined inductively as follows:

o C v,

o(ty,....t,) €V e V... .t,eV' aeV,.

Given a tree ¢, let the set of subtrees of 7 (de-
noted by Sub(¢)) be defined as follows:
Sub(a) =0 Vae,,
Sub(a(tr,...,1,)) ={tr,-..,t,} U | ) Sub(x)

i=1,...n

vrla---7tn€VT7 (NS V;/l

Let the size of a tree #, denoted by [¢|, be defined
inductively as follows:

la|=1: Vael,

ot t) =1+ > ]
i=1,..n

Vt,... . t,eVT aeV,.

Given a tree ¢, let leaves(#) be the set defined as
follows:

leaves(a) = {a} : Va € W,
leaves(a(ti,...,t,)) = U leaves(t;)

Vi, ... t, €V o€V,

Let a deterministic tree automaton be defined as
a tuple 4 = (Q,V,0,F), where Q is a finite set of
states; V is a ranked alphabet with ONV = ()
F C Qis a set of final states and 6 = (Jg, ..., d,) i8
a finite set of transitions defined as follows:

5n:(l/n><(QUV0)n)—>Q7 I’lzl,...7m7
oo(a) =a Yace.

o could be extended to operate on trees as follows:
VT = QUL

ooty ... t,)) = 0u(0,6(t1),...,6(t,)) if n >0,
o(a) = a.

A given tree, t € VT, is accepted by A if
0(t) € F. The sequence of transitions applied to
accept a tree is named path. The set of trees ac-
cepted by A is defined by L(4)={reVT|
o(t) e F}.

In this work, ¢ will be used to denote all the
symbols with arities which are greater than or
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equal to 1. Given X, the alphabet of symbols with
arity 0, we will deal with trees in V = {g} U ZX.
These trees are called skeletons, and we will make
no distinction between them and the trees in the
rest of the paper.

An algorithm that obtains the minimum
distance from a tree to a tree automaton is
proposed in (Lopez et al.,, 2000), using the
extended edit operations over trees to consider
the insertion, deletion and substitution of a
subtree and a state of the automaton. In that
work it was also proven that this distance was
the minimum distance with respect to the edit
operations considered.

Given 4 = (Q,V,6,F), a tree automaton, and
t=0(11,72,...,1,), a tree, let minimum cost path
(denoted by 4,, or by 4 where no confusion is
possible) be a sequence of transitions that should
be applied to obtain the minimum distance from ¢
to A under the scheme proposed in (Lépez et al.,
2000). The set of edit operations with minimum
cost may not be unique as shown in Fig. 1; nev-
ertheless, this will not affect the inference algo-
rithm as will be shown.

Given one subtree t; = (71, Ti2, - . -, Ti) from ¢,
letd; € Abe the transition 6(c, w1, U, - . ., Uix) = ¢
which is applied to reduce t;, where

Tij if Tij S V(),
J— [
Uy = q|dn/ =06(0,21,22,---,21)

=q:q€Q otherwise.

(1)

When no confusion arises, it will be denoted by
d,, instead of d; .

3. Inference algorithm

The algorithm proposed in this work is an ex-
tension of a string language inference algorithm
(ECGI), which was proposed in (Rulot, 1992). It
maintains the same ECGI heuristic features, and
so the obtained result depends on the order in
which the samples are presented to the method.
Although the ECGI algorithm is a non-charac-
terizable inference method, it has shown good

/N
/\

| bo0) =
a C C

(o,a,b) =q1
do,q1,92) =gz € F

Fig. 1. The automaton accepts only the tree o(a(a,b), c). When
the tree is analyzed, there exist two ways of correcting the
subtree ¢(a,c) in order to be accepted by the automaton: by
using the first production of the automaton and adding a new
leaf, or by using the second production of the automaton and
modifying the leaf with label ¢. Both actions incur the same
cost.

performance when applied to syntactic pattern
recognition tasks (Pricto et al., 1994; Vidal et al.,
1993).

Both algorithms are incremental: given an au-
tomaton, it accepts all the processed samples to-
gether with the samples that the algorithm is able
to infer from them. When a new sample is pro-
cessed, the algorithm applies an error-correcting
analysis against the available automaton; this
analysis establishes which productions have to be
modified or added to the automaton in order to
force it to accept the sample.

Let the sum of every edit operation cost applied
in A be called accepting cost (according to the
nomenclature proposed in Loépez et al., 2000).
Once this cost is established, the transitions in 4
could be divided into two disjoint subsets follow-
ing the notation used in (Rulot, 1992): A4” which
includes all the transitions that do not add error
cost, and 4" which includes the transitions that
actually do add error cost.

Once the error correcting analysis is carried out,
the algorithm uses the transitions in A” and adds
the ones in A" in such a way that the addition
creates no loops in the resulting automaton. From
this absence of loops, it follows that the inferred
languages will never be infinite. This consequence
is discussed in (Rulot, 1992), where it is concluded
that this feature is not important in real pattern
recognition tasks.

Algorithms 1.1 and 1.2 describe the inference
process using a set of trees ¥ belonging to the
target language. The cost of the inference process
is proven to be polynomial in the following
theorem.
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Algorithm 1.1 (Error-correcting tree language in-
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ference algorithm).

Input:

Output:

Method:

EndMethod.

A set of samples
C=1t,tr,...,t.

A tree automaton
A= (0,V,0,F) which ac-
cepts at least the sample set.

/* Initial Automaton */
Q = Sub(tl) U {l]}
V =leaves(t;) U {c}
F=A{y}
o(a) =a Va € leaves(t;)
if Uy, u, ..., up S Q

A o(uy,ua,. .. u,) €0

0 2 0(o,ur,ua, ..., up)
=o(ui,u, ... u,)

fi

/* Processing of the set */
Vt,e€: i:2,....n

A = Expand(t;,A4)
VAL

Algorithm 1.2 (Expand(t;, A) method).

Input:

Output:

Variables:

Method:

A tree t = a(1y, T2, .., Ty)-

A tree automaton
4= (Q7 Va 5a {qf})

A tree automaton that accepts
at least {t} UL(4).

Red[l,..., |f]] array of

Q U leaves(?)

A= (0, V'8 F)
0=0

V' =V Uleaves(t)
=9

F=F

Obtain the minimum cost path
4,
Vz € Sub(¢) :
d. = (0, uz,un, ... Usp) = q.
if z € leaves(¢)
Red[z] =z

else
Red[z] = g.
if
VAL
Vz =0(z1,22, - -
in postorder */
if dcda
Q' =0 U{qy}/* add
a new state */
&' D 6(o,Red[z],

,z,) € Sub() /*

l{ed[Zz]7 .y
Red[z,]) = g
Red[Z =gnN

else
if dd,; € Aﬁv
) o(o,Red[z],
Red[zz], ey
Red[z,]) = Red|[z]
fi

fi

AL

/* Accept transition */

&' 2 d(o, Red[ry], Red[t,], ...
Red[r,]) = g/

Return 4’

EndMethod.

Theorem 1. The temporal complexity of the infer-
ence Algorithm 1.2 is polynomial with respect to the
size of the sample and the initial automaton.

Proof. The distance algorithm used works out the
accepting cost from a tree ¢ to the automaton A
with complexity ¢(g(max{m,p})), where p = |4],
m = |t| and q is a polynomial function (Lépez et al.,
2000). Once the accepting cost between the tree and
the tree automaton is obtained, the algorithm uses
the minimum cost path to modify the automaton
in order to add the non-existing transitions.

Since the number of transitions needed to pro-
cess the tree is bounded by the quantity of internal
nodes of the tree, the number of transitions to be
modified is also bounded by this factor. What is
more, the cost of adding/modifying a transition is
linear with the size of the tree, which makes the
complexity O(m*+ g(max{m,p})). Although the
degree of ¢ is not established in (Ldépez et al.,
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2000), the algorithm described uses a generic string
error-correcting algorithm. This algorithm has a
cost of at least second-degree polynomial (Ste-
phen, 1992), which allows the asymptotic com-
plexity of the algorithm proposed here to be set as

O(g(max{m,p})). O

Given n trees in the whole inference process,
with M being the maximum size of the set of trees,
the complexity of the learning process is bounded

by O(n - g(max{M, p})).

Example 1. Consider the automaton in Fig. 2 as
an initial automaton, with three tree examples
presented to the algorithm. The result of each

6(01 a, qlwb) =qQ

§(o,a,b) =q1
8(0,a,q2) = q2
6(‘7) C) =qz2

é(o,q1,92) =gz € F

Fig. 2. Initial automaton.

/\l [

error-correcting analysis is shown in a matrix
where the rows represent the states of the autom-
aton, and the columns represent the postorder
enumeration of the internal nodes of the tree. The
bold figures in each matrix show the minimum cost
path of the analysis. The first tree example and its
distance matrix to the initial automaton are shown
in Fig. 3.

The scheme of the inference process and the
resulting automaton are shown in Fig. 4. Note
how a new state ¢4 is created to consider the
subtree which is rooted at the third node, and how
another production is added to consider this new
state and link it to the rest of the automaton (both
marked with an asterisk in the figure).

The second tree example and its distance anal-
ysis are shown in Fig. 5. The result of the inference
step is shown in Fig. 6. Note that the error analysis
is due to the fifth node and that a new state ¢s is
added in the way g4 was. Furthermore, a produc-
tion is added to consider the state ¢, as a child of
the root node. Also note how the absence of this
production, which produces no error in the anal-
ysis, is considered in the inference process.

1[2]3]4[5]6
q: JoJo[5]5]2]9
¢ [[2]2]6][7]0]10
g [[7]7][2]9]6]5

Fig. 3. The first tree example and distance analysis against the initial automaton. The first two nodes are analyzed without error. The
third node produces an edit operation with a cost of five. This error remains at a cost of five.

6(0) C) =q2

§(o,a,qs,0) = q1

é(a,a,b) =q 6(0: a’)b) =q

§(o,a,q1,b) =q

6(01 a, b) =q
0(0,a,q2) = q2
§(o,c) =q2

6(c,q1,q2) =gz € F
* 5(0’,(1,(]4,b)=q1
* 8(0,q1,q1) =qa

Fig. 4. Result of the first iteration of the inference algorithm and the automaton obtained from the first tree example (Fig. 3) and the
initial automaton (Fig. 2). The productions added are marked with an asterisk.
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|
a b a b c

[oaJ1]2]3]4]5]6]
@ JJoj0[5[2]4]8
@ l2l2[6[0[1]9
el 717(2(64]1
92 | 8|8|0|7|6]9

Fig. 5. The second tree and its error analysis matrix. Note how the state which was added in the previous iteration belongs to the

minimum cost path.

0(0,94,95) = g3

(5(0’,0,()) =q 6(07 a'ab) =q

6(‘7) ¢ 42) =gs

5(01 C) =q2

5(67 a,qi, b) =q

5(0’,0.,1)) =q
6(0,a,q2) = q2
6(01 C) = q2

6(0,q1,92) =gz € F
d(o,a,q4,0) = q1
6(0,q1,q1) = qu
* 0(0,q4,q5) =q3a €EF
* 0(0,c,q2) =¢s

Fig. 6. Scheme of the inference process and the resulting automaton when the second tree example is considered.

/\ [oa][1]2]3]4]

2 N B X EXEREAL:
ez 1]2|0[4

alb ¢ gs [[6]5]6]1
a qs || 71673

e 13(312[6

Fig. 7. The third tree example and its error-correcting analysis.
Note that there are two ways of analyzing the first node to
obtain the same cost. This does not affect the obtainment of a
minimum cost path.

The last tree example and its distance analysis
matrix are shown in Fig. 7. The final automaton of
the inference process is shown in Fig. 8. Note how
the tree o(o(a, o(o(a,a(a,b),b),a(a,b)),b),a(c)) is
now accepted by the automaton.

4. Edit distance to a tree automaton

Under a syntactic approach to pattern recog-
nition tasks, the availability of efficient tools to

carry out a correct classification is as important
as a good object representation or the obtain-
ment of good models which are able to consider
as much variability as possible, among all the
different classes. Before considering a change in
object representation primitives, it is necessary to
study whether this change produces an expo-
nential time increase with respect to the initial
representation.

When the tree approach is used, the existence of
polynomial algorithms to obtain a tree represen-
tation (e.g., Hunter and Steiglitz, 1979) or to infer
tree languages (Garcia, 1993; Garcia and Oncina,
1993) together with an error-correcting tree
language analysis algorithm (Lépez et al., 2000),
offers an advantage over the classic string object
representation. This is due to the increase in the
representation power, together with a polynomial
cost in the whole process.

The fact that there could be more than one set
of edit operations (as set in Fig. 1) does not affect
the result of the inference algorithm, because once
an editing error is detected, a new production and
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(5(0’,(1,(]6,1)) =q1 5(0’

8(o,a) = ge

c)=q

6(0-’ a,q1, b) =qQ1

d(o,a,b) =q1
6(0,0,q2) = g2
6(o,¢) = q2

0(o,q1,92) =@z € F
§(o,a,q4,0) =
0(o,q1,q1) = qa
6(o,q4,q5) = q3 € F
§(o,¢,92) = g5

* (5(0,(1) = Qs

* J(Uva‘vqs)b) =q

Fig. 8. Processing scheme to consider the last example and final automaton obtained.

a new state ¢ € Q are added, whether or not there
exist one or more possible editing operations
having the same cost. The addition of ¢ forces us
to create another production to link the new one
with the rest of the productions of the automaton.
A new state is created unless the editing-operation
takes place in a child of the root node, in which
case the final state is used (see, for instance, the
tree and its distance analysis in Fig. 5 and the re-
sult of the inference step in Fig. 6).

Fig. 9 could illustrate another conflicting situ-
ation, but it is clear that no confusion arises. No-

6(o,c) =q

6(c,a) =q
§(o,a,q1,b) = q2
6(0,q2, 1) =gz € F

[oaf[1]2]3]4]
q1 1 008
q2 3115 |7
qs 515161

a

tice that there exist two different ways to edit the
first node, using the first production or using the
second production of the automaton. However,
this fact does not affect the algorithm that creates
the new state g, and the transitions which are
needed to link this state to the rest of the initial
automaton in order to accept the tree example
(these transitions are marked with an asterisk).
In general, the only way for 4 not to be unique
is that there be two productions of the auto-
maton o, = (o, u;,us,...,u,) =p and o, = (o,0v1,
Vy,...,0,) =¢q, where u; = v; Vi: 1,... n.

AN

| »

b
6(‘71 C) =q
5(07 a‘) =0

d(o,a,q1,b) = g2
6(0,92,q1) =gz € F
* 0(c,b) =q4
* d(o,a,q4,b) = q2

Fig. 9. Let the automaton on the left of the figure be the initial one. Also let the tree on the right be an example of a tree. The matrix on
the left gives the distance analysis of the tree where the rows represent the states of the automaton, the columns represent the internal
nodes of the tree in postorder, and the bold figures show 4,. Let the automaton on the bottom right be the result of the inference

algorithm.
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The initial automaton considered in the
inference process does not fulfill the condition (as
can be seen in Algorithm 1.1), and when the
inference process considers a production J; =
(o,uy,uy, ..., u;) = rto be added, it implies that no
other ¢, = (o,v1,02,...,0¢) =s, where wu; =uv;
Vi:1,...,k belongs to the automaton. In that
case, J; would belong to 4 and, therefore, there
would be no need to add J;. Thus, given a se-
quence of samples, the result of the algorithm is
always the same.

5. Experimental results

To test the performance of the tree language
inference algorithm proposed in this work, a
handwritten digit recognition task was considered.
Several successful approaches to this task have
been used. (e.g., Vidal et al., 1993). Since the re-
sults here reported were obtained without any kind
of stochastic information, we consider them en-
couraging even if they do not reach the best clas-
sification rates reported. Furthermore, the rates
obtained are comparable with other tree-based
approaches reported (Lépez and Pinaga, 2000;
Rico, 1999).

The task carried out in the experimentation was
the classification of images of isolated handwritten
digits from ‘0’ to ‘9. For each one of the ten
classes (digits from 0 to 9), a set of 500 such images
was extracted from the data set ‘NIST SPECIAL
DATABASE 3, NIST Binary Images of Hand-
written Segmented Characters’ (Garris, 1992).

In order to model the features of the objects to
classify, two different approaches were tested.
First, a variation of the quad trees (g-trees)
(Hunter and Steiglitz, 1979) was used. In a stan-
dard g-tree representation, the root of the tree is
associated with the whole image to model, and any
other internal node with one of the four quadrants
of its parent image. When a node represents a one-
colour square, the node becomes a leaf labelled
with the color of the region. The variation of the
g-tree representation used in this work allows us to
set the maximum ¢-trees’ depth. Thus, when the
selected depth is reached, a leaf is added labelled
with ‘white’ (‘black’) if the image is at least 75%

white (black); otherwise, the leaf is labelled with a
‘grey’ label. Note that this representation needs no
thinning of the image to be represented.

Second, an 8-neighbour segment labelling
scheme was used (Lopez and Pinaga, 2000). This
representation needs the samples to be thinned and
the algorithm used was the one described in
(Carrasco and Forcada, 1995). Once the image was
thinned, the upper leftmost point of each image
became the initial point of its representation. From
this point, segments were extracted taking into
account the value of the parameter ‘window’, and
each segment was labelled using an eight neigh-
bour scheme. This representation gives more
compact trees but it is quite sensitive to the noise
the thinning algorithm may cause. A digit example
and some tree representations is shown in Fig. 10;
note the effect of the parameters in the represen-
tation.

To test the behaviour of the algorithm, experi-
ments were carried out using training sets of 200,
300 and 400 samples out of the 500 available
samples per class, using the remaining as test set
(300 x 10, 200 x 10 and 100 x 10 samples per test
set, respectively). In order to take profit from the
data, each experiment entailed five iterations. Each
iteration took into account a different set of sam-
ples for training and testing the automata inferred.

The string inference algorithm is sensitive to the
order in the presentation of the samples (because
when the larger samples are presented first, the
automata have more available structures with
which to work out the editing distance), as shown
in (Rulot, 1992). Therefore, to test this behaviour
in the algorithm, given a training set, three differ-
ent orderings were considered: ascending, de-
scending and random order (without applying any
ordering).

The use of a table of distances between the
symbols which label the leaves was also tested. In
this way, the substitution of ‘closer’ leaves was
‘cheaper’ than the substitution of ‘farther’ leaves.
The substitution table considered that takes into
account the 8-neighbour-based representation is
shown in Table 1. When the g-tree-based repre-
sentation was used, the cost to substitute the
symbols ‘a’ and ‘b’ was one; otherwise the cost was
0.5. When these tables were not used in the ex-
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Z 5

8-neighbour

window 2

(Q(c(c(c(c(e(a) (f(a(glale(e(e(f(a(f(s)))

(
))))))))))))) (e(alee(e(c(c(elc) (£
e(e(e(c)(g))))))))))(g)))))))
window 4](@(c(c(e(a) (f(g(e(e(f(f(g)))))))))) (sl
gle(c(e(c) (f(f(e(e(g)))))))(e)))))
window 6 (f(e(f(g))))))) (s(f(d(e(c)(

window 8

( fi
(@(c(d(a) (f
fle(e(g))))))(g))))
(@(c(d(a) (gle(e(f(g))) (8))))) (gle(d((
e(g))))(g))))

qtree

depth 3

( (a( aa( aacc Ja ) ( (cbbc ) ( becac ) (ccbe ) ( acaa )
Ja ) ( ( aa( aacc ) (aacc ) )a( ( caac )aaa ) ( ( ccaa ) (
cbbc ) (bcaa ) (cbab ) ) ) ( ( caa( caaa ) )aaa ) ( ( aa(
acca )a ) ( (acbc ) ( bcac ) (cbeb ) ( bebb ) ) (( ccaa
)aaa )a ) )

depth 4

((a( 2a( 2aa( aacb ) (aabb ) ) (aa( aaca )a) ) ( ( (acba
) ( cbbb )b( abca ) ) ( ( bbeb ) ( bbee ) ( aaac ) ( cacb
) ) ( ( bbec ) (ccbb )b( acbe ) ) ((a( ccaa )aa ) )a ) ( (
aa( aa( aacc ) (aacb ) ) (aa( aabb ) ((aabc ) ) ) (aaa(
aaa( aaac ) ) ) ( ( ( beeb )aa( beac ) Jaaa ) (( ( bbec ) (
bbaa ) ( aaca )a ) ( ( bbca ) ( bbbc )b( acbb ).) ( ( bbeb
) (‘beac )aa ) ( (aabb ) (cbbb ) (ccaa )b ) ) ) ((((
cbba ) ( caab ) ( baac ) ( cbbc ) )aa( ( bcac )aaa ) )aaa
) ( (aa( a( acbc ) ( cbbc )a )a ) ( (a( acbc ) ( bbeb) (
acbc ) ) ( b( bcac ) (aaca ) ( beac ) ) ( (aacc ) ( cbeb )
(ccaa ) (bbcb ) ) ( ( bbeb ) (cace ) ( cbbb ) (' bebb ) )

) ( ( ( bbaa ) ( bcaa )aa )aaa ) ( a( a( acaa )aa )aa ) ) )

Fig. 10. A digit sample, its thinned image and some tree representation of the image.

Table 1
Table of distances for the 8-neighbour representation
a b c d e f g h

a 0 0.25 0.5 0.75 1 0.75 0.5 0.25
b 0.25 0 0.25 0.5 0.75 1 0.75 0.5
c 0.5 0.25 0 0.25 0.5 0.75 1 0.75
d 0.75 0.5 0.25 0 0.25 0.5 0.75 1
e 1 0.75 0.5 0.25 0 0.25 0.5 0.75
f 0.75 1 0.75 0.5 0.25 0 0.25 0.5
g 0.5 0.75 1 0.75 0.5 0.25 0 0.25
h 0.25 0.5 0.75 1 0.75 0.5 0.25 0

periments, no matter which representation was
used, the cost to substitute any pair of symbols
was one.

The classification rates are shown in Tables 2
and 3. As expected, note that no matter which

representation is used, the algorithm is sensitive to
the order in the presentation of the tree samples.
This behaviour is analogous to the behaviour of
the error-correcting string language inference
algorithm on which this work is based, and is
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Table 2
Classification rates using the 8-neighbour-based representation
Samples Use of Training size Window
ordering distances 5 4 6 8
Descending Yes 200 78.46 82.29 83.36 81.82
300 82.94 82.92 85.36 84.22
400 83.08 84.66 86.54 85.10
No 200 82.79 84.14 85.28 83.31
300 84.16 86.70 86.78 85.28
400 82.12 86.84 84.24 86.44
Ascending Yes 200 81.86 80.32 82.58 82.11
300 73.02 76.98 81.76 83.87
400 73.00 78.70 82.94 84.48
No 200 74.78 79.57 81.43 83.38
300 61.32 78.10 80.80 83.75
400 72.36 78.46 82.44 84.18
No order Yes 200 79.19 81.10 82.87 82.14
300 79.22 83.84 84.20 83.69
400 80.54 83.28 82.52 84.82
No 200 79.58 81.57 83.59 83.21
300 79.14 83.51 84.00 84.45
400 79.64 83.66 85.72 85.22

The table shows the behaviour of the algorithm depending on the order in the presentation of the samples, the use of a table of
distances both in the inference and analysis procedures, the size of the training set and the value of the parameter window which
controls the size of the segments in the representation. The best results are marked in bold print.

Table 3
The classification rates when the g-tree-based representation is used
Samples Use of Training size Depth
ordering distances 3 4 5
Descending Yes 200 76.36 81.80 78.98
300 79.43 83.81 80.99
400 81.50 84.86 84.28
No 200 77.48 81.59 78.53
300 80.39 84.01 81.25
400 81.92 85.42 83.90
Ascending Yes 200 76.59 80.53 77.28
300 79.23 82.38 79.89
400 80.98 83.02 80.50
No 200 77.74 80.20 77.28
300 80.28 82.83 79.71
400 82.02 83.36 80.86
No order Yes 200 75.97 80.62 77.59
300 79.07 82.96 80.65
400 80.25 83.88 82.56
No 200 77.03 80.47 77.79
300 79.66 82.99 80.85
400 81.52 84.36 82.64

Note that bigger training sets are needed with this representation in order to obtain similar classification rates, and, even in that case,
the results do not reach those obtained with the other representation used. Nevertheless, no matter which representation is used, the
guidelines of the algorithm’s behaviour are the same.
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discussed in (Rulot, 1992). If the larger samples are
presented first, the automata have more available
structures with which to work out the editing
distance, thus obtaining more compact automata
and better results in the classification.

The experimentation obtained better results
when the 8-neighbour representation was used.
This is due to the fact that the main features of the
object are modelled in a brief way. Thus, the
modification or substructures are relatively more
important in the whole edition process.

The use of a table of distances in the inference
and classification steps gives worse results. It seems
that the use of the table penalizes the insertion and
deletion of structures, giving worse results. This
penalization is greater when the 8-neighbour rep-
resentation is used, because the representation is
more compact and the table size is also bigger.

It should also be noted that less training data is
needed to obtain the same classification rate when
lower values of the 8-neighbour representation
window parameter (larger representation of the
images) are used.

6. Conclusions and future work

The development of an error-correcting analysis
algorithm for tree automata (Lépez et al., 2000),
allows us to benefit from the ECGI string language
inference algorithm strategy proposed in (Rulot,
1992). In this work, an extension of the ECGI
inference algorithm is proposed in order to deal
with tree-like representations.

This work also shows how the increase in the
representation power allowed by the use of multi-
dimensional primitives does not imply an expo-
nential increase in the temporal complexity of the
entire recognition process. It also shows how the
inference algorithm does not create productions in
the automaton which could lead to multiple min-
imum cost paths in the distance analysis of future
samples. Therefore, given a sequence of samples,
the result of the inference process is unique.

The proposed inference method has been tested
in a handwritten digit recognition task and the
results obtained show the validity of the approach.
The use of other tree representations of the objects

(images or other objects), as well as the use of
stochastic information should be studied. This
could be directions for future work. It might also
be interesting to study the influence of other
combinations of the costs of the editing operations
in real tasks.
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