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Abs t r ac t .  Automatic inference is one of the main problems that syn- 
tactic and structural pattern recognition must solve for successful ap- 
plications. Neural networks are artificial intelligence tools which already 
support automatic inference for successful applications of statistical pat- 
tern recognition. In this paper, we suggest tliat neural networks, and 
specifically Cascade-Correlation, can be used for automatic inference in 
syntactic and structural pattern recognition, as well. An extended ver- 
sion of a standard neuron which is able to deal with structures is pre- 
sented and the Cascade-Correlation algorithm generalized to structured 
domains. The computational complexity of the proposed algorithm as 
well as experimental results obtained on problems involving logic terms 
are presented. 

1 I n t r o d u c t i o n  

Syntactic and structural pat tern recognition [7, 4, 10] are based on the premise 
tha t  the structure of an entity is very important ,  both for classification and de- 
scription. The necessity of such point of view became clear when researchers in 
traditional pa t tern  recognition realized that  feature derivation is a very complex 
process that  can hardly be automated  and that  features can be both numerical 
and symbolic. Despite the common point of view, syntactic and structural pat-  
tern recognition have a precise characterization: syntactic pat tern  recognition 
uses tools from the theory of formal languages, while structural pat tern  recog- 
nition is mainly based on graph matching. Unfortunately, both  of them have 
to solve the difficulty of automatic inference. This difficulty has opened a new 
s t ream of research which a t t empt  to combine artificial intelligence [9] with syn- 
tactic or structural  pat tern  recognition. In statistical pat tern recognition this 
combination has already been realized through artificial neural networks [5], 
leading to very successful applications. 

The aim of this paper is to suggest that  artificial neural networks can be 
applied as well to syntactic and structural pat tern  recognition. Specifically, we 
discuss the extension of a very popular  neural network technique, i.e., Cascade- 
Correlation [2, 1], which allows the t reatment  of structured domains whose el- 
ements can be represented as labeled acyclic directed graphs. Both classification 
and approximation of continuos functions on these domains as well as induction 
of structural grammars ,  such as expansive tree g rammars  [4], can be performed. 
In this paper, we focus on classification tasks. 
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In Section 2, we introduce structured domains and recall notions about 
graphs and neural networks. An extended version of a standard neuron which 
is able to deM with structures is presented in Section 3. Using this extended 
neuron, we show in Section 4 how Cascade-Correlation can be generalized to 
structures, and the computational complexity of the resulting algorithm is dis- 
cussed in Section 5. Section 6 introduces some problems involving logic terms and 
experimental results on these problems are reported. Finally, Section 7 contains 
the conclusions. 

2 S t r u c t u r e d  D o m a i n s  

In this paper, we deal with structured patterns which can be represented as 
labeled graphs. Some examples of these kind of patterns are shown in Figure 1, 
where we have reported some typicM examples from the structured domain of 
logic terms. All these structures can also be represented by using a feature-based 
approach. Feature-based approaches, however, have the drawbacks of being very 
sensitive to the features selected for the representation and unable to represent 
any specific information about the relationships among components. Standard 
neural networks, as well as statistical methods, are usually bound to this kind 
of representation and thus considered not adequate for dealing with structured 
domains. On the contrary, we will show that  neural networks can represent and 
classify structured patterns. Some advances on this issue have been recently 
presented in [13], where preliminary work on the classification of logic terms, 
represented as labeled graphs, through an extension of the LRAAM model [11, 
12] was reported. The present paper represents a further improvement in this 
field. 

2.1 P r e l i m i n a r i e s  

We consider finite directed node labeled graphs without multiple edges. For a 
set of labels ~U, a graph X (over Z)  is specified by a finite set Vx of nodes, 
a set Ex of ordered couples of Vx • Vx (called the set of edges) and a func- 
tion r  from Vx to ~ (called the labeling function). Note that  labels are not 

f(a,g(X)) f(X,f(a,g(X))) 
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Fig. 1. Example of logic terms represented as labeled directed acyclic graphs. 
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restricted to be binary. Specifically, labels may also be real-valued vectors. A 
graph X t (over ,U) is a subgraph of X if Cx' = Cx, Vx, C_ Vx, and Ex,  C_ Ex .  
For a finite set V, ~:V denotes its cardinality. Given a graph X and any node 
x E Vx, the function out_degreex(z) returns the number of edges leaving from 
x, i.e., out_degreex(x) = # { ( x , z )  [ (x,z) e E x  A z e Vx}. Given a total 
order on the edges leaving from x, the node y = ou tx ( z , j )  in Vx is the node 
pointed by the j th  pointer leaving from x. The valence of a graph X is defined as 
max{out_degreex (x)). h labeled directed acyclic graph (labeled DAG) is a graph, 
x E V  X 

as defined above, without loops. A node s 6 Vx is called a supersource for X if  '~ ..... 
every node in X can be reached by a path starting from s. The root of a tree 
(which is a special case of directed graph) is always the (unique) supersource of 
the tree. In the following, we deal with DAGs. 

We define a structured domain 7) (over ,U) as any (possibly infinite) set of 
graphs (over ,U). The valence of a domain 7) is defined as the maximum among 
the valences of the graphs belonging to 7). Since we are dealing with learning, 
we need to define the target function we want to learn. In approximation tasks, 
a target function ~0 over 7) is defined as any function ~ : 7) --~ ~k, were k is the 
output  dimension, while in (binary) classification tasks we have ~ : 7) --* {0, 1} 
(or ~ : 7) ---* { -1 ,  1}.) A training set T over a domain 7) is defined as a set of 
couples (X,~(X)) ,  where X E U _C 7) and ~0 is a target function defined over 
7). 

The output  0 (8) of a standard neuron is given by 

o(8) -= f ( E  wiIi), (1) 
i 

where fO is some non-linear squashing flmction applied to the weighted sum of 
inputs I 1. A recurrent neuron with a single self-recurrent connection, instead, 
computes its output  o (~)(t) as follows 

o(=)(t) = f ( ~  w/Zi(t) -t- w~o(=)(t - 1)), 
i 

(2) 

where fO is applied to the weighted sum of inputs I plus the self-weight, ws, 
times the previous output.  The above formula can be extended both considering 
several interconnected recurrent neurons and delayed versions of the outputs. 
For the sake of presentation, we skip these extensions. 

3 The First Order Generalized Recursive  Neuron 

Using standard and recurrent neurons, it is very difficult to deal with complex 
structures. This is because the former was devised for processing unstructured 
patterns, while the latter can only naturally process sequences. Thus, neural 

The threshold of the neuron is included in the weight vector by expanding the input 
vector with a component always to 1. 
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networks using these kind of neurons can face approximat ion and classification 
problems in structured domains only using a very unnatural  encoding scheme 
which maps  structures onto fixed-size unstructured pat terns  or sequences. We 
propose to solve this inadequacy of the present state of the art  in neural net- 
works by introducing the generalized recursive neuron. The generalized recursive 
neuron is an extension of the recurrent neuron where instead of jus t  considering 
the output  of the unit on the previous t ime step, we have to consider the outputs  
of the unit for all the nodes which are pointed by the current input node. Then 
the output  o(C)(x) of the generalized recursive neuron to a node x of a graph X 
is defined as 

NL out_degreex (x) 

o(r = f(~-~ wili+ ~ ~vjo(~)(outx(x, j))), (3) 
i = l  j = l  

where NL is the number of units encoding the label I = Cx(x)  at tached to 
the current input z, and ~)j a r e  the weights on the recursive connections. Note 
that ,  if the valence of the considered domain is n, then the generalized recursive 
neuron will have n recursive connections, even if not all of them will be used for 
computing the output  of a node x with out_degreex (z) < n. 

When considering k interconnected generalized recursive neurons, eq. (3) 
becomes 

out_degreex(X) 

o(C)(x) = F ( W l  + ~ Wjo(r (4) 
j= l  

where Fi(v) = f(vi), l E ~NL W E ~kxNL, o(r o(C)(OUtx(x,j)) E ~k, 

In the following, we will refer to the output  of a generalized neuron dropping 
the upper index. 

3.1 G e n e r a t i o n  o f  N e u r a l  R e p r e s e n t a t i o n s  fo r  D A G s  

To understand how generalized recursive neurons can generate representations 
for bAGs,  let us consider a single generalized recursive neuron u and a single 
b A G  X. The following conditions must hold: 

N u m b e r  o f  C o n n e c t i o n s :  the generalized recursive neuron u must  have as 
many  recursive connections as the valence of the graph X; 

S u p e r s o u r c e :  the graph X must have a reference supersource. 

Note that ,  if the graph X does not have a supersource, then it is always possible 
to define a convention for adding to the graph X an extra  node s (with a minimal  
number  of outgoing edges) such that  s is a supersource for the new graph; 

If  the above conditions are satisfied, we can adopt  the convention that  the 
graph X is represented by o(s), i.e., the output  of u to s. Consequently, due 
to the recursive nature of eq. (3), it follows that  the neural representation for 
a DAG is computed by a feedforward network (encoding network) obtained by 
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Fig. 2. A labeled graph X and the associated encoding network. 

replicating the same generalized recursive neuron u and connecting these copies 
according to the topology of the structure (see Figure 2). The encoding network 
fully describes how the representation for the structure is computed. 

4 S t r u c t u r a l  C a s c a d e - C o r r e l a t i o n  

The Cascade-Correlation algorithm [2] grows a standard neural network using 
an incremental approach for classification of unstructured patterns. The start- 
ing network A:0 is a network without hidden nodes trained with a Least Mean 
Square algorithm; if network A/'0 is not able to solve the problem, a hidden unit 
ux is added such that  the correlation between the output  of the unit and the 
residual error of network A:0 is maximised 2. The weights of ul are frozen and 
the remaining weights are retrained. If the obtained network A/'I cannot solve 
the problem, the network is further grown, adding new hidden units which are 
connected (with frozen weights) with all the inputs and previously installed hid- 
den units. The resulting network is a cascade of nodes. Fahlman extended the 
algorithm to classification of sequences, obtaining good results [1]. 

In this paper, we show that Cascade-Correlation can further be extended 
to DAGs by using generalized recursive neurons. The output  of the kth hidden 
unit, in our framework, can be computed as 

NI. k out_degreex(x) k - 1  

i = 1  v = l  j = l  q = l  

(5) 

2 Since the maximization of the correlation is obtained using a gradient ascent tech- 
nique on a surface with several maxima, a pool of hidden units is trained and the 
best one selected. 
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Fig. 3. The evolution of a network with two pointer fields. The units in the label are 
fully connected with the hidden units and the output unit. 

where , (k) is the weight of the kth hidden unit associated to the output  of the ~(v,j) 

vth hidden unit computed on the j t h  component pointed by x, and t~  k) is the 
weight of the connection from the qth (frozen) hidden unit, q < k, and the kth 
hidden unit. The output of the output neuron u (~ is computed as 

k 
o(~ = f ( ~  ~io(O(z)), (6) 

i=1 

where t~i is the weight on the connection from the ith (frozen) hidden unit to 
the output unit. 

Learning is performed as in standard Cascade-Correlation, with the difference 
that,  according to equation (5), the derivatives of o(k)(x) with respect to the 
weights are now: 

Oo (k) (outx (x, j)) ~ ., O~ (l~ + r i=  1 , . . . ,NL:  Ow}k ~ -- (~,j) ~ ,J (7) 
j=l 

q = 1 , . . . ,  ( k -  1): ~176 (kj) o ~ k )  , (8) Offj~k) - (o(q)(x) + ~ (v (k) O~ 
j=l 

v = 1, . . . ,k  O~ - (~176 + 2_.,x-<"~{k) O ~ 1 7 6  (9) 
: ~t~(k) (~,J) 0t~(k) J t = 1 , . . . , ~  v (v , t )  j= l  (v , t )  

where ~0 = out_degreex (z), f '  is the derivative of f 0 "  The above equations are 
recurrent on the structures and can be computed by observing that  for a leaf 

node y equation (7) reduces to ~ = li, and all the remaining derivatives are 
i 

null. Consequently, we only need to store the output  values of the unit and its 
derivatives for each component of a structure. Figure 3 shows the evolution of a 
network with two pointer fields. Note that,  if the hidden units have self-recurrent 
connections only, the matr ix defined by the weights ,~(k) is not triangular, hut  " ( "5 )  
diagonal. 
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5 Compu ta t i ona l  Complex i ty  

There are two different aspects which must be considered: the optimization of 
the training set and the complexity of the learning algorithm. 

Regarding the optimization of the training set, a careful encoding of the 
DAGs in the training set allows an efficient implementation of the proposed al- 
gorithm (see Fig. 4). In fact, the training set T can be optimized, i.e., if there are 
graphs X1, X2 E T which share a common subgraph X,  then we need to explic- 
itly represent ~7 only once. The optimization of the training set can be performed 
in two stages: (i) all the DAGs in the training set are merged into a single mini- 
mal DAG, i.e., a DAG with minimal number of nodes; (ii) a topological sort on 
the nodes of the minimal DAG is performed to determine the updating order on 
the nodes for the network. Both stages can be done in linear time with respect to 
the size of all DAGs and the size of the minimal DAG, respectively. Specifically, 
stage (i) can be done by removing all the duplicates subgraphs through a special 
subgraph-indexing mechanism (which can be implemented in linear time). 

Concerning learning, the derivatives for the kth hidden unit with respect to a 
single pattern can be computed in O(kN~) in time, since out_degreex (z) < Nv. 
Thus, considering the full training set it takes O(PkN~) in time. Finally, when 
building a network with k hidden units, the computation of all the derivatives 
takes O(Pk2N 2) in time. The complexity in space is dominated by the space 
necessary for storing the derivatives of the current trained unit, i.e., O(PkNv). 
When considering a diagonal connection matrix, i.e., hidden units with self- 
recursive connections only, the complexity of learning becames O(PkN 2) in 
time and O(PNv) in space. 

6 Descr ip t ion  of the  Classification P rob lems  and Resul t s  

To test the ability of the proposed architecture to deal with several classification 
tasks involving terms, we have generated a set of classification problems. We have 

Set of Trees Minimal DAG Sorted Training Set 

f 

f A f f 

b 8,,,, ~ b  "/'~f g b /,,,, a ,~ 
a gX,,~ f 

b /,,, 

a g'~b 

# label left righl 

0 b nil nil 
1 a nil nil 
2 g nil 0 
3. g nil 1 
4 f I 2 
5 f 0 3 
6 f 0 4 

Fig. 4. Optimization of the training set: the set of structures (in this case, trees) is 
transformed into the corresponding minimal DAG, which is then used to generate the 
sorted training set. The sorted training set is then transformed into a set of sorted 
vectors using the numeric codes for the labels and used as training set for the network. 
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Clas s i f i ca t ion  P r o b l e m s  

Problem Symbols 

termoccl f/2 i/1 a/O b/O c/O 
very long 

instl f/2 a/O b/O c/O 

instl f/2 a/0 b/0 c/0 
long 

inst4 f,/2 a/0 b/0 c/0 
long 

#terms #subterms 
Positive Examples. (tr.,test) (tr.,test) 

the (sub)terms i(a) or (280,120) (559,291) 
f(b,c) occur somewhere 

instances of f(X,X) (200,83) (235,118) 

instances of f(X,X) (202,98) (403,204) 

instances of f(X,f(a,Y)l (290,110) (499,245) 

depth 
(pos.,neg.) 

(6,6) 
(3,2) 

(6,6) 

(7,6) 

Table 1. Description of a set of classification problems involving logic terms. 

summarized the characteristics of each problem in Table 1. The first column of 
the table reports the name of the problem, the second one the set of symbols 
(with associated arity) compounding the terms, the third column shows the 
rule(s) used to generate the positive examples of the problem z, the fourth column 
reports the number of terms in the training and test set respectively, the fifth 
column the number of subterms in the training and test set, and the last column 
the maximum depth 4 of terms in the training and test set. For each problem 
about the same number of positive and negative examples is given. Both positive 
and negative examples have been generated randomly. Training and test sets are 
disjoint and have been generated by the same algorithm. 

It must be noted that the set of proposed problems range from the detection 
of a particular atom (label) in a term to the satisfaction of a specific unifica- 
tion pattern. Specifically, in the unification patterns for the problems i n s t l ,  
and i n s t  12.ong the variable X occurs twice making these problems much more 
difficult than inst4_Xong, because any classifier for these problems would have 
to compare arbitrary subterms corresponding to X. 

The results shown in Table 2 are obtained for each problem using a pool 
of 8 units. The networks used have both triangular and diagonal recursive con- 
nections matrices and no  c o n n e c t i o n  b e t w e e n  h i d d e n  un i t s .  We decided 
to remove the connections between hidden units to reduce the probability of 
overfitting. 

We made no extended effort for optimizing the learning parameters and the 
number of units in the pool, thus it should be possible to significantly improve 
on the reported results. We are currently gathering other results to improve the 
statistics. 

3 Note that the terms are all ground. 
4 We define the depth of a term as the maximum number of edges between the root 

and leaf nodes in the term's LDAG-representation. 
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Results 
(Networks without connections between hidden units) 

Problem # Label # Trials 
Units 

termoccl 
very-long 8 4 

inst4 
long 6 5 

instl 6 9 

instl 
long 6 16 

termoce 1 
very-long 8 3 

inst4 
long 6 3 

instl 6 5 

instl 
long 6 3 

# Hidden Units % Test 
Mean (Min - Max) Mean (Min - Max) 

13.25 (8 - 19) 97.70 (95 - 100) 

7.2 (4- 12) 99.64 (99.09- 100) 

11.33 (7 - 19) 90.09 (86.75 - 92.77) 

7.81 (6- 11) 91.65 (88.87 - 94.89) 

11 (8- 16) 96.94 (95-99.17) 

12.66 (9 - 15) 98.48 (97.27- 100) 

12.4 (7 - 21) 90.6 (87.95 - 92.77) 

18.66 (17 - 21) 82.99 (75.51 - 91.84) 

T a b l e  2. Results obtained oil the test sets for each classification problem using 
both networks with triangular and diagonal recursive connection matrices. The 
same number  of units (8) in the pool was used for all networks. 

7 Conc lus ion  

We have proposed a generalization of the Cascade-Correlation architecture [2] 
for au tomat ic  inference in syntactic and structural pat tern recognition. Specif- 
ically, in this paper, we demonstrated the possibility to perform classification 
of structures. The extended architecture and calculation of derivatives for the 
learning rules have been defined and its performances demonstrated on classi- 
fication tasks involving logic terms. The obtained results improve the results 
obtained in [13]. 

I t  must  be noted that  automat ic  inference can also be obtained by using 
Inductive Logic Programming [6]. The proposed approach, however, has its own 
specific peculiarity, since it can approximate  functions from a structured do- 
main (possibly with real valued vectors as labels) to the reals. Specifically, 
we believe that  the proposed approach can fruitfully be applied to molecu- 
lar biology and chemistry (classification of chemical structures, quanti tat ive 
s tructure-property relationship (QSPR),  quanti tat ive structure-activity relation- 
ship (QSAR)),  where it can be used for the automat ic  determination of topolog- 
ical indexes [8], which are usually designed through a very expensive trial and 
error approach. 
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In conclusion, the proposed architecture extends the processing capabilities 
of neural networks, allowing the processing of structured patterns which can be 
of variable size and complexity. However, it must be pointed out that  the pro- 
posed architecture has some computational limitations due to the fact that  frozen 
hidden units cannot receive input from hidden units introduced after their inser- 
tion into the network. These limitations, in the context of standard Recurrent 
Cascade-Correlation (RCC), have been discussed in [3], where it is demonstrated 
that certain finite state automata  cannot be implemented by networks built up 
by RCC using monotone activation functions. Since our algorithm reduces to 
standard RCC when considering sequences, it follows that  it has limitations as 
well. 
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