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Abstract

Most of promising evolutionary ANNs involve a global search algorithm that is
a stochastic one. We have introduced a heuristic learning algorithm for the
application problems with non-binary desired outputs. The learning algorithm
is named as the SBP learning algorithm, where the softening algorithm is first
used to decide network's structure, and the obtained NS is then trained via BP.
The design of the SBP learning algorithm does not follow the ideas of genetic
inheritance and natural selection; however, during its learning process, NS de-
velops in a deterministic way by degrees to a more advanced or mature stage.
Thus the SBP learning algorithm is a deterministic evolutionary learning algo-
rithm. The arrangement of the SBP learning algorithm is acceptable provided
the ability of successfully classifying the training patterns via the softening al-
gorithm and there are accordance between the original non-binary desired out-
puts and the transformed binary desired outputs.

1 Introduction

To apply successfully an artificial neural networks (ANN) to practical problems,
there is a series of considerations. Those considerations include the type of ANN,
the network structure (NS, including the number of hidden layers, the number of
hidden nodes, and the connections), the type of activation function, the learning
algorithm. None of these considerations is trivial and most of them have no
theoretical answer at this moment. Even a well-known ANN is chosen, some
considerations confuse even the experts. Take the multi-layered feed-forward
network (MLP) with the back propagation (BP) learning algorithm [7] as the
illustration. The management of less hidden nodes results in the non-existence
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of the globally optimal learning results, and the management of excess hidden
nodes promises most likely a sluggish learning process and a locally optimal
learning result. Yet, the proper number of hidden nodes corresponding to some
problem is usually unknown and determined by trial-and-error. To do well the
learning job under the dilemma of the amount of hidden nodes, a simple, plausi-
ble way is adopting excess hidden nodes and fixing BP to avoid the predica-
ments of sluggish learning processes and locally optimal learning results. This
leads to the development of some direct modifications of BP, for example, those
in [8]. Unfortunately, none of them provided a generalized solution, which
surprised nobody because they tried to tune up the learning without changing the
fundamental design of BP: the algorithm has the power of altering the weights,
yet no power of adding/deleting hidden nodes. ANN's NS has a significant
impact on ANN's information processing and learning abilities. Therefore, one
may favor the learning algorithm which has the power to determine autono-
mously not only the weights, but also the amount of adopted hidden nodes.
However, none of the answers to such favor provided a generalized solution. It
seems, at this moment, those considerations mentioned above intervolve and
there is no solid suggestion.

Above discussions give some idea about the current researches. For in-
stance, many researchers are motivated to derive the learning algorithm which
can autonomously search for the optimal design of ANN's NS, a NS which per-
formed best on a specified task according to some optimality criteria. With
such learning algorithm, the learning is like searching along the surface defined
by the performance level of ANN's NS in the NS space, which is composed of
all NSs. But, those learning algorithms are heuristic due to the characteristics
associated with such a surface: 1) the NS space is unbounded since the number
of possible NS is infinite; 2) the surface is non-differentiable since, for example,
changes in the number of nodes is discrete and can have discontinuous effect on
ANN's performance; 3) the surface is non-analyzable since the mapping from
ANN's NS to ANN's performance is not analyzable yet; 4) the surface is com-
plex and deceptive since ANNs with similar NS may have dramatically different
performances, and ANNs with quite different NS can have very similar per-
formances. Those characteristics lead to the learning algorithms hardly having
concrete theoretical supports. From literatures, there are two categories of such
learning algorithm: the evolutionary ANN (EANN) algorithms, which are sto-
chastic, and the weight-and-structure-change learning algorithms, which are
deterministic.

Over the past years, researchers have applied the evolutionary computation
to problems whose solution space is too large and highly complex that it is dif-
ficult to employ conventional optimization procedures to search for the global
optimum. Evolutionary computation refers to a collection of stochastic search
algorithms whose designs are based upon the ideas of genetic inheritance and
the Darwinian principle of the survival-of-the-flttest (natural selection). There
are several different styles of evolutionary algorithms: evolutionary strategies
(ES), evolutionary programming (EP), genetic algorithms (GA), and genetic
programming (GP). All of them model the search process over the solution
space by mimicking a biological evolution process; they are different mainly in
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the evolution operators involved and the representation of the solution space.
Most researchers believe that, basically, evolutionary computation should not be
considered as a kind of optimization technique to compete with other alternative
techniques, but an optimization principle to be incorporated with existing tech-
niques. Thus, they propose to apply EP, GA and GP to the determination of the
network structure of ANN. This gives rise to three classes of ANN, namely,
EPNN, GANN, and GPNN; all of those are portions of EANN. Most promis-
ing EANN involve a global search algorithm which is a stochastic one [13].

In contrast with the stochastic way of EANN, all of
weight-and-structure-change learning algorithms alter the weights and the
amount of adopted hidden nodes in a deterministic way. For instance, there are
the tiling algorithm [6], the cascade-correlation (CC) algorithm [3], the upstart
algorithm [4], the W&S algorithm [12], CTN algorithm [1], and the softening
algorithm [9] [10]. They adjust the network structure in one of the following
ways:
(1) Destructive way: use excess hidden nodes initially and prune (remove)

least effective hidden nodes during the learning process; e.g., W&S algo-
rithm and CTN algorithm;

(2) Constructive way: use less hidden nodes initially and recruit (add) more
hidden nodes during the learning process; e.g., the tiling algorithm, CC
algorithm, and the upstart algorithm; and

(3) Constructive/Destructive way: use only one hidden node initially, and
autonomously recruit as well as prune hidden nodes during the learning
process; e.g., the softening algorithm.
The designs of those weight-and-structure-change learning algorithms do

not follow the ideas of genetic inheritance and natural selection. However, the
processes of those algorithms are the ones in which NSs develop in a determi-
nistic way by degrees to a more advanced or mature stage. Thus those
weight-and-structure-change learning algorithms are referred as the determinis-
tic evolutionary learning algorithms.

Among those deterministic evolutionary learning algorithms, the softening
algorithm is straightforwardly favored due to its ability of autonomously re-
cruiting and pruning hidden nodes during the learning process. There are also
other distinguished features in the softening algorithm; for instance, it is applied
to the MLP, and it guarantees a perfect learning result for the cases of the binary
output patterns. From the empirical results in [2] [9] [5] [11], it seems that the
softening algorithm outperforms BP. It seems that the ability to recruiting and
pruning hidden nodes during the learning process does help to overcome the
predicaments of BP. Unfortunately, the softening algorithm is designed to deal
only with the case of the binary desired outputs. When working with the case
of the non-binary desired outputs via the softening algorithm, the non-binary
numbers have to be first converted into binary digits. This increases the num-
ber of output nodes and the learning complexity, requiring a longer learning time.
Thus, a learning algorithm that can deal with the case of the non-binary desired
outputs is further desired.

Here we introduce such a learning algorithm, which can deal with the case
of the non-binary desired outputs. We name it the SBP learning algorithm.
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The SBP learning algorithm integrates the softening algorithm and BP, and it
can autonomously adjust the weights, the number of hidden nodes, and the
amount of hidden layers.

In latter part of this paper, the softening algorithm is first reviewed. Then,
the proposed learning algorithm, the SBP learning algorithm, is introduced.
Conclusions and future work are presented in the last.

2 The review of the softening algorithm

The block diagram of the softening algorithm is demonstrated in Figure 1.
There are four distinguished aspects in this structure: the linearly separating con-
dition (LSC), the thinking mechanism, the cramming mechanism, and the rea-
soning mechanism. These aspects are explained in the following paragraphs.

Figure 1. The block diagram of the softening algorithm

The softening algorithm is used as a classifier which learns to distinguish,
concerning each output node, if the stimulus is a member of one class of stimuli,
called class 1, or of a different class, called class 2. This task is a 2-classes
categorization learning task. LSC is designed to make such task easier to ac-
complish. At the learning stage, the training stimuli are presented one by one.
Let K(k)= {1, ..., k} and, concerning the /th output node, K(k)~K/i(k)UK/2(k)
where K/i(k) and K%(k) are the sets of indices of the first k training stimuli in
class 1 and class 2, respectively. Let the desired output values of classes 1 and
2 be 1.0 and -1.0, respectively. The LSC(k,7) is defined as follows:

min net(Bc,Y,,x)> max
\

(1)

Table 1 displays the definition of notations used here. When the LSC(k,/)
is satisfied, we can use the following threshold value to accomplish the 2-classes
categorization learning task:
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Data Mining II 347

min net(Bc,Yi,X) + max net(Bc^Y^X)

2

That is, with respect to the /th output node,

[Class 1 if netfoc,

Table 1. The definition of the used notations

m,p, and q : the amounts of input, hidden, and output nodes, respectively.
ic: the cm given stimulus input pattern, c=l, 2 , ..., k.
cj : the input value received by theyth input node when BC is presented to the

network.
'ij: the weight of connection between theyth input and the /th hidden node.
f| : the vector of weights of the connections between all input nodes and /th

hidden node; WjOc(wu, W;%, ... wjm).
). : the negative of the threshold value of the /th hidden node.

h(Bc, Xi) : the activation value of the /th hidden node given the stimulus BC,

h(Bc, X) : the activation value vector of all hidden nodes given the stimulus
BC, and h(Bc, X) = (h(Bc, X,), h(Bc, X%), ..., h(Bc, Xp))'

: the weight of the connections between ith hidden nodes and /th output
node.

r/ : the vector of weights of the connections between all hidden nodes and /th
output node; r/=(r/i, r%, ..., r/q).

s/: the negative of the threshold value of the /th output node.
t — /e v*\ V* = /"V * V * V *\ anH '7*r=r/V* Y^/ —-\^h ̂ i)•) * —-v*i j *2, ..., Aqj, ana Ju — ^i , A. ).

net(Bc, Y/, X) : the net input value of the /th output node given the stimulus

B̂  and net(B,, Y/, X) = ,, +
/=!

O(Bc, Y/, X): the activation value of the /th output node given the stimulus BC,
and 0(8,, Y/, X) = tanh(net(Bc, Y/, X))

: the desired output value of the /th output node when BC is presented to the
network.

The thinking mechanism is used to adjust the weights, and, currently, it is
implemented with the momentum version of the generalized delta rule and the
decay mechanism. This thinking mechanism, however, does not guarantee a
globally optimal learning result. Therefore, there is the cramming mechanism
whose job is recruiting hidden nods. By recruiting proper hidden nodes, the
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dimension of the weight space and the surface defined by the performance level
of NS extend, and the defected learning result could be no more an attractor. In
other words, recruiting hidden nodes could render the learning escape from the
encountered relatively optimal learning result.

It is possible to accomplish the goal of learning via merely using the cram-
ming mechanism; however, it may eventually recruit too many hidden nodes that
the generalization ability of the network is bad. Thus, there is the reasoning
mechanism, which includes the thinking mechanism and the pruning mechanism
which is designed for pruning the irrelevant hidden nodes. In a Z, the /th hid-
den node is irrelevant with respect to the /th output node if LSC(k,/) is still satis-
fied with the same Z except r/j = 0, and a hidden node is irrelevant if it is irrele-
vant with respect to all output nodes.

3 The proposed learning algorithm

For the application problems with non-binary desired outputs, the following
learning procedure is proposed: (1) the softening algorithm is first used to gen-
erate a MLP network, named as the S network, (2) the S network is trained via
BP. This is called as the SBP learning procedure. First, the SBP learning
procedure is introduced. Then, the theoretical and heuristic parts of work are
shown.

3.1 The SBP learning algorithm

The detailed SBP learning procedure is illustrated in Figure 2 and explained in
the following paragraphs.

The training data with

the transformed binary

desired outputs

The training data with

the original non-binary

desired outputs

The resulting network of SBP

Figure 2. The SBP learning procedure

Without losing generalization, assume there is only one output node. To
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fit in the characteristic of the binary desired outputs of the softening algorithm,
the non-binary desired output of the training data shall be transformed into a
value of binary digits before feeding in the softening algorithm. We can manu-
ally classify the training patterns based upon their desired output values.
Assume it results in G groups, and N = Min {n|2">G}. Then, concerning

n
the training pattern of any classification, said the gth classification, a binary
code with N bits corresponding to the number g-1 is assigned as its transformed
binary desired output. In other words, the desired output of any training
pattern of this gth classification will be replaced by such an associated binary
code.The softening algorithm and those new input/output pairs are used to train
an MLP network with one hidden layer and N output nodes. After the learning,
the resulting MLP network is denoted as the S network.

If N = 1, then BP and the original input/output training patterns are used
directly to train the S network. If N > 1, then a new four-layer MLP network
with one output node is built from the S network, and such a four-layer MLP
network is trained via BP and the original input/output training patterns. That
is, the S network is directly used as the input layer, the first hidden layer and the
second hidden layer of the new MLP network, and an extended layer with one
node is introduced as the output layer of the new MLP network. The arrange-
ment of weights between the input layer and the first hidden layer, and between
the first and second hidden layers of the new MLP network, is the same as those
of the S network; the weights between the output node and all hidden nodes of
the second hidden layer of the new MLP is assigned subjectively based upon the
transformed binary desired output values. After the learning, the resulting
MLP network is what we obtained from the SBP learning procedure.

3.2 The promise of the SBP learning algorithm

3.2.1 The theoretic work of the SBP learning algorithm
The softening algorithm can be theoretically designed to guarantee a perfect
learning result for the 2-classes categorization learning task, in which the desired
outputs are binary numbers. This can be shown from the following lemma,
which show the LSC(k,/) for all / can be satisfied immediately via properly as-
signing weights associated with the new recruiting hidden node(s).

Lemma 1 (for the case of binary input). With respect to the new recruiting
pth hidden node, there exist X^ and r/̂ s that render the LSC(k,/) for all / satisfied.
Proof: Let Q(k) = {/| LSC(k,/) is not satisfied before introducing the new pth
hidden node}. If teQ(k), let r/, = 0. Then, for every /gQ(k), LSC(k,/) is still
satisfied after adding the pth hidden node. As for the /eQ(k), take an / as the
illustration, and, without losing generality, let dk/ = 1.0. Thus K/i(k) =

},K/2(k) = K/2(k-l),and

mĵ §̂ B̂ Xj> max̂ r,̂ (B̂ X,) (4)
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f>,XB*,X,)< max §r,A(B,,X,) (5)
,•_] C&K,2(K-l) ;_j

After introducing the new pth hidden node, we need to show that there exist X^
and ii such that

min r,XB, , X, ) > max r,/,(B, , X, ) (6)
c€K,i(k)*~f ce£,2(*)~

( p-l p-1 ^
Let Tip =2 max ^̂ ./z(B,,Xj- 2>,,.A(B*,X,) , w, = XBk, and 0,

ĉe*/2(*-i) t=i (=1 y

= A - AB^Bj. , where lisa large number and equals to 2\ Therefore, h(B̂ , Xp)

= tanh(2*). Also, h(B<., X,) < - tanh(2') V ce K(k-l), and |h(By, X,) - h(B̂ , X,)|
< 1.0 - tanh(2') V VG K/i(k-l) V ue K/z(k-l) V /e Q(k), due to Be e {-1, 1}™ V
c. Furthermore, there exists an integer i such that 0.5 < tanh(2*) and

r,,(1.0-tanh(2<))< min r,,-A(Bv,X,)- rXB«,X,) V /€ Q(k)
v€/:/,(̂ -l) we/:/2(̂ -l\/=l /=i J

With such T and the facts of (4) and (5), equation (6) is satisfied. Q.E.D.

Lemma 2 (for the case of input being real numbers). With respect to the
two new recruiting hidden nodes, the p-lth and j9th hidden nodes, there exist
Xp_i, Xp, r/p_is and r/pS that render the LSC(k,/) for all / satisfied.
Proof: Let Q(k) = {/| LSC(k,/) is not satisfied before introducing two new hid-
den nodes}. If /£Q(k), let r/p.j = 0 and r/p = 0. Then, for every /gQ(k),
LSC(k,/) is still satisfied after introducing two new hidden nodes. As for the
/eQ(k), take an / as the illustration, and without losing generality, let d%/ =1.0.
Thus K/i(k) = K,i(k-l) u{k}, K«(k) = K/z(k-l), and

_ ^ _ B , , X , ( 7 )

f>,,A(B*,X,)< max §r,XB,,X,). (8)
,-̂ j ceK,2(K-l) .̂

After introducing the p-lth and pth hidden nodes, we need to show that there
exist Xp_i, Xp, r/p_i and r/p such that

,,X,) (9)

Let Wp_i = -Xa, Wp = A,a, 0p_i = Xe + lâ B̂ , and 0p = ?i8 - WB̂ , where a is
a vector with ||a|| = 1, s is a tiny positive number, and A is a large number and
equals to 2\ Thus, h(Bk, Xp_0 = h(Bk, Xp) = tanh(s2'), and h(B,, Xp.,) =
tanh(2*(s - a'B̂  + a'BO) and h(Bc, Xp) = tanh(2\6 + a'B̂  - a'BO) V ce K(k-l).

-2
Also, let r/p., = r/p = max %] r>, A(B, , X, )- ̂  ̂ (B̂  X . ) .

c£A,2(A:-l) y_j ._j

Furthermore, with a reasonable assumption that the amount of training data
is finite, there exist proper a and s such that ot'Bc - ct'Bk| > s V ce K(k-l), and
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an integer T such that 0.5 < tanh(e2') and |h(Bc, Xp.,) - h(Bc, Xp)| = 0.0 V ce
K(k-l). With such a, e, T, r/p_i, and r/p, and the facts of (7) and (8), equation (9)
is satisfied. Q.E.D.

3.2.2 The heuristic work of the SBP learning algorithm
With the accordance between the original non-binary desired output values and
the transformed binary desired output values as well as the ability of success-
fully classifying the training patterns via the softening algorithm, we expect the
softening algorithm can acquire some useful NS information for BP. Thus, in
the second part of SBP procedure, BP may proceed on a better network structure.
The meaning of being better is being more efficient and more effective in learn-
ing as well as more effective in forecasting ability (generalization).

The Xs mentioned in Lemma 1 and 2 are like gain parameters; their large-
ness render the activation function of the new recruiting hidden node like a
threshold one, and the resulting saturation phenomenon of the activation func-
tion renders the following learning process much more inefficient. In contrast,
the softening algorithm can be designed loosely. Heuristically, it is also feasi-
ble to recruit hidden node(s) with the weights mentioned in Lemma 1 and 2, and
with the value of A, being 1.0, and then use the thinking mechanism to tune the
weights. And such process is repeated till LSC(k,/) for all / are satisfied.
Such arrangement make the softening algorithm a state of art; however, the em-
pirical results show that the above repeated strategy works well, resulting in a
finite amount of new hidden nodes.

4 Conclusion and Future Work

We have introduced a heuristic learning algorithm for the application problems
with non-binary desired outputs. The learning algorithm is named as the SBP
learning algorithm, where the softening algorithm is first used to decide net-
work's structure, and the obtained NS is then trained via BP. The design of the
SBP learning algorithm does not follow the ideas of genetic inheritance and
natural selection; however, during its learning process, NS develops in a deter-
ministic way by degrees to a more advanced or mature stage. Thus the SBP
learning algorithm is a deterministic evolutionary learning algorithm.

The arrangement of the SBP learning algorithm is acceptable provided the
ability of successfully classifying the training patterns via the softening algo-
rithm and there are accordance between the original non-binary desired outputs
and the transformed binary desired outputs. We may classify the input patterns
of each training set into two categories via the mean value (or the median) of
their desired output values. One future work is to study a better way of
digitally transforming the desired output values.

From some simple experimental results, it seems that the heuristic soften-
ing algorithm can successfully classify the training patterns, and then BP pro-
ceeds on a better MLP network. The meaning of being better is regarding the
better forecasting ability, while there is no significant improvement in efficiency.
Compared with BP, however, SBP is less liable of encountering with the rela-
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352 Data Mining II

lively optimal learning result. In other words, the heuristic softening algorithm
renders the following learning of BP less liable of encountering with the rela-
tively optimal learning result (than the original BP's learning), although the fol-
lowing learning of BP may be more complicated. Although those are shown in
the empirical results, the above facts have not been proved mathematically.
Besides, some arrangements of the softening algorithm are rather a state of art.
Another future work is to further investigate theoretically to verify those facts.
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