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Abstract the adaptation of rudimentary decision heuristics andestra
gies with repeated experiential learning. Briefly, our work
This paper describes an attempt to devise a knowledgeadopts a library of rudimentary neural networks, each of
discovery model that is inspired from the two theoretical which prescribes a particular decision logic, and through
frameworks of selectionism and constructivism in human adaptive evolution, these networks are composed together
cognitive learning. The “selectionist” nature of human de- to form more intricate decisions with respect to a problem
cision making indicates the use of an evolutionary paradigm domain. The model we propose is made of up two distinct
for composing rudimentary neural network units, while the components: the learning component and the interpreta-
“constructivist” component takes the form of neural weight tion component. Adaptation of rudimentary networks takes
training during the learning process. We explore the possi- place in the learning component (section 2) which remains
bility of amalgamating these two ideas into a neural learn- oblivious to how these adaptations would be used. The task
ing system for the discovery of meaningful rules in the con- of the interpretation component (section 3) is then to ag-
text of pattern discovery in data. gregate the networks in the learning component and present
them in a human amenable manner in the form of rules.
Notably, the interpretation component resembles the idea
of “left hemisphere interpretation” in [4] which is comple-
mentary to the evolutionary workings of the brain. Section

. . . . 4 presents empirical findings on some benchmark data sets
An important measure of utility in any machine learning 5.4 dgiscusses the implications of our work.
model is the acceptability or amenability of learned knowl-

edge in terms of their usefulness subject to the human user2
One way to achieve this goal within the realm of data min-
ing and knowledge discovery from data is to account for
cognitive processes that humans employ in decision mak-
ing [10]. Theories of cognitive development include the two
theoretical frameworks of selectionism and construativis
Selectionists emphasize the competitive selection ofaieur
elements with innate variation as the driving force of corti
cal representation [3], while,constructivists argue tat
tical representation is the result of growth and combimatio
of neural elements that develop with experience [11].

While there has been many attempts in combining arti-
ficial neural network learning with evolutionary algoritem
that fundamentally addresses inherent dispositions ef tra
ditional neural network weight training [15], the premise  Act = LN
of our work is to look from the persepective of cognitive @ 0,1) if 7;(6“0‘" —bifi) < —1
development. Humans make complex decisions through (0,0) otherwise.

1. Introduction

Thelearning component

We use a probabilistic variant of neural logic networks
(neulonet}[13] as rudimentary units for representing fun-
damental human decision logic. #eulonethas an ordered
pair of numbers associated with each node and connection.
The ordered pair for input and output node takes one of
three discrete value$1, 0) for “true”, (0, 1) for “false” and
(0,0) for “don’t know”. (1,1) is undefined. Equation (1)
defines the activation function at the outgptwith input
denoted by(a;, b;), and the weighté«;, ;).
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The “Disjunction”neuloneshown in figure 1. depicts a dis-
junction rule whose outcome is in accordance to Kleene’s
three-valued logic model. Rudimentamgulonets(or net
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Figure 1. Disjunction net rule.

rules) can be devised to express a variety of human-like
logic which can be broadly divided into five categories as
shown in figure 2.Neulonetsan also be enhanced to pro-
cess probabilistic information by allowing input nodes to
take on real-numbered ordered pafts y) with the con-
straints) <z < 1,0<y<land0 <z+4+y < 1. A
probabilisticneulonetwith an input, say0.6,0.3), implies
that the input could beue 60% of the time anéalse30% of

the time; for the remaining 10% of the time, itusknown

For an input node of valugr, y), successive uniformly dis-
tributed random points can be generated within the interval
[0, 1] such that if the point is less thanthe input node fires
with a value of(1, 0); if the point is greater thah — y, the
input node fires with a value @, 1); otherwise it fires with
(0,0). The usual propagation and activation of tiealonet

(10) 2/3-Majority (11) At-Least-k-Yes (12) At-Least-k-No

(c) Category lll:Net Rulesdased on vote counting.

from input nodes to output node can then proceed as nor-
mal. Suppose the simulation is performed oneulonet

for a sufficiently large number of trials, say and of these

n trials, m, resulted in atrue outcome, andn, resulted

in a false outcome. Then the probabilistic outcome of the
neulonetis given by (=, %). Compared to analytically
solving the probabilistic outcomes, this naive methodplog
is suited for evolutionary learning that inherently invedva

(13) Disjunction (14) Conijunction

(d) Category IV:Net Rulegepresenting Kleene’s 3-valued logic.

large number of trials.

Neulonetscan be combined into larger compositeu-
lonetsto realize more complex decisiorseulonetcompo-
sition has been demonstrated using a genetic programming
platform [12, 2]. One iteration of the learning process in-
volves subjecting the entire populationrgulonetdo a set
of training examples and selection of desirab&ulonets
implemented using a fitness measure such thatwdonet
of higher utility is accorded an exponentially higher chanc

(15) Overriding-Majority

(16) Silence-Means-Consent

(e) Category V: Coalescedet Rules

(17) Veto-Disjunction

of selection. Selectedeulonetghen go though genetic op-
erations of reproduction, crossover or mutation. These op-
erations maintain the semantics of the constituttrules

as connection weights remain intact, hence facilitatireg th
straightforward extraction of the logic rules they représe

Figure 2. Library of net rules divided into five
broad categories




2.1 Seectionist and Contructivist Learning

The preceding work of evolutionary neural logic network
learning sees eadheulonetaccorded a particular class la-
bel during initialization. Evolution aims to generaterfdu-

lonetswith respect to their assigned classes. We extend the

model of theneulonetto include a layer of neurons rep-
resentingk class labels of &-class problem as shown in

figure 3. With the presentation of each training example to

aneulonet the real-valued weight,; connecting? to ¢; is

updated according to the weight update rule in equation (2).

x represents the usual learning rate in traditional neutal ne
work learning and; takes on the value of 1 if the training
example belongs to clagsor O otherwise Q,, is the truth
value of the outcomé). The optimum weightv* in equa-
tion (3) corresponds to the classification of tieulonet

(a1,b1)

(a1, 61)

(az,b2) (P2)

(as, B3)

(an, Bn)

Figure 3. Neulonet with connecting weights
to output nodes representing class labels.
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The learning rule applied on eaalh makesw; a recency-
weighted estimate of;,. Figure 4 shows the typical opti-
mum weightw* profiles of twoneulonetausing the weight
update rule with learning rate set to 0.01. The twoeu-

w* = max w;
2
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Figure 4. Weight profiles of two neulonets.

The evolution algorithm is summarized in table 1. The spe-
cific genetic operator applied on a selected individual is
probabilistic with a significantly higher probability pled

on the reproduction operator. Throughout our investiggtio
the probability of subjecting an individual to reproductio
is 80%, crossover 15% and mutation 5%.

Table 1. An algorithm for evolving neulonets.
1. Generate an initial population n&ulonets
2. lteratively perform the following sub-steps for
every presentation of a data example:

2.1. Fire eacmeulonetin the population against
. the data instance.
2.2. Perform weight update on eatcbulonet
with respect to the data instance.
2.3. Assign eacheulonetwith a fithess measure.
2.4 Apply genetic operations aoreulonets

chosen with a probability based on fitness.

Weight update and evolutionary selection is activated

lonets correctly classifies the training instances 70% and only if the neuloneresponds positively to the input training
95% of the time over 2000 iterations; the latter is repre- example, i.e. the outcome &f is (1,0) (or @, = 1). This
sented by the darker profile. Clearly, the variance is smalle gives rise to an implicit niching-effect [5] whereulonets
for the better individual. Moreover, a larger learning rate are evolved within their niches, thus avoiding the entirp-po
results in larger weight fluctuations. ulation from being overwhelmed by a single best individual.
Genetic evolution immediately follows weight update for A high reproduction rate also results in a larger number of
each presentation of a training example. Roulette wheel se-copies (or highenumerosity of fit individuals as evolution
lection is performed using the fitness values ofribalonets  progresses, It is also interesting to note that in accomltmc
based on their weight value. The fitness function employedthe generalization hypothesjgroposed in [14], these fitter
is given in equation (4). Assuming that the training example individuals are also maximally general, i.e. the individua
belongs to class, the fitness function is a power functon  cover as much data examples as possible while remaining
of the corresponding weigh... within some accuracy criterion. In the presence of two indi-
B " viduals advocating the same action, with one individual be-
F = (weQa) ) ing a generalization of the other, the general one responds
1We adopted an value of— 1oé?ffa) which isinspired from the origi- ~ towards more training examples and results in more repro-
nal fitness function in [7]; the derivation is left out due pmse constraints.  ductive opportunities.




3 Theinterpretation component This pre-processed iris data set then undergoes adapta-
tion in the learning component. An initial population of
The interpretation component for rule discovery is il- 1000 randommeulonetss created, with eacheulonetcon-
lustrated using the iris data set of 150 data instances withSiSting of no more than two rudimentanet rules The
continuous attributes. Each attribute is discretized into  €arming rates is setat 0.01 to avoid significant weight fluc-
tervals with an entropy-based discretizer [6], followed by tuations. Figure 7 depicts the number of copies of the first
Parzen-based probability density function estimationgisi ©ne hundred distinateulonetssorted in descending order
a triangular kernel [9], to generate probabilistic ordered ©f numerosity at 100 and 1000 iterations. Notice that in
pair values. Intuitively, a continuous value located at the &ach iteration, there is a significantly larger number of fit-
boundary of two adjacent discretized intervals gets anlequa € individuals, and this has an overwhelming effect as the
chance of falling on either interval. Using the “sepal ldrigt ~number of iterations increases.
attribute as an example, discretization produced three in-
tervals with cutoff points located at 5.55 and 6.15. A 10 L s Y
point with value 5.7 induces an interval-width dependent e
triangular kernel as shown in figure 5. Superposition of
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Figure 7. Numerosity profile of the hundred
fittest neulonets in iterations 100 and 1000.

Figure 5. Triangular kernel for the value 5.7.

The interpretation component can now take on the role
kernels for all points produces the profiles in figure 6. of a classifier and discover rules inherent in the problem
The value 5.7 is associated with the “true” values of domain. A sequential covering approach is used to ex-
0.288, 0.806 and 0.111 with respect to the three intervalstract a minimal set of useful rules from the learning compo-
{(—=0,5.55), [5.55,6.15), [6.15,00) }. The ordered pairin-  nent[8]. An outline of the algorithm is given in table 2. For
puts associated with the three intervals @r&39,0.761), the iris data set, sequential covering is applied peridigica
(0.669,0.331) and(0.092, 0.908) upon normalization. after 100 evolution iterations. An early-stopping strateg

is adopted and termination transpires when there is no im-
1 ‘ ‘ ‘ ‘ ‘ provement in accuracy over a period of 1000 iterations. In
a typical simulation run, the classification accuracy exsee
08| l 90% after the first 1000 iterations.

Table 2. The sequential covering algorithm
1. Initialize classifietRule List as empty
2. lteratively perform the following until the data set is @y

04 -

0.288 2.1. Select th@eulonetwith the largest numerosity
oz ] from the learning component.
o 2.2. Delete from data set all examples for which the

neulonetproduces a “true” outcome.
2.3. If data was deleted, extract the rule from tieeilonet
and add it to theRuleList.

Figure 6. Profiles for “sepal length” attribute.



4 Empirical Study and Discussion overly complex like a multi-layer network. Moreover, only
a limited set of weights are applicable foet rule speci-

An empirical study was conducted using a number of fication. These weights can be expressed using constraints

continuous valued data sets from [1]. Ten-fold cross valida Which caters to different types of human-like decision éogi

tion results using our approach (SNC) are compared againsfuture work would involve investigation into these “cogni-

the work of [2] (NAC) in which sequential covering is sim- tive” constraints and devising more novel neural units.

ilarly used for rule discovery. Results of average predicti

errors (as well as the average size of the rules in brackets)Acknowledgement

are tabulated in table 3. Generally, SNC produces more ac-

curate classifiers with more rules as only the accuracy of This work is partially supported by NUS/MDA grant
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to decide on the optimal classifier. The size of the rule list
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