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Abstract—The ability to recognize quickly and accurately which we encounter is

fundamental to normal intelligent human behavior. However, how the learning of
categories which objects in the world fit into takes place is still an unanswered question.
One thing is certain though; much of the learning that takes place allows humans to
cope with the changing they encounter. One of the most important aspects of human
intelligence is its flexibility which has allowed humans to prosper in a dynamic world.
Humans do not suffer from the ills of old fashioned hard rule based artificial
intelligence. The study tested six cubes. The vertices of the cubes represent individual
stimuli constructed from three binary dimensions. The dimension of the stimuli can be
assumed to correspond to shape (square vs. circle), color (black vs. white), and size
(large vs. small). Four stimuli belonged to one category and the other four to a different
category. These constraints result in six problem types, which are illustrated by the six
cubes. The circle vertices represent stimuli that belong to category A, and the square
vertices represent stimuli that belong to category B. The faces of the cubes represent a
constant value across one of the three dimensions that define the stimuli. This work
presents experiments with two different classifier systems: learning when fitness is
based upon strength and specificity, and learning when fitness is based on strength
alone. The system is implemented using Pascal programming language. Results show
lower performance of the system when depending on strength alone. By contrast, the
run with strength and specificity allows a fast desired output.
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1. Genetic Based Machine Learning

Genetic based machine learning
considers any system that uses some
abstract  adoption of Darwinian
evolutionary theory, normally in terms of
genetic algorithm, in its learning. A
genetic algorithm is a search algorithm
often used on its own (e.g. for function
optimization) but also inside another
system as a search engine. The systems
are known as Classifier systems.
Popularized by Holland, these are “soft
rule based” systems. Classifier systems
can be used as a universal programming
language and are therefore
computationally complete. In this sense
they are equivalent to other artificial
intelligence systems such as production
systems and connectionist networks [1],
[2] stated the answer to what the term
“brittleness” in expert systems was
“Induction”. Therefore if past experience
was to guide future action then a system
must learn to discover regularities or
reoccurrence within the input. The
categories induced by a system must be
broad enough to allow inclusion of the
likely possibilities, but also specific
enough to distinguish those situations
requiring different behavior. All rules are
of a condition action form and are known
as classifiers. The condition part specifies
the set of messages for which the rule is
active, and the action part specifies a
message that is posted by an active rule.
Messages are kept to standard lengths
allowing conditions to be defined in the
same standard length, making the
generality of a condition simple to set.
Also, rules can be tied together into
various networks by the use of tagging.
The simple component rules maintain a
value that reflects their usefulness within
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the system. These values are known as the
rule’s strength. A learning algorithm
adjusts rule strengths and as the classifier
system learns strength reflects a rule’s
usefulness over time. In classifier systems
the standard approach is to use
reinforcement learning scheme though a
supervised learning scheme can be
adopted. “Reinforcement learning is
learning what to do - how to map
situations to actions — so as to maximize a
numerical reward signal” [3], [4].

2. The Classifier System

The classifier system consists of four
major structural components
e A finite population [P] of
condition/action rules or classifiers.

e A message list.

e An input interface consisting of a set
of environmental feature detectors.

e An output interface for affecting the
environment.

Environmental payoff is defined within
the problem structure. The system uses
three algorithms:

o A performance algorithm called rule

and message system.

e A reinforcement learning algorithm
called the bucket brigade algorithm.

e A rule discovery algorithm called
genetic algorithm [1], [2]. Fig.1
illustrates the LCS.
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Figurel.The Learning Classifier System (LCS)

2.1. Representation:  Classifiers  and

Messages

The basic elements of all classifier
systems are classifiers and messages. All
messages are strings of length L from a
binary alphabet {0, 1}. All classifiers have
the form: t, t2, ...tr/a .The “ / ” indicates
a separation between condition and action.
The condition consists of r individual
taxa, ti. The action, a, is a message. Each
taxon is a string of length L from a ternary
alphabet {0, 1, #}. The condition is
satisfied if and only if every ti matches
some message currently on the message
list. The individual ti matches a message if
and only if for every 0 or 1 in ti, the same
value occurs in the same position of the
one in the message. The “#” functions as a
“don’t care” symbol in a taxon and
matches unconditionally. The # *s confer
generality on the taxon, because distinct
messages can be matched by a taxon
containing n #s. Thus the classifiers
themselves have a quantifiable amount of
generality inherited from the #’s in their
condition. The output interface is a
predefined mapping of some subset of the
message space to environmental actions
[5], [6]. Fig.2 illustrated the Performance
system.
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2.2.Performance and Reinforcement

Algorithms

The performance and reinforcement
algorithms work one after another within a
single run cycle of the classifier system.
The run cycle of a Holland classifier
system operates in stages: first messages
from the input interface are posted to the
message list; then classifiers that have
conditions satisfied by messages on the
list post their own messages to the list
(previous time step messages are
removed); and finally any messages that
would trigger the output interface do so,
but with resolution of effecter conflicts if
necessary (effecter conflict is resolved by
the system listening to the classifier with
the higher strength).  When external
payoff from the environment enters the
system the amount is shared by all
classifiers with messages currently on the
list. A classifier whose message is
matched by a classifier on the following
cycle becomes “coupled” to that classifier.
If a sequence of coupled classifiers that
leads to external payoff is repeated
enough times, then the environmental
reward filters backward via the bucket

brigade  algorithm  reinforcing  the
sequences early acting  members.
Eventually the initial scene setting

classifiers will receive reward for their
part in obtaining environmental reward. In
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general in these systems classifiers that
match on a cycle do not have an automatic
right to post their messages, but they must
be successful in participating in a biding
scheme to post their message. Apart from
this all matching classifiers have the right
to post their messages and compete for the
bucket brigades payoff flow.

2.3. Discovery component

Due to the performance and learning
algorithms, classifiers that lead to more
environmental payoff increase in strength
and thus increase their own and the
system’s efficiency. In the discovery
component strength plays another distinct
role, it influences the generation of new
classifiers that are likely to be better at
obtaining environmental payoff than
existing ones. So, the strength of a
classifier is used as a measure of that
classifier’s fitness (in genetic terms)
within the population. The discovery
component is basically an implementation
of Holland’s genetic algorithm (GA) [7],
[8]. Under the genetic algorithm instances
of the best substrings tend to be combined.
Therefore, improvements in substring
space leads to improvements in classifier
space, which result in improvements in
system performance. Although the
operation of the

Genetic algorithm may seem subtle and
complex the actual implementation within
the system is quite simple. Classifiers are
selected to parent offspring
probabilistically over their strengths from
the population [P]. Selected parent
classifiers are copied and genetic
operators are applied probabilistically to
the copies. Finally, the modified copies of
the parent classifiers known as offspring
are added into the population [P],
replacing the same number of low
(strength) fitness classifiers. The two
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primary genetic operators within the
algorithm are crossover and mutation. In
crossover, a randomly selected segment is
exchanged between a pair of classifiers. In
mutation, the values (alleles) at one or
more positions in a classifier are changed
to one of the other possible values, in the
case of allele in the taxon it would become
eithera 0 or 1.

3. Related Work

John Holland introduced a domain —
independent rule=based machine
learning complex adaptive scheme;
a learning classifier system and laid
a comprehensive foundation for
genetic based machine learning [9].

Wilson introduced XCS; a learning
classifier system derived from his
own ZCS and animate problem [7].

XCS has successfully used for
learning Boolean functions by
Kovacs and Wilson in the area of
data mining [7], [9].

Barry and Saxon further tested XCS
on the Monk’s problems [10].

Wilson evaluated XCS’s
performance on the Wisconsin
breast cancer data set and Holmes
did the same on epidemiological
data in the domain of medicine [11],
[12].

Decision — free algorithms are also
widely used in data mining
application [13], [14].
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Figure2.The performance system

4. Categorization Problem

Categorization is considered basic to all
our intellectual abilities [5]. Categorization
“is the process of assigning objects (of
whatever kind) to categories (which are
collections of objects which are grouped
together for some purpose)” [15]. The
intelligent  behavior  of  perceptual
categorization involves the classification of
objects, translated from a physical
representation in the external world to an
internal representation by a perceptual
system. However the ability to effectively
acquire  knowledge to classify the
representations of objects from an agent’s
external world is no simple problem.

The study tested subjects on six basic
types of categorization problem. In each
problem there were eight stimuli
constructed from three binary dimensions.
Four stimuli belonged to one category and
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the other four to a different category. These
constraints result in six problem types,
which are illustrated by the six cubes in
Fig.3. The vertices of the cubes represent
individual stimuli. The circle vertices
represent stimuli that belong to category A,
and the square vertices represent stimuli
that belong to category B. The faces of the
cubes represent a constant value across one
of the three dimensions that define the
stimuli The dimension of the stimuli can be
assumed to correspond to shape (square vs.
circle), color (black vs. white), and size
(large vs. small).Any assignment of four
stimuli to each of the two categories can be
reflected or rotated into one of the types
illustrated in Fig.3.

4.1. The Categorization Problem Cycle

The Categorization Problem consists of
two learning classifier systems. The
mechanism of the two classifier systems is
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the same. First, the system receives a
message from  environment  through
detectors into a single message list. This
message matches against classifiers in the
classifier store to perform match list.
Second, an action is held to choose a
winning classifier. The action of wining
classifier goes forward to the environment
as output. At last reinforcement is provided
to the system to reward the classifier of
good action and punish the classifier of bad
action. Fig.4 illustrates Categorization
Problem cycle.

4.2. The Performance System for
Categorization Problem

The Performance system of the
Categorization Problem consists of a
message list and classifier store. There is
only a single message in the message list
that is used to match against the condition
part of all classifiers in the classifier store
and there is no message to be received in
the current cycle until the system produces
an action.

Coding (LCS) Conditions

The learning classifier system (LCS)
receives 3 — bit messages from environment
mapping it to 8 states from 0 to 7 bits only.
The three bit is represented as follows:

First bit represents the object shape (1
means the object is circle, 0 means that
object is square).

Second bit represents the object color (1
means the object is black, 0 means that
object is white).

Third bit represents the object size (1
means the object is small, 0 means that
object is large).
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Coding (LCS) Actions

LCS has an action consisting of only one
bit. LCS action has the form and meaning
as follows:

e 1 means the object belongs to

category A.

e 0 means the object

category B.

belongs to

Representation of (LCS)

The Performance system of the LCS
consists of a message list and classifier
store. The classifier list of LCS contains a
set of rules called classifiers which
represents the knowledge and controller of
the system at execution time. The condition
part of classifier consists of (3 bit), and
action part consists of (1 bit). The size of
classifier store for LCS will be (8) Rules
and all classifiers have the same strength
value at the beginning.

Example
The representation of the rule "If object
shape is square AND object color is black
AND object size is large THEN the object
belongs to category A “:
shape color size /category A
1 1 1/ 1
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4.3. Apportionment of Credit (AOC) for
Categorization Problem

The procedure (AOC) the
Categorization  Problem calls three
routines: auction, clearing house and tax
collector.

First procedure, the function auction
holds a noisy auction to select a winning
classifier from the set of matched
classifiers. The auction cycle through the
matched classifiers successively calculates
each classifiers base (bid) and its effective
bid ((Ebid) as illustrated in equations
(1),(2),(3) and (4) respectively. The
function auction keeps track of the
classifier index with highest effective bid
and returns this value upon relinquishing
control to procedure (AOC).

Formally for Categorization Problem, a
classifier’s bid is defined as a product of
Cbid and a linear function of

classifier’s
strength [16].

in

specificity, and classifier

Bid j = Cpig * f(SP)*S; (1)
f (SP) = bid, + bid, * SP
(2)

Where: C bid is the bid coefficient,

usuallyC big @ constant less than 1.
Specificity (SP ) = number of non #
/Total Length of condition part.

bid 1,bid o are input parameters. S Is

strength, 1 is classifier index.
The effective bid (g ) for each

matched classifier is the sum of its
deterministic bid and a noise term:
EBj =Bidj+ N(opig) ®

Where, the noise N is a function of the
specified bidding noise standard deviation
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O bid

The winning classifiers place their
messages on the message list and their
strengths are reduced by the amount of
their bids. Typically, if Sc (t) denotes

the strength of a winning classifier,C at
time t and g, (t) denotes its bid at the

same timet, then its strength at time
t+ 1 1S

Then after procedure clearinghouse
is invoked to reconcile payments. The
current winners' strength is  simply
decreased by the amount of its bid value
for the Categorization Problem. Bucket
brigade algorithm flag is usually set to
false because reward is available at every
time step and because there is no
relationship between successive signals.

For Categorization Problem if C ' sent
the message matched by C above, and
then the strength of C ' attime t + 1 is:

Scr(t+1) =S¢ (t) + Bc(t)(5)

The last routine called by the
AOC procedure is tax collector. To
discourage nonproductive classifiers, two
different types of tax are collected from
classifiers; an existence tax and bid tax.
The existence tax is assessed and collected
from all classifiers at a tax rate specified
in the real value population variable life
tax. The bid tax is assessed and collected
from all classifiers that bid in the last
auction; this tax rate is specified by the
real variable bid tax. Many schemes are
available; a tax was simply collected
proportional to the classifier strength:

Ti =Ctax *Si ©
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Where: T Is tax, is
tax

coefficient of tax, S is strength and i is
classifier index.

To implement a well-defined procedure
the auction and payment scheme was
detailed. Classifiers make bids (Bj)

during the auction. Winning classifiers
turn over their bids to the clearinghouse as
payments(p; ). A classifier may also

have receipts (r;) from its previous

message- sending activity or from
environmental reward. In addition to bids
and receipts, a classifier may be subject to
one or more taxes(Ti ) - Taken together,

the equation governing the depletion or
accretion of the classifier strength is as
follows [8]:

S;(t+1) =S,(t) - P,(t) = T,(t) + Ry (t)

(7
The apportionment of credit equation
recasts into a more useful form where all

payments and taxes have been replaced by
their strength equivalent [16], [17].

S(t+1)=5(t) —Cyiy S -Cr*SM) +R()

(8)
4.4. Rule Discovery for Categorization
Problem
GA is a way of injecting new possibly
better rules into the system

(Categorization Problem). New rules are
created by the rule discovery process,
Reproduction, crossover, and mutation.
These rules are then placed in the
population and processed by the auction,
payment and reinforcement learning to
properly evaluate their role in the system.
[17], [18].

45. The Reinforcement
Categorization Problem.
Reinforcement algorithm is preferable

Learning of
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to be provided by a human trainer who
observes the performance of the system
and provides positive or negative
reinforcement according to the action to
be taken.

4.6. Comparison between Learning
Depended Strength Alone vs. Strength and
Specificity

The categorizing tasks are easily
expressed in terms of binary strings to
learn. The system was run over the
categorizing tasks consisting of 100 trials,
with the parameters illustrated in Fig.6.

Learning using classifier system
depended strength alone for evaluation we
start from the same initial population,
achieve this by using bidl=ebid1=1 and
bid2=ebid2=0.insted of learning using
strength and specificity bid1=ebid1=0.250
and bid2=ebid2=0.125, as shown in
Tablel.

The performance of the system to solve
cubic problem after 100 trials illustrates
the slowness of learning task to solve the
cubic problem when compared to learning
depended strength and specificity to solve
the same problem. As shown in Fig.8, the
environmental message won after 94
iterations when using learning depended
strength alone. The same message won
afterl6 iterations as in Fig.7 when using
learning  depended  strength  and
specificity. Table 2 illustrated numbers of
iterations for the six quips when we use
strength only or use strength &specificity.

In addition, without using specificity
the default rule [##1:1] wins against the
perfect rule [ 101:1] when it should not. In
the run with specificity bid the structure
depends on enough difference existing
between specific and general rule bids to
allow consistent selection of exception
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rules when they are matched. Table 3
illustrated winning rules.

The run of the program using learning
with strength only is unable to perform as
well as the run using learning with
combination of strength and specificity.
The time need to match signal is shorter

Tablel. Bid Structure.

when using learning with strength and
specificity, and we are more likely to
achieve good result quickly. The
performance of the system after 100
iterations for qubic-1 is illustrated in
Table 4 and data chart illustrated in Fig.5.

Bidl | Ebidl | Bid2 | Ebid2
Learning using strength &specificity | 0.250 | 0.250 | 0.125 | 0.125
Learning using strength only 1 1 0 0

Table2. Numbers of Iterations for The Six Quips.

Number of iterations using | Number of iterations

strength &specificity using strength only
Cubic-1 16 94
Cubic-2 15 97
Cubic-3 15 100
Cubic-4 17 98
Cubic-5 14 92
Cubic-6 16 97

Table3. Wining Rule for The Six Quips.

Wining rule using | Wining rule using
strength &specificity strength only
Cubic-1 101:1 1##:1
Cubic-2 101:0 ##0:0
Cubic-3 101:1 ##1:1
Cubic-4 101:0 1##:1
Cubic-5 101:1 #0#:1
Cubic-6 101:0 0#1:0

Table4. The System Performance After 100 lterations

No of P(correct) using P(correct) using
Iterations strength & specificity strength only
10 0.8 0.6
20 0.88 0.65
30 0.9 0.7
40 0.95 0.72
50 0.96 0.75
60 1 0.77
70 1 0.78
80 1 0.78
90 1 0.8
100 1 0.81
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Figure 5. The System Performance After 100 Iterations

5. Conclusions
e This paper shows how two different

classifier systems are both able to
demonstrate similar learning
performance over a set of
classification tasks.

The results show that the learning
depended strength alone is slower
than learning depended strength and
specificity when both of them start
with the same initial population.

Learning using fitness depended
strength alone is slower to recover
because its general rule wins against
perfect rules when it should not. This
lowers the performance of the
system. By contrast, in the run with
specificity, enough difference exists
between the specific and general rule
to allow consistent selection of
exception rules when they match.

e Genetic based machine learning can
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be used as a model of learning.

In the long run for big knowledge
based systems, learning will turn out
to be more efficient than
programming.

Experimentally comparing between a
learning algorithm with a
combination of strength and
specificity produces better results
than either strength.

Experiment shows that the time
needed to perform the task when
using learning with strength and
specificity is less than the time
needed when using learning with
only strength.

Experimentally we obtain more
accuracy of the signal when using
learning  with  strength  and
specificity.
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The simplest category structure is a  Mutation probability = 0.0200
Type 1 problem, where only information  Crossover probability = 1.0000
from a single dimension is relevant to Crowding factor = 3

solve the classification problem. Crowding subpopulation = 3
A SIMPLE CLASSIFIER SYSTEM [block: iteration] - [0:0]
FOR CUBIC-1 USING STRENGHT & current status

SPECIFICITY
population parameters signal = 000
Decoded signal = 0
number of classifiers = 24 desired output = 0
number of positions = 3 classifier output = 0
number of action = 1 environmental message: 000
bid coefficient = 0.1000 no. strength bid ebid M classifier
bid spread = 0.0750
bidding = 0.0100 1 10.00 0.00 0.00 0##:[0]
existence tax = 0.0200 2 1000 0.00 000  O#:[l]
generality probability = 0.5000 3 10.00 0.00 000  I#:[0]
bid specificity base = 0.2500 4 1000 000 000  1#[l]
bid specificity mult. = 0.1250 5 1000 000 000  ##0:[0]
edid specificity base = 0.2500 6 10.00 0.00 000  #0:[1]
ebid specificity mult. = 0.1250 7 1000 000 000  ##1:0]
8 10.00 0.00 0.00 ##1:[1]

environmental parameters 9 1000 000 000  #0#[0]
10 10.00 0.00 0.00 #0#:[1]
total number of signal = 3 11 1000 0.00 0.00  #1#[0]
apportionment of credit parameters 12 10.00 000 000  #I#[1]
13 10.00 0.00 0.00 11#:]0]
bucket brigade flag = false 14 1000 0.00 0.00 11#1]
15 1000 0.00 0.00 #11:[1]
reinforcement parameters 16 10.00 000 0.00  00#[1]
17 10.00 0.00 0.00 #00:[0]
reinforcement reward = 10.0 18 10.00 000 0.00  ##0:[0]
Timekeeper parameters 19 1000 000 0.00  1#1:[1]

20 10.00 0.00 0.00 0#0:[0]

Initial iteration = 0 21 10.00 0.00 0.00 1#0:[0]
Initial block = 0 22 10.00 0.00 0.00 0#1:[1]
Report period - 23 1000 000 000  ##:[0]
Console report period = 1 24 1000 000 0.00  #mH[1]
Plot report period = 1 new winner[1] : old winner[1]

Genetic algorithm period = 1

i i Figure6. Initial report for Cubic -1
Genetic Algorithm Parameters 1gu itial rep ubi

Proportion to select/gen = 0.6000
Number to select = 7

38



IJCCCE Vol.. No.. 2013 Solving categorization problem using two models of
’ ’ machine learning

Lubna Zaghlul and Nada Mahdi

[block: iteration] - [0:16] = 0

current status A SIMPLE CLASSIFIER SYSTEM
signal =101 FOR CUBIC-1 USING STRENGHT
DeCOded Slgnal = 5 st
desired output = 1

o ~ snapshot report
Classifier output = 1 [block: iteration] - [0:94]
environmental message: 101 current status

) ] o signal = 101
no. strength  bid ebid M classifier

Decoded signal = 5
desired output = 1
1 75.82 3.91 4.00 X #01[1] classifier OUtpUt — 1
210295 0.00 0.00 111:[1] environmental message: 101
3 9201 000 000  111:[1]
4 9263 597 603 x 10U no syrength  bid  ebid M classifier
5 9897 613 608 x 101:1]
6 8809 000 000  111:1] 7634 762 753 x 1##[1]

11 9201 000 000  1#0:[1]
12 9912 511 508 x 1#11]
13 8719 562 559 x 1011] 6480 668 666 x O#[]
14 10108 521 516 x 1#11] 5741 592 597 x O#[]

15 8796  0.00 000  1#0:[1] 19 4994 000 000  1##[0]

5561 0.00 000  010:[0]
60.89 6.28 621 x O##[1]

x

x

O©ooO~NOOUTDEWNEF
X

18 8100 313 307 x 1#%[1] 13 6480 668 6.68 x O#[l]
19 9912 511 505 x 1#LI] 14 6296 649 647 x O#[l]
219606 000 000  11V[I] 45 4153 634 652 x O##[0]

229608 000 000  1#0:[1] 47 @559 000 000  01#[1]
23 10108 521 512 x WLM] 13 5651 583 584 x O[]
24 9160 000 000 L[] 19 6010 620 638 x O[]

20 6072 000 000  OL#[1]

X X

new winner[5] : old winner[16] 21 6190 638 6.37 x O##[1]
Figure7. Last report for Cubic -lusing learning 225505 567 573 x 00#[0]
depend strength and specificity 23 6153  6.34 635 x Ow#[l]
24 6089 6.28 6.25 x O##[1]

new winner[1] : old winner[1]

Figure8. Last report for Cubic -lusing learning
depend strength only
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