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ABSTRACT 

Learning Classifier Systems (LCS), are a machine learning technique which combines 

reinforcement learning, evolutionary computing and other heuristics to produce adaptive systems. The 

aim of this work is designing an adaptive system with learning capabilities sufficient to let it adapt to 

its environment and meet the goal of survival. The system called (Adaptive Lamb) focuses in creating 

adaptive creature (lamb) using computer simulation, and learning it how to choose between two 

different basic behaviours, (approach & escape). The system (Adaptive Lamb) uses three classifier 

systems, which has two levels distributed architecture. Three classifier systems were used to perform 

complex behaviour. First classifier learns simulated lamb to eat grass (approach behaviour), i.e. move 

one step toward grass when fox is disappear. Second classifier learns the simulated lamb went to Land 

(escape behaviour) i.e. move one step toward Land when the fox is appear. The third classifier system 

is controller classifier system should learn switching policy i.e. to which classifier system gives the 

control when more than one of them is active. First results of the application of this algorithm are 

shown genetic algorithm were used to implement robotics controller with interesting properties such 

as provides guidance to the system and shortening the number of cycles required to learn. 

  

Keywords: Genetic Algorithm; Reinforcement Lerning; Classifier System; Artificial Intelligence; 

Adaptive System 
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1.  ADAPTIVE SYSTEMS 

 

A basic negative feedback loop is the simplest example of intelligent machines, i.e., a 

machine that appears to function with a definite goal in mind. A representation of a state of an 

airs that attempts to bring about a basic negative feedback loop has four elements: 

a) A sensory signal measuring an environment variable. 

b) A reference value. 

c) A comparator. 

d) An effector signal that alters the environment variable. 

The comparator compares the sensory signal with the reference value and computes an 

effector signal. The effector signal works in such a way that it moves the environment 

variables closer to the reference value. Such a negative feedback control loop will tend to 

maintain the variable around the reference value equilibrium. A thermostat is a well-known 

example of this kind of system (temperature = environment variable, dial position = reference 

value, bi-metallic strip = comparator, turn heating on / off = effectors signal) [1-3]. 

 

 

2.  INTELLIGENT AGENT 

 

Although the term “intelligent” is difficult to define, it is clear that an intelligent robot 

should have certain characteristics inherent to “intelligent beings”. An example would be a 

mobile robot that is able to operate in an unmodified natural environment and to perform a 

variety of tasks without ever needing detailed instructions; moreover, it should be able to 

adapt to unexpected changes. In other words, it should almost resemble an animal. 

 In order to produce intelligent agents, traditional artificial intelligent looks at the higher 

cognitive processes of humans. It attempts to devise and study computational models of 

cognitive processes such as reasoning, planning, perception and memory. The fundamental 

techniques used in traditional artificial intelligent methodologies make it hard, if not 

impossible, to add generalization and learning abilities.  

There are two principal methodologies that attempt to produce such intelligent agent, 

these being evolutionary robotic and behaviour based robotic [4]. 

 
 

3.  CLASSIFIER SYSTEM 

  

A Classifier Learning system is one of the ways of using evolutionary methodology for 

machine learning applications. These systems are a class of rule based message processing 

systems, Rules in these systems are known as classifiers because they are mainly used to 

classify messages into general sets. Many rules could be active simultaneously since the only 

action of an active classifier is to post a message onto a message list [5]. 

A classifier system consists of three main components: 

1. Performance System (Rule and Message System). 

2. Apportionment of Credit System (Bucket Brigade Algorithm). 

3. A Rule Discovery (the Genetic Algorithm). 
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3. 1. The Performance System (Rule and Message system). 

The performance system (also called rule and message system), is a special kind of 

production system. A production system is a computational scheme that uses rules as its only 

algorithmic device. The rules generally have the form. If <condition> then <action> the 

meaning of a production rule is that action may be taken (the rule is fired) when the condition 

is satisfied. The performance system is composed of: classifier store, message list, detector, 

and effecter. 

 

a. Classifier Store 

The classifier store is the system‟s long term memory. It is made up of a population of 

classifiers. A classifier is made up of one or more conditions (known as the condition part) 

and one action (called the action part). The condition part specifies the set of messages to 

which a classifier is sensitive, and the action part indicates the message it will broadcast or 

send out when its condition part is satisfied. Thus a classifier list consists of one or more 

classifiers of the form: C1, C2,...........Cn / a Where: C1, C2,….C. n{n > = 1} are the 

conditions making up the condition part and ' a ' is the action part, conditions are connected 

by AND operator. The‟/‟ indicates a separation between conditions and action. Each C i is a 

string of fixed length K over a fixed alphabet. In most practical systems, the string is defined 

over three alphabets: {1,0, #}. The „#‟ is don‟t care (wild card) symbol that can match any of 

the chosen symbols {0 or 1}.for example: A classifier having a condition represented by:1#01 

Will recognize (match) the following messages: 1101 and 1001A classifier posts one or more 

messages onto the message list when it is activated. The action part of a classifier is used to 

form the message it sends out when it is activated. It is also a string of fixed length K defined 

over the alphabet {1,0}. 

 

b. Message list 

The message list acts as the system‟s short-term memory and as the medium for 

communication between classifiers, and the output interface. It is made up of external 

messages (input observations) and internal messages (messages from classifiers). A message 

is represented by a string of fixed length K (same length as that for a condition) over the same 

set of alphabets {1,0} as the action. 

 

c. Input Interface (Detector) 

This receives the input messages from the environment and transforms them into fixed 

length strings to be placed on the message list. 

 

d. Output Interface (Effecter) 

Messages placed on the message list by classifiers are processed through the output 

interface in order to communicate with the system‟s environment [6,7]. 

 

3. 2. Apportionment of Credit System (AOC). 

The main task of the apportionment of credit algorithm is to classify rules in accordance 

with their usefulness. In other words, the algorithm works as follows: a time varying real 

value called strength is associated to every classifier ‟C‟. At time zero each classifier has the 
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same strength. When an external classifier causes an action on the environment a payoff is 

generated whose value is dependent on how good the action performed was with respect to 

the system goal. This reward is then transmitted backward to internal classifiers that caused 

the external classifier to fire. The backward transmission mechanism causes the strength of 

the classifiers to change in time and to reflect their relevance to the system performance (with 

respect to the system goal). 

It is not possible to keep track of all the paths of activation actually followed by the rule 

chains. (A rule chain is a set of rules activated in sequence, starting with a rule activated by 

environmental messages and ending with a rule performing an action on the environment). 

Because the number of these paths grows exponentially, it is then necessary to have an 

appropriate algorithm that solves the problem using only local (in time and space) 

information.   

Local in time means that the information used at every computational step is coming 

only from a fixed recent temporal interval. Spatial locality means that changes in a classifier 

strength are caused only by classifiers directly linked to it; classifiers C1 and C2 are linked if 

the message posted by C1 matches a condition of C2. The classical algorithm used for this 

purpose is the Bucket Brigade algorithm (BBA) [8,9]. 

 

 Bucket Brigade Algorithm (BBA) 

Apportionment of credit via competition and rule discovery using genetic algorithms 

form a reasonable basis for constructing a machine learning system atop the computationally 

convenient and complete framework of classifiers. The BBA service economy contains two 

components: an auction and a clearinghouse. When classifiers are matched, they do not 

directly post their messages. Instead, having its tradition matched qualifies a classifier to 

participate in an activation auction in which it maintains a record of its net worth, called its 

strength. Each matched classifier makes a Bid proportional to its strength in this way; rules 

that are highly fit (have accumulated a large net worth) are given preference over other rules. 

The auction permits appropriate classifiers to be selected to post their messages.  

The selected classifier must clear its payment through the clearinghouse, paying its bid 

to other classifiers for matching message rendered. A matched and an activated classifier send 

its bid B to those classifiers responsible for sending the messages that matched the bidding 

classifier‟s condition.  

The bid payment is divided in some manner among the matching classifiers. This 

division of payoff among contributing classifiers helps ensure the formation of an 

appropriately sized sub population Thus different types of rules can cover different types of 

behavioural requirements without undue inter species competition [10,11]. 

 

3. 3. The Rule Discovery System (RD) 

A complete classifier system needs some means of generating new rules for use in the 

performance and learning systems. Well known genetic algorithm (GA) techniques have been 

used as the main source of rule discovery in Classifier System. Genetic algorithms were 

inspired by natural selection and operate by evolving generations of individuals, which are 

successively, more fit according to some fitness evaluation function. In traditional classifier 

systems classifiers strength is taken as a measure of its fitness or utility in rule discovery [12-

15]. 
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The primary work of the Simple Genetic Algorithm (SGA) is performed in three 

routines:  

1. Select 

2. Crossover 

3. Mutation  

Their action is coordinate by a procedure called generation that generates a new 

population at each successive generation.  

 

3. 3. 1. Selection  

The purpose of selection is, of course, to emphasize the fitter individuals in the 

population in hopes that their offspring will in turn have even higher fitness [8]. Methods of 

selection are:  

 Roulette wheel selection.  

 Sigma scaling techniques.  

 Tournament selection.  

 Ranking methods.  

 Elitism.  

 Boltzmann selection.  

 Steady state selection [14,16]. 

 

Holland‟s original GA used fitness- proportionate selection, in which the expected value 

of an individual (i.e., the expected number of times an individual will be selected to 

reproduce) is that individual‟s fitness is divided by the average fitness of population. The 

most common method to implement this is “roulette wheel” sampling [14]: 

 

 Roulette Wheel Selection  

Each individual is assigned a slice of a circular “roulette wheel” the size of the slice 

being proportional to the individual‟s fitness. The wheel is spun N times, where N is the 

number of individuals in the population. On each spin, the individual under the wheel‟s 

marker is selected to be in the pool of parents for the next generation [7]. Figure 1 illustrate 

Roulette Wheel Selection [17].  
 

 

 

 

 

 

 

 

 

 

 

 
Figure 1. Roulette Wheel Selection. 
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Other section methods  

 Elitist selection: Chose only the most fit members of each generation.  

 Cut off selection: Select only those that are above a certain cut off for the target function 

[16].  

 

3. 3. 2. Crossover  

In contrast is applied with high probability. It is a randomized yet structured operator 

that allows information exchange between points. Simple crossover is implemented by 

choosing a random point in the selected pair of strings and exchanging the sub strings defined 

by that point.  

Figure 2 shows how Crossover mixes information from two parent strings, producing 

offspring made up of parts from both parents. This operator which does no table lookups or 

backtracking, is very efficient because of its simplicity [5,18]. 

 

 

Figure 2. Crossover Operator. 

 

   

Several possible crossover strategies  

1. Randomly select a single point for a crossover.  

2. Multi point crossover. Avoids cases where genes at the beginning and end of a 

chromosome are always split  

3. Uniform crossover. A random subset is chosen the subset is taken from parent 1 and the 

other bits from parent 2. Figure 3 illustrate crossover methods [16,19].  
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Figure 3. One-point, two-point, and uniform crossover methods. 

 

 

3. 3. 3. Mutation  

 

Figure 4. Mutation operator. 
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As in natural systems, is a very low probability operator and just flips a specific bit. 

Where the bits at one or more randomly selected positions of the chromosomes are altered. 

The mutation process helps to overcome trapping at local maxima. Figure 4 shows the effect 

of the one-bit mutation operator in the binary case [5,18].  

 

 

4.  A SIMPLE GENETIC ALGORITHM  
 

A simple GA works as follows:  

1. Determine the initial population of creatures.  

2. Determine the fitness of the population.  

3. Reproduce the population using the fittest parents of the last generation,  

4. Determine the crossover point, this can also be random,  

5. Determine if mutation occurs and if so on which creature(s).  

6. Repeat from step 2 with the new population until condition (X) is true. [20-23].  

Can be implemented as three modules;  

1. The evaluation module.  

2. The population module.  

3. The reproduction module.  

 Initial population  

 Evaluations on individuals  

 Reproduction  

 Choose suitable parents (by evaluation rating)  

 Produce two offspring (by probability)  

 Mutation  

 Domain knowledge – evaluation function. [20-23].  
Figure 5. Illustrates genetic algorithm diagram (for 20 generation) [20]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 5. Genetic Algorithm Diagram (For 20 Generation). 
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The simple genetic algorithm (SGA) is described by Goldberg [5] and is used to 

illustrate the basic components of the GA. A pseudo-code outline of the SGA is shown in 

Figure 6. The population at time t is represented by the time-dependent variable P, with the 

initial population of random estimates being P(0). Using this outline of a GA. [22.24].  
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 6. Simple Genetic Algorithm. 

 

 

5.  THE SYSTEM ADAPTIVE LAMB. THE CASE STUDY 

 

 
 

Figure 7. Adaptive Lamb System Environment. 

 

 

In this study the system called (Adaptive Lamb) uses three classifier systems, which 

has two levels distributed architecture. Three classifier systems were used to perform complex 

behaviour. First classifier learns simulated robot to eat the grass which represent approach 

behaviour, i.e. move one step toward grass when there is no predator such as fox. Second 

classifier learns the simulated robot went to the Land which represent escape behaviour, i.e. 
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move one step toward Land when there is predator such as fox appears. The third classifier 

system is controller classifier system should learn switching policy i.e. to which classifier 

system gives the control when more than one of them is active. The objects in environment 

are as follows: moving robot (adaptive lamb), fixed positions of grass and Land, and predator 

represented by appear and disappear fox the environment illustrated in Figure 7.  

 

 

6.  SYSTEM STRUCTURE 

 

The (Adaptive Lamb) system is built of three learning classifier systems. Organized in 

two level hierarchical architecture, interacting together to perform complex behaviour, consist 

of three classifier systems (LCS-Switch), (LCS-Grass) and (LCS-Land). The (Adaptive 

Lamb) structure is shown in Figure 8. 

 

 
 

Figure 8. Adaptive Lamb System Structure. 

 

 

7.  THE CONTROLLER (LCS-SWITCH) DEVELOPMENT 

 

The Controller LCS-Switch is used as control system to switch between two classifiers 

after its analysis the environmental messages, which are received from the environment. The 

Controller LCS-Switch is used to learn adaptive lamb to choose one of the two classifiers, the 

basic classifier LCS-Grass, that is, moving towards grass when there is no fox (approach 

behaviour i.e. following and trying to catch a object with given features) or choose LCS-Land 

that is went to Land when fox appear (escape behaviour i.e. moving as far as possible from an 

object with given features). The Controller LCS-Switch should learn to suppress the 

controller LCS-Grass whenever the escape behaviour proposes an action, which represents 

complex behaviour. 

 

7. 1. Coding (LCS – Switch) Conditions 

LCS-Switch receives 2-bit message from environment mapping it to 4 states from 0 to 3 

of two bit only. The two bit represent as follows: 

 First bit represented if fox appear. (1 fox is disappear, 0 fox is appear). 

 Second bit represented if grass is far. (1 grass is near, 0 grass is far). LCS – Switch 

Conditions has the form and meaning as in Table 1. 

ENVIRONMENT 

LCS.Grass LCS.Land 

LCS.Switch 
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Table 1. Form and meaning of LCS – Switch Conditions. 

 

The message Its meeting 

00 Fox is appear and grass is far. 

01 Fox is appear and grass is near. 

10 Fox is disappear and grass is far. 

11 Fox is disappear and grass is near. 

 

 

7. 2. Coding (LCS – Switch) Actions 

LCS – Switch has one action consisting of only one bit, LCS – Switch actions have the 

form and meaning as in Table 2. 

 

Table 2. Form and meaning of LCS – Switch actions. 

 

The message Its meeting 

1 LCS-Switch give the control to grass classifier 

0 LCS- Switch give the control to Land classifier 

 

 

7. 3. Representation of (LCS – Switch) 

Performance system of the Controller LCS-Switch consists of a message list and 

classifier store. The classifier stores of LCS-Switch contain a set of rules called classifiers, 

which represents the knowledge and controller of the system at execution time. Condition part 

of classifier consists of (2 bit), and action part consists of (1 bit). The size of classifier store 

for LCS-Switch will be (4) Rules and all classifiers have the same strength value at the 

beginning. 

Example: 

The representation of the rule ”if fox is appear and grass is far then escape to Land” 

Fox       grass     /       escpe 

0             0         /          0 

 

 

8.  THE (LCS- GRASS) DEVELOPMENT 

 

LCS- grass is used to learn robot eat grass i.e. move single step toward grass when there 

is no fox. The movement capability is completely symmetric along the two axis. The direction 

of movement is illustrated in Figure 9. 
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111 (north west) 000 (north) 001 (north east) 

110 (west) 

 

010 (east) 

101 (south west) 100 (south) 011 (south east) 

 

Figure 9. Direction of Lamb Movement. 

 

 

8. 1. Coding (LCS –Grass) Conditions 

The length of message, which LCS – Grass is received, 3 bit environment message 

mapping it to eight states from 0 to 7 of three bit only. The meaning of three bit in input 

message of LCS – Grass determine relative position of grass from lamb. The form and 

meaning of three bit LCS– Grass is shown in Table. 3. 

 
Table 3. Form and meaning of LCS – grass conditions. 

 

The message Its meeting 

000 Relative position of grass from lamb is to north 

001 Relative position of grass from lamb is to north - east 

010 Relative position of grass from lamb  is to east 

011 Relative position of grass from lamb  is to south - east 

100 Relative position of grass from lamb  is to south 

101 Relative position of grass from lamb is to south - west 

110 Relative position of grass from lamb is to west 

111 Relative position of grass from lamb is to north - west 

 

 

8. 2. Coding (LCS – Grass) Actions 

The desired action should be the same as system input message. Therefore we have 

eight actions. Action has the form and meaning as in Table 4. 
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Table 4. Form and meaning of LCS – grass actions. 

 

The message Its meeting 

000 Means lamb move to the north 

001 Means lamb move to the north - east 

010 Means lamb move to the east 

011 Means lamb move to the south - east 

100 Means lamb move to the south 

101 Means lamb move to the south – west 

110 Means lamb move to the west 

111 Means lamb move to the north – west 

 

 

8. 3. Representation of (LCS – Grass) 

LCS – Grass consists of a condition part of (3bit) representing the position of grass in 

the environment and form action part of (3bit) representing action to be done in the 

environment the size of classifier store for LCS – Grass will be (8) rules. 

Example: 

The representation of the rule "if a relative position of an grass to be sensed from lamb 

is to the north then the action to be taken by lamb is moving to the north, and so on. 

 

Position of grass from the lamb    /    direction moving of lamb 

                    0 0 0                          /                0 0 0 

 

 

9.  THE (LCS- LAND) DEVELOPMENT 

 

LCS-Land is used to learn lamb escape to Land i.e. move single step toward Land when 

the fox is appear. The movement capability is completely symmetric along the two axis. The 

direction of movement is illustrated in Figure 3. 

 

9. 1. Coding (LCS – Land) Conditions 

The length of message, which LCS – Land is received, 3 – bit environment message 

mapping it to eight states from 0 to 7 of three bit only. The meaning of three bit in input 

message of LCS – Land determine relative position of Land from lamb. The form and 

meaning of three bit LCS – Land is shown in Table 5. 
 

 

 



World Scientific News 22 (2015) 51-75 

 

 

-64- 

 

Table 5. Form and meaning of LCS – Land conditions. 

 

The message Its meeting 

000 Relative position of Land from lamb is to north 

001 Relative position of Land from lamb is to north - east 

010 Relative position of Land  from lamb  is to east 

011 Relative position of Land from lamb  is to south - east 

100 Relative position of Land from lamb  is to south 

101 Relative position of Land from lamb is to south - west 

110 Relative position of Land from lamb is to west 

111 Relative position of Land from lamb is to north - west 

 

 

9. 2. Coding (LCS – Land) Actions 

The desired action should be the same as system input message. Therefore we have 

eight actions. 

Action has the form and meaning as in Table 6. 

 
Table 6. Form and meaning of LCS – Land action. 

 

The message Its meeting 

000 Means lamb move to the north 

001 Means lamb move to the north - east 

010 Means lamb move to the east 

011 Means lamb move to the south - east 

100 Means lamb move to the south 

101 Means lamb move to the south – west 

110 Means lamb move to the west 

111 Means lamb move to the north – west 

 

 

9. 3. Representation of (LCS – Land) 

LCS – Land consists of a condition part of (3bit) representing the position of grass in 

the environment and form action part of (3 bit) representing action to be done in the 

environment the size of classifier store for LCS – Land will be (8) rules. 
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Example: 

The representation of the rule "if a relative position of a Land to be sensed from lamb is 

to the east then the action to be taken by lamb is moving to the east, and so on. 

 

Position of Land from the lamb / direction moving of lamb 

        0 1 0                                /                0 1 0 

 

 

10.  ADAPTIVE LAMB SYSTEM CYCLE 

 

The using of the system (adaptive lamb) starts with insertion environment messages to 

the system. Each environment message consists of 2–bit. These environment messages are 

received from detectors of the controller LCS – Switch transfer them to its performance 

system and executed them sequentially only one message in each cycle. In the performance 

system of the controller LCS-Switch is performed matching process for each environment 

message with the condition part of all classifiers in classifier store.  

All classifiers that matched with environment message are sent to the AOC system and 

use reinforcement learning to reward the winner. In AOC system three procedures are called 

(Auction, clearinghouse, and tax collector), then a system is calls GA to inject new rule which 

may increase the performance of the system. If the environment message is matched with at 

least one of the classifiers in classifier store, then the winner classifier action is transferred to 

the effecter of the controller LCS-Switch.  

LCS-Switch is checked whether there is predator or not to determine which of two 

classifiers will work LCS- Grass or LCS- Land. 

In case of existence of predator (fox) the winner classifier action is „0‟, i.e (LCS – 

Switch) give the control toward (LCS – Land). LCS- Land receives messages, which consist 

of 3-bit. Detector of LCS- Land transfers the message to the performance system, in the 

performance system of LCS- Land matching process is performed on each message with the 

condition part of all classifiers in classifier store. If the message matches at least one of the 

classifiers in classifier store then the winner classifier action is transferred to effecter of the 

controller LCS- Land. The action of winner classifier is sent to the environment by the 

effectors, to determine the direction of movement for the lamb. 

In case of no predator, (fox disappear) winner classifier action „1‟.i.e LCS – Switch give 

the control toward (LCS – Grass).  

         Case of no predator, the controller LCS–Switch give the control toward the LCS– Grass 

the controller LCS- Grass receives messages, which consist of 3-bit. Detector of LCS- grass 

transfers the message to the performance system, in the performance system of LCS- Grass 

matching process is performed on each message with the condition part of all classifiers in 

classifier store.  

If the message matches at least one of the classifiers in classifier store then the winner 

classifier action is transferred to effecter of the controller LCS- Grass. The action of winner 

classifier is sent to the environment by the effectors, to determine the direction of movement 

for the lamb. Adaptive lamb system cycle Illustrated in Figure 10. 
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Figure 10. Adaptive Lamb Cycle. 
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 11.  EXPERIMENTAL RESULTS 
 

Executing the adaptive lamb system code, the system responds by presenting the initial 

report display in Figure (12a), for LCS-Switch. The classifier system run for 100 iterations, 

and last report shows in Figure (12b).And Executing the adaptive lamb system code, the 

system responds by presenting the initial report displayed in Figure (13a) for LCS- Grass, the 

system respond for 100 iterations, whereas the last snapshot report displayed in Figure (13b). 

The performance of the system after 100 iteration illustrated in Table 7 and data chart 

illustrated in Figure 11. 

 
Table 7. The Adaptive Lamb System Performance after 100 Iterations. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Number of iteration Proportion Correct 

5 0.92000 

10 0.96000 

15 0.97333 

20 0.98000 

25 0.98400 

30 0.98667 

35 0.98857 

40 0.99000 

45 0.99111 

50 0.99200 

55 0.99273 

60 0.99333 

65 0.99385 

70 0.99429 

75 0.99467 

80 0.99500 

85 0.99529 

90 0.99556 

95 0.99579 

100 0.99600 
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Figure 11. Adaptive Lamb System Performance after 100 Iterations. 

 

 

Adaptive lamb Code for LCS –Switch 

Population parameters 

----------------------------- 

number of classifiers = 10 

number of positions = 2 

number of action = 1 

bid coefficient = 0.1000 

bid spread = 0.0750 

bidding tax = 0.0100 

existence tax = 0.0200 

generality probability = 0.5000 

bid specificity base = 0.2500 

bid specificity mult. = 0.1250 

edid specificity base = 0.2500 

ebid specificity mult. = 0.1250 

 

environmental parameters 

------------------------- 

total number of signal = 2 

apportionment of credit parameters 

---------------------------------- 

bucket brigade flag = true 
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reinforcement parameters 

---------------------------------- 

reinforcement reward = 10.0 

 

Timekeeper parameters 

------------------------------- 

Initial iteration = 0 

Initial block = 0 

Report period = 100 

Console report period = 100 

Plot report period = 100 

Genetic algorithm period = 10 

 

Genetic Algorithm Parameters 

--------------------------------------- 

Proportion to select/gen = 0.4000 

Number to select = 2 

Mutation probability = 0.0200 

Crossover probability = 1.0000 

Crowding factor = 3 

Crowding subpopulation = 3 

snapshot report 

[block: iteration] - [0:0] 

current status 

signal = 00 

Decoded signal = 0 

desired output = 0 

classifier output = 0 

environmental message: 00 

 

no.            strength           bid              ebid           M         classifier 

------------------------------------------------------------------------------- 

1                10.00              0.00            0.00                          00:[0] 

2                10.00              0.00            0.00                          01:[0] 

3                10.00              0.00            0.00                          10:[0] 

4                10.00              0.00            0.00                          11:[1] 

5                10.00              0.00            0.00                          1#:[0] 

6                10.00              0.00            0.00                          #1:[0] 

7                10.00              0.00            0.00                          #0:[0] 

8                10.00              0.00            0.00                          0#:[0] 

9                10.00              0.00            0.00                          ##:[0] 

10              10.00              0.00            0.00                          ##:[1] 

New winner [1]: old winner [1] 

 
Figure 12.a. Initial report for adaptive lamb System for (LCS – Switch). 
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snapshot report 

[block: iteration] - [0:100] 

current status 

signal = 10 

Decoded signal = 2 

desired output = 0 

classifier output = 0 

environmental message: 10 

 

no.             strength            bid            ebid        M            classifier 

-------------------------------------------------------------------------------- 

1                  41.29              0.00           0.00                         11:[0] 

2                  60.93              3.14           3.10        x               10:[0] 

3                124.55              6.23           6.21        x               10:[0] 

4                  32.58              1.68           1.59        x               10:[0] 

5                  49.47              0.00           0.00                         11:[0] 

6                  31.91              0.00           0.00                         11:[0] 

7                  36.37              1.87           1.86        x               10:[0] 

8                  30.36              1.56           1.55        x               10:[0] 

9                  36.10              0.00           0.00                         11:[0] 

10                67.51              0.00           0.00                         11:[1] 

New winner [3]: old winner [3 

 
Figure 12.b. Last report for adaptive lamb System for (LCS – Switch). 

 

 

Adaptive lamb Code for LCS –Grass 

population parameters 

---------------------------- 

number of classifiers = 20 

number of positions = 3 

number of action = 3 

bid coefficient = 0.1000 

bid spread = 0.0750 

bidding tax = 0.0100 

existence tax = 0.0000 

generality probability = 0.5000 

bid specificity base = 0.2500 

bid specificity mult. = 0.1250 

edid specificity base = 0.2500 

ebid specificity mult. = 0.1250 

 

environmental parameters 

---------------------------------- 

total number of signal = 3 
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apportionment of credit parameters 

--------------------------------------------- 

bucket brigade flag = true 

 

reinforcement parameters 

--------------------------------- 

reinforcement reward = 10.0 

 

Timekeeper parameters 

-------------------------------- 

Initial iteration = 0 

Initial block = 0 

Report period = 50 

Console report period = 50 

Plot report period = 50 

Genetic algorithm period = 1 

 

Genetic Algorithm Parameters 

---------------------------------------- 

Proportion to select/gen = 0.8000 

Number to select = 8 

Mutation probability = 0.0200 

Crossover probability = 0.8000 

Crowding factor = 3 

Crowding subpopulation = 3 

 

snapshot report 

--------------- 

[block: iteration] - [0:0] 

current Statius 

---------------- 

signal = 000 

Decoded signal = 0 

desired output = 0 

classifier output = 0 

environmental message: 000 

 

no.                    strength             bid              ebid                M               classifier 

-------------------------------------------------------------------------------------------------- 

1                      10.00                 0.00             0.00                                  1##:[100] 

2                      10.00                 0.00             0.00                                  1##:[101] 

3                      10.00                 0.00             0.00                                  1##:[110] 

4                      10.00                 0.00             0.00                                  1##:[111] 

5                      10.00                 0.00             0.00                                  0##:[000] 

6                      10.00                 0.00             0.00                                  0##:[001] 

7                      10.00                 0.00             0.00                                  0##:[010] 
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8                      10.00                 0.00             0.00                                  0##:[011] 

9                      10.00                 0.00             0.00                                  ##1:[001] 

10                    10.00                 0.00             0.00                                  ##1:[011] 

11                    10.00                 0.00             0.00                                  ##1:[101] 

12                    10.00                 0.00             0.00                                  ##1:[111] 

13                    10.00                 0.00             0.00                                  ##0:[000] 

14                    10.00                 0.00             0.00                                  ##0:[010] 

15                    10.00                 0.00             0.00                                  ##0:[100] 

16                    10.00                 0.00             0.00                                  ##0:[110] 

17                    10.00                 0.00             0.00                                  #1#:[010] 

18                    10.00                 0.00             0.00                                  #1#:[011] 

19                    10.00                 0.00             0.00                                  #1#:[110] 

20                    10.00                 0.00             0.00                                  #1#:[111] 

new winner[1] : old winner[1] 

 
Figure 13.a. Initial report for adaptive lamb System for (LCS – Grass) 

 

 

snapshot report 

--------------- 

[block: iteration] - [0:50] 

current Statius 

---------------- 

signal = 101 

Decoded signal = 5 

desired output = 5 

classifier output = 5 

environmental message: 101 

 

no.                        strength                  bid                  ebid                   M                classifier 

--------------------------------------------------------------------------------------------------------------- 

1                            123.95                   0.00                 0.00                                       111:[101] 

2                            120.33                   7.60                 7.52                     x                101:[111] 

3                            132.07                   8.23                 8.27                     x                101:[101] 

4                            119.11                   6.02                 6.03                     x                #01:[010] 

5                            122.45                   7.73                 7.63                     x                101:[101] 

6                            120.31                   0.00                 0.00                                       111:[010] 

7                            121.45                   0.00                 0.00                                       111:[010] 

8                            122.45                   7.73                 7.71                     x                101:[101] 

9                            122.81                   7.75                 7.78                     x                101:[101] 

10                          121.97                   0.00                 0.00                                       111:[101] 

11                          125.48                   7.92                 7.88                     x                101:[101] 

12                          122.81                   6.20                 6.14                     x                #01:[101] 

13                          120.11                   6.07                 6.17                     x                #01:[010] 

14                          125.48                   7.92                 7.91                     x                101:[101] 

15                          121.61                   0.00                 0.00                                       111:[010] 
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16                          117.80                   5.95                 5.96                     x                #01:[010] 

17                          119.28                   7.53                 7.63                     x                101:[101] 

18                          120.48                   0.00                  0.00                                      111:[010] 

19                          120.33                   7.60                  7.54                    x                101:[101] 

20                          122.17                   0.00                  0.00                                      111:[101] 

new winner[3] : old winner[3] 

 

Figure 13.b. Last report for adaptive lamb System for (LCS – Grass) 

 

 

12.  CONCLUSIONS 

 
1. Genetic algorithm with learning classifier systems is a feasible tool to build robust 

simulated robot control systems. This choice is sufficient to achieve adequate levels of 

performance for a variety of behaviours. 

2. The parallel implementation of the genetic algorithm would speed up the training process. 

3. Genetic algorithm were used to implement robotics controller. 

4. Genetic algorithm provides guidance to the system.  

5. Genetic algorithm shortening the number of cycles required to learn. 

6. The system was able to learn rules for the given task using only a few training examples 

and starting with classifiers that were randomly generated. 

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

efficient than programming. 

8. The use of Genetic Algorithms to search for new plausible rules, this method should be 

able to cope with changing conditions. 
9. Genetic based machine learning can be used as a model of learning. 
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