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Abstract— The proliferation of online auctions has caused the 
increasing need to monitor and track multiple bids in multiple 
auctions. As a solution to the problem, an autonomous agent was 
developed to work in a flexible and configurable heuristic 
decision making framework that can tackle the problem of 
bidding across multiple auctions that apply different protocols 
(English, Vickrey and Dutch). Due to the dynamic and 
unpredictable nature of online auctions, the agent utilizes genetic 
algorithm to search for effective solution. Instead of using the 
conventional genetic algorithm, this paper investigates the 
application of deterministic dynamic adaptation genetic 
algorithm and self adaptive genetic algorithm to search for the 
most effective strategies (offline). An empirical evaluation on the 
comparison between the effectiveness of self-adaptive genetic 
algorithm and deterministic dynamic adaptation genetic 
algorithm for searching the most effective strategies in the online 
auction environment are discussed in this paper.  
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Genetic Algorithm; Deterministic Dynamic Adaptation; Self-
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I. INTRODUCTION

Auction is defined as a bidding mechanism, described by a 
set of auction rules that specify how the winner is determined 
and how much he has to pay [1]. The used of auction can be 
tracked back since 500 B.C. where people used it to allocate 
scarce resources in Babylon [2]. Online auction is an Internet-
based version of a traditional auction [3]. With online auction 
many of the limitations in a traditional auction are diminished 
such as geographical limitation, set up cost, advertising and 
potential bidders.  

As the number of auctions increases, the process of 
monitoring, tracking bid and bidding in multiple auctions 
become a problem. Users need to monitor a number of huge 
auctions sites, pick the right auction to participate, and make 
the right bid in making sure that the desired item satisfies the 
user’s preference. All these tasks are somewhat complex and 
time consuming. The task gets more complicated when there 
are different start and end times and when the auctions employ 
different protocols. For these reasons, software such as 

automated bidding and bid sniping are provided either by the 
online auction hosts or third parties to assist consumers when 
bidding in online auctions. However, this software has some 
shortcomings.  
• It is only for a particular auction with a particular protocol. 
• It only remains in the same auction site and does not move 

to other auction sites.  
• It still need the intervention of the user in that the user still 

needs to make decision on the starting bid (initially) and 
the bid increments.  

To address these shortcomings, an autonomous agent that can 
participate in multiple heterogeneous auctions, that is 
empowered with trading capabilities and that can make 
purchases autonomously was developed [4].  

The bidding strategies used by the autonomous agent are 
heavily influenced by the value k and  of the polynomial 
function corresponding to each of the four constraints (the 
remaining time left, remaining auction left, the user’s desire for 
bargain and the user’s level of desperateness) which will be 
discussed in Section III where, 
• k is a constant that determines the value of the starting bid  
•  is the rate of concession to the private valuation 
Due to the wide range of k and  values, there are infinite 
possibilities for the combinations of k and . Genetic algorithm 
is employed to search for the approximate best bidding 
strategies for the auction environment. This is because genetic 
algorithm has shown to perform well in large search space with 
little priori information.  

Genetic algorithm was first introduced by John Holland in 
1975, and developed further by other researchers. Genetic 
algorithm is a search technique used in computing to search for 
best approximate solutions in large search space for 
optimization and search problems. This algorithm are a 
particular class of evolutionary computation that use techniques 
inspired by evolution biology such as inheritance, mutation, 
selection, and crossover (also called recombination) [5]. 
However, all algorithms have their limitation. Thus, various 
techniques have been investigated to improve the performance 
of genetic algorithms. One of the techniques that has shown to 
improve genetic algorithm performance is deterministic 
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dynamic adaptation. Deterministic dynamic adaptation is a 
discipline which alters the value of strategy parameter by some 
deterministic rule [6]. This rule will modify the value of the 
strategy parameter deterministically. Normally, a time-varying 
schedule is used. An example of a rule is one that alters the 
mutation rate or crossover rate over the number generation. 
Self adaptation is another discipline applied in evolutionary 
algorithms as a method to improve the limitation in the 
performance of evolutionary algorithms. Self adaptation is a 
method to adjust the setting of the control parameters using the 
algorithm where the control parameters are embedded in the 
chromosome of the individual [7]. The principle of self-
adaptation has commonly been used in evolutionary 
programming and evolutionary strategies but it is rarely use in 
genetic algorithms. 

The main contribution of this paper is to make a 
comparison between the performances of the bidding strategies 
evolved from deterministic dynamic adaptation genetic 
algorithm and self-adaptive genetic algorithm in an online 
auction environment. The existing bidding strategy is evolved 
using a standard genetic algorithm which applied a fixed 
crossover and mutation rates. However, researchers have 
shown that varying the operator’s probability is preferable than 
a fixed constant operator’s probability. Besides that, 
deterministic dynamic adaptation and self-adaptation has 
shown to be able to improve the effectiveness of genetic 
algorithm [8][9][10][11][12][13]. Hence, the motivation for 
this work is to investigate whether using deterministic dynamic 
adaptation and self-adaptation can improve the bidding strategy 
by evolving better bidding strategies in an online auction 
setting.  

The remainder of the paper is organized as follow. Section 
II reviews some of the related work. The bidding strategy 
framework is discussed in Section III. The experimental set up 
is discussed in Section IV. Section V discusses the 
experimental evaluation and finally Section VI presents the 
conclusion and future work. 

II. RELATED WORK

Researchers discovered that varying the mutation 
probability is preferable than a fixed constant mutation 
probability. A study was conducted by Fogarty [8] on the 
dynamic mutation rate control for genetic algorithm. A 
deterministic schedule was used to decrease the mutation rate 
exponentially over the generation in this study. The result of 
the study showed an increase in the performance of the genetic 
algorithm. A similar study which took into account the string 
length and the population size in the decreasing mutation rate 
control parameter control schedule is conducted by Hesser and 
Manner [9][10]. Although the result of the study showed 
improvement in the performance, the constants ci is difficult to 
be estimated in a complex problem. Besides that, Back and 
Schutz investigated the role of mutation in canonical genetic 
algorithm [11]. In this investigation, three different methods for 
mutation probabilities were used including fixed constant 
mutation probability, time dependent mutation rate schedule 
and self-adaptation mechanism. The result of the investigation 
showed that deterministic schedule performed better than the 
other control mechanism.  

Fogel applied self-adaptation for non-numerical problems 
where the relative probabilities of five mutation operators are 
self-adapted for the components of a finite state machine [12]. 
Another research on the self-adapting mechanism for 
incremental evolution is by genetically encoding the mutation 
rates within a steady genetic algorithm. The experimental result 
showed that the self-adapting mechanism outperformed many 
variety of standard fixed mutation rates algorithm [13]. Hence, 
in this paper the performance of these two methods of 
adaptation are investigated to see whether they will be able to 
evolve better bidding strategies in an auction environment. 

III. BIDDING STRATEGY FRAMEWORK

The bidding strategy framework has been developed in the 
previous work [4][14][15]. Before describing the decision-
making framework, it is necessary to detail our assumptions 
about the environment.  
1. Three auction protocols are considered: English, Dutch and 

Vickrey (three of the most common types).  
2. All auctions have a known start time and English and 

Vickrey auctions have a known end time.  
3. Our bidding agent is given a deadline (tmax) by when it must 

obtain the desired item and it is told the consumer’s private 
valuation (pr) for this item.  

4. The agent must not buy more than one instance of the 
desired item.  

Figure 1 shows the overview of the market simulator.  

Figure 1. The market simulator 

In order to bid in the auction, the agent considers several 
bidding constraints including: 
• the remaining time left  
• the remaining auctions left,  
• the user’s desire for a bargain and  
• the user’s level of desperateness.  

For each such bidding constraint, there is a corresponding 
function that suggests the value to bid based on that constraint 
at that time. These (polynomial) functions (based on [14]) are 
parameterized by two key values: k (range [0..1]) is a constant 
that determines the value of the starting bid and β (range [0.005 
- 1000]) defines the shape of the curve (and so the rate of 
concession to pr ). Figure 2 shows the bid values generation 
based on different bidding strategies. The different curves 
indicate the different combinations of the bidding constraints. 
For example (0.50, 0.00, 0.50, 0.00) implies that this strategy 
only values the time left, and the desire for a bargain and it sees 
both constraints as being equally important. All behaviors in 
between are also possible by setting the parameters 
appropriately. Based on the value of the current maximum bid, 
the agent selects the potential auctions in which it can bid and 

1431



calculates what it should bid at this time in each such auction. 
The auction and corresponding bid with the highest expected 
utility is then selected from the potential auctions as the target 
auction. Finally, the agent bids in the target auction. 

Figure 2. Various combination of bidding constraint 

A series of experiments were conducted in a controlled 
dynamic environment to test the efficiency (in terms of success 
rate and average payoff) of the agent’s strategy [14]. The 
number of strategies that can be employed is infinite because 
the bidding agent is heavily influenced by the strategy 
employed which in turn relates to the values of k and  in the 
given tactics and the weights for each tactic when these are to 
be combined. For this reason, genetic algorithm is employed to 
search for the approximate best bidding strategies for the 
auction environment. A fixed crossover rate of Pc = 0.4 and 
fixed mutation rate of Pm = 0.02 were used for the evolution 
process. However, the fixed crossover and mutation rate may 
not perform best in this environment. Thus, this investigation 
uses a non-fixed crossover and mutation rate by applying 
deterministic dynamic adaptation and self-adaptation to evolve 
the bidding strategies. 

The performance of the individuals in the population is 
evaluated using the fitness function. The fitness function used 
to evaluate the performance of the individual in the population 
takes into account the utility of winning an auction i which is
computed as 

( ) ( )1c
p

vpvu
r

r
i +

−
=

where v is winning bid and c is arbitrary constant ranging from 
0.001 to 0.005 to ensure the agent is awarded with some value 
in case the winning bid is equivalent to its private valuation. 
The individual is penalized if it fails to get the item. In this case 
the penalty incurred ranges from 0.01 to 0.05. These values 
were chosen to analyze how the population evolves with 
varying degrees of penalty. The fitness score is then computed 
by taking the average utility from a total of 2000 runs. The 
number of runs is fixed to 2000 times to decrease the estimated 
standard error of mean to a minimal level based on statistical 
analysis. 

IV. EXPERIMENTAL SETTING

The technique of deterministic dynamic adaptation and 
self-adaptation are incorporated in the genetic algorithm.  The 
genes of the individual for deterministic dynamic adaptation 
contain the parameters for the four bidding tactics and the 
associated weight of the bidding tactics. The values for all the 
parameters are represented as floating points. Figure 3 shows 

the encoding for a bidding strategy for deterministic dynamic 
adaptation.  
krt rt kra ra kba ba kde de wrt wra Wba wde

Figure 3. Individual encoding of bidding strategy 

As for the genes of the individual for self-adaptation, 
besides the parameters for the four bidding tactics and the 
associated weight of the bidding tactics the strategy parameter 
are also encoded into the genes of the individual representation. 
Instead of having a fixed global value for the crossover and 
mutation rate, these two values will be encoded as part of the 
chromosome and these values will be evolved by the evolution 
process same as other encoded parameters. The crossover and 
mutation process in self-adaptation genetic algorithm are based 
on the crossover and mutation rate of the parent that is selected 
to produce offspring. Figure 4 shows the encoding for a 
bidding strategy.  
krt rt kra ra kba ba kde de wrt wra wba wde pc pm

Figure 4. Individual encoding of bidding strategy for self-adaptation 

Table I and II show the evolutionary and parameter setting 
for the deterministic dynamic adaptation genetic algorithm. 
Figure 5 shows the deterministic dynamic adaptation genetic 
algorithm. 

TABLE I. DETERMINISITC DYNAMIC ADAPTATION EVOLUTIONARY 
SETTING

Representation : Real Values Number
Crossover         : Extension Combination Operator 
Mutation           : Creep Operator 
Selection           : Tournament Selection

TABLE II. DETERMINISTIC DYNAMIC ADAPTATION PARAMETER SETTING

Number of Generations 50
Number of Individuals 50

Elitism 10%
Crossover Probability Change(Range from 0.4 to 0.6)
Mutation Probability Change (Range from 0.2 to

0.002) 
Termination Criteria After 50 Generation

Numbers of Repeat Run 30

Begin
     Randomly create initial bidder populations; 
     While not (Stopping Criterion) do 
        Calculate fitness of each individual by running the 
        marketplace 2000 times; 
        Create new population 
           Select the fittest individuals (HP); 
           Create mating pool for the remaining population; 
           Perform crossover and mutation in the mating   
           pool to create new generation(SF); 
           New generation is HP + SF; 
    Change The Control Parameters Values. 
    Gen = Gen + 1 
    End while 
End

Figure 5. Deterministic Dynamic Adaptation Genetic Algorithm 

There are eight different variation schemes that are taken 
into account in this work. The schemes are shown in Table III. 
The deterministic increasing scheme for the crossover rate will 
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change progressively from pc = 0.2 to pc = 0.6 over the 
generation whereas the decrease scheme for the crossover rate 
is the opposite of the increasing scheme, which is from pc = 0.6 
to pc = 0.2. The deterministic increasing scheme for the 
mutation rate, changes the rate progressively from pm = 0.002 
to pm = 0.2 over the generation while the deterministic 
decreasing scheme is the opposite of this. The range for 
crossover rate in deterministic dynamic adaptation is selected 
by taking the 0.4 as the midpoint [16]. The range for mutation 
rate in deterministic dynamic adaptation is also selected by 
taking the 0.02 as the midpoint [17].

TABLE III. DIFFERENT DETERMINISTIC DYNAMIC ADAPTATION SCHEMES

Crossover Mutation Abbreviation
Increase Fixed CIMF 
Fixed Increase CFMI
Decrease Fixed CDMF 
Fixed Decrease CFMD 
Decrease Decrease CDMD 
Decrease Increase CDMI
Increase Decrease CIMD 
Increase Increase CIMI 

The evolutionary setting for self-adaptation is shown in 
Table IV. The algorithm for the self-adaptation genetic 
algorithm is shown in Figure 6. The difference between self-
adaptation GA and the traditional GA is the crossover and 
mutation process is also applied to the crossover probability 
and the mutation probability which encoded in the 
representation. 

TABLE IV. DETERMINISTIC DYNAMIC ADAPTATION PARAMETER SETTING

Number of Generations 50 
Number of Individuals 50 

Elitism 10% 
Crossover Probability Self-adapted by the algorithm
Mutation Probability Self-adapted by the algorithm
Termination Criteria After 50 Generation

Numbers of Repeat Run 30 

Begin 
Randomly create initial bidder populations; 
While not (Stopping Criterion) do 
       Calculate fitness of each individual by running the 
       marketplace 2000 times; 
       Create new population 
            Select the fittest individuals (HP); 
            Create mating pool for the remaining population; 
            Perform crossover and mutation in the mating   
            pool to create new generation(SF); 
            New generation is HP + SF; 
         Gen = Gen + 1 
End while 

End

Figure 6. Self-Adaptive Genetic Algorithm 

The crossover process used in the evolution process is an 
extension combination operator with two crossover points. 
Two individuals are randomly selected from the mating pool 
and using 2 crossover points that are randomly picked to 
exchange their genetic material. The exchanging of genetic 

material process is performed using an extension combination 
operator [18][19], which works by taking the difference 
between two values of the crossover point, adding this 
difference to the higher (giving the maximum range) and 
subtracting it from the lower (giving a minimum range). The 
new values are then generated between the minimum and 
maximum range. The creep operator is used for mutation to 
allow a small value to be subtracted from the gene, but instead 
of adding or subtracting a random number, a small constant 
0.05 is used [18][19]. The gene from the chosen individual is 
picked randomly and 0.05 is added or subtracted, depending on 
the range limitation for that particular gene. The mutation 
process is only applied to the values of k and for each tactic. 
The weights are not considered here because adding a small 
value to the weight requires a renormalization and will have 
very little effect on the agent’s online behavior.

V. EXPERIMENTAL EVALUATION

The purpose of the experiment is to compare the 
performances of the bidding strategies evolved from different 
schemes of deterministic adaptation in genetic algorithm and 
the self-adaptation genetic algorithm. 

First, we evolved the strategies using the mutation rate pm =
0.02 and the two deterministic crossover control rule. Then, we 
evolved the strategies using the crossover rate pc = 0.4 and the 
two deterministic mutation control rule. Secondly, we evolved 
the strategies with self-adaptation genetic algorithm, where the 
crossover and mutation are generated randomly based on 
Gaussian distribution. 

The parameters setting for the simulated electronic market 
place for the empirical evaluations are shown in Table V. The 
parameters include the agent’s reservation price, the agent’s 
bidding time and the number of active auctions. The agent 
reservation price is the maximum amount that the agent is 
willing to pay for the item. The bidding time is the time 
allocated for the agent to obtain the user’s required item. The 
active auctions are the list of auctions that is ongoing before 
time tmax. 

TABLE V. CONFIGURABLE PARAMETERS FOR THE TESTING 
ENVIRONMENT

Agent reservation price 73  pr  79
Bidding time for each auction 21  tmax  50
Number of active auction 20  L(t)  45

The performance of the evolved strategies is evaluated 
based on three measurements. Firstly, the average fitness is the 
fitness of the population at each generation over 50 
generations. The average fitness shows how well the strategy 
converges over time to find the best solution.  

Secondly, success rate is the percentage of time that an 
agent succeeds in acquiring the item by the given time at any 
price less than or equal to its private valuation. This measure 
will determine the efficiency of the agent in terms of 
guaranteeing the delivery of the requested item. Finally, the 
third measurement is the average payoff which is defined as  
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where pr is the agent’s private valuation, n is the number of 
runs, vi is the winning bid value for auction i. This value is then 
divided by the agent’s private valuation, summed and average 
over the number of runs. The agent’s payoff is 0 if it is not 
successful in obtaining the item.  

VI. RESULT AND DISCUSSION

This paper conducted two set of experiments whereby the 
first experiment compares the different deterministic dynamic 
adaptation schemes and the second experiment compares the 
self-adaptive GA with the best deterministic dynamic 
adaptation schemes. The purpose of doing it this way is to 
investigate which genetic algorithm disciplines can perform 
better in evolving the auction bidding strategies. Figure 7 show 
that the population with CDMI achieving a higher average 
fitness when compared to the other deterministic adaptation 
schemes. This scheme is superior as it is able to maintain 
sufficient diversity of the population till the end of the run and 
the exploitation is best in this genetic algorithm environment 
compared to the others. This is an indication that the population 
evolved from the CDMI will have higher fitness and would 
most likely perform better than the individuals from the rest of 
mutation rate. The next two experiments will be able to 
confirm this hypothesis. 

Figure 7.  Average fitness of population for different deterministic adaptation 
genetic algorithm schemes   

The success rate and the average payoff are important 
measurements for the evolving strategies. 10 individuals 
evolved from the each scheme population are selected and are 
run in our simulated auction market. For each strategy, we ran 
it 200 times in the marketplace. Figure 8 shows the comparison 
of the success rate between the individuals of the testing set. 
The result shows that the strategy evolved using CDMI 
performs the best overall. The individuals evolved from the 
CDMI outperformed the individuals from the other control 
rules schemes by delivering a 1.5% to 2.5% increase in success 
rate compared to the individuals evolved from the other 
deterministic schemes. Here, we can conclude that the strategy 
evolved from the CDMI can evolve better strategies and 
delivers higher success rate when bidding in online auctions 
thus improving the GA in searching for better bidding 
strategies. 

Figure 9 shows the individuals evolved from the CDMI 
outperformed the rest with a higher average payoff of between 

2% and 4%. This shows that the strategy evolved using the 
CDMI does not only generate a better average fitness but also 
evolves better effective strategies compared to the strategy 
evolved for the other seven deterministic adaptation schemes. 
The result shown here confirms the hypothesis we have made 
earlier, where individuals in population with a better average 
fitness would performed best. Based on the results of the 
experiments that had been carried out, it can be concluded that 
the strategies evolved with CDMI performed better than the 
strategies evolved out of the other seven schemes in terms of 
success rate and average payoff in an online auction 
environment setting.  

Figure 8.  Success rate for strategies evolved from different deterministic 
adaptation genetic algorithm schemes 

Figure 9. Average Payoff for strategies evolved from different deterministic 
adaptation genetic algorithm schemes

Figure 10.  Average fitness of population for deterministic adaptation GA and 
self-adaptation GA 

Figure 10 shows the average fitness for the evolving 
bidding strategy from deterministic adaptation (CDMI) GA and 
self-adaptation GA. The CDMI scheme is selected to be 
compared with the self-adaptive GA because it’s the best 
performer in the deterministic dynamic adaptation experiment. 
The population with self adaptation GA achieved a higher 
average fitness when compared to the CDMI. Self adaptive GA 
performed better because the nature of the self-adaptation is to 
focus on the appropriate region of the search space thus 
allowing better bidding strategies to be found.  
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The result from Figures 11 and 12 show the success rate 
and the average payoff for the strategies evolved using self-
adaptation genetic algorithm and deterministic adaptation GA. 
Self-adaptation GA performs the best overall compared to 
deterministic genetic algorithm as predicted. The results 
obtained here indicate that the bidding strategies evolved from 
self-adaptive genetic algorithm performed better than 
deterministic genetic algorithm in the online auction 
environment. This is due to its self-adaptive nature which is 
able maintains sufficient diversity among individuals in order 
to enable further evolvability. 

Figure 11.  Success rate for bidding strategies evolved using CFMD and self-
adaptation GA  

Figure 12.  Average payoff for bidding strategies evolved using CFMD and 
self-adaptation GA  

VII. CONCLUSION

This paper investigates the relative performance of the 
different deterministic adaptation genetic algorithms and self-
adaptation genetic algorithm on a flexible and configurable 
heuristic decision making framework that can tackle the 
problem of bidding across multiple auctions that apply 
different protocols (English, Vickrey and Dutch). The 
polynomial nature of the strategies formulation creates a large 
search space making it difficult to search for the optimal 
solution. In this paper, eight different deterministic adaptation 
control rules have been applied to the GA to search for the 
effective strategy. The best deterministic adaptation scheme (in 
this case, CDMI) is then compared with the self-adaptive 
genetic algorithm. The experimental evaluation showed that the 
strategies evolved from the dynamic decrease mutation rate 
performed better than the other strategies evolved from the 
other dynamic adaptation schemes in terms of success rate and 
average payoff when bidding in the online auction 
marketplace. However, self-adaptive genetic algorithm is able 
to outperform the best performer for the deterministic 
adaptation scheme. There are several areas that require further 
investigation. First, further exploration can be conducted on 

how well genetic algorithms can help in improving the 
performance of the bidding strategies by using different 
discipline of evolutionary algorithm such as evolution 
strategies.  

REFERENCES

[1] Wolfstetter, E., Auctions: An Introduction. Journal of Economic Surveys 
10, 367-420, 2002. 

[2] Shubik, M., Auctions, Biddings, and Markets: An Historical Sketch.
New York, USA: New York University Press, 1983. 

[3] Jansen, E., Netlingo the Internet Dictionary. http://www.netlingo.com/. 
2003. 

[4] Anthony, P., Jennings, N.R.: Agent for Participating in Multiple Online 
Auctions. ACM Transaction on Internet Technology 3(3), 1–32 (2003) 

[5] Engelbrecht, A.P.,  Computational Intelligence An Introduction. John 
Wiley & Sons, USA, 2002. 

[6] Hinterding, R., Michalewicz, Z. and Eiben, A.E. Adaptation in 
Evolutionary Computation : A Survey, Proceedings of The IEEE 
Conference on Evolutionary Computation, IEEE World Congress on 
Computational Intelligence, 1997. 

[7] Meyer-Nieberg, S. and Beyer, H-G., Self-Adaptation in Evolutionary 
Algorithms. In F. Lobo, C. Lima, and Z. Michalewicz, editors, 
Parameter Setting in Evolutionary Algorithm, Springer, Berlin, 2006.J. 
Clerk Maxwell, A Treatise on Electricity and Magnetism, 3rd ed., vol. 2. 
Oxford: Clarendon, 1892, pp.68–73. 

[8] Fogarty T., Varying the probability of mutation in genetic algorithm, 
Proc. of the Third International Conference on Genetic Algorithms, pp. 
104-109, Morgan Kaufmann, 1989. 

[9] Hesser J. and Manner R., Towards an Optimal Mutation Probability in 
Genetic Algorithms, Proc. of the 1st Parallel Problem Solving from 
Nature, pp. 115-124, Springer, 1991. 

[10] Hesser J. and Manner R., Investigation of the  m-heuristic for optimal 
mutation probabilities, Proc. of the 2nd Parallel Problem Solving from 
Nature, pp.115-124, Elsevier, 1992. 

[11] Back T. and Schutz M., Intelligent Mutation Rate Control in Canonical 
Genetic Algorithms, Proc. of the International Symposium on 
Methodologies for Intelligent Systems, pp. 158-167, 1996. 

[12] Lawrence J. Fogel, Peter J. Angeline, David B. Fogel: An Evolutionary 
Programming Approach to Self-Adaptation on Finite State Machines. In 
J.R. McDonell, R.G. Reynolds, and D.B. Fogel, editors, Proceedings of 
the Forth Annual Conference on Evolutionary Programming, 
Massachusetts, 1995. MIT Press.  pp. 355-365. 

[13] Smith, J.; Fogarty, T.C., "Self adaptation of mutation rates in a steady 
state genetic algorithm," Evolutionary Computation, 1996., Proceedings 
of IEEE International Conference on , vol., no., pp.318-323, 20-22 May 
1996 

[14] Anthony,, P. and Jennings, N. R., Evolving bidding strategies for 
multiple auctions. In Proceedings of the 15th European Conference on 
Artificial Intelligence. 178–182. 2002 

[15] Anthony, P., Bidding Agents for Multiple Heterogeneous Online 
Auctions. PhD thesis, University of Southampton, UK, 2003. 

[16] Gan K.S., Anthony P. and Teo J. 2008. The Effect of Varying the 
Crossover Rate in the Evolution of Bidding Strategies. 4th International 
IASTED Conference on Advances in Computer Science and Technology 
(ACST-2008), Langkawi, Malaysia, April 2008 

[17] Gan K.S., Anthony P. and Teo J. 2008, Mutation Rate in The Evolution 
of Bidding Strategies, The 3rd International Symposium on Information 
Technology 2008 (ITSim2008), Kuala Lumpur, Malaysia, August 2008I.  

[18] D. Beasley, D. R. Bull, and R. R. Martin (1993a). An Overview of 
Genetic Algorithms: Part 1, Fundamentals. University Computing 15 
(2), 58-69 

[19] D. Beasley, D. R. Bull, and R. R. Martin (1993a). An Overview of 
Genetic Algorithms: Part 2, Research Topics. University Computing 15 
(4), 170 – 181. 

1435



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.6
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


