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Abstract: The Artificial Intelligence (AI) has caught people’s attention since the google software AlphaGo has successfully 
defeated those best Go players around the world. It is well known that the dynamic programming is the core technics of the 
Artificial Intelligence. Among the dynamic programming algorithms, the Evolutionary Algorithms are the most common 
implemented approaches. The notable and popular methods are the Genetic Algorithm, Evolutionary Strategy and Genetic 
Programming. These algorithms are also referred as simulation optimization. Since most of the real world problems are more 
complicated than before, an efficient searching optimization algorithm is more important than before. How to find the best 
solution from other thousands combinations in time is the goal of today’s simulation computation and artificial intelligence. 
Many other available researches presented the results based on normal distribution, which might take longer computation and 
lost the solution accuracy. In this research, we propose a dynamic distribution that can take care the diversity and intensity of 
the solution, and can be utilized in many real world simulations. Simulation results are presented to verify the proposed 
algorithm. 
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I. INTRODUCTION 
 
There is no double that the Artificial Intelligence (AI) 
is the most popular topic issue after the AlphaGO 
beats all top GO player around the world. And with the 
advanced development of modern computer 
technology, the AI related applications and apps are 
developed to serve people’s daily life. The artificial 
Intelligence method generally find one best solution 
from many other possible solution combinations. 
From the operation search perspective, the AI core 
technology is also called dynamic programming for 
optimization. It is actually a searching algorithm to 
find the most fit solution for an optimization requests. 
Scientists have delicate their efforts to many 
algorithms for finding the solutions to many 
optimization problems in the past decades. The 
common approaches included the exhaustive and 
approximate searches. In the class of exact searching 
algorithms, the implementation generally based on 
direct search approaches methods such as dynamic 
programming, greedy-based, backtracking and 
branch-and-bound methods [1]. These types of 
algorithms might have good performance in certain 
problems [2, 3], yet they might not be efficient or 
incapable in solving larger scale combinatorial and 
highly non-linear optimization problems. Some 
searching algorithms even make several assumptions 
to obtain solution in reasonable computational time, 
however the validation of these assumptions is 
difficult to maintain compare to the real problems. 
The complexity increases exponentially with the 
problem size grows which makes exact search 
impractical in these problems. Therefore, more 
adaptable and flexible algorithms are required to 

overcome these obstacles. Researchers have presented  
 
the meta-heuristic algorithms to meet these needs. 
Among them, the notable search algorithms with 
population-based framework have shown outstanding 
capabilities to handle complicated non-linear high 
dimensional optimization problems. The words of 
“meta” and ‘‘heuristic” are originally from the Greek, 
“meta” is “higher level” or “beyond” and heuristics 
means ‘‘to find”, ‘‘to guide” or ‘‘to discover”. 
Heuristics are methods to find good optimal solutions 
in a reasonable computational cost yet without 
guaranteeing optimality. In other words, 
meta-heuristics are a set of intelligent strategies to 
enhance the efficiency of heuristic procedures [4]. It 
has been an important tool for solving the real world 
applications and the basic implementation for the 
artificial intelligence.  
On the other hand, there are always some concerns 
while utilized the meta-heuristic algorithms. As we 
will discuss later, the meta-heuristic algorithm 
mimics biological processes in evolution to search for 
optimal solutions to different problems. The key 
parameters of the algorithm include the generations 
and the population entities. To ensure they meet 
Darwinian evolution theory, significant amount of 
values have to be assigned to these parameters [5]. It 
does imply the intensive computational resources are 
required to reach the complete evolutionary process. 
The efficiency and robustness are the two major 
concerns while using the meta-heuristic for the 
complex problems. The AlphaGO is a software 
implemented in super computer, the computation 
resources for this AI application is not the major issue. 
However, for most software or AI app does not equip 
with such computation powers. Thus, the key 
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parameters with large numbers of inputs, which 
converge to help the algorithms to converge to right, 
globe solutions; it does raise the efficient issue as it 
costs more computations. While the small parameter 
might complete the simulation quicker, yet obtain the 
local optimal solutions because of the premature 
evolution. The simulation algorithms can always 
benefit from high performance yet low cost computing 
hardware. Additional computing power helps find 
better solutions or solve problems faster. Powerful 
computer resources could conquer the efficiency and 
robustness dilemma particular for computation 
intensive problems. The first related approach was 
carried out by using the super computers several 
decades ago. Soon the parallel computing with 
distributive memory arises with more competitive 
hardware cost than the super computers. Recently, the 
Graphics Processing Unit (GPU) has emerged as a 
possible desktop parallel computing solution for 
large-scale scientific computation within a desktop PC. 
Utilizing GPU parallel computing facility with 
meta-heuristic search algorithm has become a popular 
approach to solve real world complex application [6]. 
The other approach to search the best solution is the 
modification of the algorithm which does not require 
any help from the hardware. The key is the 
distribution function which generate the solution in 
next computational generation. The approach is more 
affordable since it can be implemented in any personal 
computer and tablet PC or smart phone.  
 
II. LITERATURE REVIEW 
 
Searching Algorithm 

As the advanced of computer technology both in 
hardware and software, more complex optimization 
problems can be solved by simulation optimization 
methods. The existing searching optimal approaches 
can be classified into local optimization and global 
optimization. Local optimization techniques are 
further classified by discrete or continuous decision 
spaces.  The well-known Alpha GO is the typical 
discrete example and sometimes is referred as 
combinatorial case.  Local optimization techniques 
differ from global optimization techniques in the 
assumption that the shape is continuous and 
differentiable.  Local optimization techniques are not 
suitable for the complex optimization problems with 
multimodal geometry. Local searches are often 
trapped in a local optimum and generate poor 
solutions if the initial solutions are generated in 
improper locations. Global optimization techniques 
such as the particle swarm algorithm (PSO) and 
evolutionary algorithms (ES) are developed to help a 
search escape from the local optimum and produce 
better solutions [7]. These global search algorithms 
are called mega-heuristics algorithm and are designed 

to find optimal solutions in a reasonable 
computational cost Even though they do not guarantee 
feasibility or optimality in every searching simulation, 
but they are commonly used to the highly combinatory 
problems. Stefan Voss et al. has described the 
meta-heuristic as “an iterative master process that 
guides and modifies the operations of subordinate 
heuristics to efficiently produce high-quality 
solutions” [8]. They generally combined different 
concepts for exploring and exploiting the search space, 
and learning strategies were used to structure 
information in order to find the optimal solutions 
efficiently. Most of the algorithms mimics biological 
or physical behaviors and the simulation processes 
were motivated by Darwin theory “the survival of the 
fittest”. Most of the simulation search are 
nature-inspired algorithms and population-based 
algorithms. The earliest notable algorithm was the 
Genetic Algorithm (GA). GA was presented by 
Holland in 1975 and still been used for modern 
applications [9]. In the algorithm, a population of 
strings called chromosomes encodes candidate 
solutions for optimization problems. This algorithm 
also includes the selection, crossover and mutation 
operators. Chromosomes present problem solutions 
and are evaluated based on the objective function to 
select parents. Selection is an essential operator used 
for choosing parents to replicate new population and 
can influence the convergence rate of the algorithm. 
The crossover operator will make some parts of two 
chromosomes exchange together, while the mutation 
operator makes some parts of chromosomes randomly 
change in order to have better performance and escape 
from local optima. This remarkable algorithm still 
earns researchers’ attention and been used popularly 
in many aspects [10]. The other well known algorithm 
is the Evolution Strategy (ES). ES is a stochastic, 
population-based evolutionary meta-heuristic 
algorithm. It mimics the techniques inspired by 
evolutionary biology such as mutation, selection and 
crossover. ES was presented in the 1960s and 1970s 
and now is utilized as an efficient tool to search and 
solve complex optimization problems [11, 12].  The 
initial parent population is generated randomly and 
the fitness functions are evaluated. From the parents’ 
members in the population, genetic operators are used 
to produce offspring.  The favorable offspring are 
chosen to constitute the population for the next 
generation. The process continues for generations 
until a termination criterion is satisfied and a superior 
solution is acquired. Its crossover and mutation 
mechanism is similar to those of GA.  The (μ, λ) ES 
algorithm is often used in many continuous domain 
applications, where μ refers to the number of parents 
in the current population and λ refers to the number of 
offspring produced by the parents for the next 
generation. Currently there are many celebrated 
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innovations directly derived from the improvement of 
these two algorithms by modifying the operators or 
selecting procedures [13].  
Of course, other well-known mega-heuristic 
algorithms are commonly utilized in many real-world 
simulations. Particle Swarm Optimization (PSO) is 
another population based algorithm proposed by 
Kennedy and Eberhart [14]. It is a global optimization 
algorithm, each particle (or bird) represents a solution 
and is evaluated by it fitness values. The particles 
move around in the search space according to 
mathematical formulas that determine the particles’ 
position and velocity. Each particle’s movement is 
guided by its local best-known position and is also 
influenced toward the best known positions over the 
entire search-space. The algorithm evaluates through 
the generations that update the better positions by 
other particles. The best solution represents a point or 
surface in a multi-dimensional. They move towards 
those particles that have better fitness values and 
finally obtain the best solution. Similar to the swarms, 
Dorigo et al. presented another population-based 
algorithm called Ant Colony Optimization (ACO) in 
1996 [15]. ACO algorithm models the behavior of ants 
food-hunting and is useful for problems which require 
finding the shortest path. It was original for 
combinatorial problem (non-continuous) and the 
travel sales problem is a typical demonstration. In real 
world, when ants explore their environment, it lays 
down the pheromones to guide each other toward 
resources. ACO also simulates this method and each 
ant records similarly its position so that more ants 
locate better solutions in later iterations. This 
approach continues until it found the best (optimal) 
path. Originally this ACO is used for problems with 
discrete space, and then a modify ACO was presented 
to solve the continuous domain problems by Socha 
[16]. The other type approach does not mimic the 
animals’ behavior, for example, the Simulated 
Annealing (SA) a standard example. It was introduced 
by Kirkpatrick to simulate the thermodynamic cooling 
procedures [17]. SA goes from one energy level to 
another until it reaches the final stable level also 
known the optimal solutions. In this method, each 
point x of the search space is a state and the function 
f(x) is an internal energy of a physical system in that 
state. The goal is to transfer system from random 
initial state to a minimum energy state by simple 
probability guiding functions. Finally, these 
probabilities move the system to states of lower energy 
until the system achieves a good state for the 
application. In short, even though there are many 
different approaches, the mega heuristic are 
commonly utilized as efficient tools to solve the 
combinatory and simulation optimization.   

 
III. ALGORITHM  
 
Because of the improvement of the computation power, 
the two major concerns of the mega-heuristic are 
overcome. These major concerns are the size of the 
population and the generation (the iteration number) 
that participate the evolution. Even though the 
computer hardware has greatly improved, a software 
algorithm still important to obtain better solution 
accuracy. This research is focus on the continuous 
domain, which the solution could be any real numbers 
with any digits. Its complexity exceeds that discrete 
type of problem.  
Before introduce our innovative approach, it is 
necessary to present the original Evolution Strategy 
algorithm which was mainly used for continuous 
domain problem.  

 
The evolution strategies algorithm (ES) is a 
randomized search method that mimics the 
characteristics of evolution. As aforementioned, ES 
uses a “population” instead of a single point to search 
and solve complex optimization problems. The 
population of the initial generation is usually 
generated randomly. From the members (parents) in 
the population, genetic operators are used to produce 
offspring. The favorable offspring (better fitted) are 
chosen to constitute the population for the next 
generation, which corresponds to the “survival of the 
fittest theory” in biology. The process continues for 
generations until a termination criterion is satisfied 
and a superior solution is acquired. A more detailed 
description of the steps of the (μ, λ) ES algorithm is 
presented below [12], where μ refers to the number of 
parents in the current population and λ refers to the 
number of offspring produced by the parents for the 
next generation. We present the basic ES algorithm as 
following steps: 

 
Step 1: Generate a population for the initial 

generation.  
A population of μ solutions (members) is generated 
first. Each solution is usually represented by a row 
vector consisting of two parts. The elements in the first 
part are the values of the decision variables (xj) 
considered in a given application. The elements in the 
second part are the mutation step sizes (σj) 
corresponding to the decision variables of the first part. 
We follow Back [12] in setting the mutation step size 
as three in this research. The decision variables are the 
solutions to be obtained. For instance, the benchmarks 
in the appendix listed the solution variables (xj) are 
generally huge number. We randomly generate the 
initial values between the given range for the initial 
evolution.  

Step 2: Apply recombination and mutation to the 
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parents to produce λ offspring.  
A pair of parents, A and B, is randomly chosen from 
the population. Recombination and mutation are then 
applied to A and B to produce a child C. Discrete 
recombination is used to determine the first part, the 
decision variable values of child C. The value of each 
decision variable in C is randomly chosen with equal 
probabilities from the value of the same variable in A 
and B. Intermediate recombination is used to 
determine the second part, the mutation step sizes of C. 
The j-th mutation step size in C is determined by the 
average of the j-th mutation step size in A and B. In 
other word, we use the average function  

σj (C) = 0.5 (σj(A) +σj(B)).               (1) 
The generated child C is then mutated by modifying 

its mutation step sizes and adding these step sizes to 
mutate the corresponding decision variables. The 
mutation step size σj (C) is modified by the following 
equation: 

σj
’
 (C) = σj (C) exp(τ’ N(0, 1) + τ Nj(0, 1)),          (2) 

where τ and τ’ are set as 1.0 according to Back [12] 
and the function N(0,1) is a standard-normally 
distributed random variable. The decision variable xj 
is mutated by the following equation:  

 
)1,0()()()(' '

jiii Njjxjx           (3) 

When child C is generated, the normalization 
method described in Step 1 is applied to the five 
weights of the asset allocations to make sure that the 
sum of the five weights is equal to one. The above 
reproduction procedure is repeated until λ offspring 
are produced. 

 
Step 3: Choose the best μ offspring to constitute the 

population for the next generation. 
Generated children are the inputs to the simulation 

model, and they are evaluated by the values of the 
objective function (such as those complex functions in 
the benchmarks). We choose the best μ offspring 
among the λ offspring to constitute the new parents for 
the next generation. 

 
Step 4: Check the termination criterion to 

determine whether to stop or repeat the process.  
If the termination criterion is satisfied, stop; 

otherwise go to Step 2. The most commonly used 
termination criterion is to set the number of 
generations (maxgen) for the entire process. This 
criterion is also used in this research. The best solution 
is obtained at the end of this step. 
 
The key point of this research lie on equation (3). The 
standard-normally distributed function N plays an 
import role. The normal distribution is a common 
used continuous probability distribution function, it is 
also referred as the Gaussian distribution. Its 
probability density function as be shown as the 

following equation: 
 

2

2

2
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x

exf                         (4) 

The graph of this distribution can be found easily in 
any statistic references or any internet public data 
[18],  

 

 
Figure 1. Gaussian probability distribution plot. 

 
The main spirit of ES used the Gaussian distribution 
to update the solution variables. Many researchers 
began to replace this normal distribution to other 
probabilities to see the different effects. One of the 
notable research was presented by Yao has presented 
different distribution to replace the original normal 
function. He used the Cauchy distribution which, 
according to his research, the step size is bigger than 
original one [19]. This result made the simulation 
converged faster than the one use the Gaussian. Yao’s 
formula just changes equation (3) to the following: 

jiii jjxjx  )()()('                     (5) 

where δj is the Cauchy distribution. The Cauchy 
probability distribution is defined as the following: 
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(6) 
And it probability distribution can be shown as the 
following [18]:  

 

 
Figure 2. Different Cauchy probability distribution plots. 

 
When plot these two distributions (Gaussian and 
Cauchy) together with the same parameters, one 
important will be manifested as shown in the 
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following Fig.   

 
Figure 3. Gaussian and Cauchy distributions. 

Figure 3 shows that under the same parameter setting, 
Cauchy distribution does have bigger step size than 
the one, which Gaussian distribution does. This fact 
indicates that using the Cauchy distribution can have 
wider searching capability and might lead the fast 
conversion of the simulation process. This fact was 
very important specially in the time where the 
computation power is not as advanced as it is now.  
Even modified the original ES algorithm from 
Gaussian to Cauchy can speed up the simulation 
process, yet the solution accuracy might not be as good 
as using the original Gaussian distribution [19]. This 
reason was easy to understand--if the step size was 
bigger, the new solution might not converge to 
meticulous solutions. We give an example to explain 
this case. Suppose the exact solution is 0.5 (a real 
number), because of the numerical representation of 
computation, the Gaussian result might end up with 
0.498 and yet the Cauchy might have 0.45. Even 
though both close to the true solution, yet there 
definitely has the solution accuracy issue. And this is 
important for accuracy might be vital in the 
continuous domain problem.   
Most real world applications are high order and 
non-linear cases, solving these complex problems 
requires high computation power as well as good 
solution accuracy. However, it is quite difficult to both 
obtain computer efficiency and solution veracity. In 
order to solve this dilemma, Yao presented the so 
called “IFEP” approach [19]. The IFEP stands for 
“improved fast evolutionary programming” method. 
This is implemented by using both Gaussian and 
Cauchy distributions when creating the evolutionary 
offspring. In other word, Yao used both equation (3) 
and (5) in one generation, and took the best as the new 
offspring for next simulation. This approach was a 
smart move, because it takes advantage of both the 
Gaussian and Cauchy features in one step. However, 
used both distributions in one generation also meant 
that two function evaluations were required. It not 
only made one extra computation, but also required 
comparison between the results of two function 
objective values. Furthermore, taking the better 
solution all the time actually against the spirit of 
nature evolution. Sometime a worse solution might 
take the role to escape the local optimal when the 

evolutionary simulation proceeded.  
IV. AN MODIFIED SEARCHING ALGORITHM 
 
As mentioned in previous sections, searching 
algorithms are critical in the real world applications, 
particularly obtaining the best (better) solution from 
the complex combinatory fields. It has been a vital 
issue to have an algorithm which can handle both the 
converging efficiency and solution certainty. Take the 
AlphoGO software as example, it is performed under a 
computer with 1920 CPUs and 280 GPUs. This is 
similar processing power to that of a supercomputer. 
The Artificial Intelligence certainly wins world 
competitions  with such a strong computation power. 
Since most application does not own such amazing 
equipment, the improvement of the searching 
algorithm is very crucial. The Yao’s research certainly 
gave the hint to make algorithm advanced. For a 
searching algorithm (without consider the 
computational hardware facility or any particular 
computer platform), two issues are generally 
discussed.  
 
These two properties are the diversity and the intensity. 
Diversity emphasizes the search capability should be 
as wide and broad as possible, and should be 
performed in the beginning of the searching algorithm.  
To reach this goal, the searching radius of each 
population entities should be in “reasonable” large. 
On the other hand, the intensity accentuates the 
searching capacity should be fully focus in the nearby 
area of solution of interest. To have this goal, the 
searching radius of the population entities should be 
“reasonable” small. These phenomenons can be easily 
understand by examining equation (3) and (5).  In 
order for the new offspring can be closed to the exact 
solution, the Gaussian or Cauchy distribution plays an 
important role. When we say “reasonable” large (or 
small), it has been a long-term research topics. Even 
though Yao’s IFEP approach took the advantages of 
the Gaussian and Cauchy distribution properties, it 
still can be improved. In our study, we observe a fact 
that each evolution process, since the initial 
populations are randomly created, It should have the 
greatest diversity in the beginning. It helps the 
algorithm to explore the maximum searching domain 
to improve the objective function value. And when it 
comes to the end of the simulation, if any better 
solutions have been obtained, then it should begin to 
focus on the intensity requirement so that the 
searching algorithm can dig deep to the surrounding 
area to obtain better accuracy. Thus, we have updated 
and modified the Yao’s algorithm, the equation (3) (or 
(5)) has been changed. The modified and enhanced 
algorithm is stated as the following: 
 

1. Create initial μpopulation entities ， each 
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population entity is a vector (xi,ηi) ,  ,...,1i  
xi are solution variables. The ηi are the mutation 
step size (dynamically set it as 1/10 of the 
domain size). 

2. Calculate all the fitness value f(x)  =f(xi) 
3. Randomly picked A、B from parents group to 

create offspring C. The mutation step size of C is 
determined by C(ηi) = 0.5(A(ηi )+B(ηi ))  

4. Using the following methods to create all 
offsprints: 
 

))1,0()1,0(exp()()( ''
jjiji NNCC     (7) 

   )1,0()()()( ''
jijiji DCxCxC          (8) 

 
and τ is set as n21 , while τ’ is set as n21 , the n is 
the dimension of the objective function f(x). 

5. Calculate all the solution vector (xi,ηi) according to 
the equation (7) and (8), then calculate all the 
function values of f(xi). 

6. After all the offspring are calculated, sort all the 
(parents + offspring) according to the associated 
function values, and pick up the best μ as next 
generation parents. For this stage, the top one on the 
list is the best solution from all possible 
combinations. 

7. If the evolutionary process is not finished, then go 
back to step 3, otherwise, terminate the process. 

 
What is the difference between this modified 
algorithm with the original ES or Yao’s approach? 
There are several updates. The first is the mutation 
step size in the first step of the algorithm. Traditional 
methods set it to three in spite of the size of the 
searching domain. If the initial populations were set 
improperly, it might lead to poor solutions.  
 
Another major difference is how to choose the 
distribution functions. From previous discussion, the 
Cauchy distribution has larger step size which helps 
the algorithm converges efficiently, while Gaussian 
might help the algorithm to reach better accuracy. Yet 
these two properties are mutually exclusive and 
difficult to obtain the both benefits. Yao’s “IFEP” 
approach tried to acquire the assets by using both 
Cauchy and Gaussian functions and take the better 
solutions for new offspring (also means to dump 
another results by wasting one function evaluation). 
Equation (8) shows our enhancement. The Dj(0,1) is 
the dynamic distribution which is either Cauchy or 
Gaussian distribution based on a random probability.  
 
In each generation (iteration), when performs 
equation (8), one real random number (between 0.1 ~ 
1.0) were generated. If this random number is greater 
than one thread φ, then Dj(0,1) would be Cauchy 
distribution, if less than φ, then Gaussian distribution 

would be applied. And φis a dynamic value, it changes 
with the generation number. For instance, when the 
evolutionary begin, the φ could be very small, then if 
the random number is created uniformly, most 
random numbers will be greater than φ. This implies 
the Cauchy distribution will used much more 
possibility in the beginning. When the iteration 
proceeds, the φ will grow bigger, and the random 
number generated while using (8) will have more 
chance to select the Gaussian. Eventually when the ES 
approach to end, the φ will be closed to one, and most 
uniform random number will be smaller than the 
thread value φ, thus the Gaussian distribution will be 
mostly applied.   
 
Unlike the previous research, this innovated algorithm 
use dynamic distribution with extra computation. 
Most Cauchy distribution will be used in the 
beginning of the evolutionary process to enhanced the 
converging speed, and when it towards to the end, 
most Gaussian will be adopt to increase the solution 
accuracy. The other advantage is that, even most 
Cauchy distributions were used in the initial stage of 
the simulation, the random number could make the 
Gaussian distribution be selected. This phenomenon 
actually also can help the evaluation to escape the 
local optimums. The benchmark functions listed in 
[20] were used to verify this proposed algorithm. The 
result is listed as Table 1. CEP is the classic ES 
Program, and DDES is the proposed method. Each 
function has run 20 times, and the dimension for all 
the function is 30 (the value of n), the parent number is 
210, total population is 1000, and function evaluation 
times are all set as 150,000. 
 
CONCLUSION 
 
A reliable searching algorithm is important in modern 
technology. Hardware improvement has reached an 
unbreakable limitation, unless using the distributed 
parallel architecture, the remarkable algorithm could 
only be improved by robust and speedy algorithm. 
After AlphaGO defeated those top world GO gamers, 
people realize the artificial intelligence could change 
our daily life in the near feature. This fact makes the 
dynamic programming under the spotlight with all the 
attention. As we know the searching algorithm is the 
core implementation of the dynamic programming, 
how to make the algorithm converge efficiently and 
accurately has become very important in the scientific 
and engineering industry.  This research proposes a 
mega-heuristic algorithm which search diversely in 
the beginning and focus on intensity when the best 
solution is obtained.  Traditional benchmark functions 
are used to verify the validity of this proposed 
algorithm.  
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Tables 1: Comparison between different searching 
algorithms. 
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