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components. Although the ant colony algorithm has 
good optimization ability, the initial pheromone is 
scarce and the convergence speed is slow. On the 
basis of the study, this paper puts forward a kind of 
particle swarm optimization and ant colony optimiza-
tion based on cloud computing task scheduling algo-
rithm. This algorithm absorbs the rapid convergence 
of particle swarm optimization algorithm and optimi-
zation ability of ant colony algorithm. The time of the 
system process scheduling problem and the total task 
execution time are reduced, which correspondingly 
improves the efficiency of the cloud computing task 
scheduling.
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Abstract
In this paper, the author mainly discusses the optimization problem of the manage resource distribution of the 
particle swarm neural network. The particle swarm optimization (PSO) is a population-based algorithm that was 
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1. Introduction
Optimization problems are of vital importance 

in fields of computer science, artificial intelligence, 
operational research and other relative fields. Many 
problems encountered in engineering technology, 
scientific research and economic management can 
be treated as variations of challengeable nonlinear 
optimization problem, such as: configuration design-
ing need to minimize total weight of materials used 
while satisfying the intensity request; resource allot-
ting need to maximize total benefit utilizing limited 
resources; transportation scheming need to minimize 
total expense on circumstance of appointed material 
and load capability; manufacture scheme arranging 
need to maximize total benefit by controlling the costs 
of manpower, devices, and raw and processed materi-
als according to the flow of techniques and demand 
of client. Optimization theory and its techniques will 
surely take more and more important part in the in-
formation era of 21 century. Numerical optimization 
methods were proposed these years due to the univer-
sality of optimization problems. Many hard optimiza-
tion problem emerged which cannot be solved in ac-
ceptable time, with the increasing complexity of real 
tasks in the field of industry and scientific research. 
More effective and practicable algorithms are need-
ed for the traditional programming methods cannot 
meet complex problems nowadays. As a newly de-
veloped swarm intelligence paradigm, particle swarm 
algorithm is a very promising optimization tool, with 
many advantages in high-dimensional problems or 
tasks that lack prior knowledge. Its basic idea is origi-
nated from Social Psychology and Artificial Life as 
a simulation of socio-cognitive processes. Because 
of its high convergence rate and excellent general-
ization, particle swarm algorithm has attracted much 
attention since it was first proposed in 1995. In this 
literature, most researchers have focused their efforts 
on how to promote the convergence rate and avoid 
the premature convergence problem. Introducing new 
mechanisms to ensure the diversity of swarm popula-
tion or escape from local minima may be useful on 
relieving premature convergence of the algorithm. As 
to improving convergence rate, much work focus on 

tuning strategy parameters, or modifying the origi-
nal framework with ideas inspired from other meta-
heuristics. As most researchers of this field are with 
pure scientific computing or engineering applications 
background, they care more about the results than 
probe into the real cause, not to mention consider 
social psychology origins of the algorithm. In Shi’s 
[1] research, we attach importance to both theoretical 
analysis and experimental demonstration. From the 
aspect of information spread efficiency, a dynamic 
topology of particle swarm algorithm is thoroughly 
investigated and a novel particle swarm algorithm 
based on small world network model is proposed. 
Liu [2] summarize the developing background of 
swarm intelligence, and introduce three methodolo-
gies of swarm intelligence: Ant Colony Optimization 
(ACO), Particle Swarm Optimization (PSO) and Ar-
tificial Fish-Swarm Algorithm (AFSA). The intrin-
sic and general character of swarm intelligence is 
analyzed through relevancy of reductionism, artificial 
life, self-organization system, and other topics. The 
author investigates the influence of parameters by 
large experiments and verifies the parameter selecting 
of canonical PSO [3]. Zhu’s paper [4] analyze con-
vergence of traditional PSO algorithm from the view 
of linear constant system, and elicit that the track of 
any particle will converge to the position held by the 
optimal particle. Then thet theoretically analyze algo-
rithm convergence from the view of random system, 
and present a sufficient condition for the system to 
be mean square stable. This enhances the effective-
ness of conclusion under linear constant condition. 
Luo [5] proposes two novel PSO algorithm based 
on edge-reassigning and edge-addition small-world 
network model, thus implement dynamic topology of 
PSO algorithm. New parameters introduced are thor-
oughly investigated by large amount of experiments 
on Benchmark problems. The proposed algorithms 
are rigorously tested and compared on large amount 
of selected benchmark problems taken from the lit-
erature. These benchmark problems are designed to 
challenge optimization techniques with difficulty of 
high-dimensionality, multimodality, and deceptive 
gradient information. In this dissertation, we focus at-

invented by Kennedy and Eberhart, which was inspired by the social behavior of animals such as fish schooling 
and bird flocking in this paper. Similar to other population-based algorithms, such as evolutionary algorithms, PSO 
can solve a variety of difficult optimization problems but has shown a faster convergence rate than other evolution-
ary algorithms on some problems. The experiment result shows that particle swarm neural network can improve 
the performance of manage resource distribution.
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tention on comparing the performance of different al-
gorithms on hard multimodal functions, and give the 
statistical results on measurements of convergence 
rate, success rate, function evaluations, and the qual-
ity of obtained solutions. The results of experiments 
demonstrate that the proposed small-world PSO al-
gorithms with dynamic topology can improve perfor-
mance of classical PSO algorithms apparently.

2. The Optimization Problem of the Manage 
Resource Distribution

At present, lots of industries are facing fierce mar-
ket competition and program paralleling. So as the 
enterprises are more incline to program management, 
collaborative management of groups of program, a 
new development trend of program management, is 
becoming a new direction or hot point of program 
management research and practice. During collab-
orative management of groups of program, enterprise 
will face the problem of reasonable deploying of fund, 
machine, human resource, material, technology and so 
forth. Under the environment of groups of program, 
enterprise internal resource deploying among differ-
ent program is becoming a key problem that confines 
the success of enterprise and different resources’ de-
ploying. Under the background of collaborative man-
agement of groups of program and around the ques-
tion of resource optimization, this paper combines the 
existing resource optimization methods of collabora-
tive management of groups of program with the col-
laborative theory, and raises the method by using key 
chain to deploy the resource of groups of program. At 
the beginning, this paper describes the background of 
the research and the meanings of this paper, giving 
short conclusion of the collaborative theory, the col-
laborative management of groups of program, and the 
resource optimization theory and further illustrating 
the research contains, angle, and innovation points. 
Then some basic knowledge of resource optimization 
of collaborative management of groups of program is 
putting as follow: the main contains of collaborative 
theory, the collaborative management of groups of 
program, and the resource optimization theory. The 
third part of this article analyzes the problem of re-
source optimization of the collaborative management 
of groups of program. The forth part of this article 
put forward the resource optimization of key chain 
among the collaborative management of groups of 
program. Firstly, the short introduction of the TOC 
theory and the key chain method is given. Secondly, 
the key chain method’s conduct foundation and ef-
fect are giving. Lastly, practical design of the key 
chain method of resource optimization is given. The 
fifth part of this article is given a practical case of the 
key chain method, using key chain method to deploy 

the resource, making comparison with the traditional 
method and giving advice of the resource optimiza-
tion of the collaborative management of groups of 
program. In the end, some conclusion is given and 
the further problem is also putting forward [6-7].

4. The Particle Swarm Neural Network Algo-
rithm

Many problems possess a set of parameters to be 
optimized, especially in fields of engineering technol-
ogy, scientific research and economic management. 
Optimization theory and its techniques will surely 
take more and more important part in the informa-
tion era of 21 century. As a newly developed swarm 
intelligence paradigm, particle swarm algorithm is a 
very promising optimization tool, with many advan-
tages in high-dimensional problems or tasks that lack 
prior knowledge. Its basic idea is originated from So-
cial Psychology and Artificial Life as a simulation of 
socio-cognitive processes. Because of its high con-
vergence rate and excellent generalization, particle 
swarm algorithm has attracted much attention since 
it was first proposed in 1995.In this literature, most 
researchers have focused their efforts on how to pro-
mote the convergence rate and avoid the premature 
convergence problem. Introducing new mechanisms 
to ensure the diversity of swarm population or escape 
from local minima may be useful on relieving prema-
ture convergence of the algorithm. As to improving 
convergence rate, much work focus on tuning strat-
egy parameters, or modifying the original framework 
with ideas inspired from other meta-heuristics. As 
most researchers of this field are with pure scientific 
computing or engineering applications background, 
they care more about the results than probe into the 
real cause [8].

The algorithm based on fractal theory can be ex-
pressed as following:
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And local fractional integral of ( )f x  defined by 
Eq.3.
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If ( )f x  is defined on the real line x−∞ < < ∞ ,
its local fractional Hilbert transform, denoted by 
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Where x  is real and the integral is treated as a 
Canchy principal value, that is,
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To obtain the inverse local fractional Hilbert trans-
form, write again Eq. (4) as
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The equation of motion is as follows:

( ) 0j ijkl k l kij k iC u e uϕ ρ∂ ∂ + ∂ − =  	 (7)

Under the linear theory, that is:

( ) 0j ijkl k l kij ke u η ϕ∂ ∂ − ∂ =  	 (8)

The linear equation can be expressed into the fol-
lowing simplified forms:
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These functions can be expressed in the following 
form:

0 1(x) (x)C C C= + , 0 1(x) (x)e e e= +  , 
0 1(x) (x)η η η= +  , 0 1(x) (x)ρ ρ ρ= +  	 (12)

The value with superscript of 1 represents the dif-
ference below:

1 0C C C= − , 1 0e e e= − ,
1 0η η η= − , 1 0ρ ρ ρ= −  	 (13)

The whole function can be simplified into the fol-
lowing integral equation set:
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In addition, we can introduce the abbreviated for-
mula:
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( , )F x ω  has nothing to do with coordinate 3x . In 
view of the following relationship
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The particle swarm optimization (PSO) is a pop-
ulation-based algorithm that was invented by Ken-
nedy and Eberhart, which was inspired by the social 
behaviour of animals such as fish schooling and bird 
flocking. Similar to other population-based algo-
rithms, such as evolutionary algorithms, PSO can 
solve a variety of difficult optimization problems 
but has shown a faster convergence rate than other 
evolutionary algorithms on some problems. Another 
advantage of PSO is that it has very few parameters 
to adjust, which makes it particularly easy to imple-
ment. It was pointed out that although PSO may out-
perform other evolutionary algorithms in the early 
iterations, its performance may not be competitive 
as the number generations are increased. Recently, 
several investigations have undertaken to improve 
the performance of standard PSO (SPSO). Lobjerg 
et al. presented a hybrid PSO model with breeding 
and subpopulations Kennedy and Mendes inves-
tigated the impacts of population Structures to the 
search performance of SPSO. Other investigations 
on improving the performance of SPSO were un-
dertaken using cluster analysis and fuzzy adaptive 
inertia weightier.

Therefore, the procedure of the PSO algorithm 
can be described as follows.

Step 1. Randomly initialize positions and veloci-
ties of all particles.

Step 2. For each particle, set iP  to the current posi-
tion iX , and set gP  to the current best position of the 
swarm.

Step 3. For each particle in the swarm
Step 3.1. Update velocities Vi and positions Xi us-

ing Eq. (1) ~ (3);

Step 3.2. Calculate the fitness value of current par-
ticle: f (Xi);

Step 3.3. Compare the fitness value of P with f 
(Xi).If f (Xi) is better than the fitness value of iP , then 
set iP  to the current position Xi.

Step 3.4. If f (Xi) is better than the fitness value of
gP , then g is set to the position of the current Xi.

Step 4. Calculate the variance of the population’s 
fitness 2σ using Eq. (4) and (5).

Step 5. Calculate the mutation probability prob ac-
cording to Eq. (6).

Step 6. Randomly generate a number r∈ [0, 1], if 
r ≤ prob, update gP .

4. The Experiment Analysis
As to improving convergence rate, much work 

focus on tuning strategy parameters, or modifying 
the original framework with ideas inspired from 
other meta-heuristics. As most researchers of this 
field are with pure scientific computing or engi-
neering applications background, they care more 
about the results than probe into the real cause, not 
to mention consider social psychology origins of 
the algorithm.

These benchmark problems are designed to chal-
lenge optimization techniques with difficulty of 
high-dimensionality, multimodality, and deceptive 
gradient information. In this dissertation, we focus 
attention on comparing the performance of differ-
ent algorithms on hard multimodal functions, and 
give the statistical results on measurements of con-
vergence rate, success rate, function evaluations, 
and the quality of obtained solutions. The results of 
experiments demonstrate that the proposed small-
world PSO algorithms with dynamic topology can 
improve performance of classical PSO algorithms 
apparently.Table 1 shows the reference values of 
different samples in the 2-step PSO algorithm. Table 
2 shows the reference values of different samples 
in the 2-step PSO algorithm and Table 3 shows the 
reference values of different samples in the 2-step 
PSO algorithm.

Table 1. Reference values of different samples in the 2-step PSO algorithm.

High point (st) Low point (st) Efficiency (st)

mean sd mean sd mean sd

Pw1 13.4 4.7 7.6 4.0 5.8 3.5

Pw 2 11.8 4.3 4.4 3.3 7.4 3.6

F(1, 691) = 22.4, p < 0.001 F(1, 691) = 124, p < 0.001 F(1, 691) = 31.6, p < 0.001

Pw1 > Pw2 Pw1 > Pw2 Pw2 > Pw1
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Conclusions
In this paper, the author mainly discusses the 

optimization problem of the manage resource dis-
tribution of the particle swarm neural network. 
So as the enterprises are more incline to program 
management, collaborative management of groups 
of program, a new development trend of program 
management, is becoming a new direction or hot 
point of program management research and prac-
tice. During collaborative management of groups 
of program, enterprise will face the problem of 
reasonable deploying of fund, machine, human re-
source, material, technology and so forth. Under 
the environment of groups of program, enterprise 
internal resource deploying among different pro-
gram is becoming a key problem that confines the 
success of enterprise and different resources’ de-
ploying. PSO can solve a variety of difficult opti-
mization problems but has shown a faster conver-
gence rate than other evolutionary algorithms on 
some problems. The experiment result shows that 
particle swarm neural network can improve the 
performance of manage resource distribution.
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Table 2. Reference values of different samples in the 3-step PSO algorithm.

High point (st) Low point (st) Efficiency (st)
mean sd mean sd mean sd
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Pw 2 14.3 4.5 8.1 3.9 6.2 2.9
Pw 3 12.9 5.1 7.4 3.7 5.5 4.3
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F(3, 513) = 12.1,       p < 0.001 F(3, 513) = 28.1, p < 0.001 F(3, 513) = 5.1, p < 0.01
Pw1, Pw2 > Pw3, Pw4 Pw1, Pw2 > Pw2, Pw3 > Pw4 Pw1, Pw2, pw4 > Pw1, Pw2, Pw3


