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Aims and contributions
1.

In our work, we aim to:
a.

b.

Create the three versions of the Differential Evolution Meta-Heuristic
to the mapping problem considering the Network Slicing as Service
in 5G System.
i.

Sequential

ii.

Vertical Parallelization

iii.

Horizontal parallelization

We design a new fitness function to take into account bandwidth,
delay, reliability and geographic node position.
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Aims and contributions

2.

The contributions of our study are:
a. We designed a Stochastic Petri Net (SPN) to model a Network
Slicing as a Service component.
b. We present some aspects in which parallel approaches have
advantages and disadvantages.
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Introduction

Fifth-generation mobile networks (5G)
have the ambition to endure a wide
range of services and applications!
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5G World Integration
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Network Slicing as a Service - NSaaS
NSaaS is a standard mechanism adopted in 5G
to face the diversity of demands and distinct
requirements of services and applications. NS
has been designed as a key enabler to allow 5G
to handle the Internet of Things and other vertical
markets.
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NSaaS: Network Slice as Service
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NSaaS: Network Slice as Service
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Online Approaches

Each Network
Slice has a
duration!
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Common Types of Slices

The Next Generation Mobile Network Alliance (NGMN), the Third Generation Project
Partnership (3GPP), and the International Telecommunication Union (ITU) have
suggested three types of slices:
●
●
●

Enhanced mobile broadband (eMBB)
Ultra-Reliable and Low Latency Communications (URLLC)
massive Machine Type Communications (mMTC)

These three and others can be defined and have
different network behaviors based on their
priorities and values for bandwidth, delay, and
reliability!
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Network Slicing as a Service - NSaaS
Important points from the introduction:
●
●
●
●

NSaaS is a service that offers slices as a service.
A slice is a virtual network to meet a specific tenant's desire.
A tenant sends a requisition (VNR) to the NSaaS provider.
A VNR has:
○ Topology
■
■

○
○

Nodes (each one with its geographic position)
Links

Duration
Demands (QoS parameters)
■ Nodes capacity
■ Links capacities
●
●
●

Delay
Bandwidth
Reliability
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Virtual Network Embedding (VNE)
Complexity

[virtual network]

?
[physical network]

The process of mapping VNRs
comprises a complex task to
associate a set of virtual to a set of
physical nodes and links, taking into
account all network constraints and
resource availability.
Mathematically this problem is
known
as
Virtual
Network
Embedding (VNE)
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Virtual Network Embedding (VNE)
Complexity
Network slicing:
[virtual network]

?
[physical network]

●

Mapping process (VNE)
○

●

Optimization Process

Resource allocation
○

Over-provisioning

○

Under-provisioning

●

The basic VNE problem is an integer linear problem (ILP), which is NP-hard as it
can be proven by reduction to the multiway separator problem.

●

Even with a given virtual to physical node mapping, the problem of optimally
allocating a set of virtual links to single physical paths reduces to the
unsplittable multicommodity ﬂow problem and therefore is also NP-hard.
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VNE Approaches
There are three approaches to dealing with VNE: exact, heuristic, and
meta-heuristic:
1. Exact: Only indicated to small network, not appropriated to 5G networks!
Its solution is fixated on the global optimum and can easily suffer from the
problem of being stuck in a local optimum.
2. Heuristic and Meta-heuristic: aim at finding a suitable solution under
realistic network scenarios. The meta-heuristic solution can improve the
quality of results by escaping from the local optimum [4] [6].
21

Related Works

● In our previous work [5], based on a review of 125 articles studied in [6],
we revealed that the Genetic Algorithm (GA) is one of the most used
meta-heuristics to solve VNE problems.
● Additionally, our previous work [5] showed that with small population size
and repetition, DE has a better acceptance rate than GA.
● However, with a longer execution time. Therefore, in this work, we
developed a way through parallelization to reduce the execution time of
DE.
22

Differential Evolution Meta-Algorithm

Step 1: Creating the initial population (Size of Population)
Step 2: REPEAT
Step 3:

Mutation and regeneration
Hyper-parameters

Step 4:

Crossover

Step 5:

Selection

Step 6: UNTIL (number of iterations = Maximum number of iterations)
Algo 01: Meta-Algorithm of Differential Evolution
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Differential Evolution Meta-Algorithm

Step 1: Creating the initial population
Step 2: REPEAT
Step 3:

Mutation and regeneration

Step 4:

Crossover

Step 5:

Selection

This red block is
where the
sequential code is
parallelized!

Step 6: UNTIL (number of iterations = Maximum number of iterations)
Algo 01: Meta-Algorithm of Differential Evolution
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Differential Evolution Meta-Algorithm
Meta-Algorithm of Differential Evolution Oriented by Vector (Data) Blocks

Repetition (T)
(hyper-parameter)

Target Vector
(X)
[Create Population]

Donor Vector
(V)

Trial Vector
(U)

[Mutation and Crossover]

The mutation of each individual into the
population can be performed
individually, this feature allow different
parallelization variations.

Trial Vector
(U)
[Selection]
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Differential Evolution Meta-Algorithm
Step 1: Creating the initial population

●
●

●

VNR1

The population is a set of
individuals.

4

1

An individual or chromosome
is a random map of a virtual
node to a real node.

VN1

VN 2

VN3

VN4

Each individual is a possible
map

RNa

RNb

RNc

RNd

●

The population size is a
hyper-parameter.

●

It is a stochastic populationbased technique.

●

The population is defined by
Target Vector (X).

Np (Population size) =
quantity of individuals

RNu

RNv

RNx

RNz

Dimensionality (D) is equal to the quantity of VNs of a VNR
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Differential Evolution Meta-Algorithm
Step 3: Mutation

●

The mutation involves a creation of the Donor Vector (V).

●

The mutation process is more complex than in the Genetic Algorithm (GA), and it is the point where in
general the DE spend more time than the GA when running with same hyper-parameters.

●

Each chromosome undergoes mutation followed by recombination.

●

Donor Vector (Vi) of a chromosome (Xi) is created as:

●
●

F: Scaling factor, a constant between 0 and 2
r1,r2,r3: Random solutions in Np
27

Differential Evolution Meta-Algorithm
Step 4: Crossover
●

The DE’s crossover involves a creation of the Trial Vector (U).

●

Also, the DE’s crossover process is more complex than in the Genetic Algorithm (GA), and it is the
point where in general the DE spends more time than the GA when running with same
hyper-parameters.

●

Each individual in the vector U is created based on this rule:

Where:
● Pc: crossover probability
● ẟ: randomly selected variable location ∈ {1,2,3,...,D}
● R random number between 0 and 1
● uj : jth variable of trial vector
● vj : jth variable of donor vector
● xj : jth variable of target vector
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Differential Evolution Meta-Algorithm
Fitness Function

●

Our fitness function is a special contribution which considers all the QoS parameters
(bandwidth, delay and reliability) required in VNRs.

●

Fitness takes the individual’s properties as its parameter.

●

It returns values between 0 and +∞
○

if zero means that an individual does not meet all demands.

○

If the return is 1, it means that an individual fully meets a VNR.

○

Return values greater than 1 mean that an individual represents a larger set of
resources than needed.

○

The higher the value, the more unnecessary resources are selected. Based
only on the fitness, the DE can select more adapted individuals.
29

Differential Evolution Meta-Algorithm
Fitness Function

30

Differential Evolution Meta-Algorithm
Fitness Function: Mathematical Description
●

Equation 3 denotes the final score of an individual.

●

The individual's fitness is the average of all scores plus the result of the score logarithm based on the number of
hops (Equation 3).

●

The function c(r) is the coefficient defined for each QoS parameter in a VNR

●

The variable P denotes a set of parameters from each type of slice, ranging from 0 to 1, and the greater the
number, the higher the relevance. Thought the variable P, it is possible to create countless types of slices using
these coefficients.
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Differential Evolution Meta-Algorithm
Fitness Function: Mathematical Description
●

Each individual i is associated to a VNR.

●

The score is a value that expresses how efficient an individual is, and its equation is defined in Equation (2).

●

The vMax(r) denotes the maximum capacity of a specific-resource in the whole infrastructure

●

R is a set of resources, such as r ∈ R.

●

The vGot(r) returns a value that denotes the maximum capacity of resource r.

●

The vDesired(i,r) returns a demanded capacity of resource r which is required by individual i.

●

The variable r can assume three specific-resources in this work: (i) bandwidth; (ii) delay; and (iii) reliability.

●

The score is a normalized measure, thus we can carry out different resources at once.

●

Each QoS parameter present in the VNR has its own score.

●

The symbol diamond (♢) is the addition operator when the variable r represents the bandwidth or reliability and it
is the subtraction operator when it represents the delay parameter.
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Differential Evolution Meta-Algorithm
Step 5: Selection

●

After the mutation and crossover all results are stored in the Trial Vector (U).

●

Evaluate the fitness of all elements in the Trial Vector (offspring) (fu).

●

Population is update using greedy selection: [minimization problem]
Xi = U i
fi

if fui < fi

=

fui

X and f remains the same if fui > fI
The goal is to return the better individuals considering the Trial Vector and Target Vector.
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Differential Evolution Meta-Algorithm
Bound

n4

d1

nv
y1 + y2

n1+
n2

d2
n3

Latitude (Y)

y2
n2

x1 + x2

y1
n1

nv = (x1+x2, y1+y2)
if nv exit:
return vn
else:
return next_node_from(nv)

x2
x1
Longitude (X)
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Differential Evolution Approach
Derived from Meta-Algorithm.

Step 1: Creating the initial population
Step 2: Evaluate ﬁtness function in all individuals of Population (X)
Step 3: for t in 1 to T:
Step 4:

for i in i to Np:

Step 5:

Create Donor-Vector (V)

Step 6:

Perform Crossover (U)

Step 7:

for i in i to Np:

Step 8:

Bound(U)

Step 9:

Evaluate ﬁtness function in all individuals of Population (X)

Step 10:

Greedy Selection (Ui, Xi)
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Differential Evolution Approach
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Stochastic Petri Network
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Stochastic Petri Network
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Evaluations: Simulation Properties
Artifacts and Scenarios for Evaluation

●

Two datasets were created, following the same process described in [5].

●

Dataset 1: Aggregation of Europe datasets from http://www.topology-zoo.org/

●

Dataset 2: Aggregation of US datasets from http://www.topology-zoo.org/

TABLE II: Dataset properties used in the simulation.
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Evaluations: Simulation Properties
Simulation Execution
●

We created four sets of VNRs and the number of requisitions is: (i) set 1 has 20; (ii) set 2
has 50; (iii) set 3 has 100; and (iv) set 4 has 150.

●

Each algorithm was carried out 10 times with 9 tuples of [repetition, population size]:
(5, 25), (50, 25), (100, 25), (5, 50), (50, 50), (100, 50), (5, 100), (50, 100), (100, 100).

●

Each set is kept the same for each different mapping algorithm.

●

One VNR is composed of:
○
○
○
○
○
○
○

VNR identification,
Virtual nodes demands (vnd),
Links
Type of slice
Bandwidth demand
Delay demand
Reliability demand
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Evaluations: Simulation Properties

Sequential
Horizontal

First Evaluation: Quantity of VNR mapped, that is, Acceptance Rate
Vertical

Qty VNR mapped

Dataset 1

Dataset 2
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Evaluations: Simulation Properties
First Evaluation: Quantity of VNR mapped, that is, Acceptance Rate

We are keeping the same population and changing the repetition.

The Horizontal reaches 59% less time than the Sequential Version.
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Difference between Model and Experiment runtime.
●

The model is an essential artifact to compute
the Mean Time to Absorption (MTTA) [11].

●

We used the Mercury Tool, version 5.0.1 [12]
to design the Petri Net model, and through it, it
was possible to carry out the data analysis.

●

For the validation process, the T-Test was
performed for two samples where the MTTAs
values found in the simulations and
experiments were compared.

The P-Values are greater than 0.05,
implying that there is no evidence that
both means are statistically different.
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Conclusion
● This work evaluated three versions of the Differential Evolution
Meta-Heuristic (DE) applied to the VNE problem.
● The premise to adapt the DE in VNE is because of its
efficiency and nature that favor its adaptation to parallel
versions.
● The Horizontal version achieved the lower runtimes.
● Finally, the Stochastic Petri Net allows us to conduct
evaluations with approximated results to validate a more
extensible quantity of virtual network requests.
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