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Abstract: The roadmap towardthe sustainable implantation of 5G networks necessarily pi
through its economic feasibility. Leveraging on the recent advantages in network orchestral
Network Function Virtualisatio(NFV), we have proposed the concept of resource elastici§Gc
networks. By applying elasticity to the network lifecycle management, the network can flexibly
to the changing demands (in both temporal and spatial domains), amgifnoth ovesprovisioning
and performance degradation and thus providing tetbetsource utilisation while fulfilling thi
stringent KPIs that 5G services will require. This characteristic is even more important in-a
slice, multitenant network, where resource assignments shall be made oslegdrasis. In thq
previouss5G-MoNArch deliverableD4.1we analysed elasticity from different perspectives: at V
intra-, and interslice levels. In this finalvork package 4leliverable, we further extend this analys
describing more in detail novel algorithms and solutions aedtiiging machine learning an
artificial intelligence as two key components for building network elasticity. Then, another|
contribution of this document is the elastic network architecture (that builds on and extends tl
NFV and ENI ones) and ¢hspecific elastic resource orchestration use case. Finally, we discu
elasticity can be brought into practice by describing the elastic aspects of-MeM&ch touristic
city testbed and the demonstrator that was specifically developed for shuyvelasiticity.

Keywords:Resource Elasticity, 5G Architecture, Artificial Intelligence, Slice Lifecycle
Management, Resource Management, Elastic Network Functions.
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Executive Summary

This document is the final deliverable of work packdgeithin the 85-PPP 5GMoNArch project
dedicated to the study ofsource elasticity one of the two key functional innovations introduced by
the project. In the first public deliverable of this work packdg@&M-D41], we presented the
intermediate results focused arduthe followingthree dimensions of elasticity

1 Definition of an elastic architecture and workflowhe three main dimensions of resource
elasticity for 5G networks were identified (i.e., elasticity\attualised Network Function
(VNF) level, elasticity aintraslice level, elasticity at infrastructure level). In addition, we
developed the foundations of an elastic functional architecture applied to 5G systems.

i Economic implications of resource elasticitBusiness requirements were introduced by
analysirg the economic implications of the concept of elasticity via system dimensioning as
well as adding economic views on the different technologies relevant to elasticity.

1 Mechanisms for resource elasticity provisioningn initial version of differentspecifc
mechanisms and algorithmsas proposed along its three identified dimensions, namely
computational elasticity, orchestratidniven elasticity, and slicaware elasticity.

In this final deliverable, the above described work has been extended and hooiigttompletion.
Specifically, the followingcontent has been added basadsuccessfully ammplished researdhsks

1 Architecture specificatian We provide the full description of the elastic architecture,
complementing theoverall architecturedefined by 5G-MoNArch [5GM-D22] with the
specification ofall relevant interfaces and hidgvel procedures for the elastic operation of the
network.MessagesequenceCharts (MSCs) are introduced for elastic network operations along
the three dimensions of etadty. In addition, echof these dimensioris mapped to the overall
architecture in termf its relevant componentd-urthermore, by introducingdjrtificial
Intelligence Al) and analytics as a builh featureto the network architecture, we effectiyel
propose arelastic and intelligenarchitecture. More specifically, we provide an extension of
the ETSI Experiential Network Intelligence (ENI) architecture, a piece of work currently
ongoing within thisndustry specification grouplhe rationale behinthis choice is twdold.
Firsty, the ETSI ENI architecture is, in turn, relying on the ETSI NFV architecture. As 5G
MoNArch is fully considering ETSI NFV as baseline for timanagement andrchestration
architecture, the alignment of this architecturénwie project one will be seamleSecondly,
most of the solutions and algorithms devised in the work package actually relying oA,
making them very suitable for this kind of approach.

1 Mechanisms for resource elasticityte further provide a fulconceptual description of all
mechanisms and algorithms that were initially described in [93M]. In addition, a
comprehensive set of evaluation results for every mechanism is provided along with a novel
analysis on its impact on the relevant KPIs flastcity defined in [5GMD41].

1 Costefficiency analysis We provide a full description of the network ceéficiency
enhancements brought by resource elasticity, with a highly comprehensive-éecmoonic
analysis thatonsiderssquipment aspects anldeir contributions to the overall network cost.
Furthermore, a new case study on elasticity is presented addressing the commercial feasibility
of temporary hotspots in MN@riven deployments and emerging deployment models.

1 Implementation aspect3he eladtity innovations being implemented in the B@NArch

Touristic City Testbed are described as some of the techniques and solutions described in this
document will be showcased in that framework, providing a view on how elasticity can improve
the network opration with a reaorld service. Moreover, we have also developed an
experimental lab demonstration based on Open Air Interface (OAl) on elasticity at VNF level,
which is also described in this documemhese practical insightiirther corroborate the
advantages of resource elasticity.

In terms of dissemination, this research work has resulted in numerous publications and standards

contributions, as well as several events oiggainfor the broader research community. The interested

reader is referred time project website for further information [5GM.
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1 Introduction

In order to achieve thKey Performance Indicators (KPIs) envisioned by the next generation of mobile
networking (i.e., 5G), the most relevant standardisation bodies have already defined the fundamental
structure of the architecture and the building blocks. By leveraging osl moncepts of Software
Defined Networking (SDN), Network Function Virtualisation (NFV) and modularisation, the new
architecture proposed by relevant organisation such ag'tBer®ration Partnership Project (3GPP) or

the European Telecommunications $tams Institute (ETSI) will natively support the service diversity
targeted by the futercommercial ecosystem [3GRB501], [ETSILENFV].

Besides the undoubtable advances in the design of access and core functions, one of the most challenging
tasks to beaccomplished is the management of the network. That is, the transition from the focused
capabilities of the operations support system/business support system (OSS / BSS) modules to a new
hierarchy of elements that have to deal with a very complex ecosgétemants, slices and services,

each one with different requirements. In addition to the management, 5G networks need orchestration
capabilities that in turn, are further divided into two main categories: service orchestration and resource
orchestrationThe former functionality deals with the specific network functions (NFs) that build a
network slice, while the latter takes care of assigning resources to them. Tasks such as deciding whether
a virtual NF (VNF) shall be shared across slices or acrossitgenteir location in a (highly)
heterogeneous cloud infrastructure or the computational load allocated to a task are just a few of the
ones that have to be accomplished by thealed Management and Orchestration (MANO) layer.
Designing an efficient niti-service, multislice and multtenant MANO is a very challenging task due

to the high heterogeneity of i) stakeholders (i.e., verticals, network providers infrastructure providers),
i) requirements and iii) available infrastructure, which makes fipdire best configuration, in terms

of performance and cost, quite hard to achieve.

1.1 Resource elasticitya recap

In this deliverable, we focus on a feature that can be embedded in the 5G network architecture that we
believe will be key given the above rémguments. We refer to this feature Resource Elasticity
Elasticity is a wellstudied concept in cloud computing systems related to the resource efficiency of
clouds [HKR13][CSR+15] In networks, temporal and spatial traffic fluctuations require that the
network efficiently scales resources such that, in case of peak demands, the network adapts its operation
and redistributes available resources as needed, gracefully scaling the netveoakion. This feature

is particularly useful when a network slice is instantiated in an environment where overprovisioning of
resources is not an option and the nature of the service allows for a flexible management of the resources
without incurring incritical service level agreement (SLA) violations. We refer to this flexibility, which
could be applied both to computational and communications resources, as resource elasticity. Although
elasticity in networks has already been exploited traditionallghén context of communications
resource$LSO+14], in this deliverable we focus on the computational aspects of resource elasticity, as
we identify the management of computational resources in networks as a key challenge of future
virtualised and cloudifie8G systems.

As thoroughlydiscussedn [SGM-D41], the resource elasticity of a communications systenheace

be defined as the ability to gracefully adapt to load changes in an automatic manner such that at each
point in time the available resourcesatich the demand as closely and efficiently as possible. Hence,
elasticity is intimately related to the system response when changes occur in the amount of available
resources. We employ the term gracefully in the definition of elasticity to imply tha, rigdatively

small variation in the amount of resources available, the operation of the service should not be disrupted.
If the service produces a quantifiable output, and the resource(s) consumed are also quantifiable, then
the gracefulness of a servican be defined as the continuity of the function mapping the resources to
the output; sufficiently small changes in the input should result in arbitrarily small changes in the output
(in a given domain) until a resource shortage threshold is met whgyertbemance cannot keep up.
Furthemore we consider elasticity in three different dimensions, namelgputational elasticityn

the design andhe up or downscaling of NF®rchestrationrdriven elasticity achieved by flexible
placement of NFs, arglice-aware elasticityvia crossslice resource provisioning mechanisms.
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These dimensions encompass the full operation of the netls@kI-D41, GGD+18] Namely,
computational elasticity acts at the VNF level by introducing the ability to scale them based on the
availablecomputationatesources: in case of resoustwrtageVNFs wouldautonomoushadjust their
operation to reduce their consumption of computational resources while isingnthe impact on
network performance. Then, the latter two dimensionsabpeat the orchestration level. Providing
orchestration driven elasticity means to increase the flexibility of the orchestrator with respect to the
VNF placement decisions. This aspect has also an impact on theanesad to endcrossslice
optimisation, as provided by the slieawvare elasticity. That is, multiple network slices deployed on a
common infrastructure can be jointly orchestrated and controlled in an efficient way while guaranteeing
slice isolation. As discussed, the three elasticity dimessina not independent from each other. For
example, computational elasticity may solve resource scarcity problems at short timescales and be
sufficient as long as the resource shortage is small; however, with longer timescales or extreme resource
shortageijt may be better to rerchestrate the network and move NFs out of the region with resource
shortagesFor a complete detail of all the aspects of network elasticity, we refer the reaf&Me [

D41, GGD+18].

1.2 The role ofartificial intelligenceand machine learning

5G networks will gransignificantimprovements of the most relevatPIs while allowing resource
multi-tenancy through network slicinglowever, the other side of the coin is represented by the huge
increase in the management complexity anddéanding need for highly efficient algorithms for
resource orchestration. The statehe-art MANO software provides the baseline functionality (e.g.,
assigning resources to nodes), but they need to be integrated with intelligent algorithms that)provide
efficient forecasting of the most significant metrics in the system and ii) their matching to networking
related aspects. A wrong estimation may lead to a not properly working network (e.g., due to Service
Level Agreement(SLA) violations), while extrmely conservative estimation (e.g., resource
overprovisioning) may make the system not feasible from the economic point of view. Therefore, the
management and orchestration of the network through Atrtificial Intelligence (Al) and Machine Learning
(ML) algorithms is considered a promising solution, as it alltveshuge complexity of 5G networks to

be tackled byedudng the human interaction (usually exgéve and erreprone) and autonomously
scalingto large scenariocomposed by thousands of slices irehegeneous environments.

In this context, walsoenvision a very prominent role for AI/ML as a tool to enhance the performance
of elasticity algorithmsAlthough the statef-the-art MANO already provides baseline functionality,

high computational resowcefficiency is a real challenge today, and it is further aggravated by the
complexity introduced by a 5G architecture based on the infrastructure sharing principle of network
slicing. Our assertion is that an opithed utilisation of cloud resources inémetwork, while providing
desiredSLA under 5G network slicing, can only be achieved if fast and vengfia@ed Al algorithms

are designed and integrated into the network architecture itself. This allows for a mes#iciesit
network management amdchestration by avoiding both resource ur@ad overprovisioning, which

are the main causes of service outages and excessive expenditure, respectively.

Some examples of performanibeosting capabilities that could be provided by Al techniciges
elastcity algorithmsare the following: i) learning and profiling the computational utilisation patterns of
VNFs, thus relating performance and resource availability, ii) traffic prediction models for proactive
resource allocation and relocation, iii) optimisédF migration mechanisms for orchestration using
multiple resource utilisation data (CPU, RAM, storage, bandwidth, and iv) optimised elastic resource
provisioning to network slices based on data analyiiicghis documentwe present a set of elasticity
mechanisms that leverage AI/ML techniques as well as the implicaiiotise architecture that such
techniques require.

1.3 Document structure and contributions
The remainder of this document is structured as follows.

1 Chapter2 presents techneeconomic aalysis of elasticity that serves as a motivation for the
ensuing research work; in particular, the impact of elasticity on network cost savings is
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described both by introducing the feature in network equipment and making the deployment of
temporary hotspanore commercially attractive.

1 Chapter3 provides a description of the current intelligent elastic architeloyuspecifying how
the relevant elasticity modules of the architecture fit in the overall architecture of the project. In
particular, we providdetailed charactesaion of the interfaces relevant to the three dimensions
of elasticity. Furthermore, we align the embedded intelligence of the network with the ETSI
ENI effort, which is the current bleeding edge of the standardisation work in thisTieen,
we identify the placement of the specific modules related to the elastic resource management in
the ETSI MANO architecture and identify the positioning of these elastic architectural impacts
within the overall project.
The elasticity mechanismsqgposed in this deliverable are described in detallhaptes 4 through 6.
Table1-1 below summadses thusthe main contents d€haptes 4 through 6, and part &hapter7. It
contains the list of elasticity mechiams proposed in the project, along their relevant elasticity
dimension and impacted KRIss defined in §GM-DA41]. It also specifies whether the proposed
mechanisms leverage Al or not. In a nutshell, the focus of each ofdhagtes is described in the
following.

1 Chapterd provides a number of novel contributions that demonstheie new elastic Al/ME
based algorithms improve tleasticnetwork lifecycle management performance.

T Chapter5 describe the advantages of elastic resource management andigrdetailed
algorithns that achieve this goalising different approaches such as optimisation or game
theory.

1 Chapter6 is devoted to the elastic design of VNRat can gracefully scale when the available
cloud resources are temporally not enodgls shown how k using resourcelastic network
functions the elastic resource management algorithm (betfagdd and not) calsoimprove
resource utilisation.

1 Chapter7 describet he Areal ity checko of the previous
implementations some of the algorithms and solutions developed in the project have been
implemented into the r o0 | ®widtid @ty testbed5GM-D51], as well asin a reaiworld
demonstrator based on the wallown open source RAN VNF OAI

1 Finally, Chaptei8 concludes the document and the research work in this domain withinthe 5G
MoNArch project.
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Table1-1: List of elasticity contributions

Elasticity

Elasticity enabler Section dimension Impacted KPIs Al -based
Slice analytics for elastic Slice-aware Minimum footpiint, cost
4 4.2.1 y - Yes
network slice setup elasticity efficiency
A resource markebased Sliceaware -
admission control algorithm 4.2.2 elasticity Cost efficiency ves
Intelligent scaling and 431 Orchestration | Resource utisdion efficiency, Yes
orchestration of VNFs T driven elasticity | cost efficency, reliability
. Orchestration Rescuability, reliability,
Dynamic VNF deployment | 4.3.2 driven elasticity | minimum footprint No
Multi-objective resource Sliceaware Area capac_lty,_UE d"’.lt‘f.’l rate,
) 4.4 L resource utisation efficiency, Yes
orchestration elasticity gy
cost efficiency
Slice-aware elastic resource 45 Sllce_ayvare Cost efficiency Yes
management elasticity
Data driven multislicing Sliceaware -
efficiency 51 elasticity Cost efficiency No
Slice-aware automatic RAN Sliceaware _
configuration 5.2 elasticity Delay, throughout, reliability No
Game theory approach to 53 Sliceaware Cost efficiency, rescuability, No
resource assignment ' elasticity graceful degradation
Slice-aware computational Slice-aware (.:OSt efficiency, service creation
) 5.4 L time, resource uigation No
resource allocation elasticity g
efficiency
Profiling of computational Slice-aware
complexity of RAN 55 elasticity N/A No
. Minimum footprint, graceful
Elastic RAN scheduling 6.1 Compl_Jtatlonal degradation, rescuability, cost | No
elasticity ha
efficiency
Elastic rank control for Computational Minimum footprln'g, reliability,
) 6.2 P graceful degradation, No
higher order MIMO elasticity - -
rescuability, cost efficiency
Computational elasticity Computational | Graceful degrdation, cost
7.2 P - No
demonstrator elasticity efficiency
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2 The costefficiency potential of resource elasticity

Before diving into technical details, we start this deliverable with a teeboonanic analysis of
elasticity that serves as motivation for the body of technical Wordzeason is that thain motivation
behind resource elasticity, ilmdeed,economic:an elastic network behaviour allows fanuch better
resource utilisation. In thishapterwe put the cost efficiencies of resource elasticity into perspective in
a realistic case study as follows:

1 We map the three dimensions of elasticity to equipment and quantify the relative contributions
of these equipment sets to the overall netvoordt to indicate the range of cost improvements.

1 We consider a temporary demand hotspot scenario based around a cruise ship terminal and how
elasticity might enable new deployment models there that would make scenarios like this more
commercially attractie for service providers.

2.1 Mapping elasticity to equipment and their contribution to overall network
cost

Figure2-1illustrates at a high level the key differences in equipment sets and the dimensioning of these
whenmoving from t oday 6RAN)detveotks towandd vértdalisédAaMthitgctDres.

Under DRAN deployments the processing of the RAN protocol stack is implemented in a base station
with dedicated hardware that is-lmrated with the antenna and R®rit end equipment elements on

the antenna site. This means that the base station hardware needs to be dimensioned for the peak demand
of the individual antenna site that it is serving.

Existing macrocell D-RAN
( ¢ ) ) site with dedicated
basestation dimensioned ( ¢ ) )
for the peak demand of a
single macrocell site.

Core
network Edge Core
P cloud site network
ey

1 TEY)

()

C-RAN network with RAN processing
centralised at an edge cloud site. This edge
(‘ ) (( ’) cloud site could be a data centre in a fixed
telecoms exchange for example. Processing
at this edge cloud site should be less than 3
times the maximum processing requirement
of each of the 3 macrocell antenna sites that
it supports if the peak demand of each
antenna site does not align in time

Figure 2-1: Compaiison between the equipment elemebetween BRAN and static virtualised €
RAN networks

In the virtualised scenario on the rigitle of Figure 2-1 we consider the most extreme case of a
cloudified RAN (GRAN) architecture whereach antenna site only contains the antenna and RF front

end equipment and then is connected via a fibre fronthaul link supporting Common Public Radio
Interface (CPRI) to an edge cloud site data centre. This is where the RAN protocol stack processing is
then implemented on general purpose processors rather than dedicated hardware (as was used in the D
RAN case). ldeally, centralising the processing of multiple antenna sites (either in an edge cloud site as
in this example or more centrally in a centralucly will take advantage of any diversity in the traffic

of the antenna sites feeding into it. However, edge cloud sites need to be located locally (to within a
few 10s of kilometres) to the antenna sites that they serve due to:

i End to end latency constnés of some challenging low latency applications like VR or
automated control of machinery.

1 Meeting CPRI latency requirements if the PHY layer is to be virtualised. Note that the PHY
processing is the main contributor to processing requirements in tNepRAocol stack and
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hence is virtualised in our example case to explore the maximum potential of virtualisation and
following on from this elasticity.
Due to this requirement for edge cloud sites to be local, the diversity across the antenna sites feeding
into any one site might be limited which will in turn limit any gains from centralising the processing
under a static virtualised architecture.
Elastic virtualised networks go a step further than static virtualised networks by providing the
opportunity tobenefit from centralised processing due to the diversity in when and where wireless
services are consumed whilst also respecting the need for some processing to be done at a localised edge
cloud level. Figure 2-2 shows, at a high level, how the three dimensions of elasticity discussed
throughout this report can assist in scenarios where traffic diversity generates spatial hotspots of demand

at a particular time of day.

( ¢ ) ) ( ¢ ) ) 3. Elastic cross-slice
orchestration - There will be
some spatial and temporal
diversity to eMBB traffic but

the more services added the
L . more potential for diversity

Quiet and utilising processing more
c area efficiently via cross-slice
ore resource allocation
networl ( ‘ ’ )
(¢
N -

Edge
cloud site

))

2. Elastic intra-slice
orchestration - In

peak load conditions - D o g

can move some of the |- VNF elasticity - Can ~femed —

network functions for S elastic VNF de‘as@‘n ( ¢ ) )

the heavily loaded o free up processing in

antenna sites to utilise ﬁ:ge’;gga:s';ég;;if Quiet

f o

fiee processingn By available at this area
time of day

Figure 2-2: lllustration of where the three dimensions of elasticity impaxjuipment in the network

In this scenario elasticity in the VNFs can help by gracefully degrading the performance in the hotspot
area in return for reducing the level of oymovisioning needed in the edge cloud site most local to the
temporary demand hotspot. This form of elasticity might also be used in areas where cells are not already
heavily utilising the available spectrum to increase spectrum utilisation in returineéong up
processing resources. These freapdprocessing resources can then be used to host some of the NFs of
the slices in the more heavily loaded areas via elasticsho@orchestration. This means that the edge
cloud site most local to the ants sites in the hot spot area no longer needs to beuowasioned for

this high but temporary load condition if it coincides with a time when neighbouring edge cloud sites
are less busy. This assumes that edge cloud sites are connected to one antbtéheame fibre ring

and that traffic from antenna sites can be routed between them. This would be the case for many fixed
telecoms exchanges today making these good candidates for edge cloud data centres. Finally, cross
slice orchestration of resourcean similarly take advantage of traffic diversity between services to
reduce oveprovisioning of processing.

Within work package 6, which examines verification and validation eMaBlArch, a case study area

has been defined based on the Hamburg sedgstived $GM-D51]. The study area is shownkigure

2-3 with its assumed existing infrastructure in terms of antenna and edge cloud sites being as shown in
Figure 2-4. The ede cloud sites have been selected to be representative of existing fixed telecoms
exchanges in the area which could be used as edge cloud data centres. These have also been selected to
ensure they are close enough to the most local antenna sites $w tirahthaul latency via fibre to
connect to these would be well within the 250 ps required for a CPRI interface.

Versionl.0 Pagel8of 153



5G-MoNArch (761445) D4.2Final design and evaluation of resource elasticity framework

Hamburg

" Hamburg®

2. -

&
-

CNéugraben-Fl%

[/ lr
(_‘.“ W 1 P
©,2009 GeoBasis-DEBKG Hagpurg 4 \~Google

\

Figure 2-4: Assumed starting infrastructure in the study aréaantenna sites on left (pink markers)
and edge cloud sites on right (red dots)

Considering the regular day to day eMBB demand generated by residents and commutersudythis s
area we are unlikely to see diversity in when the peak demand occurs across the different parts of the
selected study area as these will be driven by peak commute times in all areas. In this case the impact
of elastic intraslice and crosslice orchstration will be limited but there may be a role for elastic VNF
functions to help reduce owerovisioning of processing resources in the network if some graceful
degradation of performance can be accommodated in these peak demand times.

Figure 2-5 presents a preliminary result for the cost components of running and evolving the existing
mobile infrastructure in the study area over the time period 2020 to 2030 to accommodate growing
eMBB demand over this period.hik result reflects the eMBB baseline scenario as detailed in the latest
deliverable of work package 6M-D62] and using the equipment element cost assumptions as used

in 5G NORMA BGN-D2.3] but modified to reflect a Hamburg as opposed to London sefthgychart

on the left ofFigure 2-5 shows that the edge cloud site costs, which stand to be impacted by any
reductions to oveprovisioning of processing due to elasticity, make up approximately 16% the total
costof ownership of the network over this-Y&ar period. The chart on the right shows a further
breakdown of the cost elements making up these edge cloud site costs with large CAPEX items for the
installation of new servers and cabinets over time directpasted by reductions in the volume of
processing needed due to elasticity. OPEX items such as the equipment room floor space rent and utility
charges, which will be proportional to the volume of cabinets required in the edge cloud site will also
be reducd by elasticity. In the case of the largest OPEX item likely to be associated with edge cloud
sites of licensing and maintenance it depends on the licensing model applied to VNFs as to whether
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these will scale with the volume of processing needed or tledydrased on the volume and bandwidth

of antenna sites supported. Edge c¢cloud OPEX it ¢
visits to the edge cloud sites for site maintenance, audits and upgrades. These scale with the number of
sites and hace are not expected to be impacted by elasticity.

Contributors to the total cost of ownership for Contributors to the edge cloud site costs
antenna sites and edge cloud sites

15%

5%

W

22%

Edge cloud costs
impacted by elasticity
0%
1%

1%
® OPEX - cahinet rent and utilities OPEX - operating overhead

'Macrocell CAPEX' ® 'Macrocell OPEX'  w 'Small cell CAPEX' OPEX - Licensing and maintenance = OPEX - site transmission

'Small cell OPEX' 'Edge cloud CAPEX' = 'Edge cloud OPEX' = CAPEX - servers = CAPEX - cabinets

Figure 2-5: Indicative contribution of cost elements in the network cést the Hamburg study area
to serve eMBB demand from 2020 to 2030 and opportyfoir resource elasticity

To explore the potential gains of the other two dimensions of elasticity further we consider a scenario
within the study area where demand hotspots are only generated for a short period of time and at times
not necessarily cori@ed with the mainstream eMBB services that in busy city centres will generally
follow commute times

2.2 Using elasticity to make temporary demand hotspots commercially viable

Hamburg contains three cruise ship terminals. Cruise ships arrive at theselsewitimany one ship

carrying up to 4,300 passengers. The largest cruise ships typically arrive on a Saturday and early in the
morning between 06:30 and 07:30 when the regular eMBB demand in the city centre is still building up.

As shown inFigure2-6, one of the cruise ship terminals, Steinwerder, is located in the industrial area
south of the river where the residential population is approximately 3,000 people. While this area will
see some uplift to this residential populatiamidg the daytime due to commuters and other visitors to

the city, the arrival of 4,300 passengers plus approximately 1500 staff from the one of the larger cruise
ships arriving at the cruise ship terminal will still represent a significant increase anddor the

mobile network to cope with in the area.

Addressing this demand hotspot around the cruise ship terminal would require additional mobile
infrastructur e. However , this invest ment usi ng t
there wil be limited opportunities for a mobile service provider to earn extra revenues from the cruise
ship passengers. For this reason, many demand hotspots and their surrounding areas experience a poor
mobil e experience on t od atsliogtermuoplifts ih esernappgeavimth& s wh e
area. Elastic intralice and crosslice orchestration could potentially help to limit oygovisioning of
processing in the edge cloud sites south of the river by moving NFs to make use of the largengrocessi

in the edge cloud sites on the more highly populated north side of the river which will not be fully
utilised at the time when the cruise ship arrives.

While this will reduce the cost of the processing needed to address the demand hotspot thdre will sti

be additional antenna sites needed around the cruise ship terminal. The cost of these extra antenna sites
to the mobile network operator needs to be minimised if serving demand hotspots like this cruise ship
terminal are to become a scenario that isrmencially attractive.
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City centre north of the river witl w— o _ o
approx. 150k residential populatic

Steinwerder HPA managed cruise sl
terminal with ships of up to 4,30
passengers arriving typically early ¢
a Saturday morning when city eMB
demand is not yteat its peak

Industrial HPA area south of the rivi
with approx. 3k residential populatic

Figure 2-6: Hamburg study area with demand hotspot from Steinwerder cruise ship terminal

To get the full pictue of the commercial benefits of elasticity it is therefore particularly important to
look at the deployment and ownership options that virtualisation and elasticity enable. The upper part
of Figure 2-7 shows how unelr t o eRAN rietsvorks the mobile service provider would have to
invest in infrastructure around the cruise ship terminal which will only be used occasionally. The lower
part ofFigure2-7 shows a different depjonent scenario where a thipdrty neutral host provider might,

under contract from the port authority, provide remote radio head antenna sites around the Steinwerder
cruise ship terminal. The port authority themselves could then connect these usiegistieiy dark

fibre ring in the port area back to a local fixed telecoms exchange. Local fixed telecoms exchanges
would be ideal locations for the edge cloud sites hosting data centres for the mobile service provider to
use for the processing for theirsaunding macrocell network. If this was the case, then the processing

at the most local fixed telecoms exchange could be used via elasticity in association with the processing
at other neighbouring edge cloud sites to serve the demand hotspot. Usideptbyment model the

mobile service provider would not need to invest in guevisioning the processing in the most local

edge cloud site to deal with the cruise ship terminal demand hotspot. Also, due to the infrastructure
ownership model proposedaite possible by virtualisation in the network, the risk of investing in costly
antenna sites to serve the cruise ship terminal would also be removed from the mobile service provider
making serving this demand hotspot much more commercially attractive.

Existing
’ ) macrocell D-
RAN site

00 (ed3) wobite (¢
operator

investment in

smallcells

Legacy (R o Core
deployment £ 57 network

3rd party neutral host
managing remote raldio Mobile operators
head |I|?e antenna site; (1 3’ “ ’, !'nacrocella_ntenna sites
at terminal in surrounding area ( ‘

Elastic deployment
with 5G MoNArch

HPA dark fibre ring with
connectivity to local fixed
telecoms exchange whichis also
the edge cloud site location

Local edge cloud site with ability to
dynamically offload to neighbouring
edge cloud sites or more centrally

Central cloud and
core network

Figure 2-7: Elastic deployment model for serving temporary demand hotspatbled byb6G-
MoNArch
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To illustrate the benefits of elasticity in hotspot locations proposed here we analyse the costs associated
with a virtualised small cell deployment to serve an example demand hotspot as would be found at the
Steinwerder cruise ship terminal in Hamburg and the impact of elasticity on these. We do this for the
cases of:

1 An MNO driven deployment
1 Neutral host driven@ployments

2.2.1 Hotspot cost reductions from elasticity in an MNO driven deployment

We consider a scenario where a dedicated small cell network is deployed to serve the additional demand

coming from the passengers arriving on of the larger cruise ships visiérgteinwerder cruise ship

terminal in Hamburg. We make the following key assumptions in the analysis:

1 Theproportion of daily eMBB traffic consumed in the busy hourat the cruise ship terminal

is 25%. This is a higher proportion of daily traffic thapitally dimensioned for on cellular
networks to allow for all passengers and the crew members being likely to use their data services
once they arrive at the cruise ship terminal to plan the rest of the day and generally sync up their
mobile devices havinigad limited connectivity whilst on board the ship. Depending on the route
taken, there may be some mobile connectivity to cruise ships from the macrocell network when
the cruise ship is travelling close to shore but assume that this is intermittemhiaadi li

1 The maximum number of small cells (SCsh the area is 50. The area of the terminal building
and the carpark is approximately 12600 At a maximum of 50 small cells being permitted in
this area this implies a minimum Inter Site Distance (ISEB0afh. Due to interference between
cells and availability of street furniture we assume that a higher density of small cells is not
practical in this space.

1 Thevolume of mobile userdgs approximately 5,800 when a large cruise ship arrives. This is
madeup of up to 4,300 passengers and 1,500 staff. This is in line with information received
from discussions with stakeholders involved with the Steinwerder cruise ship terminal in
Hamburg.

We consider three (low, medium and high) demand scenarios as bletswn The demand profiles
were based on the Cisco VNI forecast data for Germany [Cis17] and extrapolated based on the demand
growth scenarios under consideration by work package 6 -&f&6iGArch.

Average capacity needed during the BH when a large
cruise ship arrives.

3500
3000

e
% 1500
g 1000
(]
500 I I I
0 [ | [ | I I

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Low demand Medium demand W High demand

Figure 2-8: Demand scenarios considered at the cruise ship terminal

To evaluate the benefits of elasticity, we consider a traditional deployment scenario where an MNO
deploys a small cell network using their own spectrum. We assumed a 33% market share peg. MNO
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the market share is equally distributed among three MNOs. Therefore, the available spectrum and the
demand is equally distributed among three MNOs with each having 20MHz of spectrum in the low
frequency band (i.e1.8 GHz, 2.1 GHz and 2.6 GHz speech bands) and 60MHz of spectrum in the
medium frequency band (covering carriers around 3.5GHz) available for their small cell layer of their
network. We assume that the MNO uses virtualised small cells consisting of RRHs on the antenna site
andbase stabn processing being done in a separate data centre location.

The capacity per small cell for the different available frequency bands in each year is shown in the graph
below. The maximum capacity per small cell is calculated from the available bandanttnna
configurations and spectrum efficiency of the SC in each year.
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2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

= aximum capacity from low frequency band SCs

=—Maximum capacity from medium frequency band SCs

Figure 2-9: Calculated capacity per small cell over time

We make the following assumptions when costing the small cell networ& ettuise ship terminal:

1 Fronthaul connectivity related assumptions: The demand hotspot is inside and in the vicinity of
the main terminal building which covers the indoor and the outdoor area around the main
terminal building. Therefore, we assume thaingle 100 Gbps fronthaul connection into the
main terminal building is sufficient to carry all traffic generated by the small cell network
serving the cruise ship terminal area. The SCs that are deployed outside the terminal building
are likely to be conrated with a small cell aggregation site located at the terminal building via
a maximum otwo wireless hop sites. We assume that 50% of the small cells are located outside
the main terminal building and requisgo wireless hops.

1 Deployment process: NewCS can be deployed each year if needed to meet the increasing
demand. For practical reasons, the number of SC sites that can be deployed is limited. The SCs
initially deployed were assumed to be using low frequency spectrum. If the demand cannot be
servedwith the low frequency spectrum, the model uses the medium frequency band spectrum,
collocated with the low frequency band SCs. Once a SC is deployed it is assumed to operate for
five years. If the total capacity of the fronthaul is sufficient to serdédriaom both low and
medium frequency SCs, a single fronthaul connection is assumed to be sufficient for the site.

1 Lifetime and upgrades at the end of the lifetime: SCs and servers are assumed tbveave a
year lifetime. SCs and servers are replacethatend of their lifetime. Note that the SC
technology (e.g. the bandwidth processed and the MIMO order) evolves over the time. When
replacing SCs, we assume that the SCs with the latest technology are deployed. This will enable
extra capacity to be semvérom the new SCs if the technology has improved at the time of the
replacement. However, we assume that SCs are replaced only at the end of their life time.
Therefore, at the time of the replacement, there could be a combination of legacy SCs and
advancd SCs in operation in the network.
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1 Cost elements:
0 SC cost: We assume that the antenna and RF front end costs increase with the bandwidth
and MIMO order and are as described in deliverable D2.3 of 5G NOFRIGAHD23]
with conversion to allow for the changéstudy area applied.

0 Edge cloud cost: We assume that the processing for small cells is accommodated on an
existing edge cloud site serving the main macrocell network but is dimensioned for in
addition to the processing already installed for the madrdeedy hour network
loading.

The number of SCs required to serve the three demand scenarios modelled using MNO spectrum under
the MNO driven deployment case is shown in the figure below.

Number of SCs required to serve the medium demand
40

35
30
25
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15

Number of SCs
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5 |
NN NN

2020 2021 2022 2023 2024 2025 2026 2027 2028 2029 2030

Figure 2-10: Number of small cells required to serve the cruise ship termihatspot over time

The number of cores utilised and spare cores available from the macrocell network at the four different
edge cloud site locations assumed across the study area and at tthenpaadt times for the city centre

vs. the cruise ship terminal are shownFigure 2-11. The spare cores available from the macrocell
network varies between 11 to 19 during the weekday evening rush hour and 9&ltoiagSaturday
mornings when the large cruise ships arrive. The total number of cores required to process the traffic
from small <cells during the cruise ship terminal
the cores available from timeacrocell network across all 4 edge cloud sites (i.e. 658 cores) are sufficient

to process the traffic from the cruise ship terminal SCs (i.e.170 cores).

We calculate the Total Cost of Ownership (TCO) over a period of 11 years (i.e. from 2020 to 2030
inclusive) to assess the benefits of elasticity. The TCO of the small cell network required to serve the
cruise ship terminals peak demand is showirigure 2-12. It shows that cost savings of 25% are
possible in the edium demand case if creskce elasticity is enabled to make use of processing
resources available in the existing Steinwerder edge cloud site already deployed for the wide area
macrocell network compared to the no elasticity case. Our analysis alse thiava further 13% (total

of 38%) of cost savings is possible if the spare resources from all four edge cloud sites already deployed
for the wide area macrocell network across the entire study area are used for the small cell network. This
would be the ase if intraslice elasticity mechanisms were applied. In this case the spare resources from
the four edge cloud sites in the study area during the times when the large cruise ships typically arrive
can process all traffic from the SC network for the meddemand case without requiring additional
dedicated servers.
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Figure 2-11: Number of cores used by macrocell/small cell netwoakel spare cores available at
different locations
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Figure 2-12 20202030 total cost of ownership for the small cell netwadkthe cruise ship terminal
with and without elasticity

We also note that the benefit of elasticity gets less as the demand increases. This coutd becdue
reasons. Firstly, with higher demand it is more difficult to absorb all the processing required by the SC
network in the spare resources of the macro cell network. For instance, with elasticity applied solely at
the Steinwerder edge cloud site, e fow demand case the spare cores from the macrocell network can
process all the processing required by the SC network, but in the medium and high demand case the SC
network requires additional processing.

Secondly, as demand gets higher it appearsitb@ntenna site costs become more significant compared

with the edge cloud site costs. For example, in the case of applyinglingeelasticity to utilise
resources across dlur edge cloud sites, all of the processing required for the small celbriets

absorbed in allhreedemand scenarios and the additional edge cloud site costs related to the small cell
network reduced taero,but the percentage benefit goes from 48% to 33% between the low and high
demand cases. This shows that; (a) the eltgel site costs get an economy of scale effect better than

the antenna site costs and (b) for radio sites the number of SCs required (and the cost) increases almost
proportionally with the demand.
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We observe a trend of elasticity having more or less étndapending on the type and scale of
deployment that it is applied to. We also see that how significant the antenna site costs are compared
with the edge cloud site costs in the total cost of ownership of the network impacts the benefit that can
be anticpated from elasticity with small cell hotspots being a good example of where edge cloud site
costs vs. antenna site costs become more significant compared with bigger macrocell sites with larger
associated site rentals, site civil works etc.

2.2.2 Elasticity making emerging deployment models for hotspots more
attractive

As discussed earlier, while elasticity can reduce the processing costs associated with virtualised hotspot
deployments, they do not reduce the antenna site costs which tend to be the morandigaifiponent

of the hotspot network cost and remaining barrier to mobile service providers addressing temporary
demand hotspots. We next examine two potential neutral host deployment models for hotspot scenarios
which would help to reduce the risk of gsting in antenna site equipment at hotpots for mobile service
providers. When these are combined with the ability of elasticity to reduce the processing costs of
connecting to such systems, these deployment models, while already available today, bemme m
commercially attractive and less risky for providing better quality of service in hotspot locations. Two
neutral host scenarios are considered:

1 Neutral host deployment with MNO spectrum: In this scenario we assume that the neutral
host has made antagment with all MNOs to access their spectrum for the SC network.

1 Neutral host deployment with localised spectrumin contrast, in this case we assume that an

amount of localised dedicated spectrum is available for a neutral host to provide serviees. Not
that although we assume that 100 MHz of spectrum is available for SC deployment from 2017,
SC products with 100 MHz may not be available for some time. Therefore, we assume a gradual
increase in the SC bandwidth up to 100MHz over time for our analysis.

Note that neutral host cost savings compared with MNO driven deployments are assumed to be coming

from sharing of antenna sites and concessions in access to street furniture and fibre due to partnership

agreements between the neutral host provider andtise ship terminal landlord. We note that the

HPA already has fibre connectivity at the Steinwerder cruise ship terminal building and so it is feasible

that this might be offered to a neutral host deployment in some form of partnership agreementeo remov

the cost of installing a separate fibre connection for the small cell network at the terminal building.

The amount of spectrum used for each scenario in each year is shegure®-13.
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Figure 2-13: Assumed spectrum availability between the deployment scenarios considered
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A comparison of the TCO per MNO for these two neutral host scenarios and the traditional MNO
deployment (as covered in the previous secti@ghbwn irFigure 2-14. As shown, when the elasticity

is not applied, the neutral host with localised spectrum deployment model delivers 31% cost savings
compared to the traditional MNO deployment using MNO spectiurfurther 9% cost saving is
possible if the neutral host uses all MNOs spectrum. Note that the amount of localised spectrum is
smaller than the total MNO spectrum and that a lower amount of spectrum requires a higher number of
small cells to be deployed tmeet the demand at the hotspot. This results in a higher deployment cost
for the radio sites in the localised spectrum case. In both cases the cost savings under the neutral host
deployment models are driven by reductions in the antenna site costatasiswith the demand hotspot
with antenna site costs reducing from approxi mat
the deployment cases. However, the edge cloud site costs when elasticity is not applied remain
significant under the neutralost deployment models proposed which is a commercial barrier to the
uptake of such models and hence serving demand hotspots. Applying elasticity reduces this now
significant edge cloud site cost component of the hotspot radio access network cost.
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Figure 2-14: Comparison of the 202@030 total cost of ownership of the small cefitwork to serve
the cruise ship hotspot under different deployment models and levels of elasticity

Our analysis clearly showld range of cost efficiency benefits of adopting elasticity. Although for this
example we selected a temporary demand hotspot in the form of a cruise ship terminal near a port city,
this principal is equally applicable to other demand hotspot cases \ahgeeblut temporary uplifts in
localised traffic are experienced such as football stadiums and other similar locations.
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3 Intelligent elastic architecture

In this chapterwe present the fundamentals of our proposed intelligent and elastic architecture. The
architectural design has been carried out in tight collaboration with other parts of-tifeNdSch

project, and its outcomémve impacted standardtfon bodies such as ETSI E{dkeSection 3.3 This
chapterof the deliverable is organised as followsSection 3.1 we describe an architectural framework

for intelligent and elastic resource management and orchestration, highlighting the role of Al and the
relevant architectural components. Section 3.2 provides an overview otothelete project
architecture, pointing to the relevant layers where elasticity resides. Section 3.3 provides further
architectural details by specifying the MSCs representing the exchange of information among relevant
elasticity architectural modules to implement elasticity hie hetwork across its three different
dimensionsSection3.4 reviews the ETSI ENI system and presents the details of a use case on elastic
management and orchestration of networks proposed byl@EArch and approved at the above
mentioned SDOFinally, Setion 3.5 overviews the type of elasticity mechanisms proposed in this
project (whether Abased or not) anitheir placement in the architecture.

3.1 An architectural framework for intelligent and elastic resource
management and orchestration

The novel architeture paradigm imposed by 5G cellular networks requires new solutions to exploit its
inherent flexibility. In this section, we present a framework for the application of the mechanisms to
exploit the concept of resource elasticity, which is a key megmetide an efficient management and
orchestration of the computational resources of virtualised and cloudified networks. Elasticity can thus
benefit from the employment of Al techniques, which would allow optimised decisions to be made based
on real data.

Three different sets of elasticity mechanisms can be differentiated, each of them addressing a specific
challenge in the overall use case context:

1 The computational aspects of network functions have not been considered in their original
design, hence compationally elastic VNFs can be redesigned to account for those in their
operation.

1 Flexible mechanisms for orchestration and placement of VNFs across central and edge clouds
should be designed, considering source and destination hosts resources, nigsasiand
service requirements. In particular, latency requirements are a key driver for placement of VNFs
at the edge.

1 Slicing multiplexing gains due to the sharing of the infrastructure and physical resources need
to be fully exploited. Moreover, an @ffent network management has to capitalise on the
possibility of sharing and resing the same virtual resources for network slices with similar or
identical requirements and shared VNFs.

The combination of the elements listed above yields an elastigrcesmanagement and orchestration
framework for the network. It increases its flexibility by allowing a very efficient utilisation of the
resources that gracefully adapts its behaviour to the load and the available resources at every time.
Furthermore, netorks and network slices get currently odimensioned in their computational
capabilities for cases of peak load. The elastic resource management and orchestration that we propose,
enables a more autonomous and intelligent-dietensioning of the netwky along with a smart
redistribution of the computational resources. In the rest of the section, we outline the main details of a
use case for the application of the elasticity framework introduced so far. We describe a way of
interacting betweean Al engne in charge of Abased computatiorand other network management

and orchestration architectural elements, specifying the advantages that this cooperation can bring and
the roles and tasks of the involved entities of the sysié.description of thenvolved architectural
components is provided in the next subsection.
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3.1.1 The role of Al in the architecture

Al may play an important role as a tool to enhance the performance of elasticity algorithms. Prominent
examples of performand®oosting capabilities thaould be provided by and Al engine such as the ENI
one are the following:

1 Speeding the service deployment process by realising dragdd, automatic, accurate, and
reliable mapping from service requests to network slice instantiations.

9 Identificationof similarities (in terms of requirements or shared VNFs) across slices to facilitate
resource sharing, thus increasing the system resource utilisation efficiency.

1 Learning and profiling the computational utilisation patterns of VNFs, thus relating
perfomance and resource availability.

9 Traffic prediction modelling for proactive resource allocation and relocation.

T Optimised VNF migration using multiple resource utilisation data (CPU, RAM, storage,
bandwidth).

T Optimised elastic resource provisioning towatk slices based on data analytics.

3.1.2 Actors and roles

The Aassi sted HAelasticd network management and or
elasticity of the whole network infrastructure that providesterehd services through network slicing

However, this predisposition can be achieved with the standard 3GPP and ETSI NFV architecture, where
management and orchestration functionalities of several architectural elements would be enhanced with
elastic capabilities. In particular, the followirements play an active role in the current use case:

1 Management and Orchestration Systens domposed of the functions from different network,
technology, and administration domains (such as 3GPP public mobile network management,
ETSI ISG NFV Orches#ition) that manage network slices and related communications services
across multiple management and orchestration domains in a seamless manner.

T NSMF: it is part of the Management and Orchestration System, e.g. 3GPP public mobile
network management [3GPR28530], or it is an external entity in systems compliant with
ETSI ISG NFV Orchestration [ETSI4F12]. NSMF would use Al to extend the 3GPP
NSMF/NSSMF functionalities, in order to support the elastic islice (or crosslomain)
orchestration and the slic crossslice orchestration. The former deals with the orchestration
of the different VNFs part of the same slice across multiple domains, while the latter addresses
the joint orchestration of the multiple slices deployed on a common architecture S\Mie N
also includes functions related to performance monitoring, measurement, and alarm. It is also
in charge of defining and instantiating elastic slices, creating first the slice blueprint based on
the servicaelated resource requirements and then defitie appropriated Network Slice
Instance (NSI).

i Elastic Slice: a set of VNFs and the associated resources to support a mobile service with elastic
(nonstringent) requirements that admit graceful performance degradation. This allows e.g.,
more flexibility in the allocation of resources and in the deployment of the associated VNFs.

1 Elastic VNFs: they can be @)designed with elastic principles in mind such that the
computational resources available for its execution are taken into account, or its temganal
spatial interdependencies with other VNFs are mitigated.

1 Al engine: system solution that provides a set of Al methods (e.g. supervised/unsupervised and
reinforcement learning schemes) to the Elastic Network Slice Management Function.

In the following, we describe the elastic architectural design and possible message sequence charts that
enable elasticity as described in [5&D41], based on the considerations described above in this section.

3.2 Architecture overview

As detailed in [5GMD22], the desig of the 5GMoNArch overall architecture considers the
requirements from the pr éPPRRhdsélbaswell @asthed®Cs es, r e s
requirements initially defined in [NGMN15].
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Figure 3-1 depicts the four fundamental lars of the architecture. For each of these layers, there
are a set of architectural elements that deliwv

functional elements, their responsibilities, the interfaces exposed, and the interactions between
them.Key features of this architecture are: (i) E2E slicing support across different technological,
network, and administrative domains, (ii) a ServiBased Architecture (SBA) for Core Network
(CN) NFs, and (iii) split of control plane and user plane (CP/UR)dthe resulting impact on CN

and Access Network (AN) functions. Furthermore, the architecture relies on already existing

architecture components, e.g., from 3GPP or ETSI NFV, shown in

Figure 3-1. Most of the contributions in thideliverable are included in the M&O layer, especially in
the Cross Slice M&O as part of the NSMF. Also, many of the enablers listed in this document leverage
on the Big Data Analytics module.

tions & Services

Service
layer

Decision Policies

o3
R CSMF

£ 2 g8 =~
S 250

=
:2: s 87 g Cross-domain ~ NSMF Cross-slice
2 NEE~ M&O M&O
= oo =
= =0
QO =
2z =
£ @ @ | SNMP Manager S g = E 5]
s < £ 5[om] ig 25
= g3 L 2 Manager ® g t o
s e CF g 5[ em | g= g5
= B g2 s £z

[ [
MOLIT
T ‘ XSC Control Applications
S S | NBI
E ) XSC
8 1
1SoBI 1S0BI
T

Itf-X

Network
layer

Cross-Slice NFs (XNFs) Intra-Slice NFs (INFs)

Baseline Al ecture || 5G-MoNArch NFs | Intra-slice functions Cross-slice functions

Requirements Requirements Service. Service. Service. Analytics
Translation Update Allocation Activation

Cross-Domain M&O Cross-Slice M&O

S. Blueprint S. Allocation S. Configuration
Cross Slice Requirements CRESSE SOt D
SOM i i Slice-: & Orche
= SO0 vercaion ke v 8 s
Decomposition

Computational & Orchestration

Driven Elasticity Cross Subnet Requirements W security & Resilience
Job Monitoring

Security & Resilience Management

E2E Service Management & Orchestration (M&O)

Management & Orchestration
layer

NSD Creation S. S. Allocation S.S. S. S. Activation
Configuration So
S. S. SOMO ! g VNFManager VIM
Computational, Slice-aware & SN 55 NRVO
Orchestration Driven Elasticity . Performance O itoril =
Securly & Resil W Measurement Job _ m
ecurity & Resilience
[ _|

Management

Network Slice Subnet
Management
Virtualization

Figure 3-1: 5G-MoNArch overall functional architecture(top), close up on the M&O Layer
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Versionl.0 Page30of 153



5G-MoNArch (761445) D4.2Final design and evaluation of resource elasticity framework

3.3 Interfaces andmessage sequence chaesabling elasticity

The need for an intelligent management and orchestration architecture is mandated by tke expec
increased complexity that future medrvice and mukienant networks will pose. That is, the
management burden for a single network is now multiplied by the increased number of network slices
in the system. The objective of the architectural wonketasticity is to adapt the overall project
architecture ofigure3-1 to embrace the elasticity concepts. Furthermore, as discussed iRDAGM

the elastic algorithms tackle the elasticity problem along three dimensions: wueknitnction level,

the computational elasticity, the orchestration driven elasticity and theaglme elasticity. In [5GM

D41] we discussed on the higgavel interaction across the different categories of algorithms, viich
visualisedata high levéin Figure3-2.

1
| .
Multi-slice 1 Sngle slice
awareness | Optimization

Hastic Qoss-slice
Orchestration

Hastic Intra-slice
Orchestration

Network
Orchestration

Network
Control

VNFelagticity

Figure 3-2: High level interactions across elastic modules

In the following we dive deeper into the elasticity impact on relevant interfaces of the overall 5G
MoNArch architecture byletaiing the MSCsfor the elastic management of the network at the three
identified levels: computationabrchestratiordriven andslice-aware. We would like to remarn the

very high complementarity of the three elasticity ls\viow chart, as each one of them can be seen as
atrigger for the other, showing how the elasticity concept (although detailed at different level)sfeature
highly intertwined components.

3.3.1 Slice-aware elasticity

In this sectionwe provide a highevel desdption of the information exchange involved in the
mechanisms oflice-aware and orchestratiordriven elasticity with possible VNF migration and
relocation among different network nodes (ofroduction toSection 3.3). These mechanisms can be
triggeredby a few distinct kinds of events, which may be related to-iatrd inter slice processes and
management anaybe consequences of the implementation of other elasticity measures (computational
elasticity or sliceaware elasticity).

For sliceawareelastcity, we envision two possible triggers foreechestrationin a first caseKigure

3-3) a requirement chang@mesrom the management layer due é@., achange of QoS for the slice
requested by the tenarmh a secondtase(Figure 3-4) the trigger comes from the infrastructure itself,
througha network probe deployeith continuously assess the network performance.

In the first case, the Network Slice Instance Updateastgzomes from the Management System to the
MANO through the interface @gla-Nfvo. The new requiremengbased also on the statistics gathered
by the Big Data modulegre delivered torchestratioralgorithms such as the ones describe@limapter

5. Then, the rerchestration instructions (i.e., thelogation or scaling of a VNF) are then enforced to
the VIM through the OWVi interface. Finally, a feedback chain following the actual enforcement of the
policiesis backpropagated to the management system.
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Figure 3-3: Information flow in case of service requirements upddte crossslice VNF re
orchestration

In the second casaperformance alarm comes fronetimfrastructure and it is notified to the slice NFV
O that, in turn, notifies the Management system about the imminent netwan¢hesstration. Here, the
management system grants the need for@akestration back to the NFV MANO, which enforces it
following a message flow equal to the one for case 1.

Os-Ma-Nfvo Or-Vi D
\
Performance Or-Vi
1. Notification activation

2. Re-orchestration Request

3. Re-orchestration Grant

Sice-driven
elagticity
algorithms 4. Re-orchestration instructions 5. Enforcement Through Itf-X

6.0K- KO >

7. Feedback

Figure 3-4: Information flow in case of performance degradatidor crossslice VNF re-
orchestration

3.3.2 Orchestration-driven elasticity

In a similar way aslefined fordlice-awareelasticity inSection3.3.1, distinct reorchestration cases for
orchestratiordriven elasticity are identifiedAs a first example, consider a scenamoerea service is

already being provided to a temavia an instantiated network slice. The resources allocated for this
service depend on its requirements and we consider the case in which these requirements change with
respect tomexistingconfiguration(e.gdue t o a change Ingendrahthisimgiesant 6 s
that the previously assigned resourcesarenoresufficient to satisfy the service requirements or, vice

versa, that now the assigned resources are redundant afimessionedRe-orchestration is needed

in both caseseithernot to violate the new service constraints or to oisithe resource management.

The main architectural blocks and the interfaces involved in this process are defis&iD22],

[5GM-D41] anddepictedn Figure3-5; there-orchestrationcan be implemented thefollowing way:

1. The CSMF transfers a service requirement update to the N8Méh is in charge of network
slice blueprinting. The NSMF updates the blueprint of the alreaiying slices to take the new
requirements intaccount.

2. The new computational resource requirements specified in the updated blueprint are sent to the
NSSMF, which handles resource management and orchestration at a slice subnet level. Here,
the desired r@rchestration algorithms are run to estabtisé most suitable VNF migration
strategy The decision may be also based on the statistics available in the Big Data.Module
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3. Thereor chestration instructions el aborated at t
Os-Ma-Nfvo to the NFV MANO, whichtakes care of implementing them.
Notice that this flow of information almost fully coincides and can be straightforwardly adapted to the
case in which a new service is accepted into the system, instead of just being updated.

Big Data Module 0s-Ma-Nfvo
MDAS ]

1. Service requirement update

Blueprint
update

2. Resource requirement update

Orchestration-
driven
elasticity
algorithms

3. Re-orchestration instructions _

Figure 3-5: Information flow after update of service requiremenfgr VNF re-orchestration

A re-orchestration maglsobe necessary the requirements of a provided service do not change, but
their fulfilment is jeoparided by a cltangeof the network conditions under which the initial resource
assignment was performed. This may happen for various reasons: an increase in the overall network

wor k | oad, the worsening of radi o communhecati on
modification of the requirements of other services instantiated in the same slice and the consequent re
adjustment of thellocatedr e s our ces, the implementation of el a

inter-slice level, etc. All these possibilitieshich do not mutually exclude each other, may induce an
orchestratiordriven elastic reassignment of resourceBhe fow of information in such a scenari®
described in the following and depictedHigure3-6.

] Bl
E SoBI ':-j MoLl Big Data Module Os-Ma-Nfvo
s B |NBI 1 1 MDAS
*
| i !
1. (a): QoS/QoE
monitoring 1. (a): Re-orchestration request
1. (b): QoS/QoE 1. (c): Resource utilization monitoring
monitoring
Performance
alarm
activation

2. Resource requirement update

Orchestration-
driven
elasticity
algorithms

3. Re-orchestration decisions

Figure 3-6: Information flow in case of performance degradatidor VNF re-orchestration
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1 QoS/QoE monitoringndicatesa performance degradation that needs to be addressed. This can:
0 Happen at the network layer and trigge reorchestration request sent from the
controller layer to the NSMF via the MOLI interface.
0 Happen at the network layer and be detected by the E2E M&O by direct monitoring via
the ItEX interface.

0 Happen at the NFV MANO and be detected by the E2E M&@itect monitoring via
the OsMa-Nfvo interface.

1 The NSMF transfers to the concerned NSSMF a computational resource requirement update.
The NSSMF runs the orchestratidriven elasticity algorithms and establishes the most suitable
VNF migration strategyalso based on the statistics provided by the Big Data Module

1 Reorchestration instructions are finally sent to NFV MANO for implementation.

3.3.3 Computational elasticity

To enableéhe concept ofomputational elasticity in the overall 9@oNArch architecturét is necessary

to define additional message exchanges betweerntlidved functionalities Therefore,additional
signalling information is defined for the MOLI, 1§ and SoBI interface The VIM is responsible to
allocate computational resces during the orchestration process. Each VNF gets a maximum amount
of virtual CPU usage and memory based on a defined bluep@iM{D22]. During the runtime of the
system, the considered VNF needs to react on a possible instantaneous lack of aomaprgatiurces

with graceful degradation of the radio KPIs. Besides CN functional#isdR AN functionalities inside

the VNFs need to react in a fast manner. The event nebédsdaced tomuch fastethana triggered
re-orchestration process, potetigian the range of tens to hundreds of milliseconds. Therefore, two
major design principles are required to guarantee stable and reliable performance of the network. First,
the VNF needs to reatt the aforementioned instantaneous lack of computati@salurces. Second,

an additional entity needs to monitor the performance of the functionality of the VNFs. It needs to be
able to trigger events based on learning strategies to react a priori on instantaneous or permanent
resource degradation, which migbsult in radio performance degradation.

Based on the 5®1oNArch architecture two possible alternatives have been derived to enable
computational elasticity in the overall framewofte first alternative makes use of the control layer
specific I/XS contrder, defined inpGM-D22]. It is able to control the radio and computational resource
allocation in an overarchimgptimised manner between VNFElowever, computational elasticity could

be already enabled in existing network architectuash as in 3GPRel.15[3GPP1938407] based on
alternative 2 described in the following.

Figure 3-7 shows the first alternative, which includes communication between the VIM and the I/XS
Controller via the MOLLI interface. In this context the MOitlerface is used to trigger aoechestration

by the VIM. The overarching resource control function needs to identify a lack of computational
resources or a critical decreased radio itperform
computationaklastic design. The VIM and VNF communicate via theXlihterface to monitor the
consumed computational resources based on a larger time scale. The SoBI gives the opportunity to
exchange information between the functionalities of the VNFs and the avegicontrol functions

applied on the control layer. The resource control function needs to be aware of the functionality of each
VNF andthe corresponding radio performaraewell aghe consumed computational resourdése
following information exchage is therefore necessary to enable computational elasticity also for
smaller time scale reactions:

1. Each VNF reports a functional indicator which gives information about the functionality inside
the VNF. The VNF itself needs to be designed to react wherputtional resources are
exceeded, and the full support of functionalities can temporarily not be supported (e.g. max.
processing time in each TTI for the radio resource scheduling process is exceeded. The function
might react by reducing TBSs, MCSs anili the available amount of radio resources dependent
on a processing delay budgste alscChapterd)

2. The VNFs count how many times the computational resources were not sufficient to run with
full support of the functionalitycreates a report about thtistics and sends it with a certain
periodicity to the data base (e.g. average v&lséandard deviation for tens to hundreds of ms)
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3. (& 4): The resource control function makes use of the statistics and derives further actions and
triggers different evats. Either a policy is fed back to the function or the VIM is informed to
re-orchestrate computational resources to the considered VNFs.
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Figure 3-7: Message sequence chart formoputational elastic operations
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Alternative 2 is illustrated irFigure 3-8 and shows the possibility to apply the necessary procedure
without an additional control layer. Here the MOLI interface is redundant. Fdriterface isdefined

to consider computational resources and the performance of the functionality itself. As an alternative
approach the overarching resource control function and the data base could run in additional VNFs.
However, the intended procedure stays the sasie option 1.
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Figure 3-8: Alternative Message sequence chart for computational elastic operations
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3.4 The ETSI ENI engine

Motivated by the prominent role that Al is beginning taypin modern telecommunication systems,
5G-MoNArch has basethany ofits dasticity enablersn Al and ML techniqueas reporéd inChapter

4), thus contributing to the development of andhiven intelligent network. In this contexhe project

also deided to participate in the activities of tleperiential Network Intelligence (ENipdustry
specification group (ISG) recenttyeated b\eTSI[WFC+1§. At the beginning of 2019, ENlounted

more than 40 members and participants from worldwide renoacetkEmic institutions and industries.

ENI 6s goal i s Gaexperientgpandaddealue to the Teltomnovided services, by assisting
in decision making to deliver OPEX reduction and to enable 5G deployment with automation and
intelligence. In peicular, ENI aims to define aystemthat uses Al techniques and contemtare,
metadatadriven policies, to adjust offered services based on changes in user needs, environmental

conditions and busi nes sorignedecidea,c comitooldoop nbdel®I17EL o t he
ENI 6s system i s being conceived as-exmstingsystecthaspenden
a black box, without structural changes in the assisted systemor t hi s reason, ENI &s

and be beneficidtb 5GMo NAr ch6és architecture.

5G-MoNArch research activities perfectly fit with the goal set by .H¥E research carried out by WP4

in the context of network elasticity has been well accepted by this st@atlardgroup as aise case

for Erdhitedtige, because network slicing for 5G networks can serve as a prime example to
demonstrate the effectiveness of the ENI sysiaththebenefit to the operatorthatp er at or 6 s ben
it provides, especially around computational resources efficiencidg, pveserving the user requested

Service Level Agreement (SLAMoreover,5GMo Nar c hés At o uwdsacteptedasond y 0 t €
of E Mdofé afconrept 5G-MoNArch members are also contributing to the release 1 architecture

and will continue to docsin the release 2.

To date, ENI is defining a modularised system architecture. Having a modularised system architecture
will facilitate the flexibility and generalisation in the system design, as well as increase vendor
neutrality. A brief description of he E NI systembébs main functional |
[GPD+18 [WFC+18)):
1 The Policy Management module provides decisions to ensure that the operator goals and that
the broader system policies, goals and objectives are met.

1 The Contextaware Management module describes the state and environment in which a set of
the assisted system entities exists or has exiSlextext consists opossibly timevarying
measured and inferred knowleggentextaware management is used to continuously update
the context in which decisions are made. For example, an operator may have a business rule that
prevents 5G from a specific type of network slice in a given location.

1 The Situation Awareness module enables ENI to understand how information, events, and
recommended commands that it may provide to the assisted system, may impact its actions and
ability to meet its operational goalhis process is essentedpeciallyin environments where
poor decisions may lead to serious consequences (e.g., violation sf.SLA

1 The Cognition Management module operates at the higher level and enables ENI as a whole to
meet its endo-end goals. The purpose of this functional block is to enable the ENI system to
understand ingested data and information, as well as the cdmxiefines how those data
were produced; once that understanding is achieved, it evaluates the meaning of the data, and
determines if any actions should be taken to ensure that the goals and objectives of the system
will be met. The Cognition Framework fetional Block mimics some of the processes involved
in human decisiomaking to better comprehend the relevance and meaning of ingested data.

1 The Knowledge Management module is used to represent information about ENI and the
assisted system, differentiagi between known facts, axioms, and inferences. Knowledge
represents a set of patterns that can be used to explain, as well as predict, what has happened, is
happening, or will happen. Knowledge is more than just collecting data and information, since
merdy collecting information does not allow its integration and making decisions. Knowledge
enables the system to learn new information.

Moreover, he telco industry evolution towards standardisation of ML&&kisted networks requires
various industry consens, including grammar and syntax for service policy and associated Domain
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Specific Language (DSL), as well as ingestion format to foster ability to interact with the broad variety

of tools used for management and monitoring. A normalised format is reécplge to address the

difficulty to harmonise the state of the divergent infrastructure, due to use of silo specific tools e.g., per
comput e, net work and storage, and due to the v
capabilities and differertxposed API and varying degrees of ability to interact with ML/AI system like

ENI. It is therefore essential for ENI to define architecture components such as data ingestion and
nor mal i sation, to pr oV i-rdodulaainteractiomaeel asloatmresformiogr E N |
the external assisted system (e.g., a 3GPP/5G implementation) inputs to a format that is understood by
ENI.

Finally,yhe i nteraction and interoperability of ENI w
support of theENI Reference PointsSpecifically, for the use of compute resources elasticity and
efficiency,someelements, determined by relevant ENI Reference Points are n@égedefinition of

these Reference Points and the related interfaces is still in prdgimes®e.3-9 belowdepicts a possible

set of interfaces that connect t he hacrsgentdFVéd net \
I nformation all ows ENI to be aware of tCR4 compu
memory, data plane and accelerators) and availabilitys@itin level), while in turn this enables ENI

to influence and optimee placement decisions made by the VIM, while ensuring that 3GPP policies,
resources allocation and SLA are adhered tooredver, by using this information, ENI can further
optimiseresource utisaion by i) enabling higher density for a given set of workloads under associated

SLA, ii) anticipating and reacting to changing loads in different slices and assisting the &blding

resource conflicts, and/or iii) timely triggering of up/down scaling or infmatling of associated

resources.

(@)

Os-Ma
v
[ serr) [ ; ~N
CSMF
NSMF NFVO —
NSSMF
N I e-vnfm-em  Or-Vnfm !
| : t n ENI
. “T7 VNFM « >
(Controllers) . 1[
! I Ve-vnfm-vnf Vi-vnfm Or-Vi
VNFS / I ) )
PNF > VIM -~
NFVI NFVI
k ETSI )

Figure 3-9: Joint ETSI i 3GPPmanagement andrchestrationarchitecture

3.4.1 ETSI ENI use case:€elastic resource management and orchestration

In this section, we describe the contributions made in the context of resource elasticity to ETSI ENI.
They have been captured in the ENI use cases work item in the form of a new use cas&lastited
Resource Management and Orchestration

3.4.2 Initial context configuration

Consumef acing service descriptions are mapped to
blueprints, a running NSl is selected or created. Once the NSI deployed, the Al scherbesised to

predict network loads, estimate resource usages, and react accordingly by activating etsslice

(or intraslice) orchestratofunctionsin order to optirise the resource usage across slices and prevent

system faults.
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3.4.3 Triggering conditions

The ENlenginemay recommend or enforce the application of one or more algorithms for an elastic (re
)Jorchestration of resources when at least one of the following events happens:

1 A new service request arrives.

The resource requirements of a ndiaescannot be satisfied in the current system configuration.

The amount of resources allocated to shiee instance x ceeds a gi ven Aeffic
The requirements of running servigasepredicted tp change and become more stringent.

A risk of imminent resource shortage is detected.

= =4 -4 -

3.4.4 Operational flow of actions

During the slice setup process, the ENginemay be used first to define the slice blueprint; then, based

on the slice blueprint, to identify whether it exists one deployed NSI thaguggport the new service,

with a minimum amount of additional resources. Based on this, the resource required are allocated, the
slice is instantiated and managed during its lifecycle.

If there are not enough resources available prior to the slice iasiamtor an alarm notifies
congestions, the ENI System may be used to suppo

9 Elasticity solutions at the VNF level: VNF computational resource scaling and graceful
degradation of performance.

1 Elasticty solutions at the intralice level: migration of VNFs to different clouds, to create room
for other VNFs with tighter (latency or computational) requirements or enhance the performance
of the migrated VNFs.

9 Elasticity solutions at the crostice level crossslice resource management naximse
resource sharing araptimisethe resource utdation efficiency.
The three (families of) elasticity functions mentioned above can be jointly executed and are not mutually
exclusive. Nonetheless, in generalley act at different time scales and involve different hierarchical
elements of the network architecture (e.g. cam®ain or pedomain).

3.4.5 Postconditions

The elastic NSMF entails an improvement in the exploitation of the network resources. On thalpne han

less resources are employed to guarantee the same QoS. On the other hand, more service requests can
be accepted and treated at the same time, improving the network efficiency and reducing redundancy in
resource exploitation. Network slicing isoegarisal still meeting norelastic slice requirements.

3.5 Overview of mechanisms for provisioning elasticity and placement in the
architecture

In this section we briefly present the mechanidanselasticity provisioning that will be thoroughly
described irChaptes 4, 5, and 6, as well as their relation to the architectural components that have been
introduced in previous sections.

3.5.1 Al-based mechanisms

All the AI/ML -based mechanisms provisioning elasticity are describ&hapterd. They may reside

in a module similar to the ENI engine that complements the management and orchestration frameworks
designed by the ESTI NFV and 3GPP. Together, they introduce elasticity into several aspects of the
network operation. Dependiran the kind of output they provide, they may operate at different levels

of the network slice instance lifecycle management (depictEijure3-10).

The Al/ML-based elasticity mechanisms presentedhiapter4 can be categorised as follows:

1 Intelligent admission control system we tackle admission control by considering both
infrastructure monetisation and efficiency aspects. The network slice onboarding process
(preparation phase iRigure 3-10) is filtered by two admission control sslgstems: one that
takes into account the available spectrum and the price paid by a tenant in order to accept or not
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the incoming requests and a second one that analyses the current orchestratioropétterns
already onboarded slices and possibly reject a slice in case of a too onenalestration. To
this aim, these modules, described in Secti@niland4.2.1lrespectively, need interfaces to the
NFV Orchestrator NFVO, to provide gretght to the onboarding and getting the current
orchestration patterns and specific communication through thdaO®eference point towards
the CSMF (that is the module thabpides the needed interfaces for the tenant).

Lifecycle of a Network Slice Instance

Instantiation, Configuration, and

S Run-time I Decommisioning
Activation H

Preparation
|

I
Desi » Pre-urovisi | Supervision » !
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Network environment
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Figure 3-10: Network slice instance lifecycle [TR28.801]

1 Intelligent VNF scaling and VNF relocationwhen the network Quality of Experience (QoE)/
Quality of Service (QoS) level is not enough for the network slice requirements, one of the
possible solutions that may be taken during thetime phase is to modify the size and the
cardinality of a certain VNF instance in a data centre. The algorithms descri®ectiord.3.1
and 4.3.2work towards this functionality: by observing the load of a certain VNF and the
associated KPIs they take a decision about scaling up;, mitozate a VNF in another location.

For this purpose, they need to leverage on the three interfaces (A, B and C) between the ENI
and the NFV blocks.

1 Intelligent resourceorchestration the flexibility given by the elasticity approach is magnified
when he resources assigned to each service/tenant/slice are not statically allocated and
overprovisioned. Elasticity, instead, allows operator to reduce their costs by efficiently
multiplexing resources available in the shared network infrastructure. Torthid/hi/Al can
be efficiently used to forecast the resource utilisation of each slice and allocate resources
according to the estimated load instead of more conservative approaches. Those algorithms,
which embrace all the modules related to the network nesment,orchestration and the
interface A of the ENI module, are described in Sec#b8and4.5.

3.5.2 Elasticity in resource management and network function design

In Chapter5 we present different elastic mechanisms for resource management. The resource
assignment to slices and within the same slice is a task that resides in the management and orchestration
framework. Some higlevel functionality has to reside in tmeanagement of the network slices that

have to be onboarded in the infrastructure (i.e., the resource assignment depends also by which VNFs
are shared), while other are more H®wvel and act directly on the instantiation of the different virtual
appliancesunning in the infrastructure. The slieevare RAN configuration algorithm described in
Section5.2needs information about the RAN configuration and, for this reason, is a submodule running

in the Network Slie and Network Sub Slice Management Functions. Then, throu@iayters we

propose three kinds of resource orchestration algorithms. All of them have split intelligence running in
the Network Slice Managemenuiiction (NSMF), the Network Slice Subnet Management Function
(NSSMF) and the NFVO that finally enforces the decision about the resource assignment. According to
Figure3-10, these algorithms run during the instantiation and cardigpn phase and during rtime,

in case of the continuous-cechestration of slices.

In addition, the elastic network functions describe@vapter6 are the fundamental pieces that build
elastic network slices. They are thus VNFs running on the NItH,specific interfaces to the VIM (to

obtain specific information about the available infrastructure) and to the EM (or the Controllers), that
provide the specific scalability to e.g. RAN functions. The specific elastic and resource management
algorithns are hence used to support specific use cases, as described next. Two novel elastic network
functionsarepresented in Sections 6.1 and 6.2, respectively.
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4 Intelligent elastic network lifecycle management

As discussed ilChapter3, we defined a functional architecture that fully takes into account the needs
for an elastic orchestration of network slices both at the cross slice and intra slice orchestration level.
There, theapplication of highly automated procedures through pi@ation of artificial intelligent
algorithm has been one of the main drivers of this work. Therefore, we desctlbe ¢chapterour
efforts in the definition of a set of artificial intelligence empowered algorithms that mainly target the
functionalityneeded for the network slice lifecycle management.

Despite recent publications in the figiPH18], the full integration of Al in mobile network architecture

is still in its early stages, and the design of learning algorithms that provide promisinggeatch as
network elasticity as described@haptes3 is yet a greenfield research topic. In thapterwe describe
learning techniques for applying and exploiting elasticity in the upcoming generations of mobile
networks. Specifically, we propose é taxonomy on the learning characteristics required to provide
elasticity, and (ii) four specific Abased elasticity use cases, namely slice admission control, VNF
relocation and migration and two different intelligent resource orchestration algorithenplacement

of such algorithms in our architecture is depicteHigure4-1.
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Figure 4-1: Innovations on elastic network lifecycle managemaent top of 5GMoNArch
architecture

X |
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TheAl enabled algorithms described here are mostly related to Management and Orchestration aspects,
namely: Network Slice Admission Control (Sectidr®), VNF Scaling (Sectior%.3), and resource
orchestration (Sectioré.4and4.5).

4.1 A taxonomy for learning algorithms in 5Getworks

We propose two different taxonomies for learning in the context of elasticity based on i) the data used
for learnirg, and ii) the network slice lifecycle phase. Firstly, with respect to the data, learning
techniques for the elastic network slice management can be d¢s¢dgalong two main directions,
independently of the actual algorithm in place:
1 Inputs learning tebniques shall learn features from #reduser demand to the network, the
infrastructure utikation and the slice policies. These inputs shall be conveniently measurable
(and labeled in case of supervised techniques) in order to be applied in oneutpths. o

1 Outputs following the 3GPP definition3GPP1828801], lifecycle management is composed
of four stages: preparation, instantiation,-time and decommissioning. Hence, depending on
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the kind of algorithms, its target and the input features, #raileg algorithm shall be employed

in one of these phases.
The input direction can be further split along three dimensions, depending on the characteristics of the
learned input feature. lRigure4-2 we show this thredimensionhclassification, highlighting its three
main axes: thelemand theinfrastructureand therequirementsTriangles inFigure4-2 represent the
needed monitoring granularity on each of the attesdarkethe colourthe finerthe granularity

-~
©
2
s
2 "
S W Infrastructure

Figure 4-2: Learning taxonomy axes for slice lifecycle management

1 Demand.Learning the usdsehavioutis paramount for enforcing elasticity in the netwdrke
multiplexing gain achieved by fegiently combining different slices on the same infrastructure
necessarily requires learning of the user demahdt is, anticipatory resource-oechestration
builds on the understanding of the temporal and spatial demands of services. This input data
may have a coarse granularity (i.e., order of minutes) as the current orchestration technologies
and the increasesignallingoverhead caused by numerous reconfigurations prevent a too fast
resource reassignment. This operational point is marked as Bigure 4-2. Nevertheless,
demand may be learned at more granular levels (Bigire4-2) when designing elastic RAN
NFs. In this case, learning metrics such as the usees&queuing reports at faster time scale
(i.e., subseconds) enables a better decision making on the-tetortfuture scheduling
decisions according to the available computation capacity.

1 Infrastructure. Learning how the underlying infrastructure reaats limits elastic
management/orchestration decisions is fundamental. For example, elastic resource assignment
algorithms need to learn about the computatitealaviourof VNFs when subject to a certain
load and to different requirements to provide a ige2¢/NF location (11 inFigure 4-2).
Analogously, the wireless infrastructure (i.e., the channel) is the main driver for the elastic
behaviourof RAN functions, as it is the most important limiting factor.

1 Requirements.A very important challenge for future sliced 5G networks is the service creation
time. MachineLearning can enhance the service setup by automatically translating consumer
facing service descriptions into resoufaeing service descriptions thatrche processed by
the network management and orchestration functionalities in order to allocate the proper
resources to the new service. Machirearning tools can thus replace human interventions,
which increase costs and are time consuming, to idemht#fyrésource requirements of a new
service from the slice down to the VM/container levels; furthermore, this approach can smartly
consider existing services with similar requirementdatmur resource multiplexing across
services and increase the systefitiehcy.

On the output dimension, the proposed taxonomy refers to the network slice lifecycle phases, as various
approaches can be adopted and applied in all the phases of the lifecycle of a slice iB&RRAS [
28801]. For example, slicbehaviouranaysis can be a critical asset for elasticity provisioning in the
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slice preparation phase, since statistics can be exploited to efficiently decide the basic configurations
and set the network environment.

In thissection, we provide insights and use cases\bbased elasticity mechanisms that are applied in
the instantiation and rutime phases, but the preparation and decommissioning phases could similarly
benefit from Al.

1 Instantiation phase.The pool of parameters that feed the learning process-bés®d elastic
mechanisms in this phase may be: i) requirements depicted in SLAs and service demands, ii)
past measurement and statistics related to resource consumption profiles of VNFs, iii) real time
measurements from already instantiated slices, andhévurrent state of computational and
resource consumptions in the system. Based on these factors, the Al mechanism decides the
admission of new slices and potentially theoafiguration of the running slices in the network.

Here, we focus on slice setapechanisms based on Al that guarantee flexible slice admission
control and deep network slice blueprint or template analysiSetiiion4.2 we propose a
learning approach for network slice admission contrdiijctv precisely takes place in the
instantiation phase.

1 Run-time phase For the Atbased elasticity mechanisms that are applied in the sliegmen
phase all the parameters that are available in the instantiation phase can be exploited. However,
the learing capability is much more challenging since traffic load measurements are available,
while the adaptation should be done in a faster scale, including reconfigurations at VNF or slice
level. Here, we focus on advanced sharing of computation resourceg &iés of multiple
slices to provide resource elasticity, while the involved slices are in operation. Such an approach
is presented isection4.5 Furthermore, the challenge of enabling VNF salaptation during
run-time phaseés overviewed irSectior4.3.
Clearly, the features of the learned parameters described in this taxonomy do have an impact on the type
of learning algorithm that is employed. For example, highly dynamic parameters such asajoad
require algorithms with fast and adaptive online learning capabilities; other parameters such as the slice
blueprint given the service requirements, however, are more static and offline training could suffice for
an artificially intelligent system tmake the right decisions. Hence, although thedastving Al field
makes difficult an goriori selection of certain types of learning algorithms for specific types of
parameters (e.g., deep neural networks, reinforcement learning, etc.), it becomestajbaara
correlation between those does exist, and the design of the learning system and algorithms, must
carefully take into consideration such a correlation.

4.2 Sliceadmission control mechanism

Among all the possible domains of a virtual network (aecess, transport and core) resources are not
infinite. That is, especially in the access where spectrum is scarce, not all the tenants that may want to
acquire a slice to provide a service may be admitted. Also, the current status of the networkdie., wh
VNFs have to be shared and which not) shall be considered. Then, the admission decision could be taken
by anaysing the effort in reshaping/scaling the network (as discussed after), or in increasing the
monetsaion of the infrastructure.

4.2.1 Sliceanalyticsfor elastic network slice setup

We envision an important role of Al algorithms during thetiome phase of a network slice. However,
learning algorithms are fundamental also in the instantiation phase, bysiagathe generated
requirements and idafting whether a slice already instantiated can efficiently support the new service

or an additional slice need to be deployed. This approach not only further limits the service creation time
by avoiding a new slice instantiation for each new service Ibatemhances the system efficiency by
increasing the resources shared across elastic slices. To be effective, this approach has to operate on
elastic slices in the sense that they do not need fully dedicated resources, e.g., have relaxed constraints
in tems of reliability and security.

A practical example is the case of different broadcasters covering the same sport event: the NSMF may
mutualise the radio resources allocated to the different services to transmit common contents, and use
dedicated resourcefs o r slice speci fic content, such as t h
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presented irFigure4-3, most mobile services are typically characterised by a set of dedicated NFs in
charge of guaranteeing its sgf@crequirements (e.g., multi connectivity for high reliability) and a larger

set of shared NFs that deal with more generic requirements (e.g., the handover function that guarantees
coverage).

‘ Access Network Core Network
G NFoc
TINF A NF; 2 [NFya | v el
=7 e ,
i (NP NP [rsg]

_______________________________

Figure 4-3: Mapping of network slices to network function

4.2.1.1 Methodology

The aim of this contribution is to mutise resources between running slices by finding slices with
similar requirements. However, evaluating the similarity with all the queued and runnirgislae
NP-hard problem, especially in the case of a system where a huge number of slice instances are
deployed. In this context, we propose first to group slices into clusters based on their shared NFs. In the
following, we designate a deployed clusteslides by a NSI.

Let consider a new slice instance composed of dedicated and shared NFs required by different slices as
shown inFigure4-4. A new slice request will be assigned to the existing NSI with whohates the

highest number of NFs. We propose two stratefpeslicesanalysis: thelaccard similarity index

[Jadd1] andSpectral clusteringSch07]. In the latter, unsupervised learningnfleans) is used for slices
clustering.

After assigning the new skaequest to a NSI, we compute, the additional resources required to run the
slice by evaluating the request requirements.

Slice 1 Dedicated NFs

Slice i
Dedicated
NFs

Slice N Dedicated NFs

Dedicated NFs

Slicen
Dedicated NFs

New slice NSI

Figure 4-4: Shared and dedicated NFs in a network slice instance

Let—bethesetofallthe O 0 NFsinthe system:

- - - 0o 0O B0 © G'CRIB RGO
where— and- are the set of NFs in the access and core networkgatésely, and) andu are the
corresponding number of NFs.
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For theg¢ slice request, we define the related slice blueprint by introducing the NF r&yussd the
associated parameteis as follows:
O (’Q HP prady
@ O« R prey
Then, we represent the NFs composing a redDeas a vectof N T1ip such as it entry is
defined as:
pQUYON Off O pfE D
) mTE M 0VQ Q

If 6O N O, i.e., the slicet requests a certain NEBSQ, each of its parametegs ;, is defined by
binary labels:

O GrplpcERyo B )P pfaty 8
For0 "Owe map its parameters withe radio, computing, and storage resource requirements using a
model that includes a static part andlynamic part, which depends on the NF parameters:

Qrn " G ©F
Qrrn .. Q& i
Qrr * Qr ©f
where” ..., and’ are the minimum required resources for activating a giverQdRd'Q;, @ f; ,

QG Op and'Qp @ are the required resources as afiom of NF's parameters j. In summary,
the total resources demand of a slice request is presented as follows:

Y 'Qﬁﬁﬁ 'Qﬁﬁﬁ Qnr

In the following, we present our slice clusteringasithms: theJaccard similarity index and Spectral
clustering[Sch07].

Jaccard similaritybased assignment

The selection of the NSl is done by finding the NSI that shares the highest number of NFs with the slice
request and is able to support the addélaesources required to support the new slice. For a better
understanding on how to assign a slice request NS, let define the Jaccard similaritya1] r) ; as

the similarity between two subsets of NFs:

\ v
n -

Accordingly, given a set of deployed Nf§l where each NSIB fl is charactésed by a set of NFs
defined by 5, and the NFs in a slice request defingd b, the SA attempts to assign the slice request
to the NSUB, such that

b AOC Inf @i
Spectral clusteringbased assignment
Another strategy to optiisethe resource usage, e.g., to enhance the slice performance or accepts new
requests, consists on-mustering the running slices in new NSiIs, in order to improve how the resource
are multiplexed across slices. Consider aset pf8 A of running slices and their corresponding
NF requests, B h, , we compute the agfency matriXdfwhose elemerid ; 1 ,if¢ ¢ee
and 6 T represents the similarity in terms of required NFs of two running slices.

Then, the SA perfons spectral clustering ([Lux07]NPWO02]) on the graph defined by and computes
the Laplacian's normiakd eigenvectors and clusters fifirst eigenvectors using4heandJail0].

Intra-NSI Similarity for Resource Mutuakation
After assigning the new slice request imioNSI, we compute the additional resources requirg
evaluating the request requirements using Cosine similarity.
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Let define the similarity indeX¥applied to the parameteisy and®  of the NF'&hared by the slices
request ande , is defined as follows:

YO R i 0 h'Qay Qo Qh

wherevis the number of parameters of the 6 ; ¥ Tp are weights that describe the relative
impact of each label on the resource request, Biith ;, andQis cosine similarity between two labels,
defined as:

ap Qta ; Q

D B >

Considering all slices in the NSI, the maximum similarity achievable by the¢slk@btainedas
follows:

Qap o B ko)

z

(© amy . YRR § B
the resources required for deploying the new gliaeradio, computing, and storage, respectively, at a
NF “Care updated as follows:

Qrn p iZ“Q(IJF]ﬁ
Qn p iZ“Q(I)ﬁﬁ
Qrp p 177Q O

This approach can also be used as a congestion control mechanism to prevent resource outages: when
the system is close to saturate, the NSMFf i@cluster the overall set of services in new network slice
instances in order to maxisethe resource usage. The latter could be implemented by uspegtal

clustering schemfsch07].

4.2.1.2 Main results

For simulation results, we use SARSA to learn adion control decision&igure4-5 (Left) shows the
variation of resource usage as a function of slices departure probability in a system where the slice
requirements are computed without Al and compares thes#sregth respect to the case where
unsupervised learning based on Jaccard similarity and spectral clustering are implemented. Spectral
clustering shows the best performance since it reformulates the slice clusters at each arrival or departure,
thus contimously optinising the shared resources at the cost of higher complexity. However, slices
dropping variation irFigure 4-5 (Right), shows that Jaccard similarity has the lowest dropping rate.
Spectral clustering sk the best tradeff between resource uskion and slices dropping probability

when compared with SARSA without Al, and SARSA with Jaccard similarity.
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Figure 4-5: Resource utilsation gains (Left) and slices dropping rates (Rightyith Al-based
network slice setup
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Analysis with respect to the 5GloNArch KPIs

This study has a positive impact on both the shiteimum footprintand the systerost efficiency

which are obviously interelated. Infact, as shown irFigure 4-5 (left), our solutions (both Jaccard
similarity and the spectral clustering scheme) decrease the amount of required resources for a given
network load with respect to the baseline solutibhis reduction in terms of minimum resource
footprint of a network slice decreases the probability that a slice raguiFspped-igure4-5 (Right),

and therefore improves the system cost efficienctheaaumier of slice requests accepted in gystem
increases.

4.2.2 A resourcemarket-basedadmission control algorithm

In [BGB+17] a baseline for the design of a (markased) admission control solution has been already
described using a @arning algorithm. Howevemwe consider that solution cannot be applied to
practical scenariggiue to scalability limitationso in this section we build on thatl€arning baseline

to design a new practical approach based on Neural Netwoikss section, we build on thel@arning

baseline to design a practical approach based on Neural Network. The algorithm proposed is called
Networkslicing Neural Network Admission Cont(®3AC). The main shortcomings dfe Qlearning
approach of [BGB17], which limit its applicability ansheed to be overcome in the design of a practical
solution, are due to the lack of scalability to larger space state. In particular:

1 Q-learning based algorithms, including the one describd8i@Bf-17] need to store and update
the Qvalues for each stattion pair. As a result, learning the right action for every state
becomes infeasible when the space state grows, since this requires visiting all the states multiple
times. This leads to extremely long convergence times that are unsuitable for mosalpracti
applications.

1 Storing and efficiently visiting the large number of states poses strong requirements on the
memory and computational footprint of the algorithm as the state space grows. In particular, the
number of states in our model increases expdalgnivith the number of network slicing
classes. Hence, when the number of network slicing classes grows, the computational resources
required rapidly become excessive.

A common technique to avoid that state space becomes too largeistaise the experience learned

from some states by applying this knowledge to other similar states. The key idea behind
suchgeneraisation is to exploit the knowledge obtained from a fraction of the space state to derive the
right action for other states with similggatures There are different geneisdion strategies that can

be applied to Qearning:

1 Themoststraightforward technique lmear functions approximatioWith this technique, each
state is given as a linear combination of functions that are repaitgerntf the system features.

These functions are then updated using standard regression techniques. While this approach is
scalable and computationally efficient, the right selection of the feature functions is a very hard
problem. In our scenario, thev@lues associated to states with similar feat@es the number

of inelastic users) are increasinghpnlinearas the system becomes larger. As a result,
lineatisation does not provide a good performance in our case.

1 A more powerful and flexible toolof generabaion with Qlearning are artificial Neural
Networks (NNs). NNs are a machine learning system consisting of simple, highly
interconnected elements calleeuronsthat learn the statistical structure of the inputs if
correctlytrained With thistool, the design of neuron internals and the interconnection between
neurons are the most important design parameters.

Since NN can be applied to any scenario without making any assumption on the system and its inputs,
in thissectionwe have used this¢bnique to extend our learning algorithm to scale to larger systems.

4.2.2.1 Machine learning and neural networks framework

The fundamental building blocks of Neural Network (NN) based Machine Learning (ML) algorithms
are the following ones:

1 Asetoflabelleddata (i.e., system inputs for which the corresponding outputs are known) which
is used to train the NN (i.e., teach the network to approximate the features of the system).
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1 A loss function that measures the neural network performance in terms of traininfj.exsror
the error made when approximating the known output with the given input).

1 An optimisaion procedure that reduces the loss functions at each iteration, making the NN
eventually converge.

Machine learning is usually categuad as supervised, unsupesed and reinforcement learning. A ML
system is supervised or unsupervised depending on whetHabéllieddata is available or not, and it
is a reinforcement learning system when it interacts with the environment receiving feedback from its
experiences
NNs are a machine learning scheme that can be used for supervised/unsupervised learning and can be
integrated with reinforcement learning. In a NN we have multiple layers of interconnected neurons
organsed as: (i) an input, (ii) an output and (iii) one more hidden layers. A neuron is a fliorear
element that executes a-calledactivation functiorto the linear combination of the weighted inputs.
Many different activation functions are available in the literature spanning from a linear function to
more complex ones such 8saled Exponential Linear Unit (SELWigmoid or the Rectified Linear
Unit (ReLU).
In classical ML applications, the NN is trained usiniglzelleddataset: the NN is fed with the inputs
and the difference among the estimated wumd the label is evaluated with the error function. Then,
the error is processed to adjust the NN weights and thus reduce the error in the next iteration. The weights
may be adjusted using a Gradient Descent approach: the measured error at theyeutpubdak
propagated to the input layer changing the weights values of each layer accordingly.
One of the design choices that needs to be taken when devising a NN approach is the way neurons are
interconnected among them. The most common sefepddorward, where the neurons of a layer are
fully interconnected with the ones of the next. There are also other configurations, such as the
convolutional(where group of neurons are fullgonnected with a smaller group of neurons in the next
layer) or therecurrent (where the output is used as input in the next iteratlodged, convolutional
networks are usually employed for image recognjtwanile recurrent are useful when the system input
and the output have a certain degree of mutual relation.
Furthernore, our NN design relies on a single hidden layer. Such a design choice is driven by the
following two observations:i) it has been proven that is possible to approximate any function using
NN with a single hidden laydHSW89] and (i) while a larger nmber of hidden layers may improve
the accuracy of the NN, it also involves a higher complexity and longer training period; as a result, one
should employ the required number of hidden layers but avoid building a larger network than strictly
necessary.
Another crucial design decision for our NN framework is the integration with reinforcement learning,
which is needed in order t o labelleddata. Tothieend) wetneedr k wi
to design an algorithm that operates without any preshy known output but getting more accurate
estimations of the output while exploring the system. This is a topic that has been extensively studied in
the literaturgS+17]. In our framework, we devise a reinforcement learning approach by building on the
Q-learning algorithm described in [BGR7]. We take as output values of the NN theaQues defined
in our Qlearning algorithm, which correspond to the revenues received at a given state: the NN provides
estimates of the Qalue. Additionally, we measutke revenues obtained after taking a decision. Then,
the NN is trained by taking as error the difference between the currealu® estimates and the
measured revenues.
The Qvalues employed by our algorithm correspond to the revenues after acceptejgcting a
request at a given state, respectively. In order to estimate these values, we rely on two different NNs:
one that provides an estimate of the revenue after accepting a request, and another one that provides the
estimate after rejecting it. Whextcepting a request, we evaluate the error of the corresponding NN,
and the same when rejecting a request. The main advantage of such an approach based on NN as
compared to Qearning is that any decision serves to update the entire system and nopacitia @
value, and thus the learning phase can converge without needing to visit every single state several times.
One of the important aspects of the proposed framework is the memory footprint, which has a strong
impact on scalability. By using NNs, va® not need to keep track of the expected reward for each
individual stateactionQ(s,a)any more, but we only store the weights of the NNs. As the number of
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weights is fixed by the NN layout, and it is usually much smaller than the total number oftbtates,
provides a much higher scalability, especially when the number of states explodes.

4.2.2.2 Algorithm description

In the following, we describe the proposed N3AC algorithm. This algorithm builds on the Neural
Networks framework described above, exploitingf@icement learning to train the algorithm without

a ground truth sequenéthe right sequence is not known a priofipe algorithm consists ébur high-

level stepsas described below. In addition to these steps, the algorithm relies on some cornerstone
procedures. N3AC leverages on the exploraéiploitation procedure to ensure that we cover the entire
space state during the exploration phase.

Step 1, acceptance decision

In order to decide whether to accept or reject an incoming request, we look(avahges resulting

from accepting and rejecting a request in the two NNs, respectively. Then, we take the decision that
leads to the higher-@alue. This procedure is used for elastic slices only, as inelastic slices shall always
be accepted as long a®th is sufficient room. When there is no room for an additional slice, requests
are rejected automatically, regardless of their type.

Step 2, evaluation

By taking a decision in Step 1, the system experiences a transition from state s1at step o atst at e
stepn +1. Once in step rl, the algorithm has observed both the reward obtained during the
transitionR(s,a) and a samplg of the transition time. The algorithm trains the weights of the
corresponding NN based on the error between the expestadd ofs estimated at stepand the target

value. This step relies on two cornerstone procedures:

1 Step 2a, backropagationThis procedure drives the weights update by propagating the error
measured back through all the NN layers and updating thghtgeaccording to their gradient.
The convergence time is driven by a learning rate parameter that is used in the weight updates.

1 Step 2b, target creatiomhis procedure is needed to measure the accuracy of the NNs
estimations during the learning phasé.e@ach iteration our algorithm computes the observed
revenue as follows:

o *=R( s, a,+§ I <INj, aNj) .
0 As we do not have any real value to test the accuracy of the prediction, we also have to

estimate them. This is done by taking as ether difference between our estimated
reveenue@) (s, a) given by the NN and the target

Step 3, pendation

When a state in the boundary of the admissibility region is reached, the system is forced to reject the
request. In gneral, reaching these states should be avoided as it may leaebitisndd performance

(i.e., low revenues). To avoid thiapenaltyis backpropagatd for the actions that lead to such a
situation. In particular, (i) if the system reaches thedatiupation through a sequence of highward

actions, then the system is not péel; and (ii) ifit is reachedhrough lowreward actions, then the
system is penied and thus it learns to avoid poor decision sequences.

Step 4, learning finakation
Oncethe learning phase is over, the NN training stops. At this point, at a given state we just take the
action that provides the highest expected reward.

4.2.2.3 Performanceevaluation

In this section we evaluate the performance of the proposed algorithms via simuilatess otherwise

stated, we caider a scenario with four slice classes, two for elastic traffic and two for inelastic. We set
i = 5 for all network slices classes, and the arrival rates eqaak 2y ande- & 10e- for the elastic and
inelastic classes, respectively. We consider two networksiliee equal taC/10 andC/20, whereC is

the total network capacity. Similarly, we set the throughput required guarantees for elastic and inelastic
traffic to Ri = Re= Cb/10. Two key parameters that will be employed throughout the performance
evaluation arg end} ,itheaverage revenue per time unit generated by elastic and inelastic slices,
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respectively (in particular, performance depends on the batween them). Following the N3AC
algorithm proposed in the previous section, we employ tweftleeehrd NNs, one for accepted requests
and another one for rejectdgachneuron applies a ReLU activation function, and we train them using
the NNsRMSpropalgorithm implementation available i er]. The output layers are composed of one
neuron, each of them applying a linear function.

Algorithm optimality

We first evaluate the performance of the N3AC algorithm (which includes a hidden layer of 20 neurons)
by comparing it against: (i) the benchmark provided by the optimal algorithm, (ii) dear@ng
algorithm[BGB+17], and (iii) two naive policies that always admit elastic traffic requests and always
reject them, respectively. In order to evaluate thaxgtalgorithm and for €earning, we consider a
smallscenario as these approaches do not scale to large scdfigrios4-6 shows the relative average
reward obtained by each of these policies, taking as hadéke policy that always admit all network
slice requests (which is the most straightforward algorithm).

2.5

Always }Admit
Always ?Reject
*—e Value Iteration
=—a Qlearning

¢+ NBAC i T e T

Relative Revenue

0 | | |
1 5 10 15 20

pi/ e

Figure 4-6: Revenue vs. Jil}e

We observe that N3AC performs very closely to thee&ning and opthal policies, which validates

the proposed algorithm in terms of optimality. We further observe that the revenue improvements over

the naive policies is very substantial, up to 100% in some cases. As expected, fprisnial golicy

that always admitall requests is optimal: in this case both elastic and inelastic slices provide the same
revenue. In contrast, forverylargel rja¢ i os t he performance of the #fz¢
as in this case the revenue obtained from elastic traffotoraparatively) much smaller.

Learning time

One of the key advantages of the N3AC algorithm as compared wéhr@ing is that it requires a

much shorter learning time. This is due to the fact that with N3AC the knowledge acquired at each step
is used taipdate the alues of all states, while with-f@arning we just update thev@lue of the state

being visited.
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Figure 4-7: Learning time for N3AC and Qearning

Versionl.0 Page49of 153



5G-MoNArch (761445) D4.2Final design and evaluation of resource elasticity framework

To evaluate the gain provided by the NN$arms of convergence time, we analyse the evolution of the
expected revenue over time for the NSAC and thedpning algorithms. The results are showRigure

4-7 as a function of the number of iterations. Weeabe that after few hundred iterations, N3AC has
already learned the correct policy and the revenue isisilln contrast, Qearning needs several
thousands of iterations to converge. We conclude that N3AC can be applied to much more dynamic
scenarioss it can adapt to changing environments. Insteddafing just works fostaticscenarios,

which limits its practical applicability=urthermore, Qearning besides being more compleannot

scale to large scenarios, as the learning time (and meequyréments) would grow unacceptably for

such scenarios.

Large scale scenario

The previous results have been obtained for a relatively small scenario where the evaluation of the
optimal and Qlearning algorithm was feasible. In this section, we assegetf@mance of the N3AC
algorithm in a largescale scenario; indeed, one of the design goals of this algorithm is its scalability to
large scenariosWe consider a scenario with eight slice classes, four for elastic traffic and four for
inelastic. For edctraffic type, we allow four network slicgzes, linearly distributed amon@/10 and

C/20. We have the same throughput guarantees for elastic and inelastic traffic as in the previous
experiment Ri = Re= Cb/10) and thus we have the same admissibiligyore (although the space state

is much larger now). We sgtanda-parameters in a way that the load of the network is similar to the
previous experiment. The NN is composed by 40 neurons in its hidden layer.

In this larger scenario, the optimal andgaming algorithms are not feasiblgue to the larger number

of statesHence, we evaluate the performance of N3AC and compare it against the naive policies only.
Figure4-8 shows the relative average reward obtaig@ach of these policies, taking as baseline the
policy that always admits all network slice requests. Similarly, to the evaluation performed in the
previous experiment, we observe that the N3AC algorithm always substantially outperforms the naive
policies. As expected, for smalli /the molicy that always admits all requests is optimal, while for very
largey i Irjae i os the performance of Aal ways rejecto
the elastic traffic is much smaller.
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Figure 4-8: Revenue vs. i/} e

Analysis with respect to the 5GloNArch KPIs

This enabler is mainly focused to enhance the Cost efficiency KPI, by accepting or rejecting new
network slices instances requestth the goabf increasing the monetary efficiency per unit of resource
deployed. Results show that by applying this technique the relative venue is always optimal for small
scenarios and very high (compared to other techniques) for larger ones.

4.3 Intelligent VNF scaling and relocation

VNFs (especially the radio access ones) have very specific NFighiiih patternsThat is, according
to the user/service load, the VNF footprint on the virtual infrastructure may Dapending on the
requirements of the network g they are in, as well as on the load of the cloud where they are running,
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they may need to be scaled upat, in or down or even migrated into a new location. In this field, ML
and Al algorithms may help to find the correct scaling strategy. Moréfispdg, we tackle the first
problem in Sectiod.3.1and the second one in SectibB.2

4.3.1 Al-assisted scaling and orchestration of N§-

With the explosion of artificial intelligence and virtisgtion, and its applicability to communication
networks, the idea of seffoverning networks has drawn the attention of the communications research
community. Works like CZW+18 make use of Deep Double-l®arning (DDQ) and deePARSA
solutions for mobile edgcomputing. For VNF management, a proactive VM orchestration is proposed

in [TLZ+15] using QLearning. More recently, irjJAH+18], a machine learning classification problem

is formulated to decide the number of VNFs that must be deployed to meet theknedific demands.

In this section, we formulate the problem of resource allocation for a central unit (CU) that deploys and
maintains a set of VNFs which serve the users of a distributed group of base stations. Using deep
deterministic policy gradienti.e., deep neuronal networks as function approximation with the
deterministic policy gradient proposed as propose8litif-14], an agenplaced at the CU is trained to

learn to scale vertically (add CPU and Storage), horizontally (instantiate or stomem)tar offload

(send the task to the cloud) based on the system state (traffic arrival, services rates, SLAs...) and a
defined rewad function (cost, delay, SLA, ejcWe use an actaritic architecture with parametsed

action spaces, similarly t¢1516].

4.3.1.1 System model

In this work, we consider a radio access network (RAN)Fggee4-9, consisting of a set of distributed

edge base stations (BSs), denoted by 6 8 i , connected to a local central unit (CU). Let

OMR define the set of distinct heterogeneous nc¢
instantiated by any node in the network. Eadh "® &6 !, accordingtoi t s cl i entsd req.l
instantiates a subset of VNFs taken from theéNsethich are deployed and maintained by the CU. We

denote by O” , the set of VNFs maintained by the CU during time intetvBbr the sake of

simplicity, the time horian is discretised into decision epochs, each of which is of equal duTation
(seconds) and is indexed by an intelyers . The dependency drof emphaises the fact that,

overtime, VNFs can be added or removed from a BS provided serviegklifion, the CU is connected
to a cloud data centre via a dedicated link of capacityMbps, with data capacity varying over time.

Figure 4-9: Considered system architecture

1 Notation:[K] denotes the sepf8 f0 .
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Furthermore, the CU Baa local pool of resources that consists of a growpservers denoted Hiy

"YI8 RY with a limited CPU and storage capability that can be used to instantiate VNF. We assume
homogeneity between servers, such that 8Gh'Q" 0 has tle same storage size-of 6 bits and

a CPU of capability 6 O. Let us define- - and” ” as the storage and CPU,
being used at epodiat serverY respectively.

In this work we conisler two main physical resources to be provisioned to the VNFs, CPU and storage,

and we consider that each network functijl j ¥ N, at epoch usesck, j(t)C Hz of CPU capability

and sk j(t)B bits of storage, at a serv&k kN K]. Where ckj(t) ¥ dk jmin(t),ck jmaxt)] and

skjt) N gk jmin(t),sk jmaxt)]. Thus,a VNF has a different resource range in which it can operate
following the definition of an elastic network function, which is defined as a VNFgizetefully

degrades the QoS agating it to the scarcity of resources. Each deployed Wy N, given the

service level agreement (SLA) has a minimum QoS that must always be e@afgdinand a

maximum perceptibl®oSjmax which depends on the network resources allocated. Tenks must
avoidviolatingt he SLA and the actions taken, should be b

us definéH; andl , as the total amount of CPU and storage, respectively, allocaie@tdy during

epocho.

If, due to network traffic fluctuation, the CU cannot cope with any new or existent VNF resource
requirements, i.eB - B "H; 0” orB - B Iy O— , or simplybecause

the CU finds it more appropriate, the VNF can be offloaded to the cloud. We assume a central cloud

data centre with an infinite capacity resource pool+e., " H>and we do not consider
any resource penalfgr a CU to relay the information needed to serve the customer/s to the cloud and

vice-versa. We definéH "H: B AH; as the vector containing the amount of CPU allocated to
each VNF at servely at epoclo. Similaly, "l T B hl r denotes the vector containing the
amount of storage allocated to each VNF at seéiweluring epoch. Finally, we indicate byA

"H B AH the vector of vectors, kich accounts for the amount of CPU allocated to each VNF at

each server of CU during epoahn a similar fashion we specify loy "Il MRl the vector of
vectors which accounts for the amount of storage allocated to/é#€ht each server of the CU during
epocho.

The service tasks generated by V&I "  atd across the time horizayn form an independent
and identically distributed homogeneous Poisson point process with a common pa;qmetemi) h
and we consider that; remains constant during each decision epoch t.

As soon as an arrival occurs, the CU needs to provisiovith the pertinent resourcésor offload this
function to the cloud data centre. The sertices have an exponential distribution with rate parameter
* per customer, whergl" is the expected service time of a customei &f " 0 2.

4.3.1.2 Problem formulation

Networksate space
The network state space defines the set of all pessibnfigurations of the network. In the
aforementioned problem, the state space at the CU is given by:

1 Arrival rates _

VNFs deployed

Cloud link capacity’Y

CPU load of each VNF at each servér

Storage loaaf each VNF at each server of each VNF .

= =4 -4 -

2The technology that we envisage for virtsaion of network functions is Docker containers
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So, the network state space at epbishcharacterised by _rOh HA M RAY ~n.
Where

n | N RN i 8 [ CX(A)(A)f, T8 h- N i a 8
Resourceallocation actions
In our model, we consider three distinct ways of how a CU can react to the workload variations of the
exiting VNFs or to the deployment/s of new/s VNF/s, thesevaréical scaling horizontal saling and
work offloading
Before explaining these actions, we define a Parameterised Action space Markov Decision Process
(PAMDP). We define the set of discrete actions as ¢ ftd 8 it , where each discrete action
N ' featureg discrete parameter§ B iy N u . Thus, the tupleciny B 1}  represents

an action, and the action space is givebby . ¢ 8 M)

Vertical scaling

The vertical saling action !( ) refers to the capacity of the CU to add or remove physical resources to

a deployed VNF. As mentioned before, in this work we focus on two main resources: CPU and storage.
Considering the traffic fluctuations and theequirenents, a CU might decide to increase (decrease)

the CPU, the memory or both, of a deployed instance independently.

For each resource we define thertical parameter seds follows,
N 6T ™ whnt Q7
n 6" ‘v uhn Q -

Vertical scaling is limited by the resources of the physical server in which a container is deployed, thus,

the limitation of” and- . The range of the parameters, froro 0 is discretised using the
step sizé for resource memory, arfor CPU allocation.

8

Horizontal scaling
Horizontal scaling is the capability to connect multiple hardware or software entities, such as servers,
so that they work as a single logical unit. In our scenario, horizontal scdtng t@the deployment of
new containers to support an existing VNF or to-livigrate a VNF to another server. Every time a new
VNF is instantiated, a container is deployed in one obtlservers and if for example, the workload of
a VNF increases, anthe CU estimates that serv@at epochd p will not be able to support its
operations, the CU might create another instance of the same VNF in another server, within its local
pool of resources. On the other hand, the CU might decide to move the vitieleo\another server,
i.e., live-migration.
We define théhorizontal parameters sassociated with the horizontal action as

nyn Y8TY Y

npN Tip
Where™Y isthe server at which the VNF is already running ang  mtspecifies that a VNF is to be
live-migrated, whilel ;  p means that a VNF is to be given a new instance on another server. On the
other handp) defines at which server a VNF is to be deploygg ( p) or live migratedr§ 5 ).
If a0 is not currently running on the CU, the only important parametgr, iwhich defines the server
at which the VNF is to be deployed.

Work offload

The CU might foresee that, by neither scaling vertically nor scaling horizontallgpparwith a traffic
fluctuation of the VNFs, so the CU might decide to offload any VNF to the cloud. We define the work
offloading parameters sesssociated with the offloading action as

n v rps
We can see that the offloading action isimary decision. Note that we useas the action where the
CU agent does not change the network statusA.e., A andr) n
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Parameterisedction space
Following the PAMDP notation, in the formulated problem, ¢benplete parameterised action space
for each virtual function is given by

Each of the aforementioned actions are mutually excluswe meanlng that the CU can choose to either
;' or' . Thefirst decision the CU must take is to whefher or' . Then, the different

parameters associated with each action are selected. At the beginning of each decisiarirepbake
station randomly dects a VNF currently running or to be deployed, then chooses whether to scale
vertically, horizontally, offloading or do nothing, and finally selects the parameters according to the
action selected. The agent repeats the process for all the VNFs.

4.3.1.3 Cost

Thecost model i mplemented will drive the agentods |
We consider three types of costs: latency, financial cost and service continuity.

Latency ¢y)
The latency considers all the delays associated with the NFV management.

T VNF resizing: Resizing a VNF consists of varying the amount of CPU and storage previously
allocated. We consider that the CU incurs in a delay pf pa i per unitC of CPU
added/removed afdy, ¢ & i, per block of memory of siZ8 added/removed.

1 Deployment: We consider a beap time of j; T @ i per container and a termination time,
to spare the resourcesjof, o 1 i.

9 Live migration: Theaction of container migration accounts for the hagtime and termination
time just specified, and the transferring of information. We approximate thenigration
latency foff L& 70 perunitof CPUand j, p 1 if6 per unit of stoage.

1 Offloading: The latency of offloading a VNF to the cloud is givefl g¥'Y. We consider that,
after a VNF has been offloaded and in order to keep the service running, a continuous flow of

information between the cloud and CU is registeredl uhe VNF is terminated. This
transmission and reception of information incurs in a total delay penalty of ¢ I R Y

( p) for the VNF offloaded.

Financial Cost (|=4|)
A price model that takes into account the economic implicatadnte network configuration is
developed.
1 Resources cosb(): Based on Amazon Web Services pricing [AWS18], we consider a cost of
60 Amgtmt 0o tda ‘Qéforstorage and aprice 6f Amdt m &0 ta Qéfor CPU usage.
1 Server costd ): Every time a server is powered on, we consider aiomepayment of $ 0.05
plus a variable cost of $ 0.00dih.
1 Cloud costd ): The cost of offloading a VNF to the cloud equals to atome payment of $
0.1 plus a rental payment of $ 0.00&1 until the VNF is terminated.

Service Contan|ty{]J|)
Every VNF is associated with(a¢ ,"Yhe failure to provision resources accordingly, might incur in
service disruption which degrades thé provided. We define the service continuity cas:

"Y 'p 0 &Y 0 &Y

N

Where0 €Y is the perceived ¢ '(‘)i'Nj, 1(x) denotes the logical operator, being equal to 1 if the
condition x is true and 0 otherwige.is the penty for not fulfilling 0 £Y.

Total Cost
We define the immediate cost at epodhat help us quantify the network experience as:
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~

YN h 117 1 6 1 7Y(8)
Where the weights R R N a combine diffeent types of function with different units into a
universal cost function. The weights can be tuned tessuke one cost respect to another, e.g., a network
operator might be more concerned about reducing the economic cost rather than providiagalitygh
service, using the weights we can skew the network behaviour to follow a particular criterion.

4.3.1.4 Actor-critic

The Actorcritic method is a combination ofalue basedand policy-basedreinforcement learning
approaches. In the polidyased approaches,pao | i cy ~ ( s) is learnt withou
reward in a system state (s). On the other hand, in-sed approaches, an estimate of the expected
average reward for each of the states V(s) is tracked and a policy is selected based ornthes®, est
typically an egreedy policy is selected to ensure exploration. ACHtic combines the benefits of

both approaches, it estimates both a value function V(s) (how good a certain state is to be in) and a
policy ~(s) (a s daprobahility)ariticallg, the agéntubes thesvalue estimate ¢he
critic) to update the policy (the actor) more intelligently than traditional policy gradient methods.

In our work, we use Deep Neuronal Networks (DNN) for function approximation givehighe
dimensional state space of the problem, and the gegmamabse function approximation feature of the
DNN. In our architecture two DNN are used, one for the actor and another for the critic. The actor
network, parameterised by;-based on the current statas input, outputs the discrete actiomsand

the parametei],* |  (a, p); while the criti®), parametdsed by %otakes the stateand the action
performed by the joint actioridt) , an estimates the wad function for the given state i K . We

use offpolicy temporal differenc€TD) for actiorvalue function approximation, such that the update

rule equals the @earning rule:

O iRk OiRd & i [0 i hdmee
wherel is the reward, the discountfactorarige 0 ,r epresents the future st
to be selected, respectively. We minimise the loss between the actughiiry and0 i hohiae
using themean squarerror and we perform gradient descent optimiser.

The criticbébs knowledge of action values is then
sample state, the goal of the actor is to minimise the difference between its current outpubgtiddhe
action in that stateza

0 i'— i—
The critic may be used to provide estimates of the quality of different actions but naively estimating a
woul d involve maximising the criticbs output ove

domain. To this end we use the deterministic policy gradient of [HS16]. Where the update rule is given
by:

—  — M 0D iR sh
Where the expectation is over a trajectory of state actimhseavards tuples.

Architecture

The DNN architectures are shoun Figure4-10. The left figure represents the flow of information,

the top right figures the DNN structure of the critic and bottom right figure the DNN architetthes

actor. For both, the actor and the critic, their inputs are processed by four fully connected layers
consisting of 1024612-256-128 units respectively. Each fully connected layer is followed by a rectified

linear (ReLU) activation function withnega ve sl ope 1071 2. Weights of th
Gaussian initialisation with a standard deviati
product layer are two linear output layers: one for the K discrete actions and 3 pararnetapaaging

these actions. For the critic, the single value output layer is defined, which outputs the estimate of

U i hY.

In addition to the state features, the critic also takes as an input the K discrete actions and the 3
parameters. We use the ADAM$ ver f or both actor and critic, wi
networks track the actor and critic using a U0 =

The K actions output for the actor define whether to horizontally scale, vertically scale-vatoff.
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4.3.1.5 Numerical results

In this section we present the different results obtained with the-Gcttic model just described above.
For the experimental setup we consifileg possible diferent VNFsto be deployed in the network, with

the features of able4-1.
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Figure 4-10: Actor-critic architecture
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Table4-1: VNF resource requirements

VNF CPU Storage =

FT 5T = v [ %] w [Fh [k »
Firewall | 40 30 20 60 70 30 31 60 4000
IDS 60 50 40 80 70 20 15 52 4000
VPN 40 40 10 40 40 10 17 45 4000
Call 10 50 10 10 40 10 32 65 4000
Video | 80 20 5 100 20 10 40 95 4000

D4.2Final design and evaluation of resource elasticity framework

Furthermore, we consider a CU with 4 servérs (1) each of which has a maximum CPU of 400 C

0

different VNFs at edt

from a Gaussian distribution withe same parameters as its arriedes buscaled by a factor of 0.4.

T mrand storage capacity of 400 B bits (
epoch

ar e

T mmt The arrival ratesl (; ) for the

sampl ed
different mean and variance (SE&ble4-2). The service rates at each decision epoch are also sampled

fr

om a

nor mal

di str

The parameters used to calculate the reward functions and that reinforce the actor behaviours are given

in Table4-3.
Table4-2: VNF Gaussian parameters for the arrival rates
VNF Mean Variance
Firewall 5 3
IDS 5 4
VPN 1 1
Call 9 3
Video 4 1
Table4-3: Reward parameters
Delay (ms)|1 5=3 1 =4 |1 r=20 |1 7=10 | =0.3
Cost (m$) | 6 =5 6r=6 |6f =2 6p =1 6 =1 | 6 ;=3
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Once the system parameters are defined, we continue by providing the training results and a brief
discussion bthem Figure4-11 shows the evolution of the average cost, as defined in Sec8dh3

over the distinct epochs. By epoch we mean every time the network weights are updated according to
the gradiats calculated over a batch of samples.

AAC
0

| TR ‘Wm N
—2000 1

—4000

—6000

Average expected cost

—8000

—10000 T T T T T T
0 500 1000 1500 2000 2500 3000
Epoch

Figure 4-11: Costfunction evolution

As it can be seen iifrigure 4-11, the agent at the beginning starts breaking the physics of the
environment, i.e., adding more CPU than the one available, trying to deploy a VNF in a server which
already has it runningvhich we penase by a reward 0f10.000. Once it has learnt the physics, the
agents start to learn the fulfilment of the SLA, becauserey t i me i t 0 ssebyarewardt e d
of i 4.000. As we can see, on the long run, the agent reward convergesBfaltizene, and neither the

SLA nor the physics of the environment are violated.

Furthermore, to improve exploration and avoid pmre convergence to suboptimal deterministic
policies, we added the entropy 8d givenhtte pgiay| i cvy
parametdsdion of“ (i —, the update rule is given by:

N @A N—Y Y (n0*in—
The results obtained with this updatde are presented Iigure4-12. As the figure shows, a faster

convergence rate and a lower cost are obtained. The model converges to an agsecdgEs>€ain less
Epochs compared to the previous update.
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Figure 4-12: Costfunction evolution with entropy
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4.3.1.6 Mapping to KPIs

We now define three key performance indicators (KPIs) for MANO in 5G networkthandve map
the results obtained with the PAT algorithm to these KPIs.
The following KPlIs are of interest for future 5G networks:

1 Resource utilisation efficiencysiven the resources, CPU and storage, and a same number of
customers a resource utilisatiefficiency is defined as the percentage ofisdil resources
respect the total available resources for the execution of a VNF and a particular number of
customers. With the elastic functions employed in our model, the system should lead to a larger
resouce utilisation efficiency, since it can shelter a higher number of customers over the same
physical infrastructure.

1 Cost efficiency gainThis metric captures the average cost of deploying and maintaining the
network infrastructure to provide the requisavice to its users. Given the elastic nature of the
VNFs deployed, our CU system should be able to optimally dimension the network such that
less resources are required to support the same services; in addition, in lightly loaded scenarios
the elastic sstem should avoid the usage of unnecessary resources.

1 Reliability: This KPI quanses the number of VNFs that can be allocated to the network edge,
and given the traffic fluctuations, not dropped/offloaded to the central cloud.

To be able to compare theoposed RL method performance, we implement a toy algorithm whose

function is the following: for each new customer
already deployed in one of the servers. If so, computes the CPU and storage increntiemnistraer
will need to allocate the user. | f the serveros

is deployed. If not, another server is checked. If no server is able to coup with the new user, the user is
offloaded to the cloud.

Resource utilisation efficiency

A comparison of the resource igéion between the toy algorithm and the AAC for the same traffic
pattern is presented Figure4-13. As it can be in the figure, the PAT algorithmaslg reduces the
average resource consumption of the CPU (significantly) and the storage.
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Figure 4-13. Resource utilsation

Cost efficiency

A comparison of the resource mongteost between the toygidrithm and the AAC for the same traffic
pattern is presented Figure4-14. As it can be seen in the figureetACC outperforms the toy example
in terms of cost saving, as less resources are used to allocaaethaumber of users.

Reliability
Figure4-15 captures the number of VNFs offloaded to the central cloud given the traffic fluctuations.
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Figure 4-15. Number of VNFs dropped

4.3.2 Dynamic VNF deployment

Whenever, resource scaling is not feasible, either because there are not enough availablgeiresource
the used cloud to scale out, or because th& ¥hain is charactised by low elasticity (i.e., stringent
resource requirements),-le@cate (a part of) the chain is an interesting solution to meet the service
requirements.

Let us consider Centiabd Radio Access Network (CRAN), where the Radio Ascietwork (RAN)

is composed by a set of Remote Radio Heads (RRHs) and supported by cloud infrastructure composed
by a central cloud and an edge cloud of computational capaatydC [GFLOPS/s], respectively (see
Figure4-16). We aim to study how this infrastructure can be used to deploy a set of network slices
S{1,2, ¢é, S}, each 0 n e Ns ¥ NFARpAOVINE & chhrsictéesed byc éh specific o f
computational requirement,; [GFLOPS],sT S nT Ns ={ 1, $ Inéhe Nhain, each VNmR
receives inputs from the VN1, passes its output to the VMF1, and potentially provides a feedback

to the VNFn-1, e.g., an acknowledgement or a negative acknowledgement. Thesetions are
charactased by timing requirements that guarantee reliable operations in the service chain.

To maximse the system performance and the number of slices that can be deployed on the cloud
infrastructure, each chain can be split and its V8gdoyed in the most appropriate cloud, e.g., where
more computational resources are available. Moreover, multiple splits canibedraakach slice, to
increase the system flexibility. However, this procedure has to be carefully designed to ctesider t
limited computational resources and the latency introduced by the link between the central and the edge
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clouds, and between them and the access network. Specifically, the edge cloud capacity is typically
much lower than that of the central cloud, bug thtter is charactised by a higher communication
latency as it is typically located in a remote area. In addition, VNFs related to lower layer functions,
e.g., signal processing, require low latency and high computational resources, which makeset$ss pro
even more challenging.

Liu et al. LZG+15] proposed a grapbased model to investigate ttradeoff between computational

and fronthauling costs when deciding the proper functional split. However, the authors consider cloud
units with unlimited capgzty. Koutsopoulos studied the joint functional split selection and baseband
server scheduling problem in a CRAKdul7. However, he considered only the overall service
latency, without considering the requirements of the specific VNFs. Alabbasi evalfdtased on a

hybrid CRAN architecture and they investigated the optimal functional split that jointly limits the system
power consumption and the bandwidth usage in the link between the edge and the central clouds
[AWC18]. The authors did not considéiat each VNF has specific processing and latency requirements.

Central
Cloud

Midhaul
links

Edge Cloud
Layer

Fronthaul
links

e

(2]

Radio Access

— RRH3 Network

[
RRH 2 |
Figure 4-16. System model

Musumeci et al.FIBC+16] formulate an Integer Linear Programming (ILP) to investigate the problem

of finding the bst deployment location for the VNF chain. However, they focus on the fronthaul
constraints, without considering the requirements of the network slice. Also, functional split is not
considered in this work. Arouk et al. investigate the deployment of nefwockion in hybrid cloud
infrastructure ANT17] [ATN+18]. They consider not only the overall latency constraint of the slice but
also the requirements of each VNF. However, they do not consider how the functional split affects the
computational resourcequirements.

All these works consider slices with the same constraints; however, 5G systems need to comply with
services with heterogeneous requirements, which determine the computational and latency constraints
of each VNF chain.

4.3.2.1 Problem statement

The prdolem of mininising the amount of total computational resources required to run S slices by
jointly optimising the VNF deployment and the computational resource allocation can be formulated as
follows:

%
S
p=x3
¢ mh
o
_<
¢
8,
¢
<
¢
©
(3
p=x
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where

1 Y andYj denote the amount of computationadaarces allocated by the central cloud and
the edge cloud to the VN¥of the slice .
1 Moreover,wy is a binary variable witlh; =1 if the VNF¢ is executed at the central cloud and
wp, =0 otherwise.
Here,the second and third egions abovelenote the resource allocation constraints at the central cloud
and edge cloud, respectively.
The constraint$ourth and fifth equations abowedicate that the sum of the processing latency related
to the VNF¢ plus the latency to communieaits output to theeighbouringNFs ¢ +1, ¢ -1) has to
be below specific latency constraints, i'&, andwy, , respectively.
Furthermoref; describes the processing latency, which depends on the node where the VNF is
exealted and the resources it receives, and it can be modelled as follows:
. _FWR _k P W :
h Yh Yh
The first term inaboverepresents the processing latency if the \éNE executed in theentral cloud
while the second term describes the processing latency if it runs in the edge cloud. Concerning the
communication latency, we assume it to be negligible when the related VNFs are located in the same
cloud. In contrast, when there is a spiétweere and its neighboring VNFs -1, the associated latency
Wp can computed as follows:

Qp . - o SR et g
~ — Wi P Wj wp p wy hlero, p_
W v 0 h
Bd)ﬁ'Q Qp wp h ¢ p

whereQ;,'Q, andQ denote respectively the distances between the edge and the cloud nodes, between
the edge and the access network, and between the central cloud and the access network. M@eover,
the speed of the fiber link (200 m/us) used to connect them.

The first case itthe above equatiatescribes the communication delay&agr 0 | p , when eithenis

the central cloud ana-1 is in the edge cloud aris the edge cloud andl is in the central cloud. The
second case describes the communication latency of thel\ith respect to the network functions
that cannot be virtueed, (i.e., the Radio Frequency functions implemented in the RRHSs). This latency
depends on whether tMNF 1 runs at the central cloud or at the edge unit.

Moreover, when there is a split betweeand its neighboring VNFRs+1, the communication delag,
can computed as follows:
Qp | ‘ ‘ SR et
QT WRP (*)ﬁv wp p wi hlefo,
T e .
The first case ithe equation aboveescribes the communication delaydgr0 , . , when eithek
is the central cloud and+1 is in the edge cloud oris the edge cloud and-1 is in the central cloud.

¢
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The second case indicates that themo communication latency related to the VNFwith respect to
a following VNF as it is last VNF in the slide. Therefore, the constf@inis only related to the
computational latency associated ta

Theoveralloptimisaion problemis thusnot easy to solve since 1) it is a mixeteger problem and 2)
it has norconvex constraints due to the coupling withinary variables.

4.3.2.2 Problem reformulation

Theoptimisation problemabovecan be reformulated as an integer linear programming Bz @griving
the computational resources needed to satisfy each VNF computational and latency constraints, by fixing
the cloud node selection as describefDihY19].

i ET Yi Y
h g
(&8 wrf mMph {7 Y70
Yy #h
Yy, #h
Qp O Wf OUQh 7 T O,
Qr 0O Wf vorph if YT 0  p

Qor Qp wf Loph if"Y

This new problem can be optimally solved through numerical solvers. Althtbigghew problems
equivalent tothe originalproblem, it can be more efficiently solved. First, as we have explicitly
computed the optimal resource allocation variables, the above problem is cishbteone third of
the variables ofthe original problem. In additin, by reformulating the latency constraints as
computational resource ones, we have chaiaetethe coupling within the binary variables through
new relations, which can be efficiently lineszd.

Extension to the multipleedge cloud case

We now analysé¢he optimal VNF deployment in a hybrid cloud infrastructure composed of multiple
edge clouds and one central cloud. In this case, depending on the resource availability and network
constraints, each VNF can be deployed either at the central cloud er @itthie multiple edge clouds.

We usel  tiplthE i+ to denote the set of nodes in the hybrid cloud infrastructure each of
computational capacity ; then, we define a new VNF association variablegssuch thato, p

if VNF £7 0 of the slice | "Yis assciated with cloud nod& 0 andwj Tmotherwise. Thenew
problemabovecanthusbe reformulated again as an integer linear programming (ILP) as follows:

(&8 i mip h ET ORT "7 0
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wp ph (7 "YET 0 h

Wherethe third equation in the problem abamesures that each VNF is effectively deployed at one and
only one of the clouds in the hybrid infrastructi@g; is the distance between nodes & 0, and

>"’doﬁh andg’doﬁﬁ denote the additional rates, required by VNFUO  deployed at clou&f 0 when

VNF¢ pandVNFE pareatclou€E E respectively. The above problem is still an ILP, although

it is more complex thathe first refornulatedproblem, mainly due to the higher number of variables.
Accordingly, to find efficient slice deployment solutions in scenarios with a large set of slices and/or
clouds, we propose a leeomplexity heuristic based on the special structneelatest ersion of the
optimisation problem

More specifically, the proposed heuristic is based on the finding that deploying a full chain in a single
cloud likely lowers the computational rate required by the slice, as it does not introduce any
communication delain the VNF chain. In addition, we take advantage of the similarity of our ILP with

the secalled bin packing problem, and thus we use in the proposed heuristic a best fit decreasing strategy
[MT+90], whose performance are known to be relatively cloghdooptimal one for the offline bin
packing. In the best fit decreasing strategy, the best fit for a new request is the feasible cloud with the
smallest available computational capacity (which is likely to be an edge cloud), to limit the amount of
resource which may be left unused. Moreover, since dealing with larger computational requests is more
difficult, the best fit decreasing scheme sorts the requests in a descending order and attempts to place
the slice with the largest computational request firdh.e pr oposed O6Best Fit wit!
(B-FIRST) strategy manages one slice request at each iteration; when there is no cloud with sufficient
computational resources to deploy the overall slice chain, the algorithm selects, within the flnctiona
split options, the one that enables to accept the slice request with minimum additional computational
resources. When a feasible split doesexdtt,or the slice request can be fulfilled, the algorithm attempts

to deploy the second most demanding sla®l so on. The algorithm terminates when all slice chains
have been tested.

4.3.2.3 Simulation results

In this section, we focus on a simple cloud infrastructure composed by a central cloud and a single edge
cloud. The goal is twofold: first, we aim to assessallvantage of the hybrid architecture with respect

to a more classic solution based on a central cloud; then, we target to highlight the advantage of our
optimal VNF chain deployment scheme over less flexible solutions. Tothal\fgst ILP optimisation
problem we use Gurobi [Gurobi2018)hich uses a branedndcut algorithm for ILP problems.

Figure4-17 shows the resource usietion gain provided by the usage of a hybrid cloud infrastructure
with respect to alassical CRAN architecture, as a function of the required VNF chains and for different
distances of the central cloud from the central macro cell. In this simulation, we focus on the optimal
deployment of chains related to a single service (eMBB), iardaiclearly evaluate the advantages of
the hybrid architecture over the CRAN approach.

We set the cloud computational capacity €gual to 13440 GFLOPS/s in the central cloud only
architecture; in the hybrid solution, the central cloud has two thirdeobverall capacity, i.e., 8960
GFLOPS/s, while the rest is available at the edge cloud, Fe4480 GFLOPS/gFirst, we can note

that, as expected, the larger the distance of the central cloud from the access network, the larger the gain
of the hybrid nfrastructure. When the distance is equal to 30 km, having an edge cloud leads to limited
gain as the hybrid infrastructure requires only 5% less of the computational resources needed by the
central cloud; however, up to ¥4 and 43% gains are measured &ithe central cloud is located at 90

and 150 km from the access network. For a given distance, the experienced gain slowly decreases when
the number of chains to be deployed increases when the nundieimdis low; then, beyond a given

number of chairf16 in these results), which depends on the edge cloud capacity, the edge cloud starts
to saturate and the central cloud is used also in the hybrid infrastructure, which notably decreases the
resource utikaion gain. Finally, it is worth to notice, thahe gain provided by hybrid cloud
infrastructure pave the way for a larger number of chains that can be accepted for a fixed value of
computational capacity. In fact, although the CRAN solution accepts up to 38 and 27 chains when the
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central cloud is locad at 90 and 150 km, in the same condition, the hybrid infrastructure enables to
serve up to 42 and 39 chains, which correspond to a gain%efalid 44%, respectively.
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Figure 4-17: Resource utilsation gain of a hybrid cloud infrastructureover a CRAN solution with
respect to the number of required eMBB VNF chains

In Figure4-18 we show the computational resources required by the hybrid infrastructure, when using
different VNF deployment schemes, as a function of the number of VNF chains. In this case, we consider
a mix of VNF chains, related to massive Machine Type Communication (mMTC), eMMB, and two
ultra-reliable low latency communication (URLLC) services. Wenmpare the performance of the
optimal deployment scheme with two simple solutions denoted as fixed split and fixed service. In the
fixed split solution, the VNF of each chain, independently of the type of service, are split in the same
manner. Specificallythe VNFs up to the lower Medium Access Control (MAC) (Bigrire4-19) are

deployed in the edge cloud, while the other VNFs are instantiated in the central cloud. In contrast, in the
fixed service scheme, the mMTeMBB, and URLLC 1 chains are always deployed at the central cloud,
while only the URLLC 2 chains (which has th@rdestatency constraints) are allotted to the edge cloud.
Dashed, solid, and dottethshed lines respectively represent the optimal soluthe fixed service
scheme, and the fixed split approach. Moreover, circle marked, cross marked, and square marked lines
describe the performance when the central cloud is located at 30, 60, and 90 km from the edge cloud.
First of all, we can notice ahd computational resource usage increases with the number of accepted
chains. The larger increase in the resource usage corresponds to the chains 3, 6, and 9, which are related
to the URLCC 1 service that has the largest bandwidth requirements and loesy kedestraints. Also,

we can observe as proposed optimal scheme greatly enhances the number of chains that can be
successfully deployed with the two static solutions, even when the central cloud is located nearby the
edge cloud (and the macro cell netwotk fact, for several problem instances, the static schemes fail

to find a feasible solution, in contrast to the optimal deployment approach.

Specifically, for d = 30 km, the optimal solution provides up 11 VNF chains, while the fixed service

and thefixed split achieves up to 8 and 5 chains, with a gain of 37.5% and 120% in term of number of
deployed services. These gains further increase when the distance between the central cloud and the
edge cloud augments: the optimal solution leads to a 266%nghirrespect to both the two static
schemes in terms of served chains whep@D km. Moreover, when.g= 90 km, it gains up to 166%

and 300%, with respect to the fixed service and the fixed split schemes.
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Figure 4-18. Resource utiisation of the different VNF chain deployment schemedth respect to
the number of required VNF chains; &8960 GFLOPS/s and ©4480 GFLOPS/s

However, when fixing the number of chains, the measurable gain in term of eesmage of the
optimal solution with fixed service and the fixed split schemes are lower: up to 5% and 1Q%36r d

km and up to 11% and 19% fox&60 km. For d =90, we measure up to 41% gain with respect to the
fixed service scheme; however, we tahmeasure appreciable gains with respect to the fixed split
scheme, since it fails to deploy more than two chains due to the large distance between the two clouds.
Overall, we can observe that when the number of VNF chains (or equivalegtlincreass, the
proposed scheme brings the required flexibility to balance the cloud load (i.e., moving VNFs from one
cloud to another) to make computational resources available for the chains with more stringent
requirements. In contrast, the static schelaessuch flexibility and lead to limit performance.

In the future studies, we will focus on learning how the slice requirements change during time, in order
to proactively move the VNFs from one cloud to another, and avoid service outages, as well to provide
efficient solutions when the number of variables is large.
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Figure 4-19: 3GPPfunctional splits [3GPP1738807]

Multi -cloud hybrid infrastructure

In this section we analyse the performance of the optimahsetior deploying VNF chains when each

macro cell of the network is equipped with an edge cloud riégere4-20 describes the computational

rates required by the optimal solution and the proposBtREBT heuristic with respect the number

of VNF chains. We assume here that the edge clouds and the central cloud have a computational capacity
equal to 2240 GFLOPS/s and 8960 GFLOPS/s, respectively. Solid and dashed lines correspond to the
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performance of the optimal solution and treutistic scheme, respectively. Moreover, circle marked,
plus marked, and cross marked lines correspond respectively to the cases where the central cloud is 30,
60, and 90 km far from the central macro cell.
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Figure 4-20: Overall computational rates required by the optimal solutiand the proposed
heuristic B-FIRST as a function of the number of accepted VNF chains=8960 GFLOPS/s and
C®*=2240 GFLOPS/s.

First, we can notice that, when the central clowfagice is not large (i.e., 60 km and below) and the
number of required VNF chains is limited (up to 8), the performance of the heuristic and the optimal
scheme is very close; in fact, in this case, both the optimal and the heuristic schemes deploy as many
VNF chains as possible at the edge clouds, and when a VNF chain has to be deployed at the central
cloud, the additional computational rate required in the system is limited. However, when the central
cloud is located at 90 km from the macro cell, everafemall number of VNF chains (i.e., 3 to 5), the
optimal solution improves of 56% the computational resource efficiency with respect to the proposed
heuristic. In fact, in this case it is necessary to properly select the VNFs to deploy at the central cloud
as those with stringent latency constraints will require a large amount of additional computational
resources to compensate for the communication delay introduced by the central cloud.

We now consider the case where the edge cloud capacity is largersatdo be 4480 GFLOPS/s. In
contrast to the previous results, the optimal and the heuristic approaches have very similar performance,
even when the central cloud is located at the largest considered distance. As we show in the zoomed plot
inside Figure 4-21, the two approaches have the same trend until the system comes very close to the
saturation. In fact, a resource ig#ion gain is appreciable, i.e., 10%, only when the central cloud is
located at a distance of 90 km frone ttentral macro cell and the number of VNF requests is larger than

23. In the scenarios shownkigure4-21, there is less need for flexibility and complexity as the edge
clouds are well dimensioned to satisfy large computati@upiests, such as those related to the URLLC
services, and the proposed heuristic can be used as efficient solution for the VNF deployment in hybrid
cloud infrastructures. This result highlights the need for investigating an optimal size design in terms of
computational capacity of both central and edge clouds to serve heterogeneous slices with a limited
complexity.
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Figure 4-21: Overall computational rates required by the optimal solutiand the proposed
heuristic B-FIRST as a function of the number of accepted VNF chains=8960 GFLOPS/s and
C®*=4480 GFLOPS/s.

Analysis with respect to the 5GloNArch KPIs

This study has a positive impact on both the sysesuuabilityandreliability. From the one hand, i
provides the ability of overcoming a resource outage in a specific cloud by moving a VNF in another
cloud where enough resources are available. From the other hand, by enabling dynamic VNF
deployment, the system increases the percentage of time in aviilsir provides optimal operations.
However, these advantages lead to a higher slice redowtpeintas moving slices far away from the

RAN or introducing split in the VNF chain increases the computational rate demanded by a slice.

4.4 Multi -objectiveresource orchestration

Multi-Objective (MO) optinsdion has been shown to be effective in fields such as economics,
engineering and muitnodal analysis [KDT14]. Additionally, it has been used to efficiently solve 5G
specific problems such as energy efficieahdling of base stations [FGY+17], VNF orchestration and
chaining [CZA+17], network deployment [TCS+15] and resource orchestration in network settings
without elasticity enabled [BJD+14], [BPL18], [XLY18]. This suggests that its use for the problem of
slice-aware resource allocation in mobile networks is promising.

Tackling interslice resource allocation problems in the context of elasticity enabled 5G mobile network
systems has been a topic that has garnered a lot of attention from both academics asdebusin
Researchers tend to focus on opgimg resource allocation based on a single objective e.g. [SCC17],
[ZLC+17] or two objectives e.g. [WFT+18] or optisation of more objectives but not a simultaneous
manner [PDD+17]. Moreover, the majority of theisting literature concentrates on modelling and
optimising radio resources e.g. data rate, physical resource blocks,-®igmiarferenceplus-Noise

Ratio (SINR), base station energy consumption etc., whilearatideringhe resources required by the
virtualised parts of the network. [HLS18] offer a resource allocation process that could be extended to
include such resources and in [DSM+18] such resourcemadelledin a generic manner, but no
solving process is offered. [SCC17] and [ZLC+17] study diptinisaion of slice resource capacity,
[DSM+18] and [BRH+18] study profit maxiisetion in conjunction with resource usi&tion efficiency.

In the following sectiorresults ofa MO approachare presentedhased on the problem formulation
presented ofbGM-D41]. Optimising the value of a single KPI, which couultto undesirableffects

with respect to th@alues of other KPI. Insteathie solutions investigated satisfy the KPI objectives
without being dominated by other solutions, i.e. none of #haeg of the objective functions examined
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can be improved in value without the value of some other objective deteriorating. This results in a set
of optimal tradeoff solutions between multiple KPls, a ntivial problem since there is no single
solutionthat simultaneously optises each KPI.

4.4.1 Resource allocation approach based on MOEA/D

The first step of the proposed approach is the identification of the available physical resources and the
formulation of the shared resource pool that will be used foirgethe slices. The available pool P
includes both network (e.g. bandwidth) and computational (e.g. CPU, memory) resources, located on
either the edge or the central cloud he entirety of the network and computational resources is noted
as:

P =r{r, érn,p,
Each slice corresponds to a service offered by the network, e.g., Virtual Reality (VR) or mobile
browsing.
Afterwards, the total demand per slice is defined as follows: Given the set of‘ﬁligiest:Eﬁ' , the set
of time periodsY 0 iﬁh)s ¢ and the set of user service requésis= e.Qq -Q 4., define as
‘O the vector that represents the list of requests that wait in the execution queueiofasliaee t.
The order of the requests in this vector represents their priority in the queue:

$4=0 . €q]
For each slice, the combined total of requests, requires an amount of resources in order to be served
Y% {ﬁp@,ﬁt@ ﬁﬁ gy With E being a subset of the available resources sePH? BNot all requests can
be accommodated, so for each requestigg per slice 8 S, functionQ[,j,s) is defined, where:

g _1l,ridgquésotr Ssclaincebe accommodated,
ST 0, i f not
The next step includes defining the objective metric for the optimisation procedure. The resource
allocation problem is formulated as a minimisation problem, with respect to minimising a list of KPIs
of interest, e.g. latency, energy consumption etc. Since the resource allocaticluggr@zen optimise
for either a single or multiple KPIs each time, the set of minimisation objectives is defined as:
JI{ KR, . I h, KP

where each;depresents a specific KPI, i£.0 .

The desired result of the algorithm is the definition of a mapping funf:tleHS%\? V(P ) for all

Q'TQ'S, andy 0 is the powerset of P. In other wordgiven the demanﬂ% and the available
resources P, function f returns a list of resources allocated ta@slitémeo, while also minimising
the list of objectives J. In this respect, the actual values of the KPIs utilisetd Jrdepends on the
selection of the mapping function f, i.e. J is a function of f: J(f). Finally, the algorithm allocates the
required computational resources as follows:

A QOICE 1J(f) subject tak BT &K P,CK B2 X
The above minirisaion problem is also subject any requirements concerning the minimum / maximum
values of a KRN J. These values depend on the scenario examined and/or SLAs, e.g., speed > 2 Mbps
for a slice that serves an Augmented Reality (AR) service, error @ata <for service that requires
high reliability etc. The proposed minimisation procedure observes the network performance J(f) and
re-allocates the computational resources based on the changes of d$%aﬂdsmentioned earlier,
the KPtbased constints in the previous equation do not only depend on the scenario, but also the
SLAs: there are three types of SLAs: 1) guaranteed, 2)lfiest with a minimum guaranteed, and 3)
besteffort. The first two SLAs provide additional constraints to thedasimisation equation, namely,

1)K B E(Q ©m(Q ©B A& and 2)K Bi(Q ©B! A& respectively for a slic&:

The problem formulation described, can be further clarified by the example that followdicafgci
let the required resources and cost per slice of a network be:
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while consumption for each resource for alledic

CPU consumption i8,,, 613\)3 'Bp% ’Bbm ,+

Memory consumption i ., 65,;3 +'Bt3c Ay +
Bandwidth consumptioAy,, 6553 3( Ryt

DatacentrePower consumptiof A3 +. A,
3¢

Transmit Power consumptidly, =4, +A,3 A
P q

The network has limited resources to offer@©,0,0,rs be the max CPU, Meony, Bandwidth and
data centre and transrmpibwer resources available respectively and A be the area covered by the network
base stations. Then, for every time pointy “Ywe can define our KPIs as objective functions and
specify existing constraints:
Area Capacity - 0 0Q number of users bandwidth served pdr ¢ in area
i=n,j=m
XUJ', ig ?S
. A
- i=1,] =1
User Equpment data rates- 0 UO, mean bps served

E Th
AOC | A@ &
E h

arg max

©

P
Cost efficiency- 0 0O, mean cost

=n,S%=m
AOC QJ| ElB ] BT
Resourceutil isation efficiency - 0 00, sum of each resource used divided by maximum available
amount of that resource:
E Th E i . . . .
AOC )QA 0] Q @ Q Q
E ph%’o' ’Btmo'&bmo'&*mo'&bmo
This process of minimeing the KPI values is subject to a number of constrains. It follows reason that
resource consumption cannot exceed available resources:
QiQ0 Ag
2612 Ag

Versionl.0 Page69 of 153



5G-MoNArch (761445) D4.2Final design and evaluation of resource elasticity framework

"0i@' 1 Ag
%1% Ao

As mentioned, additional constrains can be imposed either by SLAs, e.g. VR requires bandwidth > 4
Mbps or by required QoS, e.g., mean user data rates should be between 1.5 andp®MbpS O
T ). Using the definitions given above, and considering the constna@can form the final problem:

AOC g AOC EKBJ-K R, KEXK K]
which can then be solved.
A common approach to solve MO problems is decompositiarscalaisaion where the multiple
objectives are transformed into a single one, usually using some arbitrarily decided weights to account
for the importance of each objective function. Zhang and Li [ZLO7] proposed the-Ghjéctive
Evolutionary Algoithm by Decomposition (MOEA/D) which is used in the proposed method.
Evolutionary algorithms such as MOEA/D are a subset of evolutionary computation. Along with other
techniques and methods such as artificial neural networks, fuzzy logic or swarmentaligbelongs
to Computational Intelligence field of study, also known as soft computation, -dissipline of
Artificial Intelligence [SA13] [BHS97] [FJ08]. A common characteristic of these approaches is that they
are can effectively represent numerikaowledge, easily adapt to changes of the input data while
efficiently producing solutions in computationally hard problems.
In general, evolutionary algorithms evolve a population of candidate solutions. The fitness of each
individual belonging to thegpulation is computed through use of problem specific objective functions,
and the individuals with the highest values are used as the basis of a new generation of the population.
In MOEA/D each obijective function is decomposed to a single problem aneéxphaits evolutionary
operators to achieve combinations of the best solutions of eagiclem while maintain a record for
all nondominated solutions found. While weighted decomposition can be used with MOEA/D, in the
proposed approach Tchebycheff deposition is chosen since it does not require any input of arbitrary
weights by the user and performs well both in convex and-coowex problems [GF15].
There are various methods employed to handle problem constrains: we chose the method proposed by
Kuri-Morales and Quezada in [KQ98] to penalise all solutions that violate the chosen constrains.
The presented enabler can handle the resource allocation in an automated manner once the decision
maker expresses one or more preferences in terms of KPI impartan the context of thBG-
MoNArch resides in the network slice management function (NSMF) which contains the Cross Slice
Sel-Organising Management & Orchestration functions and more specifically the resource
orchestration modulésGM-D22].

4.4.1.1 Simulation data and scenarios description

The simulator was developed in Python and uses the PYGMO2 [BIY10] framework to solve the multi
objective optimisation problems. To perform the simulations, a synthetic data set was ¢reated:
network offering a number dafifferent services in an equal number of slices (e.g. web browsing, video
streaming, Internet of Things (IoT) sensor data and a VR application). For each service request, we
generate a timestamp and the resource consumption required to serve eachateqggesith the
‘aggregated' cost for these resourdéalues for the CPU and Transmit Power requirements were
randomly picked from a predefined range assuming a truncated normal distribution with a mean value

‘ and, 1@ty ‘. CPU consumption is assumed to have a linear relation with memory

(CPU * 0.8), datecentrepower consumption (CPU * 0.005) and cost (CPU * 0.003) while transmit
power is assumed to have a linear relation with bandwiddnsmit power * 150)sgeTable4-4). The
user requests distributions vary for each use case.

Two scenarios are examined in the context of an elastic network. In the first, resources assigned to some
of the slices are not useahd can be freed by the orchestrator for other uses e.g. for admitting a new
slice or for vertical scaling i.e. allocating them to a slice that requires more resources than those already
available. The total amount of resource requests does not excegybtimms total resources. Cases
involving new slice admission or terminating an existing slice are presented in an extension of the
enabler that is part of WP2 deliverables. In the second sce¢hanietwork is congested, iresources
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available to the gles do not suffice to cover all requests. In this case the different outcomes of the
resource orchestration process are examined as affected by different Kfiftictuzces.

Apart from MO using the MOEA/D algorithm, the NSGIAMO algorithm is used twerify the validity

of the proposed method; in both cases theKilgrales and Quezada penalty was used to deal with the
problem constrains. Two more approaches will be used as benchmarks for compariseatastiton
network with static slices, i.e. fixedsource allocation as well as a scheme of greedy resource allocation

in the case of the second scenario. In the greedy resource allocation method, requests are assigned a
random priority and all requests are served as long as there are resourcegavailabl

For each MO method 5 result®ereselected from the Pareto optimal solution set. Four contain the best
value for Area Capacity (AC), UE Data Rates (UEDR), Cost Efficiency (CE) and Resouisdibhil
Efficiency (RUB; for the last one the values of tlbjective functions for the Pareto set where
decomposed into a single value using weighted decomposition with equal weights (w = 0.2) and the
solution with the lowest value was chosen. This choice is used as a way to pick a solution that is balanced
for dl KPIs and is marked as best decomposition value (BDV).

Results about the percent of requests that are dropped for each method used are also provided, however
due to limited space only the solution with the best KPI value of Resourésstidtil Efficiency was

used for MOEA/D and NSGAI.

In order to better validate the performance of each method, $n = 1073$ simulation runs where performed
and the results where aggregated to calculate KPI or service request rates presented in the remaining
paper. All the algorithms were run using a population of 50, when using MOAE/D this population was
evolved for 330 generations while in the case of both NHG&x 340 generations.

Table4-4: Request resource requirementor each slice

Service CPU Bandwidth | Memory | Datacentre | Transmission | Cost
Power power
Web Browsing | 170200 | 255300 136160 | 0.851 1518 0.5110.6
Video Stream | 250/1300 | 375450 2000240 | 1.2515 212.25 0.750.9
IOT sensors 20i 30 30i 45 16i 24 0.110.15 0.110.2 0.06'0.09
VR app 900/ 1000 | 13501500 | 720'800 | 4.5'5 516 2.7 3
Max. available | 95000 79500 76000 265 530 N/A
Table4-5: Resource allocation and user requests for simulatioesarios

Web Browsing | Video Stream | IOT sensors | VR app
Maximum resources inelastic | 43% 29 % 15% 14%
case
User Requests Scenario 1 100150 40-60 220-250 5-8
User Requestk Scenario 2 120160 40-80 250310 7-8

4.4.2 Simulation results

4.4.2.1 First scenario

In the first scenario, the maiiocusis to compareesource allocation betweem elastic and a nen
elastic network. In the neelastic network, it is assumed that fixed resources have been allocated to
each slice Table 4-4).The synthesed data used was created so that the demands from the Web
browsing slide require more resources than those allocated in thelasbic scenario but the total
resource requests do not exceed total resources available.
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Table4-6: Aggregated mean KPI values for different solution choideScenario 1

KPI | Area UE data Resource Ut. | Cost Efficiency

Solution Capacity Rate Efficiency

MOEA/D (CE,AC,RUE)* 231.082 139.567 3.824 0.584
MOEA/D (UEDR) 224.783 175.352 3.440 0.592
MOEA/D (BDV) 231.163 142.826 3.785 0.588
NSGA-II (AC) 230.548 139.489 3.818 0.585
NSGA-II (UEDR) 196.942 157.551 3.041 0.597
NSGA-II (RUE) 230.539 139.487 3.819 0.585
NGSA-Il (CE) 230.527 139.468 3.818 0.584
NSGA-II (BDV) 202.075 142.373 3.3441 0.585
Unelastic 217.179 215.591 2.789 0.605

* MOEA/D solutions for best AC, CE, RUE KPI values coincide in scenario 1

After the optinisation using MOEA/D for AC, REU or CE KPIs, the network resources are efficiently
allocated sao requests are rejected. In contrast, the legacy network cannot serve all requests, since
slices need more than allocated resources. Dashed red lines shows resource limits and red areas show
servicedegradatioror rejection caseséeFigure4-22).

In terms of KPI performance, different choices of MOEA/D outperform all the other isgiiom

methods in terms of Area Capacity and ResourcasHion and shares the best results in the Cost
Efficiency KPI with NSGAIl method. Conceri ng t he O6bal anc eBDYsoktmh uti on,
outperforms the corresponding NS@lAsolution in all KPIs apart from Cost Efficien¢yable4-6).

(1) Non elastic network

1 6 11 16 21 26 3 36 a1 46 51 s6 61 66 71
(2) Elastic network

1 5} 11 16 21 26 31 36 41 46 51 56 61 66 71
time

BN VR Slice Video Slice B Web Slice 10T Slice Free Resources M RREjected Resource
equests

Figure 4-22: Behaviour of instances of a (1) nealastic and (2) elastic networsptimised for
resource efficiency using MOEA/D, iscenario 1

The suggested optisation method clearly outperforms the NS@lfapproach in terms of requests that
either are dropped orilivbe served in a degraded state, since it is the only allocation method where all
requests are fully servddable4-7).

Table4-7: Percent (%) of Requests that areaped inScenario 1

Method | MOEA/D NSGA-Il (RUE) Inelastic
Service (RUE)
Web Browsing 0 0.002 3.353
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Video Stream 0 0.012 0
IoT Sensors 0 0.093 0
VR application 0 1.384 0
Average 0 0.373 0.838

4.4.2.2 Secondscenario

In the second scenario, the available vese pool does not suffice to cover the service requests in at
least half (50%) of the cases examined in each simulation run. MOAE/D displays the best performance
(Table4-8) in all KPIs apart from the Cost efficiey KPI, where the results using NGS$lfare better.

In all the cases apart from the UE data rate KPI, pobliective methods produdeetter results
compared to amelastic network.

Similar to the first scenario, the MOEA/DBB DYV 6 b al a n ¢ e peéfornts ¢the cotreisppnding o u t
NSGAII solution for all KPIs apart Cost Efficiency and the Greedy solution for all KPIs. Concerning
request drops when optising for the Resource Usiion KPI, using MOEA/D results in 4.087 %

drop, lower than the results dhe inelastic approach but higher than the results of Greedy resource
allocation Table 4-9). However, it should again be noted different service requests have different
resource utisation needs thus contributirdifferently to the final value of Resource litéion.

Table4-8: Aggregated mean KPI values for different solution choideScenario 2

KPI | Area Capacity UE Data Rate Resource Ut. Efficiency CostEfficiency
Solution
MOEA/D (AC) 334.91 185.402 4.666 0.592
MOEA/D (UEDR) 316.627 210.038 4.271 0.604
MOEA/D (RUE) 334.854 185.622 4.762 0.592
MOEA/D (CE) 334.421 187.341 4.631 0.593
MOEA/D (BDV) 333.63 175.614 4,754 0.586
NSGA-Il (AC) 334.347 179.54 4,713 0.589
NSGA-Il (UEDR) 284.19 179.682 3.936 0.589
NSGA-Il (RUE) 334.497 179.496 4711 0.588
NSGA-II (CE) 334.347 178.682 4,711 0.589
NSGA-II (BDV) 294.507 157.98 4.3921 0.564
Greedy 292.804 151.895 4.588 0.589
Unelastic 295.145 205.47 3.646 0.617
Table4-9: Percent (%) of Requests that are droppeddcenario 2
Service| MOEA/D NSGA-I Greedy Unelastic
Method (RUE) (RUE)
Web Browsing 0.052 0.284 2.405 14.179
Video Stream 0.03 0.855 2.35 4513
loT Sensors 12.505 8.894 2.401 16.057
VR application 3.762 4.902 2.441 0
Average 4.087 3.734 4.045 8.687

4.4.3 KPI takeaways

We approached resource orchestration of a 5G network with slices as -®bjedtive problem. A
scheme based on an evolutionary algorithm, MOEAVBs proposed to optisea number of network
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key performance indicators in a simultaneous manner, using these results to effectively allocate network
resources to the network slices. To facilitate an easier overview of the enablef glalie;10 presents

the percentage difference between the KPI values resulting by the orchestrating the network with the
proposed enabler compared to in aelastic network and the greedy allocation scheme described in
4.4.1

Table4-10. Percentage difference of enabler results compared to unelastic and gneeidyork

schemes

Area Capacity | UE data rate Resourcattilisation | Cost efficiency

- MOEA/D MOEA/D efficiency MOEA/D | MOEA/D

(AC) (UEDR) (RUE) (BDV)
Scenario 1 6.238 % -20.585 % 31.30% -3.532 %
Unelastic network
Scenario 4 12.622 % 2.199 % 26.546 % -5.158 %
Unelastic network
Scenario 2 Greedy | 13.416 % 32.139 % 3.722% -0.51 %
allocation

4.5 Slice-aware elastic resource management

The aim of the slicaware elastic resource management is to allocate the available physical resources
among different slices with different serving priority and QoS requirements. The developing approach
in this framework has two main parts: a) allocation of radio resources to each slice b) allocating enough
computational resource to each slice to process the assigned radio resources. As it is disb@ded in [
D41], the resource management in midtantvirtual environment has four main steps:

1 Forming the available resource pool,

1 Estimating the total radio and computational capacity,
1 Allocation of available resources to different slices,

I Observation and update.

The developed slicaware resource managemén the scope of this project usesk#dsed approaches
to improve the resource allocation elasticity and utilisation.

4.5.1 Al-based sliceaware resource management

The common Radio Resource Management (RRM) algorithms either can allocate resources in passive
mode (i.e. adopt the allocation after observation of demand change) or they allocate based on maximum
demand assumption. To improve the elasticityesourceallocation and increase the radio resource
utilisation, the algorithms need to have a predictidrdemands to enable elastic resource allocation.

The demand prediction is even more important in computational resource orchestration and
management. Creating a new instance in the cloud environment can take up to several hundred
milliseconds. Provisionig of the VNF chains for the higbad leads to extra CAPEX and OPEX but

the prediction of traffic demands for network slices enables the elastic computational resource
management and Cost efficiency.

The proposal is to train a Deep Neural Network (DNNhwie historical data and records to predict

the traffic demand in the next design interval based. The prediction is based on traffic deidand in
previous intervals. After observing the demand in each interval, the neural network fast retraining can
updae. This way it can cope with slow and letagm changes in traffic pattern behaviour. It worth
noting that the predictor cannot predict the sudden variation of traffic and it predicts the average demand
in the next time interval. The traffic predictor hig paper, is a deep neural network with 2 dens layers

of 16 neurons and RelLU activation function and a sigmoid activation function for the output layer.
Figure4-23.a presents the deep Neural network architecture with two tsmesswith ReLU activation
function. It is used to predict the traffic demands of two network slices with different behaviour and
Figure 4-23.b shows the predicted against the actual traffic. Virtual resource management models,
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consegently, can now consider also predicted slice demands to adapt the service provisioning; for
example, some services may have a reparative pattern or may only be active during certain times of the
day or year.
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Figure 4-23: Traffic demand prediction using deep learning

Having the prediction of demand, the allocation optimisation model can be modified to consider
allocating radio resource based on the demand of each network slice. The computational tesources

are allocated after determining how many PRBs are allocated to each network slice. Based on allocated
radio resources to each slice, the computational resource management algorithm takes the computational
models for each VNF and decides how many cdatfmnal resources to allocate to each network slice.

The computational modelling for PHY layer is presented in the last section. In the same research path,
the profiling of the higher layers is presented in Sedién

4.5.2 Slice-aware elastic resource management model

The allocation of available radio resources to different network slices can be fodnasatbe
optimisation problem to maximise the weighted network throughput subject to constraints including the
Service Level Agreements (SLAS), the total network throughput, and fairness in addition te under
stacking and violation penalties. The propose model is based on the model described in [KCFC+17] but
it is modified to consider the traffic demand of each slidee former models ignore the traffic demands
of the network slices, which it can be interpreted as assuming that the network slices always have higher
demands than the allocated radio resources; Hence, they can always fully utilise the radio resources
allocated to them. In the new model, the deep neural networks first predict the traffic demands and this
prediction can be corrected with a confidence coefficient
YooY
-ADPO -AbPO
where:
1 Y :the corrected demand prediction for slice

1 'Y dthe demand predicted by the DNN for slice
1 T :the correction factor for slige
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In addition to traffic prediction, the intatice radio resource management model has two otbents
part: i) Estimation of the total network throughput, ii) Allocation available resource to the network slices.

Estimation of the Total Network Throughput

The models for inteslice radio resource management model, in first step, map the numbailablav

Physical Radio Blocks (PRBs) to the total network through@1H]. The achieved data rate by
assigning a single PRB to a terminal varies based on different parameter such as the channel quality and
the selected Modulation and Coding Scheme (M88Yyertheless, it is possible to have the data rate of

a PRB as a function of Signed-InterferenceplusNoise (SINR). Based on the distribution for SINR is

by modelling the network asktier network, in which the Radio Remote Heads (RRHSs) are spatially
distributed as a Poisson Point Process (PPP) with a given density and transmission power, the Probability
Density Function (PDF) of a single PRB can be calculated. The convolution of PDF of all the available
PRBs provides, the PDF of the total networkotighput, assuming the channels are independent.
Finally, the estimation of the available network capacity is possible by having the PDF and CDF
(Cumulative Density Function) of the total networks data rate. This estimation is crucial in the allocation

of resources described in the next sections. Using the same approach, one can map the allocated
throughput, i.e. the output of the optimisation, to each network slice to the number of required PRBs.

Radio Resource Allocation to Slice

The proposed model forlatation of radio resources to different network slices is a robjgctive
optimisation model. These objectives while related, they may be contradictive. The objectives are as
follows:

Slice Priority is the primary objective in the proposed model andsdorallocate more radio resources

and higher throughput to the slices with higher priority. Hence, the related objective function in the
model is the weighted throughput given by:

Q =|1L'° 0 Y

-ADPO

where:
1 "Q :slice priority objective function,
=| iL >°vector of serving throughputs,
'Y :serving (allocated) throughput to slice

0 : number of network slices,

0 :serving weight of slice

The serving weights in the equation above defines the priority of slices. The slice with relatively higher
serving weight is have relatively higher priority and the model tend to &dlonare resources to it
comparing to the other slices. It is common practice to have the summation of the serving weights equal
to unit.

Understocking is the focus of the second objective function. It is ideal to allocate to each slice what they
are goingo demand. However, there are cases where there are not enough resources available to serve
all the requested throughput from all the network slices. In these situations, the allocated throughput to
each slice is going to be smaller than the predictechddnThe understocking, in the framework of this
paper, is a nonegative value equal to difference of the predicted demand of a slice and the serving
throughput of the same slice. The model tries to minimise the summation of understocking throughput
givenby:

1
1
1
1

where:
1 "Q :understocking objective function,
1 =|$+ Yvector of understocking throughputs,
1 Y :understocking throughput to slicegiven by:
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Y o T EMAY Y
It is worth noting that the correction factor introduced in the equation above contains the overstocking
(i.e. allocation of resources to a network slice more than the predicted demand.
Violation of Service Level Agreements (SLASE the next objective in the intstice radio resource
management model. The allocated resources to each network slice should meet the requirements dictated
by the SLA of the slice. While slices may have different SLassit is introduced in [SGND41], the
three main SLAs categories are as follows:
1. Guaranteed Bitrate (GB): This type of SLA guarantees the network slice throughput to be
higher than the minimum guaranteed data rate and less than maximum guaranteéel data ra
Yo oY Y

-ADPO -ADPO -APO

-ADPO

where:
Y : minimum guaranteed data rate for slice
Y : maximum guaranteed data rate for sljce

2. Best effort with minimum Guaranteed (BG): The minimum throughput for the network slice
is guaranteed in this type of SLA. However, allocation of more resource is subject to availability
of resources.
Y -ADO Y -ApoO
3. Best Effort (BE): A network slice with besgffort SLA is only served when there are resources

available and no throughput is guaranteed.
So, the model should not allow any violation of SLAs. Under circumstances where the violation of SLAs
is unavoidable (e.g. when there are not enough resouressjhth summation of violations has to be
minimised. The SLAs violation¥Y , is the difference between the demanded guaranteed data rate, given
by:

Y ETY —AD%Y -ApPO Y -APO

Fairnessis the final objective the new model for indice radio resource management. Although it is
desirable to serve the slice with relatively higher serving weights (i.e. high priority slices) with higher
throughput, not serving the other slices is not an acceptable output. The last objectives in the model
ensure that the slices receive the predicted demand data rate when there are enough resources. However,
the fairness objective in this model makes sure the violation of SLAs and understocking are distributed
among all the slices based on their priorityhia tongestion situations.
In the case of understocking, demands and serving weight are the two parameters, which the fairness
considers. Regarding demands, it is only fair if the understocking of slices with high demands to be
higher. For example, Il@bps understocking for a slice with 108bps demand as well as a slice with
10 Mbps is not fair. In the former case the slice received 90% of what it has demands while in the latter
case the slice is not served all. Now assume that both slices have the sameaidemandput their
serving weights are different. The fair allocation suggests the slice with higher serving weight (i.e. the
more important slice) experience less understocking.

Hence, a fair resource allocation considering understocking is Wwherohdition below is achieved:
lgq— - e 1
a Y V] Y
In the case of violations, the fairness only considers the violation weightsThus, the fairness
condition in this situation is:
S p o
'qu 'Y 5 0 Y L1

However, it is always neither possible (i.e. the constraint imposed by SLA) nor desrabtesty the
aboveconditions,but the goal is to minimise the diversion from these conditions. Hence, the objective
function for fairness is:
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o bk Y Y

here:
I "Q: fairness objective function,
q =| % Y vector of understocking fairness derivation,
1 Y :understocking fairness derivation for slice
1 =| #3: vector of violation fairness derivation,

1 Y :violation fairness derivation for slice

Based on the objectives discussed above, a-ohjkictive linear program optimisation problem as
follows:

s 41 1 Qv Ay QY | QY
I'p . .
'y Y Y
(M
'y . .
|°I’U Y p L Y
g — _ Y
lr vy 0 Y
i 88,
Ly 0
Py — 0y Y
(M3 L
'y
:}’ & Q&Y Ry Y Y
w Y oo Y _ae
where:
1 Y :the total network throughput,
T | :weight of fairness objective,
1 | :weight of volition objective,
T | :weight of understocking objective.

It worth noting that the desired values for the fairness, violation, and understocking objective function

is zero while as the total network throughput increases, the weighted sienstice data rate, i.e. the

main objective function, increases. Hence, the weights of the other objective functions should be relative

to the total network throughput. However, these studies consider a comparative big weight (>10000
times ofthetotah et wor kés throughput) as the objective we

4.5.3 Computational resource provisioning

Profiling the computational complexity of the network function is essential for provisioning and
allocation of computational resources in the virtual rteftiant environm&. The virtualisation of
networks is going to change the business models and the stakeholder models. One of these changes is
the emergence of small to medium size Small and Medium Enterprises (SMEs) as VNF providers, which
are going to offer different setf VNFs as their product. Different realisation of a VNF may have
different computational performance while the functionality of the VNF stay the same, e.g. a PCDP
module from two different providers. Hence, the modelling of computational complexity 6 Yibis

to be updated not only for different VNFs but also for the same VNFs provided from different VNF
providers.

The work in [KSR18] presented the computational modelling of PHY layer of RAN based on Open Air
Interface (OAI) realisation [OAI]. After measng the processing time of different network functions,

the correct coefficients are chosen using the Lasso technique [Tib96] to map the processing time to the
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relevant input variables (e.g. Modulation and Coding Scheme, MCS), CPU frequency, and rfumber o
processing PRBs)., as follows:

where:
1 T :the measured processing time,
1 0 :number of PRBs processed by the network function,
1 "Q: working frequency of the GPof host machine,
T 1 : model 6s coef [KSRIBljent s presented in
T O :theindex of selected MCS.

Having the model for the computational complexity, the Infrastructure Provider (InP) can provision the
required computational resources (i.eP\LC cores) to process the traffic. Elastic management of
computational resources enables InP to offer the acceptable QoS while reducing its costs. Hence, proper
provisioning of the resources is essential step toward implementation of elastic resourcemaaniage

a multislice environment.

Based on the computational models for the VNFs, the required computational resources can be
calculated based on the probability function for input SINR and its mapping to MCS index. The

Cumulative Density Function (CDFJ 8INR in a generic scenario can be modelledd38+17:
8

0a” p Q
where:
1 ”:the SINR,
1 | :pathloss exponent, ¢8

The mapping of SINR to MCS index is highly dependent on the implementedéipkation techniques,
which with acceptable simplifications can be model as a linear function as follows:

! r o r
Hence, the CDF of processing time of a PRB is:

i 7}’ 66 i S‘/ [e)e)
. Q Q
0@ t o8 60 T 60 T 60 . .
8 Y 00 8 Y 00
Q Q
where;:
Y1t a6 | 1 Q(d 60 |

The Probability Distribution Function (PDF) of the processing time a VNF, when it is procéssing

is0 time auteconvoluion of the PDF. The final output can be used to decide how many PRBs each
CPU core is supposed to process.

The Probability Density Function (PDF) of the processing time a VNF, when it is procéssings

0  time auteconvolution of the BF. The final output can be used to decide how many PRBs each
CPU core is supposed to process.

4.5.4 Numerical results

The chosen scenario to evaluate the performance of theslicieradio resource management model is
based on the scenarios describedk@4]. The scenario considers a serving area, which contains
16 cells with radius of 40én each with 50°RBs. The total network throughput estimated iSEbps.

The terminals in this scenario require the average throughput\db@8 for each terminal [Cis8land

the network slices contract data rates relative to their numherminals
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Y Mbps](3 Y Mb p s ]
where:
1 Y :the contracted data rate of slice,
1 0 :the number of User Equipment (UE),
1 Y :the average data rate per UE.

In addition, there are three network slices with three different SLAs. Slice GB has guaranteed data rate
SLA and the allocation of resources has to guaranteed throughput between 50% up to 100% of its
contracted data rates.hile the BE slice has only minimum guaranteed data rate of 25% of its contracted
data rate. Finally, the allocation of resources to slice BE is subject to availability or resources. All three
slices have the same services and the same contracting dafeabd¢el-11 summarises the serving,
understocking, and violation weight for different slices.

Table4-11: Weights and the SLAs for the slices

o “ »o O o =| il_Mb . =| ﬁ_t; s
GB 0.07 0.63 0.5Y Y
BG 0.02 0.18 0.25Y N/A
BE 0.01 0.09 0 N/A

In the first step, the performance of the irgbce radio resource management propoeetis paper is
evaluated under the fullemand mode (i.e. when the network slices demand all the contracted data
rates). In this case study, the number of UEs per slice is swept from 10 active terminal up to 350
terminals.Figure 4-24 illustrates the allocated throughput to each network slices as the function of
number of UEs per slice.

1.6 w
14 —BG ]
BE ‘
121 Prec E@
GB Min. Rb . ]
_ o 1r BG Min. Rb ]
Z
©0.8r 3
O
e
0.6+ 8
04 | Yﬂ364. o _
B \ éo.zs
02+ 1

50 100 150 200 250 300 350
Number of UEs

Figure 4-24: The allocated throughput to each network slice in flemand

Accordng to the figure, the total traffic demands per slice increases Uphh$. Given the 1.&bps

network capacity, it is not possible to serve all the slices when all off have the full demanded throughput.
The graph shows that the understocking (i.e. rotisg the demanded throughput) starts happening
when the demand per slice reaches to GBfs. As the demands per slice increases, slice GB with the
highest serving weights comparatively receives higher throughput than the slice BE with lowest serving
weights. The slice BE does not receive any more resources. The violation to the minimum guaranteed
data rate of slice BG happens when the total number of UEs reach to 80 terminals and they demand the
total throughput of 1.0&bps.
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In the next step, the nurabof UES per slice is fixed to 180 but they are not demanding all the contracted
traffic. The traffic of slice BG is fixed on 45% of contracted data rates equal t@spi5 while the
demand of the slice GB is increasing the demand of slice BE is degre@igiure 4- presents the
predicted demand versus the allocated throughput in 20 observation intervals.

1.2 .
——GB
1> Prec GB
BG
Prec BG
0.8 BE
> Prec BE
_8- ——-GB Min.Rb
O06H - BG Min. Rb
o
o
0.4 F-"Ttaee -
X9
Y 0.3364
0.2 prmrrmrmgprmrr e e 1
1 1 —k

5 10 15 20 25 30
Observation Interval
Figure 4-: Resource allocation to the slices with demand prediction

It is apparent thathe slice BE and BG are also received the full demanded throughput up to ninth
observation interval, where the demand of the slice GB passedNBps4 Comparing the numeric

results fromFigure 4-24 and Figure 4- demonstrates the multiplexing gain using the throughput
prediction. Using the former algorithms, the slice BE would have not received any throughput. The slice
BG also is experiencing higher data rates since the mgsiriamt slice, the slice GB, is not fully
requesting its contracted data rates.

It can be concluded that the second scenario, the new model increases the elasticity of resource
allocations The target KPIs effected with this algorithm is the total sethremighput andhe required

number of CPUs. While the maximum total network throughput has not ahahgeesults show that

the totalservedthroughput canncreases. The algorithm can improve the complexing gain by sharing
the infrastructure among muydte slices. Alsothe proposed algorithm can now scale the computational
resources according to traffic demands and allocated radio resources. Hence, the required computational
resources (i.e. total active CPUs time) reduces. These changes of to KPIsabbmally translate to
morecostefficientrealisation of networKt also can be represented as better service quality offer with

the same amount of CAPEX.
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5 Elastic resource management

With the mushrooming of different services provided by differeranienf the network envisioned by

5G, the slow scale, rather static and immutable resource allocation strategies that were usually adopted
by previous generation will be soon outdated. That is, elastic orchestration algorithms are needed to
efficiently expbit multiplexing gains across slices. White algorithms presented@hapte, we also

focused on the resource assignment problem &orartificial intelligenceperspective, in thi€hapter

we first provide a proof of thamportance of elastic orchestration algorithms (Sechdh and then

specify a number of them along with their numerical results.

Sice-aware computational

o e

Game theory

/ approach to

Resource
Assignment

Management & Orchestration

OLI|

| NBI

Controller

‘son) Profiling of

X S\ computational
c é [cVINF] CVNF complexity of

= .-,: O g0 RAN

Cross-Slice NFs [XMFs) Intra-Shce MFs (INFs)

Sice-aware Automatic RAN Configuration

MNetwork

Figure 5-1: Innovations on elastic resource amagement on top of 5&oNArch architecture

The enablers described in tiihapterare mostly related to the efficient orchestration, so they mostly
reside in the MANO layereither encompassing all the elements (Shiemre computational resource
allocaion in Sectiorb.3or Game Theory Approach to Resource Assignment in Segdpar a specific

one (the VIM, for the Profiling of computational complexity of RAN, Sectos). Finally, we also

define a specific Network Function that is able to translate such resource assignment into practice (the
Slice Aware Automatic RAN Configuration, Sectibr).

5.1 Data drivenmulti-slicing efficiency

Network slicing has profound implications on resource management. When instantiating a slice, an
operator needs to allocate sufficient computational and communication resources to its VNFs. In some
cases, thesmsources may be dedicatedc@ming inaccessible wther slices$PF+1T. Alternatively,

elastic orchestration algorithms can be employed to dynamically allocate resources to slices based on
the timevarying demands of tenantBNIK17, KN17] following the elastic orchestration framework
described above. 8h algorithms introduce additional complexity, and may in some cases hinder
resource isolation, the corresponding guarantees to tenants, and/or the ability to deploy fuligelistom
slices.
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Figure 5-2: Network slicing types from a resource ushtion perspective

Figure5-2 shows that there is an inherent tradfeamong: i) service custds#ion, whichfavoursthe
deployment of speci@led slices with tailored functions for eashrvice and, possibly, dedicated and
guaranteed resources; ii) resource management efficiency, which increases by dynamically sharing the
resources of the common infrastructure among the different services and slices; and, (iii) system
complexity, resultig from deploying more dynamic resource allocation mechanisms that provide higher
efficiency at the cost of employing elaborate operation and maintenance funStsisg

Slicing strategies can be cateiged as inFigure5-2. In general, slicing strategies at the higher network
layers provide a lower level of cust@aion yet they can more easily achieve efficient resource sharing
without additional complexity. Indeed, when slicing occurs at high layers (gg-A}y the operator
cannot offer full customsation, but it can easily employ highly dynamic allocation schemes for the lower
layers; in contrast, achieving such an efficient resource allocation is much more challenging when
considering network slicing semes with stringent custdsation requirements (i.e., strategies
involving the lower layers down to tyge slicing). For instance, when all slices have a common MAC
layer, an efficient sharing of radio resources is easy, yet MAC is not tailored to ffeerdi needs;
conversely, if each slice implements a different, cusgestnMAC protocol, it is more difficult to
efficiently share radio resources.

So, our aim here is to shed light on the tratfe between custoisetion, efficiency, and complexity in
network slicing, by evaluating the impact of resource allocation dynamics at different network points.
Based on our analysis, it is thus possible to determine in which cases the gains in efficiency are worth
the sacrifice in custoisaion/isolation and/or t extra complexity. Since resource management
efficiency in network slicing highly depends on the traffic patterns of different services supported by
the various slices, we build on substantial sergwel measurement data collected by a major operator

in a production mobile network, and:

1 quantify the price paid in efficiency when suitable algorithms for dynamic resource allocation
are not available, and the operator has to resort to physical network duplication;

1 evaluate the impact of sharing resourcesliierent locations of the network, including the
cloudified core, the virtuaded radio access, or the individual antennas;

1 outline the benefit of dynamic resource allocation at different timescales, i.e., allowing to
reallocate resources across sliagh different reconfiguration intervals.

5.1.1 Networks scenario and metrics

5.1.1.1 Networks slicing scenario

Let us consider a mobile network providing coverage to a generic geographical region, where mobile
subscribers consume a variety of heterogeneous servicesofdrator owning the infrastructure
implements slices’s S, each dedicated to a different subset of services.
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Figure 5-3: Hierarchical mobile network architecture

We assume that each slice can be imphapt according to any of the strategied-igure 5-2. To

capture such a general scenario, we model the mobile network architecture as a hierarchy composed by

a fixed number of levelsxe 1, ¢é , L) order wd(l=flytothe mosheentisdd st di s
(I = L), as illustrated irFigure 5-3. Every network level | is composed by a ebf network nodes,

each serving a given number of base stations. In the two extremes, we-Haweherenetwork nodes

in 6 have a bijective mapping to individual antennas, @nd., whered contains a single network

node controlling all antennas in the whole target region. In between, fiok 1. the number of network

nodes in0 decrases withd, whereas that of base stations served by each such node increases
accordingly. This allows us to capture a wide range of network slicing deployment from the edge (lower
values for) to thecentrecloud (higher ones).

5.1.1.2 Slicespecification

Network slicing allows the operator to fulfil minimum QoS requirements requested by each tenant. We
capture such requirements as a slice specification z, which is established so as to ensure a sufficient
service quality for the slice demands. More precisedfica specification involves:

(i) Guaranteed time fraction f : the operator engages to guarantee that the traffic demand of the slice is
fully serviced during at least a fraction f0, 1] of time.

(i) Averaging window length w: the operator commitment on fraction f above is intended on discrete
time demands of granularity w, with traffic averaged over the disjoint time windows of duration w.

To ensure compliance with the requirents, the operator shall guarantee that enough resources are
allocated to all slices’s S at every node't 6 of each network levet Formally, the required amount

of resources needed to meet a slice specification z = (f ,w) is computed as.follow

Leté O denote the load offered by slice s at node ¢ and time t; al§0716R (k) =—. € 5 0 Q0

be the average load over window k covering a time interval of the s me name with duration w. Let us
also dente byi  ‘Q the amount of resources allocated to slice s at node ¢ during window k. According
to the above requirements; "Q has to be set such that the following inequality holds

00 E T E A
where P (:) denotethe probability of the argument. Basicaltile above equatiostates that the
resources allocated should meet the demand for at least a fraction f of averaging windows

5.1.1.3 Resource allocation to slices

In presence of elastic orchestration algorithmsyéiseurce allocation can be-medulated over time.

If, at some node c, one could reallocate resources at every averaging window, it would be sufficient to
assign to a slice s the resources it requires during that window with probability at least fnactmordi

the above equatiodowever, in practice the periodicity of reconfiguration is limited by the adopted
slicing strategyseeFigure5-2.) as well as by the constraints of the underlying technology.
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Let wus ad swigtee minimarttiméneeded for resource reallocation, which we refer to as a
reconfiguration period. Let us denote by i the¢ reconfiguration period within the set T of all the
reconfiguration periods that compose the whole system observatigratsn®y;, 1

is the amount of resources allocated to slice s in node ¢ during the reconfiguration period n, under
specification z. Since no reassignment is possible within a reconfiguration periodxtf@ri £ ,

for all averaging windows k within reconfiguration period n. In compliance with Equation (1), the
allocation of resources at reconfiguration period n shall be such that the offered load does not exceed

i 5 € for atleast a fraction f averagimgndows encompassed by n.

Let& i be theCDF of the demand for slice s at node ¢ during reconfiguration period k, averaged over
windows of |l ength w: t hen, thetaboge equatiotanhecomputEdcag , s ( n
ir € =G "Q.

Once we have computéd;, ¢ , we can define the amount of resources that the operator will need to
allocate at network level | over the entire system observation period as

25 ttiy € 8
N ND g ND
The above equation resents the total amount ofseurces needed to meet slice specifications z, under
the possibility of dynamically reonfiguringtte al | ocati on. with periodicity

5.1.1.4 Multiplexing efficiency

The equationlaoveprovides the total amount of resources that the operator needs to provision in order
to satisfy the commitments with all tenants. In order to unveil the implications of this value, we compare
it against a perfect sharing benchark. In perfect shar@) the allocated resources correspond to those
required when there is no isolation among different services, hence traffic multiplexing is maximum.
Formally,

0p B.wi,B vy Z1O 1
where rEcz (n) denotes the resources needed to
reconfiguration period n, aggregated over all slices. For the sake of fairness, the same specification z =
(f,w) assunad for individual slices are enforced in the benchmark providettidogxpression above
Thus,i ¢ = ¢ "Q, where'Q, is the CDFof the total denand for mobile data traffic at node ¢
during reconfiguration period, mveraged over windows of length w.
Taking the above benchmark, we define the multiplexing efficiency as the ratio between the resources
required with network slicing and those needed under perfect sharing, i.e.,

% 2 0y

This equationrefers to network levak resource reconfiguration inte
specification z.
In summary,%y;, quantifies the efficiency of the network slicing paradigm in terms of resource
management: &y approaches Ihe total amount of slicesolated resources tesitb that assured by
a perfect sharing. Indeed, with perfect sharing we can allocate resources at a given level according to
the total peak demand over the reconfiguration period, while with neslioikg, we need to allocate

resources according to the peak demand at each slice, which becomes inefficient when such peaks occur
at different windows.

5.1.1.5 Case studies

We evaluate the efficiency of resource allocation in a sliced network by considering twacreasist

studies in modern metropolitanc al e mobi |l e net works. As mentioned
services already offer a variety of requirements that makes it meaningful to investigate the impact of
slice isolation on resource management.

Our two reference urban regions are a large metropolis of several millions of inhabitants, and a typical
mediumsized city with a population of around 500,000, both situated in Europe. Séeviee
measurement data was collected in the target areas byoaapayator. On top of this, we model the
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hierarchical network infrastructures in the target regions by assuming that the operator deplays level
nodes so as to balance the offered load among them.

Our choice of services represents well the heterogeneanat ur e of todaybés mobil e
many popular services, such as YouTube, Netflix, Snapchat, Pokemon Go, Facebook or Instagram, and
covers a wide range of classes with diverse network requirements, including mobilebarudde.g.,

long-lived and shortived video streaming), lowatency (e.g., gaming, messaging), and best effort (e.g.,

web browsing, social media). We consider such service classes as representative forerunners of those
expected for 5G serviceSGPPP1Y. Further detailon the analsed services, the scenario and the
clustering algorithms can be found MGF+18

5.1.2 Datadriven evaluation

We orgarise our evaluation as followd=irst, we investigate worstase settings where very stringent
slice specifications are enforced,dano dynamic reconfiguration of rescas is possible (Section
5.1.2.0). We then relax these constraints and assess efficiency as slice spetfieadosoftened
(Section5.1.2.3, or in presencef periodic resoure orchestration (Sectidnl.2.3.

5.1.2.1 Slicing efficiency in worst case settings

The least efficient sliced network scenario involves: (i) strict slice specifications, where the mobile
network operator commits guarantee the whole traffic demand (f = 1) averaged over short time periods

(w =5 minutes), for all slices; and, (ii) no possibility of resource reconfiguratiomo t i me, i . e. ,
the wholethreenont h observation time in our measurement
In these worstase settings, the operator is forced to replicate physical resources for different slices,
statically allocating to each slice the resmms needed to meet the associated offered load.
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Figure 5-4: Efficiency of slice multiplexing versus the normiabkd mobile trafficserved by one node

The multiplexing efficiency of slicing under thesenddions is presnted inFigure5-4, which portrays

it as a function of the network hierarchy leuelor the sake of clarity, the latter is also mapped to the

normalsed mobile traffic demand observed by a lesiebde Each curve refers to a urban region, and

confirms the intuition that the efficiency grows as one moves from the antenna levet {detleft) to

a fully centraised cloud (triangle on the right).

Figure5-4 allows appreciating the following quantitative results:

1 The efficiency is extremely lowD0.15) at the antenna level: ensuring physical resource

isolation across slices in absence of dynamic reconfiguration capabilities would rétjones
the capacity of a legacy architecture where no network slicing is implemented. The grey dots in
the figure highlight that such poor efficiency uniformly affects aB 4ntenna sectors,
independently of their offered load.

1 The efficiency grows slowly when aggregating traffic at the network edge2(tot= 6).
Instead, the multiplexing gain starts to be appreciable as one movesaboueour reference
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scenarios, i.e., at network nodes that accommodate the demands from many tens of antenna
sectors at least.

1 However, in absolute terms, evevhen considering that all traffic generated in each of our two
target urban scenarios is aggregated at a singlellevetle, the efficiency remains fairly low,
at 0.4 0.65. In other words, implementing the most basic form of slicing within the network
core claud (typeA slicing in Figure5-2) would still double the amount of required resources
with respect to a legacy neficed case.

5.1.2.2 Moderating slice specifications

The poor efficiency found above is also caused by the veryessiree specifications we considered.

To gain insight on this, we investigate the impact of the QoS requirements for each slice on the
opportunities for multiplexing slice demands, still under a static allocation of resources.

We first relax the stringemrequirement considered before in the fraction f of time during which the
traffic demand for a slice must be guaranteed by the operator. The left pftgiia5-5 show how
reducing f from 1 to 0.9 affects the efficiency otelimultiplexing, at different network levels | and in

the two reference scenarios. Decreasing f drastically improves the efficiency; for instance, by reducing
the guaranteed time percentage from 100% to slightly lower values, such as 99.5%, we caoutgarly d

the efficiency. On the downside, there exists a diminishing returns effect as f is lowered. Even allowing
an overindulgent 90% guaranteed time percentage cannot bring efficiency above 0.8 for | = 1: the
operator shall still increase its radio accegsacity by 20% in order to isolate slices. These observations
hold for all network levels | and in both urban regions.
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Figure 5-5: Efficiency of slice multiplexng versus slice specifications

The othemparameter governing our slice specifications is the time window length w over which traffic
is averaged. We find that w has a less significant impact on efficiency than f. The exact figimes are
the right plots ofigure5-5: the gain is mild even for long-Rour windows, and tuning w cannot reduce
the large gap between the efficiency at the antenna level and in the network core cloud. Folgs, a 3
capacity increase would be needed to implement slicing at physical levelf evemriie set to tolerant
orderof-hour values.

5.1.2.3 Orchestrating resources dynamically

We now relax the constraint on the fully static allocation of resources and consider a network where
resources can be elasticallyakocated to VNFs over time. Such atgys allows the operator to-re
assign the amount of resources dedicated to each sleggtiragithem to the actual tinvarying demand

for the services associated to the slioer baseline result, iRigure5-6, refers to the case f u = 30
minutes. Note that this can be regarded as a fairly high interval.
Results provided iffigure5-6r ef er to the case of U = 30 minutes

fairly high resource reconfiguration frequenoy teveral scenarios. We can see from the results that
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dynamic allocation mechanisms and a perfect prediction of the demand over the future 30 minutes can

improve the efficiency of slice multiplexing. Indeed, when comparing the curtglire5-6 with their
equivalent inFigure5-4, the gain is evident. We made the benefit explicit as the grey regkiglire
5-7: it ranges between 60% and 400%, depending on the networkimmdidered
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Figure 5-6: Efficiency of slice multiplexing: dynamic vs static
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Figure 5-7: Efficiency of slice multiplexing versus the resource reconfigtican periodicity

A more comprehensiveigiure is provided byFigure 5-7, which encompasses a wide set of
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frequency of reallocation from once every 30 minutes to once every 2 hours yields a high loss of

efficiency (close

to
constrainthe frequency of resource reallocation to once per week or once every three months, the

0.2) comparahbl e

additional erosion of efficiency is much lower.

5.1.3 Takeawaysand KPI analysis

t o

t hat

We anaysad, from an empirical perspective, the implications of -meatld mobile service sage
patterns on the network infrastructure. To the best of our knowledge, this is the first attempt at
understanding the impact on resource management of network slicesuiti-aemvice, multtenant
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nework at scale. We retain a number of takeawagtedi nextAlthough this analysis do not provide
technical solution for improving KPIs it provides an analysis otthst efficiencyn real scenarios.

Multi -service requires more resourcesBuilding a network that is capable of providing different
servies (associated to several tenants) will necessarily introduce a decrease in the efficiency of the
resource usage. We quantify this loss in one order of magnitude if considering distributed resources
(such as spectrum), yet the efficiency loss stays asasigl% even in a fully centrséd scenario (i.e.,

a large dateentrein the core network). These figures translate into high dostthe infrastructure
provider who must compensate for them by aggressively n&ington the new business models
enabledoy a multiservice scenario (e.g., Network Slice as a Service, Infrastructure as a Service).
Traffic direction is a factor. Uplink and downlink trafficexhibit similar efficiency trends across
network levels, but uplink exacts a much higher efficiencyrafiafion to meet equivalent QoS
requirements. Although uploads account for a small fraction of the overall load, the further reduced
efficiency of uplink may entail real challenges for the operators. Indeed, uplink QoS requirements are
key to specific sefiges with stringent network access needs (e.g., mobile gaming). Even more so, it is
likely that multiple instances of such services belonging to different tenants (e.g.;guaichixag
platforms owned by different gaming providers) have to be served irmarcessolated fashion in
parallel.

Loose service level agreements may not helplthough the slice specifications granted to tenants may

be moderated, the overall efficiency grows only when requirements are very much lowered, up to a point
thattheymaype not suitable for certain services (neec
guarantees over very short time windows).

Dynamic resource assignment must also be rapidlhe design of dynamic resource allocation
algorithms is crucial to increa the efficiencyf future sliced networks. Haver, substantial gains will

only be attained if the virtuisition technologies enable a fast enouglomehestration of network
resources. While current Management and OrchestratMANQ) frameworks provid such
capabilities, intelligent algorithms able to forecast mobile service demands and anticipate resource
reconfiguration are also required, which may be challenging for short timescales. Underestimation of
resources may lead to SLA violations, whereas-provisioning may harm the economic feasibility of

the system. Artificial intelligence and machine learning are promising techniques to accomplish this
[ENI17, ZPH1§ and are being brought into the network management landscape by staB&Hid [

There is room for improvement.As a final remark, we would like to stress thatsodoes not pretend

to be a comprehensive analysis, rather one that lays the foundations to a better understanding of the new
tradeoffs introduced by network slicing in terms @&source management efficiency. The empirical
bounds we derived represent a starting point for deeper investigatiomsioéxplored subjects we
arediscussing next, with strong implications for the future generations of nmatilorks.

5.2 Sliceawareautomatic RAN configuration

A new feature of the 5G systems operating at high frequencies is the use of multiple beam operations
for solving both coverage and capacity requirements. Ensuring service continuity for moving users,
beam management (Layer 2 meaisan) between beams of the serving cell is introduced together with
enhanced scheduling mechanisms. Additionally, dedicated beam forming can be used to address the
diverse service requirements of users. These new techniques can also be used in thefo@sextce
elasticity and multi slice services.

5.2.1 Detailed description of the solution

This enabler deals with RAN level automatic configurations for scenarios where multiple network slices
are supported at the same time, in addition to varying user tratfie problem is that the user
concentration of services belonging to network slice with very strict and distinct SLAs (in terms of
throughput and latency) may suddenly appear, move or disappear within the same network area. This
requires a flexible and @&stic RAN which allows shifting and concentrating network capacity to areas
where this is needed. The traditional approach for dealing with varying traffic volume is to dimension
the network for busy hour traffic via cell densification or deployment ofisteis. However, such
solutions are very costly, since the installed network capacity is unused for most of the time.
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The 5G system also introduces a bdammed access technique which opens the door to another
dimension by making the radio resource edliion more elastic in the spatial domain. Beams are a must

at high frequencies to provide sufficient coverage for a dedicated QoS. For instance, broadcast channel
(BCCH) with robust MCS and low data rate can be radiated with broader beams than usesftraffi
services with stringent SLAs. Using narrower beams benefits from the antenna gain and improves the
SINR, and consequently the throughput, of users in the beam spot.

The envisioned beairiven elasticity solution tries to address the challenges thsat with network

slicing within the confines of a fixed infrastructure and a limited number of RAN resources. More
specifically, the beam and Radio Resource Management (RRM) configurations of a cell or group of
cells in the network will be dynamically adjied at run time as a function of cell load, number active
slices and spatial traffic distribution.

Due to hardware or interference limitations, users may be served by a single beam at a time and the
scheduling of the beams may need to be done in a de&juranner, i.e. only one beam is active and
serving users with data at any given moment. These two aspects have a direct impact on the QoS of the
users. If the load in a given beam is high, each user will get less resources allocated and thus have a
lower throughput. On the other hand, if only one beam is active in the cell, this can create large delays
for users in the inactive beams which have to wait their turn to be served. These limitations can become
incompatible with the requirements of slices tteguire a minimum guaranteed bit rate or a maximum
delay (e.g. eMBB, AR/VR applications).

In the following we will explain the proposed solution by means of a simple example scefégiore

5-8. In this example, two different nedrk slices (Slice 1 and Slice 2), each mapping a different service
type are active in the same cell that initially uses 12 beams for coverage (4 inner beams and 8 outer
beams). The colour of the users indicates the slice they belong to (AR/VR in re®&nid blue). The

users belonging to the AR/VR slice are grouped together in a hotspot as part of an organised sightseeing
tour. The MBB users are randomly distributed in all the cell area. Obviously, the AR/VR users need
higher data rates and lower latgrtban the MBB user but their presence in the cell/network is also
limited (both in space and time).

Slice 1 Slice 2
(VR)

Figure 5-8: Initial beam configuration

Several ways in shifting capacityithin and betweenthe cells ad toward the AR/VR/red users are
possible:

(1) By means of adaptive beam configuration
9 This approach is similar wwell-knownmechanisms of load balancing in LTE networks where
the boundary of the cells is virtually pushed in toward the centre of theledocell and edge
users are forced to handover to the neighbouring cells.
1 In our case, the same can be done by switching off selected beams in the cell where the MBB
users are located. As a result, some of the MBB users will shift to other beamseét tiego
neighbouring cells. This, in turn, lowers the delay of the active beams (if fewer beams are active
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in the cell, this means they can be scheduled more often) and may increase the number of
resources allocated to each user (in the case whereug BB handover to other cells).

1 This approach comes at the cost of worse SINR for the MBB users as they will be now served
by suboptimal beams.

1 In order to make the neighbouring cells even more attractive to MBB users, increase their SINR
and make suremcoverage holes are created by the switching off of beams, the power of
selected beams in neighbouring cells can be
boostingd) . This means that the serving cell
UEs and communicate to the neighbouring cells via the Xn interface which beams need to be
boosted. Alternately, positioning information of the users could be used (by means of GPS data,
RF fingerprinting, measurement reports from the usEP1838309).

1 Other limitations that need to be considered are the fact that mixed beams (e.g. besangthat
MBB and AR/VR users) camot be switched off and neither can the inner beams which are vital
for the coverage of the cell.
(2) By means of adaptive schedulinganother way of reducing latency of specific services or users is
to schedule beams serving them more often. This has the advantage that it does not impact the coverage
of the cell or its neighbours and trigger unwanted effect. On the other hand, aséncesll throughput
cannotbe directly expected in all cases, as the load is not reduced.

5.2.2 Evaluation scenario and KPIs

The proposed enabler has been tested as a proof of concept in a simplified syrtitetieXagonal
scenario Figure 5-9). The black circles represent the base station locations and the black lines the
antenna orientation. The AR/VR users (red x) are modelled as a hotspot and carry out Constant Bit Rate
(CBR) traffic. The MBB users (blue circles), are droppaddomly in the cells and are have infinite

buffer traffic. Statisticsare collected per cell or per area (e.g. samples of all users in the area given by
the red rectangle iRigure5-9). Table5-1 summarises @ain simulation parameters and sample values.

O Base Station
antenna orientation

L 1
-300 -200 -100 0 100 200 300

Figure 5-9: Simulation scenario and user positions
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Table5-1: Main simulation parameters

Parameter name Value

Carrier Frequency 28 GHz

Cell layout 7 site hexagonal, 21 cells, ISD 200m
Bandwidth 400 MHz (40 PRBs of 10MHz each)
Total Output Power 28 dBm per entire bandwidth, 12 dBm per PH
BS/UE height 10 m/1.5m

Number of MBB users and speed 40 randomly per de(statiq

Number of AR/VR users and speed 5 concentrated in cefbtatiq

AR/VR data rate 100 Mbps

Simulation time step 10ms

Number of beams per cell 12 (4+8)

Number of beams that can be scheduled per ¢ 1 or 4

Tx antenna element azimuth beam thid 650

Tx antenna element elevation beam width 650

Tx antenna element gain 8dBi

TX Maximum backward/elevation/azimuth 30dB

attenuation

Thermal noise power per PRB -97dBm

Shadowing Not used

Penetration loss 0dB

Pathloss model UMi, LOS, 3GPP TR 38.901

5.2.3 Simulator enhancement description

The enabler will be tested in a proprietary, MATLAB based simplified dynamic systerhsimulator.

The simulator does an abstraction of RRM (resources and scheduling) and includes user movement,
changes of system paratars and the reaction of the system on that. It supports multiple layers and
technologies and the system granularity is a configurable time step. Real scenarios can be imported in
the tool or artificial ones can be created (e.g. hexagonal grid).

In addition, 5G beam forming impacts are considered such as the channel model and the SINR
computation. The propagation conditions in high frequency bands are more challenging than in low
frequency bands, making the radio link more susceptible to obstructionodlhiediudes a simplified
deterministic channel model which captures the propagation aspects that are relevant for mobility
investigations, specifically that the degradation in the user's signal measurement, caused by fixed
obstacles, is faster for highearrier frequency and user velocity and depends on the diffraction angle
[ALE+17].

Downlink SINR is typically used for radio link failure detection and throughput calculation. The tool
models of desired and interfering signals are computed by considéwengmpact of antenna
beamforming at transmitter and receiver. Then, a clomed expression (approximated by Monte Carlo
method) of average downlink SINR is derived by considering the scheduling probabilities of the users
[UAL18].

In order to support ging, the simulator was also enhanced with mixed traffic scheduling and
throughout calculations. In the case best effort users (finite or infinite buffer traffic model, MBB slice),
each scheduled user will get fair share of the resources in the cellfibesery time step. Then, based

on individual SINR and specific mapping curves, a throughput value will be computed for the user. This
means that for the BE (best effort) users, the throughput is directly proportional to the SINR and
inversely proportionato the cell load. In the case of CBR users however, each user will get the exact
number of resources it needs in order to achieve the desired bit rate at the given SINR. A mixed traffic
scheduler will take care to first reserve resources for the CBRarsgdivide the remaining resources

to the BE wusers. In the case when beam operati ol
needs to be computed as input for the SINR and later throughput calculations as expl&iAke 1:3].
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The beam sdaduling probability is a direct measure of the delay the users served by that beam will
experience, i.e. a beam with a larger scheduling probabiliiyn (pe following) will be scheduled more
often and thus users will have a smaller delay.

5.2.4 Simulation results and discussion

In this section, we will look at the performance of the proposed enabler in the scenario described in the
previous section in terms of coverage, cell throughput and beam scheduling delays.

In the simulation scenario, the AR/VR users pliaced dropped in a hotspot in cell 1 and served by
beams #5 and #11. The MBB users are randomly dropped in all cells. In the most aggressive form of the
enabler, all outer beams in cell 1 except beam #5 (e.g #1, #2, #3, #4, #6, #7 and #8) can beofiwitched
in order to force MBB users to move to other beams or cells. The impact of beams being switched off
in cell 1 is presented iRigure5-10to Figure5-13. Unless stated otherse, each cell can only schedule

one beam at a time, this having an impact on interference levels and scheduling delay.

First, the number of served users in cell 1 and their distribution on beams is impackdus=e10).

Initially, cell 1 served 43 users (5 AR/VR and 38 MBB). After switching all outer beams off except
beam #5, 13 MBB users handover to neighbouring cells (6, 8, 9 and 11) while the rest redistribute on
the beams left on in cell 1 (#5 and in the inner beams #4)to

o UE distribution per beam in cell 1
T T T

-aII beams on
[Cselected beams off

@
T

~

(=]

&)

IS

Number of served UEs

w

Beam number

Figure 5-10: User distribution per beams in cell 1 before and after selected beaswitched off

As a result of the user redistribution, the scheduling probabilities of beams in cell 1 alse (&g
Figure5-11). Turned off beams (which serve no users) are not scheduled (e.g. the scheduling probability
is zero) and beams with more users get bigger probabilities assigned. As previously mentioned, a larger
scheduling probality means a lower delay for service of users served by that beam.

As a direct consequence, the SINR of both AR/VR and MBB users is becoming worse after beams being
switched off as users being forced to handover to neighbour cells or suboptimal bedmsrags
Figure5-12. However, due to the lowered load in the cell and the increased scheduling probabilities, the
throughout in cell 1 is improving as can be seefigure5-13.
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Figure 5-11: Beam scheduling probabilities in cell 1 befo& after selected beanmare switched off
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Figure 5-12. SINR CDF of users in cell 1 before and after selected beamesswitched off
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Figure 5-13: Throughput CDF in cell 1 before and after selected beaans switched off
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As a next step, selected beams in neighbouring cells can be boosted in order to attract more MBB users
from cdl 1. For example, one could boost beam #6 in cell 6, beam #7 in cell 8, beams #1 and #2 in cell

9 and beams #3 and #4 in cell 11 as presentEgjure5-14.

Cell 11

\ Boosted beam

Q Turned off bea

Beam Index

1

Figure 5-14: Switchedoff and boosted beams map on serving beam plot

The coverage, throughput (per cell and area as represeritigaiin5-9) and delay performance of the

three cases (reference with all beams on, beams switched off in cell 1 aneédwielmns in cell 1 and
boosted beams in neighbouring cells) over a longer simulation time is compared below.

Figure5-15 presents the comparative coverage of the impacted cells in the three cases. When beams are
switched off in celll (b), the area of those beams is being covered by beams from the neighbouring
cells. If those beams are boos{e}l] their coverage goes even deeper into cell 1.

Figure 5-15: Best serving bam plot for a) all beams onb) selected beama cell 1 switched off
c) selected beams in cell 1 switched off and selected beams in neighbouring cells boosted

Comparing the impact of the three cases on the throughput in cell Eigsee5-16), one can easily

see that the throughput is improved over the reference case (blue curves) by switching off selected beams
(red curves). As beams from neighbouring cells are boosted, 7 more users are moving out of cell 1
further boosting liroughout (due to lower load and less active beams). The boost in throughput is
experienced by the MBB users (as the AR/VR have a guaranteed and constant bit rate).
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Throughput in cell 1
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Figure 5-16: Throughput CDF in cell 1 inthe three cases

Of course, by shifting load from cell 1 to the neighbouring cells, the throughput of these cells is
decreasing due to the higher load, lowered SINR of served users and lower scheduling probabilities. The
most impact can be seen in cell Bigh take most of the handed over ugeeeFigure5-17).

Throughput in cell 8

50 60
Throughput Mbps] Throughput [Mbps]
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Figure 5-17: Throughput CDF in the three cases in cells (top left to bottom righ8, 9 and 11
A benefit of shifing users to neighbouring cells is the decreased scheduling delay for beams in cell 1,
which is especially beneficial for the AR/VR users served by beams #5 and #11 but also for MBB users
(seeFigure5-18). Theschdul i ng del ay is indirectly proport
probability and is computed assuming a TTI of 18witching off beams in cell 1, cuts the delay of the
AR/VR users by half (from éns to 33ms) while a further boosting of neighbaatls only bring a gain
of 0.4ms. The average delay in the cell is also cut by 50% by the enabler.
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Scheduling delay per beam in cell 1
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Figure 5-18: Scheduling delay per beam in cell 1 in the three cases

In case more beams can be activehat same time in a cell, both intrand intercell interference
increases negatively impacting the usersé SI NR.
as users need to wait less until scheduled. This can be sEmguia5-19 where up to 4 beams could

be scheduled at the same time. If compared to the above caség{gedh-18, where only one beam

was scheduled at a time), the delay of the beams serving the ARBAfR s lower in all cases.6ins

and 39ms respectively as compared to the previous 6ms a®ind0Applying the enabler, further
reduces this delay per beam and average per cell.

Scheduling delay per beam in cell 1
T

6 T T

=0 all beams on
—& selected beams off
selected beams off + boost beams

Scheduling delay [ms]
w
T
l

0 2 4 6 8 10 12
Beam number

Figure 5-19. Scheduing delay per beam in cell 1 in the three cases, up to 4 bessheduled
simultaneously

User throughput which is a function of both SINR and number of allocated resources, is further
improved when allowing more beams to be scheduled simultaneouslyases in the cell of interest
(cell 1) and neighbour cells as can be sedfignre5-20 andFigure5-21.
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Throughput in cell 1
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Figure 5-20: Throughput CDF in cell 1 in the threeases, up to 4 beanssheduled simultaneously
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Figure 5-21: Throughput CDF in the three cases in cells (top left to bottom rightB, 9 and 11, up
to 4 beams scheduled simultaneously

In the bllowing we will compare the performance of the first method (i.e. adaptive beam configuration)
with the second one, adaptive scheduling. In particular, we tried to match the scheduling delay of beams
5 and 11 of the cell 1 (that served the delay sensi#iRéVR users) by forcing the scheduling
probabilities of these beams to be equal to the values obtained wherhesfirst method. This means

that in the case of adaptive scheduling, beams 5 and 11 with have a higher scheduling probability and
the othebeams in the cell, smaller ones than in the reference case. As before, the higher the scheduling
probability, the lower the delay experienced by that beam. As a side effect, the MBB users served on
beams 5 and 11 will also be scheduled more often tisu#tirgy in higher experienced throughput.
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The resulting throughput in cell 1 is presenteBigure5-22 andFigure5-23 below, for the cases when

one and 4 beams are scheduled simultaneously. As mentiotiedprevious section, when using the
adaptive scheduling method, users are not shifted between cells so the load in the cell remains constant.
By forcing higher beams scheduling probabilities for AR/VR beams, we boost the throughput ef the co
served MBB sers (some of them experiencing a boost of 600%) but we also decrease the throughput
of all other MBB users since the beams serving them are now served for a smaller portion of the time.

Throughput in cell 1
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Figure 5-22 Throughput CDF in cell 1 in all cases
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Figure 5-23: Throughput CDF in cell 1 in all cases, up to 4 bearssheduled simultaneously

Another side effect is the impact on interfering to neighbouring cells tmes from the enforced
scheduling probabilities. The effect of all schemes can be compared using area thrétigae-24
andFigure5-25) that considers samples from aflers in the red rectangle, as depicted in the previous
section.
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Figure 5-24: Throughput CDF in selected area in all cases
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Figure 5-25: Throughput CDF inselected area in all cases, up to 4 beasukeduled
simultaneously

The rectangular area is constructed in such a way that it contains all UEs of cell 1 (the cell of interest)
and cells 68, 9 and 11 which are impacted by changed in the beam pattéraar&a also contains

other users from other surrounding cells that are not at all impacted by the changed to beam patterns or
adaptive scheduling. In total, samples from 378 users are gathered and plotted, but only 183 belong to
the cells impacted by thehanges. Also, in the case of the adaptive beam configuration, load is shifted
from cell 1 (where throughput of all users increases and delay decreases) to neighbouring cells where
the throughout is slightly degraded, so the two trends even each othém thé. case of adaptive
scheduling, as load is not shifted at all between cell, the impact is even smaller. This outcome is also
not surprising if we keep in mind that no resources of any kind have been added.
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5.2.5 Conclusions and link with KPIs

The enabler dsted two different methods in a simplified touristic city scenario: adaptive beam
configuration and adaptive scheduling.

Both methods manage to significantly reducedbkay of the users in an implicit or explicit manner,

either by decreasing the numbef beams that are to be scheduled (i.e. via the adaptive beam
configuration approach) or by imposing beam scheduling constraints in the cell (i.e. via the adaptive
scheduling approach).

In terms ofthroughput, the adaptive beam configuration method brimgse gain for all users in the
targeted cell. This method is in fact a load balancing mechanism which also means that the gain in one
cell produces degradation of performance in the neighbouring cells. Also, as this method changes
physical coverage of theells, it has more impact on the area and the overall coverage which can become
spotty, so the beam boost component should be used with care.

Since the adaptive scheduling method keeps the changes local to the cell of interest, there is little to no
impact to the neighbouring cells. However, this also means the load is constant in the cell and throughput
gains cannot be achieved. Both throughput and delay can be mappkabitity .

Ultimately, both methods have advantages and disadvantages and pliekimgpst appropriate one
comes down to scenario specifics like hotspot size and movement, coverage stability and weight of
specific KPIs.

5.3 Gametheoryapproach toresource assignment

In the context of an elastic MANO system, the resource assignmentmrodfebanodelledin several
ways. In thissection, we apply a gartbeoretical model to this problem.

5.3.1 Network slicing model

We consider a wireless network consisting of a set of resources B (the base stations or sectors) shared
by a set of network slice® (each operated by a different tenaAt) given point in time, the network
supports a set of active users U (the customers or devices), whibk sabdivided into subsets Uob

Ub and Uo, corresponding to the users of slice o at base station b, thatusase station b, and the

users of slice o, respectively. We consider that the association of users with base stations is fixed (e.g.,
by a prespecified user association policy) and let b(u) denote the base station that user u is (currently)
associatedavith.

5.3.1.1 Resource allocation model

Following a similar approach &€BV+17], in our model each sliceis allocated a network shage
(corresponding to its budget) such tBat. O p. The slice is at liberty to distribute its share
amongst its users, assigning them-negative weights (corresponding to the bids)f o 5 | such
thatB .. x  O8
We letx x dON D2 Dbe the weights of slice,x  x dOV 5 those of all slices and

x gON 51 5 the weights of all users excluding those of slice 0. We furthér let B MYy X

denote the load at base stationAb,x B N2 X the aggregate weightf glice o at b, and
A x B vy 1oz X the aggregate weight of all other slices (excluding o) at b. We shall allocate
each user a fraction of the base station's resources in proportion to herweight
We let® denotethe achievable rate for user u, defined as the product of @y#ragerate per resource
unit achieved by the user, and (ii) the total amount of resources available at the base station. Note that
this depends on the modulation and coding scheme slExt¢he current radio conditions, which
accounts for noise as well as the interference fromnéighbouringbase stations. Following similar
analyses in the literatuf&LK14], we shall assume that is fixed for each user at a given time.
We further lei  denote the rate allocated to user u. Under our mbdislgiven by times the fraction
of the base station's resources allocated to the user. Given that users are alloaetiet of resources
proportional to their weights, we hatlaat isa function of the weight® given by:
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O 1 B A *lA'

When implementing the proposed resource allocation mechanism, a slicesiggysanofzero weight

to some users while others may be dropped. To decide the setting of the users' weights, we assume that
each slice o is aware of the aggregate weight of the other tenants at each base stdtioh, i.e., It

is worth notng that for the mechanism under study we have that (i) a slice only sees the aggregate weight
of the other slices, and hence can learn very limited information about the other slices; in particular, the
weights of each tenant are not disclosed, and &ijptechanism needs to store very limited data; indeed,

it is sufficient to keep the total load of each base station, as a tenant canAobtain by simply
subtracting its weight from the base station's load. Such information is already considered within the
network slicing management system defined3®PP[3GPP1828531, and hene should be readily
available.

In order to avoid the indetermitgaform resulting from having all the weights at a base station equal to

0 inthe above equatignve will require weights to exceed a fixed lower bound ¢ke., hi §. This

bound can be arbitrarily small; indeed, in practice it should be set asasmmaibsible, to allow slices

the highest possible flexibility while avoiding zero weights. Accordingly, in the rest afishassion

we assume thatis so small that its effect can be neglected, except where this assumption is required to
prove the exigince of a Nash Equilibrium.

In the case where a slice o is the only one with users at a given base station b, such a slice would simply
setx to the minimum possible value for these users, allowing them to receive all the resources of this
base statiowhile minimising the consumed share To avoid dealing with this special case, hereafter we
shall assume that all base stations have users from at least two slices. Note that this assumption is made
to simplify the expressions amdiscussion andioes not Iinit the generality of our analysis and
algorithm, which indeed supports base stations with all users from the same slice.

5.3.1.2 Slice utility

Network slices may support services and customers with diffeesats omay wish to differentiate the
service they prgide from competing slices. To that end, we assume that each slic@tizatautility
function,5 , that reflects the slice's performance according to the preferences and needs of its users.
The slice utility consists of the sum of the individualitigis of its usersyY , i.e.

Y 7 B. Y i T
For inelastic traffic, we assume each user u requires a guaranteed tatecafter referred to as the
user's minimunrate requirementin thissectionwe adopt the forer model, which aims at providing

users with a guaranteed rate, and thus is aligned with the Guaranteed Bit Rate (GBR) class of 3GPP
Y@i w) nAEOT ,fori w) 1Q

where& t is a concavaeitility function assoiated with the user, aréb is the relative priority of user
u (where%o O 0 Ba n #h =1). The relative priorities reflect the importance that users are given by
the tenant of their slice; they drive, jointly with the loadha tespective base stations, the weights
assigned to the users, which in turn determine the rate allocation.
Note that the above utility function is only defined for rates above the minimal requirement, as
performance degrades drastically if this guaraisteet met. Note also that the above definition includes
elastic traffic, which corresponds to the special case T thus, the results of thiocumentapply to
mixes of elastic and inelastic traffic.
While most of our results hold for arbitréy t functions, in some cases we will focus on the following
widely accepted family of utility functions (sg¢e fairness MWO0Q]):

i .

rox > e

1 TiCh| o
where thg parameter sets the level of concavity of the user utility functions, which in turn determines
the underlying resource aflation criterion of the slice. Particularly relevant cases| are Tt
(maximum sum), = 1 (proportional fairness), = 2 (minimum potential delay fairness) and ©
H (maxmin fairness).
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In our model for slicebehaviour a tenant pceeds as follows to optise its performance. First, it
maximises the number of users that see their rate requirement met, selecting as many users as can be
served Second, it maxiises the utility’Y ‘| obtained from the users that have been sadec

Note that the above framework is sufficiently flexible to accommodate different network slicing models,
including those under study in 3GPP. For instance, in the case where tenants are Mobile Virtual Network
Operators (MVNOSs), the users of a tenany imave different service demands (e.g., elastic and inelastic
users). Alternatively, we can also support a model where different slices are deployed for specific
services; in this case, we may have some slices with only elastic userharsdvath only melastic

users.

5.3.1.3 Network slicing framework

We nowintroduce our NEtwork Slicing (NES) framework to address the resource allocation problem
in the context of the above system. NES manages both users and resources in network slices, as mobile
users come andbgThe proposed framework comprises the following modules:

1 Admission controlthe purpose of this module is to ensure that admitted users will see their rate
requirements met during their lifetime with a sufficiently high probability, even after there are
changes in the network.

1 Weight allocationthis module determines how to allocate weights to the users, with the goal of
maximising the slice's utility.

1 User dropping while admission control aims at ensuring that all rate requirements are always
met, when users rassociate or see a change in their radio conditions, or when other slices admit
more users, it could happen that a slice can no longer keep all its users while meeting their
requirements; in that case, this module decides which users to drop.

In order to anakethe stability of the NES framework, we assume that slicesampetitivg(strategic

and selfish), i.e., eachitemptto unilaterally optinseits own utility, and model thbehaviourof the

weight allocationand user droppingmodules as norcooperative game. Note that this game only
considers admitted users, i.e., admission control is not part of the game. It may be played at a point in
time when admitted users may haveassociated or seen a change in their radio conditions, or new
users may have been admitted; as a result, when playirgathewe may not be able to meet all rate
requirements. Thus, the game involves slices deciding (i) which set of users to serve when the rate
requirements of all users cannot be met, and (ii) lallbcate weights amongst the slice's users, in
response to other slices' decisions. Hereafter we refer to this gamaeisvibid slicing gamets formal
definition is stated as follows:

Definition 1. Consider a set of slicdst ', each with a set of admitted usérs 2. In the network

slicing game, each slice selects which subset of users to serve within 2feaset their associated
weight allocation: such that (i) as many users as possible are served (mibeiingite requirements),

and (i) the slice's utilityY is maxinised for the selected subset of users.

5.3.2 Admissioncontrol for sliced networks

In order to meet user rate requirements, NES needs to apply admission control on new users, rejecting
themwhen the slice cannot guarantee with a very high probability that it will be able to satisfy the rate
requirements of all its users during their lifetime. Note that this only applies to new users; in case the
user rate requirements can no longer be satisfs a result of users moving, or other tenants changing
their allocations, this is handled by theer droppingas discussed above.

In the following, we angkethe implications of applying admission control on the system stability, and
propose two di#rent admission control algorithms, Wecstse admission control (WAC) and Lead

driven admission control (LAC). These two algorithms correspond to differentdftsdieetween slice
isolation and efficiency: while WAC provides perfect isolation, guaramgeibiat a slice will never need

to drop users because of changes in the other slices' loads, LAC achieves a higher efficiency at the cost
of providing more relaxed guarantees on isolation (yet ensuring that the probability of dropping a user
remains suffiently low).
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5.3.2.1 Nash equilibrium existence

A critical question is whether theetwork slicing gameossesses a Nash Equilibrium (NE), i.e., there
exists a choice of users and associated weight allocatiuth that no slice can unilaterally modify its
choiceto improve its utility. In the following, we angdethe requirements on admission control policies

in order to ensure that a NE exisfter admission control is applied. Note that, if the game does not
have a NE, strategic slideehaviourmay lead to sstem instability affecting the practicality of the
proposed approach.

The following theorem shows that if admission control cannot ensure that slices can satisfy the rate
requirements of all their users, the network slicing game may not have a NE. Thefgheotheorem

exhibits a case where instability arises when there is no weight allocation such that the rate requirements
of all the users of a given slice are met given feasible allocations for the other slices. Note that in a
dynamic setting such atgation could arise, when a slice initially admits users for which the
requirements are feasible, and subsequently other slices admit additional users to their slice, making
some of the users in thiest slice infeasible.

Theorem 1.When slicescannotsas f y al |l of their usersé rate requ
be guaranteed for the network slicing game.

The problem identified bthe above theorem can be cx@me by applying an admission control scheme

that avoids such situations. Accordioghe following theorem, a NE exists as long as admission control

is able to guarantee that a slice can satisfy the rate requirements of all its users under any feasible weight
allocation of the other slices (includirigture allocations when possibly neusers may have been
admitted). Note that in this case the resulting game focuses on isiagjislice utilities while meeting

the rate requirements of all users. This result impieg, as long as proper adsisn control is
implemented and ensures thate requirements can always be satisfied, the stability of the system can

be guaranteed.

Theorem 2.Suppose admission control ensures that, for any feasible weight allocation of the other
slices, each slice o has a weight allocatwm such thatitsuseds r at e requi rements ar
network slicing game has a (not necessarily unique) NE.

Note that the above theorem guarantees the existence of a NE when all slices are elastic; indeed, elastic
slices have a rate requirement equal to 0, and thertfeir rate requirements can always be satisfied.

In the following, we propose two alternative admission control policies (one more aggressive and one
more conservative) that aim at ensuring that the conditions given by Theorem 2 are met. Note that it is
up to the tenant to choose and cussenits admission control strategy, and hence each tenant may
independently apply itswnadmission control policy.

5.3.2.2 Worst-case admission control (WAC)

The WAC policy is devised to ensure that the rate requirements| afsets are always met,
independently of thbehaviourof the other tenants. To that end, under the WAC policy a slice admits
users as follows: it conservatively assumes it has access to only a fé@afaesources at each base
station ancadmits usrs only if their requirements can be satisfied with these resources.

Given that a user needs a fractioffA of the base station's resources to meet her rate requirement, this

policy imposes that for slice o the following constraint is satisfied at each base station b:

 oh

N ')‘Zu
The WAC policy aims at ensuring thhe abeeis satisfied at all times. However, even if this condition
holds when a new user is admitted, it may be subsequently violated upon changes in the slice, e.g., due
to mobility of users or changes in thai8

To provide robustness against such cleangve add a guard band ttee equation abovaimed at
ensuring that the condition will continue to hold with high probability after any changes.

Thus, a slice admits a hew user request as long as the following holds

v %k
W

NIJ\ZJJ
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where” < 1 parametses the guard band: the smaller this parameter, the larger the guard band. In
practice, this parameter may be set to different values by different slices based on the slice specifics,
such as the fluctuations Gf or user association (where larger fluctuations will require a larger guard
band) or the desired level of assurance to its users (strieeargaes will require a largguard band).

In the following, we angisethe properties of WAC under the asstiop thatthe above equatiois

satisfied with this policyThe theorem below shows that, as long as this condition is satisfied, a slice
will always be able to meet its users' rate guarantees independent of the setting of the other slices. Thus,
a high dgree of protection to the choices and changes in other slices is provided.

The theorem also shows that if the slice deviates from the proposed policy, it is not protected from the
other slices' choices, implying that this policy represents a necessditiaoto provide protection.

Theorem 3.Consider a slice with users having rate requineentso = (0 uuM U o), then the following

hold:

If the above equatias satisfied, there esis at least one weight allo@an wo such that un U o ru(w)

Oou,or any feasible allocatiom.of the other slice
If above equatiors not satisfied, slice o is not protected, as there is a feaaibédlocation such that

slice o is not able to meet the rate requirements of its admitted users.

Note that combining this result with Theorem 2, it follows that a NE exists when all slices run WAC.
Indeed, the above theorem ensures that a slice can find an allocation that meets the rate requirements of

all its users for any feasibé®, which compriseslethe possible allocations of the other sligéso.

5.3.2.3 Load-driven admission control (LAC)

While the WAC policy protects a given slice from the others, it may be overly conservative in some
cases where base stations are lightly loaded or where some dicetdilely to use resources at certain

base stations. In those cases, one may opt to be more aggressive in admitting users without running
significant risks. To this end, we propose e policy, where a slice measures the current load across
base statios and performs admission control decisions based on the measured loads (assuming that they
will not change significantly

The following theorem provides a basis for the design of the LAC policy. It gives a necessary and
sufficient condition that has teebsatisfied to meet the rate requirements of the slice's users, given the
current weight allocations of the other slices. This constralnt is shown to be lastivedtran the one
imposed by LAC implying that LAC (potentially) allows thé admission ofre users than WAC.

Theorem 4.Consider a slice o comprising users with rate requiremaois(d uuN U 0), and suppose

the aggregate weight of the other slices is giveadoyThen, a weight allocationo t hat meet s s
rate requirements existsahd only if the following is satisfiedthereU o is the subset of users of slice

o assaeiated with base station b, according to the given user association p\dhnyeover if the rate
requirements satisfid), then the above condition is satisfied

The central idea of the LAC policy is as follows. Upon receiving a request of a newwghra rate
requirementb usliceo assesses thrirrentao values in thenetwork and checks whether (5) would be
satisfied with the new user. According to the theorem, as long as (5) is satisfied, the rate requirements
can be meif theao values do not change. However, in preeto may change due to the response of

the other slices to sliag or to changes in the other slices (e.g., the admission of new users). We shall
address this uncertainty by following a similar approach to WAC: when admitting a new user, we verify
that(5) is satisfied with a sufficiently large guard band, iere} | 1 isthe parameter providing the

guard band for LAC. Note that, in addition to other considerations, in this case the sqttingl ofeed

to account for observed statistical fluctuations@flarger fluctuations requiring a larger guard band.

The following theorem shows that, as long as the chosen valyel$osufficiently conservative, LAC

is effective in guaranteeing that the rate requirements of all users are met.

Theorem5Ther e exists a J} I val ue s urénfentscof adl thd useys ofs ma | |
slice o can be met independent of how the other slices change their weights
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5.3.3 Performanceevaluation

We next evaluate the performance of NES via simulation. Unless otherwise stated, the mobile network
setup of our simulator folles the IMTFAeval uati on gui dneal i nes |l bodepkayg!
[ITU09-M2135]], considering a network with 19 base stations disposed in a hexagalrialgrit with

3 sectors, i.e.B|=57. User mobility follows the Random Waypoint (RWP) model. 0dexs arrive to

the network following a Poisson Process with intenkigfrivals/sec, and their holding times are
exponentially distributed. Users' SINR is computed based on physical layer network model specified in
[ITU09-M21357 (which includes path Ies shadowing, fast fading and antenna gain) and user
association follows the strongest signal policy. The achievable rate for a tsgisidetermined based

on the thresholds reported iBGPP1536213. Unless otherwise stated, the rate requirenaérihe
inelastic users is set t0=0.5 Mbps, we have| = 1 for all slices, there are 5 slices in the network
with equal shares, the arrival rate_is 5 (equally split among slices) and the average holding time is 1
minute. In the simulabins, we consider both slices with mixed traffic of different types and as well as
slices dedicated to one specific traffic type

5.3.3.1 Network utility

We first anaysethe network utility achieved by NES as compared to the two benchmark salutions
Socially Optinal Allocation (SO)if slices were to share their utility functions with a central authority,
one could in principle consider a (shaanstrained) allocation of weights (and resources) that gasm

the overall performance of the network, expressedmg®f thenetwork utility U(w).

Static Slicing Allocation (SSBy staticwe refer to a complete partitioning of resources based on the
network shareso, o8 O. In this setting, each sliceeceives a fixed fractiosoof each resource, which

is sharecamong its users proportionally to their weights.

To ensure that the rate requirements of admitted users are always met, we adopt the WAC admission
control policy with” =1 and suppress user movements yielding changes in base station associations
ard/or ® values. To angbe the impact of inelastic traffic, we vary the fraction of inelastic traffic
arrivals,[ , yielding an arrival rate of_for inelastic users and of{4)-_ for elastic oes. The results,
depicted in the Figure belgwhowthat (i) NES outperforms very substantially SS, providing very high
gains, and (ii) it performsptimally, very close to the SO. Moreover, this holds independently of the

mix of elastic and inelastic users present in the network.

Figure 5-26: Performance of NES in terms of network utility as comparedite two benchmark
allocations (SS and SO)
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