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Abstract—Thankstonetworkslicing,mobilenetworkscannow
supportmultipleanddiverseservices,eachrequiringdifferent
keyperformanceindicators(KPIs).Inthisnewscenario,itis
criticaltoallocatenetworkandcomputingresourcesefficiently
andinsuchawaythatallKPIstargetedbyaservicearemet.
AccountingforallsortsofKPIs(e.g.,availabilityandreliability,
besidesthemoretraditionalthroughputandlatency)isanaspect
thathasbeenscarcelyaddressedsofarandthatrequirestailored
modelsandsolutionstrategies.Weaddressthisissuebyproposing
anovelmethodologyandresourceorchestrationscheme,named
OKpi,whichprovideshigh-qualitydecisionsonVNF(Virtual
NetworkFunction)placementanddatarouting,includingthe
selectionofradiopointsofattachment.Importantly,OKpihas
polynomialcomputationalcomplexityandaccountsforallKPIs
requiredbyeachservice,andforanyresourceavailablefrom
thefogtothecloud. WeproveseveralpropertiesofOKpiand
demonstratethatitperformsverycloselytotheoptimumunder
real-worldscenarios. Wealsoimplement OKpiinatestbed
supportingarobot-based,smartfactoryservice,andwepresent
somefieldteststhatfurtherconfirmtheabilityofOKpitomake
high-qualitydecisions.

IndexTerms—Networkslicing,Networkfunctionvirtualiza-
tion,Serviceorchestration,multidimensionalgraphs.

I.INTRODUCTION

Networkslicingisapowerfulconceptthatpavestheway
tothesupportofmultiple,diverseverticalservicesinmobile
networks.Verticalindustries,suchasautomotive,e-health,and
smartfactories,candefinetheservicestooffertomobileusers
throughasetofvirtualnetworkfunctions(VNFs),connected
accordingtotheso-calledVNFgraph,andasetofper-
formancerequirements,i.e.,theKeyPerformanceIndicators
(KPIs).Themobilenetworkistheninchargeofdeploying
andrunningsuchservices,i.e.,ofplacingandconnectingthe
VNFsusingsuitablecomputingandnetworkresources1.
Importantly,theabovetaskimpliestheselectionoftheradio
pointsofattachment(PoAs)andtheuseofresourcesthatmay
spanfromthecloudtotheedgeofthenetworkinfrastructure
(includingmulti-accessedgecomputing(MEC)),tothefog
(e.g.,connectedcarsandrobots).Also,itiscriticalthatVNFs
areplacedandconnected,soasto(i)meetthetargetKPI
values,(ii)makeanefficientuseofthedifferentavailable
resources,thusavoidingresourceshortage,and(iii)minimize
theservicedeploymentcost,oneofthemainconcernsforboth
mobileoperatorsandverticalindustries[2]–[5].
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canhandlememoryandstorageaswell.

Fig.1. Aspergeographicalavailabilityrequirements,amobilerobot,smart
factoryservicemustbeprovidedwithintheyellowareas,withhighreliability
andlowlatency.Thiscanbeobtainedbydeploying:(a)serviceinstances
attherobots(fogresources),atlowercostbutalsolowerreliability,hence,
needingredundancytomeetreliabilityconstraints(orangeoption);(b)three
instancesatthepointsofattachment(PoA),e.g.,accesspoints(APs),covering
thetargetareas(edgeresources,blueoption);(c)deployingonlyoneinstance
inthecloud,butwithlargerdelay(greenoption).

AlthoughseveralworkshavealreadyaddressedtheVNF
placementproblem(seeSec.VIIforadetaileddiscussion),
thevarietyofKPIsintroducedby5Gposessomerelevant
challengesthatstillneedtobesolved.SuchKPIsareindeed
bothdiverseandheterogeneousoverdifferentservices,aswell
depictedbytheubiquitousITU“pyramid”[6]:diverseas,
forinstance,thelatencyrequirementsofdifferentusecases
canvarybyseveralordersofmagnitude,whileheterogeneous
reflectsthefactthat5Gintroducesseveralnewperformance
metrics,includingserviceavailability(inbothspaceandtime)
andservicereliability,asexemplifiedinFig.1.Satisfying
alltherelevantKPIsthroughanefficientresourceallocation
thusrequirescastingtheproblemintoanewformulationand
envisioningatotallynewsolution.

Additionally,existingstudieshavetackledtoalimited
extentspecificaspectsofnetworkslicing,including(i)the
possibilitythatalready-deployedVNFinstancescanbereused
fornewlyrequestedservices,with[7]onlyaccountingfor
cost,(ii)theopportunityofcombiningcloud-andedge-
basedservices(withtheexceptionof[8],whichhowever
onlydealswithcaching),and(iii)theneedtomakedecisions
onhowtoplaceandconnectVNFs,thusjointlyaddressing
VNFplacementanddatarouting([9]–[12]doso,butwithout
consideringPoAsorVNFre-usage,andundersomelimiting
assumptions,e.g.,onthenumberofVNFinstances).Overall,
extendingexistingsolutionstoaccountforall5GKPIsandthe
needforanefficientandlow-costresourceutilization,would
notbetrivialandwould,ingeneral,jeopardizethecomplexity
and/orcompetitiveratiopropertiesofsuchsolutions.

Inthiswork,weproposeanovelmethodologytomodel
thesystem,aswellasthemainfeaturesofnetworkslicing.
Exploitingsuch methodology, wedevelop OKpi,aneffi-
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cientsolutionthatcancreatehigh-quality,end-to-endnetwork
slices.Specifically,ourmaincontributionsareasfollows:

(i)wedevelopasystem modelthatcapturesthe mainas-
pectsof NetworkFunction Virtualization(NFV)-based
networksandcanrepresenttheavailabilityofresources
atdifferentlayersofthenetworktopology,namely,cloud,
edge,andfog,as wellasthefactthatexisting VNF
instancescanbereusedfornewly-requestedservices2;

(ii)weformulateanoptimizationproblemthat minimizes
theresourcecost, while meetingalltarget KPIs. We
provethattheproblemis NP-hard,andproposethe
OKpisolution,whichhasinsteadpolynomialcomplexity.
Leveragingagraph-basedrepresentationoftheavailable
resources,thepossibledecisions,andtheirimpacton
theKPIs,ourschemecanmakejointdecisionsonVNF
placementandtrafficroutingthatminimizetheresources
cost,byapplyingashortestpathalgorithmoveramulti-
dimensionalgraph.Importantly,suchagraphcanbebuilt
withdifferentlevelsofdetailandsize,whichresultsinto
atuneabletrade-offbetweencomputationalcomplexity
anddecisionquality;

(iii)weanalyzethepropertiesofoursolutionand,through
numericalresultsderivedunderreal-worldautomotive
androbotscenarios,weshowthatOKpicloselymatches
theoptimalperformance.Furthermore,weshowitsfunc-
tionalitybyimplementingitinatestbedsupportinga
mobilerobot,smartfactoryservice.

Therestofthepaperisorganizedasfollows. Weintroduce
thesystem modelinSec.II,andtheproblemformulation
inSec.III.The OKpisolutionandalgorithmaredescribed
inSec.IV,wherewealsoproveseveralpropertiesofOKpi
anddiscussitscomputationalcomplexity.Sec.Vshowsthe
performanceofoursolutionthroughsimulationsinbothsmall-
andlarge-scalescenariosreferringto5Guse-cases, while
Sec. VIpresentssomefieldtestsobtainedthroughareal-
worldtestbed.Finally, wereviewrelated worksinSec. VII
andconcludethepaperinSec.VIII.

II.SYSTEM MODEL

Our modelconciselydescribesthetwo maincomponents
of mobile,slicing-basednetworks:theservicestheysupport
(Sec.II-A),andthecomputingandnetworkresourcesthey
include(Sec.II-B).Eachofthemismodeledthroughagraph
–theservicegraphandthephysicalgraph,respectively. We
thendescribehowsuchgraphscanbecombinedinSec.III-C.
Further,weconsiderthata monitoringplatformisinplace,
withtheaimtoperiodically monitorboththeserviceperfor-
manceandthestatusofthesystemresources.Inthefollowing,
wedenotethegenerictimeintervalover whichthesystem
metricsareperiodically monitoredby t,andthesetofsuch
intervalsbyT.Thenotationsusedthroughoutthepaperare
alsosummarizedinTab.I.

2ThisisfeasibleifservicesshareacommonsubsetofVNFsandnoservice
isolationconstraintsexist.

TABLEI
NOTATIONTABLE

Symbol Type Meaning
T = {t} Set Setoftimeintervals
S= {s} Set Setofverticalservices
V= {v} Set SetofVNFs
A = {α} Set Setoflocations
E= {ψ} Set Setofendpoints
C= {c} Set Setofnetworknodes
K = {κ} Set Setofresources
I= {i} Set Setofradiointerfaces
L= {(i,j)} Set Setofphysicallinks
W = {w} Set Setofstrings/paths
k(κ,c) Parameter Quantityofκresourcesatnodec

rκ(v) Parameter
QuantityofκresourcesrequiredbyVNFv
toprocessaunitoftraffic

Ri(c) Parameter
Whethernode cisequippedwith
radiointerfacei

Di,j Parameter Delayoflink(i,j)
Ci,j Parameter Trafficcapacityoflink(i,j)

η(c,t),η(i,j,t) Parameter
Reliabilityofnodecand
link(i,j)attimeintervalt

l(ψ,v1,v2) Parameter
Trafficoriginatedatπ,processedlastatv1,
beforebeingprocessedatv2

χ(v1,v2,v3) Parameter
Fractionoftrafficprocessedatv1,currently
processedatv2,latterprocessedatv3

ρ(v,c) Variable Whethernode chostsVNFv

ac(ψ,v,κ) Variable
QuantityofκresourcesassignedtoVNFv
atnodectoprocesstrafficfromψ

f̂c(ψ,v1,v2) Variable
Fractionofflowl(ψ,v1,v2)processedat
VNFvinnodec

pi,j(ψ,v1,v2) Variable
Trafficfromψ,traversinglink(i,j),
processedatv1,latterprocessedby
v2 atnodej

ti,j(ψ,v1,v2) Variable
Trafficoriginatedatψ,lastprocessedat
v1,justtransitinglink(i,j),
andtobeprocessedbyv2

pi,j(ψ,v1,v2,w) Variable
Processingtrafficpi,j(ψ,v1,v2)
traversingstringw

ti,j(ψ,v1,v2,w) Variable
Transitingtrafficti,j(ψ,v1,v2)
traversingstringw

f(ψ,v1,v2,w) Variable
Fractionofserviceflowl(ψ,v1,v2)
traversingstringw

λc(ψ,v)
Auxiliary
Variable

Quantityoftrafficoriginatedatψand
processedbyvatnodec

τi,j(ψ,v1,v2)
Auxiliary
variable

Trafficoriginatedatψ,traversing
link(i,j),lastprocessedatv1,
andtobeprocessedbyv2

τi,j(ψ,v1,v2,w)
Auxiliary
variable

Traversingtrafficτi,j(ψ,v1,v2)
travelingoverstringw

A.Services

Averticalservices∈S isdescribedthroughaservice
graphwhereverticesare VNFs, v∈V,andedgesspecify
in whichorderthe VNFsshouldprocesstherelateddata
traffic(i.e.,howdatashallberoutedfroma VNFinstance
runningonanetworknodetothenext).NotethatVNFscan
alsorepresentdatabase-relatedfunctionalities[13],requiring
storageresources:likeotherVNFs,theymustbeplacedona
nodeandconsumeresourcestherein.Anexampleofservice
graphforamobilerobot,smartfactoryusecase3isdepicted
inFig.2(left).

AservicesisassociatedwithoneormoreKPIs,namely,

• therequiredbandwidth,orexpectedtrafficloadltobe
transferredandhandledbytheVNFscomposingtheservice;

• themaximumalloweddelayD(s);
• theminimumlevelofreliabilityH(s);
• therequiredgeographicalavailabilityatasubsetoflo-

cations,A(s)⊆ A, whereA = {α}representstheset

3http://wiki.ros.org



Robot
1

Robot
2

Edge
1

Edge
2

Edge
3

Cloud

Loca�oon
1

Loca�on
2

Loca�on
3

Robot
3

Robot
4

LADAR
1

MCT
N

ROS

1

ROS
brain
N

ROS
brain
1

LADAR
N

MCT
1

MCT
N

robot
1

robot
N

LADAR
1

3

Fig.2.Service(left)andphysical(right)graphscorrespondingtotheexample
inFig.1.Inthemobilerobot,smartfactorygraph,eachrobottransmitsits
sensorsdatatotheLADARandthetheRobotOS(ROS)brain.Theformer
providesaprobabilisticlocalizationoftherobots,thelatterleveragessucha
localizationandthesensorsdatatocontroltherobots.Messagesaretransferred
throughtheMobileCommunicationTransport(MCT),e.g.,avirtualAP.In
theservicegraph,verticesareendpoints(yellow)orVNFs(purple),edges
aredirectedandcorrespondtoflowsl.Inthephysicalgraph,verticesare
endpointsinEornodesinC,andedgesareundirectedandrepresentlinks
inL.ColorscorrespondtothoseinFig.1andrefertothedifferentresource
locations:fog(orange),edge(blue),cloud(green).

ofallpossiblelocationsintheconsideredregion.Asan
example,A(s)canrepresenttheurbanintersectionswhere
anautomotiveverticalwantstoprovideasafetyservice,
ortheareaswhererobotsshouldmovewithinawarehouse
(Fig.1). Werefertothecombinationofaserviceanda
locationasanendpointψ=(α,s)∈E⊆A×S;

•thelifetime(ortemporalavailability)ϕ(ψ)⊆T,corre-
spondingtoasubsetofalltimeintervalsTduringwhich
theservicemustbeavailableatendpointψ.

Asforeseenbystandards[14],servicesmaybeassociatedwith
oneormoreoftheserequirements,i.e.,notallKPIshavetobe
specifiedforallservices.Also,withoutlossofgenerality,we
considerthatthetrafficassociatedwithaserviceisgenerated
atendpointψandhastobeprocessedbythe VNFsin
theservicegraph;inFig.2(left),thiswouldcorrespondto
uplinkdatatransfers.Notehoweverthat,asdiscussedlater,
ourmodelisgeneralandcanalsocapturedownlinkaswell
asbidirectionaltrafficpatterns.
Thequantityoftrafficoriginatedatendpointψ∈E,that
hasbeenprocessedlastatVNFv1,andwillbenextprocessed
atVNFv2isdenotedbyl(ψ,v1,v2)(withl(ψ,v,v)being
thetrafficthatwillbeprocessedforthefirsttimeatv).
Afteratrafficflowisprocessedata VNF,theoutgoing
trafficcanincrease,decrease,orbesplitamongseveralother
VNFs,accordingtotheservicegraph.Parametersχ(v1,v2,v3)
expressthefractionofthetrafficthatwaslastprocessed(or
originated)atv1∈V∪E,thatiscurrentlyprocessedatv2,
andthatwillnextbeprocessedatv3.Forinstance,ifv2isa
deeppacketinspector,χ(v1,v2,v3)=1;butifv2isafirewall,
thenχ(v1,v2,v3)≤1.

B.RadiocoverageandFog/Edge/Cloudresources

Networknodes,withswitchingorcomputingcapabilities,
aredenotedbyc∈C,whileendpoints,whichareorigins
ordestinationsofservicetraffic,aredenotedbyψ ∈E.
Nodesmaybeequippedwithdifferentresources,e.g.,CPU
ormemory;thesetofresourcesisidentifiedbyK={κ}.
Thequantityofresourcetypeκavailableatnodecisspecified

throughparametersk(κ,c),hence,k(κ,c)=0∀κforpurenet-
workequipmentliketraditional,non-software,switches.Also,
binaryparametersRi(c)expresswhethernodecisequipped
withradiointerfacei∈Iornot.Aradiointerfaceavailable
atnodecdetermineswhichlocations,henceendpoints,node
ccovers–animportantfeatureoffogandedgenodes.
Radiocoverage,fog,edge,andcloudresourcescanthen
berepresentedthroughaphysicalgraphwhoseverticesare
thenetworknodesandtheendpoints,andtheedges(i,j)∈
L⊆(C∪E)2representthephysicallinksconnectingthem,
asperthenetworktopologyandthecoverageprovidedbythe
radiointerfaces.Eachedge(i,j)isassociatedwithdelayDi,j
andtrafficcapacityCi,j.Also,wedenotethereliabilitylevel
ofanynodecandlink(i,j)monitoredoveratimeinterval
t∈T,byη(c,t)andη(i,j,t),respectively.Specifically,these
quantitiesexpresstheprobabilitythataspecificnodeorlink
worksasintendedbyaveragingtheirbehaviorovert∈T,
thusaccountingforthetime-varyingqualityofcommunication
linksinvolvingfognodes,e.g.,robotsorcars. Weremark
that,ingeneral,alltheparametersintroducedabovemaydiffer
acrossfog,edge,andcloudresources.

C.Servicesupportoverthephysicalgraph

Toexpresswhetheranodecinthephysicalgraphhosts
VNFv,weintroduceabinaryvariable,ρ(v,c)∈{0,1}.
Variablesac(ψ,v,κ),instead,expressthequantityofresources
oftypeκassignedtothatVNFvatnodecandusedtoprocess
trafficgeneratedatendpointψ.
Wealsointroducevariables τi,j(ψ,v1,v2)representingthe
flowsoverthephysicalgraph,or, morespecifically,the
trafficoriginatedatψ ∈ E,traversing(i,j)∈ L,last
processedatv1,andtobenextprocessedatv2.Suchtraf-
ficcanbeeitherprocessedatj,orjusttransitingthrough
j;thesetwooptionsaredescribedthroughthetworeal
variablespi,j(ψ,v1,v2)andti,j(ψ,v1,v2),andbyimposing:
τi,c(ψ,v1,v2)=pi,c(ψ,v1,v2)+ti,c(ψ,v1,v2).
Further,tohandletheserviceKPIsmoreeasily,wedefine
astring,w∈ W,overthephysicalgraphasasequenceof
physicallinkstraversedbyaflow,withthefirstcomponentof
thestringbeinganendpoint.Similarlyto[15],thepossible
stringscanbepre-computedandstoredforlaterusage.Since
aserviceflowcanbesplitacrossdifferentstrings,wedefine
f(ψ,v1,v2,w)asthefractionofserviceflowl(ψ,v1,v2)
traversingstringw.Clearly,suchfractionsmustsumto1.
Thestring-wiseequivalentstoτi,j(ψ,v1,v2),ti,j(ψ,v1,v2),
and pi,j(ψ,v1,v2) are then ti,j(ψ,v1,v2,w) and
pi,j(ψ,v1,v2,w),respectively.Specifically,τi,j(ψ,v1,v2,w)
representsthetrafficofserviceflowl(ψ,v1,v2)traversing
link(i,j)onitsjourneythroughstringw∈ W,andthen
weimposeτi,j(ψ,v1,v2)= w∈Wτi,j(ψ,v1,v2,w).Similar
definitionsandconditionsholdforti,j(ψ,v1,v2,w)and
pi,j(ψ,v1,v2,w).
Furthermore,thefractionofserviceflowoveracertain

stringwmustmatchthephysicaltrafficonthecorresponding
links,i.e.,forallendpoints,VNFsv1andv2,links,andstrings,
wehave:f(ψ,v1,v2,w)l(ψ,v1,v2)=τi,j(ψ,v1,v2)1w(i,j),
where1w(i,j)denotesthatlink(i,j)∈Lbelongstow.
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Nowthatwehavedefinedthestring-relatedvariables,we
provideanexpressionforthelatencyandreliabilityKPIsof
aserviceassetforthbelow.

Theservicelatencycomprisesofnetworkdelay,dueto
traffictraversinglinksandswitches,andprocessingtimes
atthenodeshosting VNFinstances. Givenendpointψ,the
averagenetworkdelaycanbecomputedastheweightedsum
ofthedelaysassociatedwiththeindividualstringstakenby
thetrafficoriginatedatψ:

dnet(ψ)=
w∈Wv1,v2∈V

f(ψ,v1,v2,w)
(i,j)∈w

Di,j. (1)

Asfortheprocessingtime,let f̂c(ψ,v1,v2)bethefrac-
tionoftheservicetrafficflowl(ψ,v1,v2)processedatthe
instanceofVNFv2 locatedatnodec.Thenthequantityof
trafficλc(ψ,v2)originatingatψandprocessedattheinstance
ofv2incis:

λc(ψ,v2)=
v1∈V

f̂c(ψ,v1,v2)l(ψ,v1,v2).

Notethatsuchtrafficmaycomefromdifferentphysicallinks.
Next,wemodelVNFinstancesas M/M/1-PSqueues(see,

e.g.,[16]–[18]);thechoiceoftheprocessorsharing(PS)policy
closelyemulatesthebehaviorofamulti-threadedapplication
runningonavirtual machine.Thetotalprocessingtimeat
theinstanceofv2deployedatnodeccanthusbewrittenas:
1/(ac(ψ,v2,cpu)−rcpu(v2)λc(ψ,v2)),withrcpu(v2)denoting
theamountofCPUneededbyVNFv2 toprocessoneunit
oftraffic.Summingoverallflows,thetotalprocessingdelay
incurredbytrafficoriginatingatψisgivenby:

dproc(ψ)=
v1,v2∈V,c∈C

f̂c(ψ,v1,v2)
1

ac(ψ,v2,cpu)−rcpu(v2)λc(ψ,v2)
.

(2)
Finally,noticethatthereliabilityofastringcanbecom-

putedastheproductbetweenthereliabilityvaluesofalllinks
andnodesbelongingtoit.

III.PROBLEMFORMULATION

Inthissection,weformalizetheproblemofcreatingend-
to-endnetworkslicesthat meetalltherequired KPItargets
(Sec.III-E) while minimizingthetotalcost(Sec.III-F).
First, weintroducethesystemconstraintsrelatedtoservice
processing,datarouting,and KPIfulfillment.Theproblem
complexityisthendiscussedinSec.III-G.

A.Flowconservationontheservicegraph

First,asremarkedbytheexampleontheχ(·)values,we
notethatthereisnoflowconservationontheservicegraph.
Instead,thefollowinggeneralizedflowconservationlawholds:

l(ψ,v2,v3)=
v1:v1=v2

l(ψ,v1,v2)χ(v1,v2,v3)

+l(ψ,v2,v2)χ(ψ,v2,v3), ∀v2,v3∈V:v2=v3. (3)

Theintuitivemeaningof(3)isthateithertraffictravelingfrom
VNFv2toVNFv3mustcomefromanotherVNFv1andthen
itistransformedinv2 accordingtotheχ-coefficients(first
termofthesecondmember),orithasjustoriginatedatψand
isprocessedforthefirsttimeatv2(secondterm).

B.Flowconservationandlinkcapacityonthephysicalgraph

Thetrafficgoingoutofnodecmustbeequaltothesum
ofthattransitingthroughcandthatjustprocessedatc,i.e.,

(c,h)∈L

τc,h(ψ,v2,v3)=
(i,c)∈L

ti,c(ψ,v2,v3)+pi,c(ψ,v2,v2)·

χ(ψ,v2,v3)+
v1∈V

pi,c(ψ,v1,v2)χ(v1,v2,v3). (4)

Finally,eachphysicallink(i,j)cannotcarry moretraffic
thanitscapacity,i.e., e v1,v2

τi,j(ψ,v1,v2)≤Ci,j.

C. DeployingVNFsandassigningresources

Givenasetof VNFs,eachconsuminganamountofre-
sourcesac(ψ,v,κ)oftypeκatnodec,wehavetoimpose
thatthenodecapabilitiesareneverexceeded,i.e.,foranyc
andκ, ψ∈E v∈Vac(ψ,v,κ)≤k(κ,c).

Importantly,foranyκ∈ K,thequantityoftrafficpro-
cessedbyvatnodeccannotexceedtheratiobetweenthe
quantityac(ψ,v,κ)ofresourcetypeκassignedtotheVNF,
andthequantityrκ(v)ofresourcetypekneededbyVNFv
toprocessoneunitoftraffic,i.e.,

(i,c)∈Lψ∈Ev1∈V

pi,c(ψ,v1,v2)≤
ac(ψ,v2,κ)

rκ(v2)
∀κ∈K.

(5)
Also,node c’sresourcescanbeassignedtoa VNFvonly
ifthelatterisdeployedtherein:ac(ψ,v,κ)≤ρ(v,c)k(κ,c),
foranyc,κ,andv.Theseconditionsimplythatnotrafficis
processedatanodewherenoinstanceofaVNFisdeployed.

Last,weensurethatVNFsareplacedonlyatnodeswhere
alltheneededradiointerface(s)areavailable,e.g.,a Mobile
CommunicationTransport(MCT) may workonlyatnodes
equipped withspecificradiointerfaces.Thus,foranynode
c,interfacei,and VNFv, wehave:ρ(v,c)ri(v)≤ Ri(c),
where ri(v)∈ {0,1}areparametersspecifying whether
interfaceiisneededbyVNFv,andRi(c)specifieswhether
suchaninterfaceisavailableatc.

D. Matchingserviceandphysicalflows

Sinceoursystemmodelincludestwographs,aservicegraph
andaphysicalgraph,wemustensurethatserviceflowsland
physicalflowsτmatch.Tothisend,weimposethattheflow
enteringthefirstVNFofaservicegraphcorrespondstoone
ormoretrafficflowsonthephysicalgraph:

l(ψ,v,v)=
(ψ,c)∈L

τe,c(ψ,v,v),∀ψ∈E,v∈V. (6)

Once(6)is met,then(3)and(4)ensurethatthetrafficon
subsequentlinksisprocessedasspecifiedbytheχ-parameters.

E. MeetingserviceKPIs

1)Servicelatency:thelatencyexperiencedbyaservice
sisgivenbythesumofthenetworkdelay(asin(1))
andtheprocessingtime(asin(2)).RecallingthatD(s)is
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the maximumtargetdelayforservices,theservicelatency
constraintforitsendpointscanbestatedas:

dnet(ψ)+dproc(ψ)≤D(s), ∀ψ∈E.

NotethattherelationshipbetweenassignedCPUandprocess-
ingtimeintheexpressionofdproc(ψ)alsomeansthattheCPU
hasadifferentrolefromtheothertypesofresources.Indeed,
forresourcesotherthanCPU, wecanassigntoeach VNF
instanceexactlytheamountneededtohonor(5),asagreater
amountwouldyieldnobenefit. WithCPU,instead,thereis
anadditionaldegreeoffreedomwecanplaywith:assigning
moreCPUresultsinshorterprocessingtimes,buthighercosts.

2)Servicegeographicalavailability:byserviceavailability
requirements,alllocationsinA(s)⊆A mustbecoveredby
services.Inotherwords,forallendpointsψ=(α,s):α∈
A(s),there mustbealink(ψ,c)onthephysicalgraphtoa
nodecthatisequippedwitharadiointerfacecoveringαand
thatruns(oritisconnectedtoanothernoderunning)thefirst
VNFoftheservicegraph.

3)Servicereliabilityandtemporalavailability:Wecanen-
surethatateverymonitoringslotthereliabilityH(s)required
forservicesishonoredbyconsideringaweightedsumofthe
per-stringreliabilityvalues.Insymbols,∀ψ∈E,t∈ϕ(ψ),

v1,v2∈Vw∈W

f(ψ,v1,v2,w)
(i,j)∈w

η(j,t)η(i,j,t)≥H(s).

Notethatimposingtheaboveconstraintforeverymonitoring
slotduringtheservicelifetimealsoensuresthattheservice
targettemporalavailabilityismet.

F. Objective

As mentionedinSec.I,costisoneofthe mainconcerns
relatedtoservicevirtualizationandnetworkslicing.Suchcost
mainlycomesfromusingnetworkandcomputationresources.
Tomodelthisissue,wedefine:

• afixedcostcc(v),duetothecreationatnodecofaVNF
instancev;thiscostisnullifanexistingVNFinstancecan
bereused;

• acostcc(κ),incurredwhenusingaunitresourceκatnodec;
• acostci,j,incurredwhenoneunittraffictraverseslink(i,j).

Then,uponreceivingarequesttodeployaserviceinstance
s,weformulatethefollowingcost-minimizationproblem:

min
c v

cc(v)+
e κ

cc(κ)ac(ψ,v,κ)

+
(i,j) e v1,v2

ci,jτi,j(ψ,v1,v2)

subjecttotheconstraintsreportedinSecs.III-A–III-E.
Werecallthattheendpoints ψ toconsiderdependon

theserviceandonitsgeographicavailabilityrequirements,
whilethe VNFsarethosespecifiedbytheservicegraph.
Furthermore,asolutiontotheaboveproblemwillalwaysopt
forreusinganexistinginstanceofaVNF,wheneverpossible,
asthiswouldnullifytheinstantiationcostcc(v).

G. Natureandcomplexityoftheproblem

Theproblemofjointly making VNFplacementanddata
routingdecisionsisnotoriouslyhard,evenwhenonlyoneKPI
isconsidered[5],[16],[19]. Wenowprovethroughareduction
frombin-packingthecomplexityoftheproblemdescribed
inSec.II,showingthatdirectlysolvingsuchaproblemis
impracticalforallbutverysmallinstances.

Theorem1. TheVNF-placementanddataroutingproblem
describedinSec.IIisNP-hard.

Proof:Toprovethethesis, weneedtoreducean NP-
hardproblemtoVNF-placementinpolynomialtime.Letus
considerbin-packing, whichisknowntobe NPhard[20]:
givenasetofitemsweightingωieach,wehavetoplacethem
throughoutasetofbins,eachhavingsizeσb,usingasfew
binsaspossible. Wetransformabin-packinginstanceintoa
correspondingVNFplacementone,byconsidering:

• onesingleVNFvandonesinglelocation;
• infinite-capacity, zero-cost, zero-delay, unitary-reliability

links;
• asmanynodesastherearebins,alsowithunitaryreliability;
• theCPUavailableateachnodeisthesameasthesizeof

thecorrespondingbin;
• onesinglelocationandasmanyservices(hence,endpoints)

asthereareitems;
• allservicesincludeonlyoneVNF,i.e.,VNFv;
• thetrafficl(ψ,v,v)andthetargetdelayD(s)ofeachservice

aresuchthatitrequiresωiCPUunitstoprocesstheservice
trafficintime,i.e., 1

ωi−l(ψ,v,v)rcpu(v)=D(s);
• allcostsaresettozero,exceptforthe VNFcreation

costscc(v),whichcanbesettoanypositivevalue.

Inthiscase, VNFplacementandbin-packingdecisionsare
equivalent:theformerplacesVNFsinnodes,thelatterplaces
itemsinbins.Thesizeofbinscorrespondstothecapacity
neededbythe VNFinstances,and minimizingthecostis
tantamounttominimizingthenumberofbins.Thetranslation
frombin-packingtotheabovesimpleVNFplacement(with
onlyone VNF,single-VNFservices,anduniformly-priced
nodes)takespolynomial(indeed,linear)time,hence, we
canconcludethat VNFplacementis(atleast)ashardas
bin-packing,i.e., NP-hard. Additionally,duetotheinfinite-
capacity,zero-cost,zero-delay,unitary-reliabilitylinks,any
dataroutingsolutionwouldbeoptimal.Thissuggeststhat,in
practice,solvingtooptimalitytheproblemdescribedinSec.II
wouldbesubstantiallyharderthanbin-packing.

Wealso observethatourproblemcanbeseenasa more
complexversionofamulti-constrainedpath(MCP)problem,
wherethecost(hence,theweightoftheedgesinthe MCP
graph)changesateveryhop.Althoughknownsolutionstothe
MCPproblem,e.g.,[21],arenotapplicable,suchasimilarity
motivatesustoproposeaneffectiveandefficientheuristic,
calledOKpi,forwhichwecanprovethat:

• itprovideshigh-quality VNFplacementanddatarouting
decisions,withguaranteedfeasibility;

• suchdecisionsaremadeinpolynomialtime;
• undermildhomogeneityassumptions,decisionsareoptimal;
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Fig.3. ThemainstepsoftheOKpisolutionconcept.

• inthegeneralcase,decisionscanbearbitrarilyclosetothe
optimum.

IV. THEOKPISOLUTION

Oursolutionincludesfour mainsteps,assummarizedin
Fig.3.First, wecombinethephysicalgraph,theservice
graph,and KPItargetsintoadecisiongraphG =(N,E),
summarizingtheservicedeploymentdecisionsthatcanbe
madeandtheireffectonthe KPIs(Sec.IV-A). Then we
translatethisgraphintoanexpandedgraph,andusethelatter
toidentifyasetoffeasibledecisionsas wellastoselect,
amongthem,thelowest-costone(Secs.IV-BandIV-C).

Forclarity,wepresentOKpiinthecasewheretheservice
graphisachainwithuplinktrafficstartingfromanendpointψ,
andincludingN VNFs v1...vN,eachrequiringonlyone
instance.AsdiscussedinSec.IV-D,allsuchlimitationscanbe
dropped:OKpiworkswitharbitraryservicegraphsrequiring
anynumberofinstancesforeachVNF.

A.Thedecisiongraph

Giventhephysicalgraph modelingtheserviceendpoints
andthefog,edge,andcloudresources, webuildthedeci-
siongraphG withtheaimtorepresentthepossibleservice
deploymentdecisionsandtheireffectsontheserviceKPIs.

Asapreliminarystep,weconsiderthecomputation-capable
nodesinthephysicalgraph(hence,asubsetofC),and
foreachofthemwecreate(|V|−1)replicas.Consistently,
wecreateauxiliaryedges(i)connectingeachnode cand
itsreplicasinachainfashion,andassignthemzerodelay,
infinitecapacity,andreliability1,and(ii)connectingany
replicaofcwithanycomputingnode d,for whichalink
(c,d)∈Lexists.Crucially,introducingnodereplicasenables
ustoaccountforthepossibilitytodeploy multipleVNFsat
thesamecomputation-capablenodewithoutintroducingself-
loopsinthedecisiongraph.Indeed,asitwillbe moreclear
later,giventhata VNFisplacedinc,eachreplicathereof
representsthepossibilitytodeploythenextVNFagaininc.

LetthenG=(N,E)bethedecisiongraphwhere:

• N includestheendpointsinE,andthecomputation-capable
nodesinthephysicalgraphaswellastheirreplicas;

• E isthesetof(i)theaforementionedauxiliarylinks,and
(ii)thevirtuallinks(i.e.,singlephysicallinksorsequences
thereof)connectingtheverticesinN.

Everyedge(̃n1,̃n2)inE representingavirtuallinkhasthe
followingproperties:

• itscapacityC̃n1,̃n2
issettotheminimumoftheindividual

capacitiesofthephysicallinkscomposingthevirtuallink;
• itsdelayDñ1,̃n2

issettothesumoftheindividualdelays
ofthephysicallinkscomposingthevirtuallink;

• itsreliabilityη̃n1,̃n2 issettotheproductofthereliability
valuesofphysicallinksandnodes(bothcomputationand
pure-routingcapable)includedinthevirtuallink.

LetusnowconsidertheadditiveKPIsand,forsimplicity,
letusfocusontwoofthem,e.g.,delayandreliability.To
anyedge(̃n1,̃n2)inthedecisiongraph,weassignamulti-
dimensionalweightw̃(̃n1,̃n2),definedas:

w̃(̃n1,̃n2)=
Dñ1,̃n2

D(s)
,
logη̃n1,̃n2

logH(s)
. (7)

Theintuitionbehind(7)isthattheweightofedge(̃n1,̃n2)
correspondstothefractionofthetargetdelayandreliability
thatwillbe“consumed”bytakingthatedge,i.e.,bydeploying
a VNFatñ1 andthesubsequentoneatñ2. Westressthat
usinglogarithmsinthesecondtermofthe weightallows
ustotranslatea multiplicativeperformanceindex(namely,
reliability)intoanadditiveone4.

Westressthat,whensomeservicesarealreadyactiveinthe
network,webuildthedecisiongraphconsideringtheresidual
capabilitiesofphysicallinksandnodes,i.e.,thosenotassigned
toalready-runningservices.Similarly,incaseofvirtuallinks
sharingthesamephysicallinks,theircapacityisupdatedas
trafficisallocatedtothephysicallinks.

B.Theexpandedgraph:findingdecisionshonoringavailabil-
ityandadditiveKPIs

GiventhedecisiongraphG,ourfirstpurposeistoidentifya
setoffeasibleservicedeploymentdecisionsthatareconsistent
withthetarget KPIs. Tothisend,asapreliminarystep,
weensureto meettheservicegeographicalandtemporal
availabilityrequirementsbypruningfromG theverticesand
edgesthatdonotsatisfysuchconstraints.

Next, wetakeanapproachinspiredby[21]andbuilda
multi-dimensional,expandedgraph,withasmanydimensions
asthenumberofadditiveKPIs.Specifically,givenapositive
integervalueofresolutionγ:

1)foreachvertexñinthedecisiongraph,wecreateasmany
correspondingverticesas(γ+1)2,wheretheexponent2

4Itiseasytoseethatη̃n1,̃n2η̃n2,̃n3 ≥H(s)translatesinto
logη̃n1,̃n2

logH(s)
+

logη̃n2,̃n3
logH(s)

≤1.
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Fig.4. Decisiongraph(top)andexpandedgraph(bottom)whenonlydelay
isconsideredasa KPIandγ=3.Inthedecisiongraph,edges(̃n1,̃n2)
and(̃n2,̃n3)havedelayof1ms,while(̃n1,̃n3)hasdelayof2ms(vertices
representingreplicanodesareomittedforsimplicity);thetargetdelayis3ms.

correspondstothenumberofadditive KPIs. Wedenote
suchverticesbyñd where disavector withas many
integerelementsasthenumberofadditiveKPIsandthe
valueofsuchelementsrangesbetween0andγ,i.e.,̃nd =
ñ0,0,̃n0,1...,̃n0,γ...,̃nγ,γ;

2)foreveryedge (̃n1,̃n2) ∈ E withcapacity C̃n1,̃n2

greater orequaltotheamount oftrafficto process,
create directed edgesfrom each vertex ñi,j

1 to ver-

tex̃n
i+ γw(̃n1,̃n2)[0],j+ γw(̃n1,̃n2)[1]
2 (ifsuchavertexex-

ists), wherethetwosuperscriptsrefertodelayandreli-
ability,respectively.Forexample, withγ =1,ifedge
(̃n1,̃n2)has weightw̃(̃n1,̃n2) =(0.1,1.5)andenough
trafficcapacity,therewillbeadirectededgefrom̃n0,0

1 to
ñ1,2

2 ,butnotfrom̃n0,0
1 tõn0,1

2 .

Westressthattheexpandedgraphhas no weightsonits
edges:thedelayandreliabilityinformationthatisexpressed
byweightsinthedecisiongraphisnowrepresentedbythe
topologyoftheexpandedgraph.Aone-dimensional(i.e.,one-
KPI)exampleofdecisiongraphandcorrespondingexpanded
graphisdepictedinFig.4.

Finally,weidentifyasetofpossibleservicedeployments,
i.e.,VNF-to-computenodeassignmentsandthecorresponding
datarouting. Wedosobylookingfortheshortestpathsinthe
expandedgraphthat(a)beginatendpoints,and(b)contain
asmanyedgesasthereareVNFstoplace. Weunderlinethat
thelatteristriviallyrequiredbytheneedtodeployallVNFs
ontheservicegraph,andbythefactthatplacingmoreVNFs
ataphysicalnodeisallowedthankstothereplicanodesand
auxiliaryedges,asdiscussedinSec.II-B.

Inthefollowing,wemakeseveralfundamentalremarkson
theexpandedgraphandonthepaths,hence,thedeployment
decisionstheycorrespondto.GivenKPI,wedefineasdepth
ofavertexintheexpandedgraphthevalueoftheelement
inthesuperscriptcorrespondingtothe KPI. Notethat,by
construction(seepoint1above),themaximumvalueofdepth
isγ.Also,letthesteepnessofanedgebethedifferencein

depthbetweenitstargetandsourcevertices.Consideringthe
one-KPIexampleinFig.4(bottom),vertexñ0

1 hasdepth0,
vertexñ2

3 hasdepth2,andtheedgebetweenthetwohas
steepness2−0=2,i.e.,equaltoγw(̃n1,̃n3).

Byconstruction,foragiven KPI,theratiobetweenthe
steepnessofanedgeandγisgreaterorequaltotheweight
componentonthecorrespondingedgeofthedecisiongraph,
whichinturnisthefractionoftheKPItargetvaluesconsumed
bymakingthatdecision(see(7)).Asanexample,considering
edge(̃n0

1,̃n2
3)inFig.4(bottom),wehave:

steepness

γ
=

2

3
≥w(̃n0

1,̃n2
3)=

Dñ1,̃n3

D(s)
=

2

3
. (8)

Theobservations aboveallowustostateaveryrelevant
propertyofthedecisionscorrespondingtothepathsonthe
expandedgraph.

Lemma1. Thedecisionscorrespondingtoanypathonthe
expandedgraphhonoralladditiveKPIs.

Proof:Bydefinition,thedepthofavertexcorresponds
tothetotalsteepnessofthepathrequiredtoreachitfrom
endpointψ.Giventhatthe maximumdepthintheexpanded
graphisγ,thereisnopathwithtotalsteepness5 greater
thanγ.ThankstotherelationbetweenweightandKPItargets
(exemplifiedin(8)),thisimpliesthat,givenapathonthe
expandedgraph,thesumoftheweightsofthecorresponding
edgesinthedecisiongraphcannotexceed1,i.e.,thecorre-
spondingdecisionshonoradditiveKPIs(including,thanksto
thelogarithmicweights,reliability).

Importantly,thesmallertheresolutionγ,thefewerthe
possiblevaluesofdepthandsteepnessintheexpandedgraph,
thefewerthelevelsofconsumptionoftheKPItargetvalues
weareabletodistinguish,whichcorrespondstointroducing
anerror,akintoquantization.Indeed,γ+1canbeseenasthe
numberofquantizationlevels6weadmit:intheextremecase
ofγ=1,alledgeswouldhaveasteepnessof1,whichalso
correspondstoexhaustingthewholeKPItargetinonehop.
Suchaquantizationerrormayleadtodiscardingsomefeasible
solutions,andthus,inthemostgeneralcase,mayjeopardize
theoptimalityofOKpi.However,twoimportantfactsstand
out:(i)evenenumeratingallfeasiblepathsinthedecision
graphis NP-hard,asprovenin[21],hence,quantizationis
necessary;(ii)byincreasingγ,OKpicangetarbitrarilyclose
totheoptimum(atthepriceofhighercomplexity).

Last,weremarkthatallpathsontheexpandedgraphhonor
additiveKPIsconstraints,withthepossibleexceptionofdelay.
Indeed,unlikeother KPIs, whetherornotthedelaytarget
isviolateddependsnotonlyonthenetworklatency,hence,
theVNFplacement,butalsoontheprocessingtime,i.e.,the
quantityac(ψ,v,cpu)ofCPUassignedtoeachVNF,which
inturnimpactsthedeploymentcost. Wecanaccountforthis
importantaspectthankstothe M/M/1-PS modelusedfor
(2).Inparticular,below weshowhowtodetermine,given
apossibledeployment, whetherthereisaCPUassignment
consistentwiththetargetdelay,andthecostthereof.

5Thesteepnessofapathshouldbenotconfusedwiththelengthofapath.
6Usinglogarithmsforreliabilityvalues,whicharealltypicallyveryclose

to1,isakintoperformingadaptivequantization.
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C. Minimizingthecost

Wenowneed(i)foreverypathfoundinSec.IV-B,to
identifytheminimum-costCPUassignment,i.e.,theoptimal
valuesoftheac(ψ,v,cpu)variables–ifsuchanassignment
exists–,and(ii)todeterminethepaththatminimizesthe
overallcost.
Tothisend,foreachpath,hence,forafixedψandfor
VNFsv1...vN tobedeployedatcomputingnodes̃n1...̃nN,
respectively,wesolvethefollowingproblem:

min
ñ,v

ãn(ψ,v,cpu)c̃n(cpu) s.t. (9)

ñ1,̃n2

Dñ1,̃n2+
1

ãn2(ψ,v2,cpu)−rcpu(v2)λ̃n2(ψ,v2)
≤D(s),

aswellastoconstraintsconcerninglinkcapacity,nodeca-
pability,andflowconservation,equivalenttothosepresented
inSec.III.Iftheproblemaboveisinfeasibleforagiven
path,thenthatpath(andthecorrespondingdecisions)is
incompatiblewiththetargetKPIsandmustbediscarded.
Oncetheproblemin(9)issolvedforallpathsidentified
intheexpandedgraph,wecomputethetotalcostassociated
witheachpath(includingallcomponentsdefinedinSec.III-F)
andselectandenactthelowest-costdeployment,thusfulfilling
OKpi’spurpose.Importantly,theproblemisconvex,hence,it
canbeefficientlysolvedinpolynomialtime[22].Theproof
simplyfollowsfromobservingthat(i)theobjectivein(9),as
wellastheflowconservationandcapabilityconstraints,are
linear,and(ii)thesecondderivativesofthedelayconstraint,
arepositiveinthedecisionvariables,hence,theconstraint
itselfisconvex.

D.Generalscenarios

WenowshowhowOKpitacklesarbitraryscenarios.
1)Arbitraryservicegraphs:Iftheservicegraphismore
complexthanachain,wecanproceedbydecomposingthe
graphintoasetofchains(e.g.,inFig.2(left),oneinuplink,
fromthe MCTtotheDB,andoneindownlink,fromthe
detectorbacktotheMCT).OKpiisthenappliedsubsequently
toeachchain,andthedeploymentdecisionsarecascaded.
Thecasewheremultipleendpointshavetobecovered,asin
Fig.2(left),ishandledinthesameway.
2) MultipleVNFinstances:IftheprobleminSec.IV-C
isinfeasibleforallpossiblepathsfoundinSec.IV-B,a
reasoncouldbetheneedtosplittheprocessingburdenacross
multipleinstancesofthesameVNF.Thiscaseishandledby
firstidentifyingthebottleneckVNF,i.e.,takingthelongest
toprocesstheservicetraffic,andthenincreasingbyonethe
numberofinstancesofthatVNFintheservicegraph.OKpi
isthenre-runonthemodifiedservicegraph.

E.OKpianalysis

robot
master

MCT
robot
slaveψ

Inthissection,weproveseveralpropertiesaboutOKpi
(proofscanbefoundintheAppendices). Westartwiththe
mostessentialaspectrelatedtoitseffectiveness,i.e.,itsability
tomeetallserviceKPIs(seeApp.-Afortheproof):

Fig.5. Servicegraphspecifyingtheinter-robotcommunicationservice.
YellowandpurpleverticesdenoteendpointsandVNFs,respectively.

Property1.OKpi’sdecisionshonorallKPItargets.

Next,weaddressthecomputationalcomplexityofOKpi
(seeApp.-Bfortheproof):

Property2. The worst-casecomputationalcomplexityof
OKpi(includingthegraphgenerationandthesolutionof(9))
ispolynomial.

Also,inthecasewherethephysicalgraphishomogeneous,
wecanprovethatOKpicanreturntheoptimalsolution(see
App.-Cfortheproof):

Property3.Ifalllinksandnodeshavethesamecapabilities
andcost,thentheoutputofOKpiisoptimal.

Finally,weconsidertheexpandedgraphandshowthatit
canbebuiltinpolynomialtime(seeApp.-Dfortheproof):

Property4. The worst-casecomputationalcomplexityof

buildingtheexpandedgraphisO (γ+1)4·|N|2·K .

V.NUMERICALRESULTS

Here,wefirstfocusonasmall-scalesmartfactorysce-
narioandaninter-robotcommunicationservice(Sec.V-A),
andcomparetheperformanceofOKpiagainsttheoptimum
obtainedviabruteforce.Then,we movetoalarge-scale
smartfactoryscenario(Sec.V-B),andinvestigatetheimpact
ofthenumberofrobotsonthedecisions madebyOKpi
andtheresultingperformance.Finally,considerareal-world
automotiveservice(Sec.V-C),andwecharacterizehowthe
quantityoftraffictoserveandthemaximumdelayimpact
thedecisionsmadebyOKpiinalarge-scalescenario.The
KPIrequirementsoftheservicesunderstudyarepresentedin
Tab.II.

TABLEII
SERVICEREQUIREMENTS

Requirement Smart-factory
scenarios

Automotive
safety
scenario

Testbed
scenario

bandwidth 1Mbps 1.5Mbps [2,3]Mbps
reliability {.999,.9999,.99999} —-
delay [20,100]ms [20,60]ms 15ms

A.Small-scale,smartfactoryscenario:comparisonagainst
theoptimum

Weconsidertheinter-robotcommunicationservice[23],
whosegraphisdepictedinFig.5.Aroom(hence,anend-
point)containsthreerobots,withdifferentlevelsofreliability:
η(robot1)=0.999999,η(robot2)=0.99999,andη(robot3)=
0.9999.Twoofthesethreerobotsmustbeusedtoperforman
operation,hence,runtherobo-masterandrobo-slaveVNFs.
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Fig.6. Small-scale,smartfactoryscenario(inter-robotcommunicationservice):costasafunctionofthemaximumdelay(left)andofthetrafficload(center),
fordifferentvaluesoftargetreliability;costbreakdown(right)whenthetargetreliabilityis0.999,the maximumdelayis50 ms,thetraffic multiplieris1,
andγvaries.

TABLEIII
SMALL-SCALESMARTFACTORYSCENARIO:POINTSOFATTACHMENT

ANDROBOTCHARACTERISTICS

Item Reliability Latency Cost

Pointsofattachment
micro-cell 0.999999 3ms 40USD/Mbit
pico-cell 0.99999 2ms 30USD/Mbit
femto-cell 0.9994 1.5ms 15USD/Mbit

Robots
robot1 0.999999

NA
25.49USD/Mbit

robot2 0.99999 17.04USD/Mbit
robot3 0.9999 11.36USD/Mbit

Thecommunicationbetweenthetwoselectedrobotscantake
placethroughthreetypesofPoAs, withdifferentlevelsof
reliability(micro-cell:0.999999,pico-cell:0.99999,femto-
cell:0.9994),andcostsasreportedin[24](seeTab.III).The
offeredtrafficis1 Mb/sperrobot,asspecifiedin[23].

Fig.6depictstheresults when OKpi’sresolutionisset
toγ=10. Afirstaspect weareinterestedinistherela-
tionshipbetweenthetargetKPIsandcost:aswecanseefrom
Fig.6(left)andFig.6(center),alongerallowabledelayresults
inalowercost;conversely,ahighertrafficloadorahigher
targetreliabilitybothresultinhighercosts.Intuitively,thisis
duetothefactthatcheaperresources(e.g.,robot3)tendto
havelowerreliabilityand/orcapacity,hence,itisimpossible
tousethemwhentheKPItargetsbecomeverystrict.

Interestingly,inbothFig.6(left)andFig.6(center),OKpi
matchestheoptimumin allcases.Indeed,asdiscussedin
Sec.IV-B,OKpialways matchestheoptimumiftheresolu-
tionγishighenough;inthesmall-scalescenarioweconsider
forFig.6,γ=10issufficienttothisend.

Fig.6(right)showstheeffectofsettingalowerresolution,
namely,γ=3.Aswecanseebycomparingtheleftandcenter
bars,alowervalueofγresultsinsuboptimal,higher-cost
decisions.Specifically,thedifferenceisduetothefactthat,
whenγ=3,ahigher-costPoAisselected,namely,thepico-
cellinlieuofthefemto-cell.Thishappensbecause,forγ=
3,theedgescorrespondingtothefemto-cellintheexpanded

graphhavesteepness γlog0.9994
log0.999 =2.Consideringthat(i)

allotheredgeshavesteepness1and(ii)OKpiseeksforpaths
composedofthreeedges(sameasthenumberof VNFsto
place)withatotalsteepnessnotexceedingγ=3,theedges
correspondingtothefemto-cellwillneverbeselected,hence,
thecorrespondingdecisionisneverconsidered.Insummary,
asdiscussedintheprevioussections,usingatoo-lowγmade

TABLEIV
ALGORITHMRUNTIMESFORTHESMALL-SCALESMARTFACTORY

SCENARIO,WHENTHETARGETRELIABILITYIS 0.999,THE MAXIMUM

DELAYIS50MS,ANDTHETRAFFIC MULTIPLIERIS1

γ Runtime[s]

2 2.1
4 2.4
6 2.7
8 3.1

10 3.8

optimal 284.8

usoverlookafeasible–and,inthiscase,optimal–solution.
InthesamesettingsasforFig.6(right),Tab.IVpresentsthe

timetakenbytheOKpialgorithmfordifferentvaluesofγ,as
wellasthetimeittakestofindtheoptimalsolution.OKpiis
implementedinPython,andalltestsarerunonaserverwith
40-coreIntelXeonE5-2690v23.00GHzCPUand64GBof
memory. WecanobservethatOKpiruntimesareveryshort,
muchshorterthanthetimeittakestofindtheoptimalsolution.
Evenmoreinterestingly,largervaluesofγdoresultinlonger
runtimes,buttheincreaseissubstantiallyslowerthanthe
worst-casecomplexityderivedinProperty4.

B.Large-scale,smartfactoryscenario:impactofthenumber
ofrobots

TodemonstratethescalabilityofOKpi,wenow moveto
thescenariodepictedinFig.1andthe mobilerobot,smart
factoryserviceinFig.2(left),includingasetofN robots.This
scenarioisanenrichedversionofthesmall-case,smartfactory
roboticservice,asresourceprovisioninghastoaccountfor
morerobots,andthesmartfactoryservicegraphnowincludes
additionalVNFsthatcanbeplacedonserversratherthanon
robots.

DifferentPoAsareconsidered withdifferentreliability,
latency,andcostvalues,asreportedinTab. V.Thefront-
andback-haulnetworktopologyisbasedon[25]andITU
standard[26],andincludescorenodes,aggregationnodes,
andlocal(i.e.,closetothePoAs)nodes, withfeaturesas
summarizedinTab. V[27]. Ourgoalistostudyhowthe
numberofusers(robots,inthiscase)impactsthedecisions
madebyOKpiandtheresultingperformance.Fig.7(a)shows
that,asone mightexpect,alargernumberofrobotsalways
resultsinahighercost;interestingly,computingnodesand
PoAsaccountforcomparablesharesoftheoverallcost.
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(a) (b) (c) (d)

Fig.7. Large-scale,smartfactoryservicewithavaryingnumberofrobots:costbreakdown(a),choiceofPoAs(b)andcomputingnodes(c),usageof
computingresourcesatdifferentlocationinthenetworkinfrastructure(d).

TABLEV
LARGE-SCALESCENARIOS:POINTSOFATTACHMENTANDCOMPUTING

NODESCHARACTERISTICS

Item Reliability Latency Cost

Pointsofattachment
macro-cell 0.99999999 6ms 1.02USD/Gbit
micro-cell 0.9999999 3ms 2.31USD/Gbit
pico-cell 0.999999 2ms 3.80USD/Gbit

Computingnodes
cloudring(AzureDataBox) 0.99999999 8ms 2.23USD/Gbit
aggregationring(PowerEdge) 0.9999999 3ms 5.23USD/Gbit
localring(smalldatacenter) 0.999999 1ms 10.47USD/Gbit

Fig.8.Servicegraphofthesafetyautomotiveservice(vehiclecollisionavoid-
ance).YellowandpurpleverticesdenoteendpointsandVNFs,respectively.

Fig.7(b)andFig.7(c)summarizehow muchtrafficis
handledbydifferentPoAsandcomputingnodesasthenumber
ofrobotsgrows.Fig.7(b)isfairlystraightforward:thecheap-
estoptionsarealwayspreferred;onlyaftertheircapacityis
exhausted,moreexpensivePoAsareexploited.Fig.7(c),con-
cerningcomputingnodes,showsinsteadadifferentsituation.
Theintermediatesolution,i.e.,aggregationrings,ispreferred
inmostscenarios;edgeserversareusedforalimitedamount
oftraffic,thankstotheirlowlatencythatallowsusingcheaper
(albeitslower)PoAs.Cloudservers,thankstotheirlowcost
andhighcapacity,arethepreferredoptionwhenthenumber
ofrobotsgrows,providedthetargetlatencycanbemet.

Fig.7(d)depictstheamountofcomputingresourcescon-
sumedinthedifferentsectionsofthenetworkinfrastructure.
Interestingly, VMsclosertousers(e.g.,attheedge)are
consistentlyusedmorethanfurther-awayones(e.g.,inthe
cloud).Thisisduetotworeasons:first, moreexpensive
computingnodescanbeanoptimalchoiceonlyifitispossible
tofullyutilizetheVMstherein;second,fasterprocessingtimes
(hence,asspecifiedin(2),moresparecapacity)arerequired
atfarther-awaynodestomakeupforlongernetworkdelays.

Fig.9. Roadtopologyusedinthelarge-scalescenario.Theninecrossings
correspondtoendpoints;red,green,andbluecirclesrepresentthecoverage
areasofmacro-,micro-andpico-cells,respectively.

C.Large-scale,automotivescenario:impactoftrafficand
delay

WenowtestOKpionalarge-scalescenariotovalidate
itsperformanceinpresenceofmorecomplexservicegraphs
andunderalarger,andmorediverse,networkinfrastructure.
Specifically,weconsideraurbanenvironmentwhereasafety
service,namely,vehiclecollisionavoidance[28],[29],has
tobeprovidedatspecificintersections.Theservicegraphis
depictedinFig.8:messagessentbyvehiclesarecollected
throughthe MobileCommunicationTransport(MCT),e.g.,
virtualeNBsplusvEPC,thenstoredinadatabaseandusedfor
detectingvehiclesonacollisioncourse.Thelatterarewarned
bysendingthemanalert.Basedonareal-worldroadtopology
(seeFig.9),atotalof9intersections(hence,endpoints)are
coveredbyacombinationofPoAs,namely,macro-,micro-
andpico-cells,whosecoverageisshowninFig.9.

Fig.10(left)showsthat,asonemightexpect,ashorter
targetdelayresultsinhighercosts.Itisalsointerestingto
observethebehavioroftheintermediatecurve,corresponding
toH(s)=0.9999:whenthetargetdelayisveryshort,its
associatedcostisalmostthesameasforH(s)=0.999999
case;asthetargetdelayincreases,itscostdropstothesame
levelastheH(s)=0.999case.Thisbespeaksthecomplexity
ofthedecisionsOKpihasto make,andtheirsometimes
counter-intuitiveeffects.

InFig.10(center),thetrafficloadismultipliedbyafactor
rangingbetween0.5and3. Wecanagainobservethatto
ahighertrafficcorrespondsahighercost,eventhoughthe
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Fig.10.Large-scale,automotivescenario(safetyservice):costasafunctionofthemaximumdelay(left)andofthetrafficload(center),fordifferentvalues
oftargetreliability;fractionoftraffic(right)traversingdifferentPoAsandcomputingnodeswhenthetargetreliabilityis0.999,thetrafficmultiplieris1,and
thetargetdelayvaries.

Fig.11.Illustrationofthemobilerobot,smartfactorytestbed:therobotstarts
atthebottomendofthecorridorandcomesbackonceithasreachedtheother
endatthetopleft.DashedcircleshighlightpossibleVNFdeployments.

growthislessthanlinear,owingtothefixedcostsdescribedin
Sec.III-F.AlsonoticehowtheyellowcurveinFig.10(center),
correspondingtothehighestreliabilitylevel,stopsatamulti-
plierof2:forhighertrafficdemands,thenetworkcapacityis
insufficienttoprovidetheservicewiththerequiredreliability.
Fig.10(right)showswhichPoAsandcomputingnodes
areselectedforthe minimumand maximumtargetdelay
values.Interestingly,inthepresenceoftightdelayconstraints,
differentPoAsandresourcesareallused(leftbars).Onthe
contrary,forthelargesttargetdelay,thecheapestoptions–
cloudandmacro-cells–arepreferred.

VI.TESTBEDANDVALIDATION

WenowpresenttheimplementationofOKpiinanexperi-
mentaltestbedwherethemobilerobot,smartfactoryservice
(depictedinFig.2(left))isdeployedinanindoorscenario.
Thetestbedconsistsof:(i)5ASUS WL500GPremium
v1APsrunningOpenWrt18.06.2[30];(ii)2 MiniPC,with
4vCPUsand8GBofRAMeach,oneusedasanAPand
thelatterasalocalserver(i.e.,locatedclosetotheAPs);
(iii)1PowerEdgeC6220serverwith94GBofRAMand

TABLEVI
TESTBEDSCENARIO:AP-SERVERLATENCIES

Cloud Edge Local

AP1,AP2 9ms 4ms 3ms
AP3,AP4 18ms 8ms 9ms
AP5,AP6 27ms 12ms 9ms

16vCPUS,actingasedgeserver;and(iv)1PowerEdge
R840RackServer7with94GBofRAMand16vCPUs,
actingascloudserver.ThesixAPsandthelocalserverare
deployedalongtwocorridorsoftheUniversidadCarlosIIIde
Madridbuilding(seeFig.11),whiletheedgeandcloudserver
arelocatedindifferentbuildings.Toemulatedifferentlevels
oflinkcongestion,weleverageNetEm[31]toartificially
introducesomelatencyontheconnectionbetweentheAPsand
theservers,asreportedinTab.VI.Noteinsteadthatthelatency
ontheAP-robotlinkneverexceeds6ms.Thecostassociated
withtheAPsandserversmatchthosepresentedinTab.V,
consideringthepico-cellvaluefortheAPs.Additionally,we
usedaROS-compatibleKobukiTurtlebotS2robotequipped
withalaptopwith8-GBRAMand2vCPUs,andaRPLIDAR
A2lidarfor360-degreeomnidirectionallaserrangescanning.
ThelaptophoststherobotVNF,which,asmentionedin
Sec.II,(a)probestherobotsensors(e.g.,odometry,LIDAR),
(b)transmitsthesensorsdatatotheROSbrain,and(c)
executesthenavigationinstructionsreceivedfromtheROS
brain.TheLADARandROSbrainVNFscanbehostedat
anyoftheavailableservers
Thetargetoftheexperimentistoensurethattheone-
way,end-to-end(e2e)latencyoftheserviceremainswithin
15ms[32]duringtherobot’strip.Theexperimentstartswith
therobotpositionedatthebottomendofthecorridorand
connectedwithAP1(seeFig.11).Also,theinitialdecision
byOKpiistodeploytheROSbrainandLADARVNFs
inthecloudserver.TheROSbrainthennavigatestherobot
alongthetrajectoryshowninFig.11and,astherobotmoves,
OKpidetermineswhichAPtherobotshouldconnectto7

andwhichserver(cloud,edge,local)shouldhosttheROS
brainandLADARVNFs.BoththeAPandserverselection
changeaccordingtotherobotpositionandlatencyoftheAP,
respectively.Inparticular,dependingonwhichAPtherobotis
attachedto,OKpidecideswhichservershouldhosttheROS

7Astherobot moves,itroamstotheselectedAPusing802.11rFast
Transitioning[33].
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Fig.12. Servicelatencyexperiencedduringtherobot’strip. Different
backgroundcolorsrefertotimeintervalsinwhichtherobotisconnected
todifferentAPs.

TABLEVII
OKPIANDSOASERVICELATENCY

Solution Average Std.deviation E2eviolations

OKpie 13.63ms 15.21ms 7%
SoA 29.61ms 26.18ms. 74%

brainandLADARVNFsbyaccountingforthelatencyvalues
reportedinTableVI,insuchawaythattheoverallservice
latencyremainsbelow15ms.Duringtheexperiments,OKpi
recomputedtheAPselection,ROSbrain,andLADARVNFs
embedding,inlessthan1s.Therobotpositionisreported
toOKpithrough MQTTmessagestransmittedbytherobot
itself,whiletheAPscoverage,whichmayvaryovertime,is
acquiredthroughlocallyavailablechannelmeasurements(e.g.,
signallevel).
Fig.12comparesthetemporalbehaviorofthee2elatency

obtainedinthefollowingcases:

•SoA,i.e.,whenthesolutionbasedon[34]and[35]isused.
Inthiscase,theLADARandROSbrainVNFsarealways
placedinthecloudandtherobotperformsroamingchecks
every20sinordertoensureconnectivitytotheAPwith
strongestsignal.TheroamingchecksconsistofWi-Fiactive
scantoacquirethesignalrelatedinformation,followedby
automatichandover.Forourtestbed,wediscoveredthat20s
wasthelowestcheckfrequencythatallowstherobotto
performsuccessfulroamingalongthenavigatedtrajectory.

•OKpit,i.e.,whenOKpimakesdecisionsinasimulated
environmentthatmimicsthetestbed,usingthetheoretical
delaysthateachAPoffers.

•OKpie,i.e.,whenOKpioperatesinthedevelopedtestbed,
itusestherobot’srealtimelocationandavailablechannel
measurementstotriggerthe802.11rroaming.Theroaming
messageissendvia MQTTtotherobot.Inthiscase,
theperiodicroamingchecksarepreventedandtherobot
isconfiguredtoperformhandoversonlywhenroaming
messageisreceived.

Fig.12comparestheservicetimemeasuredduringasingle
runexecutionoftheSoA,OKpie,andOKpitsolutions.
Atthebeginningoftheexperiment,neithertheSoAnor
theOKpieviolatethetargete2elatencyof15ms,exceptfor

thepeaksduetotherobot Wi-Fiscans. WhileunderSoA
therobotperformsascanevery20s,underOKpieitdoes
soonlywhenithastoconnecttoanewAP,aspertheOKpi
decision.UnderSoA,50slatertherobotconnectstoAP3,and
thelatencyjumpsabove20msbecausetheLADARandROS
brainVNFsarestillrunninginthecloudserver.Inthecaseof
OKpie,instead,whentherobotconnectstoAP3at89s.,the
LADARandROSbrainVNFsaremovedtotheedgeserver,so
thatthee2elatencyremainsbelow15ms.Thesamebehavior
isobservedattime102s,whentherobotconnectstoAP5in
thecaseofSoAandthee2elatencyincreasesupto29ms.
Onthecontrary,OKpiestillmeetsthetargete2elatencyupon
makingtherobotconnectingwithAP5(attime156s),since
itnowplacestheVNFsinthelocalserver.Intherestofthe
timeelapse,wecanobservesimilarperformance,astherobot
returnstoitsinitialposition.
Asafinalremark,Fig.12highlightsthattheperformanceof
OKpieisalwaysclosetothee2elatencyexhibitedbyOKpit.
Furthermore,thetargete2eservicelatency(15ms)wasonly
violatedthe7%ofthetimesduringtheexperimentbyOKpie
(seeTableVII),whileitwasviolatedthe74%ofthetimes
underSoA.

VII.RELATED WORK

OneofthepioneeringworksonVNFplacementis[16],
whichcastsplacementasageneralizedassignmentproblem
(GAP)andproposesanear-optimalsolutionbasedonbi-
criteriaapproximation.Veryrecentworks[10],[12],[19]
focusonthemutualinfluenceofVNFplacementandtraffic
routing.OtherstackletheVNFplacementproblemthrough
graphtheory[9],[36]andset-covering[5],obtainingvery
goodcompetitiveratios(constantinspecificcasesfor[5]).
Inthecontextofedgecomputing,some workstackle
tasksdifferentfromsheerdataprocessing;asanexample,
[11],[37]aimatjointlyoptimizingcomputationandcaching
offloadingbetweencloud-basedandedge-basedinfrastructure.
Othersfocusonadditionaldecisionsthatcanbe madein
slicingscenarios,e.g.,priorityassignmentin[4].Abodyof
worksconsidersincrementaldeployment,i.e.,servicerequests
arrivingatdifferenttimes:inthiscase,itispossibletoshare
existingVNFinstances[4],[7],[38],augmentroutingpathsin-
steadofcomputingthemfromscratch[7],[38],andminimize
thedifferencebetweencurrentandfuturenetworkconfigura-
tion[38].Amongthefewworkstacklingnon-functionalre-
quirements,[3]performsresilientVNFplacement,toachieve
robustnesstoequipmentfailures.Morerecently,[13]consid-
eredtheproblemofjointlyplacingtheVNFsandthedata
theyneed.
VNFplacement,alongwiththeclosely-relatedproblemof
VNFchaining,hasbeenstudiedinthesoftware-definednet-
workingandcloud-computingcontextsaswell.Forinstance,
[39]focusesonupdatingtheplacementinordertoreactto
trafficchanges,and[40]dealswiththeparallelizationoppor-
tunitiesofferedbyVNFgraphs.Otherworks[10],[41]focus
onthechoicebetweenedge-andcloud-basedcomputation
resources,while[8]studieswhichcachestorage(i.e.,edge-or
cloud-based)toaccess,balancingmissprobabilityandcost.



13

SeveralworksaimatsimplifyingtheproblemofVNF
placementbycharacterizingand/orpredictingthetrafficde-
mand.Inparticular,[42]exploitsthespatialandtemporal
variabilityoftrafficdemandtoserveitwithaslittleresources
aspossible;asfordemandprediction,popularapproaches
includereinforcementlearning[43].Inasimilarspirit,[44]
estimatestheresourcesneededbyanincomingservicerequest
beforedecidingwhetherornotitshallbeaccepted.Adifferent
bodyofworkinsteadaddressestheslicingoftheradioaccess
network;inparticular,[45]proposessolutionsthatletdifferent
virtualoperatorsusetheradioresourceswithoutinterfering,
while[46]developsastochastic modeltoinvestigatethe
throughputanddelayofasliceasfunctionsofthecell
parameters.Althoughsuchspecificaspectsareoutofthescope
ofourwork,wedotackletheproblemofselectingradio
technologiesandpointsofattachmentthathonortherequired
KPItargetsandminimizethecost.
Finally,wementionthatapreliminaryversionofthiswork

hasappearedinourconferencepaperin[1]where,however,
theexperimentalimplementationofoursolutionsaswellas
someproofsverymissing,andperformancewasshowedonly
throughnumericalresultsandundersingle-servicescenarios.

VIII.CONCLUSIONS

Oneoftheparamountissuesinnetworkslicingistomeet
alltargetKPIsrequiredbyverticalservices,inspiteofthe
limitedresourcesthatareavailableinthemobilenetwork.
WeaddressedthisproblembyproposingOKpi,anefficient
andeffectivesolutionstrategythatcanjointly makeVNF
placementanddataroutingdecisions(includingtheselection
oftheradiopointsofattachment),whileaccountingforall
resourcesthatmaybeavailablefromthefogtothecloud.
OKpidrawsonanovelmethodologythatleveragesgraph-
based modelsblendedwithoptimization. Weanalyzedthe
propertiesandthecomputationalcomplexityofOKpi,which
turnsouttobepolynomial,andweevaluatedtheperformance
oftheproposedsolutionbothnumericallyandinareal-world
testbed.Numericalresultsdemonstratetheperformanceofour
solutioninthepresenceofdifferentrelevantapplications.In
allperformedexperiments,OKpishowedtocloselymatchthe
optimum.Finally,fieldtestsdemonstratedthefunctionalityof
OKpianditsabilitytomakeeffectivedecisionsalsowhena
real-worldmobilerobot,smartfactoryserviceisconsidered.
Futureworkwillstudyinmoredetailhowtheγparameter

affectstheoptimalityvs.executiontimetradeoff,sothatthe
γparametercanbetunedsoasnottonotexceedagiven
timeoutthreshold.Thisisofspecialinterestforusecasesin
whichfastdeploymentsarerequired,suchasmissioncritical
services.
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APPENDIX:PROOFSOFOKPIPROPERTIES

A.Property1

Proof:ByLemma1,alldecisionshonortheadditive
KPIs.Concerningdelay,itisguaranteedthatsuchaKPI
targetismet,thankstothedelayconstraintimposedwhile
performingtheCPUassignment. AsnotedinSec.IV-C,
decisionsresultinginaninfeasibleproblemarediscarded,
hence,theselecteddecisionhonorsthedelaytarget.Finally,
theavailabilityconstraintsaresatisfiedthroughtheinitial
selectionoftheverticesofthedecisiongraph(seeSec.IV-B).

B.Property2

Proof:Toprovetheproperty,weshowthateachof
thestepsdescribedinSec.IVhasapolynomialruntime.
Specifically,

(i)creatingthedecision/expandedgraph(Sec.IV-Band
Sec.IV-A)requirescreatingatmostγ2(|V||C|+|E|)nodes
andatmostγ2|V||L|edges,where|V|isthenumberof
VNFsspecifyingtheserviceand,giventheservice,isa
constant.

(ii)Findingthepossibledecisions(Sec.IV-B)impliescomput-
ingtheshortestpathsbetweenanyendpoint(i.e.,vertex
meetingtheavailabilityconstraints)andanyothernodein
theexpandedgraph,which,intheworstcase,hascomplex-
ity[47]o(n2.3)withnbeingthenumberofnodesinthe
expandedgraph.

(iii)ComputingtheoptimalCPUassignments(Sec.IV-C)re-
quiressolvingaconvexoptimizationproblem,whichhas
cubiccomplexity[22]intheproblemsize;indeed,convex
problemsareroutinelysolvedinembeddedcomputingsce-
narios.

Thus,theoveralltimecomplexityoftheOKpiapproachis
polynomial.

C.Property3

Proof:Thereisonlyonepointintheprocedurewe
describedwhere,ingeneralscenarios,wemayoverlookthe
optimalsolution.AsremarkedinSec.IV-B,finiteγvalues
maycauseaquantization-likeerror:solutionswithdifferent
KPIconsumptionand/orcostcanbeassociated withthe
samepathovertheextendedgraph;therefore,theextended
graphmaynotconsiderallpossiblewaystomovefromone
nodeofthedecisiongraphtoanother.Inthespecialcase
ofhomogeneouslinksandnodes,however,nosuchdifferent
possibilitiesexist:takingafinitevalueofγisenoughto
considerallpossiblechoicesthesystemoffersand,hence,to
makeanoptimaldecision.Notethatrestrictingourattentionto
shortestpathsontheexpandedgraphdoesnotharmoptimality,
asaddinghopsimpliesconsumingahigher(orequalatbest)
fractionofKPItargetsandcannotdecreasethecost.

D.Property4

Proof:AsnotedinSec.IV-B,giventhatwehavetwo
additiveKPIs,theexpandedgraphhas(γ+1)2nodesfor
eachnodeinthedecisiongraph,(withthenumberofnodesin
thedecisiongraphbeing|N|).Therefore,thetotalnumberof

pairsintheexpandedgraphisO (γ+1)2|N|
2

,andwe

needtoevaluatewhetherornotanedgeshallbecreatedfor
eachofthesepairs.DoingsorequirescheckingeachKPI,for

atotalofO (γ+1)4|N|2K checks,whereKisthenumber

ofKPIs.Itfollowsthattheglobal,worst-casecomplexity
ofbuildingtheexpandedgraphisquadraticinthenetwork
topologyandpolynomialinγ.




