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Abstract:Anintelligentreflectivesurface(IRS)isanovelandrevolutionizingcommunicationtech-

nologydestinedtoenablethecontroloftheradioenvironment.AnIRSisareal-timecontrollable

reflectarraywithamassivenumberoflow-costpassiveelementswhichintroduceaphaseshifttothe

incomingsignalsfromthesourcesbeforethepropagationtowardsthedestination.Thistechnology

introducesthenotionofasmartpropagationenvironmentwiththeaimofimprovingthesystem

performance.Inthispaper,weprovideacomprehensiveliteratureoverviewonIRStechnology,

includingitsbasicconceptsandreconfiguration,aswellasitsdesignaspectsandapplicationsfor

wirelesscommunicationsystems. Wealsostudytheperformancemetricsandthesetupsconsidered

inrecentpublicationsrelatedtoIRSandprovidesuggestionsoffutureresearchlinesbasedonstill

unexploredusecasesinthestate-of-the-art.

Keywords: intelligentreflectivesurfaces;smartpropagationenvironments;IRS-aidedwireless

communicationsystems

1.Introduction

Conventionalwirelesscommunicationsystemsconsistofatransmittersendingin-

formationtoareceiverviaanuncontrollablepropagationenvironment.Byconsidering

thegrowinginterestonaccomplishingreal-timereconfigurablepropagationenvironments

forbeyondfifth-generation(B5G)technologiesandfuturewirelesscommunicationsys-

tems,theintelligentreflectivesurfaces(IRSs)constituteapromisingcandidatesinceit

willenableustoincreasethenumberofservedusersandenhancethecommunication

rate[1–4].AnIRSisareal-timereconfigurablereflectarraydeployedtosmartlyreconfig-

urethewirelesspropagationenvironmentthroughtheuseofmassivelow-costpassive

elements.IRStechnologiesarewidelylabelledintheliteratureunderothernameslike

software-definedhypersurfaces,intelligentwalls,software-controlledmeta-surfaces,large

intelligentsurfaces/antennas,andreconfigurableintelligentsurfaces.

TheimplementationofanIRS-assistedsystemissimilartotheusecaseasforhalf-

duplexrelayswiththekeydifferencethatanIRSimplementspassivebeamforming[5–7],

i.e.,itreflectsthesignalwithoutamplificationandonlyphaseshiftscanbeintroduced

totheincomingsignalsfromthebasestation(BS),sothatthepowerconsumptionofthe

IRSwillbeminimum.Inthisregard,theIRS-assistedcommunicationcanbeemployedto

enhancetheperformanceofconventionalwirelesscommunicationsystemsbyenabling

moredegreesoffreedomthroughthecontrolofthewirelesschannel,thusleadingtoa

morerelaxedsetofconstraints.Moreover,meta-surfacescancontroltheradioenvironment

withlow-noiseamplificationanddonotrequireeitheranalogue/digitalconverters,or

poweramplifiers.
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Thenotionofsmartradiohasbeenanalyzedinrealisticexperimentstoverifyitsability

toenhancethetransmissionperformanceindifferentwirelessnetworks.In[8],anactive

wall,i.e.,anIRSwithactiveelements,hasbeenintroducedbyusingafrequency-selective

surfacetosmartlycontrolthewirelessenvironment.Theexperimentsin[9]showthat,

bydeployinganIRSinabuilding,wecanobtainasignificantimpactontheinterference

attenuationandthesignalstrengthatthereceiverside.TheIRSshavealsoreceived

attentionintheindustryfield.InNovember2018,themobileoperatorNTTDoCoMo

andastartupMetaWaveexperimentedwiththeuseofIRStechnologytoassistwireless

communicationsinthefrequencybandof28GHz[10].

Theideaofcontrollingtheenvironmentinmillimeter-wave(mmWave)andTerahertz

(THz)setupshasbeenintroducedin[1,8,11]byemployingsoftware-controlledmeta-

materials. Althoughthisideaofpassivereflectingsurfaceshasbeenemployedfora

numberofapplicationsinradarsystems,remotesensing,andsatellitecommunications,

theywerenotconsideredformobilecommunicationbecausethetraditionalreflective

surfaceswithfixedphaseshifterswereunabletocopewiththedynamicwirelesschannels

duetousermobility. Nowadays,theadvancesinmeta-materials(e.g.,meta-surfaces)

representacertainguaranteeforthereconfigurabilityofreflectingsurfacesbyenablingthe

real-timeadjustmentofthesurfacephaseshifts[12,13].

AnumberofpapersprovidinganoverviewofIRStechnologiescanbefoundinthe

literature.In[4],theauthorspresentasurveyoftheuseofIRSsforsmartenvironments.

Therein,themainapplications,theadvantagesoverexistingtechnologies,thehardware

architectureandthesignalmodelforIRS-aidedsystemsareconsidered.In[14]ashort

reviewisprovidedwiththeaimofcoveringIRSimplementations,futureresearchdirections

forIRSsanditsrolein6Gcommunicationsaswellasacategorizationofsomeresearch

studiesrelatedtothistechnology.In[15],theauthorsplacespecialemphasisonthe

potentialneedsandapplicationsofmachinelearning(ML)toIRSchallenges.Incontrast,

theauthorsin[16]mainlyfocusonthekeyissuesofthedesignandimplementationof

IRS-assistedcommunicationsystems.Comparedtothesereferences,oursurveyoffers

acomprehensiveandcontemporaryreviewoftheworksrelatedtoIRSsbyproviding

detailsofthemetricsemployedforthesystemdesignandmainresultsachieved.Moreover,

recentpapersnotcoveredbyformeroverviews[4,14–16]arestudiedandcategorizedin

thepresentsurvey.

1.1.Contributions

Inthispaper,wepresentastudyofthetheoreticalbasisoftheIRS,acomprehensive

overviewofitsmostrecentapplicationsandanup-to-datereviewofthepapersrelated

totheIRStechnology.Thisanalysisincludestheperformancemetricsemployedforthe

systemdesign,theirmainresultsandcontributions,aswellasthedifferentconsidered

setups. Wealsodescribetheopenproblemsandmainchallengesrelatedtothistechnology.

Themaincontributionsofourworkare:

• Asystematicandcurrentorganizationofthestate-of-the-artoftheIRStechnology

consideringdifferentbackgroundsandinterestsafteranextensivereviewofthe

literature.

• Ananalysisandcategorizationoftheconsideredsetupsandtechniquesusedforthe

designoftheIRSsystemsintheexistingliterature.

• AnstudyofthemainapplicationsfortheIRStechnologyandthestillopenproblems

identifiedafteracomprehensiveandthoroughreview.

1.2.Organization

Inthispaper,wepresentanoverviewoftheIRStechnology.Themainaspectsrelated

toitstheoryanddesignaredetailedinSection2.Areviewoftheapproachedusecasesin

thestate-of-the-artrelatedtotheuseofIRSsforwirelessnetworksisperformedinSection3.

ThemainapplicationsforIRSaresummarizedinSection4.Thepracticalchallenges,the
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openissues,andthefutureresearchlinesareanalyzedinSection5.Finally,Section6is

devotedtotheconclusions.

1.3.Notations

Thefollowingnotationisemployed:aisascalar,aisavector,andAstandsfora

matrix.TransposeandconjugatetransposeofAarerepresentedbyATandAH,respectively.

Adenotesaset.Finally,astatisticalexpectationisdenotedbyE[·].

2.TheoryandDesignofIRSs

ThehardwareimplementationoftheIRSsisbasedontheconceptofmeta-surface,

i.e.,acontrollabletwo-dimentionalmeta-material[12,17].Specifically,themeta-surface

consistsofaplanararraywithalargenumberofmeta-atomswithasub-wavelength

electricalthickness(asshowninFigure1),accordingtotheoperatingfrequency.The

meta-atomsaremetalsordielectricsabletotransformtheimpingingelectromagnetic

waves.Thepropertiesoftheseelementsandthestructuralarrangementinthearray

determinethetransformationsontheincidentwaves.Thespecificphysicalstructure

ofthemeta-surfacedefinestheelectromagneticpropertiesandthusthepurposeatthe

specificfrequency[18,19]. Thetunablechipsinsertedinthemeta-surfacetointeract

withthescatteringelementandcommunicatewithanIRScontrollerareimplemented

throughpositive-intrinsicnegative(PIN)diodes[20,21],ferro-electricdevices,orvaractor

diodes[22–25].

Generally,theapproachesintheliteraturerelatedtothedesignofmeta-surfacesare

basedonSnell’slawofreflection:thestrongestscatteredsignalisobtainedinthespecular

direction,i.e.,beingθitheangleoftheincidentwave,thestrongestreflectedsignalis

obtainedforanangulardirectionθs,suchthatθs=θi(asshowninFigure2).Thereare
afewpapersthatmainlyfocusonthetheoreticalbasis,physicsandclassificationofthe

meta-surfaces[26,27].In[26],theauthorsdiscussthetheoreticalbasistocharacterizemeta-

surfacesandcommentontheirapplicationaswellashowmeta-surfacesaredistinguished

fromconventionalfrequency-selectivesurfaces.In[27],thephysicalpropertiesandfuture

Switch
Reflective element

Su

applicationsofthemeta-surfacesareanalyzed.
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Figure2.Snell’slaw,thescatteredwavebythea×bmetalplateisstrongestforthespeculardirection,

i.e.,θi=θs.
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IRS’sController

TheIRS’scontrollerisdevotedtoreceivingandcommunicatingthereconfigurationre-

quests,andthendistributingthephaseshiftdecisionstoallthetunableIRSelements.Thiscon-

trollermightbeimplementedbyemployingafield-programmablegatearray(FPGA)[20,28],

adirectcurrent(DC)source[29],oramicrocontroller[23,30].In[31],ameta-surfacecomposed

ofreconfigurablemeta-materialstripsarrangedinagridhasbeendesigned.Specifically,a

setoffourmeta-materialstripsisconfiguredviaacontrollerswitch.Theworkin[32]also

considersareducednumberofcontrollerchipstoservethefullIRSarray.

3.IRS-AssistedWirelessNetworks

Inthissection,webrieflydescribethesignalmodelofanIRS-assistedsystemandthen

describetheusecasesapproachedinthestate-of-the-art.Forthebestcomprehensionand

organization,wedividethescenariosintotwosub-problems:thechannelestimationand

theoptimizationanddesignofIRSphaseshifts.

3.1.SignalModel

InthissubsectionweintroducethemainelementsoftheIRS-aidedsystems.Different

setupscanbeconsidered,includingsingle-IRS-assistedsystems,schemeswithnonline-of-

sight(NLOS)betweenbothends,widebandtransmissions,etc.Inthefollowing,wepresent

thesignalmodeloftwomultiusermultiple-inputmultiple-output(MIMO)IRS-assisted

exemplaryschemes.

3.1.1.SignalModelofUplinkIRS-AidedSystems

Figure3showsanexemplaryscenariocorrespondingtotheuplinkofasingle-stream

MIMOmultiusermulti-IRS-assistedsystemwithKuserswithNtantennaseach.Nran-

tennasaredeployedattheBSandLIRSswithNelementseachareusedtoassistthe

communication.Thesymbolsentbythek-thuserisrepresentedbyskwithk=1,...,K.As

observed,H
()
UIk
∈CN×NtandHUBk∈C

Nr×Ntrepresentthechannelmatrixresponsefrom

thek-thusertothe-thIRSandthechannelmatrixresponsefromthek-thusertotheBS,

respectively.EachIRSismathematicallymodelledasadiagonalmatrixΘ∈CN×N,which
containscomplexexponentialfunctionsinitsdiagonalejθn,∀n∈{1,...,N},Nbeingthe
numberofpassiveelementsattheIRS.Accordingly,Θ(), =1,...,L,arethematrices

containingthephaseshiftsintroducedbythe-thIRS.H
()
IB∈C

Nr×Nisthechannelmatrix

responsefromthe-thIRStotheBS.ThechannelsfromtheuserstotheBSareassumedto

beavailable,i.e.,thereisline-of-sight(LOS)betweeneachuserandtheBS.Thepathfrom

thek-thusertotheBSthroughtheIRS,i.e.,H
()
UIk
andH

()
IBcomposestheusuallycalled

cascadedchannelorreflectedpath.Accordingtothissystemmodel,thereceivedsignalat

theBSis

y=
K

∑
k=1



 HUBk

LOSterm

+
L

∑
=1

H
()
IBΘ

()H
()
UIk



pksk+n, (1)

wheren=[n1,n2,...,nNr]
Trepresentsthecomplex-valuedadditivewhiteGaussiannoise

(AWGN)whichismodeledasn∼NC(0,σ
2
nINr),whereaspk∈C

Nt×1representsthek-th

userprecodersintheMIMOsystem.

Theestimatedusersymbolsŝ=[ŝ1,...,̂sK]
Tareobtainedbylinearfilteringthesignal

receivedattheBS,i.e.,̂s=WHy,whereW ∈CNr×KrepresentstheBSfilter.Notethatthis
modelsimplifieswhenthedirectpathsbetweentheusersandtheBSareunavailable,i.e.,

HUBk,∀kareblockedandthentheLOStermisomittedin(1).Notethattheindexisused
todescribeeachIRSanditreducestoasingletermwhenconsideringasystemaidedwitha

asingleIRS,i.e.,L=1.
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Figure3.Uplinkmultiuserandmulti-IRS-aidedsysteminLOSconditions.

3.1.2.SignalModelofDownlinkIRS-AssistedSystems

InthissystemmodelshowninFigure4,weconsideratypicaldownlinkscenario

withLOSpropagationandmulti-streamtransmissionsuchthattheBSwithNtantennas

allocatesNs,kstreamstobetransmittedtoeachuserequippedwithNrantennas.Thevector

oftheNs,ksymbolstransmittedbytheBStothek-thuserissk= sk1,sk2,...,skNs,k
T
,

HBUk∈C
Nr×NtrepresentsthechannelresponsefromtheBStothek-thuser,H

()
IUk
∈CNr×N

standsforthechannelresponsefromthe-thIRStothek-thuser,andH
()
BI ∈C

N×Ntisthe

channelresponsefromtheBStothe-thIRS.Accordingtothissystemmodel,thereceived

signalbythek-thuserreadsas

yk=



 HBUk

LOSterm

+
L

∑
=1

H
()
IUk
Θ()H

()
BI




K

∑
u=1

Pusu+nk, (2)

wheren=[n1,n2,...,nNr]
Trepresentsthecomplex-valuedAWGNandPk∈C

Nt×Ns,krep-

resentstheprecoderemployedbytheBStocommunicatewiththek-thuser.Atreception,

eachuserobtainsitssymbolsbyapplyingalinearfilteringprocesswithWk∈C
Nr×Nk,s,

thatis,̂sk=Wkyk.
Notethatthemeansquareerror(MSE)-dualitytotransformthereceivefiltersinthe

downlinkintotheprecodersintheuplinkcanbeinvokedtodescribeanuplinkscenario

throughadownlinkscenarioandviceversa[33,34

     IRS 1

HIU

HBI

HBI

User 1

BS

     IRS L

HIU
(L)

(1)

(1)

(L)

sK

s1

1

1

].

Figure4.Downlinkmultiusermulti-streamandmulti-IRS-aidedsysteminLOSconditions.

3.2.ChannelEstimation

Thechannelestimationisachallengingproblemsincetheselectionofthephase-shift

matrixattheIRSisbasedontheacquiredchannelstateinformation(CSI).Thedirect
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transmitter-to-receiverlinkcanbedeterminedbymeansoftraditionalchannelestimation

strategiesbasedonpilottransmissionaccordingtoatrainingsequence. However,the

estimationsforthetransmitter-to-IRSandthereceiver-to-IRSlinksaremorechallenging

sincetheIRSisusuallyassumedtobeatotallypassiveelement,i.e.,itisnotfeasibleto

enableapilottransmissionfromtheIRStoperformchannelestimation.Furthermore,when

consideringalargenumberofmeta-atoms,ahigh-dimensionalchannelmustbeestimated,

whichdemandshighrequirementsintermsofcomputation,powerconsumption,andtime.

SomeworkshaveconsideredthisproblemasakeyissuetoenablingtheIRStechnology

forwirelesscommunicationsystems.

3.2.1.THzSystems

In[35],thechannelestimationisrealizedbybeamtraininginNLOSconditions,

i.e.,thereisnodirectpathbetweenthecommunicationends.Ahierarchicalcodebook

designisprovidedasthebasisofbeamtrainingtoreducetheestimationcomplexityin

theTHzMIMOsystems.TheauthorsleveragethenarrowbeamscharacteristicofTHz

systemsandemploythehierarchicalbeamsweepingtofindthestrongestbeampower.

Theoverallchannelestimationprocedureisperformedinacooperativewaybetweenboth

communicationends.Theresultsarepresentedintermsofthespectralefficiency(SE)and

comparethesystemperformanceobtainedwiththeproposedchannelestimationalgorithm

versusthatobtainedwithperfectCSI.Theresultsexhibitasmallgapbetweentheimperfect

CSIandtheperfectCSIapproaches.

Theworkin[36]combinestheIRSandtheMIMO technologies,anddevelopsa

cooperativebeamtrainingschemetofacilitatethechannelestimationinamultiuseranalog-

digitalhybridIRS-assistedTHzMIMOsystem.Inparticular,twodifferenthierarchical

codebooksfortheproposedtrainingprocedurearedesigned.Basedonthetrainingresults,

theauthorsalsoproposetwohybridbeamformingdesignsforbothsingle-userandmulti-

userscenarios,respectively.Inordertoreducethecomputationalcomplexityofthe

real-timeimplementations,anefficientternary-treesearchisproposedfortheBSand

users,whichisprovedtobemoreefficientcomparedtothebinary-treesearch. The

resultsarepresentedintermsofthesum-rateshowingasmallgapbetweenthesystem

performancewithperfectandimperfectCSIwhenemployingtheproposedprocedurefor

channelestimation.

3.2.2.OFDMSystems

In[37]atransmissionprotocolhasbeenproposedtoperformchannelestimationforan

IRS-enhancedsingle-usersingle-inputsingle-output(SISO)orthogonalfrequencydivision

multiplexing(OFDM)system.Aleastsquares(LS)derivationfortheCSIestimationis

performedbyassumingthattheIRScanbedividedintomultiplesub-surfacesofadjacent

stronglycorrelatedreflectingelements.Theproposalisalow-complexityalternativebased

ontheestimationofthestrongestsignalpath.ThewellknownZadoff–Chusequence[38]

isemployedasthepilotsequenceduringthefirstsub-frame.Themethodproposed

in[37]providesMSEvalueslowerthanthoseobtainedwiththeOn/Off-basedalgorithm

in[39].In[39],twomethodshavebeendeveloped.Oneisasemidefiniterelaxation(SDR)

algorithmthatachievesclose-to-optimalperformancebutwhosecomplexityisextremely

highforpracticalscenarios.TheotherisalowcomplexityOn/Off-basedchannelestimation

methodwhichisbasedonOn/OffstatecontroloftheIRSreflectingelementsbygrouping

adjacentelementsthatpresenthighchannelcorrelation.Thegainsofferedby[37]over[39]

comefromthereflectionpowerlossandnoiseenhancementpresentintheOn/Off-based

channelestimationmethodin[39].Theworkin[40]considersathree-phasepilot-based

channelestimationframeworktoacquiretheoveralluplinkchannelsinanIRS-assisted

single-inputmultiple-output(SIMO)systembyconsideringthecorrelationamongthe

user-IRS-BSreflectedchannelsofthedifferentusers(cf.[40],Table1).Theresultsare

presentedintermsoftheMSEandtheproposedmethodprovidesahigherperformance

comparedtothatofthebenchmarkschemethatneglectsthechannelcorrelation.
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Apracticaltransmissionprotocolforchannelestimationisproposedin[39]foran

OFDMSISOsystemunderfrequencyselectivechannelswithasinglecell-edgeuserand

LOS.TheauthorsalsoemploythetechniqueofflexiblygroupingtheIRSelementswith

On/Offstatesandestimatingthecombinedchannelpergroupwhichalsoreducestraining

overheadandestimationcomplexity.Theresultsarepresentedintermsoftheachievable

rateandcomparethesystemperformanceundertheutilizationoftheproposedchannel

estimationtechniqueversusthatoftheschemewithperfectCSI.Theperformanceloss

obtainedinthenumericalexperimentsissmall.

In[41],theauthorsconsiderasingle-userIRS-aidedOFDMmultiple-inputsingle-

output(MISO)systemunderLOSconditionsandproposeadeeplearning(DL)based

channelestimationmethod.Aconvolutionalneuralnetwork(CNN)isdesignedtoesti-

mateboththedirectandcascadedchannelsofthesystem.Theauthorsproposeasingle

neuralnetwork(NN)forfirstestimatingthecombinedchannelandthenrecoveringin-

dividualchannelestimatesforcomplexityreductionsinthetrainingprocess.Simulation

resultsshowthattheproposedDLapproachachievesaperformancebetterthantheOn/Off

patternsin[39]becausewhenestimatingthedirectlinkwithalltheIRSelementsturned

off,thecorrespondingeffectivechannelgainforpilottransmissionissmallerandthisleads

tohigherestimationerrors.In[42]theauthorsformulatetwolow-complexityLS-based

estimationmethodsforfrequency-selectivefadingchannelsintheuplinkofmultiuser

IRS-aidedOFDMSIMOsystems.Thefirststrategyisapplicableforarbitraryfrequency-

selectivefadingchannels.Thesecondchannelestimationschemeisespeciallysuitedfor

LOSscenarios.Theauthorsalsooptimizethetrainingdesigns(pilottoneallocationsand

IRStime-varyingreflectionpatterns)foreachmethodtominimizethechannelestima-

tionerror.Comparisonsareperformedw.r.t.benchmarkscenariosregardingpilottone

allocation,whichofferalowerperformanceinthechannelestimationprocess.

3.2.3.MmWaveSystems

In[43]acompressed-sensingapproachisconsideredtoestimatethecascadedBS-IRS-

userchannelinaMISOmmWavedownlinksystemwithNLOSconditionsbyaddressing

thechannelestimationasasparsesignalrecoveryproblem.Theresultsarepresented

intermsofthenormalizedmean-squareerror(NMSE)andthemethodproposedshows

higherperformancethanthatobtainedin[44].Thus,theLSestimatorin[44]requires

manymoremeasurementstoachieveaperformancesimilartothatofthemethodproposed

in[43],whichresultsinamorecomputationallyefficientestimator.

In[45]acompressivesensing(CS)-basedchannelestimationsolutionforthedownlink

ofamultiuserOFDMIRS-aidedhybridmmWaveMISOcellularsystemisproposed.The

angularchannelsparsitycausedbylarge-scalearrayspresentinmmWaveisexploitedto

performtheCSIacquisitionwithreducedpilotoverhead.TheauthorsassumethattheBS-

IRSchannelisknownandthenemployadistributedorthogonalmatchingpursuit(OMP)

algorithmfortheIRS-userschannelestimation.Theresultsarepresentedintermsofthe

NMSEandthealgorithmproposediscomparedwiththatdevelopedin[44].Theresults

showthatthealgorithmproposedleadstoaNMSElowerthanthatobtainedin[44]with

theLSalgorithmsincetheperformanceofthislattermethodislimitedbytheinterference

correspondingtotheNLOSpaths.

In[46],thehigh-resolutionchannelestimationproblemforIRS-assistedmmWave

MIMOsystemswasstudied.Again,thecascadedBS-IRS-userchannelestimationisfor-

mulatedasasparserecoveryproblem.Amatchingpursuit(MP)-basedhigh-resolution

estimationisperformed,whichoutperformstheschemein[35]intermsoftheNMSE.

Thecomputationalcomplexityofthisalgorithmdependsonthedictionarymatrixwhich

leadstoaprohibitivecomplexityinpracticalimplementations.Nevertheless,theauthors

proposetoexploitthecoarseangulardomaininformationobtainedbybeamtrainingin

ordertoreducethesizeofthedictionarymatrixandthusthecomplexity.

Theworkin[47]alsoconsidersaDLframeworkforchannelestimationinamultiuser

IRS-assistedmmWaveMISOsystemswithnon-idealswitching.AtwinCNNarchitecture
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isdesignedanditisfedwiththereceivedpilotsignalstoestimateboththedirectandthe

BS-IRS-userscascadedchannelsbyconsideringLOSconditionsbetweentheusersandthe

BS.TheuserhasadeepnetworkthatisfedbythereceivedpilotsignalsfromtheBSin

thedownlinktoestimatethedirectandthecascadedchannels.Theresultsshowlower

minimummeansquareerror(MMSE)withrespecttotheapproachin[37].

3.2.4. WidebandSystemsunderBeamSquint

Theauthorsin[48]considerboththechannel’sfrequencyselectivityandtheeffectof

beamsquinttodevelopatwin-stageorthogonalmatchingpursuit(TS-OMP)CSIestimation

algorithminasingle-userSISOwidebandOFDMsystembyconsideringNLOSbetween

bothends,i.e.,onlythecascadedBS-IRS-userchannelisestimatedinthedownlink.The

authorsdemonstratethatthemutualcorrelationfunctionbetweenthespatialsteering

vectorsandthecascadedchannelpresentstwopeaks,whichleadstoapairofestimated

anglesforasinglepropagationpathduetothebeamsquinteffect.Oneofthoseangles

constitutesthefrequency-independentanglewhiletheotheroneisfrequency-dependent

andinsertsfalseangleestimations.Inordertoreducetheinfluenceoffalseanglesonthe

CSIacquisition,theTS-OMPalgorithmobtainsthepathanglesofthecascadedchannel

inthefirststage,whilethepropagationgainsanddelaysareobtainedinasecondstage.

Abespokepilotdesignthatexploitsthecharacteristicsofthemutualcorrelationfunction

andthecross-entropytheoryisalsoproposedtoobtainaCSIestimationwithimproved

performance.TheNMSEisthemetricemployedtoevaluatethesystemperformanceand

comparisonsaremadewithabenchmarkapproachthatusesahighnumberofpilots.Such

benchmarkapproachonlyprovidesasmallperformancegainoverthelow-complexity

TS-OMPalgorithm.

3.2.5.Sub-6GHzNarrowBandSystems

In[49]theauthorsconsiderthedownlinkofamultiuserIRS-assistedmulti-user

MISOsystemwithNLOSconditionsanddeveloptwomethodsbasedonthePARAllel

FACtor(PARAFAC)modellingtounfoldtheBS-IRS-usercascadedchannelmodel.The

proposedmethod([49],Algorithm1)includesanalternatingleastsquaresprocedureto

iterativelyestimateboththechannelbetweentheBSandtheIRS,aswellasthechannels

betweentheIRSandtheusers.TheresultsarepresentedintermsoftheNMSEandthe

algorithmsarecomparedbetweenthem.Themainlimitationofthesealgorithmsisthehigh

computationalcomplexitywhichmakesthemnotsuitableforpracticalimplementations.

In[44],anotherLSapproachisconsideredtoestimatetheuplinkcascadechannels

inapoint-to-pointMISOsystemwithamulti-antennaBSandanenergyharvesting(EH)

user.Theresultsarepresentedintermsoftheenergyharvestedbytheuserandcomparing

thesystemperformancewiththeproposedmethodversusthatobtainedwithperfectCSI,

showingasmallgapbetweenthem.Thecascadechannelusuallyhasalargesizeandthis

methodmayincuraconsiderableamountoftrainingoverheadbyneglectingthesparse

structureofthemmWavewirelesschannels.

3.3.OptimizationandDesignofIRSs

ThedesignofIRSsisanovelandchallengingissueunderthesignalprocessing

pointofview.However,somerecentworkscanbefoundintheliteraturethatconsider

differentsetupsanddifferentmetricstodesigntheIRSphase-shiftmatrix. Wegroup

theanalyzedworksaccordingtotheconfigurationofthecommunicationsetups,i.e.,

thenumberoftransmit/receiveantennas,andwealsodistinguishbetweensingleand

multiuserscenarios. Withineachgroup,theworksaddressdifferentcommunication

scenarioswithdifferentcharacteristics,suchasnarrowbandorwidebandtransmissions,

LOSorNLOSlinks,perfectorimperfectCSI,andtheyalsoconsiderdifferentmetricsto

optimizetheoverallsystemperformance.
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3.3.1.Single-UserSISOScenario

In[6]asingle-userSISOschemewithLOSconditionshasbeenconsidered.The

authorsprovedthattheoptimalIRSphase-shiftsettingisthesetupthatalignsthereflected

raystothedirectpathbetweentheBSandtheusers.ThepaperalsocomparestheIRS

technologywithconventionaldecode-and-forward(DF)relayingshowingthattheIRS

needshundredsofreconfigurableelementstoreachabehavioursimilartothatoftheDF

relaying.Additionally,theIRSachieveshigherenergyefficiency(EE)thanDFrelaying

ifveryhighratesareneeded.ByconsideringasimpleLOSscenariowheretheIRSis

deployedbetweenaBSandtheusertoassistthecommunication,theoptimizedselection

ofthephaseofeachdiscreteelementintheIRSleadstophasealignmentofthedirectpath

(BStouser)andscatteredpaths(BStoIRStousers).

In[50],apoint-to-pointSISOsystemassistedwithmultipleIRSsisconsidered.The

authorspresentmulti-layerperceptronNNarchitecturesthatcanbetrainedeitherwith

positioningvaluesorthechannelcoefficients.Bothcentralizedandindividualtraining

oftheIRSsareproposed.Thesimulationresultsshowthatachievableratesclosetothe

optimumschemecanbeachieved.

Someworksconsidersingle-userpoint-to-pointOFDMsystems.Theauthorsin[51]

approachtheoptimizationoftheIRSphase-shiftmatrixinasingle-userSISOOFDM

systemwithblockageofthedirectpathsbetweenbothends,i.e.,NLOS.Specifically,the

authorsdevelopadeepreinforcementlearning(DRL)-basedframework—whichrequires

minimaltrainingoverhead—tosolveanon-convexoptimizationproblembyconsidering

fewactiveelementsattheIRSandimperfectCSI.Theresultsshowthattheproposed

DRL-basedframeworkisnearoptimumintermsofrateandconvergetothesolutionwith

perfectCSI.Asingle-userSISOOFDMIRS-assistedsystemisconsideredin[52],wherea

MLsolutiontodesigntheIRSphase-shiftmatrixisemployed.ThesolutionexploitsDL

toolstolearnhowtopredicttheproperIRSmatrixconfigurationdirectlyfromthesampled

channelknowledge.Thesimulationresultsshowthattheproposedsolutioncanachieve

near-optimaldatarateswithnegligibletrainingoverhead,withoutanyknowledgeofthe

IRSgeometry.

Theauthorsin[53]alsoconsiderasystemwithimperfectCSI.Specifically,apoint-

to-pointSISOwithLOSconditionsbetweenbothendsisassumed.Twosolutionsfor

thedesignoftheIRSphase-shiftmatrixareproposed.Inthefirstapproach,theauthors

employcompressivesensingstrategytoconstructthechannelsbyconsideringafewactive

elementsattheIRS.Inthesecondapproach,aDL-basedsolutionwheretheIRSlearnshow

tointeractwiththeincomingsignalsgiventhechannelscoefficientsattheactiveelements.

Theachievableratesassessedintheproposedsolutionsapproachtheupperboundwith

perfectCSI,withminortrainingoverhead.

Theauthorsin[54]consideranuplinksingle-usercellularnetworkandderivean

approximationoftheachievabledataratebyconsideringapracticalIRSimplemented

viaphaseshifterswithalimitedresolution,i.e.,discretephaseshifts.Aderivationofthe

requirednumberofphaseshiftsunderadataratedegradationconstraintisperformed.

Table1summarizesthereferencesrelatedtosingle-userSISOsystems,theirsystem

modelassumptions,theperformancemetricsconsideredfortheoptimization,andthe

mainresultsobtained.
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Table1.Single-userSISOapproaches.

Reference SystemModel PerformanceMetric MainResults

[6] LOS
Txpower

andchannelgain

IRSoffershigher
EEthanDFfor
veryhighrates

[50]
MultipleIRSs,

LOS
Rate

Near-optimal
rate

[51]
ImperfectCSI,
NLOS,DRL

Rate
Achievablerates
closetotheobtained
withperfectCSI

[52]
mmWave,

NLOS,OFDM,ML
Rate

Near-optimal
ratewithlow

trainingoverhead

[53]
ImperfectCSI,
LOS,DL

Rate
Achievablerates
closetotheobtained
withperfectCSI

[54]
Discretephaseshifts
attheIRS,NLOS

Rate
Numberofphase
shiftsrequired
foragivenrate

3.3.2.MultiuserSISOScenarios

In[55]theauthorsconsideramultiuserSISOIRS-assistedsysteminaLOSscenario

anddefinethereceivedsignal-to-interference-plus-noiseratio(SINR)asthemetrictobe

optimizedatthereceiverbyconsideringthattheimpingingsignalsuponanIRSareoften

mixedwithinterferingsignals.Totacklethisissue,theconceptofintelligentspectrum

learning(ISL)isintroduced,whichusesanofflinetrainedCNNattheIRScontrollerto

infertheinterferingsignalsdirectlyfromtheusersignals.Adistributedcontrolalgorithm

isproposedtomaximizethereceivedSINRbyconfiguringanactive/inactivebinarystatus

oftheIRSelements.Simulationresultsexhibitaperformanceimprovementbyemploying

thisdeeplearningapproach.

In[56],theauthorsaimatminimizingtheMSEinamultiuserSISOmulti-IRSassisted

federatedlearningsystem.LOSconditionsareassumedandajointoptimizationoftheuser

powerallocationandtheIRSphase-shiftmatricesviaanalternatingoptimization(AO)

algorithmisperformed.TheIRSsareconsideredtohaveabinarystatus,i.e.,On/Offstate.

Simulationresultsshowthattheproposedalgorithmsleadtoimprovingtheconvergence

andaccuracyofthefederatedlearningapproachandoffergainsoverbaselinesstrategies

withoutIRSs.

Table2summarizesbothmultiuserSISOapproaches[55,56],andtheirassumptionsin

thesystemmodel,aswellastheperformancemetricsandthemainresults.

Table2.MultiuserSISOapproaches.

Reference SystemModel PerformanceMetric MainResults

[55]
LOS,CNN,

On/OffbinaryIRS
SINR

Higherperformance
thanbaselines:
On-IRS,Off-IRS

[56]
multi-IRS,NLOS
On/OffbinaryIRS

MSE

LowerMSEwith
single/multipleIRS
thanbaseline:
no-IRS

3.3.3.Single-UserMISO/SIMOScenarios

Theauthorsin[57]proposeasuboptimalsemidefiniterelaxationalgorithmtomaxi-

mizethetotalreceivedsignalpowerbyasingle-usercommunicatingwithamulti-antenna
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accesspoint(AP)inLOSconditions.Thesimulationresultsexhibitperformancegainsover

baselines(e.g.,systemswithoutIRS)intermsofthereceivedsignal-to-noiseratio(SNR).

In[58],aDL-basedapproachforthedesignoftheIRSphase-shiftmatrixinasingle-

userMISOsystemisproposed.Specifically,acustomizeddeepNNistrainedofflineby

usingtheunsupervisedlearningmechanism,whichisabletomakereal-timepredictions

whendeployingonline.Thesimulationresultsshowthattheproposedapproachoffers

slightlylowersystemperformancethanthesemidefiniterelaxationbasedapproaches

in[57]intermsofratewhileitsignificantlyreducesthecomputationcomplexity.

In[59],aDLapproachhasbeendevelopedtotunetheIRSphase-shiftmatrixinreal-

timebyconsideringaMISOsystemwithLOS,i.e.,adirectlinkisavailablebetweenboth

ends.SimulationresultsshowthattheDLapproachleadstoperformancecomparableto

thatofconventionalapproacheswhilesignificantlyreducingthecomputationalcomplexity.

In[60],aDLapproachwhichlearnsandmakesuseofthelocalpropagationenvi-

ronmentisdeployedfortheconfigurationoftheIRSphase-shiftmatrixinadownlink

single-userMISOsystemwithLOSconditionsandimperfectCSI.Theproposedmethod

usesthereceivedpilotsignalsreflectedthroughtheIRStotrainthenetwork.Theperfor-

manceoftheproposedapproachisevaluatedintermsoftheNMSEbetweenthephases

obtainedbytheproposedalgorithmwithimperfectCSIandtheoptimalIRSphasesbased

onperfectCSI.

Table3summarizesthemainresults,systemmodelassumptions,andevaluation

performancemetricsofthepapersanalysedinthissubsection.

Table3.Single-userMISO/SIMOscenarios.

Reference SystemModel PerformanceMetric MainResults

[57] Downlink,LOS
Receivedsignal

power
Maximizationof
thereceivedSNR

[58] LOS,DL Rate
Lowcomputation
complexity

[59] LOS,DL MSE
Lowcomputation
complexity

[60]
Downlink,LOS,DL,
imperfectCSI

NMSEbetween
phaseswithperfectCSI
andphaseswith
imperfectCSI

Near-optimal
IRSconfig.with
imperfectCSI

3.3.4.MultiuserMISO/SIMOScenarios

In[24]anIRS-assistedmultiuserMISO systemwithLOSbetweenacommonAP

andtheusersisconsidered.Inparticular,apracticalphaseshiftmodelthatcapturesthe

phase-dependentamplitudevariationintheelement-wisereflectiondesignattheIRSis

proposed.AnoptimizationproblemtominimizethetotaltransmitpowerattheAPby

jointlydesigningtheAPtransmitprecoderandtheIRSphase-shiftmatrixsubjecttothe

users’individualSINRconstraintsisstated.Then,anAOalgorithmisproposedtofind

suboptimalsolutions.Thesimulationresultsshowtheasymptoticperformancelossofthe

optimizedIRS-assistedsystemwhenitisimplementedwithpracticalphaseshiftersand

theobtainedgainsbyoptimizingwiththepracticalmodelunderconsideration.Thework

in[61]alsoconsidersthepracticallimitationsoftheIRSs.Inparticular,theauthorshave

studiedtheasymptoticachievablerateinanIRS-assisteddownlinkMISOsystem.The

systemmodelconsidersacommonBStransmittingtoKusersbyemployingtime-division

multipleaccess(TDMA)toserveoneuserateachtimeslot.MultipleIRSsaredeployed

inaschemewheresomeusersareIRS-aidedandtheothersaredirectlyservedbythe

BS.Theoptimalityoftheasymptoticperformancehasbeenanalyzedbyconsideringthe

practicallimitationsoftheIRSs,e.g.,thepracticalreflectioncoefficients.Inthiscontext,

anIRSphase-shiftmatrixdesignisproposed,whichisabletoasymptoticallyachievethe
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optimalperformance.Theresultsarepresentedintermsofthesymbol-error-rate(SER)and

theergodicrateandcomparedwithabaselinestrategywithoutIRSandtheAOalgorithm

proposedin[24].

Theauthorsin[62]consideramultiuserIRS-assistedSIMOsystem,wheretheuplink

transmissionsarereflectedbytheIRS.Anapproximatedzero-forcing(ZF)equalizeris

implementedtocanceltheinter-userinterferenceinadecentralizedwaybyoptimizingthe

IRSphaseshifters(see[62],Algorithms1and2).Theresultsarepresentedintermsofthe

signal-to-interferenceratio(SIR)andshowbetterperformancethanasingledaisychain

realizationofthealgorithmin[63]tocomputetheequalizationvector.

Someworksrelatedtonon-orthogonalmultipleaccess(NOMA)IRS-aidedsystems

havebeenconsidered.In[64],anIRS-aidedmultiuserMISONOMAdownlinktransmission

frameworkisproposed.TheauthorsassumeNLOSbetweentheusersandtheBS. An

optimizationproblemtomaximizethesumrateisformulated.ForadjustingtheIRSphase-

shiftmatrix,adeepdeterministicpolicygradient(DDPG)algorithm,whichdynamically

learnstheresourceallocationpolicyisdefined.Theproposedframeworkachievesasumrate

largerthantheoneassessedwithtraditionalorthogonalmultipleaccess(OMA)networks.

In[65],anIRS-assistedNOMAMISOdownlinksystemisconsidered.Theauthors

considerthejointoptimizationofthebeamformingvectorsattheBSandthephase-shift

matrixattheIRStominimizethetotaltransmissionpowerconsumptionattheBS.The

problemissolvedviaanAOminimizationapproachandtheresultsexhibitthatthis

solutionleadstotransmissionpowerreductionsbycomparingwithabaselinestrategy,

whichimposesrandomphaseshiftsattheIRS.

In[66],theauthorsconsidertheuplinkofacluster-basedmultiusercode-domain

NOMAIRS-assistedMISOsystem.ItisconsideredasetupwhereeachIRSiscoveringa

clusterofusers,whichhaveNLOSconditionswiththeBS.TheoptimizationoftheIRS

phase-shiftmatricessuchthatalargenumberofusersarecorrectlydetectedisapproached.

ToovercomethecouplingbetweentheIRSphaseshiftsandothervariables,suchasthe

detectionorderandthefilter,asum-rateoptimizationisusedtoobtainadecoupled

estimateofthosevariables.Then,thefinalIRSadjustmentisperformedviaansemidefinite

programming(SDP)relaxationoftheoptimizationproblem.Simulationresultsshow

theperformancegainsobtained(measuredintermsofthenumberofcorrectlydetected

users)withrespecttoarandomphaseshiftimplementationwhentheIRSphasesare

properlyoptimized.

In[67],theauthorsconsideramultiuserMISOIRS-assistedNOMAdownlinksys-

temwithNLOSconditions.TheIRS-assistedNOMAsystemisdesignedtoensurethat

additionalcell-edgeuserscanbeservedbytheBS.Bothanalyticalandsimulationresults

areprovidedtoshowtheperformanceoftheproposedschemeintermsoftheoutage

probability.Hardwareimpairmentsarealsoanalyzed.

In[68],theauthorsaddressamultiuserMISOIRS-assistedmmWavecommunica-

tionsystem.Themotivationistoenhancethenetworkreliabilityandconnectivityinthe

presenceofrandomblockagesinmmWave,whichusuallyimpliesNLOS.Astochasticop-

timizationproblembasedontheminimizationofthesumoutageprobabilityisformulated,

andastochastic-learning-basedrobustbeamformingdesignisproposedviaagradient

descentalgorithm.Thenumericalresultsvalidatetheperformancebenefitsoftheproposed

algorithmintermsofoutageprobabilityandeffectivedatarateoverbaselinestrategies

(non-IRS,randomIRS).

In[69],aDRL-basedalgorithmfortheconfigurationoftheIRSandtheBSbeamformer

isdevelopedinadownlinkIRS-assistedmultiuserMISOsystem.TheproposedDRL-based

algorithmobtainsthedesignoftheBSprecoderandtheIRSphase-shiftmatrixasthe

outputoftheDRLNNfromtheinstantaneouschannelestateinformation.Simulation

resultsshowthatthealgorithmisnotonlyabletolearnfromtheenvironmentandimprove

itsbehaviourbutalsoobtainscomparablebutlowerperformancethan[70].Thework

in[70]proposestwoEEmaximizationalgorithmsfortheBStransmitpowerallocationand

theIRSphase-shiftmatrixinadownlinkmultiuserMISOsystemwithNLOS.Theresults
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arepresentedintermsofEEandshowthattheproposedsolutionoffershigherEEthanthe

Amplify-and-Forward(AF)relay-assistedsetup.

Theauthorsin[71]presentaninfrastructuretoperformMLtasksatamobileedge

computing(MEC)serverwiththeassistanceofanIRSinamultiuserMISOsystem.Therein,

theyaimatmaximizingthelearningperformance.Specifically,aminimizationofthe

maximumlearningerror(MLE)ofallparticipatingusersisperformedbyjointlyoptimizing

thetransmitpowerofmobileusers,thebeamformingvectorsoftheBS,andthephase-

shiftmatrixoftheIRS.AnAO-basedframeworkisproposedtooptimizethethreeterms

iteratively,whereasuccessiveconvexapproximation(SCA)-basedalgorithmisproposed

tosolvethepowerallocationproblem,closed-formexpressionsarederivedtosolvethe

beamformingdesignproblem,andanalternatingdirectionmethodofmultipliers(ADMM)-

basedalgorithmisdesignedtoefficientlysolvethephase-shiftmatrixdesignproblem.

SimulationresultsshowsignificantgainswhendeployingtheIRSoverbaselinestrategies.

SeveralworksrelatedtotheIRSphase-shiftmatrixdesignassumeimperfectCSI.

In[72,73]theauthorsproposeaMLapproachtooptimizeboththebeamformersattheBS

andtheIRSphase-shiftmatrixinamultiuserMISOsystem.Suchanapproachemploys

adeepNNtoparametrizethemappingfromthereceivedpilotstoanoptimizedsystem

configuration,thenagraphneuralnetwork(GNN)architectureisconsideredtocapture

theinteractionsamongthedifferentusersinthecellularnetwork.Furthermore,theauthors

proposeanimplicitchannelestimation,whichisgeneralizableandleadstoanefficient

learningtomaximizethesumratebyconsideringasmallnumberofpilots.

In[74]adownlinkmultiuserIRS-assistedMISOsystemisconsidered.Bothperfectand

imperfectCSIscenariosareaddressedundertheassumptionofLOSbetweenthecommon

APandtheusers.FortheperfectCSIsetup,analgorithmisproposedtomaximizethe

weightedsumrateofthesystembyutilizingthefractionalprogrammingtechnique.This

algorithmisthenextendedfortheimperfectCSIsetup.Thesimulationresultsarepresented

intermsoftheweightedsumrateandshowtheperformancegainofferedbytheproposed

algorithmsoverbenchmarkstrategieswithoutIRS.However,thesealgorithmspresent

highcomputationalcomplexity.

In[75],amultiuserMISO multi-IRS-assistedsystemwithunavailabledirectlink

conditionsbetweentheusersandtheBS(NLOSconditions).TheIRSphase-shiftmatrices

areconfiguredbyexploitingthestatisticalCSIinanimperfectCSIscenario.Inparticular,

twoMLalgorithmshavebeenproposed,whichlearnthestatisticalCSIfromthehistorical

channelobservations.Numericalresultsshowthelargestgainsintermsofratewhenthe

channelrandomnessislow.

In[76]theauthorsinvestigatetheIRSdesignunderimperfectcascadedBS-IRS-user

CSIinamultiuserMISOsystemwithLOSbetweenbothends.Theyaimtominimizethe

transmitpowersubjecttotherateoutageprobabilityconstraintsbyconsideringastatistical

CSIerrormodel.TheminimizationproblemisreformulatedbyfollowingaBernstein-type

inequalityandhasbeensolvedviaanAOframework.

In[77],acognitiveradio(CR)MISOdownlinkIRS-systemisconsidered.Specifically,

asinglesecondaryuseriscoexistingwithmultipleprimaryusersandmultipleIRSsare

deployedtoenhancetheEEandtheSEofthesystem.Theauthorsaimtomaximize

theachievablerateofthesecondaryusersubjecttoatotaltransmitpowerconstraintby

consideringimperfectCSI.Simulationresultsshowthesystemperformanceimprovement

byincludingtheIRStechnologyintheCRnetwork.

Theauthorsin[78]proposeaDLmethodforonlinereconfigurationoftheIRSin

aSIMOcomplexindoorenvironment.TheIRSphase-shiftmatrixconfigurationisset

accordingtothereceiverpositiontomaximizetherate.Thesimulationresultsarepresented

intermsoftherateandtheMSEbetweentheoutputoftheNN(theIRSphase-shiftmatrix)

andtheoptimalphase-shiftmatrixforagivenuserposition.

Theauthorsin[79]consideranIRS-aidedmultiuserMISOdownlinksystem,where

thetransmitbeamformingandtheIRSphase-shiftmatrixarejointlydesignedtomaximize

thesystemsumrate.ThesolutionisaDL-basedapproachtoperformthejointdesign.
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Specifically,atwo-stageNNisimplementedandtrainedofflineinanunsupervisedmanner,

anditisthendeployedonlineforreal-timepredictions.Simulationresultsexhibitsubstan-

tialreductionsinthecomputationalcomplexitywithsatisfactoryperformancecompared

toconventionaliterativeoptimizationalgorithmsasin[74](see[79],Table1).

Theworkin[80]considerstheuseofanIRStoenhanceanti-jammingcommunication

performanceandmitigatejamminginterferencebyproperlyadjustingtheIRSelements

inamultiuserMISOsystemunderNLOSconditionsbetweentheusersandtheBS.The

problemformulationisperformedasajointoptimizationofthepowerallocationattheBS

andtheIRSphase-shiftmatrixwhileconsideringqualityofservice(QoS)requirementsfor

legitimateusers.Afuzzywinorlearnfast-policyhill-climbing(FWoL-FPHC)approachis

proposedtojointlyoptimizetheanti-jammingpowerallocationandtheIRSphase-shift

matrix.Simulationresultsshowthattheproposedanti-jamminglearning-basedapproach

canefficientlyimproveboththeIRS-assistedsystemperformance(measuredintermsof

rate)andthetransmissionprotectionlevelcomparedwiththemmWavemassiveMIMO

approachpresentedin[81].

In[82]adownlinkmultiuserIRS-aidedMISOsystemisconsidered,wheretheIRS

onlypresentsafinitenumberofphaseshiftsateachelementtoassistthecommunication.

Atransmitpowerminimizationapproachisdevelopedbyjointlyoptimizingthetransmit

precodingattheBSandthediscretephaseshiftsattheIRS,subjecttoagivensetof

minimumSINRconstraintsattheuserreceivers.Tosolvetheproblem,theauthorsfirst

studythecasewhereonlyoneuserisassistedbytheIRSandproposebothoptimaland

suboptimalalgorithmsforsolvingit.ItisalsoshownthattheIRSwithdiscretephase

shiftsachievesthesamesquaredpowergainintermsofanasymptoticallylargenumberof

reflectingelements,whileaconstantproportionalpowerlossisincurreddependingon

thenumberofphase-shiftquantizationlevels.Theproposeddesignsforthesingle-user

casearealsoextendedforthemultiuserscenariowheresomeofthemareaidedbythe

IRS.Inthesimulationresults,comparisonswithseveralbenchmarkschemesregardingthe

quantizationintheIRSelementsareperformed.

Theauthorsin[83]considerthepassivebeamformingandinformationtransfer(PBIT)

techniqueforanuplinkmultiuserIRS-assistedSIMOsystems.TheIRSisassumedto

followapassivebeamforming(phaseshifting)andanon–offreflectingmodulation.The

authorsformulatetheproblemasatwo-stepstochasticproblemandaimtomaximizethe

achievableusersumrateofthesystem.Ansampleaverageapproximation(SAA)based

iterativealgorithmandasimplifiedalgorithmbyapproximatingthestochasticprogram

asadeterministicAOproblemisproposedfortheIRSphase-shiftmatrixdesign.The

solutionsareextensibleformulti-IRSsystemmodels.Thesimulationresultsexhibitthe

largegainsofferedbytheproposedapproachoverarandomphase-shiftstrategyattheIRS.

Table4summarizesthereviewaboutmultiuserIRS-assistedMISO/SIMOapproaches.

Theconsideredsystemmodels,themetricstoevaluatetheperformance,andthemain

resultsareincluded.

Table4.MultiuserMISO/SIMOapproaches.

Reference SystemModel PerformanceMetric MainResults

[24]
LOS,AO,
practical

phaseshifters
Txpower

Txpower
reductionfor

apracticalmodel

[61]
Downlink,multi-IRS
LOS,IRS-aidedusers
andnoIRS-aidedusers

Ergodicrate,
SER

Asymptotic
optimality

[62] Uplink,LOS,ZF SIR
SIRmaximization
atanIRSused
asreceiver
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Table4.Cont.

Reference SystemModel PerformanceMetric MainResults

[64]
Downlink,
NOMA,NLOS

Rate
Largerrate

thanOMAsystems

[65]
Downlink,LOS,
NOMA,downlink

Txpower
Lowertxpower
thanabaseline:
randomphases

[66]
Uplink,
Clustering,
NOMA

Correctly
detectedusers

ClusteringNOMA
withlargernumber
ofcorrectly
detectedusers

[67]
NLOS,NOMA,
celledge

Outageprob.
Analyticalresults
areprovidedforthe
IRS-NOMAscheme

[68]
NLOS,
mmWave,

Gradientdescent
Outageprob.

Loweroutageprob.
thanbaselines

[69]
Downlink,DRL,
Gradientdescent

Rate
Comparable

performancewith[70]

[70]
Downlink,NLOS
Gradientdescent

EE
NotablyhigherEE
thananAFsetup

[71] LOS,MEC,ML
Txpower
andMLE

LowerMLE
thanbaselines

[72,73]
LOS,GNN,
imperfectCSI

Rate
andMLE

Higherrate
thanbaselines

[74]
NLOS,

imperfectCSI
Rate

Highersystem
performancethan
baselinesetups

[75]
multi-IRS,NLOS,
imperfectCSI

Rate
Higherrate
thanbaselines

[76]
LOS,Imperfect
cascadedCSI,

Txpower
Lowertxpower
thanbaselines

[77]
CR,downlink,
imperfectCSI

Rate
Rateimprovementinan
IRS-aidedCRnetwork

[78]
Downlink,indoor

LOS,DL

RateandMSE
betweentheNN
outputphasesand
theoptimalphases

GoodMSEperformance
basedonthe
userlocations

[79]
NLOS,
DL

Rate
Goodtradeoff

betweenperformance
andcomplexity

[80]
NLOS,

FWoL-FPHC
Rate

Higherprotection
levelandrate
than[81]

[82]
Downlink,Discrete
phaseshifts,NLOS

Txpower
Goodperformance
withlowresolution
phaseshifters

[83]
Uplink,
On/OffIRS

Rate
Largerratesover
randomstrategies
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3.3.5.Single-UserMIMOScenarios

Theauthorsin[84]proposedifferentschemestoenhancethecompositechannel

(includingthecascadedchannelandthedirectpath)powerresultinginanimprovement

fortheachievablerateofasingle-userMIMOsystemwithLOS.Itisalsoshownthatthe

incorporationoftheIRSsinLOSenvironmentsincreasestherankofthechannelmatrix,

andimprovestheachievableratebyenablingspatialmultiplexity.

Theauthorsin[85]focustheirattentiononachievingthecapacitygainofapoint-to-

pointMIMOsystemwithLOSbyoptimizingtheIRSphasematrixtoimprovetherankof

thechannelmatrix.

Table5summarizesthesystemmodels,themetricsassumedtoevaluatetheperfor-

mance,andthemainresultsof[84,85].

Table5.Single-userMIMOapproaches.

Reference SystemModel PerformanceMetric MainResults

[84] LOS Rate
Channelrank
increases

[85] LOS Capacity
Channelrank
increases

3.3.6.MultiuserMIMOScenarios

In[86]theauthorsaddresstheIRSphase-shiftmatrixdesignbyconsideringalow

resolutionintelligentsurfaceassistingamultiusersystem.TheIRSisusedasatrans-

mitter,whichmodulatestheincomingsymbolsbyadjustingthephasesofthereflective

elements.TheauthorsconsiderboththeMISOandtheMIMOsetup,andaimtodesignthe

symbol-levelIRSmodulatortominimizetheSERintheSIMOconfigurationbyrelaxing

thelow-resolutionphase-shiftconstraintandsolvingtheproblemviaaRiemannianconju-

gategradient(RCG)algorithm.FortheMIMOsetup,thesymbol-levelIRSmodulatoris

iterativelydesignedbydecomposingtheoriginallarge-scaleoptimizationprobleminto

severalsub-problems.SimulationresultsarepresentedintermsoftheSERbyvaryingthe

quantizationlevelresolutionavailabletodeploytheIRS.

Theauthorsin[87]studythetradeoffbetweenEEandSEintheuplinkofamultiuser

MIMOsystemaidedbyanIRSequippedwithdiscretephaseshifters.Thetransmission

strategydesignisbasedonthepartialCSIofthecascadedchannelsbyassumingNLOS

betweenbothends.TheprecodingdesignattheusersandtheIRSphase-shiftmatrix

configurationareapproachedtomaximizeametriccalledresourceefficiency(RE)—which

isflexibletobalancetheEEandtheSE[88]—forbothcontinuousanddiscrete-phase

shiftsattheIRS.AnoptimizationframeworkbyleveragingtheAOisproposedtofacethe

optimizationproblembydevelopinganiterativeMMSEmethodcombinedwithaprojected

gradient(PG).Thesimulationresultsshowtheefficiencyofthedevelopedoptimization

frameworkforREmaximization.

Theworkin[89]exploresoptimization-basedanddata-drivensolutionsinamultiuser

MISOIRS-aidedMECsysteminaLOSscenariowithamultitaskAPwhichisabletoper-

formthejointoptimizationoftheIRSphase-shiftmatrixandtheAP’sreceivebeamforming

vectors.Athree-stepblockcoordinatedescending(BCD)algorithmisfirstproposedto

solvethenon-convexmaximizationproblem.Inordertoreducethecomputationalcom-

plexity,twoDLarchitecturesareconstructed.TheCSIistheinputinthefirstlearning

architecture,whilethesecondoneexploitstheusers’locations.Thetwodata-drivenap-

proachesaretrainedusingdatasamplesgeneratedbytheBCDalgorithmviasupervised

learning.Thesimulationresultsshowaclosematchbetweentheperformanceofthe

optimization-basedBCDalgorithmandthelow-complexitylearning-basedarchitectures

intermsofthetotalcompletedtask-inputbitsattheusersinagiventimeslot.

Table6summarizesthemainsystemmodelassumptions,themetricstoevaluatethe

performance,andthemainresultsofthereviewedsingle-userIRS-assistedMIMOsystems.
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Table6.MultiuserMIMOapproaches.

Reference SystemModel PerformanceMetric MainResults

[86]

MIMOand
MISOsetups,
IRSwith

lowresolution

SER
Smallgap

between∞bitand
lowresolutionIRSs

[87]
Discrete/continuous
IRSphaseshifts.
PartialCSI

RE
HighREfor
lowresolution
phaseshifts

[89]
MECLOS,
DL

Completed
task-inputbits

Closematchbetween
theBCDperformance
andthelowcomplexity
algorithmperformance

4.IRSApplications

ByconsideringthetremendousamountofbenefitsofferedbytheIRSs,severalappli-

cationscenarioscanbeexaminedbyconsideringthistechnology.Figure5showsseveral

applicationswhichcouldbenefitfromtheuseofIRStechnology.Thefirstillustrated

applicationisrelatedtoscenarioswheresomeuseristotallyblockedandnotavailable

tocommunicatewithaBS,(e.g.,[75]).Inthiscase,theIRScouldbeemployedtocreate

afeasibleconnection,i.e.,avirtuallinkbetweenbothends.Thisisparticularlyuseful

forproblemsofcoverageextensioninmmWaveandTHzcommunicationssystemsdue

totheunfavourablefree-spaceomnidirectionalpathlossinthesefrequencybands.The

secondpresentedapplicationinFigure5constitutesascenariowithlegitimateusersand

aneavesdropperdevice.Inthiscase,theIRScouldbeemployedtomitigatetheeffectof

theeavesdropperbyproperlycancellingitssignalandthusincreasingthecommunication

systemsecurity.In[80]theauthorsemploytheIRStechnologytoincreasethecommuni-

cationsystemsecuritybydevelopingastrategyforjamminginterferencemitigation.In

thethirdscenarioillustratedinFigure5,asitisconsideredin[39,67],acellularnetwork

withacelledgeuser—whichcansufferhighsignalattenuationfromtheBSandco-channel

interferencefromnearBSs—isconsidered.Inthisscenario,theIRSdeploymentcould

behelpfultoincreasethecoverageareainthecellularnetwork.Thefourthapplication

focusesondevice-to-device(D2D)networks[90],wheretheIRScouldbeusedtocancelthe

interference,supporttherequiredlow-powertransmissioninthesesystems,andenhance

individualdatalinksinthesecommunicationsystems.Thefifthillustratedapplication

inFigure5istheuseofIRSsforthemmWaveband,whereahighsensitivitytoblockage

ispresentinthepropagation[91].TheIRSsareusefulinthesescenariostoincreasethe

receivedpower,thechannelrank,andthusthespatialdiversityneededforoutdoorsys-

tems.ThesixthapplicationshowninFigure5istheuseofIRSsforInternetofThings(IoT)

systems(e.g.,[61]),whereamulti-IRSscenarioseemstobeusefultocompensatethepower

lossoverlongdistancesandalleviatetheenergybudgetissueinenergy-constrainedIoT

networksviathepassiveIRSbeamforming.TheuseoftheIRSisalsointerestingforB5G-

NOMAsystems(e.g.,[66,67]).Inthesescenarios,theIRScouldbeconsideredtoincrease

thenumberofservedusersandenhancetherateofcommunication,whichconstitutesthe

majorrequirementtobeaccomplishedinthesesystems.Anotherinterestingapplication

illustratedinFigure5istheuseoftheIRStechnologyforCRnetworks(see[77]),wherethe

IRScouldbeusedtoincreasethedegreesoffreedomtofurtherimprovetheCRnetwork

performance.Specifically,theIRScouldbeemployedtoimprovetheefficiencyofthe

secondarytransmissions.
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Figure5.IRSapplications.

TheuseofIRSsisbeneficialforMECsystemsbyenhancingboththeEEandtheSE.

Forexample,in[71]thetransmitpowerofthemobileusersisminimizedbyconsidering

aninfrastructuretoperformMLtasksintheMECserver.TheuseofIRSsisalsointeresting

forunmannedaerialvehicle(UAV)networks,wheretheIRSisusedtoenhancethequality

ofthecommunicationbetweentheUAVandthegroundusers,thusbeinginstrumental

fortheoptimizationoftheUAVtrajectoryandthesystemperformance(cf.[3]).Thelast

applicationoftheIRStechnologyillustratedinFigure5isrelatedtothepowertransfer

systems,wheretheIRSphase-shiftmatrixisdesignedtoenhancethereceivedsignal

strengthattheenergyreceiversinthechargingzonewiththeaimofensuringtheenergy

harvestingrequirements[83].

5.PracticalChallenges,OpenIssuesandFutureResearchLines

Inthissection,weanalyzethemainchallengesforthepracticaldeploymentofthe

IRStechnologyandthepotentialtechniqueswhichcanbeutilizedtoaddressthem. We

alsodiscusssomeopenissuesandthefutureresearchlinesforwirelesscommunication

IRS-assistedsystems.

5.1.PracticalChallenges

ItisevidentthattheIRStechnologyleadstoenhancementsofthewirelesssystem

performanceandthatiswhythistopichasreceivedspecialattentionintheliterature.



Electronics2021,10,2345 19of27

However,therearestillsomechallengesforthepracticalimplementationofIRS-assisted

systemswhichalsorequireattention.

5.1.1.ChannelStateAcquisition

TheIRSsconstitutealargearrayofreflectivepassiveelements,i.e.,apassivecommu-

nicationelement.TheenhancementsprovidedbyIRS-aidedsystemsreliesontheproper

configurationoftheIRSphase-shiftmatrixaccordingtotheknowledgeofthechannel

conditions.Thechannelstateacquisition,byconsideringanIRSasatotallypassiveele-

ment,isusuallyperformedatthecommunicationends,i.e.,thetransmitterorthereceiver.

Thisleadstodegradationintheaccuracyofchannelestimation,andhighcomputation

andpowerrequirementswhenconsideringlargeIRSs.Apracticalandefficientchannel

estimationstrategyisstilloneofthekeyissuestoenableIRStechnologies.Apossible

solutionmaybetheuseoflow-powersensors—whichcanbepoweredbyenergyharvested

modules—embeddedthroughtheIRS.

5.1.2.ImplementationandTestbeds

Inthelastyears,afewpromisingtestbedsandexperimentalactivitieshavebeen

reported[92],andsomeindustrialdevelopmentshavealsobeenreported[10]. How-

ever,thesereportsareusuallydifficulttofindandinsufficienttopracticallyjudgethe

IRStechnology.

5.1.3.PracticalIRSDeployment

ThedeploymentoftheIRSsinawirelessnetworkisanotherchallengingissue.From

theoptimizationviewpoint,whenconsideringasingleBSservingasingleuser,theIRS

shouldbedeployedtoguaranteeclearLOSfromtheBSwiththeaimofmaximizingthe

receivedsignalpower.However,suchastraightforwarddeploymentstrategymaynotbe

suitableinmulti-userscenariossinceonesingleLOSpathbetweentheIRSandthecommon

BSleadstoalow-rankchannelwhichwilllimitthespatialmultiplexingforthetransmission

tomultipleusersthroughtheIRS[4,57].Inthiscase,itispreferabletoguaranteeahigh

channelrankandastrongLOSwithintheBS-IRSlink.TheIRSdeploymentalsoneeds

toconsiderthespatialusers’density,theinter-cellinterferenceincellularnetworks,etc.

Therefore,autonomousdeploymentsforIRS-assistedsystemsisstillanopenchallenge

thatcanbefacedwithDLandreinforcementlearning(RL)techniquesbytrainingaNN

withsomereferenceallocationsandcollectingkeyperformanceindicators[2].

5.1.4.DesignofModel-DrivenSystem

TheIRS-assistedsystemsaremorecomplextomodelanddesignthanconventional

wirelessnetworks.Duetothishighersystemcomplexity,theuseofdata-drivenmethods

basedonDL,RL,andtransferlearningconstitutepromisingtechniques[2,93].Table7

summarizesthemainanalyzedchallengesandthepossibletechniquestofacetothem.

Table7.ChallengesforIRSimplementations.

Challenge PossibleTechnique

ChannelStatesAcquisition Low-powersensors

PracticalIRSDeployment RL,DL

DesignofModel-drivenSystem RL,DL

5.2.OpenIssuesandFutureResearchDirections

DifferentapproachesexaminedinthisreviewevidentlyindicatethattheIRStech-

nologyisreceivingspecialinterestinthecurrentresearchduetoitspromisesofaccom-

plishingsomeadvantagessuchextendthecoverageincellularnetworks,minimizethe

transmitpower,enablebettersecurity,suppressinterference,etc. However,therestill
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existssomechallenges,openissues,andnewresearchdirectionsthatwillbereceiving

continuousinterest.

5.2.1.Near-FieldRegionandSphericalWave-FrontModel

MostpapersaboutIRSsassumethefar-fieldoperationregion.However,thecombi-

nationoflarge-scaleantennaswithhighfrequenciesoftenresultsincommunicationsin

thenear-fieldregion.TheoperationofIRS-assistedsystemsinthisregionandthedesign

particularitiesbyconsideringthesphericalwave-frontmodelhavenotbeenthoroughly

studiedintheliterature.

Theauthorsin[94]provideadetailedanalysisonthedesignanduseofIRSsby

consideringboththenear-fieldandfar-fieldradiationcharacteristicsofsuchsurfaces,

divergingfromthecommonlyadoptedfar-fieldimplementationoftheseaperturesinthe

literature.Someimportantissuesaredescribedinthisworkwhichcanbeconsideredfor

designparticularitiesandevenforuserschedulingincommunicationsystems.

5.2.2.HybridTransceiversformmWaveIRS-AssistedSystems

Toreducethehighpowerconsumptionandtheradiofrequency(RF)costinmmWave

MIMOsystems,thehybridanalogue-digitalarchitectureshavebeenproposed.Thepre-

coder/combinerdesignintheseschemesusuallyleadstoaconstrainedoptimization

problems.TheIRStechnologyiswell-suitedforthemmWavebandduetothepromising

advantagesofferedintermsofincreasingthespatialdiversity.Thejointoptimizationofthe

hybridprecoder/combinerformmWaveMIMOandtheIRSphaseshift-matrix—which

canbeseenasananalogueprecoder/combiner—constitutesachallengingopenproblem.

In[95],anIRS-assisteddownlinkmmWaveMIMOsingle-userandmulti-streamsys-

temwithhybridprecoding/combiningandNLOSconditionshasbeenapproached.The

authorsfocusonmaximizingtheSEbyjointlyoptimizingtheIRSphase-shiftmatrixand

thehybridtransceiver. Amanifoldoptimization-basedalgorithmisdevelopedbyex-

ploitingthestructureofthemmWavechannel.Althoughthisworkisinteresting,more

complexscenarioscanbeaddressedbyconsideringmultiuserandwidebandscenarios

wherethetransceiverdesignismorechallengingsincetheanaloguepartisfrequencyflat

andcommontoalltheusers,nottomentiontheimpactofthebeamsquinteffectpresentin

widebandsystems.

5.2.3.UserBalancingandScheduling

Appropriateuserschedulingresultsaredecisivetoperformpracticalimplementations

whichbalancethenumberofservedusersaccordingtothepowertransmissionconstraints

and/ortheQoS.TheschemesofuserbalancinginIRS-assistedsystemshavenotbeen

approachedin-depthtreatment.Limitedworkscanbefoundregardinguserschedulingin

IRS-assistedsystems,e.g.,theauthorsin[66]analyzetheoptimizationoftheIRSphase-

shiftmatrixbyconsideringthedetectionorderofthereceivedusersbyacommonBSin

aNOMAMIMOsystem.Theseideascanbeextendedtomobilenetworksbybalancing

theamountofservedusersandtheoverallsystemperformanceasithasalreadybeen

consideredinconventionalnon-IRSsystems,e.g.,([96,97],Algorithms1–3).Theuseof

theIRStechnologytogetherwithanefficientschedulingstrategyconstitutesanoveland

challengingopenresearchline.

5.2.4. WidebandSystems

WidebandIRS-aidedsystemshavenotreceivedspecialattention.Mostpapersabout

IRSsassumenarrowbandmodelandthesedesignscannotbedirectlyextendedtothe

widebandscenario.ThereasonbehindthisclaimisthatthephaseshiftersintheIRS

phase-shiftmatrixarefrequencyflat,andtherefore,havetobejointlydesignedforall

thesubcarriers. Moreover,thelargechannelbandwidthleadstothebeamsquinteffect,

whichinturnleadstomoreconstraineddesigns.Theworkin[48]considersawideband

IRS-aidedcommunicationsystemunderthebeamsquinteffect.However,theworkfocuses
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onthechannelacquisitionproblemandnotontheIRSdesignforthesesystems.The

designofIRS-aidedwidebandsystemsiscertainlyachallengingopenissuesuggestedfor

futureresearch.

6.Conclusions

ThispaperisacomprehensivesurveyonIRStechnologythataddressesthemain

theoreticalaspectsoftheIRSs,themainapproachedissuesinthestate-of-the-art,the

applicationsofIRSsforfuturewirelesscommunicationsystems,andtheopenissuesto

beapproachedinthefuture.First,wehaveintroducedthemeta-surfaceconcept,its

properties,andsomespecifichardwareparameterstobeconsideredinthedesignofthe

IRSs. Next,wehaveaddressedtheIRScontrollerbydescribingitsfunctionalitiesand

somepracticalimplementations.Acomprehensivesurveyontheapproachedscenariosby

consideringtheIRStechnologyforwirelesscommunicationsystemshasbeenperformed.

Thecorrespondingsystemmodelsandtheirparticularitiessuchasmulti-antennasetups,

theradiopropagationconditions(NLOSandLOS),andthehardwareimpairmentshave

beenanalyzed.Themetricsconsideredtoevaluatethesystemperformanceandthemain

resultsofrelevantworksintheliteratureunderdifferentcommunicationsystemscenarios

havebeensummarized.AvastamountoftechniquestohandletheproblemsoftheIRS

designandthechannelestimationinthesesetupshavebeenanalyzed,e.g.,DL,AO,and

PG.Then,someapplicationswheretheIRStechnologycouldresultbeneficialhavebeen

described,includingthecommunicationblockage—whichiscommoninthemmWave

band—thesecurity,thebenefitsinmobilecommunicationsbyimprovingtheservicequality

forcelledgeusers,theD2DcommunicationswheretheIRS-assistedsystemssuitwiththe

requiredlow-powertransmission,theIoTsystems,wheretheIRS-aidedsystemscould

beemployedtoalleviatetheenergybudgetissues,theB5GNOMAsystems,wherethe

IRSdeploymentresultsinbenefitstomaximizetherate,theCRsystemwheretheEEof

thesecondarytransmissionscanbeimprovedbyconsideringIRS-aidedsystems,theMEC

systems,wheretheuseofIRSsenhancestheEEandtheSE,andtheUAVsystems,which

alsobenefitoftheIRStechnologyandthepowertransfersystems.Finally,thepractical

challengesandtheidentifiedopenproblemsforthedesignoftheIRS-aidedwireless

systemssuchasthejointdesignoftheIRSmatrixandthehybridtransceiversinmmWave,

theuserschedulinginpracticalsystems,andthespecialconsiderationsunderwideband

scenariossuchasthebeamsquinteffecthavebeensuggested.

AfterreviewingalargenumberofreferencesintheliteraturerelatedtotheIRStechnol-

ogy,itisclearthatthistechnologyrepresentsaverypromisingstrategytobeincorporated

inacountlessnumberofwirelesscommunicationscenarios.Theideaofcontrollingthe

propagationenvironmentbyusingarraysofpassiveelementswithnegligiblepowercon-

sumptionisextremelyattractivetoreducetheeconomiccostandtheenvironmentalimpact

ofimplementingthefutureB5Garchitectures,wheretherequirementsintermsofSEand

useraccommodationwillbeextremelychallenging.However,thepracticaldeploymentof

thistechnologyisstillinanearlystageduetoseveralissueswhichmakeitdifficult,such

ashardwareimpairments,thedifficultyofacquiringaccuratechannelinformation,orthe

needofoptimizingthepositioningofIRSsdependingonthecommunicationsscenario.

Forthisreason,itisnowadayscomplicatedtofindrealimplementationsofIRS-aided

wirelesssystemsintheindustryfield,andeventestbedprototypesthatallowevaluating

thepracticalfeasibilityofthistechnology.Inthisregard,itisclearthatmoreresearch

andtechnicaladvancesarenecessarytoaddressmultipleopenissueswiththeaimof

movingtoatrueconsolidationofIRS-aidedcommunicationsystemsinthefuture.Hence,

thoughsignificantperformanceimprovementcanbeidentifiedintheliterature,IRS-aided

systemsareexpectedtoprovidehigherperformancegainsoverthecurrentstate-of-the-art

approachesbyaddressingasignificantnumberofpracticalissuesregardingmobility,user

scheduling,coding,etc.ThetopicofIRSiscalledtoreceivegreaterattentionfromthe

wirelesscommunicationresearchcommunity.
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Abbreviations

Thefollowingabbreviationsareusedinthismanuscript:

SDPsemidefiniteprogramming

NN neuralnetwork

PBITpassivebeamformingandinformationtransfer

SERsymbol-error-rate

CNNconvolutionalneuralnetwork

SAAsampleaverageapproximation

RLreinforcementlearning

LOSline-of-sight

DC directcurrent

ISLintelligentspectrumlearning

NMSE normalizedmean-squareerror

OMA orthogonalmultipleaccess

OMP orthogonalmatchingpursuit

DDPG deepdeterministicpolicygradient

OFDM orthogonalfrequencydivisionmultiplexing

DRL deepreinforcementlearning

CScompressivesensing

TS-OMPtwin-stageorthogonalmatchingpursuit

BCDblockcoordinatedescending

MEC mobileedgecomputing

QoS qualityofservice

FWoL-FPHCfuzzywinorlearnfast-policyhill-climbing

NLOS nonline-of-sight

FPGAfield-programmablegatearray

RCGRiemannianconjugategradient

TDMAtime-divisionmultipleaccess

PINpositive-intrinsicnegative

DF decode-and-forward

MISO multiple-inputsingle-output

SIMOsingle-inputmultiple-output

UAV unmannedaerialvehicle

SINRsignal-to-interference-plus-noiseratio

PGprojectedgradient

SNRsignal-to-noiseratio

SDRsemidefiniterelaxation

mmWave millimeter-wave
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RFradiofrequency

BSbasestation

MSE meansquareerror

MIMO multiple-inputmultiple-output

SISOsingle-inputsingle-output

MMSE minimummeansquareerror

LSleastsquares

AWGN additivewhiteGaussiannoise

CSIchannelstateinformation

IoTInternetofThings

AO alternatingoptimization

NOMA non-orthogonalmultipleaccess

IRSintelligentreflectivesurface

GNN graphneuralnetwork

mmWave millimeter-wave

THzTerahertz

D2D device-to-device

AP accesspoint

BSbasestation

MP matchingpursuit

REresourceefficiency

SEspectralefficiency

PARAFACPARAllelFACtor

ML machinelearning

DL deeplearning

EEenergyefficiency

MSE meansquareerror

EHenergyharvesting

ADMM alternatingdirectionmethodofmultipliers

SCAsuccessiveconvexapproximation

SIRsignal-to-interferenceratio

ZFzero-forcing

MLE maximumlearningerror

AF Amplify-and-Forward

CRcognitiveradio

B5Gbeyondfifth-generation
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