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Abstract
In thisreportwe de ne characteristicontroldesignelementsaindshav how
cornventionalsingle-agenMPC implementshese.We suney recentlitera-
ture on multi-agentMPC anddiscusshow this literaturedealswith decom-
position,problemassignmentandcooperation.

1 Intr oduction

Already backin 1978, Sandellet al. [22] surweyed a wide rangeof alternatve
methodsfor decentralizeccontrol. They nd thata good combinationof engi-
neeringjudgmentandanalysiscanbe usedto de ne in a reasonablevay an ad-
hoc control structurefor a dynamicsystem. They concludethat methodologies
areneededhatpresenta designemwith severalgoodcontrol structurecandidates
for furtherconsideration.

In this reportwe look at how researchsince 1978 hasadwanceddistributed
control. We considerthe control of large-scalesystemdik e power networks, traf-
¢ networks, digital communicatiometworks, e xible manuacturingnetworks,
ecologicalsystemsetc. In particular we surey someof the literatureon Model
Predictve Control (MPC) in distributed settings. We will referto this asMulti-
AgentModel PredictiveControl. We areinterestedn the controldesignmethods
thathave beendevelopedsofar.



Thestructureof thisreporteds asfollows. In orderto classifyand nd struc-
turein the literatureon multi-agentMPC, in Section2 we rst considercontrol
methodologiesn general.Controlmethodologiesnvolve differentkindsof mod-
els. Dependingon the actualmodelschosendifferentissuesise thathave to be
considered.In Section3 we focuson Model Predictve Control (MPC). We ex-
plainthegeneraideabehindMPC andcharacterizéhe MPC frameawvork in terms
of themodelsof Section2. As it turnsout, the standardVIPC frameavork maybe
seenassingle-agenMPC. In Section4/we move on to the discussiorof multi-
agentMPC.Wereferto multi-agentMPC asageneratermfor methodghatapply
the MPC strategyy usingmultiple agentgo controla system.Importantaspectof
multi-agentMPC arethe way in which a systemis decomposethto subsystems
(centralizeddecentralizedhierarchical) the way in which control problemsare
formulatedon thesedecomposedystemscentralized,decentralizedhierarchi-
cal),andthewayin whichagentcommunicatevith oneanotheiin orderto solve
thesecontrol problems. We describehow recentliteratureon multi-agentMPC
implementstheseissues. Finally, we endthis reportwith openissuesand con-
cludingremarksin Section5.

2 Control Methodologies

In this sectionwe considerdifferenttypesof conceptgshatplay arole in general
controlmethodologiesWe consideitheunderlyingtaskof controlproblems sys-
tem modelsthat may be usedfor control, control problemmodelsformulatinga
controlproblem,andagentarchitecturesisefulin solvingcontrolproblems.

2.1 Control Task

In a control context, typically a systemis supposedo behae in a certainway.

It shouldaccomplishsometask, which may involve reachinga certainnumber
of goals. Thetaskhasto be accomplishedvhile making surethat arny possible
constraintarenotviolated.

Tasksmaybeprovidedby ahumanor somearti cial entity, or they mayfollow
from somebehaioral characteristic®r reasoningof the system. Goalscanbe
short-termgoals, e.g., to bring the systemin a certainstate,or long-term,e.g.,
to maximizethe long-termperformanceor to minimize the long-termoperation
costs. Note that tasksneednot have one singlegoal. They may have multiple,
possiblycon icting, goals. In that casethey arereferredto as so-calledmulti-
objectivetasks.

Actions that can be performedon the systemhave to be chosenin sucha
way thatthe taskof the systemis achieved, keepingin mind the dynamicsof the
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Figurel: Generalschemefor controlling a system.The controlagentmeasures
the stateof the systemand determinesan action suchthat the behaior of the
systemapproachethe desiredbehaior ascloseaspossible.

system,andpossibleconstrainton the actions. Finding the actionsthatachiare
the goalis calledthe DynamicContmol Problem(DCP). A typical DCP settingis
shavn in Figurel. ThegeneraDCP canbeformulatedas:

Find theactionssud thatthe goalis achievedoptimally

subjectto

a modelof thedynamicsystem
includingconstaintson the actionsand states.

This problemcanbe seenasanoptimizationproblem sincetheactionshave to be
chosersuchthatthey achiere thegoalin thebestpossibleway. Notethatthegoal
is independentf the modelof thedynamicsystem.

This sectionde nesthe elementghatplay arole in controllinga generalkys-
tem. As mentioned controlling a systemcomesforth from having the desireto
have the systemachiese a certaingoal. In orderto obtainthegoalwe will assume
thatthereis a systemmodelof the systemunderconsideratior. Suchamodelcan
be usedto de ne more preciselywhatthe goalis andto predicthow the system
will behae givencertainactions.A contol problemmodelde neswhattheexact
control problemis, often basedon the systemmodel. A control problemmodel
is usedby agentsthat solve the problem. The agentsare organizedin an agent
architecture andfollow somecommunicatiorprotocol

11t is not alwaysnecessaryo have amodelof the systemg.g.whenusingPID controllers.



2.2 SystemModels

Dynamic systemmodelsdescribethe behaior of the physical systemgiven ac-
tions on the system the stateof the system,andpossiblydisturbances Besides
the dynamicsof the system,theremay be limits on possibleactionsand states.
Thatis, the modelsare only valid in a certainoperatingarea. Theseoperating
constraintsmay be dueto technicallimitations, regulations,safetymeasuresgtc.
Systemmodelsmay changeover time. Thatis, the structuralparameter®f the
modelneednot stayconstant.

We candistinguishfour differenttypesof systemmodels:centalized decen-
tralizedhdistributed andhierarchical models.

We may modelthe systemwith one systemmode] describingthe whole
system.This modelmaybevery largeif ahigh degreeof detailis required,
or very abstractf this is not the case.We call sucha modela centralized
model E.qg.,if we consideithesystenmof a car, we candetermineonesingle
systemmodelwhich describeshe dynamicsof the carcompletely

In somecasesthe overall systemcan naturally be seenasa collection of
smallersubsystemthat are completelydecoupledrom one anothey or of
which it is assumedhat they are completelydecoupled. Eachsystemis
autonomousWe referto a systemmodelconsistingof severalsmallerde-
coupledsubsystenmodelsasa decentalizedmodel E.g.,whenwe have a
numberof cars,the individual dynamicsare decouplecandwe have a de-
centralizedsetting. If we do have couplingsbetweenthe subsystemswe
have a distributed model E.g., a carthat hasanothercar connectedo it
with aropecanbe modeledasa distributedsystem.

We may alsobe ableto distinguishsystemmodelswith differentlayers of
abstiaction The highestlayer may modelthe dominantcharacteristicef
the systemwhereadower layersmay modelmoredetailedcharacteristics.
Informationathigherlayersis typically usedin lower layersandvice versa.

We canseea centralizednodelasaspeciaform of a hierarchicaimodelin which
thereis only onelayerandonesystemmodel. Also a decentralizeanodelcanbe
seenasa hierarchicalmodelin which thereis onelayerwith all the subsystems
of the decentralizednodelandno higherlayer And nally a distributedmodel
canbe seenasa hierarchicalmodelby de ning a two-level hierarcly in which
the lowestlayer consistsof the two subsystemswith links to a higherlayerthat
connectghevariablesof onesystento the other



2.3 Control Problem Models

Dependingon the structureof the systemmodelthe overall goal may consistof
onecentlizedgoal, a setof decentalizedgoals or a setof hierarchical goals
When using a centralizedgoal thereis one overall goal for the whole system.
Decentralizedjoalsappeamwhensubsystems anoverall systemeachhave their
own independengoals.Hierarchicalgoalsarisewhensubsystembave goalsthat
(partially) overlap,or whengoalsfor asystencanbede ned ondifferentlevelsof
abstraction/detaillhe goalstypically have a closerelationto (partof) the overall
system.

Similarto thethreedifferenttypesof systemmodelswe cande ne threetypes
of control problemmodels

A centrlizedproblemmodelconsistof onesingleDCP.

A decentalized problemmodelconsistsof multiple smaller independent,
DCPs. If the smalledDCPshave no con icting goals,the combinationof
the problemsis equialentto the overall DCP. However, if thereare con-
icting goals,thecombinationof the problemsneednot be equivalent.

A hierarchical problemmodelconsistsof a numberof abstractionayers,
in which higherlayerscontainmoreabstracDCPs,andlower layersmore
concreteDCPs.Thehigherlayersdependninformationfrom lower layers
andvice versa.

The structureof the problemmodelmay be closelyrelatedto the structureof the
systemmodel. However, this neednot alwaysbe the case.E.g.,we may have a
centralizedsystemmodelwith a hierarchicabroblemmodel,or vice versa.

2.4 AgentAr chitectures

SolvingDCPsis donethroughthe useof contollers, or agents In generalagents
areproblemsolversthat have abilitiesto act, sensereasonjearn,andcommuni-
catewith eachotherin orderto solve agivenproblem.Agentshave aninformation
setcontainingtheir knowledge(includinginformationfrom sensingandcommu-
nicating),andanactionsetcontainingtheir skills.

Agentsmaybeorganizedin architecturese.g.,throughcommunicatiorinks.
We canagain distinguishthreeagentarchitectures:

acentrlizedagentarchitecturein whichthereis only onesingleagent,

adecentalizedagentarchitecturein which therearenumerousagentshat
do not have ary interactionamongoneanothey
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Figure2: HierarchicallystructurechgentarchitectureHigherlevel agentgprovide
targetsfor lower level agents.The agentsat the lowestlevel controlthe physical
system. Besidesstructuredin layers, agentsmay also be organizedin groups
within which theagentsareableto communicatevith oneanotherdirectly.

a hierarchical agentarchitecture,in which there are different layers of
agents. Higher layersmay superviseandreceve informationfrom lower
layers.Lower layersmayfollow instructionsfrom andprovide information
to higherlayers.Agentson thesamedayermaybeallowedto communicate
directly with oneanotheyor throughthe higherlayers.SeeFigure 2 for an
exampleof a hierarchicallystructuredagentarchitecture.

Note that communicatiorbetweenwo agentson the samelayer canbereplaced
by a virtual communicatioragentonelayer higherin orderto satisfya no-com-
munication-on-a-layeassumption.Note that when consideringhierarchicalar-
chitecturesit is not only importantto determinewhich informationis communi-
cable,but alsoin which orderinformationis accessiblé¢o agents.Thatis, there
needgo beacommunicatiorprotocol

2.5 DesignDecisions

Themodelsintroducedn the currentsectionleave mary questionsvhenit comes
to designingcontrol systems.First of all, how shouldthe systembe modeled?
Is therealogical subsystenstructure?Canit be foundfrom a centralizedsystem



model?Secondhow shouldcontrolproblemseformulatedonthechosersystem
model. Third, how shouldthe agentarchitecturebe designedo solve the control
problem?More precisely whatacting,sensingandcommunicatiorskills should
agentshave in orderto solve the problems?Accordingto what protocolshould
they communicatevith eachother?

Sometimesheagentarchitecturalreadyexists;in thatcasehequestiongnay
be reversed:what subproblemganthe agentssolve? How canthe subproblems
be designedn sucha way thatthe overall goal of the systemis obtained?How
shouldthe subproblem$®e assignedo theagents?

At ahigherlevel we mayconsideragentslusteredn groups.How canagents
be clusteredin groupssuchthat the information exchangedwithin the groupis
maximizedand betweengroupsminimized? Similarly, how canthe agentsbe
clusteredsuchthat the combinedskills in eachgroupare sufcient to solve the
combinedsubproblem®f thegroup?

3 Single-AgentModel Predictive Control

Overthelastdecade$MPCJ5,11,18] hasbecomeheadwancedcontroltechnology
of choicefor controlling comple, dynamicsystemsjn particularin the precess
industry In this sectionwe introducethe MPC framework. We relatethe standard
MPC formulationto the modelsintroducedin the previous sectionand nd that

MPC canbereferredto assingle-agenMPC.

Control DesignCharacteristics In termsof the previoussectionthe MPC for-
mulationis basedn a centralizedsystenmode] with a centralizedcontrol prob-
lemmode] anda centralizedagentarchitectue.

Thecentralizedsystenmodelis givenby a (possiblytime-varying)dynamic
systemof differenceor differential equationsand constraintson inputs,
statesandoutputs.

Thegoalof the control problemis to minimize a costfunction. The control
problemis statedasa single-objectre optimizationproblem.

The problemis solved by a singlecentralizedagent theinformationsetof
which consistsof measurementsf the physical system,andthe actionset
of which consistof all possibleactions.Theagentsolvesthe problemwith
athree-steprocedureseealsoFigure3:

1. It reformulatesthe control problemof controlling the time-varying
dynamicsystemusinga time-invariant approximationof the system,
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Figure3: Exampleof corventionalMPC. The control problemis to nd actions
Uk to Uk+ N, Suchthatafter N, stepsthe systembehaior y approachethe desired
behaiory . In thisexample,y indeedreacheshedesiredsetpointy .

with a control anda predictionhorizonto make nding the solution
tractable andarolling horizonfor robustness.

2. It solvesthe reformulatedcontrol problems,often usinggeneral ,nu-
mericalsolutionstechniqueswhile takinginto accountconstraintson
actionsandstates.

3. It combineghesolutionsto the approximationgo obtaina solutionto
the overall problem.This typically involvesimplementingthe actions
found from the beginning of the time horizonof the currentapproxi-
mation,until the beginning of the next approximation.

Sincethe MPC framework usesa single agent,we canreferto it assingle-
agentMPC.

Advantages Single-agenMPC hasfoundwide success mary differentappli-
cations,mainly in the processndustry A numberof adwantagesnake the useof
single-agenMPC attractve:

The framework handlesinput, state and outputconstaints explicitly in a
systematiavay. Thisis dueto the controlproblemformulationbeingbased
onthesystemmodelwhichincludesthe constraints.

It can opelate without interventionfor long periods. This is due to the
rolling horizonprinciple,which makesthattheagentooksaheado prevent
the systemfrom goingin thewrongdirection.
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It adaptseasilyto new contexts dueto therolling horizon.

Disadvantages However, theuseof single-agenMPC alsohassomesigni cant
disadwantages:

The approximationof the DCP with static problemscanbe of large size

In particular whenthe control horizon over which actionsare computed
becomedarger, the numberof variablesof which theagenthasto nd the
valueincreasesjuickly.

Theresoucesneededor computatiorandmemorymaybehigh,increasing
morewhenthe time horizonincreases.The amountof resourcesequired
alsogrows with increasingsystemcomplexity.

The feasibility of the solutionto DCP is not guaranteed.Solutionsto the
approximationglo not guaranteeolutionsto the original DCP.

Researchn the pasthasaddressedheseissues,resultingin conditionsfor
feasibility and stability, e.g.,usingcontractingconstraintsconstraintrelaxation,
andclassicalstabilizing controllersat the end of the horizon. Most of the MPC
researchhasfocusedon centralizedcomputations.In the following sectionwe
look at researchdirectedat extendingthe single-agentMPC framework to the
useof multiple agents.Using multiple agentgo tacklethe control problemmay
reducethe computationatequirementgomparedo a singleagentapproach.

4 Multi-Agent Model Predictive Control

In the remainderof this reportwe discussthe useof Multi-Agent MPC. As the
namesuggestsjn multi-agentMPC multiple agentstry to solve the DCP. Al-
thoughnot strictly necessarywhen consideringmultiple problemsolvers, it is
typical to have multiple differentproblems.The DCP s thereforetypically bro-
kenup into anumberof smallerproblems.The mainadwantageof thisis thatthe
computationaburdencanbe lowered. Agentscancommunicateandcollaborate
with otheragentso comeup with a goodsolution. If the agentscanwork asyn-
chronouslythenthey canrunin parallelandattheirown speedThisis adesirable
situationfor control of large-scalesystems.However, synchronizatiorproblems
may be hardto solve.

Many authorshave consideredisingMPC aspartof a distributed control ar-
chitecture. Someexamplesof theseare architecturesn which a single MPC
controlleris usedasreplacemendf decentralized®ID controllers(Pomerleaet
al. [21]), multiple differentMPC controllersaremanuallyengineeredsreplace-
mentof decentralizedID controllerg(Irizarry-Riveraetal. [14], Ochsetal. [20]),
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or MPCis usedassupervisonjayerin acascadedetting(Silvaetal. [25], Vamas-
Villamil etal. [27]). The controlarchitecturesnvolved aretypically engineered
with insightin the speci ¢ applicationdomain.Otherarchitecturegonsidemul-
tiple subsystemshat dependon one anothey andthat employ MPC in orderto
optimize systemperformance.Thesekind of applicationsareamongothersdis-
cussedby Braunet al. [4], KatebiandJohnsor[17], Geoges[12], Camponog-
ara[7], Aicardi et al. [2], Acar [1], Sawadogoet al. [23], EIl Fawal et al. [10],
Gbmezet al. [13], Bagliettoet al. [3], JiaandKrogh [15, 16], and Dunbarand
Murray [8]. In this survey we mainly focuson this last class,sincethe methods
describedn this classare more general(lessapplicationspeci ¢) andtherefore
morewidely applicablethanthe methodsdescribedn the rst class.

Control Design Characteristics In general,the main differencebetweenthe
multi-agentMPC andsingle-agenMPC framawvork is thatin themulti-agentMPC
several agentsare usedto solve the DCP. We can characterizéhe multi-agent
MPC framework asfollows:

Thesystemmodelis typically a hierarchical systemmodel

Thecontrolproblemis typically formulatedto minimizeahierarchical cost
function.

The control problemsaretypically solved by a hierarchical agentarchitec-
ture.

In multi-agentMPC, the centralizedsystemandcontrol problemare rst decom-
posednto smallersubproblemsThesubproblemsvill in generadependneach
other To solve the problemsthe agentghereforeneedto communicatevith each
other
In this sectionwe surey someof theapproachesecentresearctnastakenfor

decomposinghe DCPinto sub-DCPsand nding asuitablesolutionto those.We
areparticularlyinterestedn seeinghow differentauthorsdecomposehe overall
systeminto subsystemd)ow they de ne the subproblemsandhow agentscom-
municatewith eachotherto cometo a solution.

4.1 SystemModel Decomposition

Typically there are two ways in which a decentralizedor hierarchicalsystem
modelis formed,basedn theway the overall systemis considered:

Thecentralizedsystemmodelcanbeusedexplicitly. In thiscaseacentral-
izedsystemmodelis rst explicitly constructecandthendecomposethto
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severalsubsystemssingstructuralpropertieghatarepresentn thesystem
model. Thisis atop-downapproachE.g.,MoteeandSayyarRodsari[19],
andKatebiandJohnsor{17] analyticallydecompose lineardynamicsys-
teminto anequialentsetof subsystemsvith coupledinputs.

The centralizedsystemmodelcanalsoonly be consideredmplicitly. This
meangthat the decompositioninto subsystemss basedon engineeringn-
sight andtypically involves modelinga subsystenand the relationswith
othersubsystemdirectly. In this casewe have a bottom-upapproachE.g.,
Geoges[12], El Fawal etal. [10], Braunetal. [4], andGbmezet al. [13]
designthe subsystemwvithout rst consideringa modelfor theoverall sys-
tem.

In generalasSandelletal. [22] point outin their surwey, dividing a systeminto
subsystemsnay be doneby consideringdifferenttime scalesin a systemand
looking for weakcouplingsbetweersubsystemsBy our knowledgethereareno
genericmethodgo do thedecomposition.

Decentralized Model Decomposition In our de nition of a decentralizedle-
compositionall subsystemareindependendf oneanother This situationis not
discussedn the articlessurweyedfor this report. However, mary authorsdo use
the word decentalized to addressa group of subsystemshat cancommunicate
with oneanother We seethis groupof subsystemasa specialcaseof a hierar
chicalsystemmodel. Purelydecentralizeanodeldecompositioronly is possibly
whentwo subsystemsre completelyindependenbf eachother or whenthey
areassumedo beindependenof eachother The termdecentalized shouldnot
be confusedwith the moregeneraltermdistributed The latterrefersto systems
consistingof subsystems generalandnotin particularto systemsonsistingof
strictly independensubsystems.

Hierar chical Model Decomposition Hierarchicakystemmodeldecomposition
ariseswhensubsystemsgependon eachother they arecoupled Higherlevelsin
a hierarcly may be more abstiact or may spana longer time period (e.g., they
may have a lower communicationcomputation,or control rate). The coupling
betweersubsystemsanhave differentfoundations:

Sometimeshe couplingis basedn physicalvariablesandmodeledexplic-
itly, likein Savadogoetal. [23]. They considercontrol of a watersystem
dividedin differentsectionsas subsystemsin eachsubsystenmodelthe
controlsandstateof a neighboringsubsystenaretakeninto account.Dun-
barandMurray [9] considemulti-vehicleformationstabilization.Thesys-
temmodelsof thevehicles(includingconstraintspreuncoupled However,
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onelayerhigher atamoreabstractevel, the statevectorsof thesubsystems
arecoupleddueto constraintghat make the vehiclesdrive in a formation.
Bagliettoetal. [3] consideroptimaldynamicroutingof messagem astore-
and-forward paclet switchingnetwork. The nodesin the network areseen
assubsystemsvith connectiondo neighboringsubsystemsIn particular
by reformulatingthe subsystenmodelthey getrid of constraints.

Sometimeshecouplingis morearti cial anddoesnothave aclearphysical

meaning. E.g., Geoges[12] andEl Fawal et al. [10] de ne a subsystem
model for eachsectionin a water distribution network. They introduce
compatibilityequationsbetweensubsystemshat have to be satis ed. The

decentralizedpproachis basedon anaugmented.agrangiarformulation,

wherethe o w balancingequationsare dualized. In this formulation, the

Lagrangiamrmultipliersbecomethe couplingvariables.

4.2 Control Problem Decomposition

In thereviewed literaturethereis no distinctionbetweenthe structureof the sys-
tem modelandthe structureof the problem. So, with eachsubsystena control
problemis associatedvith its own goal. We believe thatin generalit may not
alwaysbe necessaryo assigna control problemwith eachsubsystemlIt maybe
easierandsufcient to de ne goalsover a numberof subsystemgatherthanfor

eachsubsystenindividually. In the reviewed literature,the goalsof the subprob-
lemsareobtainedrom:

an analytical decompositiorof a centralizedgoal. E.g., Geoges[12] and
El Fawal [10] take somesort of worst-caseapproachby de ning for each
subsystena subproblenof nding the Lagrangianmultipliers that maxi-
mize the problemof nding the controlsthatminimize the augmented.a-
grangian.

anad-hocengineeed subproblengoal. E.g.,Bagliettoet al. [3] formulate
agoalfor eachsubsystem.

DunbarandMurray [9] considemo specialgoal for the lowestlayer However,
onelayerhigher a centralizedgoalis de ned over the subsystemsf the lowest
level. KatabiandJohnsor17] take a similar approach.JiaandKrogh [15, 16]
consideragentghatexchangepredictionson theboundsof their statetrajectories.
Thusagentdave informationaboutthetrajectorieghatthesubsystenof theother
agentswill potentiallymale.
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4.3 Problem Solving

As mentionedn Section2.5, it is importantto considerthe problemof design-
ing theagentarchitectureandassigningsuitablesubproblemso the agentdan the
architecture.Oncethis assignmenhasbeenmadea suitablecoordinationproto-
col shouldbe usedin orderto nd a goodsolution. This coordinationprotocol
speci eshow andwhatinformationis exchangedetweeragents.

4.3.1 Agent Designand Problem Assignment

Agent Design Theinformationsetof the agentss oftenimplicitly assumedo
containsufcient informationfor solving the subproblems Also the actionsets
of theagentsaareassumedo besufcient (Geoges|[12], El Fawal [10], Baglietto
etal. [3]). If anagentdoesnot have accesdo certaininformationthatit needs
directly it hastwo options: obtain the information throughcommunicationor
have somemeando predicttheinformation.

Therehasbeensomeinterestingesearclputinto optimally partitioningagents
into groupg[7]. MoteeandSayyarRodsari[19] remarkthattheeliminationof the
communicatiorrequirementdetweenagentsat leastamongagentsn different
sub-groups)s of crucial importance. The lesscommunicatiorbetweenagents,
the easierthey canwork at their own speedsThis requirementnustbe balanced
againstthe total costof control actions. The authorsproposea formulationin
which sucha trade-of canbe trivially exercisedby nding a matrix assigning
agentdo groups.

Moteeand SayyarRodsari[19] alsoconsiderthow informationmustbe com-
municatedo the groups.They proposea sensitvity-basedcriterion. For the sys-
tem with the groupedagentsthe sensitvity of the closed-loopcontrol actionto
the outputmeasurementanbe usedasa criterionfor decidingwhethera certain
outputmeasurememhustbemadeavailableto thatgroupof agents Thisanalysis
is doneof ine.

Problem Assignment In thereviewed literatureeachcontrolsubproblems as-
signeda speci ¢ agentto solve the problem.Most designdor agentarchitectures
aremadeof ine anddo not changeonline[17]. Theinformationthatagentanay
sharewith eachotheris determineda priori by, e.g.,minimizing a minimal com-
municationcost,or objectve atthelevel of the overall system.

4.3.2 Coordination Schemes

The way in which agentscommunicatewith one anotheris crucial in whether
or not a useful, feasible,preferablyoptimal, solutionis obtained. Agentscom-
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municateandexchangeinformationaccordingto a certaincoorination scheme
Importantattributesof theseschemesre: iterative solution choice of actions
subpoblemmodi cation, andautomatidearning[7]. Choicedor theseattributes
have directlyin uence theperformancef solvingthe controlproblem.In thefol-
lowing we will go into moredetailon theseitemsandrelatethemto the existing
literature.

Iterati ve Solutions It is often corvenientand practicalto nd a solution by
iterations,particularlywhendecisionsare sharedamongagentswhosegoalsare
con icting [7]. Eachagentcontinuallyrevisesits decisionstakinginto account
thedecisionf its neighborslf thedynamicsubproblemsaredecoupledthenthe
agentgeachoptimaldecisionsndependentlyif thisis notthecasethecouplings
canbedealtwith in two ways: syntronouslyor asyntironously SeealsoFigure

In the syntironouscaseprecedenceonstraintsare imposedon the itera-
tions, which malkes that fasteragentshave to wait for slower agents. A
distinctioncanbe madebetweerserial synchronousnethodsandparallel
synchronousnethods.In the former caseonly oneagenttakesa stepat a
time. In the latter agentswait for all otheragentso nish the currentstep
beforeproceeding.

Asyntironoustreatmentallows all agentsto run at their own speedandis
thereforepreferredover the synchronousase,sincethe agentsspendno
timewaitingfor oneanother However, thiscomesatthepriceof uncertainty
in information,sinceagentamight not know exactly whatotheragentswill
do.

Geoges[12] andEl Fawal et al. [10] dealwith parallel synchronizationn
their two-stepalgorithm. In their approachrst eachagentsolvesits subproblem
usingcertainparametersf the previousstep.Theseparameterareoptimizedus-
ing informationfrom otheragents Thisinformationis obtainedn thesecondstep
in which eachagentcommunicate#s parametersvith the otheragents.In some
casesagentcommunicateheir expectedplansto eachotheraftereachoptimiza-
tion step.For example JiaandKrogh [15,16] let the agentssolve local min-max
problemsto optimize performancewith respectto worst-casealisturbances Pa-
rameterizedtatefeedbacks introducednto the multi-agentMPC formulationto
obtainlessconsenrative solutionsandpredictions.DunbarandMurray [9] have a
similarapproachShimetal. [24] alsoincludethecapabilityfor agentdo combine
thetrajectorygeneratiorwith operationakonstraintsandstabilizationof vehicle
dynamicsby addingto the costfunction a potentialfunctionre ecting the state
informationof a possiblymaoving obstacleor otheragent.
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Figure4: Differenttypesof iteratve schemesa) Serial,synchronousoneagent
takes a stepat a time, after which a next agenttakes a next step; b) Parallel,

synchronousall agentdake astepatatime, but they wait with takingthenext step
until all agentsare nished takingthe stepof the currenttime; ¢) Asynchronous:
all agentdake stepsattheir own speedandthey do notwait for oneanother
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Choiceof Action Agentscanapply differentwaysof actuallychoosingwhich

actionto performat a certainpoint. Typically, in single-agenMPC, the agent
implementsthe rst action of the action sequencdound by solving its control

problem.However, in multi-agentMPC therearealternatvessinceanagentmay

acceptsuggestionsfrom neighboringagentsegardingits actions. Thesesugges-
tionscouldbe,e.g.,valuesto set:

An agentmay exclusivelychooseits actionandimplementit, e.g.,by sim-
ply choosingthe rst actiontaken from the sequencef optimal actions.
Geoges[12] and El Fawal et al. [10] considera higherlayer agentthat
obtainsinformationfrom multiple lower layersto exclusively updatepa-
rameterdor eachagent.

Actionsmaybeshaed Thatis, actionsof a certainagentcanbe choserby
otheragentsaswell. In [6], Camponogradiscusseshis. Otheragentanay
beallowedto usecapabilitiesof a certainagentthatonly thatagenthas.

Agentsmay choosewhich actionto performin ademocatic way by letting
multiple agentsvote aboutwhich actionto take. Camponogra[6] shavs
thatthis canbe bene cial, assuminghatthe majority knows whatis right
to do.

Agentsmaytradetheiractionsjn which casetheagentwith thehighestbid
getsto chooseheactionthatanagentwill perform.This mightbeusefulin
situationswherethereis alimited resourcghatneedgo be shared.

Subproblem Modi cations Ideally protocolsthat agentsusefor cooperation
candealwith the subproblem®f the agentsdirectly,. Sometimesa protocolmay
however to someextentrequirethe modi cation of the subproblemslt may de-
mand

thereformulationof subproblems&sunconstainedsubproblemsthatis, to
remove all limits,

therelaxationof subproblemsvith tolerancdactors thatis, to allow going
over certainlimits,

tighteningof subproblemsvith resourcdactors thatis, to lower the limits
asmuchaspossible.

In particularwhenasynchronouslyvorking agentsare consideredthesemodi -

cationsmay be needed As anexample,eachagentneedso know whatthe other
agentsmight wantto do, soit cananticipatetheseactionsif it choosego be un-
sel sh. Sharedresourceseedto be sharedin ways that seemfair. However,
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fasteragentsmay graball the resourcesResourcdactorsmay help here. Cam-
ponogra[6] investigateseachof themodi cations. JiaandKrogh[15,16] impose
predictedstateboundsasconstraintsn subsequennulti-agentMPC iterationsto
guaranteeheir subsystensatis estheboundsbroad-castetb otheragents.

Automatic Learning Automatic learningmay boostthe effectivenesswiden
the scopeof applicationsandimprove the adaptabilityof cooperatiorprotocols.
Learningcanfor examplebe introducedfor parameteridenti cation, or for im-
provementof problem-solvingand decision-makingbilities. Learningmay en-
ableanagentto predictwhatits neighborswill do. Learningis in particularuseful
whenagentsvork asynchronously

Geoges[12] andKatabietal. [17] includeanon-lineidenti cation procedure
basedothona MIMO parametrizeanodelof the physical characteristicef the
systemandKalman ltering. Besideshatthe authorsusea Kalmanoptimal es-
timator de ned on the basisof the on-lineidenti ed controlto estimatethe state
of the subsystemsver which the subproblenof anagentis de ned. Bagliettoet
al. [3] assigmeuralnetworksto theagentgepresentingjodesn anetwork. These
neuralnetworksaretrainedof ine to improve onlinecomputationatequirements.
In Gomezet al. [13], the modelsof the nodesdependon future statevaluesof
neighboringnodes Eachagentestimateshesevalues.

4.4 Conditions for Convergence

Moteeand SayyarRodsari[19] remarkthatthe optimal actionfor a subproblem
canonly be obtainedif the optimal actionto the othersubproblemss available
(whenthe problemsdependon eachother). Thisis alsodiscussedby Talukdaret
al. [26] with elementdrom gametheory

Let thereactionsetof anagentcontainthe actionsthatthe agentwould make
whenit knows whatthe otheragentswill do. The setof Nashequilibria is thein-
tersectiorof thereactionsetsof all theagents.The Paretosetis thesetof feasible
solutionsto the overall problem.Talukdaret al. [26] make threeobsenations:

The elementsof the Paretosetarethe besttrade-ofs amongthe multiple
objectves of the subproblems.Thesemay be bettertrade-ofs thanthose
provided by Nashequilibria.

Constraintscan changethe solution setsof (sub)problemssigni cantly.
With techniquedike Lagrangemultipliers, penalty functionsand barrier
functions, it is always possibleto cornvert a constrainedprobleminto an
unconstraineane. However, thesecorversionsshouldbe usedwith care.
Both conceptuallyand computationallyit is advantageouso presere the
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separatédentitiesof constraintsnottheleastof whichis the optionof spe-
cialized,adaptve handlingof eachconstrainduringthe solutionprocess.

The solutionto the overall centralizedproblemandthe completelydecen-
tralized problemare two extremes. The centralizedproblemis often in-
tractablebut the Paretosolutionsare the bestthat can be obtained. The
subproblemsare smallerand more tractable. For an agent,the collection
of the solutionsfor all possibleactionsof its neighboringagentsconstitute
its reactionset. The intersectionof the reactionsetsof all agentsdentify
the Nashequilibria. The calculationof a reactionsetrequiresthe repeated
solutionof the subproblemswhich canbetedious.

Dependingon the cooperationschemeused,the resulting performancewill be
different. Whenconsideringmulti-agentMPC it is importantto look atthe ques-
tion whetheror not the agentsare capableof cooperatiely obtainingan optimal
solutionto the overall controlproblem.

In [7], Camponograetal. considemunderwhatconditionsiterationscorverge
to a solutionof the subproblemsand underwhat conditionsthe solutionsof the
subproblemsomposea solutionto the overall problem. Bagliettoet al. [3] re-
mark that team-optimalcontrol problemscan be solved analyticallyin very few
casestypically whentheproblemis LQG andtheinformationstructurds partially
nestedj.e., whenary agentcanreconstructhe informationownedby the deci-
sion makerswhoseactionsin uenced its personainformation. Aicardi et al. [2]
addresshe problemof theexistenceof multi-agentMPC stationarycontrolstrate-
giesin an LQG decentralizedetting. The possibility of applyinga multi-agent
MPC control schemederivesfrom the assumption®n the informationstructure
of theteam.Theauthorsof [2] shav how applicationsof suchaschemegenerally
yield time-varying controllaws, and nd a conditionfor the existenceof station-
ary multi-agentMPC stratgies, which takesonly a-priori informationaboutthe
probleminto account.DunbarandMurray [9] establisithatthe multi-agentMPC
implementatiorof their distributedoptimalcontrolproblemis asymptoticallysta-
bilizing. The communicatiorrequirementdetweersubsystemsvith couplingin
the cost function are that eachsubsystenobtainsthe previous optimal control
trajectoryof the other subsystemso which it is coupledat eachrecedinghori-
zonupdate.The authorsof [9] notethatthe key requiremenfor stability is that
eachactionsequenceomputedby the agentsdoesnot deviate too far from the
sequencéhathasbeencomputecandcommunicategbreviously.

Camponograet al. [7] develop conditionson the agents'problemsand co-
operationprotocolsthatensureconvergenceto optimal attractors.Unfortunately
they nd thatthe conditionshave somesereredisadwantagedor practicaluse:

The convexity of the overall objective function and constraintscannotbe
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guaranteedh practice.The dynamicsof real-world networks canbe highly
nonlinearandnoncorvex.

The protocolsdevelopedin [7] requirethatthe initial solutionis feasible.
This feasibility is hardto meet. The speci cationson how the network
shouldbehae in the future canintroducecon icts and make the problem
infeasible.Theresolutionof the con icts standsasa hardproblem.

Thedifferentiability of the objectve andconstrainfunctionscannotbe ex-
pectedn real-world problems Whenthedecisionsaareamix of discreteand
continuousvariables,non-differentiability is introducedin the functions.
The protocolsdevelopedin [7] cannotdealwith this.

The exact matchof agentso subproblemss impractical. This meanshat
eachsubproblenhasa speci ¢ agentcapableof obtainingthe information
andmakingthe actionsneededo solve the subproblem.The agentarchi-
tecturescouldbecomeoo denseo induceanexactmatch.

Theprotocolsdevelopedin [7] useinterior-point methods.Theuseof these
methodds not convenientsinceinterior-point methodsaresensitve to im-

plementandlessrobust thanalgorithmssuchas sequentiaguadraticpro-

gramming.

The enforcemenof serialwork within neighborhoodss quite impractical
andunattracte. The corvergencespeedvould bevery slow andtherefore
thenetwork of agentswvould notrespondpromptlyto disturbances.

Althoughtheseassuesnaybedif cult toremaove, Camponograetal. show thatit
is notalwaysnecessaryo ful Il all theconditions.However, thereareno general
conditionsunderwhichthisis notnecessary

5 Conclusion

In this reportwe have givenanoverview of recentliteratureon multi-agentMPC.
We have identi ed commonaspectsn eachof the reviewed papers.This hasled
to theidenti cation of certaingroupsandattributesat a rathernon-mathematical
level. This allows usto identify directionsfor furtherresearch.Although since
the suney paperof 1978by Sandellet al. [22] a signi cant amountof progress
hasbeenmade mary issuesemainto beinvestigated.Someof theseare:

The decompositiorof systemmodelsand control problemsmay be auto-
mated.Methodscouldbe developedthatproposdlifferentdecompositions.
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In thecurrentliteratureonly oneor two layersareconsideredlt is notclear
how hierarchiesvith morelayerscanbe automaticallyused.Perhapsnore
layerscanbeusedin similarwaysor with someform of nesting.

The assignmenbf subproblemgo agentsmay be automated. Perhaps
agentscannegotiateaboutwho solveswhich subproblem.The assignment
shouldbeef cient, robust,etc.

The conditionsfor corvergenceto optimal solutionsto the overall problem
aretoo restrictive for practicalapplication. Perhapslassef systemsor
control problemscould be identi ed in which multi-agentMPC may have
fewer conditionsfor cornvergence.

Until theseclasseshave beenidenti ed, heuristic coordinationschemes
needto be developedthat give goodresults. Furtherresearchnto asyn-
chronouscooperatiorprotocolsis needed.

With enouglresearchn thesedirections applicationof truly autonomousnulti-
agentcontrolmaybecomepossible.
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