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Abstract

In thisreportwede�ne characteristiccontroldesignelementsandshow how
conventionalsingle-agentMPC implementsthese.We survey recentlitera-
tureon multi-agentMPC anddiscusshow this literaturedealswith decom-
position,problemassignment,andcooperation.

1 Intr oduction

Already back in 1978,Sandellet al. [22] surveyed a wide rangeof alternative
methodsfor decentralizedcontrol. They �nd that a goodcombinationof engi-
neeringjudgmentandanalysiscanbeusedto de�ne in a reasonableway anad-
hoc control structurefor a dynamicsystem. They concludethat methodologies
areneededthatpresenta designerwith severalgoodcontrolstructurecandidates
for furtherconsideration.

In this reportwe look at how researchsince1978hasadvanceddistributed
control.Weconsiderthecontrolof large-scalesystemslikepowernetworks,traf-
�c networks,digital communicationnetworks, �e xible manufacturingnetworks,
ecologicalsystems,etc. In particular, we survey someof the literatureon Model
Predictive Control (MPC) in distributedsettings.We will refer to this asMulti-
AgentModelPredictiveControl. We areinterestedin thecontroldesignmethods
thathavebeendevelopedsofar.
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Thestructureof this reportedis asfollows. In orderto classifyand�nd struc-
ture in the literatureon multi-agentMPC, in Section2 we �rst considercontrol
methodologiesin general.Controlmethodologiesinvolvedifferentkindsof mod-
els. Dependingon theactualmodelschosen,differentissuesrise thathave to be
considered.In Section3 we focuson Model Predictive Control (MPC). We ex-
plain thegeneralideabehindMPCandcharacterizetheMPCframework in terms
of themodelsof Section2. As it turnsout, thestandardMPC framework maybe
seenassingle-agentMPC. In Section4 we move on to the discussionof multi-
agentMPC.Wereferto multi-agentMPCasageneraltermfor methodsthatapply
theMPC strategy usingmultiple agentsto controla system.Importantaspectsof
multi-agentMPC aretheway in which a systemis decomposedinto subsystems
(centralized,decentralized,hierarchical),theway in which controlproblemsare
formulatedon thesedecomposedsystems(centralized,decentralized,hierarchi-
cal),andtheway in whichagentscommunicatewith oneanotherin orderto solve
thesecontrol problems.We describehow recentliteratureon multi-agentMPC
implementstheseissues.Finally, we endthis reportwith openissuesandcon-
cludingremarksin Section5.

2 Control Methodologies

In this sectionwe considerdifferenttypesof conceptsthatplay a role in general
controlmethodologies.Weconsidertheunderlyingtaskof controlproblems,sys-
temmodelsthatmaybeusedfor control,controlproblemmodelsformulatinga
controlproblem,andagentarchitecturesusefulin solvingcontrolproblems.

2.1 Control Task

In a control context, typically a systemis supposedto behave in a certainway.
It shouldaccomplishsometask,which may involve reachinga certainnumber
of goals. The taskhasto be accomplishedwhile makingsurethat any possible
constraintsarenotviolated.

Tasksmaybeprovidedby ahumanor somearti�cial entity, or they mayfollow
from somebehavioral characteristicsor 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 onesinglegoal. They may have multiple,
possiblycon�icting, goals. In that casethey are referredto asso-calledmulti-
objectivetasks.

Actions that can be performedon the systemhave to be chosenin sucha
way that thetaskof thesystemis achieved,keepingin mind thedynamicsof the
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Figure1: Generalschemefor controllinga system.Thecontrolagentmeasures
the stateof the systemand determinesan action suchthat the behavior of the
systemapproachesthedesiredbehavior ascloseaspossible.

system,andpossibleconstraintson theactions.Finding theactionsthatachieve
thegoal is calledtheDynamicControl Problem(DCP).A typical DCPsettingis
shown in Figure1. ThegeneralDCPcanbeformulatedas:

Find theactionssuch that thegoal is achievedoptimally

subjectto

a modelof thedynamicsystem
includingconstraintson theactionsandstates.

Thisproblemcanbeseenasanoptimizationproblem, sincetheactionshave to be
chosensuchthatthey achieve thegoalin thebestpossibleway. Notethatthegoal
is independentof themodelof thedynamicsystem.

This sectionde�nes theelementsthatplay a role in controllinga generalsys-
tem. As mentioned,controlling a systemcomesforth from having the desireto
have thesystemachieveacertaingoal. In orderto obtainthegoalwewill assume
thatthereis asystemmodelof thesystemunderconsideration.1 Suchamodelcan
beusedto de�ne morepreciselywhat thegoal is andto predicthow thesystem
will behavegivencertainactions.A control problemmodelde�neswhattheexact
control problemis, often basedon the systemmodel. A control problemmodel
is usedby agentsthat solve the problem. The agentsareorganizedin an agent
architectureandfollow somecommunicationprotocol.

1It is notalwaysnecessaryto have amodelof thesystem,e.g.whenusingPID controllers.
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2.2 SystemModels

Dynamicsystemmodelsdescribethe behavior of the physical systemgiven ac-
tionson thesystem,thestateof thesystem,andpossiblydisturbances. Besides
the dynamicsof the system,theremay be limits on possibleactionsandstates.
That is, the modelsareonly valid in a certainoperatingarea. Theseoperating
constraintsmaybedueto technicallimitations,regulations,safetymeasures,etc.
Systemmodelsmay changeover time. That is, the structuralparametersof the
modelneednotstayconstant.

We candistinguishfour differenttypesof systemmodels:centralized, decen-
tralizedndistributed, andhierarchical models.

� We may model the systemwith one systemmodel, describingthe whole
system.Thismodelmaybevery largeif ahighdegreeof detail is required,
or very abstractif this is not thecase.We call sucha modela centralized
model. E.g.,if weconsiderthesystemof acar, wecandetermineonesingle
systemmodelwhichdescribesthedynamicsof thecarcompletely.

� In somecases,the overall systemcannaturallybe seenasa collectionof
smallersubsystemsthatarecompletelydecoupledfrom oneanother, or of
which it is assumedthat they arecompletelydecoupled.Eachsystemis
autonomous.We refer to a systemmodelconsistingof severalsmallerde-
coupledsubsystemmodelsasa decentralizedmodel. E.g.,whenwe have a
numberof cars,the individual dynamicsaredecoupledandwe have a de-
centralizedsetting. If we do have couplingsbetweenthe subsystems,we
have a distributedmodel. E.g., a car that hasanothercar connectedto it
with a ropecanbemodeledasadistributedsystem.

� We mayalsobeableto distinguishsystemmodelswith different layers of
abstraction. The highestlayer may modelthe dominantcharacteristicsof
thesystem,whereaslower layersmaymodelmoredetailedcharacteristics.
Informationathigherlayersis typically usedin lower layersandviceversa.

Wecanseeacentralizedmodelasaspecialform of ahierarchicalmodelin which
thereis only onelayerandonesystemmodel.Also a decentralizedmodelcanbe
seenasa hierarchicalmodelin which thereis onelayer with all the subsystems
of the decentralizedmodelandno higherlayer. And �nally a distributedmodel
canbe seenasa hierarchicalmodelby de�ning a two-level hierarchy in which
the lowestlayerconsistsof the two subsystems,with links to a higherlayer that
connectsthevariablesof onesystemto theother.

4



2.3 Control ProblemModels

Dependingon the structureof the systemmodelthe overall goal may consistof
onecentralizedgoal, a setof decentralizedgoals, or a setof hierarchical goals.
When using a centralizedgoal thereis one overall goal for the whole system.
Decentralizedgoalsappearwhensubsystemsin anoverall systemeachhave their
own independentgoals.Hierarchicalgoalsarisewhensubsystemshavegoalsthat
(partially)overlap,or whengoalsfor asystemcanbede�nedondifferentlevelsof
abstraction/detail.Thegoalstypically haveacloserelationto (partof) theoverall
system.

Similarto thethreedifferenttypesof systemmodels,wecande�ne threetypes
of control problemmodels:

� A centralizedproblemmodelconsistsof onesingleDCP.

� A decentralizedproblemmodelconsistsof multiple smaller, independent,
DCPs. If the smalledDCPshave no con�icting goals,the combinationof
the problemsis equivalent to the overall DCP. However, if therearecon-
�icting goals,thecombinationof theproblemsneednotbeequivalent.

� A hierarchical problemmodelconsistsof a numberof abstractionlayers,
in which higherlayerscontainmoreabstractDCPs,andlower layersmore
concreteDCPs.Thehigherlayersdependon informationfrom lower layers
andviceversa.

Thestructureof theproblemmodelmaybecloselyrelatedto thestructureof the
systemmodel. However, this neednot alwaysbe thecase.E.g.,we mayhave a
centralizedsystemmodelwith ahierarchicalproblemmodel,or viceversa.

2.4 Agent Ar chitectures

SolvingDCPsis donethroughtheuseof controllers, or agents. In general,agents
areproblemsolversthathave abilitiesto act,sense,reason,learn,andcommuni-
catewith eachotherin orderto solveagivenproblem.Agentshaveaninformation
setcontainingtheir knowledge(includinginformationfrom sensingandcommu-
nicating),andanactionsetcontainingtheir skills.

Agentsmaybeorganizedin architectures,e.g.,throughcommunicationlinks.
Wecanagaindistinguishthreeagentarchitectures:

� acentralizedagentarchitecture,in which thereis only onesingleagent,

� a decentralizedagentarchitecture,in which therearenumerousagentsthat
donothaveany interactionamongoneanother,
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Figure2: Hierarchicallystructuredagentarchitecture.Higherlevel agentsprovide
targetsfor lower level agents.Theagentsat the lowestlevel control thephysical
system. Besidesstructuredin layers,agentsmay also be organizedin groups
within which theagentsareableto communicatewith oneanotherdirectly.

� a hierarchical agentarchitecture,in which there are different layers of
agents.Higher layersmay superviseandreceive informationfrom lower
layers.Lower layersmayfollow instructionsfrom andprovide information
to higherlayers.Agentson thesamelayermaybeallowedto communicate
directly with oneanother, or throughthehigherlayers.SeeFigure2 for an
exampleof ahierarchicallystructuredagentarchitecture.

Note thatcommunicationbetweentwo agentson thesamelayercanbereplaced
by a virtual communicationagentonelayerhigherin orderto satisfya no-com-
munication-on-a-layerassumption.Note that whenconsideringhierarchicalar-
chitectures,it is not only importantto determinewhich informationis communi-
cable,but alsoin which orderinformationis accessibleto agents.That is, there
needsto beacommunicationprotocol.

2.5 DesignDecisions

Themodelsintroducedin thecurrentsectionleavemany questionswhenit comes
to designingcontrol systems.First of all, how shouldthe systembe modeled?
Is therea logical subsystemstructure?Canit befoundfrom a centralizedsystem
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model?Second,how shouldcontrolproblemsbeformulatedonthechosensystem
model.Third, how shouldtheagentarchitecturebedesignedto solve thecontrol
problem?More precisely, whatacting,sensing,andcommunicationskills should
agentshave in orderto solve the problems?Accordingto what protocolshould
they communicatewith eachother?

Sometimestheagentarchitecturealreadyexists;in thatcasethequestionsmay
bereversed:whatsubproblemscantheagentssolve? How canthesubproblems
bedesignedin sucha way that theoverall goalof thesystemis obtained?How
shouldthesubproblemsbeassignedto theagents?

At ahigherlevel wemayconsideragentsclusteredin groups.How canagents
be clusteredin groupssuchthat the informationexchangedwithin the group is
maximizedand betweengroupsminimized? Similarly, how can the agentsbe
clusteredsuchthat the combinedskills in eachgrouparesuf�cient to solve the
combinedsubproblemsof thegroup?

3 Single-AgentModel PredictiveControl

OverthelastdecadesMPC[5,11,18] hasbecometheadvancedcontroltechnology
of choicefor controllingcomplex, dynamicsystems,in particularin theprecess
industry. In thissectionweintroducetheMPCframework. Werelatethestandard
MPC formulationto the modelsintroducedin the previous sectionand�nd that
MPCcanbereferredto assingle-agentMPC.

Control DesignCharacteristics In termsof theprevioussection,theMPCfor-
mulationis basedon a centralizedsystemmodel, with a centralizedcontrol prob-
lemmodel, andacentralizedagentarchitecture.

� Thecentralizedsystemmodelis givenby a(possiblytime-varying)dynamic
systemof differenceor differential equationsand constraintson inputs,
states,andoutputs.

� Thegoalof thecontrolproblemis to minimizeacostfunction.Thecontrol
problemis statedasasingle-objective optimizationproblem.

� Theproblemis solvedby a singlecentralizedagent, theinformationsetof
which consistsof measurementsof thephysicalsystem,andtheactionset
of whichconsistsof all possibleactions.Theagentsolvestheproblemwith
a three-stepprocedure,seealsoFigure3:

1. It reformulatesthe control problemof controlling the time-varying
dynamicsystemusinga time-invariant approximationof thesystem,
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Figure3: Exampleof conventionalMPC. Thecontrolproblemis to �nd actions
uk to uk+ Nc, suchthatafterNp stepsthesystembehavior y approachesthedesired
behavior y� . In thisexample,y indeedreachesthedesiredsetpoint y� .

with a control anda predictionhorizonto make �nding the solution
tractable,anda rolling horizonfor robustness.

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

3. It combinesthesolutionsto theapproximationsto obtainasolutionto
theoverall problem.This typically involvesimplementingtheactions
foundfrom thebeginningof the time horizonof thecurrentapproxi-
mation,until thebeginningof thenext approximation.

Sincethe MPC framework usesa singleagent,we canrefer to it assingle-
agentMPC.

Advantages Single-agentMPChasfoundwidesuccessin many differentappli-
cations,mainly in theprocessindustry. A numberof advantagesmake theuseof
single-agentMPCattractive:

� The framework handlesinput, state, and outputconstraints explicitly in a
systematicway. This is dueto thecontrolproblemformulationbeingbased
on thesystemmodelwhich includestheconstraints.

� It can operate without interventionfor long periods. This is due to the
rolling horizonprinciple,whichmakesthattheagentlooksaheadto prevent
thesystemfrom goingin thewrongdirection.
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� It adaptseasilyto new contextsdueto therolling horizon.

Disadvantages However, theuseof single-agentMPCalsohassomesigni�cant
disadvantages:

� The approximationof the DCP with staticproblemscanbe of large size.
In particular, when the control horizonover which actionsare computed
becomeslarger, thenumberof variablesof which theagenthasto �nd the
valueincreasesquickly.

� Theresourcesneededfor computationandmemorymaybehigh,increasing
morewhenthe time horizonincreases.The amountof resourcesrequired
alsogrowswith increasingsystemcomplexity.

� The feasibility of the solutionto DCP is not guaranteed.Solutionsto the
approximationsdonotguaranteesolutionsto theoriginalDCP.

Researchin the pasthasaddressedtheseissues,resultingin conditionsfor
feasibility andstability, e.g.,usingcontractingconstraints,constraintrelaxation,
andclassicalstabilizingcontrollersat the endof the horizon. Most of the MPC
researchhasfocusedon centralizedcomputations.In the following sectionwe
look at researchdirectedat extendingthe single-agentMPC framework to the
useof multiple agents.Usingmultiple agentsto tacklethecontrolproblemmay
reducethecomputationalrequirementscomparedto asingleagentapproach.

4 Multi-Agent Model PredictiveControl

In the remainderof this reportwe discussthe useof Multi-Agent MPC. As the
namesuggests,in multi-agentMPC multiple agentstry to solve the DCP. Al-
thoughnot strictly necessary, when consideringmultiple problemsolvers, it is
typical to have multiple differentproblems.TheDCPis thereforetypically bro-
kenup into a numberof smallerproblems.Themainadvantageof this is thatthe
computationalburdencanbe lowered.Agentscancommunicateandcollaborate
with otheragentsto comeup with a goodsolution. If theagentscanwork asyn-
chronouslythenthey canrunin parallelandat theirown speed.This is adesirable
situationfor controlof large-scalesystems.However, synchronizationproblems
maybehardto solve.

Many authorshave consideredusingMPC aspartof a distributedcontrolar-
chitecture. Someexamplesof theseare architecturesin which a single MPC
controller is usedasreplacementof decentralizedPID controllers(Pomerleaet
al. [21]), multiple differentMPC controllersaremanuallyengineeredasreplace-
mentof decentralizedPID controllers(Irizarry-Riveraetal. [14], Ochsetal. [20]),
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or MPCis usedassupervisorylayerin acascadedsetting(Silvaetal. [25], Vargas-
Villamil et al. [27]). Thecontrolarchitecturesinvolvedaretypically engineered
with insightin thespeci�c applicationdomain.Otherarchitecturesconsidermul-
tiple subsystemsthat dependon oneanother, andthat employ MPC in order to
optimizesystemperformance.Thesekind of applicationsareamongothersdis-
cussedby Braunet al. [4], Katebi andJohnson[17], Georges[12], Camponog-
ara [7], Aicardi et al. [2], Acar [1], Sawadogoet al. [23], El Fawal et al. [10],
Gómezet al. [13], Bagliettoet al. [3], Jia andKrogh [15,16], andDunbarand
Murray [8]. In this survey we mainly focuson this lastclass,sincethemethods
describedin this classaremoregeneral(lessapplicationspeci�c) andtherefore
morewidely applicablethanthemethodsdescribedin the�rst class.

Control Design Characteristics In general,the main differencebetweenthe
multi-agentMPCandsingle-agentMPCframework is thatin themulti-agentMPC
several agentsare usedto solve the DCP. We can characterizethe multi-agent
MPCframework asfollows:

� Thesystemmodelis typically ahierarchical systemmodel.

� Thecontrolproblemis typically formulatedto minimizeahierarchical cost
function.

� Thecontrolproblemsaretypically solvedby a hierarchical agentarchitec-
ture.

In multi-agentMPC, thecentralizedsystemandcontrolproblemare�rst decom-
posedinto smallersubproblems.Thesubproblemswill in generaldependoneach
other. To solve theproblemstheagentsthereforeneedto communicatewith each
other.

In thissectionwesurvey someof theapproachesrecentresearchhastakenfor
decomposingtheDCPinto sub-DCPsand�nding asuitablesolutionto those.We
areparticularlyinterestedin seeinghow differentauthorsdecomposetheoverall
systeminto subsystems,how they de�ne thesubproblems,andhow agentscom-
municatewith eachotherto cometo asolution.

4.1 SystemModel Decomposition

Typically there are two ways in which a decentralizedor hierarchicalsystem
modelis formed,basedon theway theoverall systemis considered:

� Thecentralizedsystemmodelcanbeusedexplicitly. In thiscase,acentral-
izedsystemmodelis �rst explicitly constructedandthendecomposedinto
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severalsubsystemsusingstructuralpropertiesthatarepresentin thesystem
model.This is a top-downapproach.E.g.,MoteeandSayyar-Rodsari[19],
andKatebiandJohnson[17] analyticallydecomposea lineardynamicsys-
teminto anequivalentsetof subsystemswith coupledinputs.

� Thecentralizedsystemmodelcanalsoonly beconsideredimplicitly. This
meansthat thedecompositioninto subsystemsis basedon engineeringin-
sight and typically involvesmodelinga subsystemand the relationswith
othersubsystemsdirectly. In thiscasewehaveabottom-upapproach.E.g.,
Georges[12], El Fawal et al. [10], Braunet al. [4], andGómezet al. [13]
designthesubsystemswithout �rst consideringamodelfor theoverall sys-
tem.

In general,asSandellet al. [22] point out in their survey, dividing a systeminto
subsystemsmay be doneby consideringdifferent time scalesin a systemand
looking for weakcouplingsbetweensubsystems.By our knowledgethereareno
genericmethodsto do thedecomposition.

DecentralizedModel Decomposition In our de�nition of a decentralizedde-
composition,all subsystemsareindependentof oneanother. This situationis not
discussedin thearticlessurveyedfor this report. However, many authorsdo use
the word decentralized to addressa groupof subsystemsthat cancommunicate
with oneanother. We seethis groupof subsystemsasa specialcaseof a hierar-
chicalsystemmodel.Purelydecentralizedmodeldecompositiononly is possibly
when two subsystemsare completelyindependentof eachother, or when they
areassumedto be independentof eachother. Thetermdecentralizedshouldnot
beconfusedwith themoregeneraltermdistributed. The latter refersto systems
consistingof subsystemsin general,andnot in particularto systemsconsistingof
strictly independentsubsystems.

Hierar chicalModel Decomposition Hierarchicalsystemmodeldecomposition
ariseswhensubsystemsdependon eachother, they arecoupled. Higherlevels in
a hierarchy may be moreabstract or may spana longer time period (e.g., they
may have a lower communication,computation,or control rate). The coupling
betweensubsystemscanhavedifferentfoundations:

� Sometimesthecouplingis basedonphysicalvariablesandmodeledexplic-
itly, like in Sawadogoet al. [23]. They considercontrolof a watersystem
divided in differentsectionsassubsystems.In eachsubsystemmodelthe
controlsandstateof a neighboringsubsystemaretakeninto account.Dun-
barandMurray [9] considermulti-vehicleformationstabilization.Thesys-
temmodelsof thevehicles(includingconstraints)areuncoupled.However,
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onelayerhigher, atamoreabstractlevel, thestatevectorsof thesubsystems
arecoupleddueto constraintsthatmake thevehiclesdrive in a formation.
Bagliettoetal. [3] consideroptimaldynamicroutingof messagesin astore-
and-forwardpacket switchingnetwork. Thenodesin thenetwork areseen
assubsystemswith connectionsto neighboringsubsystems.In particular,
by reformulatingthesubsystemmodelthey getrid of constraints.

� Sometimesthecouplingis morearti�cial anddoesnothaveaclearphysical
meaning. E.g., Georges[12] andEl Fawal et al. [10] de�ne a subsystem
model for eachsectionin a water distribution network. They introduce
compatibilityequationsbetweensubsystemsthathave to besatis�ed. The
decentralizedapproachis basedon anaugmentedLagrangianformulation,
wherethe �o w balancingequationsaredualized. In this formulation,the
Lagrangianmultipliersbecomethecouplingvariables.

4.2 Control ProblemDecomposition

In thereviewedliteraturethereis no distinctionbetweenthestructureof thesys-
tem modelandthe structureof the problem. So,with eachsubsystema control
problemis associatedwith its own goal. We believe that in generalit may not
alwaysbenecessaryto assigna controlproblemwith eachsubsystem.It maybe
easierandsuf�cient to de�ne goalsover a numberof subsystems,ratherthanfor
eachsubsystemindividually. In thereviewedliterature,thegoalsof thesubprob-
lemsareobtainedfrom:

� an analytical decompositionof a centralizedgoal. E.g.,Georges[12] and
El Fawal [10] take somesort of worst-caseapproachby de�ning for each
subsystema subproblemof �nding the Lagrangianmultipliers that maxi-
mize theproblemof �nding thecontrolsthatminimizetheaugmentedLa-
grangian.

� anad-hocengineeredsubproblemgoal. E.g.,Bagliettoet al. [3] formulate
agoalfor eachsubsystem.

DunbarandMurray [9] considerno specialgoal for the lowestlayer. However,
onelayerhigher, a centralizedgoal is de�ned over thesubsystemsof the lowest
level. Katabi andJohnson[17] take a similar approach.Jia andKrogh [15,16]
consideragentsthatexchangepredictionsontheboundsof theirstatetrajectories.
Thusagentshaveinformationaboutthetrajectoriesthatthesubsystemof theother
agentswill potentiallymake.

12



4.3 ProblemSolving

As mentionedin Section2.5, it is importantto considerthe problemof design-
ing theagentarchitectureandassigningsuitablesubproblemsto theagentsin the
architecture.Oncethis assignmenthasbeenmadea suitablecoordinationproto-
col shouldbe usedin orderto �nd a goodsolution. This coordinationprotocol
speci�eshow andwhatinformationis exchangedbetweenagents.

4.3.1 Agent Designand ProblemAssignment

Agent Design The informationsetof theagentsis often implicitly assumedto
containsuf�cient informationfor solving the subproblems.Also the actionsets
of theagentsareassumedto besuf�cient (Georges[12], El Fawal [10], Baglietto
et al. [3]). If an agentdoesnot have accessto certaininformationthat it needs
directly it hastwo options: obtain the information throughcommunication, or
havesomemeansto predict theinformation.

Therehasbeensomeinterestingresearchputintooptimallypartitioningagents
into groups[7]. MoteeandSayyar-Rodsari[19] remarkthattheeliminationof the
communicationrequirementsbetweenagents(at leastamongagentsin different
sub-groups)is of crucial importance.The lesscommunicationbetweenagents,
theeasierthey canwork at their own speeds.This requirementmustbebalanced
against the total cost of control actions. The authorsproposea formulation in
which sucha trade-off can be trivially exercisedby �nding a matrix assigning
agentsto groups.

MoteeandSayyar-Rodsari[19] alsoconsiderhow informationmustbecom-
municatedto thegroups.They proposea sensitivity-basedcriterion. For thesys-
tem with the groupedagents,the sensitivity of the closed-loopcontrol actionto
theoutputmeasurementcanbeusedasa criterionfor decidingwhethera certain
outputmeasurementmustbemadeavailableto thatgroupof agents.Thisanalysis
is doneof�ine.

Problem Assignment In thereviewedliteratureeachcontrolsubproblemis as-
signedaspeci�c agentto solve theproblem.Mostdesignsfor agentarchitectures
aremadeof�ine anddo not changeonline[17]. Theinformationthatagentsmay
sharewith eachotheris determineda priori by, e.g.,minimizing a minimal com-
municationcost,or objectiveat thelevel of theoverall system.

4.3.2 Coordination Schemes

The way in which agentscommunicatewith one anotheris crucial in whether
or not a useful, feasible,preferablyoptimal, solution is obtained. Agentscom-

13



municateandexchangeinformationaccordingto a certaincoordinationscheme.
Importantattributesof theseschemesare: iterative solution, choiceof actions,
subproblemmodi�cation, andautomaticlearning[7]. Choicesfor theseattributes
havedirectly in�uence theperformanceof solvingthecontrolproblem.In thefol-
lowing we will go into moredetailon theseitemsandrelatethemto theexisting
literature.

Iterati ve Solutions It is often convenientand practical to �nd a solution by
iterations,particularlywhendecisionsaresharedamongagentswhosegoalsare
con�icting [7]. Eachagentcontinuallyrevisesits decisions,taking into account
thedecisionsof its neighbors.If thedynamicsubproblemsaredecoupled,thenthe
agentsreachoptimaldecisionsindependently. If this is not thecase,thecouplings
canbedealtwith in two ways:synchronouslyor asynchronously. SeealsoFigure
4.

� In the synchronouscaseprecedenceconstraintsare imposedon the itera-
tions, which makes that fasteragentshave to wait for slower agents. A
distinctioncanbemadebetweenserial synchronousmethodsandparallel
synchronousmethods.In the formercaseonly oneagenttakesa stepat a
time. In the latteragentswait for all otheragentsto �nish thecurrentstep
beforeproceeding.

� Asynchronoustreatmentallows all agentsto run at their own speedandis
thereforepreferredover the synchronouscase,sincethe agentsspendno
timewaitingfor oneanother. However, thiscomesatthepriceof uncertainty
in information,sinceagentsmight not know exactly whatotheragentswill
do.

Georges[12] andEl Fawal et al. [10] dealwith parallel synchronizationin
their two-stepalgorithm.In their approach�rst eachagentsolvesits subproblem
usingcertainparametersof thepreviousstep.Theseparametersareoptimizedus-
ing informationfrom otheragents.This informationis obtainedin thesecondstep
in which eachagentcommunicatesits parameterswith theotheragents.In some
casesagentscommunicatetheir expectedplansto eachotheraftereachoptimiza-
tion step.For example,JiaandKrogh [15,16] let theagentssolve local min-max
problemsto optimizeperformancewith respectto worst-casedisturbances.Pa-
rameterizedstatefeedbackis introducedinto themulti-agentMPCformulationto
obtainlessconservative solutionsandpredictions.DunbarandMurray [9] have a
similarapproach.Shimetal. [24] alsoincludethecapabilityfor agentstocombine
thetrajectorygenerationwith operationalconstraintsandstabilizationof vehicle
dynamicsby addingto the costfunction a potentialfunction re�ecting the state
informationof apossiblymoving obstacleor otheragent.
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Figure4: Differenttypesof iterative schemes.a) Serial,synchronous:oneagent
takes a stepat a time, after which a next agenttakes a next step; b) Parallel,
synchronous:all agentstakeastepatatime,but they waitwith takingthenext step
until all agentsare�nished takingthestepof thecurrenttime; c) Asynchronous:
all agentstakestepsat theirown speedandthey donotwait for oneanother.
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Choiceof Action Agentscanapplydifferentwaysof actuallychoosingwhich
action to performat a certainpoint. Typically, in single-agentMPC, the agent
implementsthe �rst actionof the actionsequencefound by solving its control
problem.However, in multi-agentMPC therearealternativessinceanagentmay
acceptsuggestionsfrom neighboringagentsregardingits actions.Thesesugges-
tionscouldbe,e.g.,valuesto set:

� An agentmayexclusivelychooseits actionandimplementit, e.g.,by sim-
ply choosingthe �rst action taken from the sequenceof optimal actions.
Georges[12] and El Fawal et al. [10] considera higher-layer agentthat
obtainsinformation from multiple lower layersto exclusively updatepa-
rametersfor eachagent.

� Actionsmaybeshared. Thatis, actionsof acertainagentcanbechosenby
otheragentsaswell. In [6], Camponogaradiscussesthis. Otheragentsmay
beallowedto usecapabilitiesof acertainagentthatonly thatagenthas.

� Agentsmaychoosewhichactionto performin ademocratic wayby letting
multiple agentsvote aboutwhich actionto take. Camponogara[6] shows
that this canbebene�cial, assumingthat themajority knows what is right
to do.

� Agentsmaytradetheiractions,in whichcasetheagentwith thehighestbid
getsto choosetheactionthatanagentwill perform.Thismightbeusefulin
situationswherethereis a limited resourcethatneedsto beshared.

Subproblem Modi�cations Ideally protocolsthat agentsusefor cooperation
candealwith thesubproblemsof theagentsdirectly. Sometimesa protocolmay
however to someextent requirethemodi�cation of thesubproblems.It mayde-
mand

� thereformulationof subproblemsasunconstrainedsubproblems,thatis, to
removeall limits,

� therelaxationof subproblemswith tolerancefactors,thatis, to allow going
overcertainlimits,

� tighteningof subproblemswith resourcefactors,that is, to lower thelimits
asmuchaspossible.

In particularwhenasynchronouslyworking agentsareconsidered,thesemodi�-
cationsmaybeneeded.As anexample,eachagentneedsto know whattheother
agentsmight want to do, so it cananticipatetheseactionsif it choosesto beun-
sel�sh. Sharedresourcesneedto be sharedin ways that seemfair. However,
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fasteragentsmaygraball the resources.Resourcefactorsmayhelphere. Cam-
ponogara[6] investigateseachof themodi�cations.JiaandKrogh[15,16] impose
predictedstateboundsasconstraintsin subsequentmulti-agentMPCiterationsto
guaranteetheir subsystemsatis�estheboundsbroad-castedto otheragents.

Automatic Learning Automatic learningmay boostthe effectiveness,widen
the scopeof applicationsandimprove the adaptabilityof cooperationprotocols.
Learningcanfor examplebe introducedfor parameteridenti�cation, or for im-
provementof problem-solvinganddecision-makingabilities. Learningmay en-
ableanagentto predictwhatits neighborswill do. Learningis in particularuseful
whenagentswork asynchronously.

Georges[12] andKatabietal. [17] includeanon-lineidenti�cation procedure
basedbothon a MIMO parametrizedmodelof thephysicalcharacteristicsof the
systemandKalman�ltering. Besidesthat theauthorsusea Kalmanoptimales-
timatorde�ned on thebasisof theon-line identi�ed control to estimatethestate
of thesubsystemsover which thesubproblemof anagentis de�ned. Bagliettoet
al. [3] assignneuralnetworksto theagentsrepresentingnodesin anetwork. These
neuralnetworksaretrainedof�ine to improveonlinecomputationalrequirements.
In Gómezet al. [13], the modelsof the nodesdependon future statevaluesof
neighboringnodes.Eachagentestimatesthesevalues.

4.4 Conditions for Convergence

MoteeandSayyar-Rodsari[19] remarkthat theoptimalactionfor a subproblem
canonly be obtainedif the optimal actionto the othersubproblemsis available
(whentheproblemsdependon eachother).This is alsodiscussedby Talukdaret
al. [26] with elementsfrom gametheory.

Let thereactionsetof anagentcontaintheactionsthattheagentwould make
whenit knows whattheotheragentswill do. Thesetof Nashequilibria is thein-
tersectionof thereactionsetsof all theagents.TheParetosetis thesetof feasible
solutionsto theoverall problem.Talukdaretal. [26] make threeobservations:

� The elementsof the Paretosetarethe besttrade-offs amongthe multiple
objectivesof the subproblems.Thesemay be bettertrade-offs thanthose
providedby Nashequilibria.

� Constraintscan changethe solution setsof (sub)problemssigni�cantly.
With techniqueslike Lagrangemultipliers, penalty functionsand barrier
functions, it is always possibleto convert a constrainedprobleminto an
unconstrainedone. However, theseconversionsshouldbe usedwith care.
Both conceptuallyandcomputationallyit is advantageousto preserve the

17



separateidentitiesof constraints,not theleastof which is theoptionof spe-
cialized,adaptivehandlingof eachconstraintduringthesolutionprocess.

� Thesolutionto theoverall centralizedproblemandthecompletelydecen-
tralized problemare two extremes. The centralizedproblemis often in-
tractablebut the Paretosolutionsare the bestthat can be obtained. The
subproblemsaresmallerandmoretractable. For an agent,the collection
of thesolutionsfor all possibleactionsof its neighboringagentsconstitute
its reactionset. The intersectionof the reactionsetsof all agentsidentify
theNashequilibria. Thecalculationof a reactionsetrequirestherepeated
solutionof thesubproblems,whichcanbetedious.

Dependingon the cooperationschemeused,the resultingperformancewill be
different.Whenconsideringmulti-agentMPC it is importantto look at theques-
tion whetheror not theagentsarecapableof cooperatively obtaininganoptimal
solutionto theoverall controlproblem.

In [7], Camponogaraetal. considerunderwhatconditionsiterationsconverge
to a solutionof the subproblemsandunderwhat conditionsthe solutionsof the
subproblemscomposea solutionto the overall problem. Bagliettoet al. [3] re-
mark that team-optimalcontrol problemscanbe solved analyticallyin very few
cases,typicallywhentheproblemisLQGandtheinformationstructureispartially
nested,i.e., whenany agentcanreconstructthe informationownedby the deci-
sionmakerswhoseactionsin�uenced its personalinformation.Aicardi et al. [2]
addresstheproblemof theexistenceof multi-agentMPCstationarycontrolstrate-
giesin an LQG decentralizedsetting. The possibility of applyinga multi-agent
MPC control schemederivesfrom the assumptionson the informationstructure
of theteam.Theauthorsof [2] show how applicationsof suchaschemegenerally
yield time-varyingcontrol laws, and�nd a conditionfor theexistenceof station-
ary multi-agentMPC strategies,which takesonly a-priori informationaboutthe
probleminto account.DunbarandMurray [9] establishthatthemulti-agentMPC
implementationof theirdistributedoptimalcontrolproblemis asymptoticallysta-
bilizing. Thecommunicationrequirementsbetweensubsystemswith couplingin
the cost function are that eachsubsystemobtainsthe previous optimal control
trajectoryof the othersubsystemsto which it is coupledat eachrecedinghori-
zonupdate.Theauthorsof [9] notethat thekey requirementfor stability is that
eachactionsequencecomputedby the agentsdoesnot deviate too far from the
sequencethathasbeencomputedandcommunicatedpreviously.

Camponogaraet al. [7] develop conditionson the agents'problemsandco-
operationprotocolsthatensureconvergenceto optimalattractors.Unfortunately,
they �nd thattheconditionshavesomeseveredisadvantagesfor practicaluse:

� The convexity of the overall objective function andconstraintscannotbe
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guaranteedin practice.Thedynamicsof real-world networkscanbehighly
nonlinearandnonconvex.

� The protocolsdevelopedin [7] requirethat the initial solutionis feasible.
This feasibility is hard to meet. The speci�cationson how the network
shouldbehave in the future canintroducecon�icts andmake the problem
infeasible.Theresolutionof thecon�icts standsasahardproblem.

� Thedifferentiabilityof theobjective andconstraintfunctionscannotbeex-
pectedin real-world problems.Whenthedecisionsareamix of discreteand
continuousvariables,non-differentiability is introducedin the functions.
Theprotocolsdevelopedin [7] cannotdealwith this.

� Theexactmatchof agentsto subproblemsis impractical. This meansthat
eachsubproblemhasa speci�c agentcapableof obtainingthe information
andmakingthe actionsneededto solve the subproblem.The agentarchi-
tecturescouldbecometoodenseto induceanexactmatch.

� Theprotocolsdevelopedin [7] useinterior-pointmethods.Theuseof these
methodsis not convenientsinceinterior-point methodsaresensitive to im-
plementandlessrobust thanalgorithmssuchassequentialquadraticpro-
gramming.

� The enforcementof serialwork within neighborhoodsis quite impractical
andunattractive. Theconvergencespeedwould bevery slow andtherefore
thenetwork of agentswouldnot respondpromptlyto disturbances.

Althoughtheseissuesmaybedif�cult to remove,Camponogaraetal. show thatit
is notalwaysnecessaryto ful�ll all theconditions.However, therearenogeneral
conditionsunderwhich this is notnecessary.

5 Conclusion

In this reportwehavegivenanoverview of recentliteratureonmulti-agentMPC.
We have identi�ed commonaspectsin eachof thereviewedpapers.This hasled
to the identi�cation of certaingroupsandattributesat a rathernon-mathematical
level. This allows us to identify directionsfor further research.Although since
the survey paperof 1978by Sandellet al. [22] a signi�cant amountof progress
hasbeenmade,many issuesremainto beinvestigated.Someof theseare:

� The decompositionof systemmodelsandcontrol problemsmay be auto-
mated.Methodscouldbedevelopedthatproposedifferentdecompositions.
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� In thecurrentliteratureonly oneor two layersareconsidered.It is notclear
how hierarchieswith morelayerscanbeautomaticallyused.Perhapsmore
layerscanbeusedin similarwaysor with someform of nesting.

� The assignmentof subproblemsto agentsmay be automated. Perhaps
agentscannegotiateaboutwho solveswhich subproblem.Theassignment
shouldbeef�cient, robust,etc.

� Theconditionsfor convergenceto optimalsolutionsto theoverall problem
aretoo restrictive for practicalapplication. Perhapsclassesof systemsor
controlproblemscouldbe identi�ed in which multi-agentMPC mayhave
fewerconditionsfor convergence.

� Until theseclasseshave beenidenti�ed, heuristic coordinationschemes
needto be developedthat give good results. Furtherresearchinto asyn-
chronouscooperationprotocolsis needed.

With enoughresearchin thesedirections,applicationsof truly autonomousmulti-
agentcontrolmaybecomepossible.
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