Negotiation: Opportunities and Pitfalls

Experie nce and Observations

by

Susan E. Conry

The term^negotiation~ has been used in the distributed problem so lving /

mult iagent systems communit yfor many years. The fir st use ofthe termprobablyarose

in the context ofthe Contract Net protocolin the ear ly80´s, but more recent ly, the term

negotiat ion has been applied to a var iet yoftechniques. This paper takes as a point of

departurethe definit io n that was given in the call for participat ion in I WMAS´98 ˘

^negotiat ion is interactive co mmunicat ion for arranging activit y~.

This abstract addresses opportunit ies and pit falls ofnegotiat ion as viewed from

the perspective ofour exper ience wit h exper imentalwork in mult iagent systems. Four

different problem so lving strategies, each ofwhich uses negotiat ion (viewed as indicated

above) in mult iagent problemso lving has been exper imentallyinvest igated. Three ofthe

strategies discussed here invo lve coarse grained agents, each ofwhich has the capacit yto

reason in a sophist icated manner about its activit ies. The third reflects organizat ion of

agents whose granular it yis at the other end ofthe spectrum. The sharp contrast among

the issues that are delineated in each ofthese case studies indicates the diversit yo f

opportunit yand the presence ofpit falls in devis ing negotiat ion strategies for mult iagent

systems.

Multistage Negotiation

Our earliest work in distributed problemsolving invo lved the development (with

Victor Lesser and Kazuhiro Kuwabara [1]) ofa protocolfor negotiating allocat ion of

resources. Thoughthe protocol itselfis do main independent, the example domain o f

applicat ion was concer ned wit h allocat ion oflink capacit yand channel bandwidth in

management ofa large communicat ion system. This domain ofapplicat ion is a ver yr ich

one that has many interest ing features. In particular, the systemmayhave mult iple goals

concurrent lyact ive and it is not necessar yfor each agent to be aware ofallgoals.

Satisfact ion ofsystemgoals requires that available bandwidth and link capacit y

be allocated to affected users so that service is restored. Once allo cated, these resources

cannot be shared, so the scarce resource , and the source ofconflict, is available

bandwidth and channelcapacit y. Resources fallinto two broad categories: those that

are controlled bya single agent and those whose controlis shared. Satisfaction o feach

systemgoaltherefore requires a coordinated set ofactions distr ibuted over a subset ofthe

agents in the system. In general, sat isfaction o fone goal may preclude sat isfact ion of

other goals in the system. What is invo lved in problemsolving is a complex distr ibuted

search in which inco mpat ibilit ies amo ng so lutions to interacting subproblems may not be

direct lyobservable at a given agent, but can only be recognized as a more globalview of the ent ire problemis constructed.

The protocolwhich we devised invo lves an incremental"tentative commit ment" oflocalresource fo llowed byan exchange ofinformat ion that allows agents to acquire knowledge about the nonlocal impact oftheir local decisio ns. In those cases where severe nonlocal impact is projected, agents may retract these tentative co mmit ments and attempt to assess the impact ofanother localalter nat ive. It is important to obser ve two things about our protocol : agents never build a complete and accurate globalview, and in the worst case, where the overall problem is overconstrained, the protocol must resort to what amounts to an exhaust ive search. (Though an overconstrained problemmay be detected earlier in so me cases.) The knowledge about nonlocalimpact is aggregated and exchanged among agents at a higher level-- not at a low enough levelto allow agents to acquire adequate detailto solve the problemdirect ly.

The protocolis a three phase protocolThe first phase is an asynchronous search phase that is directed towards management ofthe distributed search for satisfaction o f dist inct goals that are instant iated independent lyby different agents in the system. If there is a great dealofconflict among subgoals (as there will be when the overall problembeco mes more and more constrained bythe availabilit yo fresources), it maybe necessar yfor an agent to resort to activit y directed towards acquir ing all the infor mat ion that it can about the nonlocal impact ofsatisfying a particular goal. This requires coordinat ion with other agents and is acco mplished as the agent participates in a coordinated search phase. Finally, if the coordinated search phase reveals that the problemis indeed overconstrained, as willbe the case when so me subset ofthe goals is mutuallyinfeasible, the protocolenters an overconstrained reso lution phase in which some goals are abandoned in order to satisfyothers.

M ult istage negotiat ion offers an opportunit y for agents to reason about the nature ofinter-goalco mpet it ion for scarce resource. Inthis system, goalconflict is made explicit. Agents engage in a dynamic detection ofthe nonlocal impact oftheir local decisio ns. The process results in a situation in which agents come to recognize that subset ofother agents invo lved in satisfying a particular goal. This protocolthus allows a systemofagents to reason explicit lyto determine which constraints should be relaxed in overconstrained situat ions.

We can get a measure ofthe degree to which so lut ions co mpete byobserving the fraction o fthe overallproblemsolving t ime that is spent in asynchronous search versus the amount oftime spent in coordinated search. In our exper iments, scenar ios invo lving a high degree ofgoalinteraction resulted in a large fraction o fthe overallt ime (and a large fract ion ofthe inter-agent communicat ion load) in the coordinated search phase.

Those scenar ios in which there was less interaction, or when the goalinteraction was localized so that conflicts occurred largely within the purview ofa single agent, the effort was much more balanced between the asynchronous search phase and the coordinated search phase. Thus we have opportunit y : the capacit yto reason about inter-agent goal interact ions in an iterative fashio n. We also have a pit fall : when the interactions are complex, resolving themmay do minate activit y.

Distributed Automated Reasoning

In our mult iagent automated reasoning work [2, 3] we invest igated the behavior

oftwo systems in which mult iple theoremproving agents act to cooperatively prove a

theorem. In each ofthese systems, it is assumed that axio ms are distr ibuted to agents in

the system. The assumpt ion in each case was that no one agent has enough knowledge to

prove the theoremby itself, and agents mayexchange infor mation in an attempt to solve

the problem ofestablishing the theorem. Inone ofthese systems, we modeled over lap in

agent knowledge byper mitting axio ms to be distr ibuted to more than one agent. Thus

redundancy was allowed. In the other system, no redundancy was allowed.

In both of these systems, we utilized a saturation level theoremproving algor ithm

that used tautologyand subsumpt ion based delet ion strategies to improve per formance.

The theoremproving loop was modified in two ways: per formance was monitored to

ascertain whether anynew resolvents were being generated at each saturation level. At

this po int, a "forward progress" heur ist ic was applied to judge whether or not effect ive

progress towards a solution was being made. Ifit appeared that no significant progress

was being made, a request for infor mation was formulated and transmitted to other

agents in the system. This request had a strong unit preference bias, and resulted in

return ofknowledge fro mother agents that was judged to be relevant to the requesting

agent. The pr imar ydifferences in the systems lay in the under lying inference strategy

that was emplo yed. Inone case (DARES), we used binar yreso lut ion, and in the other

(SHYRLI), hyper-resolut ion was emplo yed.

Each ofthese systems was the object ofextensive exper imentation, the goalof

which was to obser ve the patternofproblemso lving activit y and the totalamount of

work expended in problem so lving. In each case, the formo fnegotiat ion invo lved

requires co mmunicat ion ofpartialresults among agents so that forward progress towards

a solut ion can be facilitated.

In DARES an axio m could be distr ibuted to more than one agent, so redundancy

was allowed in systemknowledge. One would expect that this increased redundancy

would result in less need for negotiation. Agents would have a greater percentage ofthe

knowledge required for task performance and would therefore spend a greater fraction of

their time doing problemso lving relative to "their own" tasks. Thus one might expect

that increased redundancywould result in per for mance enhancement. In fact this did not

happen in DARES. Increased redundancyleads to greater localact ivit y, but it is less

focused. The agents are each working on a larger part ofthe overall problem and are

therefore less effect ive in their effort.

In SHYRLI, onthe other hand, no redundancywas allowed. Indeed, one feature

ofdistr ibuted hyper-resolut ion is that agents maypreser ve the privacyo fso me part of

their knowledge. Thus it is possible for the systemas a whole to solve a problemwit hout

having allknowledge beco ming co mmon knowledge ( in the worst case). Agents wishing

to maintain the pr ivacy ofso me part oftheir knowledge must participate in any problem

solving that impinges on that knowledge. This makes the amount ofcoordinat ion required more extensive and may limit the per formance enhancement that can be achieved. Experimentaldata indicate that agents spend a significant amount oftime wait ing for other agents to provide so lutions to subproblems that may be ofuse to them.

Thus exper imentaldata leads us to the conclusion that narrowing the focus ofan agent’s attention leads to greater need for coordinatio n, and this can serve to improve problemsolving behavior. When agents are "specialists", each focuses attention on its own subproblem, shar ing results only when it is needed. The overallsystemarr ives at a solut ion much more quickly. The reason for this is that each agent has a localsearch space that is init ially deter mined by its set oflocalaxio ms. Ifthere is significant redundancy in the system, there is substant ialover lap in the search spaces ofagents.

Thus each agent is itself so lving a larger problem, and the combinatorics ofthe problem explain the reduced perfor mance. The lesson to be lear ned fro mthese exper iments is that it may pay to increase the need for inter- agent coordinat ion. Herein lies an opportunity.

It comes with a pit fall˘ there is a high degree ofsensit ivit yto the distr ibution o f knowledge. As has been ment ioned, SHYRLI agents may keep so me knowledge as

"pr ivate" or "secure" knowledge. When an agent has a particular piece ofknowledge that is required for solving mult iple problems, that agent is forced to participate in solving each ofthese problems. Problem so lving per for mance suffer s because there is an increased need to explic it ly coordinate problemso lving activit y, not simplyshare results, and this imposes more sequent ialorder ing onthe problemso lving process. The patterns ofknowledge distr ibut ion had litt le impact on aggregate systemperfor mance in DARES, but had significant impact on SHYRLI’s per formance for this reason.

Distributed Constraint Satisfaction

In our exper iments with DARES and SHYRLI, we distr ibuted knowledge among agents in the systemin a rando mmanner. The knowledge resident at a problemso lving agent was monotonic in the sense that no localknowledge was ever deleted. Once an axio mor a clause was known to an agent, it was always known by that agent. There was no adaptive shift ing ofknowledge amo ng agents. Thus knowledge was not viewed as a resource in the same sense as link capacit yor computation capacit yor anyother nonsharable resource. Our workon generalized distributed constraint satisfaction [4] resulted in development ofa distributed constraint satisfaction system(DCONSA) in which we can invest igate the ways in which knowledge is propagated during problem solving. This enables invest igat ion ofways in which management ofallocat ion of knowledge amo ng agents has impact on problemso lving behavior.

DCONSA is based on the GEM formalism. A problem is specified to DCO NSA as a set ofgroups and elements. These groups and elements represent regions ofactivit y that mayover lap, maybe mutuallydis jo int, and may be hierarchically nested. Each region ofact ivit yhas associated with it a set ofconstraints that must be sat isfied by events in that region ofact ivit y. Systemgoals and task decomposit ion knowledge are represented as constraints. Any unsat isfied constraint in a region maybe satisfied

through applicat ion ofa " reso lver " that may require addit io n ofevents and/or temporal

relat ions amo ng exist ing events in a region.

Initially, group and element definit io ns are distributed among a groupofagents in

DCONSA. Only one instance ofeach region’s definit io n is present in the overallsystem

at anypoint in t ime. Problemsolving is a process that proceeds until the set ofact ivit ies

in each region sat isfies all applicable constraints. Within each agent, an attempt is made

to satisfyanyunsatisfied constraints about which the agent has knowledge. When an

agent does not have knowledge about a region that is invo lved in sat isfying so me

constraint, an interaction (negotiat ion) with the agent who does have the requisite

knowledge is needed.

In DCONSA, negotiat ion is requir ed to solve problems related to th e locus of

knowledge dur ing problemso lving. A particular piece ofknowledge is init iallyonly

resident at one agent in the system. Thus a situation can ar ise in which an agent does not

have the knowledge it needs, and that knowledge is resident at another agent. There are

two actions that could be taken when this occurs : the knowledge itself could be

transferred or a copyofthe knowledge could be transmitted. In DCONSA, we adopted

the first strategy : there is onlyone copyofany particular piece ofknowledge (region

definit ion) in the system. The pr imar y reason for this decisio n lies in the obser vat ion that

ifreplicat ion ofknowledge is allowed in this kind ofsystem, there is a need to ensure that

the beliefs ofdifferent agents having the same piece ofknowledge are at least

compat ible. This adds another for mofrequired inter-agent coordinat ion, which we

intend to invest igate further.

Agents in DCONSA have a degree ofautonomy. Issues related to allocat ion of

knowledge to agents are focused on goalsatisfact ion and are managed by the agents as

theyexercise this autonomyin determining the formoftheir part icipat ion in problem

solving. When an interaction is requested ofan agent, that agent mayelect to interact in

one ofthree modes:

1) the agent maychoose to assume responsibilit yfor satisfying the goalthat is

the focus ofthe interaction,

2) the agent maychoose to do whatever it can locally to further goalsatisfact ion,

but not assume responsibilit yfor satisfact ion ofthis goal,

3) the agent maydecide that it does not wish to get invo lved, and send allo fits

local knowledge related to the goalto the agent requesting the interaction.

In our exper imentalwork, agents have used a heur ist ic that is related to an assessment of

how busy theyare and how much work theyproject will be invo lved in do ing the

requested task in deciding upon an interaction mode.

Our exper imentalwork with DCONSA has been focused on assessing the

effect iveness ofthis interaction strategy. The data indicate that byallowing agents to

autonomously select their interaction mode, effect ive load balancing is achieved. In

planning scenar ios, planning effort is reasonablyevenlydistr ibuted among agents over time, and the overallagent utilizat ion is improved. The data also indicate that when agents are allowed to choose their own mode ofinteraction, knowledge appears to migrate to those lociwhere it can be most effect ively used. Communicat ion overhead is reduced and overall systemper for mance is improved. It is not surprising that this pheno menon is particular lyevident when systemgoals are relat ively decoupled fromone another.

Fine-Grained, Net-Based Multiagent Systems

Virtually allo fthe exist ing work on mult iagent systems makes the assumption that agents are sophist icated, that theyare able to interact in co mplex ways, and that the problemsolving that is per formed byeach agent is coarse grained. We believe it is important to gain an understanding ofcoordinat ion strategies and their effect iveness across a spectrumo fagent granular it ies. In pursuit ofthis goal, we have devised an agent architecture and systemstructures to support fine-grained mu lt iagent problemso lving over the internet [5-8]. In our model, each agent resides at a workstation onthe internet and is capable ofcoordinating its act ivit ies wit h a var iable number ofother agents using the same coordination protocol.

We have done exper imentalwork invo lving two setsofassumpt ions concerning systemstructure. In one [6, 7], the systemofagents has a virtualtopologythat is structured as a looselycoupled networkofdomains, each ofwhich contains so me number ofnodes in the overall system. Act ivit yin these do mains is coordinated via gateway agents. This structure serves to limit the amount ofinter-agent message traffic and the amount ofglobalknowledge that an agent must have. Inthe other [8], the virtualsystem structure is more hierarchical, with a tree-like structure invo lving mult iple levels o f controlresponsibilit y. In either case, agents are resident at hosts onthe internet. Thus hosts are heterogeneous, participat ion in the problem so lving network is voluntar y, and nodes can jo in and disengage fro mthe network at anyt ime, in an asynchronous fashio n.

Thus the under lying task management infrastructure must be scalable, fault tolerant, and plat formindependent.

Our agents perform problemsolving tasks using evo lut ionar yalgor ithms over the inter net. The coordinat ion protocols invo lved in managing problem so lving are adaptations ofthe contract net protocol, though the messages generated are slight ly different in the context ofa hierarchicalvirtualstructure than theyare in the context ofa loosely coupled virtualstructure.

Our exper imentalwork has generated data for a wide var iet yof problem so lving situations. Within the context ofthe looselycoupled network, our exper iments invo lved solut ion of four standard genet ic programming problems. We allowed the systemto tune its own set ofgenet ic parameters, so that the network ofproblemsolvers could adapt ively tune its own perfor mance. Fromthis set ofexper iments, we lear ned that with a network ofN agents we could achieve slightly less than a speedup ofN. We also lear ned that the

sets ofgenet ic parameters that evolved dur ing problem so lving differed substant ially

fro mthe ^standard~ set that has been used in the literature. In at least one situation

chosen froma co lleague´s engineer ing design applicat ion, we were able to achieve better

results with better convergence rates than had been achieved using a convent ionalgenet ic

programming approach.

Our obser vations concer ning this set ofexper iments led us to ask how much o f

the problem so lving overhead is due to the agents´ efforts to construct a reasonably

accurate view ofthe network. We then devised a virtualsystem structure which is

hierarchicaland generalized the agents so that we could handle a var iet yofevolut ionar y

algor ithms (not just genetic programming).

Exper iments with this organizat ion have invo lved thirt ydifferent problems

including 11 numer icaloptimizat ion problems, 13 combinatorialoptimizat ion problems,

and 6 machine lear ning problems. Each ofthese problems has been so lved using eleven

different systemconfigurations so far, with character istics ranging fro msingle agent

execution to a ^flat~ structure invo lving a single domain controller and manyhosts to a

^vert ical ~ structure involving manydo main controller s, each ofwhich has few hosts.

These exper iments have been per formed over a networkofprocessors that is not

dedicated to this task, but which mayhave other users doing other work at workstations

concurrent lywit h our tasks.

Our results are encouraging. The data is vo luminous and we are stillin the

process ofgenerat ing data for other configurations so that we can characterize the shape

ofthe perfor mance cur ves. In general, we are obser ving that super linear speedup is

achieved for approximately95% ofthe problems which took longer than 20 seconds to

run in a single agent environment. Optimizat ion ofparameters appears to improve

perfor mance in the vast major it yo fthe cases, but there are some in which standard

settings seemto be better. Fromthis set ofexper iments, we can draw two tentative

conclusio ns : 1) adaptation ofthe contract net coordinat ion protocolis effective in fine

grained systems and 2) the cost ofmaintaining an relativelyaccurate view ofsystemstate

may be more than is reasonable (better performance can be obtained by imposing so me

structureon the virtualsystemtopology).

Concluding Remarks

Our base ofexper imentalwork in mult iagent systems has spanned a var iet yof

systems and problem so lving strategies. Fromthis base ofexper ience, we can begin to

ident ify a number ofopportunit ies for negotiat ion (broadlyconstrued) in mult iagent

systems. Amo ng these are:

· The abilit yto reason about nonlocalimpact oflocaldecisio ns provides a vehicle for

coherent problem so lving in the absence ofcomplete localknowledge

· Narrowing the focus ofan agent´s activit y can increase the need for coordinat ion but

can also improve systemper formance, so it may payto increase the need for

negotiat ion

· Allowing agents to autonomously choose their interaction mode based in inter-agent communicat ion can be used to effect ively achieve distr ibuted load balancing in a system

· Use ofcoordinat ion strategies that have been used with coarse grained agents doing sophist icated reasoning may provide effect ive and efficient problemso lving in fine grained systems as well

There are also a number ofpit falls that beco me evident when we examine this base of exper ience.

· Ifthe interactions among goals in a mult iagent systemare complex and extensive, resolving themcan do minate problem so lving and be ver yexpensive

· There may be substant ial sensit ivit y to the init ial distr ibution ofknowledge amo ng agents in the system

· In situations invo lving migrat ion ofknowledge among agents, perfor mance maybe degraded due to the cost ofknowledge transmission amo ng agents. This is true in cases where the init ialdistr ibut ion is suboptimal and also in situat ions in which there is a high degree ofgoalcoupling

· Management of fault tolerance, maintenance o flocalsecur it y, and construction of knowledge about the state ofa problemso lving network can be costly

Our work leads us to believe that the pitfalls can be overco me, but understanding the under lying pheno menon is required to do so, and there is not yet a broad base of exper imentalwork to support this under standing across a spectrumo fproblemsolving situations.

References

1. S.E. Conry, K. Kuwabara, V.R. Lesser, and R.A. Meyer, "Mult istage Negotiat ion for

Distr ibuted Constraint Satisfact ion", IEEE Transactions on Systems, Man, and

Cybernet ics, Vol. 21, No. 6, (1991) pp. 1462-1477.

2. D.J. MacIntosh, S.E. Conry, and R. A. Meyer, "Distr ibuted Automated Reasoning:

Issues in Coordinat ion, Cooperation, and Per for mance", IEEE Transact ions on

Systems, Man, and Cyber net ics, Vol. 21, No. 6, (1991) pp. 1307-1316.

3. W.L. Maguire, "The Applicat ion ofHyper-Reso lut ion to Distributed Automated

Reasoning", M.S. Thesis, Department ofE lectr ical and Computer Engineer ing,

Clarkson Universit y, Potsdam, NY 13699 (May1992).

4. R.P.Pope, "DCONSA: A Distributed Constraint-Based Planner for Semi-

Autonomous Agents", Ph.D. Dissertation, Department ofE lectr icaland Computer

Engineer ing, Clarkson Univer sit y, Potsdam, NY 13699 (August 1992).

5. P. Nangsue, P. Pillay, and S.E. Conr y, ^Evo lut ionar yAlgor ithms for Induction Motor

Parameter Determinat ion~, to appear in the IEEE Transactions on Power Systems

.

6. P. Nangsue and S.E. Conr y, ^I nternet-Based Genetic Programming Platfor m~, Late

Breaking Papers at the Genetic Programming 1997 Conference, Stanford Bookstore,

Stanford Universit y.

7. P. Nangsue and S.E. Conr y, ^ Fine-Grained Mult iagent Systems for the Internet~, to

appear in the Proceedings of the Third International Conference on Multiagent

Systems , Par is France, 1998.

8. P. Nangsue and S.E. Conr y, ^An Agent-Oriented, MassivelyDistr ibuted

Parallelizat ion ModelofEvo lut ionar yAlgorithms~, submitted to Genetic

Programming 1998.