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Optimization and Coordination of Multiagent Systems
Using Principled Negotiation

John P. Wangermann¤ and Robert F. Stengel†

Princeton University, Princeton, New Jersey 08544

Principled negotiation coordinates the actions of agents with different interests, allowing distributed optimiza-
tion. In principled negotiation, agents search for and propose options for mutual gain. If the other agents agree
to the proposal, it is implemented. Under certain conditions, an agent can search for options for individual gain
without impacting other agents. In these cases, the agent can negotiate with a coordinator, rather than obtain
agreement from all other agents. The tenets of principled negotiation are outlined and stated mathematically.Two
examples are formulated to test principled negotiation performance. The � rst has no coupling between the agent
actions if coordination criteria are met. Principled negotiation allows the agents to achieve a solution as good as
that achieved by a centralized controller with perfect knowledge. The second problem, based on the air traf� c
management problem of negotiating arrival slots, is highly coupled, constraining each agent’s available set of ac-
tions. Principled negotiation allows agents to search options that would not be available otherwise, improving the
utility function of all agents. Applied to air traf� c operations, principled negotiation allows much greater freedom
for optimization by system users while maintaining safety.

Introduction

T HE ground-basedair traf� c control (ATC) system was created
to ensure the safety of � ights operating in controlled airspace.

Aircraft are separated by a combination of procedures and tactical
maneuvering instructions.As air traf� c has grown, the ATC system
has increasingly depended on computer systems. Computers now
not only process radar and � ight plan data, but also help controllers
to manage � ow, avert con� icts, and maneuver traf� c.1;2

Today’s ATC system has many problems that are characteristic
of traditionalcontrol systems for large-scaleindustrial systems.3 To
manage growing air traf� c, ATC computer systems are becoming
more complex, increasing expense and making new systems more
dif� cult to introduce.In addition,the aircraft/airspacesystem(AAS)
is not responsive to the desires of users (aircraft and operators).
The procedures of the ATC system prevent users from dynamically
optimizing their operations and cause many hours of delays.

Distributed arti� cial intelligence deals with small, simple sys-
tems working cooperatively to better control large-scale systems.
In a multiagent system (MAS), each agent has its own goals, and it
must anticipate the actions of other agents and coordinate actions
to meet these goals. The AAS is an MAS. Agents include aircraft,
operators, and traf� c management agents (TrMAs, a generic term
for any air traf� c control unit). Each agent makes decisions and
takes actions that affect the air traf� c process. Their actions inter-
act because aircraft must stay safely separated. Until recently, only
the ATC system had suf� cient data (on traf� c, � ight plans, and the
weather) and computing power to analyze the situation. Now, air-
lines and aircraft also have powerful computer systems, and they
can access large amounts of data from their sensors and through
high-bandwidthcommunications.They are also capable of making
declarative decisions regarding the traf� c situation.

Steeb et al.4 studiedwhetheraircraftalonecould resolvecon� icts.
When a con� ict arose, the affected aircraft used a variety of criteria
to determinewhich aircraftwas best suited to formulatea resolution
plan. The chosen aircraft then calculated the plan and transmitted it
to the other aircraft. This was a centralized control system, but the
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air traf� c process was broken down into distributed con� ict areas
each with a controlling aircraft.

Davis and Smith5 used a contract net approach to assign surveil-
lance tasks for particular areas to individual aircraft. A manager
divided the task and issued a request for bids. The agents then sent
in bids, and the manager selected the successful bidders.

Levy and Rosenschein6 distributed the coordinationfunction us-
ing game theory. In the pursuitproblem,each pursuer � rst evaluated
the solution of the local game to calculate the total payoff received
by all of the agents from their combined actions. Each agent then
solved the global game to establish its share of the payoff for each of
the combinationof actions and chose its Nash equilibriumaction.7;8

This is the action that guarantees an agent the maximum minimum
payoff whatever the actions of the other agents (i.e., the agent re-
ceivesat least this amount). The game-theoreticapproachgave each
agent some ability to maximize payoff at each move, but the coor-
dination (i.e., the ability of the pursuers to capture the evader) was
sometimes compromised.

Proposed Approach
None of the existing coordinationmethods solve the problems of

the AAS. Centralizedcoordinationschemesdo not improve the abil-
ity of each agent to optimize its own operations.The game-theoretic
approachallows betteroptimizationat the expenseof poorer coordi-
nation. In an AAS, good coordination is critical to avoid accidents.
A new method of coordination is required that ensures safety and
provides agents with greater freedom to optimize.

The compatibility of the agents’ actions can be assured if their
actions are de� ned by a plan that is either explicitly agreed upon by
all agents or checkedby a coordinatingagent. If agents can continu-
ally amend the plan, they can dynamicallyoptimize theiroperations.
Such a coordinationmethod must ensure that no agent changes the
plan in a way that adversely affects other agents or creates con� icts.
If agents want to make con� icting changes to the plan, the method
must fairly resolve the differences. Principled negotiation between
agents is proposed for this purpose.

Principled Negotiation
Principled negotiation is a technique for ef� ciently obtaining a

favorableand fair outcome from any negotiationsituation.9 The ne-
gotiatingparties:1) focusonunderlyinginterests,not thebargaining
positions,2) search for options for mutual gain, and 3) use objective
criteria to assess options.

Parties in a negotiation want an agreement that meets their inter-
ests. Focusing on the interestsof all parties in the negotiationallows

43



44 WANGERMANN AND STENGEL

Fig. 1 Principled negotiation process for an agent.

a) Negotiation without a coordi-
nator

b) Negotiation with a coordinator

Fig. 2 Communications with a coordinator; Agent 1 proposes an op-
tion that does not con� ict but that affects Agents 3, 5, and 7.

the parties to identify common and separate interests. The parties
create options that can provide mutual gain. Most negotiation situ-
ations are not zero-sum games because the interests are not usually
directlyopposed.Finally, options are more easily agreed upon if the
parties use common criteria for assessing them, as the parties will
agree upon the relative value of any options. If the criteria are not
agreed upon, knowledge of the criteria being used allows parties to
assess how others will react to a proposal.

Principlednegotiationmotivatesan iterativeoptimizationmethod
for MASs (Fig. 1). An initial master plan is formulated, specifying
the actions of each agent. Agents repeatedlysearch for options (i.e.,
alternative master plans) that provide mutual gain. When an agent
� nds an option that better meets its interests, it proposes the option.
The other agents evaluate the option and accept or reject it. If there
are no rejections, the option is implemented. If an agent rejects the
option, it sends a message to the proposer explaining the reasons
for rejection. The proposing agent uses this additional information
to improve its search.

Agent interaction through principlednegotiation ensures coordi-
nation while giving freedomto optimize. Agent actions stay coordi-
nated, as any proposals that caused con� ict are rejected by other
agents during negotiation. Agents can optimize their actions by
amending the master plan, limited only by their ability to � nd op-
tions for mutual gain.

In large MASs, agent actions may not interact all of the time.
Proposalsmight change only the actions of the proposingagent and
leave the actions of other agents unchanged. Needless communi-
cation is avoided if the system has a coordinating agent (Fig. 2).
The coordinatorassesses proposals to ensure that the actions of the
agents do not con� ict. If a proposal ensures coordination but in-
volves changesto the actions of other agents, the coordinatorpasses
the proposal on to the affected agents. The coordinator requires no
ability to optimize the actions of agents, only the information to
assess how the agents interact.

Fundamentals of Principled Negotiation
An MAS has a set of agents N D fig; i D 1; : : : ; n, whose actions

are governed by their action plans ai .t/ de� ned up to the agent’s

planning horizon. The planning horizon is the time at which the
payoff is determinedor a task is completed.In the AAS, the planning
horizon of most agents is of the order of hours.

The dynamics of an MAS depend on the actions of all of the
agents, the action pro� le:

a D .a1; a2; : : : ; an/ (1)

This is the subject of principlednegotiation.The consequencesc of
an action pro� le depend on the action pro� le, initial state !, and
disturbances v:

c D g.a; !; v/ (2)

The consequences of an action pro� le determine how well each
agent’s goals and interests are met. The goals and interests of an
agentare representedby its preferencerelationÂi . If Agent i prefers
the consequencesof Action Pro� le b to those of a, then

g.b; !; v/ Âi g.a; !; v/ (3)

Each agent has a feasible set of plans Ai that it could follow. The
action plan it is pursuing ai is a member of this set. If Agent i has a
set of discrete choices, Ai is simply the list of choices. In the pursuit
game,6 Ai is fNorth, South, East, Westg. If the action plan of an
agent can be represented by m parameters, then Ai is a volume in
m-dimensional space.

In the AAS, feasible sets are extremely large.Consider the choice
of airport runway con� guration (i.e., which runways are used for
landings, takeoffs, or both). The number of con� gurations is � nite.
The TrMA looks at the predicted traf� c and weather conditions
to decide which con� guration at which time maximizes capacity.
Even if an airport has only four runway con� gurations and the day
is discretizedinto 15-min portions, the airportTrMA has a choiceof
496 D 6:28£1057 possible action plans for the next 24 h. An aircraft
has an in� nite choice of � yable trajectories to its destination. The
large feasible sets make an exhaustive search of all of the options
impossible.

Types of Agent
Agents are either “maximizers” or “satis� cers.” Maximizers try

to maximize a function of the consequences. A utility function ui

can be de� ned on the set of consequences,whose value represents
how well an action plan meets the interests of Agent i . The utility
function depends on the desired � nal state !des , as well as on the
consequences.Given a choice between two action pro� les, a and b,
maximizing Agent i prefers b if

u i [g.b/; !des] > u i [g.a/; !des] (4)

The utility function u i is a way of implementing the preference
function [Eq. (3)]. By converting the consequences into a scalar, a
simple > test can be used.
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Satis� cers want the action plan consequences to be satisfactory.
For example, TrMAs want to ensure that aircraft always maintain a
safe separation.The satis� cing function Si may be vector-valued if
the satis� cer is interested in several quantities. An action pro� le a
is acceptable to a satis� cer if

Si [g.a/] > Smin (5)

where Smin is the vector of minimum acceptable values.
If the system is deterministicand agentshaveperfect information,

then the action plans can be calculated just once. However, most
MASs are stochastic, and agents have only partial information. In
addition, agents may have freedom of action within the restrictions
de� ned by their action plans. Therefore, an agent cannot determine
exactly the consequences of a particular action pro� le and must
estimate the consequencesand the value of the utility or satis� cing
functions, too. Thus, Maximizer i prefers Action Pro� le b to a if

Ei [ui .g.b//] > Ei [ui .g.a//] (6)

and Satis� cer j � nds Action Pro� le d acceptable if

E j [S j .g.d//] > Smin (7)

where E j [ ] is the expectation operator for Agent j .

Options for Mutual Gain
Repeated rejections of proposals wastes communications band-

width and has no bene� cial effect to the system. Principled negoti-
ation minimizes the chances of fruitless negotiationbecause agents
searchforoptionsformutualgain.A maximizingagentstill searches
for options that provide it with a higherutility,but it proposesan op-
tion only if it believes that all other agents bene� t or are not affected
by the change.

The form of option that an agent examines depends on its knowl-
edge of the system. If Maximizing Agent i has no knowledgeabout
the other agents, its search space is limited to Ai , i.e., it looks only
at changes in its own action plan and assumes that other agents con-
tinue their present action plans. If the existing action pro� le is a [as
in Eq. (1)], then Agent i tests options of the form

b D .b1; b2; : : : ; bi ; : : : ; bn/

D .a1; a2; : : : ; ai ¡ 1; bi ; ai C 1; : : : ; an/ (8)

Agent i proposes an option if it � nds bi such that

Ei [ui .g.b//] > Ei [ui .g.a//] (9)

There is no guaranteethat anoptionof this form [Eq. (8)] will not de-
crease the utility function of the other maximizers. For acceptance,
not only must Eq. (9) be true, but also

E j [u j .g.b//] ¸ E j [u j .g.a//]8 j 2 Nnfig (10)

where N nfig signi� es all agents other than i .
If Agent i has no knowledge of the other agents, a coordinating

agent is needed. The coordinating agent ensures that any agents
affectedby a new action pro� le have the chance to approveor reject

a) Aircraft 1 b) Aircraft 2 c) Coordinator

Fig. 3 Costs incurred by options with different lateral separation cost functions.

it. If an agent does have knowledge about the other agents, it can
increasethe sizeof itssearchspacebyexaminingoptionsthatchange
the action plans of other agents, i.e., Eq. (8) no longer holds. To
propose an option, the agent must expect some gain [Eq. (9)], and
it must also expect other agents to bene� t or not be affected:

Ei [u j .g.b//] ¸ Ei [u j .g.a//]8 j 2 Nnfig (11)

Negotiation must still occur because Agent i may not correctly es-
timate the assessmentof the option by the other agents j [Eq. (10)].

Application to AAS
Principled negotiationwith a coordinator is particularlyeffective

for an AAS because if separationcriteria are met, the aircraft action
plans are decoupled. The action plan of Aircraft ai is its future
trajectory. The separation criteria cover both en route separation
and the separation of arrival and departure slots. The utility of a
� ight to an aircraft or operator dependson attributesof the outcome
and the desired � nal state !des . A general form of aircraft utility
function is

ui D wT
i .!/yi [g.a; !; v/; !des] (12)

where

yi D [ fi ti lsi vsi ei ]
T (13)

The components of y are the fuel usage, timeliness, lateral aircraft
separation, vertical aircraft separation, and environmental hazard
avoidance measures. Here, w is the vector of weights for each at-
tribute,whose components change to re� ect the importance of each
attribute given the aircraft’s state.

The actions of other aircraft affect the utility of Agent i only
through the two aircraft separation measures. A plausible form for
the aircraft lateral separation measure (Fig. 3a) is

lsi D Dmin C 1D ¡ min
t; j

.jOri .t/ ¡ Or j .t/j/
k

D .Dmarg ¡ Odmin/k Odmin < Dmarg

(14)
D 0 Odmin ¸ Dmarg

Dmarg ´ Dmin C 1D

Dmin is the minimum desired lateral separation, Odmin is the estimate
of the minimum lateral separation that will arise between Aircraft
i and any other aircraft, k is a positive even integer, and 1D is a
small margin added so that a predicted minimum lateral separation
of Dmin incurs a high cost and so is unlikely to be chosen.

Consider an AAS with two aircraft. Aircraft 1 is choosing be-
tween two options, a and b, where b has the form of Eq. (8), i.e.,
Aircraft 1 is looking only at changes to its own trajectory.Both op-
tions incur no lateral separation cost penalty for Aircraft 1, as the
predictedminimum separationfrom Aircraft 2 is greater than Dmarg

in both cases (Fig. 3a). Assume option b has a higher total utility to
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Aircraft 1. If Aircraft 2 has the same Dmarg as Aircraft 1 [Fig. 3b (i)],
then it accepts a proposal to switch to Action Pro� le b, as its utility
is unchanged. However, if Aircraft 2 has a different Dmarg, then it
rejects the option,as it incursa cost penalty[Fig. 3b (ii)]. Agreement
on Dmin ensures that no aircraft waste computationaltime searching
for options that will be rejected as unsafe by other aircraft.

The use of objective separation criteria allows decoupling. Each
agent searches for changes in its own trajectory, i.e., options of the
form of Eq. (8). Because the other aircraft experience no change in
their utility functions from such an action pro� le if the separation
criteria are met, a coordinatingagent, the TrMA, can eliminate the
need for Aircraft 1 to obtain agreement from all other aircraft. [In
an AAS, there are many TrMAs, each responsible for a different
volume of airspace. A � ight usually passes through the airspace of
many TrMAs. This presents a coordination problem in itself (see
Ref.10)]. The coordinator’s satis� cing function should re� ect the
agreed separationcriterion Dmin (Fig. 3c). The coordinatormust be
able to predict the future separationsat least as well as the aircraft to
carry out this role. If an aircraft proposes an option that changes the
action plans of other aircraft, then once the option has been checked
by the TrMA for separation, it is passed on to the affected agents
for approval. The use of a coordinator ensures that Dmin is never
violated.

Performance of Principled Negotiation
Two optimizationexamplesare presentedto answer the following

questions: How good is the action pro� le developed by principled
negotiationcompared to that created by a centralizedsystem? What
is theeffectofagentknowledgeonnegotiation?Howdoesprincipled
negotiation perform in constrained and unconstrainedsituations?

Agent Coordination Example
Consider an n-agent MAS in which each agent’s action plan is

speci� ed by two parameters,x and y, with values between 0 and 10:

ai D .xi yi / i 2 N D f1; : : : ; ng (15)

Each agent tries to maximize a utility functionby appropriatechoice
of its own action plan. An agent’s utility function does not depend
on the action plans of the other agents:

ui D ui [g.ai /] (16)

The action plans of the agents must not con� ict. The example coor-
dination criterion used is

.xi ¡ x j /2 C .yi ¡ y j /2 > D 8i; j 2 N (17)

For this example, Agent i is aware of the action plan of an other
Agent j if

.xi ¡ x j /2 C .yi ¡ y j /2 · r (18)

The utility functionsof the agents are decoupled in the same way as
for aircraft [Eqs. (13) and (14)]. The utility function of the agents
used in this example is

ui D ¡ c1 xi ¡ xopt
i

2 C c2 yi ¡ yopt
i

2
(19)

On each run, xopt and yopt are randomly assigned for each agent
and may con� ict. Compared to the general utility function given in
Eq. (12), this function has no state-dependentweighting vector.

The optimal solution for a single agent is trivial by analytical
means. However, in many MASs, a closed-form analytical opti-
mization may not be possible. The evaluation of Eq. (6) alone can
involve signi� cant computational expense. It is often not possible
to get a simple relation such as Eq. (19) between the action plan
parameters and the utilities. Typical optimization procedures, such
as gradientmethodsor geneticalgorithms,iterativelysearch the fea-
sible set. In this study, random search is used to generate options
because its performance is independent of the form of the utility
function being maximized. Any utility function could be used in
place of Eq. (19), and similar results would be obtained.

Several optimization schemes are studied: distributed optimiza-
tion with no coordination (Scheme A), three types of centralized
optimization (Schemes B1, B2, and B3), and distributed optimiza-
tion using principled negotiation (Scheme C). The � rst two opti-
mization schemes provide baselines against which to compare the
performance of principled negotiation. A single run of each opti-
mization scheme consists of 40 iterations; averages are compiled
from 100 runs. The coordinationcriterion used is D D 1 [Eq. (17)].

Distributed Optimization with No Coordination: Scheme A
Considertheperformanceof the systemif there is no coordination

between agents, and the agents have no knowledge of the action
plans of other agents [r D 0 in Eq. (18)]. As each agent has no
knowledge of the other agents’ action plans, it searches the entire
action plan parameter space for better options. If it � nds a better
option, it switches to that option; otherwise its action plan remains
unchanged.The probabilityof success in a random search by Agent
i is proportional to the ratio of the area of better options to the total
search area (Fig. 4)

P.better option for i/ D
jBi j

jAi [ Bi j
D

jBi j
jAi j

(20)

The numerator decreases as the option improves, while the denom-
inator remains constant. (In this case, the option space Ai is the
same for all agents. In general, this will not be the case.) Hence,
each agent’s utility function should monotonically improve, with
the improvement rate decreasing as the agent’s option improves.
The probability that an option fails to meet separation criteria is
given by

P.con� ict/ D
Ai \

j 2 Nnfig C j

jAi j
(21)

where thenumeratoris the areaof the feasibleset of Agent i that is in
con� ict with other agents. As there is no coordination mechanism,
con� icts will arise.

The results showthe expectedmonotonicdecreasein cost (Fig. 5).
Cost is the negative of utility. However, the agents were in con� ict
during a number of iterations. The probability of con� ict increases
as the number of agents increases [Eq. (21)]. Whereas average start
and end cost for each agent stay almost constant(Fig. 6), the number
of violations increases quadratically (Fig. 7).

Fig. 4 Regions of worse, better, and con� icting options for Agent 1.

Fig. 5 Optimization performance of a two-agent system with no coor-
dination, single run.
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Fig. 6 Average start costs and end costs from 100 runs for independent
random searches (Scheme A) with no coordination.

Fig. 7 Number of coordination violations with varying numbers of
agents.

Centralized Optimization: Scheme B
Centralized optimization provides the other extreme. A coordi-

nating agent has responsibility for assigning action plans to all of
the agents and ensures that they are coordinated. As an ideal case,
the coordinatingagenthas perfectknowledgeof the utility functions
of each agent. Random search is used by the coordinating agent to
generate new options for the other agents. The coordinating agent
uses three optimization schemes:

1) Scheme B1 generates a new action pro� le: Agents change to
the option if net utility over all agents improves and the new action
pro� le meets the coordinationcriteria.

2) Scheme B2 also generatesa new action pro� le: Agents change
actionplan only if net utilityimproves,no individualutilityworsens,
and the action pro� le meets the coordinationcriteria.

3) Scheme B3 generates a new action plan for each agent in turn:
Agents change action plan if their individual utility improves, and
the option is coordinated.

In Schemes B1 and B2, n new (x; y) pairs are generated at each
iteration (i.e., a complete action pro� le is generated). If this option
does not meet the coordination criteria, a new set of pairs is gen-
erated. In Scheme B3, new options are developed by generating a
new action plan for each agent one at a time. Each new action plan
is checked for con� icts with the other agents’ existing action plans.
Only if the optionmeets the coordinationcriteria is an agent’s action
plan changed to the new option. All of these optimization schemes
start from an initial feasible action pro� le (i.e., one that meets the
coordinationcriteria), and coordinationcon� icts cannotoccurunder
any of these schemes.

Scheme B1 results worsen as the number of agents increases
(Fig. 8) because increasing the number of agents reduces the prob-
ability of generating an option that meets separation criteria and
improves utility. With 20 agents, there is almost no improvement
in cost after 40 iterations. Scheme B1 also causes some agents to

Fig. 8 Centralized optimization using net utility (Scheme B1).

Fig. 9 Agent costs on each iteration averaged over 100 games using
Scheme B1.

Fig. 10 Scheme B2 optimizationperformanceaveraged from 100 runs.

switch to action plans with worse utility because the net utility has
improved. Even averaged over 100 trials, smooth advances cannot
be assured (Fig. 9).

Scheme B2 tackles the problem of worsening individual agent
costs but uses the same method for generating options. The per-
formance of this method is worse than Scheme B1 (Fig. 10). The
stricter criteria for adoptingan option reduce the probabilityof � nd-
ing a better option on each iteration.With as few as three agents, no
improvement is found.

Scheme B3 considers each agent in turn. A single action plan is
generatedand checked for con� ict and utility for each agent in turn.
Scheme B3 shows signi� cantly better results than Schemes B1 or
B2 (Fig. 11). The average cost per agent achievedafter 40 iterations
is almost zero with as many as 20 agents, in contrast to Schemes
B1 and B2. The end costs match those achieved by individual opti-
mizationwith nocoordination(Fig. 6), althoughthis schemeensures
coordinationof actionplans. These results show that an iterativeop-
timization method considering each agent individually is effective
evenwhen the system is constrainedby the need to coordinatemany
agents.
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Fig. 11 Optimization performance for Scheme B3 averaged over 100 runs.

Fig. 12 Distributed optimization,no knowledge of other agents (r = 0).

Distributed Optimization Using Principled Negotiation: Scheme C
Scheme B3, pointwise iteration, is the most ef� cient of the three

centralizedoptimizationschemes.It also is suited to implementation
as a distributedoptimizationscheme.Eachagent’s trajectory,its util-
ity, and new options could be calculatedby each agent individually.
The coordinating agent checks only the options for coordination.
If an agent generates an option with a lower cost, it submits the
option to the coordinator. If the coordinator clears the option, it is
implemented.

To begin, all agents (except the coordinating agent) are unaware
of the action plans of other agents (r D 0). The average end cost
per agent after 40 iterations is the same as that obtained with cen-
tralized optimization using Scheme B3 and is close to the end cost
achieved by Scheme A, distributed optimization without coordi-
nation (Fig. 12). Principled negotiation is preventing con� icts but
with minimal effect on the agents’ ability to optimize their action
plans.

Because the agents have no knowledgeof the other agents’action
plans, their proposals may be rejected by a coordinator. Ideally, the
acceptance rate, the proportion of proposals accepted, should be
maximized, as rejectedproposals representwasted communications
bandwidth. With no knowledge of other agents, the acceptance rate
falls as the number of agents increases because the probability of
generating a con� icting option increases (Fig. 13).

In many MASs, agents have some knowledge of the action plans
of other agents. Increasing agent awareness does not signi� cantly

Fig. 13 Variation of acceptance rate with number of agents (r = 0).

Fig. 14 Optimization performance with varying agent knowledge (r =
1 and 5).

change the � nal costs achieved (Fig. 14), but it increases the accep-
tance rate (Fig. 15). If an agent generates an unacceptableoption, it
is discarded and never proposed.

The results show that principlednegotiationallows agents to opti-
mize their action plans, achievingthe same cost levels as centralized
coordination.Increasingeach agent’s awareness of the action plans
of other agents increases the acceptance rate, but does not affect the
� nal cost achieved. This suggests that the level of optimization that
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an agent can achieve is limited by the performanceof its individual
optimization method, not by its awareness of other agents.

Runway Slot Negotiation Example
Principled negotiation also is an effective optimization method

in situations where the agents’ actions are closely coupled, such
as arrivals sequencing at a busy airport. The acceptance rate of
an airport (the number of available slots per hour) depends on the
runway con� guration, the number of departures, and the weather
conditions. The Federal Aviation Administration (FAA) monitors
the national AAS. If the FAA predicts that arrivals will exceed the
arrival rate of an airport, � ow control restrictions are placed on
aircraft departing for that airport. If a ground delay program is run,
departing aircraft are given the time at which they can expect to
receive clearance to depart, calculated from their allocated arrival
slot time at the constrained airport.

Currently, airlinesmust accept the arrival slots they are allocated,
unless they � rst cancel a � ight. If they cancel a � ight, they can
substitute another � ight into this slot, thus freeing another slot. No
swapping of � ights between airlines is allowed. The airline incurs
a number of costs from a change in arrival time (e.g., extra crew
duty time and missed connectionsof passengers,crews, or aircraft),
which airlines want to minimize.

A model of this situation was created using MATLABTM . The
Action Pro� le a is the list of slot times allocated to the arriving
� ights. The feasible set for an Aircraft Ai is the list of all available
slots for the time period. Only one aircraft can occupy each arrival
slot. The consequence function g calculates the average velocity
required to meet the arrival slot. A large cost penalty is incurred
if an aircraft cannot meet a slot time because it must exceed its
maximum velocity.Given an originally scheduled arrival time ts , an
allocated slot time tp , and � ight time t f , a velocity required to meet
the slot time V and a preferred velocity Vpref a general form of the
cost function is

J D c f .V ¡ Vpref/
2t f C capron.ts ¡ 0:25 ¡ tp/

C ccrew.tp ¡ ts ¡ 0:15/ C ccons.tp ¡ ts ¡ 0:5/

C cVmax .V ¡ Vmax/ C cVmin .V ¡ Vmin/

capron D
c1; tp < ts ¡ 0:25

0; tp ¸ ts ¡ 0:25

ccrew D
c2; t p > ts C 0:15

0; t p · ts C 0:15
(22)

ccons D
c3; t p > ts C 0:5

0; t p · ts C 0:5

cVmax D
c4; V > Vmax

0; V · Vmax

cVmin D
c5; V < Vmin

0; V ¸ Vmin

c1; c2; c3; c4; c5 > 0

The terms representthe fuel cost fromnonpreferredaircraftvelocity,
extra aproncosts from early arrival, extra crew costs from extra duty
length, cost of missed connection, penalty for exceeding Vmax, and
penaltyforextrapath lengthrequiredwhenvelocitywouldotherwise
drop below Vmin . The units of time are hours;0.25 represents15 min
(Fig. 16).

In this model problem, a � xed number of slots are created for a
1-h period.Three airlineshave � ights scheduledto arriveduring that
period. The airport TrMA initially calculates the expected arrival
sequence (based on the preferred velocity and � ight distance for
each arrival) and allocates slots in this sequence.

Optimization proceeds in two steps. First, each airline in turn ex-
amines the slots it has been allocated and any unallocated slots.

Fig. 15 Variation of acceptance rate with agent knowledge.

Fig. 16 Example cost function for a single � ight.

Fig. 17 Results for 35 � ights, 3 airlines, 51 slots.

It uses an A¤ search (a branch-and-bound search with dynamic
programming11 ) through the tree of possible valid slot allocations
to � nd the least-cost option. As this slot allocation is acceptable to
the airport TrMA, the slot allocation is updated. Then, all airlines
enter bilateralnegotiation,consideringeach possible swap of arrival
slots between them. If any swaps provide mutual gain (i.e., the cost
incurred by both � ights decreases), then the slots are exchanged.

The principled negotiation step brings improvements in the cost
to each airline (Fig. 17). For the example shown, the further cost
reduction due to principled negotiation was 29, 32, and 67%, re-
spectively. Principled negotiation increases the size of the search
space available to the agents. Agents can look at options that in-
volve changes to the other agents’ action plans; they are not limited
to optionsof the form of Eq. (8). If Airline i has m i � ights, Airline j
has m j � ights, and there are p free slots, then without negotiation
Airline i has .m i C p/!=p! possible arrival sequences. If the airlines
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negotiate,Airline i now has .m i Cm j C p/!=.m j C p/!. If Airline 1
has 10 slots for its 10 � ights and there are no free slots, then it has
a total of 10!D 3:63e06 possible slot allocations. If Airline 2 has
5 slots and the airlines negotiate, Airline 1 now has 1:09e10 possi-
ble slot allocations. The size of the search space has increased by
several orders of magnitude.

Implementing Principled Negotiation in an AAS
Principlednegotiationcan be applied immediately to all AAS in-

teractions.Limited negotiationoccursalready(e.g., slot substitution
and pilot altitude change requests) but principlednegotiationcan be
used more extensively. It can be used to varying degrees by aircraft
of varying equipment levels, as it does not require a particular level
of agent intelligence or knowledge. If an agent can decide which
action pro� le it prefers, then principled negotiation can be used.
Better-equippedaircraft will be able to assess more options that are
possibly more complex and negotiate more often. The more capa-
ble the agent, the better the agent can optimize its operations. The
requirement that a proposalprovidemutual gain ensures that agents
with less knowledgeor computationalpower are not disadvantaged.

Increased agent knowledge reduces wasted negotiation by con-
straining the search space. For AAS agents other than TrMAs to as-
sess traf� c coordination, information on the states and action plans
of the aircraft in the system are needed. Plans to broadcast global
positioningsystempositiondata in a traf� c alert and collisionavoid-
ance system (TCAS) 2000 system will improve the available state
data, but knowledge of the action plans of other aircraft would still
be limited. Using estimation techniquesto predict the future actions
of aircraft may prove too inaccurate. (An advantage of the free-
� ight concept is that it should promote the use of more direct and,
therefore, more predictable routings.12 ) Three approaches could be
taken. Flight plan information maintained by the ground could be
made accessible to queries from aircraft or airlines. Alternatively, a
TrMA could supply this informationwhen it rejectsa proposal from
an agent. The agent could then re-evaluate the options in the light
of the new information. Aircraft could transmit concise � ight plan
data as well as state data in a TCAS 2000-type system.

Today, many airlines are not installing satellite communications
systems and other types of data link because of the perceived lack
of bene� ts compared to the installationcosts.Principlednegotiation
lets operatorsgain maximum bene� t from their aircraft systems, en-
couraging the use of the best possible equipment. If an aircraft has
more information and more computational power, it can generate
and examine more complex options, more often, and propose them
with a greaterchanceof acceptance.At the same time, principledne-
gotiationguaranteesthat no operator is adverselyaffectedcompared
to today’s operations if it cannot afford an advanced equipment � t.

To quantify the bene� ts of principled negotiation on AAS oper-
ations, a computer simulation is being developed that models AAS
agents developing options for mutual gain and negotiating. The re-
quired times of arrival are � rst negotiatedbetween the airlineand the
destinationairportTrMA, and a � ight plan is � led. During the � ight,
aircraft repeatedly search for trajectory improvements.Aircraft use

a rule-based search method that accounts for the scenario. If a con-
� ict arises, both aircraft try to � nd an avoidance maneuver. If the
aircraft fail to � nd a solution, the TrMA instructs the aircraft to im-
plement a particularavoidancemaneuver.Aircraft search for higher
utility trajectories if they are not in con� ict situations.The weight-
ing function of the aircraft dependson the progressof the � ight and
the priorities communicated by the airline.

Conclusions
Principled negotiation effectively coordinates distributed opti-

mization in MASs. It works well in both constrained and uncon-
strained situations, as demonstratedby two example problems.The
optimization performance of an MAS using principled negotiation
is as good as that of a centralized system that uses the same opti-
mization method and has perfect knowledge about each agent. The
proportion of fruitless negotiations decreases as agent knowledge
increases. Principled negotiation offers great advantages for AASs
because it would increase the freedom of system users to optimize
their operations while maintaining safety.
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