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Abstract

We present a collective approach to coalition logistics
planning that presents the features crucial for application in
an adversarial environment: planning and communication
efficiency, well-defined levels of information to be shared,
tight integration of trustfulness with the planning and stabil-
ity with respect to unprecise trustfulness values. To achieve
this goal, we combine multi-agent negotiation with efficient
fuzzy and flexible linear programming techniques from op-
eration research field. Alternating rounds of global opti-
mization and restricted negotiation split the task into sub-
tasks, create teams, assign them to the tasks and provide
a task-resource mapping. Resulting plan execution can be
easily verified and verification results can be used to up-
date the trust and social models and potentially to perform
re-planning immediately.

1 Introduction

One of the important problems of any coalition opera-
tions is a transportation logistics. Each coalition member
can manage its own logistics independently, causing sig-
nificant inefficiencies, resource overbooking and delays in
operation. Alternatively, the logistics can be managed by
cooperation among the autonomous coalition members.

We study coalition planning problem in the OOTW (Op-
erations other than War) environment, where besides the ob-
vious technical requirements on technical (hardware-level)
interoperability and a shared knowledge model (ontology)
the cooperative approach requires:

1. methods for building and usingtrust modelsabout
coalition members,

2. techniques for handling imprecise information and
handling temporarycommunication inaccessibility,

3. knowledge sharing methods preventing unwanted
knowledge disclosure,

4. distributed reasoning(planning) and negotiation algo-
rithms and

5. agents ability to act incooperativewhile also incom-
petitivemodes.

In this contribution we intended to address primarily the
issue 1, 3, 4 and 5 from the list above. The issues of com-
munication inaccessibility coalition planning has been dis-
cussed in [17]. The problem of transportation logistics in
OOTW environment can be easily generalised so that the
investigated concepts can be used in other semi-trusted, col-
lective activity oriented domains.

The technique we suggest is not only applicable for cur-
rent coalition operations, where the agents are typically
materialized by manned command centers, but even more
in the context of the next generation of systems with au-
tonomous vehicles [1], where we may wish to automate not
only driving and control, but also the higher level functions
– making the vehicles with embedded agents responsible
for transportation scheduling and road planning following
the requests from the supplied entities.

Unlike classical definitions of competitive and self-
interested behaviour, adversariality [16] is understood in
this article in the context of a special agents’ behaviour that
is results in a partial loss of collective welfare of the col-
lective of agents. Adversariality models agent harmful and
malicious behaviour in the coalition. While agent’s adver-
sariality in the system can be both voluntary or intentional,
often caused by coalition member with side interests or in-
voluntary or unintentional, given e.g. by system infiltration.

In the transport logistics domain we have modeled two
types of adversarial behaviour: (i) adversarial agent stealing
the cargo and thus preventing it from being delivered and
(ii ) adversarial agent sharing the transport plan details with
a third party, increasing hold-up probability.

In our work, we handle adversariality by:(i) limiting
information disclosure to other agents, respecting each
agent’s private preferences, and keeping them undisclosed,
(ii) integration of trust model [15] and methods of rea-
soning about competitive and adversarial agents. In such



an environment we were motivated by suggesting a plan-
ning solution that wouldstable- we want a stable planning
solution even if a trustworthiness or availability of partner
agents changes slightly and finally andefficiency- we want
to be able to find a task decomposition and allocation within
reasonable time and with a small number of messages.

The algorithm we present builds on existing multi-
agent solutions for the same class of problems. Extended
Contract-Net-Protocol as defined in [5] and further ex-
tended towards practical application by [12] achieves the
same result using the negotiation between coalition leader
and perspective members. When the perspective coalition
leader wishes to solve the task, it asks other agents to cover
the task completely or at least partially. Agents submit their
bids, the best ones are selected and provisionally granted
the task. The rest of the task is auctioned again and new
auctions are organized until the whole task is covered. If
the remaining task can not be covered, the algorithm must
achieve consistency by backtracking – revocations of pro-
visionally granted tasks and auctioning new ones. Even if
we have a unique coalition leader, the planning problem is
completely decentralized and requires intensive communi-
cation. Consequently, this approach presents performance
problems when it prepares the initial plan in large state
spaces – even if such planner compares favorably with hu-
mans [13, 6], it can be easily beaten by mathematical pro-
gramming techniques. On the other hand, the agent ap-
proach brings more flexibility than mathematical program-
ming as the agents may combine many sources and types of
knowledge to prepare the plan, each agent contributing its
knowledge, reasoning and resources. Agent’s don’t need to
be aware of each other’s mental states, provided that they
are syntactically and semantically interoperable.

In this contribution, we integrate classical AI and opera-
tional research ’heavy-duty’ solvers in the context of multi-
agent systems. We argue that the abstract models of col-
laboration in agent systems as they are now used within
the multi-agent system community have severe drawbacks
– they are well suited for simple reasoning and limited
amount of knowledge, while little scalable. Their perfor-
mance tends to degrade with increasing problem complex-
ity. Therefore, we propose that the AI/OR techniques are
a very good fit for agent reasoning due to their high per-
formance and little or no scalability problems. The tradi-
tional problems related to their application – restrictive ap-
plicability conditions (e.g. linearity) are solved by modern
methods [3] and on the other side, acquaintance models [11]
provide the necessary knowledge inputs for the model, as
well as an efficient mechanisms for its maintenance. As the
mechanism we propose is intended to function in adversar-
ial environments, we need to augment the social model with
trustfulness information, using trust and reputation models
presented in [15] or other [14]. Such trust mechanism must

comply with following requirements: (i) trust and reputa-
tion must be integrated with the planning mechanism, (ii)
model must be robust with respect to environmental noise
(natural failure), (iii) its inputs must be compatible with the
observed plan outcome.

2 Algorithm Presentation

In the logistics planning problem we consider, we ad-
dress the transport of goods from initial to terminal loca-
tion1 using the resources belonging to self-interested and
potentially adversarial agents. Therefore, we must select
appropriate routes from the plan base, combine them and
allocate resources to the tasks in the plan in order to maxi-
mize the expected amount of delivered goods. In the formal
problem presentation below, we present the problem from
the perspective of the coalition leader – the agent denoted
A0 that organizes a coalition.

2.1 Problem Formalization

Formally, we follow the approach proposed by [18]
and instead of decomposing the plan into the action-
state graph, we will describe it using actions and objec-
tives (called objects in [18]). Therefore, we define an
abstract plan (e.g. route plan) as a directed bipartite
graph, where one side is composed ofobjectives(typi-
cally corresponding to locations), defined by the setO =
{o0(initial), o1, on(terminal)}, with each member de-
fined asoi = (preroi

, allowsoi
), where both thepreroi

and allowsoi are subsets from theAc, while the other
graph side containsactions (transports) linking the objec-
tives, defined in the setAc = {a1, a2, ...am}, where again
ai = (prerai

, allowsai
) and setsprerai

andallowsai
are

subsets ofO. By definition, we always start from a single
initial objectiveo0 (with no prerequisites:prero0 = ∅ ) and
terminate in a aterminal objectivethat corresponds to the
achieved goal state:allowson

= ∅. 2 Besides the structural
information, we also keepΘai

for each action – an estimate
of action success likelihood obtained from trust model in a
same manner as individual agent trustfulness.

Batchesconstitute the cargo that is transported. Each
batchpi, from P is defined by its sizesize(pi) and type
(liquid, bulk, etc...) that defines the resources that may carry
it. By definition, all batches can be split during transport;
we denotepaj

i the part of the batch allocated to actionaj .

1This formal simplification doesn’t reduce the generality of our ap-
proach - in case of need, we may define formal zero-cost actions between
the initial/terminal objective and the real terminal objective for each part
of the cargo, provided that we impose appropriate restrictions on these ac-
tions.

2Therefore, in our graph, the nodes are defined asAc ∪ O, while the
directed edges describe the relations expressed inallows andprer sets
of each action or objective. We may also note that the global state of the
system is defined by the state of all objectives.



The transport problem is being solved byagentsfrom
the setAg = {A0, A1, ...Ak}. Each agentAi is char-
acterized by its trustfulnessΘAj

(Ai) as it is perceived by
agentAj , and its complement:distrustfulness∆Aj

(Ai) =
1−ΘAj

(Ai). TrustfulnessΘAj
(Ai) is modelled as afuzzy

number, following [15]. This representation allows to cor-
rectly represent the uncertainty and can be used in the plan-
ning as described in Section 3 Agent is therefore modelled
by leader the as a tupleAi = (ΘA0(Ai), resA0(Ai)), where
the setresA0(Ai) models leader’s knowledge about agent’s
resources. Each agent controls one or moreresourcesas de-
fined in its setresAi . All resources, regardless of the agent
they belong to belong form a setRA0 = {rAi

1 , r
Aj

2 , r
Aj

l },
where the super index of each resource denotes the agent
to which this specific resource belongs. Each resource is
described by a tuplerAj

i = (Aj , allowedri , capri), where
theAj denotes the owner agent of the resource,allowedri

is a set of actions (transports) to which the resource can be
assigned, andcapri

its capacity.
Tasksare a result of the planning process. They form

a setT = ta1 , ta2 , ..., tam , and each task corresponds to
one action. Task is defined astai = (batchtai

, comtai
),

wherebatchtai
is a set of batches transported in the task

andcomtai
is a set ofcommitments– each commitment3

c = (ai, Aj , r
Aj

k , pai

l , cap) is an assignment of a specific
resourcerk (and consecutively its ownerAj ) to one par-
tial batch pai

l from the setbatchtai
and cap determines

the capacity that is to be assigned. If therk capacity al-
lows it, one resource can be committed to more than one
batch/action and a single partial batchpai

l can be covered
by several commitments – in such case, we denotecap(rai

k )
the aggregate size of all commitments from the tasktai to
which the resourcerk is committed. Commitments of re-
sources relative to a single task define ateamfrom the set
E = ea1 , ea2 , ..., eam

. Each teameai
⊂ Ag contains all the

agents contributing their resources to the tasktai
. Coalition

Co is defined as a union of all teams from the setE.

2.2 Public, Semi-Private and Private In-
formation

Sharing the information about resources, plans, goals
and intentions is significantly different from the cooperative
agent systems. In adversarial environments, agents must se-
riously consider the possibility of information misuse and
try to find the equilibrium between minimum information
disclosure and cooperation and planning efficiency. There-
fore, following [10], we define three types of information:

Public information is accessible to any agent in the sys-
tem. It includes information about agent identity, existence,
location and basic annotation of provided services -typeof

3Formally, until being evaluated and updated by bidding agents, com-
mitments must be regarded to as merecommitment opportunities.

the resourcesresA0(Ai) it offers, but without any informa-
tion concerning their capacity, number or restrictions.

Semi-private information facilitates the planning pro-
cess. It is mutually shared within groups of trusted coopera-
tors that collaborate frequently and enables them to prepare
the plans easier than by negotiating through all possible op-
tions [10]. For each agentAi, it includes the information
about its resourcesaggregatedby type and including the
restrictions regarding their use on the setAc. Such compro-
mise provides enough knowledge for the first stage of the
planning process, and detailed task allocation is then final-
ized in course of negotiation without exposing more data
than necessary4.

Private information is reserved only to the owner agent
and never shared with anyone else - it contains the detailed
information about its resources, including their individual
capacity, restrictions, locations and other information.

2.3 Algorithm Overview

This section provides an overview of the planning algo-
rithm we suggest, combining the social model and linear
programming planner with focused and well-targeted ne-
gotiations in the later stages of the process. The planning
process proceeds as follows (see also Fig 1):

1. Initial Planning : Team leader uses its social knowl-
edge and planning capabilities in order to prepare initial
plan. This happens in two phases:(i) abstract plan con-
struction and(ii) task allocation to the agents.

2. Local Plan Evaluation: Initial plan is evaluated by
the respective agents:(i) the members evaluate the plan and
make an attempt to trade the commitments within teams and
(ii) proposals are sent by members back to the leader.

3. Coherence & Verification: Proposals are included in
the detailed planning that ensures the plan coherence.

4. Plan Execution: Final commitments are received by
members, may be swapped and the plan is executed.

2.3.1 Initial Planning

In the first phase of the plan, we assume that the coalition
leaderA0 has a goal to accomplish and is obliged to form a
coalition with other agents. It uses its social knowledge to
draft a preliminary plan in the following steps.

Constructing the Abstract Plan. The first step is a
preparation of the abstract plan – an action-objectives bi-
partite graph capturing the relationship between initial and
terminal objectives (states) – typically covering alternative
solutions. The graph must contain at least one path connect-
ing the initial and terminal objective – if such path can’t be
identified, agentA0 is unable to solve the planning problem.

4Note that the setsR as perceived by various agents are not identical
due to the fact that they don’t have the access to the same information.



Coalition

Ag 0

Team 2
Team 1

Ag 1 Ag 2

Team 3

Ag 3 Ag 4

REQUEST Initial
Planning

QUERY-R

ECNP ECNP ECNP

INFORM/REFUSE

Coherence

REQUEST

ECNP ECNP ECNP

PLAN EXECUTION

Initial
Planning

Local
Planning

Coherence &
Validation

Local Task
Swap (opt.)

Execution

Figure 1. Overview of the protocol phases:
Agent A0 is a coalition leader and has decom-
posed the global task into three tasks.

Constructing the abstract plan is a computationally expo-
nential problem in complex domains. Recent advancements
in the field of AI planning provided very efficient techniques
for constructing the plans in reasonable amount of time such
as GraphPlan [8] or SAT-Plan [2]. These techniques imple-
ment a sophisticated breadth-first search based on expan-
sion of the bipartite graph or iterative propositionalization
of the planning problem.

Task Allocation. Once an acceptable abstract plan is es-
tablished, leader proceeds with the(ii) allocation of batches
and resources to individual actions in the plan, while re-
specting the constraints defined in the objectives. Note that
for sake of computational efficiency, some actions and ob-
jectives from the abstract plan can be removed during this
phase if there are no resources or batches to allocate to
them. Then, we use a fuzzy linear programming (FLP) that
either provides an acceptable initial task allocationT , or
identifies a constraint preventing the solution.

The constraints we define for the problem are the fol-
lowing. The first equation expresses the node equilibria -
conservation of goods in each node.

∀oi ∈ O \ {o0, on},∀pj ∈ P : (1)∑
ak∈prer(oi)

size(p
ak
j ) ·Θak =

∑
al∈allows(oi)

size(p
al
j )

where theΘak
represents the estimated action trustful-

ness (probability of completion) taken from the trust model
(e.g. delivery ratio in our case) - it allows us to model the
probable losses in the actions from the setprer(oi). It may
range from 0 – no hope of delivery – to 1 , resulting in the

same amount of resources allocated for outgoing cargo.
The initial node has a simpler relation, declaring that we

can’t take away more cargo than available:

∀pj ∈ P : size(pj) ≥
∑

al∈allows(o0)

size(p
al
j ) (2)

while the terminal node doesn’t introduce any constraint.
Furthermore, for each actionai (elementary transport)

and each batchpj , we must ensure that the commitments
cover the whole partial batchpai

j ( size(pai
j ≤ pj) due to

the possible parallelism):

∀ai ∈ Ac,∀pj ∈ P : pai
l =

∑
c∈comtai

:batch(c)=p
ai
l

cap(c) (3)

then, we must also make sure that no resource is used
beyond its capacity:

∀ri ∈ R : cap(ri) ≥
∑

aj∈Ac

cap(r
aj

i ) (4)

besides these restrictions, we need to set-up theutility
function for which we optimize:

Um = α ·
∑

pi∈P

size(pon
i )− β ·

∑
cj∈C

size(cj)∆Aj (ag(cj)) (5)

, wherepon
i denotes the part of the batchpi delivered to

the terminal objective andag(c) the agent committing toc.
We minimize the expected amount of the cargo lost (sec-

ond sum) and we balance the cost of losses and value of
delivery (first sum) by setting the constantsα and β to
domain-appropriate values.The ultimate goal is to allocate
the resources of the coalition members to cover most of the
delivery, while minimizing the risk of the attack.

Once the solution of the above FLP problem is identified
(see Section 3), leader determines all perspective coalition
members (owners of resources assigned to various tasks)
and queries each perspective member whether it is capa-
ble and willing to participate. Therefore, each perspec-
tive coalition memberAi is sent a structure:cmaAi

=
(A0, coalmem, assign), whereA0 is a coalition leader, set
coalmem lists all coalition members and setassign lists
the relevant information about tasks the agent’s resources
are assigned to, defined as(eaj

, comtaj
(Ai)), wherej is an

action (task) index andcomtaj
(Ai) are commitments sug-

gested to agentAi on tasktaj .

2.3.2 Local Plan Evaluation

When the coalition membersAi (selected by the leader
in the previous step) receive the coalition proposals from



the leader, they must use their private knowledge to cre-
ate the bid reflecting their preferences and local situa-
tion. At first, the agents must decide whether they trust
the coalition leader and members sufficiently to cooper-
ate with them, typically putting emphasis on their trust in
the leader (ΘAi(A0)) and agents within the same teams
(∀ek : Ai ∈ ek∀Aj ∈ ekΘAi(Aj)). If the agent is confi-
dent enough with the coalition and proposed commitments,
it will try to assign its resources to its commitments.

At this level, we handle several issues that are ignored by
the leader’s first-level planning – resource granularity (un-
known to the planning agent due to the privacy issues) and
relations between the resources assigned to different tasks.
In the first round, each agent assigns its resources to the
commitments that are the best fit for available resources,
trying to cover all commitments. Then, it will offer the
excess capacity of the resources assigned to the tasktaj

to all members of the teameaj
using the multi-phase auc-

tion mechanism described in [5]. This step is designed to
eliminate the resource allocation inefficiencies that are due
to the possible leader’s lack of knowledge about actual re-
sources or a side effect of selected planning method. More
formally ( see also Fig. 2), to start the the negotiations,
each agentAi working on tasktaj

broadcasts a CFP mes-
sage containing its free capacity to all teametaj

. If the other
team members are interested in using this capacity for the
task they were allocated, they submit their bid. AgentAi

selects one or more bids and answers them with a tempo-
rary grant, making them bindingfor the bidders; other are
temporarily refused. When the agentAi participates in sev-
eral teams, it can now reshuffle its resources between the
tasks to use them in an optimal manner. Once the resource
reallocation is terminated, all compatible temporary grants
are confirmed, while the others may be refused (In case we
the agent has replaced the original resource with a lower-
capacity one.). If appropriate, agent can now offer the new
free capacity for trading using the same protocol.

Note that the auctioning and negotiation takes place
only within the single task team, therefore minimizing the
knowledge dispersion and communication load. On the
other hand, agents may therefore miss a better task allo-
cation. Once the negotiation is finished, all team members
send their answers to the coalition leader. The answer is a
list of commitments that are actuallybindingfor each agent,
but may differ from those originally assigned to the agent
as: (i) the agent is not always able to cover the whole as-
signed commitment and commits only to a part of the orig-
inal commitment or(ii) it notifies the coalition leader about
the transfer of the whole commitment or its part to other
coalition member (this member lists this commitment in
its turn as covered). When the agents submit their bind-
ing commitments to the coalition leader, they have an al-
ternative to offer the free capacity of the resources they’ve

Team 2
Team 1

Ag 1 Ag 4 Ag 5Ag 2 Ag 3

CFP 2CFP 1 CFP 2
CFP 2

REFUSE
PROPOSE

PROPOSE

PROPOSE

Process

T-ACCEPT

T-ACCEPT
T-ACCEPT

REJECTACCEPT
ACCEPT

Figure 2. Use of the ECNP to allocate agent’s
resources across two different teams. Agent
A1 first temporarily accepts the offer from A5,
but later on finds a better resource allocation
and prefers to commit larger resource to team
1. Therefore, it rejects the bid from A5.

allocated to the task to the coalition leader - the leader may
include use it to cover other batches from the same task, as
specified by relation 6. While this remains an attractive op-
timization feature, this approach has two major drawbacks –
the leader can easily guess the capacity of agent’s resources
and the free resources can not be used on another task.

2.3.3 Coherence & Verification Phase

In this phase, coalition leader receives the answers from the
coalition members and must re-combine them into a glob-
ally coherent plan. As the initial planning has produced a
coherent plan, the plan is coherent when all proposed com-
mitments were covered by members. If not, the leader must
add all updated commitments/refusals from the agents to the
initial plan and perform the new calculation to make sure
that the condition 1 is valid for the final plan.

Updated commitments are included as follows (refusals
or previously unassigned commitments are considered as
commitments with 0 capacity):

∀ai ∈ Ac,∀rj ∈ R : cap(rai
j )prop ≥ cap(rai

j )final (6)

It is at this stage of planning process when we also de-
tect the failure to execute the plan altogether – the propos-
als (or actually refusals) from the members may be mutu-
ally incompatible. If the coalition leader manages to find



Figure 3. Start of the operation as shown in
3D simulation – real batch positions and op-
erations are shown for the selected plan.

an acceptable planning outcome, it prepares the final com-
mitments (with the quantities assigned that are less or equal
to the binding ones proposed by members) and re-submits
them to the coalition members.

2.3.4 Plan Execution

As the proposals by the agents were binding, coalition
members shall be all able to start performing the assigned
tasks immediately. Alternatively, when the final commit-
ments are lower than the ones they have proposed, they may
change their resource allocation or trade the assignments
with their peers in the team in the same way as in the Local
Plan Evaluation phase, provided that they manage to honor
their commitments.

3 Algorithm properties

In this section, we will analyze the above-described algo-
rithm and discuss several interesting properties it presents:
computational efficiency, preservation of private informa-
tion and stability of the solution with respect to environ-
mental perturbations.

Reduced Communication. The present algorithm repre-
sent a special approach to distributed planning that in parts
uses the classical AI planning algorithms in combination
with multi-agent, negotiation based approach to plan gen-
eration. Unlike state-of-the-art approaches such asPartial
Global Planning[4] the initial planning phaseof the pre-
sented approach substantially constrains the space of possi-

ble negotiation and thus makes the planning process sub-
stantially more scalable. On the hand it still allows the
agents to influence the plan that is to be imposed on their op-
eration by task delegation enabled by ECNP protocol during
the local plan evaluation phase.

Obviously, the desired situation is that the amounts of
decision making and computation is somewhat balanced be-
tween these two phases of the planning algorithm. Find-
ing this equilibrium affects the efficiency, stability and the
amount of private knowledge disclosure during the plan-
ning process (as explained in Section 1). This is why the
right amount social knowledge stored by the perspective
coalition leader (depends on the amount of knowledge the
agents are happy to share) affects the right fitting the op-
eration of the algorithm. With an increasing amount of
knowledge shared within the community (therefore higher
knowledge disclosure), the initial planning phase is getting
more precise resulting in substantially less communication
traffic (and thus further knowledge disclosure) in the local
plan evaluation phase. It has been studied recently how the
amount and structure of a priori shared social knowledge
affects the coalition formation process [9].

Operation-research integration with negotiation and
cognitive methods is natural and seamless: output of most
trust models in existence today can be transformed into the
fuzzy number-form and this representation fits well into the
context of modern FLP methods as shown below. On the
other hand, the individual team members don’t need any
notion of FLP techniques - they only reason about the coali-
tion, their teams and negotiate within their teams to achieve
optimal resource allocation.

Contraction of the solution space is another key fea-
ture – each step of the planning, centralized or distributed,
reduces the solution space. Initial planning performs the
greatest reduction, as the actions/tasks are selected, re-
sources pre-allocated and agent teams created. Local plan-
ning phase then further clarifies resource allocation and
team composition and the results of this phase are incorpo-
rated as additional restrictions for the FLP planning prob-
lem solved in the coherence and validation phase – we ef-
fectively ensure that any overall solution will respect the
commitments received from coalition members and can be
executed. Optional re-allocation step doesn’t break our as-
sumptions, it only permits team members to trade resources
in a situation where the batch sizes may have been reduced.
If the plan can not be implemented due to the member re-
fusal or resource incompatibility, the situation is detected
in the coherence planning step. LP method used identifies
the interfering restriction and can direct the coalition leader
towards plan reconfiguration. Therefore, in the global al-
gorithm as suggested, we don’t allow any backtracking (ex-
cept the team-scale negotiation). On the other hand, the
algorithm as presented doesn’t guarantee that the result it



returns will be the optimal plan. We don’t consider this as a
serious drawback, because none of the comparably efficient
algorithms currently in use can guarantee such result.

Stability of Flexible & Fuzzy Linear Programming
One of the important properties of the trustfulnessΘA0(Ai)
(and distrustfulness∆A0(Ai)) values is their uncertainty,
emphasized by the fact that they are modelled as fuzzy num-
bers. There are two approaches how to use these values in
the LP algorithms: either to solve aflexible linear program-
mingproblem, or todefuzzyfythe values and solve a classi-
cal LP problem.

Flexible linear programmingtechniques [3] that work
with fuzzy coefficients provide us with a unique feature -
a stability of the solution with respect to small changes of
coefficient (e.g. trustfulness) values defined as symmetrical
triangular fuzzy numbers. Problem formulation remains the
same, but we must solve a non-linear optimization problem
in order to obtain the solution – a major disadvantage of the
approach. On the the other hand, once we have an appro-
priate solver, we may effectively adjust the stability of the
solution by varying the width of the trustfulness values – by
restricting their width, we approach the unstable classical
linear programming problem, while the widening of trust-
fulness representation ensures the stability with respect to
bigger perturbations. This ability is a very desirable fea-
ture when the agents encounter an intelligent adversary in
an unknown environment – agents can adjust their planning
to be robust when they still gather the information about the
environment and reduce the predictability of their behav-
ior in later phases. The shape representing the trustfulness
ΘA0(Ai) supports this adaptation, as it ”narrows” with the
increasing number of data.

In the alternative approach,ΘA0(Ai) and∆A0(Ai) must
be defuzzyfied before they are inserted into the planning
constraints of the normal LP problem. During the transfor-
mation, we replace the fuzzy numbers in the constraints and
utility function by the center of the core of the trustfulness
values and solve the resulting problem. This approach is
more sensitive to the noise, especially with limited number
of data, but as the agent gathers more experience, it con-
verges to the center of gravity method due to the shape of
the trustfulness functionΘA0(Ai) as defined in [15].

4 Prototype Deployment

Presented protocol is currently being integrated with
ACROSS scenario (see Fig. 3) to solve humanitarian aid
logistics problem on a simplified simulated version of Java
island in Indonesia. We have taken existing system based
on generic multi-agent approach to coalition planning and
introduced a new agent with planning capability. This agent
simulates a humanitarian organization that organizes a de-
livery of goods from the initial location (Jakarta) to several

Figure 4. Internal planning process of the
coalition leader – initial plan and coherent
plan based on input from coalition members.

cities throughout the island.
This agent (denoted HumRed) assumes the role of a

coalition leader (A0). Other agents, who actually provide
their vehicles (resources) for the transportation are coali-
tion members and don’t use any FLP solvers, they merely
assign their resources to tasks suggested by coalition leader.
Therefore, coalition leader implementsinitial planning and
coherence and validation phase(Fig 4).

While the overall algorithm is already integrated with
ACROSS environment, we are currently proceeding with
implementation of its more advanced features (most notably
ECNP negotiations within teams and more advanced FLP
solvers) to improve the quality of the resulting plan. Ad-
vancing the implementation state of these features would
also allow us to formally verify the protocol and judge the
impact of its various features and phases on plan quality.

5 Conclusions and Future Work

In our contribution, we have presented a combined plan-
ning algorithm that can be used to efficiently create a shared
plan in an adversarial environment, featuring only a lim-
ited and controlled information disclosure by self-interested
agents. Adversarial behavior of agents and environmen-
tal reasons of failure (actions with low action trustfulness)
can be detected and provide an input for the embedded trust
model, that in its turn provides an input for further planning.

One of the important open issues of this research is the
concept ofplan diagnosis. Plan diagnosis [18] is important
to achieve long-term efficiency by elimination of untrustful
cooperators and bad actions (paths). We can not assume
that the state of the problem is observable – implicitly, we
assume that only the initial and terminal objective status are
known by the coalition leader and that the state of some of
the intermediary objectivesmay be known. Integration of



the latest results from the monitoring selectivity problem [7]
into a trust model update is a subject for future research.

Another key challenge for the future research in this area
is to investigate the plan execution phase and allowintel-
ligent replanning. Re-planning can occur as a result of
a coalition leader detects a failure in completion of one
or more commitments or upon a request from the coali-
tion members. If these commitments fully or partially pre-
condition other tasks (and their commitments), it may be
advantageous to re-plan the plan in order to eliminate inef-
ficient future commitments. Such operation is analogous to
coherence phase (see Section 2.3.3), but for each commit-
ment with known outcome, we can fix the commitment size
to the real delivered value, or limit it by using the informa-
tion about partial deliveries/losses. In the same manner, the
agent can react when some task was more successful than
expected and more resources are necessary for subsequent
transport.
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