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It is important to note that the distributor can not enforce the execution
of activities and it does not know the complete schedule of all agents. Besides
that there is no single entity with a complete view of the graph Sc. Given the
problem description we conclude that agents need to coordinate their work to
complete the process execution. We describe our coordination solution in the
following Section.

3 Decentralized Service Coordination

In our approach, all supply chain companies participate, through their agents,
in a service overlay network. This network can be created by trust relations,
business contracts, or it can be created by using properties pertinent to the
domain where the solution is applied. We assume that each agent maintains the
information about its peers in the network, so that there is no central entity
used to store a map of the network.

The services are coordinated by the agents deployed near each service. The co-
ordination emerges from the individual actions of each agent and from the global
information scattered in the agent network. This information, called pheromone
information, is maintained in the agent network and borrows inspiration from
Ant Colony Optimization (ACO) algorithms, explained next.

3.1 Ant Colony Optimization

ACO algorithms were inspired by food foraging behavior of real ant colonies. Ants
are good at finding the shortest paths between their nest and sources of food.
However they have little capacity to find the paths individually, they collaborate
with each other to solve their food foraging problem. Ants drop pheromones in
the environment leaving pheromone trails where they walk. Pheromones are
chemical scents that stay in the air during a certain period. As more ants follow
a certain path, they reinforce the pheromone trail on that path, leading to even
more ants to follow that particular path. Mixing a part of exploratory behavior
and a part of following behavior, ants in an ant colony are capable of finding the
shortest paths between their nests and the best sources of food [10].

In ACO a set of virtual ants, which are software agents, indirectly cooperate
to find solutions to complex optimization problems [11]. The ACO meta-heuristic
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to do that ExplorationAnts crawl the agent overlay network looking for Re-

sourceAgents that: (i) offer the required type of service, (ii) can perform the

service at the required time, and (iii) have a good QoS. The QoS is represented

by the vector q = (q1, . . . , qn), where qi ∈ R represents the quality i. The quality
can be, for instance, the duration time to execute one operation, price, trustiness,

etc. The ExplorationAnt tries to find a path containing agents capable of per-

forming all the required operations needed by the OrgAgent. ExplorationAnts

take QoS parameters into account, asking this information to ResourceAgents.

They evaluate the QoS using an heuristic η, defined below:

η : (q1, . . . , qn) → R, such that η((q1, . . . , qn)) =
1�n
i q

∗
i

, q∗i is the normalized qi

where η is evaluated every time an ExplorationAnt checks for the quality of

a service represented by a given ResourceAgent. An ExplorationAnt decide on

which path to follow according to the probability:
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Fig. 3. At every ResourceAgent i an ExplorationAnt assigns probabilities for every fol-
lowing ResourceAgent. In this example, an ExplorationAnt jumps from ResourceAgent
i to ResourceAgent j with probability p(i, j).

Pij(t) =
[τij(t)]α[ηij(t)]β�
l∈Ni

[τil(t)]α[ηil(t)]β
(1)

where τ is the pheromone level, α indicates how worth is the pheromone infor-

mation to the ExplorationAnt, η is the heuristic that takes the QoS into account,

and β indicates how worth is the QoS information to the ExplorationAnt.

ExplorationAnts select a path to follow according to the probabilities defined

in Equation 1. Thus there is always room for exploratory behavior, unless the

parameter α is set to high. If α is set to high, ExplorationAnts will only follow

the paths with the highest pheromone concentration. ExplorationAnts jump from

ResourceAgent to ResourceAgent, either until their time to live expires or they

have found a valid path, that is, they have found all the required ResourceAgents.

When an OrgAgent decides to follow a particular path, it sends out Inten-
tionAnts. IntentionAnts make reservations to use the services of the selected

ResourceAgent. Another function of IntentionAnts is to drop pheromones along
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