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1. BACKGROUND
Task assignment problems are defined as problems in which mul-
tiple agents must efficiently share the load of executing and com-
pleting a certain set of tasks [REF]. Resource distributionis a task
assignment problem in which multiple agents need to collect and
deliver resources at pre-defined locations, while minimizing aver-
age waiting and delivery times for resources and clients. Research
in the domain of resource distribution has a high industrial valoriza-
tion; real-world examples include warehouses, airports, and hospi-
tals. Because of this, there is increasing interest in robotic Multi-
Agent Systems (MAS) that perform resource distribution tasks.

Agents situated in a resource distribution system have to (i) coop-
erate in an environment that is complex and highly dynamic, (ii)
process unexpected requests (i.e., it is not known in advance where
a resource should be picked up), and (iii) maintain efficient per-
formance while taking into account possible failures of individual
agents. As a consequence, any agent system designed for resource
distribution tasks should be scalablewith respect to the number of
resources and collaborating robots, adaptivein order to handle un-
expected requests and events, and robust to be able to deal with
any kind of failure. Obviously, these properties have to be achieved
while maintaining functionality.

Traditionally, resource distribution problems are countered by ap-
plying multi-agent planning (e.g., [4]). Recently, we can observe
a shift towards nature-inspired systems(e.g., [5, 6, 7, 8, 9]). Here,
many authors propose to use ant systems[10] and swarm intelli-
gence[9, 11] in combination with pheromone-based and/or potential-
field-based techniques, since these lead to reasonable scalability,
flexibility and functionality, even on real robots (e.g., [8]).

In related work that suggests using nature-inspired approaches in
resource distribution, we can clearly identify two major (closely re-
lated) shortcomings. First, systems that depend purely on emergent
functionality are hard to control. We will give two examples here:
(i) the relation between (individual) local behavior and the emer-
gence of (collective) global behavior is often hard to predict, and
(ii) nature-inspired systems tend to get stuck in local optima. Sec-
ond, purely nature-inspired approaches often lack the pragmatism
required for real-world applications, which simply should work. To
deal with possible side effects of emergence, we should not exclude
the possibility to introduce more traditional concepts into a nature-
inspired approach.
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2. OUR WORK
In order to overcome the problems observed in related work, we
examine how design choices can be made that enable sufficient (or
even optimal) conformance of the system to the four requirements:
functionality, scalability, adaptivity and robustness. For example,
to ensure that the system is scalable, its algorithmic complexity
must be studied, and to ensure that it is functional, we must first
determine what ‘being functional’ means in our context, and then
investigate whether we can build a system that is indeed functional
in this way.

Having performed this examination, we propose a technique which
combines a robust mechanism found in nature with the pragma-
tism needed for real-world applications. It consists of (i) an in-
telligentenvironment incorporating both potential-field theory and
straight-forward path planning, and (ii) a group of simple robots
that respond only to local information. An example environment is
shown in Figure 1. In summary:

• The environment is divided into a course grid which facil-
itates straightforward calculations and allows us to abstract
out some of the physical difficulties of the task at hand (e.g.,
actually picking up resources).

• A simulated potential field is used to construct an expected
distributionof future resources.

• Idle robots are attracted to the potential field and repelled
from eachother. They spread over the environment in a way
that can be expected to decrease the average distances these
robots have to travel when new resources appear.

• Busy robots are guided by traditional path (re-)planning, be-
cause this makes the system less sensitive to local optima and
increases both robustness and performance, as shown in [3].

In our work, we introduce a quantitative measure for functionality
in embodied MAS, i.e., the fairnessof a system. Fairness enforces
agents to be socially engaged towards each other and clients of the
system. It can be studied using the fundamental ideas of Evolu-
tionary Game Theory (EGT) [12]. It is known from this field and
sociology that in many decision-making and strategic settings, peo-
ple do not behave like self-interested rational agents as depicted in
neoclassical economics and traditional game theory; instead, indi-
viduals usually have an inequality aversion. Typically, this leads
to the emergence of altruism in ultimatum and public good games
[12, 13], of which resource distribution can be considered an in-
stance. Support for these ideas comes from anthropological lit-
erature, describing how Homo sapiens evolved in small hunter-
gatherer groups [12]. Such societies had no centralized structure
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Figure 1: An example grid environment with various walls. Potentials
are visualized by color and denoted in each cell, below the cell’s coor-
dinate. Gray cells lie outside the environment. Robots are visualized
using circles (outlined for idle robots, filled for robots that are going to
a resource). Resources are visualized using small black boxes. It can be
seen that some resources are currently held by a robot (e.g., at (4,4)).

of governance, so the enforcement of norms depended on the vol-
untary participation of agents. We argue that functionality of a sys-
tem is typically addressed based on the rationality assumptions of
classical game theory, showing optimality criteria that do not match
with human expectations and decision making. We illustrated this
by an experiment with human actors [3], which shows that in a
real society, agents do not only care about their own utility but also
about how this utility compares to the utility of others.

3. RESEARCH AGENDA
For future research, we will extend our current research along two
nature-inspired lines, viz. one related to biology-inspired tech-
niques and one related to evolutionary game theory. Both lines will
be briefly illustrated here.

Biology-inspired techniques. Our research is divided in two dis-
tinct phases. In the first phase, we allow a central control approach.
In the second phase, we will study how we can further increase
adaptivity and robustness of the system by introducing distributed
control, for example by introducing sensor networks. We believe
that it is important to clearly divide both complex tasks, since the
large number of different effects playing a role in both of these
tasks could make results difficult to interpret.

Evolutionary game theory. The notion of fairness we found
in our experiments, cannot only be used as a measure for existing
systems, but can also be applied explicitly in the design of a new
system. Currently, we are investigating how to develop an explic-
itly fair resource distribution system. In [3], we found that humans
tend to select the center of gravityin simplified scenarios with only
one agent and a limited number of locations where resources are
offered. Generalizing this result to a situation with more agents
can be done, for example, by partitioning the environment into re-
gions (as many regions as there are agents) and determining the
center of gravity for each of these regions (and thus, determining
the fair position for a agent within the region). The size and shape

of the regions can emerge during the simulation, using the actual
assignments of agents to resources our planner performs. Obvi-
ously, such a system is especially needed when agents are regularly
idle – if they are constantly busy, they will not have time to position
themselves at the required center of gravity.
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