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ABSTRACT On the one hand, research on agent coordination from an AOSE

In this paper, we look at a scalable, generic methodology for coor- perspective has mainly focused on core topics in the design of the
dination in large, embodied multi-agent systems (MAS), operating software architecture and the role of the environment in MASs. On
in noisy, real-time environments. More specifically, we look at real- the other hand, research from the learning perspective has mostly
world task assignment problems and use the testbed of robots perfocused on the fundamental question of how agents can learn to op-
forming resource distribution in large storage facilities. The main timize their utility at the individual level and still coordinate their
problem when using MAS for task assignment problems in real- actions as a collective at the group level, i.e. showing global de-
world environments is the limited scalability of traditional MAS  sired emergent behavior. As both lines of research meet each other
approaches such as centralized planning. along the ideas of swarm intelligence and stigmergy (the indirect
communication taking place among individuals in social insect so-
As a first step toward a generic methodology for embodied, dis- cieties [10]), it is important to observe that our work is situated
tributed MAS, we analyse the behavior and the scalability of an in the second perspective, i.e. the area of adaptive and learning
embodied MAS which is driven by simulated potential fields. Re- agents. Most work so far in the learning agents area has focused
sources in a storage facility emit a certain simulated potential while on stateless decision games or matrix games from (evolutionary)
robots emit an opposite potential. Applying principles inspired by game theory [11, 13]. Different approaches, varying from joint ac
physics to local behavior, idle robots move toward resources but tion learners to local Q-learners, have achieved satisfying results in
away from other robots. Whenever a resource appears, a centragame theoretic settings. For an overview, see [16, 18].
agent system registers this appearance and creates a plan for a ro-
bot to pick up the resource and deliver it to some destination area. Recently, research interest has been shifting to more challenging
We show that this system is highly scalable with respect to both real-world coordination problems for (learning) agents, i.e., having
the environment and the number of robots, while maintaining func- multiple states (multi-stage problems). Task assignment problems
tionality, adaptivity and robustness. Furthermore, the integration of in grid worlds, i.e., the efficient distribution of a set of tasks among
planning prevents local optima and increases fairness. a group of agents (and the completion of these tasks) in highly dy-
namic grid environments, is one such important real-world multi-
In future work, the central agent system will be replaced by a dis- state optimization problem. Insights gained from state-of-the-art
tributed system, such as a sensor network, to further increase scalvesults in game theoretic matrix games, indicate that few solutions
ability, adaptivity and robustness of the system. for this type of problem scale well with an increasing complexity
of the problem domain and the number of agents. In particular,
centralized planning approaches can quickly reach a point where
1. INTRODUCTION the design of satisfying solutions becomes too complex and in-
Recent years have seen increasing interest and advances eoncerfyactable. For this reason, a so-called distributed MAS, in which
ing coordination of agents in distributed systems in both the agent- different adaptive agents of the system contribute to the emergent
oriented software engineering (AOSE) community and the learning solution of the entire problem, is a conceptually attractive method-
and adaptivity research community [4, 16, 18, 21]. Coordination ology. This emergent behavior depends on the notion that the use-
of alarge group of agents in a multi-agent system (MAS) is still an fyiness of the collective (or system) is expected to increase as the
open issue in noisy, real-time, cooperative and competitive environ- individual agents optimise their own or local behavior.
ments especially because many existing methods do not scale well
with an increasing number of agents or increasing environmental ysually, individual agents in MAS literature contribute to some
complexity [18]. part of the collective through their individual actions. The joint
actions of all agents then lead to some reward or utility from the
outside world. To enable local learning, this reward has to be di-
vided among the individual agents where each agent aims to in-
crease its received reward. However, unless special care is taken
with respect to how reward is assigned, there is a risk that agents
in the collective work at cross-purposes. For example, agents can
reach sub-optimal solutions by competing for scarce resources or
by inefficient task distribution among the agents as each of them
AAMAS’'06May 8-12 2006, Hakodate, Hokkaido, Japan. only considers its own goals (e.g., a Tragedy of the Commons [9]),
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Figure 1: An example grid environment with various walls. Potentials ae visualized by color and denoted in each cell, below the
cell's coordinate. Gray cells lie outside the environment. Robots areisualized using circles (outlined for idle robots, filled for robots
that are going to a resource). Resources are visualized using smhlack boxes. It can be seen that some resources are currently lde
by a robot (e.g., at (4,4)). Due to the negative potential in thapper right of the environment, some robots in the center area will
automatically start moving in that direction.

or by policy oscillations [14]. In general, the performance of dis- rying out object transportation tasks.
tributed MASs is difficult to predict. Furthermore, the outcome of
the learning process can also be strongly dependent on the parame©ur research is divided in two distinct phases. In the first phase,
ters of the learning algorithms used. we focus on scalability with respect to the number of robots and
the size of the environment, allowing a central control approach. In
In this work, we analyse a scalable, nature-inspired methodology the second phase, we study how we can further increase adaptiv-
to deal with multi-state task assignment problems, based on theity and robustness by introducing distributed control. We believe
ideas of potential fields from physics, pheromones from biology that it is important to clearly divide both complex tasks, since the
and swarm intelligence from computer sciefce. large number of different effects playing a role in both of these
tasks could make results difficult to interpret. To investigate the
We investigate a specific class of multi-state task assignment prob-first phase, we have developed a system in which the behavior of a
lems, i.e. resource distributiorin large storage facilities. Robots  large group of simple robots is guided by a central agent. The cen-
working in these facilities have to co-operate in a complex, dynam- tral agent (which for the robots essentially is part of the environ-
ical environment and deal with unknown resource transportation ment) monitors the environment, creates simulated potential fields
requests, unexpected events and robot breakdowns. Thus,any co and performs straightforward route planning tasks for robots that
trol system for resource distribution should not only be functional, have to fetch and/or drop resources. The central agent is capable of
but also adaptive, robust and scalable. Following the classification replanning in case of failure (e.g., a robot got off-track).
of multi-robot systems (MRS) as discussed in [8], we are interested
in cooperative, strongly coordinated systems performing so-called In this paper, we will discuss this first phase simulator and vari-
‘foraging’ and ‘object transportation’ tasks. However, our cutren ous experiments, focusing on scalability. The second phase will
research does not focus on the physical difficulties involved in car- not be addressed yet. The remainder of this paper is organized as
follows. Section 2 gives an overview of related work and the oppor-
T - - . .__tunities and motivations for our own research. Section 3 discusses
Since the first two ideas are in essence the same apart from minor

differences such as evaporation (which is observed in pheromonesOur methodology in combination with our simulated environment;

but not in potential fields), we will use the term potential fields in Section 4 presents some initial experiments and results; in Section
the remainder of this paper. 5, we conclude and look at future work.




2. RELATED WORK ent agents are equipped with a learning algorithm as for instance
The idea of applying potential fields to the domaineshbodied Q-learning, but instead we investigate learning capacities for the
MASSs(i.e., MASs with physical agents such as robots) is obviously environmentin order to optimally guide the agents to the local
not new; see, for example, [3, 5, 6, 19, 22]. Similar techniques have and collective solution of the problem. In this paper, we manu-
been shown to work properly on real robots (e.g., [17]). Although ally adapt environmental properties, to illustrate that autonomous
results are very appealing, they originate from research that mostly environmental adaptation can definitely contribute to performance.
follows either an engineering perspective or a perspective purely

committed to one technique. We are aiming at the development3 ~ METHODOLOGY AND
of a clear and powerful methodology for coordination in embodied SIMULATION ENVIRONMENT

MAS in general, instead of engineering a satisfying solution for a . ) . - .
typical problem case or committing to a single technique. As the In this section, we concisely explain our methodology for solving

state of the art points out, such a methodology is currently lack- resource distribution problems, integrated in our simulation envi-
ing (as mentioned in [22]). This paper presents a first step toward fonment. As mentioned above, the key properties of our methodol-
this goal. This leads to a different focus in our research and two ©9Y (@part from functionality) are adaptivity, robustness and scal-

important differences between this work and earlier work. ability. Adaptivity and robustness are realized primarily by using
nature-inspired and environment-focused methods, e.g. potential

fields [2, 12], which are simulated, maintained and communicated
to robots using an auxiliary agent systérBvery resource that ap-
pears in our simulated system will emit a certain negative potential
(proportional to its priority). Idle robots in turn emit positive po-
tentials. Using adaptable potential propagation and enforcement
methods, the negative and positive potentials spread over the en-
vironment and cause a force that attracts idle robots to resources,
but repels them from each other. Once a resource is picked up by a
robot, it immediately stops emitting potential. However, in the cell
where the resource has been picked up, the potential decays only
slowly. This leads to anemory effecin the environment, which
contributes to optimal placement of idle robots if future resource
locations conform more or less to historical locations. Other ap-
proaches (e.g., [6]) do not use such a memory effect.

First, for this type of research, it is very important to thoroughly ex-
amine the principles and effects underlying certain design choices
(e.g., potential propagation functions, distributed control, adapta-
tion of environmental properties) both empirically and theoreti-
cally. In related work, such an analysis is usually missing or in-
complete (with fine exceptions, e.g. [19]). For instance, in many
papers, the problem of local optima in potential fields is mentioned,
but hardly ever elegantly solved [22]. In order to overcome such
well-known problems of existing approaches, we are especially in-
terested in investigating whether certain current claims on the inte-
gration of various approaches indeed hold. For example, Weyns et
al. [22] point out that the integration of straightforward planning
methods in a potential-field-based system is difficult. However, we
show that this is not necessarily the case and that it can contribute

to performance and fairness when local optima occur.At the empir- Busy robots, i.e., robots that are heading toward a resource or a

ical level, our initial experiments illustrate that (1) design choices target location, are guided by straightforward path (re-)plannin
regarding small details can have large effects on the success of the 9 ' 9 y 9 P P 9

system as a whole; (2) the first version of our methodology leads to using Dijkstra’s algorlth_m [7]' Here, using planning o_ffers a feyv
: . - : advantages over potential fields. Most importantly, using planning
a highly scalable (and still functional) solution for resource alloca- : ; - )
. L .~~~ for the actual task assignment is beneficial for the system’s perfor-
tion and resource distribution, and (3) the effects of local optima in . A
9 . . mance in two ways. First, it helps to overcome the effects of local
our system are reduced, which increases fairness (i.e., all cesour L I o - .
. X . optima in potential fields; in purely field-based approaches, if mul-
have to wait for a reasonable amount of time). At the theoreti- .
S . : tiple robots go after the same resource, none of them might be able
cal level, we are especially interested in evolutionary game theory,

which has shown to offer powerful tools (for instance evolutionary to reach it because they are all trying to avoid one another and thus

stability criteria) with which to understand complex interactions get stuckiin local minima. In our case, whenever a robot is assigned

and emeraent behavior in Svstems with a larae number of agents to a resource, it immediately stops emitting potential. It will there-
9 y 9 9 " fore not be repelled by other robots, nor disturb the potential field

) ) o in areas it crosses while moving toward the resource. Second, in
A second difference in focus between existing work and our work rely field-based approaches, remote areas often experience un-
is c_aused_ by our interest in the role of the environment in M- tairly long waiting times [22]. With planning, we can make sure
bodied, distributed MAS which uses nature as a source of iNSpi- \ha¢ the first resource to appear is also the first served, or take re-
ration. Even though many authors claim to use methods derived oteness into account without increasing waiting times too much.
from biology (e.g., swarm intelligence, stigmergy), the agents are anqther advantage of planning is that it allows us to construct an
only loosely based on their biological counterparts. For example, gnimal route for busy robots with linear time complexity (with re-
in earlier work, agents are equipped with memory buffers [22] or gpect to route length), as will be shown below. Finally, integrating
the ability to perform simulated movement instead of actual move- yjanning behavior in our system is not difficult. It should be noted

ment [5], or they contain internal state machines [15]. Obviously, inat this finding contradicts the view of Weyns et al. [22].
although such features make the agents much stronger, they also

make them less generic and less biologically plausible. In our opin- sjnce the potentials are directly related to the current state of the en-
ion, the (global) behavior of the environment must be emphasized \;ronment, we ensure that our system is indeed adaptive and robust
and studied in order to facilitate drastic simplification of the (local) (apart from possible breakdowns of our central agent, which will

behavior of the agents inhabiting it. Therefore, we look at possi-
bilities to build adaptivity into the environment or the agent(s) rep- “In the first phase of our research, these fields are maintained in a
resenting it, in order to make local behavior lead to desired global central agent (which essentially is an ‘invisible’ part of the environ-

behavior. Some research has been conducted in the area of combin?'€NY: In the second phase, the central agent will be replaced by

; ; . : ; a distributed system, ensuring even more robust and adaptive oper-
ing potential-based approaches with adaptive techniques, for exam-p4iqn Both systems will use the same simple robot controllers, in

ple Reinforcement Learning (e.g., [15]). However, we will nottake |ine with our intention to develop robots with a biologically plausi-
an explicit Reinforcement Learning approach, in which the differ- ble complexity.
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Figure 2: Potential propagation with inverse polynomial and logarithmic decay. In both cases, the potential decreases when the
distance (in grid cells) increases. Inverse polynomial decay contanmore directional information near the maximum, whereas
logarithmic decay is able to distinguish direction further away from this maximum.

be addressed in the second phase of our research). It is adagtive b pearance scenario and the size of the environment. However, the
cause the potential field can change immediately whenever the en-resulting polynomial complexity is obviously still due to the en-
vironment changes. Due to a tunable memory effect, the field can vironment’s size. In practical situations, this size should actually
either adapt fast and/or retain rich information about past experi- not be a bottleneck — when many cells are required, the problem
ences. Robustness is ensured by (1) spreading information over thes easily dividable into smaller subproblems by assigning restricted
environment (by potential propagation) and (2) the central agent’s regions to robots and central agents. Additionally, practical limi-
ability to replan in case a robot gets off track. In future work, we tations can make the environmental time complexity almost linear.
will support these claims with a set of experiments. For example, it is possible to impose a distance threshold on the
potential propagation function used by the robots [3], since robots
Scalability in our case should be ensured for two distinct entities, ©Nly need to be pushed away from each other when they are in each
viz. environment (size) and robots (number). Many traditional Other's vicinity.
MAS approaches unfortunately possess an exponential complexity
with respect to these entities. In order to obtain a scalable approach4, EXPERIMENTS

we need to ensure that it has at most a polynomial, and preferably|n our initial experiments, we focus on (1) the effects of select-
even a linear, complexity here. In our case, both idle and busy ro- ing a potential propagation formula and a (simple) local behavior
bots are guided by a process for which the complexity is mostly for robots and (2) empirical studies of the time complexity of our
related to the environment and only linearly dependent on the num- system. We do not yet focus on real applications of our proposed
ber of robots. This implies that our approach is indeed scalable system. In future experiments, we will certainly do this. Further-
with respect to the number of robots. more, potential propagation and local behavior will be optimized
using adaptive techniques such as reinforcement learning, and time
In order to facilitate the scalability of the environment, we impose complexity will be theoretically determined.
a square grid structure on it. Each grid cell is relatively large (e.g., ) . .
a square with sides of 4 meters). Due to walls, adjacent grid cells C_hangmg the potential propagation formula emplqyed b_y the en-
are not always neighboring. An example environment is illustrated Vironment can have large effects on the local configuration of the
in Figure 1 and example potential fields are illustrated in Figure 3. enwronr_nent, _and thus on the ac_tlons of rqbots respondlng_to this lo-
The grid structure has two obvious advantages. First, it makes both @l configuration. For example, if we use inverse polynomial decay
potential propagation and path planning calculations feasible evenor OUr Propagation (i.e. /7, in accordance with potential propa-
in large environments; after some initial (light) calculations, path 9ation in physics [2, 12]), cells in the neighborhood of cells with
planning can be performed in linear time (relative to path length) high (absolute) potential will show a steep gradient and will there-
and potential propagation in quadratic time (relative to the number fOré include rich directional information. However, the directional
of grid cells), while preserving necessary information. Second, the mforr_nathn in cells that are further removed is Ilmlted._ Wlth'a
grid enables us to abstract away some of the details of our robotic '°garithmic decay1/ log r), the effects are exactly opposite, as il-
systems: we consider robots to have autonomous capacity to movdustrated in Figure 2. The effects of these potential propagation
to a neighboring grid cell and to pick up or drop a resource in a grid formulae are illustrated in Figure 3 for an actual, complex environ-

cell. In our simulated system, we use discretized time and assumement. It is clearly visible that the formulae, while leading to similar
that each action can be comp’Ieted in exactly one time step. landscapes, lead to different local configurations and different am-

plitudes. Due to these differences, an inverse polynomial decay is

i . more sensitive to local optima in configurations that are far from
From the above, one might conclude that the grid actually makes onima| put converges better in configurations that are almost op-
the system polynomially time-complex with respect to the number ;4 already.

of resources presented and the number of robots; after all, for each

robot movement and for each resource appearance and disappeaChanging the local behavior (movement) of robots can obviously
ance, we have to recalculate the potential field, which is a polyno- also have a large influence on the system’s global behavior. In our
mial process, related to the size of the environment. Furthermore, system, the only input a robot receives consists of the potentials of
the number of robots needed is proportional to the resource ap-(1) itself, (2) its own grid cell and (3) the (at most eight) neighbor



(a) Logarithmic decay. (b) Inverse polynomial decay.

Figure 3: Logarithmic and inverse polynomial decay in the environmen depicted in Figure 1. After placing 1,000 resources in the
environment (with a potential of -1 each, leading to an environmerdl potential of -1,000), 12 robots are added randomly (with a
potential of +83.3 each, leading to a robot potential of 1,000). e resulting potential field is shown for both decay formulae.

cells. Based on this input, many local behavior mechanisms can Increasing the nhumber of robots and the size of the environment,
be devised; for example, greedy movement (the robot moves to we observe that the time complexity of this system conforms to lin-
the cell with the lowest potential), stochastic movement (the robot ear bounds with regard to the number of robots (see Figure 4(a))
selects a cell with a probability equivalent to the cell’s potential and to polynomial bounds with regard to the number of grid cells
[6]), physically plausible movement directed by force vectors, or (see Figure 4(b)). It should be noted that the polynomial complex-
Boltzmann exploration [11]. ity with respect to the environment only starts playing a role in very
large environments. In this case, it would be beneficial to divide the
environment in various regions, where each region is controlled by
'a separate potential field. When we increase both the number of
éobots and the number of grid cells at the same time, we observe
that the system conforms to polynomial bounds as well, as can be
expected. Since most (if not all) multi-agent planners have an expo-
nential time complexity with regard to the number of agents and/or
the size of the environment, these are promising and encouraging
results.

In our experiments, we use both greedy and stochastic movement
both inverse polynomial and logarithmic decay and applied these to
various environments. We observe that the system behaves in thre
distinct ways, regardless of the options chosen, viz. (1) when a re-
source appears, the nearest robot is assigned and brings theessou
to its destination; (2) when a robot is (or becomes) idle, it automat-
ically starts moving toward the area(s) where resources are most
frequently offered; and (3) when no new resources are offered f

a certain period of time, the robots are distributed over the environ- Considering functionality, we see that our approach does a bal-

ment in accordance with the distribution of past resource offerings. _ .4 2 thorough job. A large-scale comparison of the perfor-

The first of these three behaviors is caused by the planning COMPO- -~ ce of our system with existing systems is beyond the scope

_nent mtegra'ted in the cent_ral agent. It ensures that every reSOUrceyt this paper. However, we can observe that all resources are (in
is actually picked up as quickly as possible, given the current con-

figuration of robots. This automatically leads to a fair waiting time due time) transported to the correct locations, even if we let robots
f(?r each resource ' y 9 make deliberate errors in the execution of plans (for example, they

move to (3,4) instead of (4,3)) and also if we periodically introduce
malfunctions in one or more idle robots (for example, they are not
Compared to greedy movement, stochastic movement leads to moreable to move at all). Our approach does not lead to isolated areas
physical exercise for idle robots — although this often leads to ‘sense+in the environment, i.e. remote areas in which long waiting times
less’ moving, it also contributes to less frequently occurring local occur between resource appearance and processing, as reéported
optima. Comparing inverse polynomial and logarithmic decay, we the paper of Weyns et al. [22]. Since our approach uses straight-
observe that the latter creates more ‘readable’ results in complexforward planning to assign and guide idle robots to newly appeared
environments since potentials are usually higher. However, inverseresources, waiting times are not dependent on the remoteness of
polynomial decay seems to work better when robots are equippeda certain area, but rather on (1) the number of robots (with less
with stochastic movement and close to resources (based on our obrobots, it happens more often that all robots are busy and a new
servations of robot behavior in many cases). We informally experi- resource has to wait until current tasks have been completed) and
mented on a large variety of environments to assess whether any of(2) the quality of potential field and local behavior (the better this
the design choices clearly outperformed the other ones, but foundquality, the greater the probability that idle robots stand close to a
that this is not the case; each of these choices has its strengths andewly appeared resource). The performance of the system (as well
weaknesses. This shows that a system’s performance can definitelyas its scalability, as has been mentioned earlier) might be increased
benefit from adaptive (environmental) properties. even further by cleverly partitioning the environment and assigning
robots to the partitions instead of to the entire environment [1].
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