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Preface

With the proliferation of consumer devices, computation is becoming truly ubiqui-
tous. Multi-agent systems hold the promise to enable utilization of these computa-
tional resources for ground-breaking new applications. However, as the number of
agents involved in multi-agent computations rises, traditional approaches of build-
ing multi-agent systems fail to scale. Massively multi-agent systems address this
challenge of scale. Massive, in this context, is meant to capture the complexity
of such systems, which precludes decision making to focus on individual agents.
Agents making decisions have to reduce the complexity of the space in which they
must decide. The focus, therefore, is on the approaches to manage the complex-
ity, implications of this abstraction, as well as on identifying ways of applying the
paradigm to problems.

Papers appearing in this volume have been selected from three interna-
tional workshops held in conjunction with the International Conferences on Au-
tonomous Agents and Multiagent Systems (AAMAS) held in 2006 and 2007:
First International Workshop on Coordination and Control in Massively Multi-
agent Systems (CCMMS 2007); and the jointly held Second International
Workshop on Massively Multi-agent Systems (MMAS 2006) and the Third Inter-
national Workshop on Challenges in the Coordination of Large-Scale Multi-agent
Systems (LSMAS 2006).

The papers in this collection, authored by some of the leading researchers in
massively multi-agent systems, fall into four broad categories, presenting a snap-
shot of current research. Included are implementation strategies addressing co-
ordination in the space of spatial and temporal distributed systems; approaches
to deal with complexity to make decisions such as task allocation and team for-
mation efficiently, by creating implicit or explicit encapsulations; and finally, a
diverse range of applications to which these approaches may be applied, from
large-scale agent-based simulations to managing different types of networks to
image segmentation. As may be expected, a number of the authors have drawn
inspiration from human and animal organizations evolved through time to scale
naturally.

One of the invited submissions is a comic strip depicting an artist’s vision
of a future with massively multi-agent systems. This admittedly unconventional
inclusion is intended less for editorializing the volume or capturing the breadth
of research in the field, and more to illustrate the need to shift from reasoning
about the individual to reasoning about the less countable. We hope that readers
will find this to be a valuable and interesting addition.

March 2008 Nadeem Jamali
Paul Scerri

Toshiharu Sugawara
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A Platform for Massive Agent-Based Simulation and  
Its Evaluation 

Gaku Yamamoto, Hideki Tai, and Hideyuki Mizuta 

IBM Research, Tokyo Research Lab. 1623-14, Shimotsuruma, Yamato-shi,  
Kanagawa, Japan 

{yamamoto,hidekit,e28193}@jp.ibm.com 

Abstract. Agent based simulation (ABS) is efficient for the simulation of 
objects whose mathematical modeling is not easy. There are many studies on 
ABS and several frameworks for ABS have already been published. However, 
there are few frameworks that can enable agent-based simulation using large 
numbers of agents. We have been developing a Java-based platform for 
Massive Agent-Based Simulation (MABS) called “Zillions of Agents-based 
Simulation Environment” or ZASE. The purpose of ZASE is to develop MABS 
applications on multiple general computers such as PCs or workstations where 
they are connected with a high performance but generally available network 
such as gigabit Ethernet. ZASE is designed to host over millions of agents. In 
this paper, we introduce ZASE and explain the fundamental capabilities for 
MABS provided by ZASE. We evaluated ZASE for the agent-based auction 
simulation where the number of agents varied from ten to a million. The results 
indicate that the number of agents affects the final bid prices and their 
distributions. Performance measurement results on both an SMP computer 
environment and a multiple-computer environment are shown. The results in 
the both cases were about 3.5 millions of times of that agents handle messages 
in a second. The scalability ratio on the SMP computer and the multiple-
computers environment were 78% and 85% respectively. Those scalability 
ratios are such good values for the simulations. 

Keywords: Agent-based Simulation, Massively Multi-Agent Systems. 

1   Introduction 

Agent based simulation (ABS) is efficient for the simulation of objects whose 
mathematical modeling is not easy. There are many studies on ABS and several 
frameworks for ABS have already been published [1, 2, 3, 4, 5, 6]. However, there are 
few frameworks that can enable agent-based simulation using large numbers of 
agents. MASON provides a runtime for managing a large number of agents in a single 
process. SOARS aims to support a PC grid. Takahashi proposed a framework for 
managing large numbers of agents on BlueGene/L, which is an IBM multi-nodes 
supercomputer [7]. A simulation platform for managing large numbers of agents (we 
call such a simulation a Massive Agent-Based Simulation (MABS) in this paper) has 
not matured. We have been developing a Java-based platform for MABS. We called 
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the platform “Zillions of Agents-based Simulation Environment” or ZASE in this 
paper. The purpose of ZASE is to develop MABS applications on multiple general 
computers such as PCs or workstations where they are connected with a high 
performance but generally available network such as gigabit Ethernet. ZASE is 
designed to host over millions of agents. ZASE provides not only basic functions for 
ABS but also capabilities for MABS, such as a thread control mechanism, a 
mechanism for dividing a simulation environment into multiple simulation runtimes 
and agent runtimes, a mechanism for controlling simulation cycles shared among 
runtimes, an effective mechanism for exchanging runtimes, and a mechanism for 
monitoring performance indexes. 

In this paper, we introduce ZASE and explain the fundamental capabilities for 
MABS provided by ZASE. We evaluated ZASE for the agent-based auction 
simulation described in [8]. In the evaluation, we varied the number of agents from 
ten to a million. This paper presents the simulation results. The results indicate that 
the number of agents affects the final bid prices and their distribution. Performance 
measurement results on both an SMP computer environment and in a multiple-
computer environment are also shown. 

An overview of ZASE is introduced in Section 2. We explain fundamental 
capabilities for MABS in Section 3. An agent-based simulation as an application 
example and its simulation results are described in Section 4. Performance 
measurement results are shown in Section 5. Related Work and Conclusions are 
covered in Sections 6 and 7, respectively. 

2   Overview of ZASE 

ZASE is a scalable platform for multi-agent simulations potentially using billions of 
agents. On the ZASE platform, a simulation environment is divided into multiple 
runtimes, and they are executed either on a single computer or on multiple computers. 
Each agent runtime provides a management mechanism for hundreds of thousands or 
millions of agents. ZASE interconnects multiple distributed processes by means of 
message communication and integrates them into a single system. ZASE provides 
simulation developers not only with some basic features such as simulation cycle 
management and logging but also various essential capabilities required for 
simulations which use millions of agents. Figure 1 is an outline of the architecture of 
ZASE.  

ZASE is based on the agent model of [9]. Each agent of ZASE has internal states, 
handles messages and updates its own states as needed. Messages are sent by a 
simulator or by other agents. When a message object is delivered to an agent, a 
callback method of the agent is called. A returned message object will be sent back to 
the sender. The ZASE framework provides functions to create and to delete agents. 
Developers can add service objects to an agent runtime. Agents can look up the 
reference to a service object and can directly invoke methods of a service object. A 
service object also has functions similar to those of agents.  

Messages are exchanged among agents, simulation runtimes, and agent runtimes. 
ZASE provides point-to-point messaging and multicast messaging. 
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Fig. 1. Architectural overview of ZASE 

3   Technologies for MABS 

A MABS system requires a capability to manage large numbers of agents in a single 
runtime and a capability for linking multiple runtimes. Therefore, the following 
mechanisms are needed. 

 A mechanism for managing many agents in a single runtime 
 A mechanism for dividing an entire simulation system into multiple runtimes 
 A messaging mechanism which can reduce the number of messages transferred 

among multiple runtimes 
 A mechanism for load balancing 

3.1   Runtime Technologies for Managing Large Numbers of Agents 

The key issues of a runtime managing large numbers of agents are how to control 
memory and how to handle threads. We had already developed an agent swap in/out 
mechanism [9]. If a runtime does not have enough memory to load all of the agents, 
our mechanism will unload some agents when the mechanism tries to load other 
agents into memory. The mechanism is efficient for business applications such as 
Web applications. However, it is not efficient for simulation systems. Since agent 
loading and unloading invokes disk accesses, the system performance becomes bound 
to disk access speed. Since MABS applications require high performance, 
performance degradation from agent loading and unloading is not acceptable. ZASE 
is designed to use multiple computers without any need for loading and unloading of 
agents. 

In contrast, the need for a thread control mechanism cannot be eliminated. A 
frequently used approach involves a thread pool mechanism [3, 9] and ZASE uses this 
approach, too. In a thread pool architecture, an agent does not own any threads. The 
threads are managed by a runtime and the runtime schedules a thread for an agent to 
use if the agent has messages that need processing. The number of threads is 
controlled by the runtime. Therefore, an agent in an environment based on the thread 
pool architecture must be “reactive.” When a message is sent to an agent, the message 
is stored in a queue assigned to the destination agent. The runtime will assign a thread 
in the thread pool to the agent at an appropriate time. Then the agent will quickly 



4 G. Yamamoto, H. Tai, and H. Mizuta 

handle the stored message, because the agent has to release the assigned thread as 
quickly as possible. It cannot wait for incoming message during message handling 
because that would cause deadlock of the entire system. However this is a restriction 
on the programming model, but it is not serious limitation for programmers. 

3.2   Division of a Simulation Environment 

A single runtime can manage tens of thousands or hundreds of thousands agents, but 
it cannot manage millions of agents. Therefore, we need a capability that allows 
dividing a simulation environment into multiple runtimes and communicating among 
them. Division of a simulation environment is designed to take into account the cost 
of communications between each simulation runtime and each agent runtime, the cost 
of communications among the simulation runtimes, the cost of communications 
among the agent runtimes, the load of each runtime, and the memory available to each 
runtime. Takahashi showed that communication cost especially affects on 
performance for an MABS [6]. In our pilot study of ZASE, the number of messages 
transferred between two Java virtual machines in a second averages 2,746.8 per CPU 
where the CPU is AMD OpteronTM 2.19 GHz, so the average time for transferring a 
message is 364.1 microseconds. In contrast, the time for an agent to handle a message 
is only 1.16 microseconds described in later. 

An efficient division depends on the application’s characteristics. For the auction 
simulator described later in this paper, the full simulation environment can be divided 
into a single simulation runtime and multiple agent runtimes. The simulation runtime 
multicasts a bid request message to all of the agents in each simulation cycle. Each 
agent can reply with a message containing new bid price or zero if the agent does not 
bid. As described later, the bid request messages sent from the simulation runtime to 
the agents in an agent runtime can be aggregated into a single message. The reply 
messages from the agents in an agent runtime to the simulation runtime are 
aggregated. In contrast, Swarm-type simulations [2] are different from the auction 
simulation. The agents spread over a geographical environment. Each agent 
communicates with its neighbors. Since the communication pattern used in the simu-
lation is not multicast messaging but point-to-point messaging, message aggregation 
is not possible. Therefore, the division approach used for the auction simulation is not 
suitable for Swarm-type simulations. However, a geographical environment can be 
divided into multiple cells. If the cells are not too small, then the amount of data 
transferred among the cells will not be too large. Therefore, an approach in which the 
entire simulation environment is divided geographically into multiple cells and each 
divided agent runtime is located with a divided part of the simulation runtime is 
appropriate. 

The ZASE simulation environment consists of one or more simulation runtimes 
and one or more agent runtimes. ZASE provides a capability to divide an agent 
runtime into multiple agent runtimes and a capability to divide a simulation runtime. 
The divisions of an entire simulation environment can be configured in a 
configuration definition in ZASE. In order to support such division, the runtimes for 
the simulations and the agents are connected by message communication. A 
simulation runtime can send messages to agent runtimes as well as other simulation 
runtimes. ZASE also provides the capability which an agent moves between agent 
runtimes to support Swarm-type simulation. 
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3.3   Message Reduction Capability 

Though the number of point-to-point messages cannot be reduced, multicast messages 
can be reduced. The “MessageResolver” and the “Aggregator” in ZASE reduce the 
number of messages transferred between a simulation runtime and an agent runtime.  

A MessageResolver object determines the destination of a multicast message. It 
works in an agent runtime. When an agent runtime receives a multicast message, it 
calls a registered MessageResolver object. The object returns a collection which 
contains identifiers of destination agents. 

When an agent handles a request-response multicast message, the agent will send a 
reply message. Therefore, many reply messages will be transferred from agent 
runtime to a simulation runtime. In an MABS, this causes substantial performance 
degradation. An application creates an Aggregator object in a simulation runtime and 
calls a method for sending a message with the Aggregator object. The Aggregator 
object will be sent to an agent runtime with a message. When an agent sends a reply 
message, the reply message will be handed to the Aggregator object prior to 
transferring the reply message to the simulation runtime. If the Aggregator object 
returns null, no reply message will be sent. If the Aggregator object returns an array 
of messages, the messages in the array will be transferred to the simulation runtime 
which sent the multicast request message.  

For multicast messages, the number of messages transferred between a simulation 
runtime and an agent runtime can be reduced by using both MessageResolver and 
Aggregator. 

3.4   Load Balancing 

In general, there are two types of load balancing: static load balancing and dynamic 
load balancing. For the static approach, the load balancing strategy is determined 
according to statistical performance data and the system configuration is changed the 
next time the same simulation runs. The advantage of static load balancing is that the 
runtime mechanism is simple. For dynamic load balancing, the system configuration 
is dynamically changed to adapt to the changing load. This is very good for long 
running simulations, but the runtime mechanism for supporting dynamic load 
balancing will be complex. In ZASE, we used static load balancing because the 
mechanism is simple. 

4   An Application Example: Agent-Based Auction Simulation 

4.1   Application 

We applied ZASE to the agent-based auction simulation described in [8]. In the 
simulation, there are two types of bidder agents: an EarlyBidder or a Sniper. An 
EarlyBidder starts bidding from when the auction opens and raises the bid price little 
by little. A Sniper bids at a high price once just before the auction closes. This is a 
Vickrey auction, so the auction model is that the agent bidding at the highest price 
wins, but only pays a price equal to the second highest bid. The auction simulator 
sends a bid request message as a request-response multicast to all EarlyBidders and  
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(b) Swarm-type simulation 

Fig. 2. Examples of simulation environment divisions 

Snipers in each simulation cycle. A bid request message contains the CitizenID of the 
bidder agent who bid at the highest price up to the current simulation cycle and the 
second highest bid. Each agent sends a reply message which contains a next bid price 
decided according to the agent’s strategy. Algorithms to decide the next bid price for 
an EarlyBidder or a Sniper are included in [8].  

In [8], the number of agents was fixed at ten. We ran six trials for 10^x agents, 
with x ranging from 1 to 6 (10 to 1,000,000 agents). The ratio of Snipers was set to 
30%. We iterated the simulation for each number of agents one thousand times.  

The simulation environment is divided into one simulation runtime and multiple 
agent runtimes as shown in Figure 2 (a). Each runtime runs on its own Java virtual 
machine. We used MessageResolver to send multicast messages from the simulation 
runtime to the agent runtimes. Therefore, only one message was sent from the 
simulation runtime to each of the agent runtimes in one simulation cycle. We also 
used an Aggregator object to aggregate reply messages from agents into a single 
message. There was one more internal message from an agent runtime to a simulation 
runtime. Therefore, there are two messages from an agent runtime to a simulation 
runtime in one simulation cycle. 

4.2   Simulation Results 

The graph of the final bid prices for each number of agents is shown in Figure 4. We 
can see that the final bid price increases as the number of agents increases and its 
incremental ratio gradually shrinks as the number of agents increases. 

Figure 5 shows the distributions of the final bid prices. The distribution of the final 
bid price becomes more sharply peaked as the number of agents bidding increases. 

In Figure 6, we see that even though the number of Snipers is always 30% of the 
total, the Snipers always have a better chance of winning than the EarlyBidders. The 
graph also shows that the gap between Snipers and EarlyBidders decreases as the 
number of bidders increases. 
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Fig. 3. MessageResolver and Aggregator 
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Fig. 5. Distribution of the final bid prices 
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Fig. 6. Distributions of the final bids for Sniper wins and for EarlyBidder wins. The ”(S)” after 
a number indicates Snipers, and ”(E)” is for EarlyBidders. 

5   Performance Evaluation 

The performance of the simulations is significant for an MABS. However, there is no 
consensus on performance metrics for MABS. Here, we use “aps” (agents per second) 
which is the total number of times of that agents handle messages during the 
execution of a simulation divided by the total simulation time. 

We measured the performance of the auction simulations for two system 
configurations: a symmetric multi-processor (SMP) machine (SMP) and a system 
with multiple computers. 

5.1   Performance on a SMP Machine 

To maximize performance, we divided the auction simulation environment into a 
simulation runtime and four agent runtimes except when the number of agents was 
only ten. For ten agents, we divided the environment into a simulation runtime and an 
agent runtime. The hardware and software configurations appear in Table 1. The 
results are shown in Figure 7. 

Table 1. Configuration of the SMP environment 

CPU Dual Core AMD Opteron ™ Processor 
275 2.19 GHz, 2-way 

Memory 3.25 GB 
OS Microsoft Windows XP Professional 

Version 2002 SP2 
Java J2RE 1.4.2 IBM Windows 32 build 

cn142-20060421 (SR5) 
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Fig. 7. Performance on the SMP environment 

The performance for 100 agents is 15244 aps and peaks at 3,670,000 aps for 
100,000 agents. The reason why performance is small when the number of agents is 
small is that the processing overhead for an agent processing a message is much 
smaller than the processing cost of the other processes such as message transfer. The 
processing cost of the other processes is constant and does not depend on the number 
of agents because we used MessageResolver and Aggregator. Therefore, the aps 
values are small as the number of agents is small. 

Next, we measured effect of runtime division on the SMP computer. The result is 
shown in Figure 8.  
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Fig. 8. Scalability on the SMP computer environment 

The number of agents was fixed at one million. The reported value is the percent of 
aps compared to the “Theoretical Value” aps, which is four times of the value for “1 
CPU.” The label “1 CPU” means that the simulation environment would be divided 
into one simulation runtime and one agent runtime and both be processed by the same 
processor. The label “4 CPU 1 AgentRuntime” means that the simulation 
environment is divided into one simulation runtime and one agent runtimes and they 
were processed by four processors. The label “4 CPU 4 AgentRuntimes” means that 
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the simulation environment is divided into one simulation runtime and four agent 
runtimes and they were processed by four processors. We also set the CPU affinity to 
each agent runtime. Therefore, each agent runtime is executed on a single CPU. 

The performance of 4 CPU 4 AgentRuntimes is 78% of the theoretical value and 
the performance of 4 CPU 1 AgentRuntime is about 67% of the theoretical value. We 
think that 78% is a good value. There are various reasons why those values are not 
100% and why the performance of 4 CPU 4 AgentRuntimes is higher than the 
performance of 4 CPU 1 AgentRuntime. First, the cost of a process in the simulation 
runtime and message transfer is not small. Second, conflicts of Java synchronization 
cause performance degradation. Third, synchronization among the processors’ cache 
decreases performance. In our pilot study, the performance of 4 CPU 4 
AgentRuntimes without the CPU affinity was 3,142,100 aps where the number of 
agents was 100,000. We can guess that synchronization of resources among multiple 
CPUs decreases performance. Although we believe these are the primary reasons, we 
need more investigation to confirm them. 

5.2   Performance on Multiple Computers 

In this section, we show the performance measurement results where the auction 
simulation is executed on multiple computers. The simulation environment is divided 
as described in the previous section. The configurations of hardware and software are 
shown in Table 2. All of the computers have the same configuration. The number of 
agents was set as one million. The number of computers varied from one to six. The 
measured results are shown in Figure 9. 

Table 2. Configuration of each computer in the multiple-computer environment 

CPU Intel(R) Pentium(R) 4 CPU 3.00 GHz 
Memory 2.0 GB 
OS Linux version 2.6.9-34.EL 
Java J2RE 1.4.2 IBM build cxia32142-20060824 (SR6) 
Network Gigabit Ethernet 

 
The performance increases as the number of computers increases. For six 

computers, the performance is 85% of the theoretical limit (so the scalability ratio is 
85%). We can say the system is scaleable up to at least six computers. However, 
performance is lower than the theoretical limit because there is overhead for the 
execution of the simulation runtime and for messaging. In addition, the time when an 
agent runtime finishes processing in a simulation cycle is not the same as when the 
other agent runtimes finish. Therefore, the total performance is somewhat lower than 
the theoretical limit. 

This performance degradation might be serious on the environment where the 
number of computers is ten and above. If the number of agents is ten millions, the 
simulation time of the agent-based auction simulation described in this paper will be 
about 16 days. Although 3.5 millions aps is fast, we need more than ten computers to  
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Fig. 9. Scalability on the multiple-computer environment 

reduce the simulation time to a few days. Therefore, scalability will be significant if 
the number of computers is ten and above. We need more investigation on scalability 
in the multiple-computer environment. 

6   Related Work 

Many ABS simulation frameworks have been developed and shared among research 
communities, mainly for education and for shared research tools such as Swarm [2], 
AScape [5], and StarLogo [6]. Recent research trends along with practical 
applications for large scale simulations of the real economy and complex networks 
with power law distributions call for the development of new frameworks. For 
example, MASON (which can reproduce SugarScape social models on a lattice) 
provides a toolkit to execute high speed simulations with many agents in a single 
process. SOARS provides a common platform for education and realworld 
applications, and it is easy to develop simulation models with its GUI and also to 
visualize its simulation results. SOARS can utilize Grid computing and FPGAs for 
scalability and high speed execution. On the other hand, ZASE aims at performing 
even larger-scale simulations by managing many agents in each process and by 
combining the processes hierarchically.  

Takahashi and Mizuta proposed an agent-based simulation framework on the 
supercomputer BlueGene/L [7]. In this framework, agents will be distributed on many 
nodes connected with a very high-speed network. Compared with these systems 
targeted for specific computing platforms, ZASE is a framework intended to construct 
a large-scale multiple-agent simulation system which can be executed on more 
general computing systems. 

7   Conclusion 

We described ZASE, is a platform for MABS, and described its fundamental 
capabilities for MABS applications. The capabilities are as follows: a mechanism for 
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managing many agents in a single runtime, a mechanism for dividing an entire 
simulation system into multiple runtimes, a mechanism for controlling a simulation 
cycle spanning multiple runtimes, a messaging mechanism which can reduce the 
number of messages transferred among multiple runtimes, and a mechanism for load 
balancing.  

To demonstrate the use of ZASE, we also presented agent-based auction 
simulations where the number of agents varied from ten to a million. The results 
indicate that the number of agents affects the final bid prices and their distributions.  

Performance measurement results on both an SMP computer environment and a 
multiple-computer environment were also shown. The results were about 3.5 millions 
aps in the both cases. For the agent-based auction simulation, the scalability ratio is 
78% on the SMP computer environment when a simulation environment is divided 
into one simulation runtime and four agent runtimes. The scalability ratio on the 
multiple-computer environment is 85% when six computers are used. Those 
scalability ratios are such good values for the simulations because ZASE has low 
costs for message transfers among runtimes, but we need more investigations into the 
reasons for the performance degradations in the multiple-computer environment. 

Acknowledgments. This work was supported by "Strategic Information and Com-
munications R&D Promotion Programme (SCOPE)" of the Ministry of Internal 
Affairs and Communications, Japan. 

References 

1. Repast, http://repast.sourceforge.net/  
2. Minar, N., Burkhart, R., Langton, C., Askenazi, M.: The Swarm Simulation System: A 

Toolkit for Building Multi-Agent Simulations (1996), http://www.santafe.edu/projects/ 
swarm/overview.ps 

3. MASON, http://cs.gmu.edu/~eclab/projects/mason/ 
4. Deguchi, H., Tanuma, H., Shimizu, T.: SOARS: Spot Oriented Agent Role Simulator - 

Design and Agent Based Dynamical System. In: Proceedings of the Third International 
Workshop on Agent-based Approaches in Economic and Social Complex Systems, pp. 49–
56 (2004) 

5. Parker, M.T.: What is Ascape and why should you care? Journal of Artificial Societies and 
Social Simulation 4(1) (2001), http://www.soc.surrey.ac.uk/JASSS/4/1/5.html 

6. StarLogo, http://education.mit.edu/starlogo/ 
7. Takahashi, T., Mizuta, H.: Efficient Agent-based Simulation Framework for Multi-Node 

Supercomputers. In: The proceedings of the 2006 Winter Simulation Conference (to appear, 
2006) 

8. Mizuta, H., Steiglitz, K.: Agent-Based Simulation of Dynamic On-Line Auctions. In: 
Proceedings of the 2000 Winter Simulation Conference, vol. 2, pp. 1772–1777 (2000) 

9. Yamamoto, G.: Agent Server Technology for Managing Millions of Agents. In: 
International Workshop on Massively Multi-Agent Systems 2004, pp. 1–12. Springer, 
Heidelberg (2004) 



Distributed Coordination of Massively Multi-Agent
Systems

Nadeem Jamali and Xinghui Zhao

176 Thorvaldson Building, 110 Science Place
Department of Computer Science, University of Saskatchewan

Saskatoon, SK, S7N 5C9, Canada
{n.jamali,x.zhao}@agents.usask.ca

Abstract. Coordination is a key problem in massively multi-agent systems. As
applications execute on distributed computer systems, coordination mechanisms
must scalably bridge the network distance between where decisions are made and
where they are to be enforced.

Our work on the CyberOrgs model1 addresses this challenge by encapsulating
distributed multi-agent computations along with computational and communica-
tion resources they require (for carrying out the application’s functions as well
as for coordinating actions of the agents) plus purchasing power represented by
an amount of eCash for acquiring additional resources. Resources are defined in
time and space, and are owned by cyberorgs. Resource ownership changes as a
result of trade between cyberorgs.

Ownership of resources coupled with an effective and scalable control struc-
ture creates a predictable resource environment for multi-agent systems and their
coordination mechanisms to execute in. Particularly, the coordination mechanism
can reason about the possibility of successful coordinated action based on pre-
dictable communication and processing delays.

This paper presents our experience with hierarchical coordination of distrib-
uted processor resource for a system of cyberorgs internally distributed across
a number of physical nodes. We demonstrate that encapsulation of network re-
sources creates a scalable opportunity for reasoning about distributed coordinated
action to support decision making.

Experimental results show that the CyberOrgs based resource-aware approach
scalably increases opportunities for successful coordinated distributed actions in-
volving up to 1500 agents (in much larger systems) by reducing the delay in
determining their feasibility, as well as helps avoid attempts of infeasible actions.

1 Introduction

A multi-agent computation distributed over a network of computers faces a number of
sources of uncertainty. When an agent’s decision about the action to take next depends
on actions taken by other agents, agents must contend with the uncertainty of other
agents’ actions. When agents are distributed across a number of physical nodes, both
computational as well as resource uncertainties emerge.

1 The model is referred to as CyberOrgs, and the entities are referred to as cyberorgs.
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Coordination between agents emerges as a key concern for achieving optimal results
[5], especially when the computations are distributed [4]. It turns out that requirements
of computation and coordination can be treated as separate and orthogonal dimensions
of computing [6], leading to an opportunity for separating concerns and addressing
coordination explicitly.

Coordination presents significant challenges when agents execute in a distributed en-
vironment with a number of processors connected by communication networks. Specif-
ically, coordination mechanisms must bridge the network distance between the agents
whose actions need coordination. This is a difficult problem because network delays
are generally unpredictable, in large part because network performance goals are typi-
cally systemic, and applications are free to engage in virtually unrestricted competition
for network resources, leading to resource dependencies. This is part of a more general
problem. In open systems [7], when there are both logical and resource dependencies [5]
between agents, resource dependencies sometimes lead to logical dependencies. Unre-
stricted competition for resources between agents collaborating to achieve a shared goal
may hamper progress toward the goal. Coordinating resource access by agents is hence
critical to reducing uncertainty and enabling agents to make control decisions for the
best global performance [12].

In a bounded resource environment, if a computation can launch other computations
as in a multi-agent system, it is difficult to control resource consumption reactively. If an
erroneous or malicious agent begins creating other agents with similar characteristics,
and if the only mechanism employed for identifying such agents is observation of their
own threatening behavior, the rate of growth in the number of agents can be shown to be
exponential. Intuitively, this means that irrespective of how conservatively the system
purges misbehaving agents, so long as the mechanism relies solely on the observation
of individuals’ suspicious activity, by the time the system reacts, it may be too late:
other agents have potentially been created about whose behavior the system will know
nothing until it has observed them individually.

Our approach to controlling such behavior is by bounding resource consumption at
the outset, and limiting resources available to a multi-agent computation. In this ap-
proach, each agent would receive a resource consumption allowance, which it could
utilize or give a part of to other agents. Our work on the CyberOrgs model [9] uses this
approach by encapsulating distributed multi-agent computations inside hierarchically
organized resource encapsulations. [10] described scheduling strategies for efficiently
controlling processor resource for a hierarchy of cyberorgs.

The difficulty of resource coordination is compounded by distribution of the re-
sources. A number of approaches have been used to address the problem. [13] intro-
duces a hierarchical scheduling scheme to apply a set of algorithms that enforce var-
ious processor usage constraints. Although the scheduling scheme is used for mobile
programs, the interaction paradigm is client/server. Furthermore, network resource is
not considered. [14] addresses network delay in the context of distributed scheduling,
and provides approximation algorithms for distributed task scheduling problems. This
approach focuses on specific global objectives of scheduling, such as minimizing the
makespan, minimizing the average completion time, etc. Therefore, for a given net-
work, they have specific ways to schedule the tasks, and no complex coordination is
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involved. Furthermore, the tasks are assumed to be unrelated, and there are no inter-
actions or constraints between tasks. Coordination between distributed schedulers is
considered in [3], for providing multimedia to multiple clients without conflict. Each
scheduler is located on one computer and only has a partial view of the global schedule,
requiring the schedulers to coordinate. Because the schedulers have the specific purpose
of preventing access conflict, and the distributed clients do not interact with each other,
coordination is simple.

Our approach is to carry out resource coordination within distributed resource encap-
sulations provided by the CyberOrgs model. When a computation can rely on the avail-
ability of computational and communication resources, its coordination mechanisms
can be assisted by the knowledge in making decisions about coordinated distributed
action. This improves overall efficiency by avoiding infeasible coordination attempts.

2 CyberOrgs

CyberOrgs [9] is a model for resource sharing in a network of self-interested peers, where
application agents may migrate in order to avail themselves of remotely located peer-
owned resources. CyberOrgs organize computational and communication resources as
a market, and their control as a hierarchy. Specifically, each cyberorg encapsulates one
or more multi-agent distributed computations (to be referred to as computations con-
tained in the cyberorg), and an amount of eCash in a shared currency. Cyberorgs act as
principals in a market of distributed resources, where they may use their eCash to buy
or sell resources among themselves. A cyberorg may use the resources so acquired for
carrying out its computations, or it may sell them to other cyberorgs.

CyberOrgs treat computational and communication resources as being defined in
time and space. In other words, a resource is not available for use before or after the in-
stant of time at which it exists. Sale of a resource is represented by a contract stipulating
availability of resources to the buyer for a cost. Delivery of resources to cyberorgs is de-
termined by a hierarchy of control decisions. In other words, cyberorg a makes control
decisions required for delivery of resources purchased from it by cyberorg b; cyberorg
b in turn makes control decisions determining how the resources purchased from it by
cyberorg c are to be delivered. Cyberorgs may pre-pay to buy resources which will exist
in the future. Cyberorg b may use the resources it owns only if the resources exist at a
time when the cyberorg is being hosted by a. In other words, after signing a contract, a
cyberorg must migrate to the prospective host cyberorg in order to avail itself of newly
acquired resources. Additionally, if b migrates from a while it owns future resources
through a contract with a, it cannot use those resources except if it eventually returns to
a and if it possesses resources which have not yet expired.

The CyberOrgs model separates concerns of computations from those of the re-
sources required to complete them.

We assume that computations are carried out by primitive agents called actors [1],
and we represent the resource requirements of each computation by the sequence of
resources required to complete it. Ticks serve as the unit of a consumable resource such
as processor time. Every computation requires a certain number of ticks to complete.
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Progress is represented by transitions occurring with introduction of ticks into the
system. When a tick is inserted into a cyberorg, it may pass the tick on to a client
cyberorg, use it for progressing on its system operations (such as for carrying out prim-
itives) or on its actor computations. Whether a tick is passed on to a client or used
locally depends on the contracts that the cyberorg has with its clients.

As illustrated in Figure 1, a new cyberorg is created by using the isolate primitive,
which collects a set of actors, messages, and electronic cash, and creates a new cyberorg
hosted locally.2

$
$

$
$

isolate

Actor

eCash$

Actor Message

$$
$

$

a) CyberOrg Isolation

$$
$

$

assimilate

$
$

$
$

b) CyberOrg Assimilation

Fig. 1. Creation and Absorption

A cyberorg disappears by assimilating into its host cyberorg using the assimilate
primitive, relinquishing control of its contents to its host.

A cyberorg may realize that its resource requirements have exceeded what is avail-
able by its contract with the host cyberorg. This triggers its attempt to migrate. The
tasks required for a cyberorg to migrate are: search (for a potential host), negotiate (a
contract with potential hosts), and migrate (to a selected host).

A more formal treatment of the operational semantics may be found in [9].

3 Distributed Coordination

The way cyberorgs encapsulate computational and communication resources creates
unique opportunities for scalable distributed coordination. Because delivery of network
and processor resources to computations is controlled at a fine grain, idle resources are
known precisely. As a result, communication and processing delays in carrying out fixed
length system communications required for coordination become predictable. This - in
turn - allows the distributed coordination components to reason about the feasibility
of coordinated action based on good estimates of delays, and attempt only promising
coordinated actions.

We use coordination of distributed processor resource delivery as an example of a
distributed coordination problem. A single cyberorg may be internally distributed in
that it may own computational resources at a number of physical nodes, on which its

2 These primitives bear some similarity to those of the Interaction Abstract Machines (IAM) [2].
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agents reside. Network resources would be additionally required by the cyberorg to en-
able communication between its distributed agents. Coordination decisions for the cy-
berorg may be local to a processor, or they may involve multiple processors. In cyberorg
implementations, meta-agents called facilitators are responsible for making resource
decisions for cyberorgs and interacting with the the processor scheduler to secure those
resources. Facilitators, being agents, also require resources for executing. For a distrib-
uted cyberorg, there are as many facilitators as the number of processors on which parts
of the cyberorg are located. One way of organizing these facilitators is to designate one
of them as the master facilitator. The master facilitator maintains information required
for global scheduling decisions; other (slave) facilitators maintain sufficient informa-
tion for making local scheduling decisions autonomously. Coordinated global schedul-
ing actions implementing cyberorg primitives offer a significant challenge in the context
of unpredictable communication delays. However, cyberorgs allow communication as
well as computation delays to be locally known based on knowledge of idle resources.
If a master facilitator knows the global state of network and remote processor resource
availability, it can use that information to predict delays in communicating with other
facilitators, based on which it can determine whether a certain primitive operation can
in fact be carried out. Particularly, assessment of feasibility of a coordinated action to
implement a distributed cyberorg primitive can be made before actual communication
with other facilitators regarding the specific operation.

3.1 Coordination Among Distributed Schedulers

Coordinated action involving a number of nodes hosting parts of a cyberorg requires
prior agreement between the nodes. Therefore, there is a minimum delay between when
the action is conceived and when it can actually be carried out at each of the nodes. If
this delay can somehow be estimated, actions requested for sooner than this delay can
be summarily dismissed. Given the benefit of knowledge of resource availability in a
system of cyberorgs, here we attempt to calculate this delay.

Consider a 2-node (N1, N2) request for a coordinated primitive operation (Figure 2)
to be carried out across the nodes hosting a cyberorg. The delay Δ in reaching agree-
ment consists of several parts: D1, the time delay from when the request is generated
by the master facilitator on N1 (or received from a slave) to when the request is sched-
uled to be processed on N1; P (a), the computational cost of analyzing the request and
creating distributed tasks (where a is the total number of agents involved in the re-
quest); C(N1, N2), the network delay in sending a message from N1 to N2

3; D2, the
delay from when the request is received on N2 to when the request is scheduled to be
processed on N2; P (a2), the computational cost of interpreting the request, and eval-
uating its feasibility on N2 (where a2 is the number of agents on node N2 involved in
the primitive); C(N2, N1), the network delay of sending an acknowledgment back from
N2 to N1; D3, the delay from receipt of the acknowledgment to when the message is
processed on N1. Therefore, the coordination cost should be:

Δ = D1 + P (a) + (C(N1, N2) + D2 + P (a2) + C(N2, N1)) + D3 (1)

3 We assume that clocks are synchronized within some epsilon.
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Fig. 2. Cost of coordination between distributed schedulers

The time delays D1, D2, and D3 can be estimated from details of CPU scheduling.
Figure 3 shows a scheduler cycle of length of l, where s is the time slice allocated to
the facilitator responsible for processing the primitive request. If the primitive request
arrives during the time interval [T0, Ts], probability of which is p = s

l , the delay would
be 0; if the request arrives during [Ts, Tl], probability of which is 1−p, the delay would
be non-zero. In the latter case, we can take an average delay as an approximation: l−s

2 .
Therefore, the approximation of time delay between when a request is received on a
node and when the request is scheduled is (p × 0) + (1 − p) × l−s

2 , which is:

D =
(l − s)2

2 × l
(2)

The communication costs C(N1, N2) and C(N2, N1) can be estimated from details
of network resource control. In the current implementation, network control is message
based, and the unit of control is a cyberorg. If r is the network flow rate (messages per
second) that a cyberorg receives, the time delay of sending a message from an agent
in this cyberorg would be 1

r . Because a cyberorg processes its messages based on a
first come first serve rule, the actual time delay of sending the specific primitive re-
quest would be m+1

r , where m is the number of messages to be processed before the
message carrying the primitive request. After the message in question is processed, it

s TT T l0 s

l

Fig. 3. A scheduler cycle
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goes through the network link between N1 and N2, and the delay is determined by the
bandwidth (b) of the network route and the size of the message (z).

C =
m + 1

r
+

z

b
(3)

For convenience, we use a function fN1,N2(r12, m12, z12, b12) to refer to this net-
work communication cost, where N1, N2 are names of nodes.

Using equations 1, 2, and 3, we obtain the approximation cost of achieving group
agreement for a coordinated distributed action, which is:

Δ = (l1−s1)2

l1
+ P (a) + fN1,N2(r12, m12, z12, b12) + (l2−s2)2

2×l2
+ P (a2)

+fN2,N1(r21, m21, z21, b21)
(4)

Although estimating P (a) for a general purpose computation would be difficult, be-
cause we are dealing with special purpose computations for assessing feasibility of local
actions, it is possible to obtain good estimates, so long as local resource availability is
known, which is in this case.

Equation 4 illustrates the coordination cost of a 2-node distributed primitive. This
can be generalized to the n-node case as follows:

Δ = (l1−s1)2

l1
+ P (a) + max(fN1,Ni(r1i, m1i, z1i, b1i) + (li−si)2

2×li
+ P (ai)

+fNi,N1(ri1, mi1, zi1, bi1))
(5)

for i in [2, n], where N1 is the node with the master facilitator of the cyberorg. li is the
length of scheduler cycle on node Ni, si is the time slice for which the facilitator agent
on node Ni is scheduled, and fNi,Nj() is the network communication cost of sending
a message from Ni to Nj , which depends on network flow rate the cyberorg receives,
number of messages to be processed before the specific message, the size of message
to be sent, and the network bandwidth between the two nodes, for the path from Ni to
Nj .

Optimistic Waits. The master facilitator of an internally distributed cyberorg is re-
sponsible for making global decisions for the cyberorg, while slave facilitators of the
cyberorg are free to make local decisions involving agents on their own nodes.

A global decision of a master facilitator may require modifying resources available
to agents spread across multiple nodes. In order to guarantee that the corresponding ac-
tions associated with an n-node global decision will be performed successfully by time
t on all involved nodes, a master facilitator must generate the decision by time t′, so that
t′ < t − Δ. However, some savings can be obtained by eliminating some communica-
tion. Particularly, if the master facilitator can calculate Δ without explicitly communi-
cating with the slave facilitators, it can send requests to the slave facilitators to carry out
their parts of the global action, with the knowledge that all actions will indeed succeed.
Although this is not possible in general, if the the master facilitator receives periodic
updates from the slaves about their locally available resources, along with promises to
maintain those availabilities for certain time intervals, the master may be able to assess
feasibility of remote actions so long as the actions can be completed before expiration of
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the resource availability promises received from the slaves. Specifically, the master may
send requests for coordinated actions, wait for the Δ it has independently calculated,
and then assume that the actions successfully took place.

If the coordinated action itself is required in the future, the master facilitator may
estimate the delay required for agreement on feasibility of the coordinated action in a
similar manner. In this case, instead of waiting for each slave facilitator to acknowledge
agreement, the master facilitator may be optimistic. In other words, the slave facilita-
tors no longer have to send acknowledgments; they only report back if they find the
action infeasible. The master facilitator, in turn, waits for Δ time for possible infeasi-
bility reports, rather than wait for each slave to acknowledge. The master would be able
to calculate this Δ if the promises of resource availability received from the slaves do
not expire before the slaves finish assessing local feasibilities. Additionally, instead of
waiting to be informed by the master of global agreement, the slaves too optimistically
wait long enough to give the master a chance to inform them about possible cancellation
of the coordinated action. Because the master facilitator calculates Δ prior to commu-
nication with the slaves, it can advise the slaves in the initial communication to wait for
a period Δ + Tr, where Tr is the time the master would take to report cancellation to
them after it has received an infeasibility report from some slave. As a result, in the case
when global agreement is achieved, all parties are ready for coordinated action after a
delay of Δ + Tr, without any need for communication after the initial requests from
the master facilitator. Furthermore, any cancellations too are known by all parties by
Δ + Tr.

4 Implementing CyberOrgs

Our implementation of CyberOrgs is developed by extending Actor Architecture [11],
which is a Java library and run-time system for supporting primitive agents. We extend
Actor Architecture by adding two key components: CyberOrg Manager and Scheduler
Manager.

A CyberOrgs platform is an instance of the system running on a single node, and
CyberOrg Manager is the central component of each CyberOrgs platform. All resource
control operations on a platform are carried out by the CyberOrg Manager. The results
of such operations are sent to Scheduler Manager, which schedules all agents in the
platform according to these results.

Algorithm 1 illustrates the algorithm of the Scheduler Manager. It schedules all
agents in a loop, and each agent is executed for an amount of time which is allocated to
it. After each scheduling cycle, the Scheduler Manager instructs the CyberOrg Manager
to update the availability of resources for every cyberorg.

Network resources can be viewed as virtual links between two computers (or nodes)
through which the connected computers may communicate with each other by exchang-
ing data. Therefore, a cyberorg which owns network resources must be distributed be-
tween multiple nodes, which makes the cyberorg internally distributed.

An internally distributed cyberorg may own CPU resources on multiple nodes. The
CPU resource on a single node can be represented using a tuple, (address, ticks,
ticksRate). Here, address is the IP address of corresponding node, ticks is
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Algorithm 1. Scheduling Algorithm
1: while true do
2: if the length of the thread queue > 1 then
3: get the first element from the front of queue;
4: if the first element is the start flag then
5: tell CyberOrg Manager to refresh resource records for every cyberorg;
6: else
7: schedule the thread for required time slice;
8: if the thread is alive then
9: insert it at the end of the queue;

10: end if
11: end if
12: else
13: sleep for some time;
14: end if
15: end while

the total processor time (in milliseconds) the cyberorg can receive, and ticksRate
stipulates the rate at which CPU resources can be received (e.g., in milliseconds per
second).

In this prototype implementation, communication is abstracted as exchange of asyn-
chronous messages.4 Accordingly, network resource availability is abstracted as fixed-
sized messages that can be sent within a unit of time. Therefore, network resources
can be represented by (link, flow, flowRate), where link identifies the the
source and destination of the link, flow is the total number of messages that the cy-
berorg can send through the link, and flowRate specifies the number of messages
that the cyberorg can send within a unit of time (e.g., per second), which indicates the
rate of message flow.

To acquire these resources, a cyberorg negotiates contracts with other cyberorgs who
own the resources. In addition to specifying the type of resource, a contract also stipu-
lates the real-time interval (time) when the contract is in effect as well as the amount of
eCash that the cyberorg must pay for the resources (Price). The price may be payable
in full in advance (type: 0) or at regular intervals (type: 1).

Figure 4 shows an example contract. It applies to an internally distributed cyberorg
with agents located on two nodes: N1 with address “128.233.109.163” and N2 with
address “128.233.109.164”. The cyberorg is to receive 1000 milliseconds of processor
time on N1, at the rate of 10 milliseconds per second, as well as 2000 milliseconds on
N2, at the rate of 5 milliseconds per second. In every second, the cyberorg is allowed
to send 1 message from N1 to N2, and 2 messages from N2 to N1, as long as the
total numbers of messages being sent in the two directions are less than 10 and 15
respectively. The contract takes effect at time 11:00:00 and expires at 17:05:30, and the

4 Although we abstract over actual network bandwidth here by only accounting for messages,
we have independently studied the effectiveness of fine-grained network resource control for
cyberorgs. Preliminary results in this work show promise for effective fine grained control of
network resource delivery [8].
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CPU Resource
(“128.233.109.163”, 1000, 10)
(“128.233.109.164”, 2000, 5)

Network Resource
((“128.233.109.163”, “128.233.109.164”), 10, 1)
((“128.233.109.164”, “128.233.109.163”), 15, 2)

Time
11:00:00
17:05:30

Price
1
5

Fig. 4. An Example Contract: CPU resources on two nodes; network resources connecting the
processors in both directions; start and end time for when the contract is in effect; price (1 is the
type of payment and 5 is the price in units of eCash)

cyberorg receiving the resources must pay 5 units of eCash per second, and the payment
is to be made in installments.

Network resource accounting and control are achieved by cooperation between the
CyberOrg Manager and the Scheduler Manager. Before sending out a message, the
platform checks with the CyberOrg Manager, which checks for availability of network
resources for the cyberorg requiring it. If there is enough resource, the message is sent
out, and the remaining amount of corresponding type of network resource (the specific
link) in the cyberorg is decremented. Otherwise, if enough network resource is not
available to the cyberorg, the message is blocked until the required network resource
becomes available.

As shown in Figure 5, an internally distributed cyberorg has agents located on dif-
ferent nodes, representing distributed parts of the cyberorg. Each part has its own local
facilitator agent, which is responsible for making local decisions and receiving requests
for primitive operations involving local agents. The master facilitator maintains global
information of the cyberorg, and it alone is responsible for enforcing global decisions of
the cyberorg by coordinating its actions with those of other (slave) facilitators. By de-
fault, the master facilitator is the facilitator located at the node on which the cyberorg’s
creation is originally requested requested. Slave facilitators, by themselves, only pos-
sess the resource knowledge of their own parts of the cyberorg, and a slave facilitator
can autonomously make local decisions involving agents in its own part of the cyberorg.

At an internally distributed cyberorg’s creation time, an initial contract is generated
by the creating cyberorg. This contract contains information about resources available
to the new cyberorg and the terms of their availability. The runtime system can examine
the contract to obtain IP addresses of involved nodes. The main part of cyberorg –
which holds the master facilitator – is created first on the node where the creation is
invoked. Afterwards, “create partial cyberorg” requests are sent to other involved nodes,
where parts of the cyberorg with slave facilitators are created asynchronously. When
the creation is completed on the slave nodes, “creation done” messages are sent to the
master facilitator, completing the creation when all replies have been received.
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Fig. 5. Internally Distributed Cyberorg: master facilitator performs a primitive request on a remote
node (1: master facilitator sends a primitive request to an involved slave facilitator on Node B; 2:
slave facilitator tells CyberOrg Manager the requested primitive; 3: CyberOrg Manager controls
Scheduler Manager to make changes on resource allocation)

A distributed primitive operation invoked by an internally distributed cyberorg is
implemented through coordination between master and slave facilitators. The master
facilitator is responsible for analyzing the primitive request, identifying the nodes in-
volved, and sending instructions to relevant slave facilitators to carry out local actions.
On completion of their actions, the slave facilitators send reply messages to the master
facilitator, indicating success. When the last reply message reaches the master facilita-
tor, the distributed primitive operation is completed.

5 Experimental Results

A number of experiments were carried out to assess the effectiveness and scalability
of this approach. We collected results on delays in completing distributed schedule
update tasks involving up to 1500 agents distributed over networks of two and three
processors, representing systems with 104 or more total number of agents. Specifically,
we compared the delay in achieving group agreement on feasibility of success or failure
of global updates to distributed processor schedules, when using and not using our
approach of exploiting predictability of resource availability in cyberorgs.

We applied the approach to an implementation of CyberOrgs. In the first set of exper-
iments – in the absence of resource availability information – we used the pessimistic
approach of requiring a series of acknowledgments confirming that the requested up-
dates can indeed be carried out at the required time. In the second set, we relied on
knowledge of available resources to (optimistically) assume that the requests have been
satisfied unless a failure message is received by a deadline. The two alternatives are
depicted in Figure 6. Note that this is not a fair comparison because in the resource
unaware case, there is no guarantee of success of coordinated action until after the dis-
tributed actions have actually been attempted; nor is there a determination of failure, in
which case a backtrack is required wherever the actions did happen to succeed. How-
ever, short of indicating that no comparison is possible, this appears to be a reasonable
compromise.
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Fig. 6. Resource-aware approach vs. resource-unaware approach. (a) Dotted lines represent possi-
ble infeasibility reports only received when some slave finds coordination action to be infeasible;
otherwise, no communication is required. test is the time by which the master as well as all slaves
can assume global agreement on coordinated action. (b) tconf is the time by which master facili-
tator knows that all slaves received knowledge of global agreement in time to attempt coordinated
action.

The distributed task in our experiments involved coordinated update of the distrib-
uted schedule being enforced for delivering processor resources to up to 1500 agents
of a cyberorg distributed across three physical processors. Each processor hosted up to
500 agents, scheduled by a local scheduler. Global update requests were received by
the cyberorg’s master facilitator. We carried out experiments to see the delay between
when a request is received by the master facilitator, and when all parties are ready for
coordinated action to be carried.

In the resource-unaware approach, the master facilitator sends requests for local up-
dates to the remote (slave) facilitators, which report to the master about likely success
or failure based on information of local resource availability. Note that without access
to this information about local resource availability and ability to assess feasibility of
local action given such constraints, it would be meaningless to plan on coordination
action short of actually attempting the action; therefore, we chose to allow the compet-
ing approach with this knowledge. Another alternative would have been to allow the
slave facilitators to construct an updated schedule and then report their ability or in-
ability to replace the active schedule at the requested time. In either case, if the master
received positive reports from all slaves in good time, it could then instruct each slave to
go ahead and carry out the actions. However, without knowledge of available network
bandwidth, there is no way of ensuring that all slaves receive instructions to proceed
with enough time remaining before the deadline to successfully carry them out. The
last step, therefore, has to be each slave reporting back to the master, and the master
sending instructions for backtracking in case the coordinated action has failed. We treat
the point when the master knows of success or failure (not after backtracks have been
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completed) as the point when all parties are ready proceed. To summarize, despite sig-
nificant communication, there is no way of predicting success of a coordinated action,
short of actually attempting it, even when the distributed parties have the benefit of local
resource information.

In comparison, in the resource-aware approach, slave facilitators periodically inform
the master about their resource availability with promise of no change before an expi-
ration time.5 On receiving a new request for coordinated update, the master assesses
its feasibility based on information about the updates as well as the slaves involved.
Specifically, if some slaves will not have sufficient resources to carry out their parts
of the coordinated action at the required time, the master summarily declines the re-
quest without ever communicating with the slaves; and if each slave will have sufficient
resources to carry out the coordinated action at the required time, the master simply
sends the requests, and prepares to carry out its part of the coordinated action at the
required time. If, however, the master cannot make a summary determination – because
the promises from slaves are expiring sooner than their resources would be required –
the master assesses whether the slaves have enough resources to make local assessments
of feasibility and report back by expirations of their promises. If so, the master sends
the requests, and if no slave reports infeasibility by the time they should be able to
(knowing their resources), the master assumes that all requests would be successful. If
it does receive an infeasibility report, the action is cancelled. Of course, the slaves now
have to be informed ahead of the time of coordinated action whether all slaves are ready
to proceed. This too is handled optimistically. In the initial request, slaves are informed
by the master about the time by which they would be informed if the coordinated action
were not feasible for some of the slaves. The master calculates this time by adding to
the time by which it would receive any infeasibility reports from the slaves, the time
its own final report would take in arriving at the slaves, which in turn depends on the
master’s locally known network resource availability. The slaves too, in turn, guaran-
tee that they will have enough processor resources to process the incoming final report
from the master at the time when they were instructed to expect the report. If the slaves
do not hear from the master by that time, they assume that all are ready for coordinated
action, and proceed at the time, without requiring any information. In other words, if the
coordinated action can be carried out by all parties at the required time, the only actual
communication required is the requests sent by the master to all the slaves, following
which, at specific times, each party knows that it is safe to proceed with the coordinated
action at the required time. If the resource availability promises held by the master are
not sufficient to know if the slaves can report infeasibility of their local actions reliably,
the master simply waits for the next resource updates from the slaves.

Figure 7 compares the delays described above for the two approaches for coordi-
nated update of schedules for up to 1500 agents distributed across two and three phys-
ical nodes. Note that the number of agents effected by an update would typically be
a fraction of the total number of agents in the system, meaning that the results apply
to systems of at least 104 agents. The graph shows that significant savings in the de-
lay for global agreement on coordinated action are achieved using the CyberOrgs based

5 It is assumed that the clocks are synchronized within some epsilon, which can be compensated
by making conservative estimates.
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Fig. 7. Comparison of delay in achieving agreement on coordinated distributed schedule update

resource-aware approach. These savings are in addition to the savings achieve by avoid-
ing attempting infeasible actions, which cannot be avoided in the resource-unaware ap-
proach, even when local resource information is available. Furthermore, the penalty of
increasing number of agents linearly with the number of nodes is insignificant.

6 Conclusion

Coordinating distributed multi-agent systems is a difficult problem because of unpre-
dictability of network and processor resource availability. Our approach of encapsulat-
ing computational and communication resources in cyberorgs creates execution
environments for distributed multi-agent systems with predictable resource availability.
Coordination mechanisms can exploit this predictability by computing expected delays
and using the information in decision making.

In this paper, we have presented a prototype implementation of cyberorgs distributed
over multiple processors. We have shared our experience with coordinating distributed
scheduling of processor resources, where a number of local schedulers coordinate to
enforce a global schedule for scheduling distributed processor resources.

Given the predictability of communication and processing delays in a system of cy-
berorgs, it is possible for the coordination mechanism to reason about whether or not a
global scheduling change is feasible to enforce and to efficiently achieve global agree-
ment on coordinated action. This achieves benefits in avoiding attempts of infeasible
global actions. This approach also reduces communication overhead, which reduces
the amount of time required in establishing that a coordinated distributed action is fea-
sible, which in turn leads to enabling actions which would otherwise be infeasible.
Experimental results show that the approach is effective and scalable.
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Work is ongoing to extend these results to physical networks using approaches we
have developed for reifying network resource control for systems of cyberorgs [8]. We
are also examining the efficiency and effectiveness of this approach to support a wider
class of coordination problems.
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Abstract. Recently, large-scale distributed multiagent systems consist-
ing of one million of agents have been developed. When agents are dis-
tributed among multiple servers, both the computational and interaction
cost of servers must be considered when optimizing the performance of
the entire system. Multiagent systems reflect the structure of social com-
munities and artificial networks such as the Internet. Since the networks
possess characteristics common to the ‘small world’ phenomenon, net-
works of agents on the systems can be considered as small worlds. In
that case, communities, which are the sets of agents that frequently in-
teract with each other, exist in the network. Most previous works evalu-
ate agents one by one to select the most appropriate agent to be moved
to a different server. If the networks of agents are highly clustered, pre-
vious works divide the communities when moving agents. Since agents
in the same community often interact with each other, this division of
communities increases the interaction cost among servers. We propose
community-based load balancing (CLB), which evaluates the communi-
ties to select the most appropriate set of agents to be moved. We con-
ducted simulations to evaluate our proposed method according to the
network of agents. Our simulations show that when the clustering coeffi-
cient is close to 1.0, the interaction cost with CLB can be approximately
30% lower than that with previous works.

Keywords: mobile agents, scalability and performance issues: robust-
ness, fault tolerance and dependability.

1 Introduction

Large-scale multiagent systems consisting of a million of agents are being re-
searched and developed [1] [2]. For example, [3] proposed middleware for build-
ing large-scale multiagent systems and developed a multiagent system, the name
of which is ‘Goopas’. Multiagent simulations of large-scale traffic have been also
conducted [4]. These systems lend themselves to the analogy that agents in the
systems are equivalent to actors in reality such as humans or cars, and the
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systems directly reflect structures of societies including networks of human rela-
tionships and artificial networks such as power grids.

For handling a massive number of agents, distributed multiagent systems
consisting of multiple multiagent servers have been developed [5]. Distributed
systems like this have been implemented on distributed OSs and workstation
clusters, and their effectiveness has been proved [6]. Unfortunately, current meth-
ods of load balancing for distributed systems are inadequate when applied to
multiagent systems. This is because the allocation of agents in a distributed
multiagent system should be based on both the computation loads and the in-
teraction costs of agents. In multiagent systems, agents interact with each other
according to their needs. The interaction between agents residing on the same
server (intra-server interaction) has lower cost than inter-server interaction. In-
teractions between agents residing on the same server (intra-server interaction)
have lower cost than inter-server interactions. System performance can deterio-
rate if the amount of inter-server interaction increases.

One characteristic shared by the structures of human communities is the ‘small
world’ phenomenon. ‘Small world’ networks are highly clustered and have small
characteristic path lengths. For example, communities of people and artificial
networks such as power grids and Internet have been described as being ‘small
worlds’ [7]. The same could be said of multiagent systems since they reflect the
features of the ‘small worlds’ seen in societies.

When networks of agents on multiagent systems exhibit the ‘small world’
phenomenon, communities, which are the sets of agents frequently interacting
with each other, exist in the system. When a multiagent system has a community
spread over different servers, previous approaches have high interaction costs. For
example, when the server to which agents move doesn’t have enough capacity
to accept the community to which the agent belong, the community is split up.
Since the agents which belong to the same community frequently interact with
each other, dividing a community increase the interaction cost.

A goods distribution system developed as a multiagent system, manages a
fleet of trucks carrying commodities. The agents correspond to trucks and de-
livery centers. Information regarding the estimated time of arrival and goods is
exchanged between the agents. Since the interaction of agents reflects artificial
networks such as the road network and delivery path, the network of agent inter-
action is a small world. The requirement for this system is to provide services to
trucks and delivery centers with sufficient performance. When the time it takes
for trucks to get through a path increases due to accidents or traffic jams, agents
near the path have to recalculate the path or estimated time of arrival. It may
overload some servers. For that reason, agents on an overloaded server should
be moved to light loaded servers based on the computation and interaction cost.

This paper introduces the Community-based Load Balancing (CLB) algo-
rithm, which allocates agents based on an evaluation of communities. Since allo-
cating agents according to communities prevents their division, it can suppress
the rise in the interaction cost.
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2 Related Works

Some works in the mobile agent and multiagent areas describe techniques that
allocate agents in a distributed environment. These techniques allocate agents
based on the computation and interaction costs so as to optimize the performance
of the system.

Several papers in the mobile agent area used techniques which decide agent
migration so as to minimize the interaction cost incurred by the agent when doing
a set of tasks. The techniques provided by Chia et al. [8] and Kawamura et al.
[9] determine whether it is cheaper for an agent to either move to the server to
eliminate inter-server message passing or remain with its original server and use
inter-server message passing. Braun et al. [10] provided the technique of having
agents forecast the message sizes and the computational load of the remote agent
server based on historical information. They solve the migration decision problem
at run-time to improve the performance of the entire system. Unfortunately, in
multiagent systems where agents interact with each other according to their
needs, moving an agent impacts the interaction cost of other agents. Therefore,
we have to take into account the interaction cost of multiple agents in allocating
agents.

Some works in the multiagent area allocate agents based on the computational
and interaction costs among agents. The approach used in these works is to
evaluate each agent. For example, Endo et al. [11] describes the technique of
monitoring the interaction cost of agents and moving the agent whose interaction
cost exceeds a threshold to the server with which the agent interacts most often.
Comet [12] moves the agent with the lowest evaluation measure as calculated
from both its computational and interaction costs from overloaded servers to
light loaded servers. It repeats the procedure until the computation cost of the
overloaded server falls under a threshold. Adaptive Actor Architecture (AAA)
[13] evaluates agents based on the interaction cost to determine the server to
which it should be moved. AAA creates group of agents, the determinate server
of which is the same, and decides which group should be moved based on the
evaluation of each group. These techniques decide which server agents should be
moved to based on the evaluation of each agent. As described below, allocating
sets of agents yields lower interaction costs that allocating them individually.

3 Agent Placement Problem

This section explains and formulates the agent placement problem.

3.1 Explanation of the Agent Placement Problem

In the multi-agent system assumed in this paper, n agents are distributed across
a distributed multi-agent system composed of m agent servers connected via a
network. We assume that all servers have identical capacity as do all connections
among the servers. In this multi-agent system, agents interact with each other
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as demanded by the execution scenario. When an agent on one server interacts
with another agent on another server, the servers exchange messages to achieve
the interaction. We have to achieve the following two objectives to improve the
efficiency of the system.

– Distribute the computational load of agents among servers
– Suppress the interaction cost among servers

First, it is necessary to distribute the computation load of agents among
servers. Agents consume the calculation resources of the agent server that they
reside on. Because an agent server has only limited resources, the performance
of the server declines as the loads increase beyond the nominal capacity of the
server. For that reason, if many agents are concentrated on one agent server, the
server may become the bottleneck and system performance may decline.

Just as important, we have to suppress the interaction cost among agent
servers. When an agent interacts with another agent on a different agent server,
the agent servers have to exchange messages. Inter-agent interactions have higher
costs than intra-agent interactions. To minimize the interaction cost, we have to
place agents that frequently interact with each other on the same server.

3.2 Formulation of the Agent Placement Problem

In this section, we formulate the agent placement problem using the definitions
of the notations given in Table 1. First, we define wi as the computation cost
incurred by the agents in providing service. wi is the same whether the agents
are executed on one server or distributed among multiple servers.

Next, we define p(ai, aj) as the interaction cost incurred by an agent in ex-
changing messages with another agent. That is, when ai and aj residing on the
same server exchange messages, p(ai, aj) = 0. p(ai, aj) is the cost occured by
distributing agents and depends on the allocation of agents.

The computation load of agent server mi is defined as sum of the computa-
tional loads of agents residing on the server (aj ∈ Ai), see Equation (1).

W (Ai) =
∑

aj∈Ai

wj (1)

To make the description simple, we define P (Ai, Aj) in equation (2).

P (Ai, Aj) =
∑

ak∈Ai

∑

al∈Aj

p(ak, al) (2)

Assume that when agent server m1 becomes overloaded, m1 can move agents re-
siding in m1. We also assume that m1 can acquire the following bits of
information.

– computation load W (Ai)(i = 1, 2, ..., m)
– load wi(ai ∈ A1) of agents retained by m1
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Table 1. Notations

ai agent i(i = 1, 2, ..., n)
si size of ai (byte)
mi machine i(i = 1, 2, ..., m)
wi computation load of ai (cycle/sec)
W (A) computation load of agents A (cycle/sec)
p(ai, aj) interaction cost between ai and aj (byte/sec)
P (Ai, Aj) interaction cost between Ai and Aj (byte/sec)
Ai set of agents residing on mi before move
Mi set of agents moving from m1 to mi

A′
i set of agents residing on mi after move

Th threshold of the computational cost of servers
t interval of gathering computation cost

– interaction frequency p(ai, aj)(ai, aj ∈ A1) between the agents retained by
m1

– interaction frequency between the agent residing in m1 and other servers

First, the overloaded server selects the destination servers mi(i = 2, ..., m) to
which agents are moved. The overloaded server sends synchronizing requests to
mi(i = 2, ..., m). This prevents multiple overloaded servers from moving agents to
the same lightly loaded server at the same time. Even if there are many servers
in the system, only the servers involved in the migration are synchronized. A
similar process is used in Ishida at el. [14]. The destination servers mi(i =
2, ..., m) are the servers with which agents on m1 interact. If a server included in
mi(i = 2, ..., m) has been already synchronized, m1 waits for termination of the
synchronization state. When the sum of the capacity of the destination servers is
larger than the excess computation cost of m1. m1 sends a synchronizing request
to a new server which isn’t synchronized by another overloaded server and has
the largest capacities. That is, equations (3), (4) and (5) are satisfied as the
initial condition.

W (A1) > Th (3)

W (Ai) < Th(i = 2, 3, ..., m) (4)
∑

1≤i≤m

W (Ai) < mTh (5)

Consider the movement of a set of agents from heavy loaded server m1 to
lightly loaded server mi(i = 2, 3, ..., m) to distribute the computation load among
the servers. Note that Mi represents the set of agents moving from m1 to mi,
A′

i represents the agents in mi after the move as determined by equation (6).

A′
i =

{
A1 \ {∪2≤j≤mMj} (i = 1)
Ai ∪ Mi (i = 2, 3, ..., m) (6)

Consequently, the object of distributing the loads of agents among agent
servers and suppressing the amount of interaction among agent servers can be
formulated as equation (7).
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min
∑

1≤i<j≤m

P (A′
i, A

′
j) s.t. W (A′

i) < Th (i = 1, 2, ..., m) (7)

When |A1| is large, it is difficult to find the set of agents that satisfies equation
(7). This is because when the number of agents on s1 is |A1|, the number of
combinations possible in a set is m|A1|. Our solution, an approximate algorithm,
is introduced in Section 4.2.

4 Approximate Algorithms for Agent Placement Problem

This section describes Sequentially Load Balancing Algorithm (SLB), which allo-
cates agents based on the evaluation of each agent, and Community-based Load
Balancing Algorithm (CLB), which allocates agents based on the evaluation of
each community.

4.1 Sequentially Load Balancing

SLB evaluates agents based on equation (8). The evaluation of an agent is the
change in interaction cost achieved by moving the agent to the server that inter-
acts with the agent the most among the servers that have enough spare capacity
to accept the agent. In particular, the evaluation represents the change created
by moving the agent to the appropriate server times t, which is the interval of
gathering the computation cost, plus the interaction cost to exchange the agent
between servers.

gain(ai) = t

{
P ({ai}, A1) − max

{mk|wi+W (Ak)<Th}
P ({ai}, Ak)

}
+ si (8)

The pseudo-code of SLB is shown in Algorithm1. SLB evaluates agents on a
overloaded server one by one and then selects the agents with the least evalu-
ation. SLB moves the agent to the server which the agent interacts most fre-
quently. It repeats the above procedure until the load of the overloaded server
becomes below the threshold and no agent can decrease the interaction cost by
moving to another server.

4.2 Community-Based Load Balancing

In this subsection, we describe our algorithm to tackle the agent placement
problem, Community-based Load Balancing (CLB), and the specifications of
CLB.

Procedure of CLB. The evaluation metric of the set of agents A is C(A), see
equation (9). C(A) is the change in interaction costs associated with moving A
to the server that interacts with A the most among all servers that can accept
A. In particular, C(A) equals plus the change in interaction cost occurs with
moving A to the appropriate server times t, interval of gathering computation
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Algorithm 1. Sequentially Load Balancing
Require: W (A1) > Th, W (Ai) < Th(i = 2, 3, ..., p),

�
W (Ai) < mTh

loop
mingain ← ∞
for ai ∈ A1 do

if mingain > gain(ai) then
mina ← ai

end if
end for
if W (A1) < Th and mingain > 0 then

end loop
end if

move mina to mj

�
P (ai, Aj) = max

{mk|wi+W (Ak)<Th}
P (ai, Ak)

�

end loop

cost, plus the interaction cost invoked in exchanging A between servers. When
no server can accept A, the evaluation of A is ∞.

C(A) =

⎧
⎪⎪⎨

⎪⎪⎩

t

{
P (A, A1 \ A) − max

{mk|W (Ak∪A)<Th}
P (Ak, A)

}
+

∑

ai∈A

si

(∃mi|W (Ai ∪ A) < Th)
∞ (∀mi|W (Ai ∪ A) > Th)

(9)

The pseudo-code of CLB is shown in Algorithm2. Before explaining the CLB
procedure, we define the procedure of OptimalSet. OptimalSet gets an agent as
an argument and returns the optimal set of agents that should move with the
agent and the destination server. CLB applies OptimalSet to each agent in the
over-loaded server and moves the set of agents that has the lowest evaluation
score, based on equation (9), to the server identified by OptimalSet. CLB repeats
this procedure until the computation load of the server becomes smaller than
the threshold and no community can decrease the interaction cost by moving to
another server.

An agent is passed to OptimalSet and returns the optimal set of agents that
should be moved with the agent and the destination server. It is, of course, com-
putationally difficult to find the optimal set of agents given just the initial agent.
Therefore, in this paper, we propose ApproximateOptimalSet to find an approx-
imate solution of OptimalSet. The pseudo-code of ApproximateOptimalSet is
shown in Algorithm 3. First, the set of agents to move, Move and the set of
candidate agents to move, Candidate are defined. In the initial state, Move is
an empty set and Candidate is a set consisting of the initial agent given as an
argument. ApproximateOptimalSet repeats the below procedure until W (Move)
exceeds the capacity of any server. It selects the agent that has the lowest eval-
uation score as determined in (10) and adds it to Move.

c(ai) = C(Move ∪ {ai}) − C(Move) (10)
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Algorithm 2. Community-based Load Balancing
Require: W (A1) > Th, W (Ai) < Th(i = 2, 3, ..., p),

�
1≤i≤m W (Ai) < mTh

loop
mincost ← ∞
minM ← φ
for ai ∈ A1 do

M, m ← OptimalSet(ai)
if mincost > C(M) then

mincost ← C(M)
minM ← M
tomachine ← m

end if
end for
if W (A1) ≤ Th and mincost ≥ 0 then

end loop
end if
move minM to tomachine

end loop

Next, it adds agents that reside on the same server as ai resides, that interact
with ai and that don’t belong to Candidate or Move, to Candidate. Through
this process, it selects the agent set that has the lowest C(Move) and moves it
to the server that interacts with Move the most among the servers that have
enough capacity to accept Move.

Characteristic of CLB. This technique moves sets of agents rather than single
agents. Moving sets of agents can decrease the interaction cost more than is
possible by moving just single agents.

We give here an example based on Figure 1 and Figure 2: the change in the
interaction cost for each agent is shown. Circles are agents and edges between
circles are interaction costs between agents and their cost is 1.0. To make it
simple, agents are so small that the interaction cost of exchanging agents between
servers can be ignored. Here, server ‘O’ is over-loaded by three agents and server
‘L’ has capacity for four additional agents.

Figure 1 shows the case of allocating agents based on the evaluation of each
agent. First, agents on Server ‘O’ are individually evaluated based on the com-
putation and interaction costs. Next, ‘O’ moves agents ‘a’, ‘b’ and ‘c’ in the
order corresponding to their evaluation. It leads to the right in the figure. The
interaction cost after moving the agents increases from 4 to 6. Although moving
agent ‘a’ triggers the movement of agents ‘b’ and ‘c’, the size of the community
with which agent ‘a’ is actively interacting is larger than the spare capacity of
the destination server. That is not all members of the community can move to
the destination server. As the result, the divide of the community increases the
interaction cost.

Figure 2 shows the case of allocating sets of agents. Here, communities ‘A’, ‘B’
and ‘C’ are identified. Moving community ‘C’ which has the least evaluation cost
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Algorithm 3. ApproximateOptimalSet (a)
Move ← φ
Candidate ← {a}
minC ← ∞
minM ← Move
repeat

Select ai ∈ Candidate which has the least c(ai)
Move ← Move ∪ {ai}
Candidate ← Candidate \ {ai}
if minC > C(Move) then

minM ← Move
minC ← C(Move)

end if
Add { aj |p(ai, aj) > 0 ∧ aj ∈ A1 ∧ aj /∈ Candidate∧ aj /∈ Move} to Candidate

until W (Move ∪ Ai) > Th(i = 2, 3, ..., p)

return minM and mi

�
P (minM, Ai) = max

{mj |W (minM∪Aj )<Th}
P (minM, Aj)

�

decreases the interaction cost from 4 to 2. Hence, the interaction cost reduction is
maximized by considering/ moving sets of agents rather than individual agents.

Computation Time of CLB. Although CLB yields a larger decrease in the
interaction cost than Comet, CLB has higher computational costs than SLB. c
is the average number of agents which an agent interacts with. N is the number
of agents moved to make the computation load of m1 smaller than a threshold.
In SLB, the computational effort of the evaluation of each agent is proportional
to c and that of calculating the evaluation of all agents on over-loaded server
is O(c|A1|). Moving the agent that has the lowest evaluation score is repeated
until the computation load of sm1 is smaller than a threshold. Therefore, the
computational effort of SLB is O(Nc|Ai|).

Next, we estimate the computational effort of CLB. S represents the com-
putational effort of OptimalSet. CLB applies OptimalSet to each agent and
moves the set that has the minimum cost, so the computational effort of CLB
is O(NS|A1|). Next, we estimate the computational effort of ApproximateOp-
timalSet which is an approximate algorithm of OptimalSet. The computational
effort of evaluating an agent in Candidate is O(c). The procedure is repeated for
each agent in Candidate. Assuming that the clustering coefficient is very large,
the number of agents in Candidate is O(c), The computational effort of select-
ing the agent to be added to Move is O(c2). The procedure is repeated until
there is no server that can accept the community. Assuming that the procedure
is iterated O(N) times, the computational effort of ApproximateOptimalSet is
O(Nc2). Therefore, the total computation cost of CLB is O(N2c2|A1|). Since
|Ai| and N increase with the number of agents, the computation cost of CLB
increases exponentially.



Community-Based Load Balancing for Massively Multi-Agent Systems 37

Fig. 1. Move agents based on evaluations of each agent

Fig. 2. Move agents based on evaluations of each community

5 Simulation of Placing Agents

This section describes a simulation conducted to test our technique. In this
simulation, we apply two techniques to a distributed multi-agent system and
record the change in interaction cost.

5.1 Simulation Settings

This simulation assumes a massively multi-agent system composed of multiple
servers on a network. The interaction among agents on multiagent systems re-
flects the relationship among the people and something corresponding to agents.
For example, in the goods distribution system, the interaction among truck
agents and delivery center agents reflects the delivery paths and road network of
the system. The artificial networks such as the delivery paths and road network
are highly clustered and have small path lengths to make the system efficient.
Therefore, we use the small world network [7] as the model of agent interaction.

In this simulation, each agent has 6 neighbors. That is, ai interacts with
{aj|j = i ± 3, i ± 2, i ± 1}. In building ’small world’, we re-wired each edge
at random with probability p. The interaction cost between agents is set to
0.1 KB/sec. There are no correlation between the computation cost and the
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interaction cost. That is, in the goods distribution system, agents don’t interact
every time a path or plan changes. They interact at fixed intervals to keep tab
on each other. The agent size is set to a random number from 0KB to 1KB.
During the simulation, agent size does not change. The interval of gathering
computation cost, t, is set to 100 seconds.

The initial allocation of agents is based on the index of agents. The number of
agents on a server, l = n/m , is set to the number of agents in the system divided
by the number of servers. The agents on si(i = 1, 2, ..., m) are {aj|(i − 1)l + 1 ≤
j ≤ il}. In particular, agents are divided to allocate agents who interact with
each other to the same server as much as possible. When the interaction network
is ‘regular’, this allocation has the lowest interaction costs. This allocation is
common to all algorithms used to move agents and the probability p used in
building the ‘small world’. After the simulation starts, the load wi of each agent
is updated by a random number in every iteration.

Because there are so many agents, if we set a random number as the load for
each agent, there would not be any change in the server’s load. Our solution was
to set a random number as the average load for each server. We set the load for
an agent to the random number from 0 to 1 times the average load of the server
retaining the agent. The threshold of computation load equals the sum of the
computation loads of agents times a constant number divided by the number of
servers. In this simulation, the constant number was set at 1.1. Next, we applied
each technique to the agent server whose load exceeded threshold Th.

t
∑

1≤i<j≤n

p(ai, aj) +
∑

ai is moved
si (11)

This simulation updates the computation load of agents iteratively, moves agents
from over-loaded server to light-loaded server with each algorithm, and records
the change in the total interaction cost in the system.

5.2 Interaction Cost Comparison

We compared the interaction cost of the system using CLB to one that used
SLB. In this simulation, the number of agents, n, was set to 1,000. The number
of servers, m, was set to 10. Figure 3 shows the results of this simulation when
the probability, p, in building ‘small world’ was 0.001. The vertical axis is the
sum of interaction costs among agent servers, defined in (11). The horizontal
axis is the number of agents moved. To compare the interaction costs of stable
systems, we plot the interaction cost between 150Ksec to 200Ksec. This graph
shows the interaction cost in the simulation when applying SLB or CLB at every
iteration.

As shown in Figure 3, CLB yields smaller interaction cost than SLB. The
average interaction cost is 793.00 with CLB and 1077.36 with SLB.

Next, we changed the probability, p, used in building the ‘small world’ net-
work from 0.0 to 1.0. The results are shown in Table 2. Improve(p) is defined by
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Fig. 3. The change of the interaction cost

Table 2. The average interaction cost and improvement

probability p SLB CLB Improve(p)
0 1064.47 772.55 0.27423

0.0001 1075.23 768.86 0.28493
0.001 1077.36 793.00 0.26394
0.01 1280.87 1042.83 0.18583
0.1 3202.28 2924.78 0.08665
1.0 13884.98 13668.43 0.01559

Equation (12). It is the ratio of CLB to SLB in building the ‘small world’ with
probability p.

Improve(p) = 1 − Average interaction cost in CLB
Average interaction cost in SLB

(12)

As shown in Table 2, the smaller p is, the larger the improvement in interaction
costs is. Specifically, the interaction cost with CLB is about 18-28% smaller than
that with SLB.

Figure 4 shows the relation between the clustering coefficient and the supe-
riority of CLB over SLB. The horizontal axis plots p. The vertical axis is the
ratio of CLB to SLB as defined by equation (12). As described in this graph, the
larger the clustering coefficient of the network is, the larger the improvement is.
As the clustering coefficient approaches 1.0, the superiority of CLB strengthens.
This is attributed to the fact that since the number of communities on the source
server increases with the clustering coefficient, the advantage of CLB becomes
more obvious.

5.3 Computation Time Comparison

We compared the computation time of CLB to SLB while changing the number
of servers and the number of agents per server. This simulation was implemented
in Java and executed on a machine with 1.7GHz CPU and 512MB of memory.
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Fig. 4. Relation between clustering coefficient and improvement ratio

Table 3. The average computation time in changing the number of agents in a server

the number of servers 10 20 50 100
SLB (second) 0.01 0.03 0.08 0.21
CLB (second) 1.10 1.17 1.96 4.40

Table 4. Computation cost versus the number of agents per server

m/n 100 200 500 1000
SLB (second) 0.01 0.03 0.11 0.42
CLB (second) 1.10 9.77 343.56 7018.2

Table 3 shows the average computation time of the simulation in which the
number of agents per server was set to 100 and the number of servers was set
to 10, 20, 50, and 100. When the number of agents per server is constant, the
computation time of CLB doesn’t increase so much. This is because the compu-
tation cost mainly depends on the number of agents per server. As the number of
servers increases, the computation time increases because CLB considers more
destination servers when allocating agents.

Table 4 shows the average computation time of the simulation in which the
number of servers was set to 10 and the number of agents per server was set
to 100, 200, 500, and 1,000. As the number of agents per server increases, the
computation time increases significantly; the computation cost of CLB increases
because it depends on the cube of the number of agents per server.

6 Conclusion and Future Works

In this paper, we introduced a technique that allocates agents based on an assess-
ment of both computation and interaction costs in massively multiagent systems.
The main contributions of our research are as follows.
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– provide Community-based Load Balancing, which allocates agents based on
agent communities

– estimate the value of Sequential Load Balancing (SLB) and CLB following
the behavior of networks constructed by agent interaction

Human communities and artificial networks replicate the small world phe-
nomenon. The networks of agents on the multiagent systems that reflect the
networks also evidence the small world phenomenon. Communities, which are
sets of agents that frequently interact with each other, exist in the network be-
cause the interaction network is highly clustered. Allocating agents based on the
evaluation of each agent causes the division of communities which increases the
interaction cost of the entire system. CLB allocates agents based on evaluations
of each community, and so can allocate agents with lower interaction costs.

We conducted simulations to estimate the impact of SLB and CLB. When
the clustering coefficient of the agent network is large, a preliminary simulation
result showed that CLB yields smaller interaction costs (about 30% smaller)
than SLB. This is attributed to the fact that more communities exists on the
source servers as the clustering coefficient becomes large.

One of the problems with CLB is its computation cost. As the number of
agents per server increases, the computation cost of CLB strongly increases.
Therefore, we have to improve CLB to decide the allocation in practical time.
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Abstract. This paper studies market-based mechanisms for coordinated dynamic
task assignment in large-scale agent systems carrying out search and rescue mis-
sions. Specifically, the effect of different auction mechanisms and swapping are
studied. The paper describes results from a large number of simulations.The in-
formation available to agents and their bidding strategies are used as simulation
parameters. The simulations provide insight about the interaction between the
strategy of individual agents and the market mechanism. Performance is evalu-
ated using several metrics. Some of the results include: limiting information may
improve performance, different utility functions may affect the performance in
non-uniform ways, and swapping may help improve the efficiency of assignments
in dynamic environments.

1 Introduction

A number of physical agents are being developed such as robots, small unmanned aer-
ial vehicles (micro-UAVs), and unmanned underwater vehicles (UUVs). Such mobile
physical agents will be useful for many applications including surveillance, search and
rescue, and mine sweeping. This paper focuses on a two dimensional search and rescue
(SR) problem involving pursuer robots and mobile targets. In SR, we assume that the
number of tasks generally exceeds the number of agents; there may be possible tar-
gets in an uncovered area, and the area can be large, allowing for many targets. This
assumption requires each robot agent to serve multiple tasks. Moreover, we assume
that each task requires a different number of multiple robot agents; this simplifies het-
erogenous aspects of target requirements–different types and load of services may be
required–and robot agent capabilities. Thus, efficient methods, which enable coordina-
tion between the robot agents, are required. Note that the SR problem is computationally
intractable. Even a simplified version of the SR problem, namely, the vehicle routing
problem (VRP or truck dispatching problem) is NP-hard [2]. For example, we experi-
ment a case, called “Dense”, that has more than 10500 possible assignments for initial
tasks. Thus, a centralized computation of the global optimum is not feasible.

To address the SR problem, auctions and swapping–both fully distributed and asyn-
chronous–are investigated. Asynchronous auctions have a reasonable computational
and message complexity. By using concurrent and asynchronous auctions, each with

� This is a revision and extension of [1].
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a limited number of participants, we can reduce the complexity. The computation and
message complexity of each auction grows linearly in the number of the participating
robot agents and tasks. If communication and sensing ranges are bounded, the mecha-
nisms require constant time for each round of auctions. If the ranges are not bounded,
O(n) computation time is required, where n is the number of target and robot agents
combined. However, note that such auctions yield sub-optimal assignments [3].

Our previous work [4, 5], and other similar work [6, 7, 8, 9] experimented the multi-
agent coordination problem in small-scale. However, small-scale experiments, regard-
less of whether using software simulations or physical simulations, can be easily biased
by specific experimental parameters. In small-scale simulations, only a few auctions are
executed and each auction result is affected significantly by the initial positions of robot
agents and tasks, not the mechanisms. On the other hand, in large-scale simulations, a
large number of auctions are executed and the effects of initial positions are reduced.
Besides, smaller-scale simulations have larger variance in the experimental results. An-
other limitation is that the scalability of mechanisms is not established.

These limitations motivate us to run large-scale simulations in which the strategies
and experimental parameters, such as the density of agents, positions of agents, and
utility and requirements of target agents, are varied. Different auction mechanisms
(forward, reverse, forward and reverse, forward and reverse with sealed bids), non-
cooperative heuristic method (N/C), which resembles swarm intelligence [10], as a
control, and swapping are experimented. Different bidding strategies, which weigh the
utility, cost, and popularity of a target, are used. The simulator will be available on our
research group’s web site: http://osl.cs.uiuc.edu .

Experimental parameters such as the robot density, sensing and communication
ranges, and initial positions of robots are varied in order to test the robustness and
characteristics of the mechanisms in different environments. Varying robot density and
initial positions can show the adaptability and the generality of the mechanisms. Obvi-
ously, limiting sensing and communication ranges can provide more scalability in real
applications because the cost of broadcasting to all the agents can be high. Perhaps
more surprisingly, the results suggest that limiting sensing and communication ranges
improves the performance.

In theory, assuming a fixed order of synchronized auctions and static utilities, differ-
ent auction mechanisms (forward, reverse, and forward/reverse) would yield the same
results. However, in this paper, these simplifying assumptions are not met and it is easy
to see how different auction mechanisms may produce different results. The results sug-
gest that sealed-bid auctions based on forward/reverse auctions perform better than the
others (except for the number of messages). Forward/reverse auctions perform better
than the rest of the auctions and result in a lower number of messages. The results also
suggest that reverse auctions do not have any merit over forward auctions, if reverse
auctions are used exclusively.

Two robots may swap tasks in order to reduce the costs for each of them–the side
payments are not considered. Dynamicity of the environment and asynchrony of auc-
tions create the need for swapping. The results suggest that swapping can improve per-
formance although swapping causes additional costs.
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The rest of this paper is organized as follows. Section 2 describes previous research
on multi-agent coordinations. Section 3 describes the coordination methods studied.
Section 4 describes the simulation results. Section 5 analyzes these results. Finally,
Section 6 discusses the conclusions and directions for future research.

2 Related Work

A number of distributed approaches have been proposed although, in principle, a cen-
tralized approach can provide results that are equal to or better than those of a distributed
approach. However, a centralized approach has a number of drawbacks: a single point
of failure and the need for connected networks. More critically, a centralized approach
is not scalable. Some of distributed approaches use non-market based mechanisms; i.e.,
swarm intelligence [10], which does not involve negotiations and communication, thus,
being extremely scalable. However, it lacks knowledge about the other agents, which
makes it very difficult to accomplish a task that needs multiple agents.

To address this problem, many distributed market based multi-robot coordination
mechanisms have been proposed. Some of these are offline algorithms; i.e., [6]. Ob-
viously, offline algorithms cannot adapt to dynamic environments. Other research has
studied online mechanisms [7, 8].

Prior work has used different degrees of dynamicity of the environment; tasks may
be static, passive, or dynamic. Static tasks do not change their utility or cost: [7, 11, 6].
Passive tasks are modified only by the action of robot agents: [8]. Dynamic tasks change
their utilities or costs by themselves; i.e., tasks are mobile [4]. When tasks are dynamic,
preemption (to change an agent’s attention) and adaptation in real-time become impor-
tant in order to let agents respond to the change of a dynamic environment. In this paper,
as in our previous work [4], we focus on a dynamic environment.

A number of studies have assumed that a task requires only one agent [7, 8, 6]. In
this case, coordination of multiple robot agents for each task is not required. However,
coordination for each task is required if a task needs multiple agents. Some researchers
have studied cases where coordination between agents for each task is beneficial, but
not mandatory and synchronization between agents is not required; i.e., [9]. On the
other hand, in [8], synchronization is required although the system serves only a single
task. Our problem requires both assignment of multiple tasks to agents and synchro-
nized coordination between several agents to complete any given single task. Distrib-
uted multi-robot coordination research related to robot agents that roam a geographic
area has been based on small scale experiments: single task [8], less than 10 agents
[9, 7, 4], and around 10 robot agents [6, 5].

The previous work [4] proposed forward/reverse auctions and swapping for task al-
location with physical agents in dynamic environment. However, the main weakness is
that the experiments were not sufficient–only one execution was carried out for each co-
ordination method in small-scale experiments. Moreover, the effect of bidding strategies
was not examined. In this paper, the problem size is extended to show the scalability of
the algorithm (up to 250 robots and 750 targets), develop and test various mechanisms,
and experiment more concretely with more performance metrics and various experi-
mental parameters. For parameters of the algorithms, the values similar to those in [5],
which are in turn based on [4], and partly on other analysis and estimates, are used.
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3 Methods

This paper makes a number of simplifying assumptions for robot agents. All agents are
located and move unobstructed on a bounded rectangular Euclidean plane. It is further
assumed that the robot agents in a given simulation are homogeneous–i.e., all the robot
agents use the same strategy. Robot agents can observe every target within its sensing
range, and robots notify other robots in their communication range about the observed
targets. However, robot agents do not relay information from other agents. Targets move
around with some predefined patterns. However, robots do not try to predict the pat-
terns; instead they use the current heading and speed of a target to track it. Although
other algorithms–better roaming algorithms, optimal serving positions for targets, better
collision/obstruction avoidance algorithms, and prediction of other agents’ movement–
may improve performance, they are not studied, as their benefits are likely to be mar-
ginal and our purpose is to focus on the effect of global mechanisms for coordination.

The following assumptions about targets are made to simulate the S/R problem,
where each mobile rescuee needs multiple rescuers to be located near the rescuee at
the same time to rescue the rescuee and the rescuee will stop moving once a rescuer
approaches to the rescuee. Thus, in order to be served, a target t requires multiple dedi-
cated robots (≥ reqt > 1) to be present nearby (≤0.2m) at the same time, where reqt is
the requirement of t. t distributes its utility utilt evenly to the robots that serve it, i.e., it
provides utilt/reqt to each robot, where utilt is the utility of t. If the number of robots
exceeds reqt , only the first reqt robot agents receive the payoff.

Each instance of the problem is defined as a mission; a mission is complete when
90% of the target agents have been served. In the previous work [4, 5], a mission is com-
plete when every target agent has been served. However, in large-scale experiments, it
may take too much time to search the last few targets and distort results if the sensing
and communication ranges are bounded; the search for the last few targets, which takes
completely random length of time, has often dominated the mission time with prelimi-
nary experiments. Therefore, in order to compare bounded sensing and communication
ranges and unbounded ranges, we use the 90% metric for every experiment. The num-
ber of targets is assumed to be large enough for each robot to serve multiple times.
Thus, a robot may participate in several auctions in the course of a mission.

3.1 Coordination Methods

Several methods for coordination between agents, including non-interactive methods,
auctions, and swapping, are studied. The first two methods, N/C and forward auction,
which are used as controls in the experiments, are the basic methods of non-market-
based and market-based coordination mechanisms. N/C is a straight-forward approach
without communication. Forward auction is the basic form of auction and it is the
most frequently used auction in the problem domain. Thus, we use N/C and forward
auction as controls. Reverse auction is the opposite approach to forward auction. For-
ward/reverse auction is supposed to accelerate the auction process by converging prices
in both ways: forward and reverse. Then, sealed-bid is added to forward/reverse auction
in order to see the effect of price considerations in agent systems where agents do not
pay the price.
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Non-cooperative Heuristic Method (N/C). With N/C, a robot agent chooses the tar-
get agent that has the largest expected benefit for the robot. The expected profit of
N/C is utilt/reqt − costNC(r,t), where costNC(r, t) is the cost for robot agent r to
serve target t. The cost is the distance and pivoting cost from r to the target t in
N/C. Robot agent changes its target if another target agent becomes more attractive
than the current target.

Forward Auction. A robot agent r bids for the target agent that has the largest ex-
pected profit, where the expected profit is futil(r, t)− cost(r, t)−pricet . cost(r,t) is
a cost function, which is described in Section 3.2 and futil(t) is a utility function,
which is described in Section 3.3. A bidder retracts its bid if the bidder finds an-
other target to be more attractive, which incurs an additional retract bid cost in the
cost function (cost(r,t), which is described later) in order to prevent excessive bid
retractions. Each auction is managed by its corresponding auctioneer. For simplic-
ity, the simulation is implemented to choose one of the bidders as an auctioneer.
However, conceptually, the corresponding target can be assumed to be the auction-
eer because each auction represents a target. An auction for target t is finished if t
has enough bidders (≥ reqt ) after round time and the bidders have confirmed their
bids at the end of the auction.

pricet =
{

min(min bid,max rej bid) , asnt > 0;
max rej bid, otherwise.

(1)

When an auction for a target agent t is started, the auctioneer accepts bids higher
than pricet of Eq. (1). asnt is the number of bidders assigned to target t, min bid is
the lowest bid price among the bidders, and max rej bid is the larger value of the
highest rejected bids and the initial price of t. If asnt > reqt , an assigned robot agent
with bid price min bid is rejected. min bid is then recalculated, and the rejection
procedure is repeated until asnt = reqt . When a bidder is outbid and rejected, it
tries to bid for the current target with the updated conditions if it can bid again.
Otherwise, the agent that has been outbid searches for other targets to bid on.

An auction is stopped after round time, a specified time period from the begin-
ning of the auction. If the auction does not result in a sufficient number of confirmed
bidders, the bidders are released and the auction is paused for a random interval.
The pause interval is a uniform random distribution random(0.1,1.0)× round time
in the experiments. After the pause, the auction restarts. This delay allows the en-
vironment to evolve (e.g. more robots to become free).

Reverse Auction. In contrast to a forward auction, where buyers (robots) increase price
to attract sellers (targets), in reverse auctions sellers (targets) decrease prices to
attract buyers (robots). A reverse auction is implemented by having the auctioneer
cut its target price, assuming that the auctioneer has not received a sufficient number
of bidders during the auction pause. An auctioneer also cuts the target price if a bid
is retracted so that the auctioneer no longer has a sufficient number of bidders.
Robot agent r bids for target t providing the highest expected profit futil(r,t) −
pricet − cost(r, t). Unlike a forward auction, higher bids do not raise target prices.
Eq. (2) shows how target price is discounted. In the experiments, raterev = 0.5 is
used as it performs better than other values tested [4].

pricet = pricet × raterev (2)
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Forward/Reverse Auction (F/R). Using both a forward auction and a reverse auction
in order to reduce auction delay with equivalent auction results has been proposed
by [11, 4]. A forward/reverse auction is implemented by running a forward auction
during normal operations and a reverse auction when the auction is paused or a bid
is retracted.

Sealed-Bid F/R Auction (S/B). Unlike auctions with actual fund transactions, robot
agents do not actually pay anything to win auctions. Because bidders do not pay
anything to win an auction, target price may not be a cost factor. Given this, a
sealed-bid mechanism is implemented based on a forward/reverse auction. Using
a S/B auction, expected profit of target t for robot agent r is futil(r, t)− cost(r,t);
the target price is no more considered. However, a robot agent bids for a target
with a price, which is the expected profit for serving the target, and an auctioneer
determines which bids are to be rejected based on the bid price. As with other
auction methods, the final cut-off price is the kth highest price for a target agent t,
where k agents are required to serve t (reqt = k).

3.2 Cost Function

As we mentioned for the auction methods in Section 3.1, a cost function cost(r,t) is
required to calculate the expected profit of given targets. The cost function calculates
the expected costs that are required for the robot agent to serve the given target. It
includes direct costs such as the cost to move in order to approach the target and indirect
costs such as a penalty for serving a target that already has pursuers in order to avoid
duplicated service.

Eq. (3) shows an abstraction of the cost function, which represents the cost of target
t for robot r. The estimated distance cost for r to pursue t including t’s current veloc-
ity vector is estimated distance(r,t). It also includes A∗ trajectory planner for collision
avoidance and pivoting cost–robots in the experiments need to stop for turning. Unless
t is r’s current bidding target or pursuing target, cost to assign(r, t) assigns additional
cost. If t already has an auction result, in order to give penalty for redundant auctions,
cost redundant auction(t) assigns additional cost. If t is still mobile, cost mobile(t) as-
signs additional cost. If t requires most additional pursuers other than those already
assigned, cost additional pursuers(t) assigns more cost; it is more difficult to coordi-
nate synchronously if more pursuing robots are required. Specific values for the sub-
functions of cost function are discussed in [5].

cost(r,t) = estimated distance(r,t)
+ cost to assign(r,t)
+ cost redundant auction(t)
+ cost mobile(t)
+ cost additional pursuers(t)

(3)

3.3 Utility Functions

Various utility functions, which determines the utility value of a given target, are experi-
mented. Essentially, utility functions determine the bidding strategy of robots; i.e., these
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functions calculate the value of the given target. We examine various utility functions
in order to see the effects of different bidding strategies.

The default (static) utility function directly addresses the pay-off that a robot agent
will receive if the robot agent serves the given target. However, it may be more ef-
ficient if we consider a target that has more bidders to be more valuable in order to
assign higher priorities for auctions that will probably end soon. The other five ‘dy-
namic’ utility functions use the number of bidders and the requirement in order to
consider the auction status. The previous work [4] used the Division utility function,
which is the first dynamic utility function. However, the Division utility function some-
times attracts too many bidders, thus, we try to mitigate the problem with modified
utility functions. Division-Restricted restricts assigning higher priorities for targets that
already have enough bidders. Division-Small restricts the amount of a maximum utility
increase. We also merged the two modified division utility functions by implement-
ing Division-Restricted and Small. Linear shows another approach by addressing the
mechanism of assigning priorities on auctions.

Default (Static). The default utility function for a robot agent r serving a target agent t
is Eq. (4), which is the payoff that each robot receives after serving t. It is also called
the Static utility function because the value never changes; other utility functions
are called the Dynamic utility functions because the values change according to the
status of corresponding auctions.

futil(t) = utilt/reqt (4)

Division. Although the default utility function reflects the exact payoff value of a tar-
get when the target is served and the cost function calculates the cost to serve the
target, it may be not sufficient because the status of an auction is not included. For
example, let’s assume that there are two targets t1 and t2 with reqt1 = reqt2 = 5,
asnt1 = 4, and asnt2 = 1 and a robot agent r needs to choose either t1 or t2. Then, r
may want to prioritize t1 because t1 needs only one more bidder while t2 needs four
more; t2 will probably require more time to settle its auction.

futil(t) =
utilt

reqt − min(asnt ,reqt − 1)
(5)

The division utility function, Eq. (5), is designed to increase futil(t) as asnt

increases and to increase more if asnt is near reqt by dividing reqt −asnt into utilt .
Division-Restricted. The division utility function results in a hoarding problem. Even

if target t already has enough bidders (asnt ≥ reqt ), t’s utility, futil(t), is still boosted
so that t can attract more bidders. This over attraction can increase auction cost
because a target can attract too many bidders; neighbor target agents may suffer
from starvation. In order to mitigate this problem, the utility function, futil(t), uses
the default utility function (boost deactivated) when the bidder is not yet assigned
to t and the target t has enough bidders (asnt ≥ reqt ).

Division-Small. When targets t1 and t2 (reqt1 = 5, asnt1 = 4, reqt2 = 2, asnt2 = 1,
∀t : utilt/reqt = 10) are close to a robot agent r, the utility values of t1 and t2
should be same because both t1 and t2 need only one more robot agent and the two
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targets provide the same utility for each serving robot agent (util/req). However,
division and division-restricted utility functions give the utility values differently;
futil(t1) = 50 and futil(t2) = 20. With Division-Small utility function, a maximum
possible boost ratio is the same regardless of reqt : Eq. (6).

futil(t) =
utilt
reqt

·
(

1 +
1

reqt − min(asnt ,reqt − 1)

)
(6)

Division-Restricted and Small. Division-restricted and division-small are combined.
Linear. In the four division methods, the utility value for a target t is boosted more

when asnt is closer to reqt . However, with Linear utility function Eq. (7), the utility
boost per bidder is constant.

futil(t) = utilt/reqt · (1 + min(asnt ,reqt)/reqt) (7)

3.4 Swapping

The assignments between robot agents and target agents may become obsolete because
there are a series of asynchronous auctions and the targets are moving. Thus, reas-
signment mechanisms may be beneficial. We may address this problem by executing
auctions repeatedly after the initial assignment. However, auction mechanism is an ex-
pensive operation to execute repeatedly because the auction mechanism requires syn-
chronization between asynchronous robot agents and heavy communication costs. On
the other hand, the swapping mechanism, which is a one-to-one negotiation between
robot agents, is a less expensive operation: there are less communication and computa-
tion costs. The swapping mechanism is executed after the auction is complete and both
swapping robot agents have their dedicated targets.

Fig. 1 is an example when the asynchrony of auctions makes swapping attractive. In
Fig. 1, reqt1 = 2, reqt2 = 3, and reqt3 = 1). After r1 and r2 serving t1, r1 and r2 are
assigned to t2 along with r3. r4 is assigned to t3 before t1 is served. r4 could not be
assigned to t2 because there were not a sufficient number of robot agents nearby t2 at
that time; r1 and r2 were serving t1. However, it is obvious that a swap between r2 and
r4 can reduce costs.

Fig. 2 is an example where the dynamicity causes the need for swapping. Here r1
was pursuing t1 and r2 was pursuing t2. However, as t1 and t2 move, the best targets of
r1 and r2 change. If r1 and r2 swap tasks then, the two robot agents can serve targets
with less time and movement distance (fuel consumption).

Fig. 1. Swap by auction asynchrony Fig. 2. Swap by dynamicity
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The robot agent that requests a swap becomes a swapper, which chooses a swappee
that is estimated to maximize the benefit of the swap. A swap should be beneficial for
both swapper and swappee, whose targets are different, to be accepted by the swappee.
A swapper r1 with target t1 sends a swap request to swappee rs with target ts when the
expected benefit EB(r1,rs) > 0 and ∀i : EB(r1,rs) ≥ EB(r1,ri). In Eq. (8), ti is ri’s target
before the swap, and THswap is the swap threshold. The cost function for swapping,
which corresponds to the distance and azimuth difference between r and t, is costs(r, t).

EB(r1,ri) = costs(r1, t1)+ costs(ri,ti)
− costs(r1, ti)− costs(ri, t1)− THswap

(8)

4 Experiments

We have done physical robot experiments in the previous research [4]. Physical experi-
ments enable a more realistic experimental environment, which can be ignored by soft-
ware simulations. However, it is too difficult to setup large-scale physical experiments.
Experiments with a thousand mobile robots require too much time and effort especially
on jobs that are not directly related to the research; i.e., charging and replacing batteries,
fixing and replacing damaged parts, reserving and maintaining a large and appropriate
location, setting a massive number of cameras, and other logistical problems. Thus, we
have implemented a software simulation for large-scale experiments and simulated the
physical robot experiments by importing experimental parameters from the results of
the previous physical experiments.

Fig. 3 shows the user interface of the agent simulator. The simulator shows the move-
ment of robot and target agents, the intention of each robot agent, the status (roaming,
chasing, bidding, serving, and others) of robot and target agents, and the progress of
the system. With the GUI of the simulator, we can see how the mechanisms and the
agents interact in run-time. Mission files (csv-formatted text files) describing initial po-
sitions, utility values, requirements, movement patterns, and coordination mechanisms
are required to run the simulator. The simulator writes log files, which have detailed
experimental results for each mission and can be parsed for statistical analysis.

The simulation is a discrete event simulation with a global clock. Fig. 4 shows the
overview of the simulation architecture. Fig. 5 shows the state diagrams of the major
component agents shown in Fig. 4. The simulator is implemented in C++ and MC++
using Repast.NET and executed on Pentium 4 3.2GHz Prescott with 2GB RAM run-
ning Windows XP Pro. Agents are programmed to behave similarly with the physical
robots (Acroname Garcia/PPRK robots) by importing values from [4]. For example,
robots are programmed to have maximum movement speed of 10cm/sec, maximum ro-
tational speed of 20◦/sec, communication delay of 100ms, service range of 20cm. Each
simulation step represents 50ms; a longer step will not support the communication de-
lay and a shorter step will increase the execution cost of the simulator. We configure
utilt according to the field size so that the expected benefit is positive when a target is
found and utilt/reqt to be constant so that each target has the same utility per serving
robot.
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Fig. 3. The simulator user interface

Fig. 4. Architecture of the simulator

4.1 Experimental Data

Several data sets are experimented with in order to vary simulation parameters as shown
in Table 1. The data set Dense represents a field where each target agent almost always
has enough robot agents nearby so that virtually no coordination between robot agents is
required. Target agents are scattered on the field when a mission starts, and robot agents
are scattered around the center (in about 25% surface of the field). In data set Corner
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(a) Swap agent

(b) Coordination agent (bidder)

(c) Auctioneer agent

Fig. 5. State diagrams of component agents in a robot agent
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Table 1. Simulation data set

Name # Robot # Target Field size Sensing range Communication range

Dense 250 750 40x40 (m) 3 (m) 12 (m)
Corner 50 500 45x45 (m) 3 (m) 12 (m)
Scatter 50 500 45x45 (m) 3 (m) 12 (m)
G.Corner 50 500 45x45 (m) Global Global
G.Scatter 50 500 45x45 (m) Global Global

and G.Corner, robot agents start from a single corner area of the field and the density
of robot agents is lower. In data set Scatter and G.Scatter, robot agents are scattered on
the field with low density as in Corner and G.Corner. In these four lower density cases,
servicing targets is difficult without coordination.

The first three data sets, Dense, Corner, and Scatter, have limited sensing and com-
munication ranges and robot agents can coordinate with other robot agents within their
communication ranges. In the other two data sets, G.Corner and G.Sparse, robots have
global sensing and communication ranges so that each robot has the global knowledge
and the capability to coordinate with any agent on the field. G.Corner has the same
initial positions as Corner and G.Sparse has the same initial positions as Sparse.

A mission (single simulation run) is finished when 90% of the targets are served. We
use the 90% metric because otherwise the results would be distorted by the search for
the last few targets if sensing and communication ranges are bounded as we mentioned
in Section 3. Each execution of a mission takes about 3 hours in data set Dense and
about 1 hour in other data sets with our machines. In simulation time, each mission
takes about 15 minutes in data set Dense and about 30 minutes in other data sets. We
experiment with 15 times of simulation for every combination of 5 coordination meth-
ods, 6 utility functions, and swapping enabled/disabled for each data set. Mission time
(time spent to complete the mission), movement distance (distance covered by robot
agents, which implies the fuel consumption), auction delay, number of messages, and
load imbalance (σ/mean of movement distance) are measured.

4.2 Results

This section describes the experimental results in order to compare various coordina-
tion methods to the controls, such as N/C or forward auction with static(default) utility
functions, swapping versus non-swapping, and local knowledge (bounded sensing and
communication ranges) versus global knowledge. Fig. 6, 7, and 8 show performance
comparisons to controls. Fig. 6 uses forward auction and default(static) utility function
as a control, whose value is 1.0 in the figure, and swapping is disabled in every case of
Fig. 6. Fig. 7 shows relative values when swapping is enabled compared to the cases
without swapping, which is represented as 1.0 in the figure. Fig. 8 shows relative values
when the sensing and communication ranges are bounded compared to the results when
the ranges are not bounded (swapping is disabled in Fig. 8). Capital-I-shaped bars show
confidence intervals. Every confidence interval shows confidence of 95%.
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Fig. 6. Performance comparison to forward auction and default utility function

Fig. 7. Performance of swapping

Fig. 8. Bounded vs. unbounded

N/C and forward auction with dynamic utility functions suffer from deadlock; thus,
they are not represented in the figures–except for load imbalance of N/C. Reverse auc-
tion, when it is used solely, has no merit over forward auction in theory [11] and shows
no better performance in the experiments. Some of the dynamic utility functions with
forward/reverse auction do not complete missions before the simulation time limit;
thus, forward/reverse auction with such utility functions (Division, Division-Small, and
Division-Restricted and Small) are dropped from the statistics.

With data set Dense, N/C finishes missions and performs well. Sealed-bid auction
with default utility function and swapping, which performed best in Dense, has
6.6±3.6% less mission time and 10.5±4.3% less movement distance than N/C. Forward
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auction, F/R auction, and sealed-bid auction with some of dynamic utility functions
(division-restricted and linear) perform worse than N/C in mission time and movement
distance. However, N/C does not perform well in other low density data sets. In Corner,
N/C serves 53% of targets before the time limit; other coordination methods complete
missions in about half of the time limit in Corner. N/C suffers from deadlocks in Scatter
and G.Scatter and is much less efficient than other coordination methods in G.Corner
(80.0±9.3% more mission time and 74.9±3.5% more movement distance than forward
auction with default utility function).

Fig. 6 shows performance comparisons, which are shown by mean values compared
to those of the forward auction and the default utility function. The results suggest that
adding reverse auction to forward auction improves performance; F/R auction improves
performance in every metric: mission time, movement distance, auction delay, number
of messages, and load imbalance. Sealed-bid auction improves performance further ex-
cept for the number of messages. N/C is shown with a load imbalance metric only
because it cannot complete missions in most cases.

Dynamic Utility Functions. Dynamic utility functions with forward auction suffer from
deadlock, which was not observed in the previous research with small-scale experiments
[4]–division utility function was used. Although no deadlock is observed, dynamic util-
ity functions do not perform well with forward/reverse (F/R) auction. This is because
F/R auctions with dynamic utilities suffer from ping-pong bidding, where a bidder alter-
natively bids and retracts (see Section 5 for a detailed explanation). On the other hand,
dynamic utility functions successfully reduce auction delay with S/B auctions except
in the case when the division utility function is used. For example, when the division-
restricted and small utility function is used with S/B auction, auction delay is reduced
46.3% from the default utility function with S/B auction. However, the reduction in
auction delay is often not enough to reduce the mission time because the dynamic util-
ity functions damage auction quality, which is represented by the movement distance
metric–the dynamic utility functions increase the movement distance. Thus, the dy-
namic utility functions provide trade-offs between auction delay and auction quality.
Load imbalance is improved significantly with the dynamic utility functions; the load
imbalance is decreased 67% by the division-restricted with F/R auctions used and 61%
by division-small with S/B auctions.

Swapping. Fig. 7 shows the performance of the swapping method. The swapping per-
formance is shown by the mean values of the performance with swapping divided by
those without swapping. Auction delay is not shown because swapping does not affect
the auction process; robots do not swap while the robots are bidding. The number of
messages is increased (performance deteriorated) by swapping significantly. The num-
ber of messages increases more with the dynamic utility functions (48.7%) than with
the static (9.9%) and the number of swapping increases more with the dynamic (477.6)
than with the static (17.4). In Dense, the number of messages increases up to 77.0%,
which implies that the communication overhead of swapping can be almost as much as
that of an auction. The communication overhead of swapping makes it less efficient as it
can increase not only the number of messages sent, but also the mission time if the com-
munication delays are significant. The negative effect of swapping on the mission time
can be inferred by the result in Fig. 7; even though the movement distance is reduced,
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mission time is not as reduced. Performance improvement is more significant with dy-
namic utility functions, which have poor auction quality compared to the static utility
function. Although the movement distance of the dynamic utility function improves
with swapping, swapping does not make movement distances as short as those obtained
by using the static utility function. Load imbalance is improved with swapping, which
implies that swapping helps load balancing.

Bounded Sensing and Communication Ranges. When the sensing and communica-
tion ranges are bounded, the system is supposed to be more scalable because robot
agents do not need to broadcast to every agent. Besides, practically, observing every
target and communicating with every other robot in real-time is almost impossible in
large-scale systems. Thus, we examined the mechanisms with bounded sensing and
communication ranges. Fig. 8 shows how the system performs if the sensing and com-
munication ranges are bounded by comparing the results of bounded ranges with those
of unbounded ranges.

Using the static utility function, bounding ranges reduces auction delay by 27.9±2.8%
and mission time by 3.5±2.2%. However, the movement distance and the number of
messages increase with bounded ranges. Because each auction has more information
with global knowledge, having longer distances with bounded ranges seems to be natural.
However, having too much information may lead to more delays and damages of the
overall performance as Fig. 8 suggests.

Using the dynamic utility functions, bounding ranges enhances the performance in
the four metrics (except load imbalance) significantly. Bounding ranges can be inter-
preted as filtering objects because greedy algorithms such as auction methods, usually
try to choose targets closer the robots; thus, the probability to coordinate with the ro-
bots far away is relatively low. Load imbalance is increased a little with static utility
and does not have significant differences in overall.

The improvement achieved by various methods in bounded ranges is compared with
the improvement by them in unbounded ranges. The results suggest that bounding
ranges help reduce movement distance and number of messages further except for F/R
auction with static utility when the methods are compared to forward auction with static
utility. This suggests that it is easier to improve performance with bounded ranges. Us-
ing dynamic utility functions, the performance improvement difference from the cases
of unbounded ranges is more significant.

Swapping and Bounded Ranges. Both the number of swaps and the sum of estimated
swapping benefit (ΣEB of Eq.(8)) are larger with bounded ranges using static utility
function. However, using dynamic utility functions, bounding the ranges makes the two
values smaller. Greater number of swapping implies worse quality of auction results.
Thus, we can infer that bounding ranges gives less efficient plans with static utility
function and gives more efficient plans with dynamic utility functions compared to
unbounded ranges; movement distance in Fig. 8 shows the same tendency.

5 Discussion

In this section, we discuss unexpected symptoms observed during the experiments:
deadlocks, unexpected delays in auctions, and other side effects of the mechanisms.
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Most of them were not observed in the previous small-scale experiments. However,
with large-scale experiments, more issues can be observed with the mechanisms and
the variety of the mechanisms is also extended in this paper. Analyzing how such issues
occur, we try to mitigate the issues and show how other versions of the mechanisms
work.

N/C often suffers from deadlock unless the density of robot agents is very high
(as in Dense) or the reqt values are small enough. Fig. 9 shows an example, where
reqt1 = reqt2 = 3. Because each robot agent may find its own best target differently,
this deadlock is not unlocked unless additional robots come in or the targets move so
that the robots may change their targets. However, unless the density of robot agents is
sufficiently high, unlocking does not happen frequently enough to accomplish missions.

Fig. 9. N/C suffering from deadlock

Forward auction with dynamic utility also suffers from deadlock, which is not ob-
served in the previous small-scale experiments [4, 5]. If a target’s price is higher than
its value (utility), the target may not be bidden, which in turn can stop the mission
progress. This happens frequently with dynamic utility functions, as such functions can
cause greater increases in target prices. Table 2 shows an example. This may happen
without dynamic utility function; it is observed in preliminary simulations when targets
moved away too fast and robots could not finish an auction in time. Adding a reverse
auction to a forward auction (F/R) helps in adapting to the dynamic environment, which
prevents such deadlocks, as well as in reducing convergence time.

Table 2. Forward auction and dynamic utility

futil Target price Actions

100 10 r1 bids “10”.
150 10 r2 bids “120”.
200 120 r2 retracts.
150 120 r1 retracts.
100 120 Price is too high.

Adding a reverse auction to a forward auction can alter the assignments when targets
are dynamic or robots have a series of asynchronous auctions–each auction is done
asynchronously with a different duration. The auctions are supposed to have the same
results with a different delay [11]: forward, reverse, and F/R auction. However, if targets
move, their positions, which determines the costs, become different according to each
auction method because the delay varies, which in turn makes the assignments different.
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Even if targets are static, assignments from a second round can be different because
each robot has a series of asynchronous auctions. Fig. 10 shows an example with tar-
gets {a,b,c}, reqa=4, reqb=3, reqc=5, and robots 1 to 8 using different auction meth-
ods (i.e. F/R versus forward); the two auction results are different. Because the system
is asynchronous and distributed, each robot incurs additional costs to wait for other
auctions to converge and other robots to complete their services. In a fully distributed
system with a dynamic environment, such costs can be too high. The properties of a
target changes while robots are sending ”confirmation of convergence”, subsequently,
the robots may need to cancel their confirmations and restart auctions because of the
changes in the environment. As a result, given the dynamicity and asynchrony, distrib-
uted auctions may need to wait indefinitely in order to find an equilibrium. Nonetheless,
adding a reverse auction to a forward auction has the advantage of converging with less
delay and fewer messages. Besides, the results show that the auction quality is slightly
improved. This may be a result of the fact that a faster auction can respond faster in a
dynamic environment.

Fig. 10. Inequivalent of auctions

F/R auction can suffer from ping-pong bidding; a bidder alternatively bids to multiple
targets and auctions are delayed. If a target price fluctuates, bidders may alternatively
bid to different targets without completing an auction. Table 3 shows an example. Ping-
pong bidding usually stops either by another bidder or by a completion of an auction;
however, auctions still suffer from additional delay due to ping-pong bidding. Applying
a cost for retracting a bid mitigates the problem a little. However, as shown on Table 3,
ping-pong bidding still happens with the cost of retracting a bid. If the cost of retracting
a bid is too high or retraction is forbidden, the algorithm cannot adapt to the change

Table 3. Ping-pong bidding

EPt1 pricet1 EPt2 pricet2 Actions

101 10 100 10 r bids t1
10 101 70* 10 r retracts bid
21 80 100 10 r bids t2
9* 80 10 100 t1 discounts
31* 40 10 100 r retracts bid
61 40 30 80 r bids t1
10 101 0* 80 t2 discounts
*: retracting cost applied. EP: expected profit.
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in the environment; besides, an auction may spend too much time. Ping-pong bidding
happens more frequently with dynamic utility because they cause greater fluctuations
in the target price. With sealed-bid auctions, ping-pong bidding does not occur because
bidders do not see the target price.

Sealed-bid auctions perform best in terms of mission time, movement distance, auc-
tion delay, and load imbalance. Sealed-bid auctions may have disadvantages because
they do not consider the target price as a cost factor, which reflects how others bid; the
more popular a target is, usually the more expensive it is. For better task distribution,
overly popular targets may need to be avoided. However, because robot agents do not
actually pay the price, but incurs a cost such as movement distance and pivoting, the
price may be neglected by the robots.

Dynamic utility functions can distort a target’s utility, which can make assignments
inefficient by exaggerating the value of a target excessively. This makes movement
distance longer than static utility. Fig. 11 shows an example, where reqt1 = 4, reqt2 = 1,
and ∀i : utilti/reqti = 10. If utilt1 is boosted enough to ignore the distances by r1, r2, and
r3, both r4 and r5 bid for t1 although t2 is better. However, although dynamic utility
results in longer movement distance, shorter auction delay may compensate for the
increased movement; e.g., some cases result in shorter mission time. Besides, dynamic
utility functions can reduce load imbalance significantly as Fig. 6 suggests although the
reason is unclear and we need further studies on this issue.

Fig. 11. Distorted utility value with dynamic utility function

A pair of robot agents sometimes repeatedly swap with each other: ping-pong swap-
ping. Swap threshold THswap reduces the frequency of ping-pong swapping. However,
THswap cannot completely eliminate ping-pong swapping and THswap also reduces
the frequency of beneficial swaps. Ping-pong swapping is caused either by collision
avoidance or by the asynchrony and delay of agents. When ping-pong swapping hap-
pens, both mission time and movement distance increase. Even when ping-pong swap-
ping does not happen because of THswap, the initial swap may have already made the
routing plans less efficient. Because some swaps are useless or harmful, the perfor-
mance improvement is not as significant as the sum of EB (refer Eq. (8)) suggests.

6 Conclusion and Future Research

Various auction mechanisms and swapping for distributed multi-robot coordination, and
different bidding strategies in large-scale multi-agent systems are experimented with.
The results suggest that the mechanisms work with dynamic environment in large-scale
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systems and the mechanisms can work with larger-scale systems because the mecha-
nisms perform well with bounded sensing and communication ranges without multi-hop
communications. Table 4 summarizes the results. However, bidding strategies, which
are expressed by utility functions, may include more factors such as the number of po-
tential bidders and the number of available targets nearby (potential utility). Besides,
there is a possibility that it may perform better if robot agents are heterogenous and
have mixed strategies.

Table 4. Summary of strategies

Strategy Results

Coordination method

N/C Deadlock with non-trivial problems
Forward Deadlock with dynamic utility functions
Reverse No merit over Forward
F/R Better than Forward. Ping-pong bidding.
Sealed-bid Best except for the number of messages.

Utility function
Static Shorter movement distance
Dynamic Shorter auction delay. Even workload distribution.

Tradeoff between convergence speed and solution quality

Swapping Performance improved. Ping-pong swapping occurs.

Various simulation parameters are also experimented with: sensing and communica-
tion ranges, robot agent density, and initial positions of robot agents. Table 5 summarizes
the results. However, we may need to experiment further by varying more parameters
such as different field sizes, static targets, and varying target speeds. This may help ver-
ify the characteristics and adaptability of the mechanisms.

Additional metrics such as the number and benefit of effective swaps, number of
ping-pong bids, robot idle dime, and statistics of price-cut may help measure the per-
formance more concretely; thus, we can find how to improve the mechanisms and verify
the conjectures to explain symptoms such as ping-pong bidding and ping-pong swap-
ping. Besides, the reason why dynamic utility improves workload imbalance signifi-
cantly is not clear and further experiments are needed.

Table 5. Summary of simulation parameters

Parameters Results

Sensing and communication ranges
Bounded Auction methods perform better.
Global N/C suffers from deadlock less severely.

Robot agent density
Dense Both N/C and auction methods work.
Sparse N/C fails. Auction methods perform well.

Initial positions of robots
Corner Less performance gap between strategies.
Scattered N/C suffers from deadlock more severely.
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Forward, reverse, and F/R auctions are known to be equivalent under certain restric-
tive assumptions [11]. The assumptions are that the auctions are simultaneous, the tasks
are static, and each agent bids in only one auction (and for a predetermined task). In
this case, the auction is used as an offline tool. In general, the auction methods do not
yield the same results (equilibria) under the looser conditions of this paper: the envi-
ronment is dynamic and a sequence of asynchronous auctions is used. However, it is
possible that the auction methods may result in the same sets of possible assignments
even though they result in different assignments. Proving that the set of possible assign-
ments under different auction methods is the same with asynchronous auctions remains
an open problem. However, even if the set of possible solutions is equal, the problem of
determining the speed of convergence and the likelihood of better solutions is a more
difficult problem. Given the differences that are apparent in the simulations, we conjec-
ture that different auction mechanisms are not equivalent. This question would be much
harder to resolve analytically.
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Abstract. Over the past few years, emergent computing based tech-
niques such as swarming have evolved as an attractive technique to design
coordination protocols in large-scale distributed systems and massively
multi-agent systems. In this paper, we consider a search-and-execute
problem domain where agents have to discover tasks online and perform
them in a distributed, collaborative manner. We specifically focus on
the problem of distributed coordination between agents to dynamically
allocate the tasks among themselves. To address this problem, we de-
scribe a novel technique that combines a market-based dynamic pricing
algorithm to control the task priorities with a swarming-based coordina-
tion technique to disseminate task information across the agents. Exper-
imental results within a simulated environment for a distributed aided
target recognition application show that the dynamic pricing based task
selection strategies compare favorably with other heuristic-based task
selection strategies in terms of task completion times while achieving a
significant reduction in communication overhead.

1 Introduction

Over the past decade, multi-agent systems have emerged as an attractive par-
adigm for designing large scale, autonomous distributed systems [34]. Recently,
several researchers have also used techniques from emergent computing such as
swarming in a variety of problems including data mining [1], vehicle routing[5],
telecommunications [14] and robotics [7]. In many of these swarm-based systems,
mobile, coordinating swarm units, usually implemented using mobile mini-robots,
perform search and execute operations on spatially and temporally distributed
tasks in a dynamic environment [4,33,10,11]. The technique of swarming provides
a suitable mechanism to achieve desired global objectives in a large-scale multi-
agent system by embedding nature inspired behavior patterns at the level of the
individual swarm units without using a centralized mechanism to coordinate the
activities of the swarm units. However, in the absence of a centralized mechanism,
controlling the operation of a swarm-based system to achieve the desired behavior
while ensuring efficient performance becomes a challenging problem. One of the
principal problems in designing swarm-based systems for environments charac-
terized by search-and-execute tasks is to ensure efficient selection of tasks by the

N. Jamali et al. (Eds.): CCMMS 2007, MMAS 2006, LSMAS 2006, LNAI 5043, pp. 64–79, 2008.
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swarm units to improve the overall performance of the system. Prior work in this
direction by Gaudiano et al [16] have proposed a centralized shared memory to
share information about tasks and coordinate the actions of the swarm units. In
contrast, in a purely distributed environment with no centralized shared memory,
ensuring efficient task selection by the swarm units becomes a challenging problem
because of the dynamic arrival of tasks, communication delays encountered in dis-
seminating task information across the swarm units and possible inconsistencies
in task information between the different swarm units. Miller et al [25], have shown
that a purely distributed mechanism for the task selection problem for swarmed
systems characterized by search-and-execute type tasks is a NP-complete prob-
lem, and, proposed polynomial-time heuristic-based strategies to solve it. Main-
land et al [24] have adopted a market-based pricing mechanism to address the
distributed resource allocation problem in mobile sensor networks. In [12], Das-
gupta and Hoeing have described a rudimentary agent-based dynamic pricing
mechanism to address the distributed task selection problem in multi-agent
swarms. Our work extends the model described in [12] by using computationally
simple, yet efficient multi-agent based dynamic pricing strategies to solve the dis-
tributed task selection problem for swarming. Empirical results of our algorithms
within a simulated environment for a distributed aided target recognition appli-
cation show that dynamic pricing strategies for task selection in swarms compare
favorably with other heuristic-based task selection strategies while reducing the
communication overhead.

2 Multi-agent Swarming

The technique of swarming involves movement of entities (e.g., insects, or hu-
mans) individually or in small-sized units to search and act upon objects of
interest such as food, prey, or enemies within a search space. We consider a
search-and-execute problem domain where swarm units have to discover objects
of interest individually but require to collaborate with each other to perform
the actions on the objects of interest. The environment for our problem domain
consists of objects of interest that are distributed randomly in a 2-dimensional
environment. When an individual or unit discovers an object of interest, it com-
municates the information to other units. The other units then converge on the
object to perform the required actions on the object(e.g., consuming food, sub-
suming prey, etc.) using the combined power of the congregated units. After
completing the task on an object, each unit reverts to individual searching.

A computational system using swarming consists of multiple mobile units
that are capable of moving within an unknown environment. Because of the dy-
namic nature of the environment, each unit must also be capable of continuously
searching, communicating and executing tasks corresponding to objects of inter-
est as long as it is active in the environment. Software agents provide a suitable
paradigm to implement the computation units for swarming. Following are the
features of the swarmed system we consider in this paper:
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1. We consider a convex polygon shaped environment. The perimeter of the
environment is known a priori by the agents. Because the focus of our work
is on the task selection algorithms in swarming, we assume that agents do not
need to explore and determine the perimeter of the environment. Techniques
described in [6] can be easily incorporated into our agents for perimeter
detection of the environment.

2. A task corresponds to a set of actions that need to be taken by agents on
objects of interest. The spatial and temporal distribution of tasks is not
known a priori and must be discovered by the agents in real-time.

3. A single agent is only capable of discovering and partially executing tasks,
but lacks the computational resources required to completely execute a task.

4. A task can be completed only if multiple agents share their computational
resources towards executing the task.

5. To enlist the cooperation of other agents required to complete a task, an
agent that discovers a task communicates the task’s information to other
agents.

6. An agent is required to move to the vicinity of a task discovered by another
agent to execute it. Each agent executes the tasks independently and on
completing its portion of execution on the task, communicates the progress
of its execution (fraction of task still incomplete) to other agents within its
communication range.

Following [25] we have realized the swarming behavior in our system, us-
ing the stigmergetic activity of social insects such as ants [4]. Stigmergy is a
communication mechanism used by insects to exchange information with each
other either directly, or, indirectly through the environment. For example, ants
searching for food employ an indirect form of stigmergy by using a chemical sub-
stance called pheromone to mark the path followed by them towards the food.
Pheromone provides positive reinforcement to future ants, and, ants searching
for the food later on get attracted to the pheromone to locate and possibly
consume the food. In our system, when an agent encounters a task, it deposits
a certain amount of synthetic pheromone to mark the location and priority of
the task. Pheromone decays over time. The set of tasks and the corresponding
pheromones that each agent is aware of is stored in a local data structure called
the pheromone landscape within the agent and corresponds to the agent’s task
list. An agent communicates its task list to other agents within its communi-
cation range to disseminate task information across the swarm. The operations
performed by an agent to manifest swarming can be divided into the following
phases:

– Deployment: Agents are deployed by a central manager into the environ-
ment. Once the agents are deployed the manager does not supervise the
agents. The agents revert to the manager only when their lifetime expires.
For better overall coverage, the manager might choose to divide the environ-
ment into smaller sub-areas and deploy a subset of agent into each sub-area
[18].
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– Search and Discovery. In this phase, individual agents perform a blind
or uninformed search within the search space to discover objects of interest.
When an agent discovers an object of interest, it associates a certain amount
of pheromone with the object to indicate the urgency with which other agents
should arrive at the object to complete the task associated with that object.

– Communication. After an agent discovers a task, it has to inform other
agents about the parameters of the task including the task’s location and
pheromone. To achieve this in a distributed manner, an agent uses a point-
to-point communication model to disseminate information about tasks it is
aware of to other agents within its communication range.

– Task Selection. An agent stores information about incomplete tasks in the
search space that it receives from other agents in a task list. An agent must
select a subset of tasks from its task list it wants to execute partially and
the order in which to visit the selected tasks to plan its path.

– Task Execution. On arriving at the location corresponding to a task/object,
an agent performs the actions required on the object to complete its share of
the task. After completing its portion of execution for all the tasks on its task
list, an agent reverts to searching.

In the rest of the paper, we focus on the task selection problem in swarm-
ing. Algorithms for deployment, search and discovery, communication and task
execution for swarming are implemented in our system using the algorithms de-
scribed in [10]. Functionally, each computational unit in our swarmed system is
a mobile robot that contains a processor executing the algorithms implemented
by an agent. Therefore, in the rest of the paper we use the terms robot and agent
interchangeably.

3 Dynamic Pricing Strategies for Task Selection in
Swarming

Task selection is one of the most crucial phases of the swarming mechanism as
it determines the efficiency with which tasks are completed in the system. A
suitable task selection mechanism ensures controlled swarming towards tasks to
ensure appropriate commitment of resources to tasks, ability of the swarm to
separate adaptively into sub-swarms and reduction in communication overhead.

A principal challenge in ensuring efficient performance of the task selection
mechanism is to correctly update the pheromone at different tasks so that an ap-
propriate number of robots that are close to the task start acting upon it. Most
existing pheromone-based emergent systems [4] employ simple reinforcement
based techniques that rely on experimental fine-tuning of the model’s parameters
to suitably update pheromone at the different solution points of the problem.
However, such a mechanism is not guaranteed to work precisely in a swarm where
tasks are time-constrained and the order of allocating resources(robots) across
tasks determines the overall system performance. To address this problem, we
propose to update the pheromone at different tasks in a manner that enables
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the tasks to attract robots rapidly to get completed while avoiding allocating
excessive robots to tasks or starving some tasks by allocating too few robots for
it. To develop a suitable task selection mechanism, we model pheromone update
at tasks as a market-based dynamic pricing problem between the different tasks
in the environment.

Our market-based task selection mechanism is based on the dynamic posted
pricing model of Kephart et al [20] for exchange of goods in an information
economy. Information goods (e.g. news items) are consumed rapidly over a short
period and are characterized by prices that change dynamically with the age of
the good and the number of sellers offering similar goods. In a similar manner,
tasks in our swarmed system need to be completed rapidly and the urgency
with which robots should visit tasks to complete them should vary dynamically
depending on the task’s progress and the distribution of robots and tasks in
the environment. For our market-based task selection model, we assume that
each task is provided with an agent. A task’s agent behaves like a seller in
an information economy while robots behave like buyers. The objective of a
seller is to rapidly complete the task associated with it. A task is considered
complete when the pheromone accumulated at it reaches a threshold value. To
achieve this, each seller sells a synthetic commodity called “chips” while charging
a certain price per chip. Buyers purchase chips from sellers in exchange for
pheromone. The amount of pheromone that a buyer purchases from a seller
depends on the price/chip offered by the seller. Each seller tries to get as much
pheromone as possible from buyers to rapidly complete its task by offering an
attractive price/chip to buyers. Because there are multiple sellers(tasks) in the
environment trying to purchase pheromone from a finite set of buyers, each
seller has to differentiate itself from its competitors and make itself attractive
for buyers to purchase from. To achieve this, each seller calculates the profit or
utility it obtains from selling chips at certain intervals and dynamically adjusts
its unit price/chip to a value that is likely to ensure maximum possible profits
during the next interval. A seller continues to sell chips in the market as long as
its associated task’s pheromone level does not reach the completion threshold.

The parameters used by our market-based algorithm are the following:

SUi Utility to seller i
πi,j,t No. of chips sold by seller j to buyer i during interval t
pco Base cost to a seller for procuring chips.
BUi,j,tUtility to buyer i from seller j during interval t
pj,t Unit price/chip charged by seller j during interval t
di,j,t Distance from buyer(robot) i to seller(task) j during

interval t
gi,j,t Communication reqd. by buyer(robot) i to disseminate

information about seller(task) j during interval t
xi,j,t Execution reqd. by buyer(robot) i for seller(task) j

during interval t
cd, cg, cx Costs for distance, communication, and

execution respectively for a task to buyers
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Fig. 1. A market scenario with 2 bargain-hunting buyers and 4 sellers

The utility to a seller is proportional to the amount of pheromone it accumu-
lates during an interval t. We assume that one chip costs one unit of pheromone.
Then, the utility that seller j gets by selling chips during interval t is given by:

SUj =
∑

i

πi,j,t − pco, (1)

The utility to the i-th buyer from seller j during interval t is determined by the
difference between the number of chips the buyer obtains from seller j and the
total cost the buyer has to expend for the task corresponding to seller j, as given
by the following equation:

BUi,j,t = πi,j,t × pj − (di,j,t × cd + gi,j,t × cg + xi,j,t × cx), (2)

Figure 1 shows an example of a scenario between 2 buyers and 4 sellers in
our market model. The current price/chip for each seller is shown alongside each
seller. During each interval, each buyer observes the offers (price/chip) made
by the sellers and selects the seller that provides the highest utility calculated
using Equation 2. The buyer and seller then exchange pheromone for chips. At
the end of every interval, each seller calculates the utility it obtained from the
transactions with buyers during that interval using Equation 1. It then adjusts
the price/chip to a value that is likely to maximize its utility during the next
interval.

3.1 Dynamic Pricing Algorithms

We have used two dynamic pricing strategies to update the pheromone corre-
sponding to the tasks(sellers) in the environment.
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Derivative Following. In derivative following, a seller uses its profit informa-
tion since the last price update to adjust its price in the next interval. If the
profit in the last interval has increased from its previous value, the price for the
next interval continues to move in the same direction as in the last interval. On
the other hand, if the profit in the last interval has decreased from its previous
value, the direction of the price movement is the reverse of the direction in the
last interval. The equation used by seller j to update the price for interval (t+1)
using derivative following is:

pj,t+1 = pj,t + δt × sign(φj,t − φj,t−1) × sign(pj,t − pj,t−1) (3)

where φj,t represents the utility obtained by seller j during interval t calculated
using Equation 1, δt ∈ U [0.1, 0.5] represents the amplitude of the price change
and sign : Z → {−1, 1}. Since the prices and profits from intervals t and (t − 1)
are already available with seller j, therefore, the price update can be done by
seller j in constant time.

Previous research by Dasgupta and Das [8] has shown that although derivative
following is relatively simple, it performs comparably with more computationally
complex game-theory and learning based strategies where each seller requires
knowledge of buyer distributions and the price and payoffs for every seller in
the market to make its pricing decision at the end of every interval. However, a
potential drawback of the derivative following strategy reported in [8] is that it
fails to converge rapidly to an equilibrium price, if one exists.

Adaptive Derivative Following Strategy. To address the problem of deriv-
ative following, we have used the adaptive derivative following strategy from [8]
to adjust sellers’ prices in response to rapid fluctuations of price in the market.
In adaptive derivative following, each seller uses a similar strategy to Equation
3, but the range of the distribution for the amplitude of price changes, δt, is
dynamically adapted in proportion to the direction of the profit movement. This
ensures that the price charged by a seller rapidly converges to an equilibrium(if
one exists), or, diverges away from temporarily stable states.

δt = εsign(πt−πt−1) × δt−1 (4)

where, δmin ≤ δt ≤ pt−1 and ε > 1. δmin is the lower bound on the step-size
for the adaptive derivative follower. The initial value of the amplitude for price
changes is given by δ0 which is chosen uniformly between [0.1, 0.5]. Dynamic
step adjustment enables a seller to reduce the step size when the price is in the
vicinity of the equilibrium and increase it otherwise.

4 Simulation Results

We have implemented our swarming algorithms for a distributed task processing
application using robots [10]. The scenario consists of tasks distributed randomly
in an environment. The objective of the robots is to identify all the targets.
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However, each robot has limited computational resources, and, although a robot
can independently discover a task, it requires the cooperation of other robots to
complete the task.

4.1 Experimental Setup

All our experiments were run with 18 robots and varying number of tasks placed
randomly inside a 50×50 meter2 environment on the Webots robotic simulation
platform. Robots and tasks measure 1 meter ×1 meter. Each robot is simulated
as a generic DifferentialWheels model whose speed and direction are controlled
by changing the relative rotation speed between the two wheels. The maximum
speed of each wheel was set to 1 meter/time unit. Each robot has the following
sensors: (1) GPS: x, z location and heading, (2)Downward looking IR sensor
for task detection with a measurement range between 0 and 2048, (3) Short-
range radio transmitter and receiver for sending and receiving ping messages
over channel 1 with a range of 1.5 units, and, (4) Long-range radio transmitter
and receiver for sending and receiving gossip messages over channel 0 with a
range of 7.5 units. All results were averaged over 20 runs.

Task Detection: The floor of the environment is black and corresponds to a
zero intensity value on a robot’s downward-looking IR sensor. Tasks are given
4 different colors (red, grey, green, purple) to simulate different task types that
require different amounts of computation. When the IR sensor on a robot en-
counters a task, it returns a non-zero intensity value determined by the color of
the task. The robot then associates a particular amount of pheromone with the
task using the following values: Red= 0.8, Grey=0.6, Green= 0.4, Purple=0.2.
Pheromone decays at a rate of 0.01 per simulator tick.

Task completion(Task Confirmation): When a robot encounters a task, it
deposits 20 units of pheromone at its location. A task is considered confirmed
when the pheromone deposited at it by different robots reaches a cumulative
value > 60.0. This translates to an average of 4 − 5 visits by different robots to
a task to confirm it.

Robot Communication: When a task is found by a robot, it sends a gossip
message to other robots within communication range of its long-range transmit-
ter. Gossip messages are forwarded by robots using the probabilistic flooding
algorithm described in [10] to disseminate information about a recently discov-
ered task across the swarm. The format of the gossip message for task j sent at
time t is given by: < id, pj,t, φj,t, tx, tz, tpher, ttl > where,

id id of robot sending the message
pj,t price/chip offered by seller(task) j at time t

φj,t utility obtained by seller(task) j at time t

tx, tz 2-d coordinates of the task contained in the message
tpher Pheromone value associated with task in the message
ttl Number of hops (time-to-live) from its source made by a

gossip message before robots stop forwarding it



72 P. Dasgupta and M. Hoeing

The heuristic strategies send three more fields per message than the market
based strategy, viz., 2-d coordinates for each robot’s location, a foundid corre-
sponding to a unique identifier for the task identified and the no. of visits/task.
Each field is 4 bytes.

On receiving a gossip message, a robot decrements its ttl and if ttl > 0, it
forwards the message over its long-range transmitter after updating the values
of the first three parameters of the message with its own id and location.

Obstacle and Collision Avoidance: To prevent collision between robots, each
robot uses a potential field based object avoidance technique described in [10].
Collision avoidance takes precedence over all other actions.

Heuristic-based Strategies: We have used two heuristic-based task selection
strategies described in [25] to compare the performance of our dynamic pricing
strategies for task selection in swarms. In the preference based heuristic, each
robot selects a task that has the minimum number of other robots in its vicinity
and is also closest to completion. In the proximity based heuristic, each robot
selects a task that satisfies the criteria for the preference based heuristic, and,
additionally, is closest to the robot doing the selection.

4.2 Experimental Results

Our objective in the first set of experiments is to compare the dynamic pricing
based task selection strategies with heuristic- based task selection along differ-
ent performance metrics. For this set of experiments, the number of tasks in
the environment is kept fixed at 20. Figure 2 shows the time required to iden-
tify all tasks within an environment using the different strategies. We observe
that the dynamic pricing strategies are outperformed by the heuristic strate-
gies. However, the market-based strategy achieves this performance while using
37.5% less communication per message than the heuristic strategies. The per-
formance of the two dynamic pricing strategies are relatively comparable. For a
small number of tasks (5 − 10), the derivative follower performs about 8 − 14%
better than the adaptive derivative follower. However, for larger number of tasks
(> 15), the adaptive derivative follower dynamically adjusts the amplitude for
the price changes and outperforms the derivative follower by about 11 − 30%.

Figure 3 compares the number of times each task is visited by different robots
for the different strategies. We observe that although each task was visited by
approximately 4 robots (number of robots required to complete a task for our
setting) in most cases, there were variations in the exact number of visits/task
both above and below the value of 4. Figure 4 shows the performance of each
robot across different tasks. For our setting of 20 tasks(tasks), 18 robots and
4 robots required to complete a task, the average number of tasks that each
robot should visit is given by � 20×4

18 � = 5. However, we observe that some robots
visited more than the average number of tasks while other robots visited far less
than average. The variations observed in these two graphs around the optimum
value can be attributed to two things:
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Fig. 2. Time required to identify all targets using different task selection strategies by
robots

Fig. 3. Number of times each task is visited by a robot for different task selection
strategies.(DF=derivative follower, ADF=adaptive derivative follower)

1. Inadequate dispersion of robots across the environment: With a centralized
mechanism that shares robot locations and task progress across the environ-
ment, it is possible to direct the exact number of robots required to complete
task towards the task. However, in a swarm, each robot decides to visit a
task independently without exchanging the decision with other robots. Con-
sequently, in some cases, more than the desired number of robots end up
moving towards the same task. This triggers the collision avoidance mecha-
nism as soon as robots reach within close range of each other before reaching
the task. In such a scenario, most robots start exhibiting an oscillatory be-
havior moving back and forth around the task unable to reach it or to move
towards another task.
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2. Communication Inefficiency: Depending on the dispersion of robots in the
environment, some robots encounter a significant delay while receiving in-
formation about a task until the task’s gossip message gets flooded across
all the robots.

For the next set of experiments, we compare the performance of the system
using the derivative following and adaptive derivative following task selection
strategy when the environment changes while keeping the number of robots
fixed at 18. First, we vary the number of tasks in the system between 10 and
50 as shown in Figure 5. We observe that the system scales up favorably in the
number of tasks(tasks) and the time required to identify all tasks(complete all
tasks) grows linearly with the number of tasks. Figure 6 compares the effect of

Fig. 4. Number of tasks visited by each robot for different task selection strate-
gies.(DF=derivative follower, ADF=adaptive derivative follower)

Fig. 5. Time taken to identify all tasks using the derivate and adaptive derivative
follower strategy for different number of tasks in the environment
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Fig. 6. Time to taken to identify all tasks for different number of home-areas into
which the environment is divided using the adaptive derivative follower strategy

different coverage strategies for robots on the task completion time using the
adaptive derivative following task selection strategy. We observe that the time
required for task completion is comparable when we use a single deployment area,
or when the environment is sub-divided into 4 home-areas. However, the task
completion times improves significantly by about 100% when the environment is
divided into 2, 6, or, 9 sub-areas. This improvement can be attributed to better
distribution of robots over the environment resulting in closer initial proximity
to tasks, and, consequently, better dissemination of task information across the
swarm.

5 Related Work

The technique of swarming has been used extensively in nature and by humans
over many years [15]. Recently, swarming-based computational systems have
been used for different applications including vehicle routing [4], self-repairing
formation control for mobile agents [35] and adaptive control in overlay networks
[3] For most of these applications task selection among the swarm units is not of
paramount importance in determining a problem solution. However, task selec-
tion is a significant issue in swarm environments comprising search and execute
type tasks. For example, recent swarm-based systems for military applications
such as task recognition within a reconnaissance area using unmanned aerial ve-
hicles [10,30,33] rely on efficient task selection strategies to ensure load balancing
and improve the performance of the system. Complementary to our approach
of using dynamic pricing mechanisms for task allocation in swarms, Sauter et
al [29] employ evolutionary algorithms to dynamically adapt the parameters for
pheromone update equations for stigmergy based swarming systems.

Recently, the use of market-based techniques for addressing the multirobot
task allocation(MRTA) problem has received considerable attention. One of the
first algorithms for market based solutions for the MRTA problem was described
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in the MURDOCH system developed by Gerkey [17]. MURDOCH uses an auc-
tion mechanism inspired by the contract-net protocol [32] to allocate dynami-
cally arriving tasks among multiple heterogenous robots. Gerkey also provides
different classifications of the MRTA problem based on single and multiple com-
binations of robots and tasks. Task allocation in a multi-robot distributed sys-
tem using a contract-net based protocol for the COMETS-UAV system has also
been described by Lemaire et al [21]. The mechanism relies on one robot being
elected as a leader(auctioneer) using a token-ring technique. In addition, the
task allocation mechanism requires the leader to have knowledge about all the
tasks it allocates to other robots(contractors). In contrast to contract-net proto-
col based approaches, the dynamic pricing based task selection strategies used
in this paper do not require leader election and the information about tasks is
maintained locally on each robot in a distributed manner. Kalra and Martinoli
[19] compare the market based and threshold based task allocation strategies in
a multi-robot setting within an environment with noisy communication. Their
results show that market based approaches are particularly suitable in scenarios
where task information is communicated accurately across the robots. A com-
prehensive review of market based approaches for multi-robot task allocation
and coordination is provided by Dias et al in [13].

Independent of market-based approaches, the problem of multi-robot task al-
location(MRTA) has been investigated using various techniques including physi-
cal modeling [28] and distributed planning[27]. Other approaches to multi-agent
cooperation algorithms include the Martha system [2] that focuses on planning
and distributed cooperation schemes, the ADOPT algorithm [26] and mediation
protocol [23] that address coordination between agent teams using distributed
constraint optimization techniques, and [22,31] that achieves distributed task
allocation using negotiation techniques. Most of these approaches are comple-
mentary to our work and consider scenarios where an agent has to allocate shared
resources across multiple tasks. Also, complementary to our work, Mainland et al
[24] describe a dynamic pricing strategy called SORA(Self-Organizing Resource
Allocation) to address the resource allocation problem in sensor networks. A
reinforcement learning based technique is used to dynamically update a node’s
utility parameter and enables the node to adapt its actions in response to the
payment received by the node.

6 Conclusion and Future Work

In this paper we have described multi-agent dynamic pricing strategies for task-
selection in a swarmed system. Empirical results within a simulated environment
show that the dynamic pricing strategies compare favorably with other heuristic-
based strategies while reducing the communication overhead by as much as
37.5%. The simulation results, especially for the distribution of tasks and robots
in the system, show that there remains scope for improving the performance
of the system using techniques that reduce communication overhead between
robots without significant loss of information. Currently, we are investigating
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social network based communication models and probabilistic inference based
techniques to address these issues. Another potential direction to improve the
performance of the system is to use more sophisiticated dynamic pricing al-
gorithms that employ collaborative filtering based techniques for the pricing
decision at each seller [9]. We envisage that with accurately engineered systems
and appropriate mechanisms underlying the operations, swarm-based systems
can be used to solve many challenging problems in the near future.
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Abstract. A social law is a restriction on the set of strategies available to agents 
[1]. Each agent can select some social strategies in the operation of the systems, 
however, the social strategies of different agents may collide with each other. 
Therefore, we need to endow the global social laws for the whole system. In this 
paper, the social strategy is defined as the living habits of agent, and the social 
law is the set of living habits which can be accepted by all agents. This paper 
initiates a study of evolving social strategies of individual agents to global social 
law of the whole system, which is based on the hierarchical immediate diffusion 
interaction from superior agents to junior ones. In the diffusion interactions, the 
agents with superior social position can influence the social strategies of junior 
agents, so as to reduce the social potential energy of the system. The set of social 
strategies with the minimum social potential energy can be regarded as the global 
social law.  

1   Introduction 

The concept of artificial social system provides a new way to make coordination 
among agents, whose basic idea is to add a mechanism, called a social law, into the 
system [1][2][3]. According to [1], social law is the set of restrictions for agents’ 
strategies which allow them enough freedom on the one hand, but at the same time 
constrain them so that they will not interfere with each other [5].  

Each agent has its own social strategy, however, and the strategies among different 
agents may produce conflict. Therefore, to receive the harmony of the agent system, we 
will need to endow a set of social laws that can be accepted by all agents. If each agent 
obeys the laws, then the system can avoid collisions without any need for a central 
arbiter [1].  

Then, how can we get the global social law? In this paper, we regard that global 
social law can be produced from the interactions of individual agent strategies. At the 
initial stage of the system, each agent has its own social strategies, but those individual 
social strategies may collide with each other. In the operations of the system, the social 
strategies will diffuse among agents. As the time goes, a global social law will be 
received finally. 
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There are two types of interaction, called the communication interaction and the 
diffusion interaction [4]. In the previous works about social law, they often focus on the 
communication interactions of agents, i.e. the negotiation mechanism of the social 
strategies. In this paper, we want to present a new method for the research of social law, 
and explore the evolution form individual social strategies to global social law by the 
agent diffusion interactions. Agent diffusion interaction is the large-scale of penetration 
of a social strategy of an agent on other agents. There are many forms for agent 
diffusion, in this paper we mainly capture the key characteristic of hierarchical 
diffusion, i.e. the social strategies of the superior agents may influence and change the 
ones of the junior agents.  

2   Hierarchical Diffusion in the Society 

In the society, there are so many diffusions of social phenomena, such as behavior 
habit, social strategies, norms, etc. There are many forms for diffusion of social 
phenomena, among them is the hierarchical diffusion [6]. Hierarchical immediate 
diffusion refers to the spread from more socially dominant actors to junior ones. The 
hierarchical diffusion is popular in the diffusion of knowledge, culture, and so on in the 
society.  Another known example of this can be seen in physics, where the diffusion 
often takes place from the high potential energy to the low potential energy.  

In the hierarchical diffusion of social phenomena, there are a small number of agents 
are ‘experts’ and are endowed with a high level of knowledge in at least one value of 
the vector. All individuals interact among themselves, exchanging information via a 
simple process of barter exchange. Barter can only take place if the first individual has 
superior knowledge of one type and the other individual has junior knowledge of 
another type [9]. A global social phenomenon will be received after continuous 
hierarchical diffusion from superior individuals to junior ones. Fig.1 illustrates the 
hierarchical diffusion structure [7][10]. 

Origin

 

Fig. 1. The hierarchical diffusion structure 

From the hierarchical diffusion structure, we can see that the direct diffusion mainly 
take place from the superior actor to the junior one. Certainly, there are still many other 
complex diffusion forms in the society, but such immediate diffusion from superior 
actor to junior one is one of basic forms. Therefore, in this paper, we only capture the 
characteristic of this basic diffusion form and initiate a study on the social law 
evolution by the hierarchical immediate diffusion from superior agent to junior agent. 
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3   Related Definitions 

3.1   Social Strategy 

About the social law, there are some related works about it [1][2][3]. According to [1], 
a social law is a restriction on the set of actions available to agents. From such 
definition, we can see that the social law is mainly about the restriction for the actions 
of agents in the previous works. 

However, it is not sufficient to only restrict the actions of agents. In social agent 
systems, we also need to consider the living habits of the agents. The agents become 
more intelligent and more ubiquitous in agent systems that simulate the human life. 
Therefore, we may naturally endow them with some life and personality characters [8]. 
Among the life characters of social agent, living habits is a key factor. Each social agent 
has its living habits and plays its own special role. In this paper, we will define the 
social strategy as the living habit available to agents. 

Definition 1. A social strategy is a restriction on the living habits available to the agent. 
The set of social strategies of all agents of the system can be denoted as a matrix: 

[ ],1 ,1ikS s i n k m= ≤ ≤ ≤ ≤ ,where n denotes the number of agents and m denotes 
the number of living habits. 

1 ;

0

1 '
ij

where agent i like the living habit of k

s where agent i cares nothing about the living habit of k

w here agent i doesn t like the living habit of k

⎧
⎪= ⎨
⎪−⎩

 
(1) 

Obviously, the social strategies on an agent i can be denoted as a vector i ik
k

S s=∪ . 

We can also use some predications to represent the agent social strategies for their 
living habits. 

( , ) : ;

( , ) : ;

( , ) : .

like i j agent i likes the living hab it o f j

notcare i j agent i cares nothing about the living habit o f j

unlike i j agent i unlikes the living habit o f

 

Therefore, we have: 

1 ( , ); 0 ( , ); 1 ( , ).ij ij ijs like i j s notcare i j s unlike i j= ⇒ = ⇒ = − ⇒   

Now, if sij=1 and si+1,j=-1, i.e. like(i,j) and unlike(i+1,j), therefore, the social 
strategies of i and i+1 will collide. 

For example, Fig.2 shows an agent system with 3 agents and three living habits 
{drinking, smoking, noisiness}. Let a be superior to b, i.e. the social position of a is 
higher than the one of b. From Fig.2, we can see that b likes to smoke and make noise, 
but a doesn’t like these habitis, therefore, their social strategies collide with each other 
at this time. Since a is superior to b, a will influence the living habits of b. Therefore, 
b’s social strategy will be changed by the diffusion interactions between a and b. 
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1 1 1
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1 0 1

drinking smokin noisiness
a
b
c  

Fig. 2. An agent system with 3 agents and 3 kinds of living habits 

In the system, since the imbalance of the social strategies and positions among 
agents, the social strategies are not fixed but change as the time goes. In the operations 
of the system, the agents with higher social positions will diffuse their social strategies 
to the agents with lower social positions continuously.  

3.2   Social Position and Potential Energy 

In the system, each agent has different social position. The agents with different social 
positions in the system may take different effects; the superior agents may influence the 
living habits of the junior agents. 

Definition 2. Position of agent i can be a function: [0, ]ip ϑ→ , whereϑ is a natural 
number. The set of the positions of all agents in the system can be denoted 
as: [ ], 1iP p where i n= ≤ ≤ , and n denotes the number of agents in the 
system. supi jp p the position of i is erior to j> ⇒ . Obviously, the higher the 
position of an agent is, the more probably its social strategy will influence other agents.  

However, it is not realistic that all the superior agents will diffuse their social 
strategies to the junior agents. The diffusion between two agents will be determined by 
some forces between them. The forces will be defined by their social positions, their 
social strategies, their geographical distance, etc. Only when the strength of the force is 
more than a degree, the superior agent will diffuse its social strategy to the junior agent. 

We can use the concept of social potential energy to describe the force between two 
agents that influences the social strategy diffusion. Potential energy (PE) exists 
whenever an object which has a position within a force field. Potential energy functions 
are often used as global optimization problems in search of the stable structure [11]. 
Therefore, in this paper, we want to use the potential energy function to search the 
stable social strategy structure, i.e. a global social law. Our aim is the determination of 
the global minimum social energy configuration.  

We can think that our agents are located within a social law field and each agent has 
its social potential energy. In this paper, we consider the social potential energy 
between two agents is energy which results from the following factors: distance of the 
two agents’ social positions, distance of the two agents’ social strategies, and 
geographical distance between the two agents’ localities. The bigger the distance of the 
two agents’ social positions is, the more the potential energy between them is; the 
bigger the distance of the two agents’ social strategies is, the more the potential energy  
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between them is; however, the bigger the geographical distance between the two 
agents’ localities is, the less the potential energy between them is. 

According to the common definitions of potential energy [12], the potential energy 
should be defined between the object and the zero-potential energy position. In this 
paper, the social potential energy is also comparative, i.e. the social potential energy is 
defined by the distance between two agents. The set of distance between all agent pairs 
can be denoted as a matrix [ ]ijD D=  . The distance between two agents can be 
defined by the following three factors: 

DSS(i,j): Distance of the social strategies between two agents i and j,  

( , )S S ik jk
k

D i j s s= −∑ ; 

DSP(i,j): Distance of the social positions between two agents i and j,  

( , )SP j iD i j p p= −
; 

DGL(i,j): Distance of the geographical localities between two agents i and j. 

At last, the distance of two agents can be defined as: 

( , ) ( , )

( , )
SS SS SP SP

ij
G L G L

D i j D i j
D

D i j

σ σ
σ

+=  (2) 

Where , ,SS SP GLσ σ σ  are the three parameters that decide the comparative effects of 
the three kinds of distances to the Dij. 

From (2), we can see that:  

SS SP GLD D D D PE↑ ↑ ↓⇒ ↑⇒ ↑∪ ∪ . 

Definition 3. Let the distance between agent i and j be Dij, and we can also assume the 
social potential energy between two agents i and j is only determined by the distance 
Dij. 

( )ij ijPE f D=
 (3) 

Obviously, the PEij is a monotonous increasing function of Dij. The bigger Dij is, the 
more PEij is. 

The social potential energy of the whole system is the sum of the social potential 
energy of all agent pairs. Since PEij=PEji, therefore, the social PE of the whole system 
can be defined as: 

1 1

1

2

n n

ij
i j

PE PE
= =

= ∑∑
 

(4) 

PEij decides the probability that the diffusion between i and j will take place. 
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3.3   Social Law 

As said above, the individual social strategies of agents may collide with each other. 
Fox example, an agent with a higher social position doesn’t like to smoke, but a nearby 
agent with a lower position like to smoke. Obviously, the former agent shall influence 
the living habit of the latter agent since the former has a higher social position. After the 
diffusion interactions of social strategies among agents go continuously, the global 
social law may be achieved. A global social law should collectively apply to the system 
members A. For instance, if A={a1, a2… an}, then the social law has the set of social 
strategies X, if and only if, a1, a2, …, an, collectively obey X. Certainly, the real social 
law that can be fully accepted by all agents is hard to reach. We can only make the 
social law be accepted by majority agents. In our view, our aim for the social law is 
“good enough” but not “fully perfect”. 

Global social law (GSL) is the set of social strategies which produce the minimum 
collisions among agents, which emerges from the interactions of local agent strategies. 
There are two types of interaction, called the communication interaction and the 
diffusion interaction [4]. In our paper, we mainly consider the diffusion interaction, i.e. 
the superior agents influence the social strategies of the other junior agents step by step. 
At last, the collisions of the social strategies among agents will be minimized, and then 
we can say that the global social law is achieved. 

According to our definition of social potential energy, the minimum collision is 
corresponding to the minimum PE. Therefore, the desired law is the one that minimizes 
overall system social potential energy.  

{ | ( ) ( )}SL S S PE S PE S∗ ∗= ∀ >  (5) 

When the PE is minimized, the conflicts of the social strategies among different 
agents can also be minimized. In the agent diffusion interaction, the evolution of the 
social laws will go toward the goal of minimizing the potential energy of the whole 
system, and the global social law will be achieved eventually.  

4   Diffusion from Superior Agent to Junior One 

4.1   Agent Diffusion Interaction 

When two agents make diffusion interaction, the superior agent will influence the 
social strategy of the junior agent. Diffusion can only take place if the source agent has 
superior position and the potential energy between them is more than a degree. In the 
diffusion process, the superior agent will penetrate its social strategy into the one of the 
junior agent, and change the social strategies of junior agentS through some desired 
rules which can reduce the potential energy between them. 

Each agent is characterized by a social strategy vector that evolves over time through 
diffusion interactions among the agents. Therefore, now we extend the definition for 
the agent social strategy in Section 3.1 by including the time factor. Formally, let 

( ) ( ),1 ,i ij
j

S t s t j m= ≤ ≤∪  
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denote agent i’s social strategies endowment at time t, and m is the number of  
living habits. ( ) ( )iS t S t= ∪ denotes the set of social strategies of the system at time  
t. Also, we will use PEij(t) to denote the social potential energy between agent i and  
j at time t, and PE(t) to denote the social potential energy of the whole system at  
time t. 

Therefore, the goal of the agent diffusion interaction is: ( 1) ( )PE t PE t+ < . The 
diffusion interaction is formally denoted as: 

1) Diffusion interaction between two agents i (superior one) and j (junior one):  

( )
( ) ( 1)ipenetrated by S t

j jS t S t⎯⎯⎯⎯⎯⎯→ + ,  

and the social strategies of i keep fixed, i.e. ( ) ( 1)i iS t S t= + . Obviously, the distance 
of the social strategies between the two agents will be reduced, so as to the PE between 
them can also be reduced.  

2) Diffusion interactions of the whole system: ( ) ( 1)S t S t→ + , so as to 
( 1) ( )PE t PE t+ < . 

As said above, in the diffusion interaction, the social strategy of the agent with 
higher social position keeps constant, and the social strategy of the agent with junior 
social position will be penetrated by the superior agent. Then, how can the social 
strategy of the junior agent be changed? For example, if the superior agent likes to 
smoke, and the junior agent doesn’t like to smoke, the junior agent only can select the 
new habit “cares nothing about smoking” or “likes to smoke” after their diffusion 
interactions; if the superior agent doesn’t like to smoke, and the junior agent likes to 
smoke, so the junior agent only to select the new habit “cares nothing about smoking” 
or “doesn’t like to smoke”. To avoid the drastic change of the living habit of junior 
agent that may increase the PE between it and other agents, it will select the new living 
habit “cares nothing about smoking”. 

Formally, let i be the superior agent and j be the junior agent, and Sik(t) denote the kth 
living habit of agent i at time t. Then, we can have the following diffusion penetration 
rules for the social strategies: 

( 1) ( );

( ), ( ) ( ) ( ) 0
( 1)

0,

ik ik

jk jk ik ik

jk

S t S t

S t if S t S t or S t
S t

o therw ise

+ =
= = = =⎧

+ = ⎨
⎩

 
(6) 

The diffusion penetration rules for the social strategies between two agents can also 
be shown as Table 1. 

For example, let there be two agent a and b, a have a superior position and b have  
a junior position. Their social strategies are show as Fig.3 (a) and (b). According to  
the diffusion penetration rules in Table 1, the social strategy in b will be changed as 
Fig.3 (c). 
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Table 1. Diffusion penetration rules of the social strategies 

Before diffusion interaction After diffusion penetration 
Superior agent Junior agent Superior 

agent 
Junior agent 

1 1 1 1 
1 0 1 0 
1 -1 1 0 
0 1 0 1 
0 0 0 0 
0 -1 0 -1 
-1 1 -1 0 
-1 0 -1 0 
-1 -1 -1 -1 

 

1 -1 -1 0 1 
1 1 -1 1 -1 
1 0 -1 1 0 

(a) Social strategy of a

(b) Social strategy of b before diffusion interaction 

(c) Social strategy of b after diffusion interaction 
 

Fig. 3. An example for the diffusion interaction of social strategies between two agents 

4.2   Algorithm for the Global Social Law Evolution 

According to our definition of PE, reducing PE of the whole system can also reduce the 
conflicts of the social strategies among agents. Therefore, to get the global social law, 
we will need to reduce the PE of the whole system. To reduce the PE of the whole 
system, we will select the agent pair with the highest PE to make diffusion interaction, 
and change the social strategy of the junior agent. 

Algorithm 1 

Input: S, P, DGL, Degree. 
1. Compute the PE of the system (at first we will need to compute the DSS and DSP); 
2. Select the agent pair (i,j) with the highest PE; 
3. If there is chance for diffusion between i and j, then goto 4, else select other agent 

pair with the second highest PE, until all agent pairs are considered. If there are no 
chances for diffusion for all the agent pairs, then end. 

4. Change the social strategy of the junior agent according to the diffusion 
penetration rules; 

5. Compute the PE, If the PE<Degree or there aren’t any changes for the S, then 
end; else, goto 2; 

   Output: the new S, which can be regarded as the global social law. 
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5   A Simple Case  

Now we take a simple example to demonstrate our model. Fig.4 is the S, P and DGL of 
the example. 

1

2

3

0 1 0
( )

1 1 1
1 1 1

/ drinking smoking noisiness
a

S t
a
a

          1 2 3

1 2 3
a a a

P

                    (a)                                      (b) 

1 2 3

1

2

3

/
0 2 1
2 0 1
1 1 0

GL

a a a
a

D
a
a

    (c)

 

Fig. 4. An example to demonstrate our model 

We compute the distances among all agents, shown as Fig.5. To simplify the 
problem, in the computation of D, we let , ,SS SP GLσ σ σ  be all 1. 

1 2 3

1

2

3

/
0 4 4
4 0 4
4 4 0
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a a a
a

D
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1 2 3

1

2

3

/
0 1 2
1 0 1
2 1 0

SP

a a a
a

D
a
a

,

1 2 3

1

2

3

/
0 5/2 6/1

5/2 0 5/1
6/1 5/1 0

a a a
a

D
a
a

, PE(t) = f (13.5)

         (a)                   (b)              (c)              (d)  

Fig. 5. The initial potential energy at time t 

From Fig.5, the potential energy between a1 and a3 is the highest and there is chance 
for diffusion between them, therefore now we will change the social strategy of a1 
according to the diffusion penetration rules. At last, the new S is shown as Fig.6 (a). 
Then we compute the new DSS, D and PE, shown as Fig.6 (b), (c), and (d).  

From Fig.6, we can see that the potential energy between a1 and a3 is still the highest, 
but there aren’t any diffusion penetrations between their social strategies. Therefore,  
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Fig. 6. The social strategies and potential energy at time t+1 
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Fig. 7. The social strategies and potential energy at time t+2 

we select the agent pair with the second highest potential energy, i.e, a2 and a3, to make 
diffusion penetration. The result is shown as Fig.7 (a). 

Now, there are no chances for diffusion penetration of the social strategies among 
different agents. Therefore, we can said that S(t+2) is the global social law (GSL). From 
the GSL of Fig.7 (a), we can see that there are no conflicts among the social strategies of 
the agents. 
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6   Conclusion and Future Work 

Social strategies among agents may collide with each other; therefore, a global social 
law is needed. This article regards the global social law as the set of social strategies 
that will produce the minimum conflicts among agents, and presents a method for 
evolving individual social strategies to global social law based on the agent diffusion. 
In the model, we mainly consider how the superior agents diffuse their social strategies 
to the junior agents, and which is demonstrated by a case study. 

Certainly, there are several issues that need future work: 

 In this article, only the superior agents can diffuse their social strategies to the 
junior agents. However, in the real situation, the social strategies shared by many 
junior agents can also diffuse to the superior agents. Therefore, it is necessary to 
discover how this diffusion from junior agents to the superior agents may take 
place and the diffusion principles.  

 In this article, we only consider the diffusion between two agents, i.e. agent pair. 
However, in real system, the forms of agent diffusion interactions are very 
complex. There are many forms for the agent diffusion interaction, such as, team 
diffusion and concurrent diffusion, cooperative and competitive diffusion, 
homogeneous and heterogeneous agent diffusion, etc. Therefore, in the future, we 
will make systemic research on the different forms of those complex agent 
diffusions and the dynamics of diffusion.  
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Abstract. In open markets and within business and government organizations, 
fully autonomous agents may form teams to work on large, multifaceted 
problems. Factors such as uncertain information, bounded rationality and 
environmental dynamicism can lead to sudden, unforeseen changes in both 
solution requirements and team participation. Accordingly, this paper proposes 
and examines strategies for team formation strategies in a large-scale, dynamic 
environment. Strategies control how agents select problems to work on and 
partners to work with. The paper includes an experimental evaluation of the 
relative utility of each strategy in an increasingly dynamic environment, and 
concludes that a strategy which combines greedy job selection with adaptive 
team selection performs best in highly dynamic environments. Alternatively, 
greedy job selection combined with selecting smaller teams performs best in 
environments with little to no dynamicism. 

Keywords: Coalition formation, Task selection, Partner selection, Fault-tolerance, 
Dynamic environments, Large-scale environments, Request for Proposal. 

1   Introduction 

Individual agents and multi-agent systems increasingly represent mature technologies, 
capable of competently solving problems in their specific domains and operating with 
a high degree of autonomy. Therefore, as computing becomes more ubiquitous and 
agents consequently become more pervasive, there is an increasingly high probability 
that an agent exists to help solve any given problem.  

These trends, combined with the basic Request For Proposal domain described in 
[1] suggests the potential for a huge electronic marketplace, where a constant stream 
of questions or problems is handled by thousands or millions of humans and self-
interested agents, each taking on different roles such as general contractor or service 
provider, each buying or selling skills, expertise, and other services as needed. The 
potential for such markets arises within government institutions, the military, and 
business corporations as well. 

While many job requests submitted to such a market might be trivial, many are 
likely to be complex, requiring multiple skills from multiple providers. Furthermore, 
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many of these problems are likely to be novel, undertaken with incomplete 
information about the problem and a limited understanding of the solution 
requirements, both of which will almost certainly change as the problem is worked 
on. Real world problems also occur in dynamic environments, where unexpected 
changes occur to both the problem and the personnel involved in solving it.  

In this type of market environment, many issues arise. Even given a way to 
accurately determine which agents possess what skill set, how can an agent seeking to 
maximize its own utility select the best jobs to work on, and the best agents to partner 
with? How do the partners available to work on different possible jobs influence 
which job an agent should pursue? How should a team of agents be structured to 
handle difficulties such as sudden changes to a problem, or defections from the team? 
And how can these varying requirements be balanced against each other? 

One initial attempt at addressing this combination of factors may be found in [2], 
which draws on previous work in the field in areas such as task selection [3, 4, 5], 
coalition formation in dynamic environments [6, 7], bottom-up team formation 
between autonomous agents [8], and team formation in environments with imperfect 
information [9, 1, 10]. This paper therefore continues the work started in [2] and 
creates an experimental framework that simulates a decentralized problem-solving 
marketplace within a very large organization. More particularly, the paper introduces 
a set of strategies for team formation between autonomous agents in a large-scale, 
dynamic, decentralized environment, and seeks to determine the relative performance 
of different classes of agents utilizing these strategies as the rate of change 
(“dynamicism”) of jobs in the environment increases. 

This paper is organized as follows. In section two, it discusses related work in the 
multi-agent systems community. In section three, it describes several job and team 
selection heuristics, and how these heuristics combine to form team formation 
strategies in a dynamic environment. In section four, it describes the setup and 
parameters of a simulation to test the relative utility of the proposed strategies. In 
section five it discloses the results of the simulation, and analyzes those results. 
Finally, section six suggests several ideas to expand upon these strategies, and 
investigate their utility in different settings. 

2   Related Work 

Coalition formation has been studied both inside and outside of the multi-agent 
systems community for some time. Some research has focused on the formation of 
optimal coalitions by a centralized authority, [11] while other research has focused on 
the formation of coalitions to solve jobs by a hierarchical structure of agents [3]. Still 
further research has been focused coalition formation between selfless agents in a 
dynamic [7] or open environment, [5] or between agents willing to delegate their 
autonomy to a centralized controller or consensus decisions among groups of agents 
[12].  

However, such research has limited applicability to decentralized selfish agents, 
which may be unwilling or unable to take direction from a centralized authority. 
Other work has therefore examined selfish agents operating in various environments. 
Research has focused on building coalitions of agents who lack a common view of a 
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coalition’s value, [19] as well as coalitions developed between rationally-bounded 
agents, [10] or agents who lack full knowledge about the abilities of potential partner 
agents [11]. Others have examined the interaction between agents in market 
environments [13]. Such research frequently focuses on relatively small groups of 
agents, although still other research has focused on the use of congregations, [14] 
adaptive social networks, [15] and even physics-motivated mechanisms to allow large 
groups of agents to form large, mutually beneficial coalitions [16]. It should be noted, 
however, that such work is frequently focused on only one possible task at a time, or 
does not occur in dynamic, unpredictable environments.  

In contrast, Klusch and Gerber focus on the formation of coalitions of agents to 
work on multiple possible tasks in dynamic environments, by utilizing a simulation-
based scheme to determine the utility of various potential coalitions in a given state of 
a dynamic environment [6]. This work allows for complex negotiations between the 
different potential partners of a coalition, and takes risk vs. reward considerations into 
account when considering different potential coalitions. However, it differs 
substantially from the work below in that the coalitions formed are not adaptive once 
formed, nor are jobs selected based on the potential teams available to solve a given 
job. 

Tambe’s work is likewise relevant, wherein selfish agents are collected into a team 
by an initial authority, often a human programmer. The agents may then be delegated 
by software algorithms into roles which pursue various sub-goals critical to the 
overall mission [17]. As will be shown in further detail below, the strategies described 
below build on this research by allowing agents to form adaptive teams without the 
need for an initial organizing authority. 

In addition, Soh and Tsatsoulis have focused on the possibility of hastily-formed 
coalitions in response to new problems or events [18]. This research forms the basis 
for one of our heuristics for job selection, as will be described in further detail below. 

3   Team Formation Strategies 

This paper introduces a set of strategies for team formation between fully autonomous 
agents in a large-scale, dynamic, unpredictable environment, which is described with 
a simple, but widely applicable model similar to that used in [15]. Consider a set of 
general tasks T = {Ti}, where 1 ≤ i ≤ α. Each general task Ti represents a type of job 
that an agent might carry out: if T is limited to tasks involved in building construction, 
for example, T1 might be building a driveway, while T2 might be constructing a roof, 
and so on. Each general task Ti is therefore a set of task instances {Tij}, where each Tij 
is a specific instance of general task Ti associated with a job Jj, and where each job Jj 
is part of a set of jobs J = {Jj}, where 1 ≤ j ≤ β. For example, if T represents the set of 
all tasks associated with building a building, and if J is the set of all buildings under 
construction, then T11 might be building a driveway at a first building under 
construction, T12 might be building a driveway at a second building under 
construction, T21 is constructing a roof at the first building, and so on. 

Each job Jj in set J contains a potential task instance Tij of every possible task Ti in 
T, but only a subset of these tasks need to be completed to finish the job. Again, 
returning to the building example, every building in existence could conceivably have 
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a swimming pool, or a loading dock, or a conference room, but in practice factories 
and offices rarely have swimming pools, and houses rarely have loading docks. 
Accordingly, within each job Jj, task instances Tij are separated into a set of active 
task instances ActiveTasksj, all of which must be completed for the job to be finished, 
and a set of inactive task instances InactiveTasksj, which are irrelevant to the job’s 
completion status. For any job Jj, ActiveTasksj ∪ InactiveTasksj  = {Tij} for all i, and 
ActiveTasksi ∩ InactiveTasksi = ∅.  

Continuing on, a set of skills S = {Si} and a set self-interested of agents A = {Ak} 
are introduced, where once again 1 ≤ i ≤ α and 1 ≤ k ≤ χ. Each skill Si is associated 
with a general task Ti, and may be used to work on and eventually complete any task 
instance Tij in Ti. Furthermore, each agent Ak has an associated set of skills 
AgentSkillsk that Ak is capable of doing, where AgentSkillsk is a subset of S. Each 
agent Ak has the same number of skills, and each skill in S equally common among 
agents in A. 

Each task instance Tij has an associated TaskLengthij, where 1 ≤ TaskLengthij ≤ γ. 
To complete task instance Tij, an agent Ak must use an appropriate skill Si on the task 
instance for TaskLengthij timesteps. Accordingly, function C(Tij) is defined as a value 
ranging from 0 to TaskLengthij, and represents the amount of time that one or more 
agents have worked on Tij. Different tasks are worth the same amount of credit, but 
agents earn rewards proportional to the TaskLengthij of any task instance Tij they have 
finished. For example, an agent that completes a task over five timesteps earns five 
credit points, while an agent that completes a task over eight timesteps earns eight 
credit points. 

To simulate the end results of uncertain information, bounded agent rationality and 
dynamic, unpredictable environments, jobs in J are dynamic and unpredictable. More 
particularly, task instances Tij in Jj are randomly moved between ActiveTasksi and 
InactiveTasksi on a periodic basis. This may be best understood as a sudden change to 
a job’s solution requirements. For example, despite the best efforts of project 
management and requirements engineering, software development projects frequently 
change their required functionality in the middle of development, making some 
already-completed portions of the project obsolete and requiring new modules to be 
built from scratch. Similarly, task instances Tij which are moved from InactiveTasksj 
to ActiveTasksj must be done from scratch, while only active task instances which 
have been fully completed are immune from being moved to InactiveTasksj. 
(Admittedly, it is not unheard-of for fully-completed portions of many different types 
of projects to be discarded, but it is also reasonable to argue that work which has been 
fully completed is often used in some way, somehow, whereas partially completed 
work is often abandoned entirely.) Note that the number and types of tasks that must 
be completed for an individual job to be completed is therefore continually changing. 

3.1   Agent Strategies 

Accordingly, a set of strategies for bottom up team formation between agents in 
dynamic environments is defined as follows. A strategy is a combination of a job 
selection heuristic that orders potential jobs in J, and a team selection heuristic that 
ranks a set of potential teams capable of completing a specific job. More particularly, 
self-selected foreman agents from A each utilize a job selection heuristic to select one 
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or more top-ranked jobs from J, depending on if one or more jobs are tied for the top 
ranking. This creates a set of jobs P = {Jw}.  

For each Jw in P, each foreman agent then generates ε agent teams capable of 
solving Jw. More specifically, these agent teams each include the foreman agent which 
generated the team, and one or more other agents Ak, such that the combined skills of 
all the agents in the team are capable of completing the task instances in ActiveTasksw 
of associated job Jw. These teams thus form a set of teams Q = {Teamx}. Furthermore, 
each agent Ak in a Teamx is associated with a set AssignedInstanceskw, which, after a 
team has been formed, represents the set of task instances Tiw that each agent Ak in 
the team is assigned to complete in job Jw. Teams are currently assembled via a semi-
random approach that seeks to satisfy the various solution requirements one at a time, 
but nearly any constraint satisfaction solver could also be used. Once Q is generated, 
each foreman agent uses a team selection heuristic to select the top-ranked team from 
Q, which it then attempts to form through protocols described in further detail below.  

The first job selection heuristic is a Greedy heuristic (Eqn. 1) that maximizes the 
expected reward from a job Jj. While a naive heuristic would simply choose jobs that 
require the greatest amount of work (and thus the greatest amount of associated 
reward), the Greedy heuristic takes the dynamicism of the environment into account 
by giving double weight to portions of a task that have already been completed, 
thereby giving preferential treatment to large jobs that are less likely to undergo 
changes before the job is complete.  

Greedy heuristic: max
J j ∈J

(TaskLengthij +C(Tij ))
Tij ∈AssignedInstanceskj

∑      (1) 

The second job selection heuristic is a Lean heuristic (Eqn. 2) that minimizes the 
amount of work needed to complete a job, thereby letting agents opportunistically 
form teams to quickly solve simpler problems, similar to [22]. 

Lean heuristic: min
J j ∈J

(TaskLengthij − C(Tij ))
Tij ∈AssignedInstanceskj

∑       (2) 

Note that these mechanisms stand in contrast to previous work in task selection 
under uncertain conditions, such as Hannah and Mouaddib [4], where a problem’s 
uncertain elements are explicitly modeled probabilities. Instead, the heuristics 
described here operate under any level of uncertainty, from any source. However, 
future work is possible where the above heuristics are adaptive based on a known or 
suspected level of uncertainty in the environment, or in a specific problem. 

The first team selection heuristic is a Null heuristic that does not rank the teams, 
but rather keeps teams ordered according to how the strategy’s job selection heuristic 
ranked the jobs associated with each team. This effectively randomly selects one of 
the teams generated to handle the top-ranked job from P.  

The second team selection heuristic is a Fast heuristic (Eqn. 3) that minimizes the 
maximum amount of work that any member of a Teamx needs to complete. 
Alternatively, the Fast heuristic could be said to minimize the amount of time needed 
before the entire team has completed work on associated job Jw. 
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Fast heuristic: minx max
Ak ∈Teamx

(TaskLengthiw − C(Tiw ))
Tiw ∈AssignedInstanceskw

∑
⎡ 

⎣ 
⎢ 
⎢ 

⎤ 

⎦ 
⎥ 
⎥ 

 (3) 

The third team selection heuristic is a Redundant heuristic (Eqn. 4) that seeks to 
maximize the number of redundant skills in Teamx. In other words, the Redundant 
heuristic prefers teams with multiple agents capable of working on active task 
instances, thereby increasing the ability of a team to deal with the defection of an 
agent. 

Redundant: 

  
maxx AgentSkillsk ∩ ActiveTasksw

Ak ∈Teamx

∪                      (4) 

The fourth team selection heuristic is an Auxiliary heuristic that seeks to maximize 
the number of auxiliary skills in Teamx. In other words, the Auxiliary heuristic (Eqn. 
5) tries to maximize the combined skills of a team that are not immediately applicable 
to task instances in ActiveTasksw, thereby increasing the ability of the team to deal 
with newly added task instances. 

Auxiliary: 

  
maxx AgentSkillsk ∩ InactiveTasksw

Ak ∈Teamx

∪                    (5) 

Note that, intuitively, the Fast, Redundant, and Auxiliary heuristics each prefer a 
greater number of partners in a team, since this increases the amount of work that can 
be done in parallel and the number of unused skills for each partner. Alternatively, the 
MinPartner heuristic (Eqn. 6) prefers teams with the smallest number of partners, 
thereby implicitly using a greater number of skills per partner and thus a greater 
amount of potential profit per partner.  

MinPartner heuristic:  minx |TeamX −1 |[ ]               (6) 

Each of these five team selection heuristics is combined with each of the job 
selection heuristics for experimental comparisons, as described in further detail 
below. 

4   Experimental Setup 

To evaluate the relative utility of each of the team formation strategies described 
above, these strategies are tested in a simulation environment wherein agents compete 
to form teams and solve jobs according to the described strategies. More particularly, 
a set of agents is divided into ten different classes, each of which contains an identical 
number of agents, and each of which implements a different team formation strategy. 
By assigning agents credit for completing task instances, the relative utility of each 
strategy may be determined by comparing the average amount of credit earned by 
each class of agents. Furthermore, by varying the rate of change of the solution 
requirements for different jobs (“dynamicism”), the relative performance of these 
strategies in a dynamic environment can be determined. 



98 C.L.D. Jones and K.S. Barber 

Agents in set A operate in a simulation environment that is divided into discrete 
timesteps, or rounds. During each round, each agent may coordinate with other agents 
in A to form teams, or, if it is part of a team, may work on a task instance associated 
with a specific job in J. Each agent in A can belong to, at most, one team at a time, 
and each team works on only one job at a time. This is arguably a simplistic 
assumption, since real world providers of valuable skills or expertise frequently 
multitask between different projects at the same time. However, many problem 
solutions require complete focus from the workers involved, or security or other 
constraints may require exclusivity. Furthermore, requiring each agent to be part of 
only one team at a time allows us to clearly delineate where an agent is making a 
contribution. Determining to what degree an agent’s partial efforts require task 
reassignments touches on complex multidimensional trust issues [19], and as such is 
too complex to be addressed here. 

During each round, an agent Ak may work on a job Jj by utilizing a skill Si found in 
AgentSkillsk to work on a task instance Tij found in set ActiveTasksj. Each agent 
utilizes only one skill in any given round. After Ak has worked on Tij for a given 
number of rounds, Tij is completed.  

Credit is distributed to agents when a job Jj is completed, which, in turn, occurs 
when all task instances in ActiveTasksj are completed. Upon job completion, credit 
points for each active, completed task are given to the agent which completed the 
task. As described above, these credit points are proportional to the length of the 
completed task (e.g. a completed task of length five would give five credit points). No 
credit is given for work on task instances that were moved to InactiveTasksj before 
completion, or to agents who worked on, but did not finish, a completed task instance. 
Accordingly, agents in the simulation may be said to work in a “pay-for-play” 
environment, where credit is distributed directly to those who have fully completed a 
given job.  

Once a job Ji has been completed and paid out its credit, it is removed from J and a 
new Jj is created and inserted in J. Each new Jj starts with the same number of task 
instances randomly placed in ActiveTasksj, and task instance in the new job must be 
completed from scratch.  

As described above, the simulation incorporates unpredictability by shuffling task 
instances between ActiveTasksj and InactiveTasksj. More particularly, each round a 
given percentage of jobs in J are randomly selected to be shuffled. This percentage is 
referred to as the dynamicism of the simulation. Each task instance in each selected 
job Jj has a random chance of being selected for shuffling between ActiveTasksj and 
InactiveTasksi, such that, on average, one task instance per selected job is shuffled. 
However, as described above, task instances that have been fully completed cannot be 
moved from ActiveTasksj. 

4.1  Team Formation 

As described above, teams are formed by a foreman agent. The opportunity to act as a 
foreman agent is randomly distributed among agents, such that any given round of the 
simulation a given percentage of agents will have the opportunity to form teams. 
Once the foreman agent has used its associated team formation strategy to select a 
potential team Teamx, the foreman sends proposal messages to potential partners in 
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Teamx indicating the AssignedInstanceskw that a potential partner would work on. 
Note that, to encourage agents to form teams, |AgentSkillsk| is constant for all k, and 
the initial value of |ActiveTasksi| > |AgentSkillsk|. 

When these proposal messages are received, each agent ranks the 
AssignedInstanceskw it is currently working on (if any) against one or more proposed 
AssignedInstanceskw using the job selection heuristic associated with that class of 
agent. If the agent finds that its current assigned tasks are preferable to any of the 
proposals, it continues working on its current job, and the lack of a response is taken 
as a decline message by the foreman which sent the proposal. If the agent receives a 
proposal it finds more attractive than its current job assignment, the agent returns an 
accept message to the foreman which sent the proposal.  

Accordingly, it is noted that agents may stop work on their current assignments at 
any time upon receiving a more attractive proposal (or, if they become a foreman 
agents, upon finding a more attractive job to work on). This obviously runs counter to 
a significant amount of work which his been done in contract negotiation and 
breaking contracts [20]. However, such work usually involves complete information, 
and/or occurs between a relatively small number of agents. In contrast, the scheme 
described here allows for agents which are better able to take advantage of new 
opportunities, and better simulates many environments where contracts are largely 
nonexistent or unenforceable (i.e. informal task forces and many Internet 
transactions). This lack of commitment between agents, combined with the 
dynamicism and unpredictability of jobs within the simulation, also makes it desirable 
for agents to assemble teams that can survive agent defections and changes in the task 
instances required to finish the job.  

If the foreman does not receive accept messages back from all potential partners, 
the team formation process has failed and the foreman, as well as the agents which 
accepted the team proposal, must wait for new team proposals or for their next chance 
to be a foreman. If the foreman receives accept messages from all of its potential 
partners, the team is successfully formed and the foreman claims Jw, thereby making 
it off limits to other teams. Jobs may be claimed only by foremen who have 
successfully formed full teams. Note that during this process, other agents may be 
attempting to assemble a team to handle the same job, thereby simulating a realistic 
“churn” in which a degree of effort is unavoidably lost to competition. Jobs are 
claimed by means of a lock mechanism which prohibits “ties” between agents trying 
to claim a job.  

Once agents have formed Teamx, they begin to work on the task instances 
associated with Jw. Non-foreman agents may work on Jw until they have completed all 
task instances in AssignedInstanceskw. In contrast, the foreman agent may stay with Jw 
until the job is complete, even if the foreman has completed its assigned tasks. While 
Jw is incomplete, if a non-foreman agent defects from the job, or a new task instance 
is moved into ActiveTasksw set, the foreman is responsible for finding an agent to 
work on the new or abandoned task instance. The foreman may therefore assign the 
new task instance to the AssignedInstanceskw set of itself or a partner agent, in a 
manner similar to the team reformation strategies in [17]. If no team member has the 
skill required to handle the new task, the team has failed and dissolves with the job 
uncompleted. A new team which later tries to claim the job must begin the job from 
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scratch. It therefore follows that teams must handle defections and new task instances 
to be successful.  

Furthermore, it should be noted that a balance must be achieved when forming a 
new team with regard to the number of agents recruited. Because only one decline 
message will prohibit the formation of a new team, or will break an existing team 
seeking to recruit an outside member, larger teams are more difficult to form. 
Furthermore, team members running the Greedy job selection heuristic are more 
likely to defect from a larger team, since, on average, they will be assigned less work 
and thus have less opportunity for profit. However, larger teams are better able to 
handle agent defections and new task instances within the team, making them more 
stable once formed. 

Table 1. Experimental parameters 

Parameter Value 
Number of classes 10 
Agents per class 250 
Per round chance of agent acting as foreman 1% 
Jobs 1000 
|T| 20 
|AgentSkills| 5 
Initial size of |ActiveTasks| 10 
Range of TaskLength 1 to 10 rounds 
Credit received per round of completed task instance 1 
Number of potential teams examined per top-rank 
job 

15 

Dynamicism range 0% to 100%, 25% increment 
Number of rounds per simulation 2500 
Number of simulations per dynamicism step 20 

 
Experiments were conducted using the basic parameters in Table 1, which were 

selected to broadly model a problem-solving market internal to an organization such 
as a large corporation or a moderately large number of freelance agents. The 
experiments tested all strategies against each other simultaneously to see which 
strategies were most successful in a field of heterogeneous agents. More particularly, 
a two-factor ANOVA analysis was carried out, and the Fisher LSD method was used 
to determine significant differences between different strategies at the same 
dynamicism level.  

5   Results and Discussion 

Figure 1 displays the average credit earned by each agent class at different levels of 
dynamicism, along with standard deviation bars for each value. A cursory 
examination of the data indicates that the credit earned by each class decreased as the 
level of dynamicism in the environment increased, and that while GreedyMinPartners 
was the most successful strategy for 0% and 25% dynamicism, GreedyAuxiliary was  
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Fig. 1. Strategy performance as a function of dynamicism 

the most successful strategy for all other dynamicism levels. ANOVA analysis (alpha 
= .05) indicates that the strategy selection causes statistically significant differences in 
the results.  

Furthermore, Fisher LSD tests (alpha = .05 for all comparisons below) indicate that 
the top-performing strategy for each dynamicism level was statistically significant 
from all other strategies, with the exception of 50% dynamicism, where 
GreedyAuxiliary and GreedyFast were statistically significant from all other strategies 
but not from each other, and 100% dynamicism, where GreedyAuxiliary was 
significantly better than all other strategies, save GreedyFast. 

Similar results can be seen when examining the aggregate performance of each 
team selection heuristic, regardless of the job selection heuristic it was paired with: at  
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0% dynamicism, the MinPartner performed significantly better than all other 
heuristics, and better than all but the Null heuristic at 25% dynamicism. At 50% 
dynamicism, the Auxiliary heuristic performed significantly better than all other 
strategies save the Null heuristic, while at 75%, and 100%, the Auxiliary heuristic 
performed significantly better than all heuristics but the Fast heuristic. Comparing the 
aggregate performance of the job selection heuristics, the Greedy job selection 
heuristic performed significantly better than the Fast heuristic at all dynamicism 
levels. Note that this differs from the results found in [2], where credit could 
sometimes be earned from unsuccessfully completed jobs.   

To better understand these results, it is helpful to know how successful different 
classes are at forming teams, as shown in Figure 2 as the ratio between the number of 
team formation requests by a foreman and the number of teams successfully formed. 
Furthermore, Figure 3 displays the average success rate of formed teams at 
completing an assigned job as a function of both agent class and dynamicism level. 
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Fig. 2. Ratio of teams successfully formed by class and dynamicism level 

As can be seen in Figure 2, certain patterns are immediately obvious. Agents using 
Lean job selection strategies are significantly more successful at forming teams than 
Greedy job selection strategies, except at 0% dynamicism, when job requirements do 
not change. This may be due to the fact that, in dynamic environments, a subset of 
jobs will have a lower than average number of tasks, which are more attractive to 
agents using the Lean job selection heuristic, thereby improving the probability that 
these agents will join a team. 

Furthermore, agents using the MinPartner team selection heuristic are far more 
likely to successfully form a team. As discussed below, this is likely due in part to the 
fact that a smaller number of partners means a smaller number of potential rejections, 
any one of which can break team formation. In addition, a smaller number of agents 
means a higher number of tasks assigned to each agent, and accordingly, a greater 
amount of profit for each agent. 
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Fig. 3. Teams successful at completing jobs by class and dynamicism level 

Conversely, Figure 3 shows that, although agents which utilize the MinPartners 
team selection heuristic are the most successful at forming teams, they are 
consistently the least successful agents at forming teams which successfully complete 
their assigned jobs. Alternatively, agents which utilize the Fast, Redundant, and 
Auxiliary heuristics are consistently the most successful at forming successful teams. 
In fact, ANOVA and LSD analysis (alpha = .05) indicates that, although agents 
utilizing these three heuristics do not have success rates that are always significantly 
different from each other, they are almost always significantly different from agents 
using the Null and MinPartner heuristics. Again, as discussed above, this is likely due 
to the fact that teams formed according to the Fast, Redundant and Auxiliary 
heuristics are more likely to have team members with unused skills that can be used in 
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the event that another team member leaves the team, or a new task is added to the list 
of ActiveTasks.  

This result suggests that agents which can recognize a team with significant 
redundant or adaptable characteristics may be more successful than agents which 
cannot. In other words, agents which can recognize a proposed team that has a lower 
offered reward but a greater opportunity for success because of its redundant or 
auxiliary resources may be able to earn more credit. 

It is also noted that, although agents using the Lean job selection heuristic are 
significantly more successful at both forming teams and successfully completing jobs, 
these agents are generally less successful than agents which use the Greedy job 
selection heuristic. This may be in part due to the fact that Lean agents generally 
select jobs with far less work involved, and thus earn far less credit per job. 
Accordingly, it may be possible to determine under what circumstances a Lean vs. 
Greedy job selection heuristic is preferred, or even to find an optimal heuristic which 
combines the two considerations, based on environmental characteristics. 

6   Conclusions and Future Work 

This paper presented a set of strategies for team formation between fully autonomous 
agents in a large-scale dynamic environment. Strategies prioritized which jobs and 
partners each agent selected, and were composed of a combination of one of two job 
selection heuristics and one of five team selection heuristics: 

• Greedy job selection, which selects jobs according to profit potential 

• Lean job selection, which selects jobs for minimal time to completion 

• Null team selection, which defers to the associated job selection heuristic 

• Fast team selection, which selects teams for minimal time to completion 

• Redundant team selection, which selects teams to best handle partner failures 

• Auxiliary team selection, which selects teams most capable of adapting to 
new tasks 

• Minimum Partner team selection, which selects teams with the fewest 
number of partners 

The paper then analyzed the relative performance of the strategies, as executed by 
different classes of agents, in an experimental test bed. Results indicated that a 
strategy combining the Greedy and Auxiliary heuristics performed the best in highly 
dynamic environments, while a strategy combining the Greedy and MinPartner 
heuristics performed better in environments with low or no dynamicism. 

Furthermore, the paper showed that, although agents using the MinPartner heuristic 
were more successful at forming teams, these teams were significantly less successful 
at completing jobs than teams formed by agents using the Fast, Redundant, and 
Auxiliary team selection heuristics. 

This paper therefore examined an unpredictable, dynamic domain of independent 
heterogeneous agents, and proved which of a given set of strategies for team 



 Team Formation Strategies in a Dynamic Large-Scale Environment 105 

formation best maximized agent utility in such a domain. These strategies work with 
very large groups of agents (>2500) and may potentially be applied to request for 
proposal (RFP) environments where teams of autonomous agents continually seek to 
solve dynamic problems by forming multi-skilled teams. These market environments 
potentially include Internet-wide open markets, and markets internal to large 
organizations such as corporations and government agencies. 

A number of possible avenues of further investigation suggest themselves. One 
possibility is to modify the mechanism by which agents decide between joining 
potential teams; agents may be more successful if they can balance the reward a team 
offers for membership against that team’s ability to adapt to change. Other potential 
work involves determining in what circumstances a Lean job selection heuristic is 
preferable to a Greedy job selection heuristic, and potentially finding an optimal 
balance between the two. 
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Abstract. This paper addresses distributed task allocation in complex
scenarios modeled using the distributed constraint optimization problem
(DCOP) formalism. It is well known that DCOP, when used to model
complex scenarios, generates problems with exponentially growing num-
ber of parameters. However, those scenarios are becoming ubiquitous in
real-world applications. Therefore, approximate solutions are necessary.
We propose and evaluate an algorithm for distributed task allocation.
This algorithm, called Swarm-GAP, is based on theoretical models of
division of labor in social insect colonies. It uses a probabilistic decision
model. Swarm-GAP is experimented both in a scenario from RoboCup
Rescue and an abstract simulation environment. We show that Swarm-
GAP achieves similar results as other recent proposed algorithm with
a reduction in communication and computation. Thus, our approach is
highly scalable regarding both the number of agents and tasks.

1 Introduction

It is shown in [1] that optimal distributed coordination is associated with a
high computational complexity, especially when agents lack full observability of
the environment they operate. Even the less restrictive situations are proved
to be NEXP-complete. However lack of full observability is a characteristic of
many problems in the real world, where agents must reason with incomplete and
uncertain information, in a timely fashion in order to cope with dynamic envi-
ronments. Given these issues, Lesser [3] points out the fundamental principles
for the construction of a multiagent system: agent flexibility. Flexibility would
enable agents to react dynamically to the emerging state of the coordination
effort.

When one exchanges centralized for distributed control, or trade total ob-
servability by local information, self-organization becomes key. To show good
performance in realistic applications, multiagent systems must have a certain
level of self-organization. Since the most natural way to organize work among
agents is the decomposition of the objective in tasks, task allocation is an impor-
tant part of the coordination problem. Research regarding multiagent systems
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coordination through distributed task allocation has shown significant advances
in the last few years. One successful direction, under the multiagent community
perspective, has been the distributed constraint optimization problem (DCOP)
framework.

Models of task allocation in complex environments, when modeled as a
DCOP, yield hard problems, which cannot be treated with the traditional op-
timal/complete approaches to DCOP [5]. Thus complex DCOP scenarios in-
troduce new challenges for the DCOP research. We see a complex scenario in
distributed task allocation as the one in which, even small instances formalized
as a DCOP generate large problems with exponentially growing number of pa-
rameters. Given that in the real-world we usually have large instances and these
are dynamic, it is easy to conclude that new techniques are necessary.

We propose Swarm-GAP, an approximated algorithm for distributed task al-
location based on theoretical models of division of labor in social insects colonies.
This method is highly scalable regarding both the number of agents and tasks,
and can solve the E-GAP (see next section) for dynamic task allocation in com-
plex DCOP scenarios. Cooperative agents running our algorithm can coordinate
their actions with low communication and computation.

We empirically evaluated the Swarm-GAP method on an abstract, domain-
independent simulator, as well as in a scenario of the RoboCup Rescue simula-
tor. Swarm-GAP is compared mainly to LA-DCOP [8], another approximated
method for DCOP.

This paper is organized as follows: Section 2 discusses the use of the E-GAP
model for task allocation in dynamic environments, and how it leads to a complex
DCOP scenario. Section 3 presents our motivation to use swarm based heuristics
and introduces the Swarm-GAP. The empirical evaluation of Swarm-GAP is
shown in Section 4, together with a discussion on the results, while Section 5
presents our conclusions and future directions of this work.

2 Task Allocation Models and Complex DCOP Scenarios

In many real-world scenarios, a large number of agents must perform a large
number of tasks. Besides, these tasks and their characteristics change over time
and little information about the whole scenario, if any, is available to all agents.
Each agent has different capabilities and limited resources to perform each task.
The problem is how to find, in a distributed fashion, an appropriate tasks al-
location that represents the best match among agents and tasks. This kind of
scenario is becoming ubiquitous in manufacturing, robotics, computing, etc.

The Generalized Assignment Problem (GAP) deals with the assignment of
tasks to agents, respecting agents resources, in order to maximize the total
reward. GAP is known to be NP-complete [9]. It can be formalized as follows.
Let us define J as the set of tasks to be allocated and I the set of agents. Each
agent i ∈ I has a limited amount of resource ri (a single type of resource is
used). When a task j ∈ J is executed by agent i, task j consumes cij units of
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i’s resource. Each agent i also has a capability kij (0 ≤ kij ≤ 1) to perform each
task j.

The allocation matrix A, where aij is the value of the i-th row and j-th
column, is given by Equation 1.

aij =
{

1 if j is allocated by i
0 otherwise (1)

An optimum solution to the problem is given by matrix A∗, which maxi-
mizes the system reward as stated by Equation 2, subject to the agents resource
limitations and the constraint of having only one agent allocated to each task.

A∗ = argmaxA′
∑
i∈I

∑
j∈J

kij ∗ a
′

ij (2)

such that

∀i ∈ I,
∑
j∈J

cij ∗ aij ≤ ri and ∀j ∈ J ,
∑
i∈I

aij ≤ 1

The GAP was extended by [8] to capture dynamic domains and interdepen-
dence among tasks. This extension, called Extended-GAP (E-GAP), improves
the model in two ways:

Allocation constraints among tasks. Tasks in E-GAP can be interrelated
by an AND constraint. All interrelated tasks by this constraint must be
allocated at the same time to be considered by the reward computation.
Following [8], let us define �� = {α1, ..., αp}, where αk = {jk1 , ..., jkq}
denotes the k-th set of an AND constrained tasks. Thus, the partial reward
wij for allocating task j to agent i is given by Equation 3.

wij =

⎧⎪⎪⎨
⎪⎪⎩

kij ∗ aij if ∀αk ∈ ��, j /∈ αk

kij ∗ aij if ∃αk ∈ �� with j ∈ αk∧
∀jku ∈ αk, axjku

�= 0
0 otherwise

(3)

Reward dynamically computed over time. The total reward W is com-
puted in E-GAP as the sum of the agents partial rewards (Eq. 3) in the
last t time steps. In this case, the sequence of allocations over time is con-
sidered against the single allocation used in the GAP. Additionally, a delay
cost dj is used in order to punish the agents when task j was not allocated
by time t. The objective of the E-GAP is to maximize the total reward W
given by Equation 4.

W =
∑

t

∑
it∈It

∑
jt∈J t

wt
ij ∗ at

ij −
∑

t

∑
jt∈J t

(1 − at
ij) ∗ dt

j (4)
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such that
∀t∀it ∈ It,

∑
jt∈J t

ct
ij ∗ at

ij ≤ rt
i (5)

and
∀t∀jt ∈ J t,

∑
it∈It

at
ij ≤ 1 (6)

Several task allocation situations in large scale and dynamic scenarios can be
modeled as an E-GAP [8]. Thus, the question now is how to find the best solution
to E-GAP. The choice to model the E-GAP as a DCOP is mainly motivated by
the recent advances in DCOP algorithms.

DCOP consists of n variables V = {x1, x2, ..., xn} that can assume values
from a discrete domain D1, D2, ..., Dn respectively. Each variable is assigned
to one agent which has the control over its value. The goal of the agents is
to choose values for the variables to optimize a global objective function. This
function is described as the sum over a set of valued constraints related to pairs
of variables. Thus, for a pair of variables xk, xl, there is a cost function defined
as fkl : Dk × Dl → N .

In DCOP, an E-GAP can be formalized as follows:

– Each variable xi ∈ V represents each agent i;
– Let us define a global domain D, whose elements are the set of all possible

subsets of J . The domain Di of xi is the set of elements from D, such that
∀d ∈ Di,

∑
j∈d cij ≤ ri. This means that, to include d in Di, the agent i

must have enough resources to perform the entire task subset (each agent
can allocate more than one task in E-GAP).

– The constraint cost function fkl, related to the variables xk and xl, is given
by the inverse of the sum of the reward obtained by each agent (Eq. 3).
Besides, fkl must prevent that more than one agent allocate the same task.
Equation 7 defines fkl.

fkl =

⎧⎨
⎩

−(
∑

j∈Dk

wkj +
∑
j∈Dl

wlj) if akj �= alj

∞ otherwise
(7)

– There is one constraint to each pair of variables in V . We compute the cost
as the inverse of reward because DCOP searches for minimizing the cost and
E-GAP for maximizing the reward.

As we can see, an E-GAP formalized as a DCOP yields a large number of
constraints, since there must be one for each pair of variables (a complete graph).
The total number of required constraints can be computed as n(n−1)

2 , where n
is the number of agents (represented as variables). The size of variables’ domain
in the worst case, where agents have enough resources to allocate all tasks
simultaneously, is |P(J )| = 2|J |. The number of constraints grows exponentially
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according to the number of agents, while the size of variables’ domains grows
exponentially according to the number of tasks.

An important question about all DCOP algorithms is whether they are fast
enough to be applied in complex scenarios. This translates to whether the num-
ber and size of exchanged messages turns the approach feasible and efficient. In
distributed approaches, communication among agents usually imposes demands
that can cause network overload. Complex problems usually mean that the plan-
ning (for allocation) and action should be treated as quickly as possible. Most
of the proposed approaches yields good results in simple scenarios, but there is
a lack of analysis regarding complex ones.

Most complete algorithms for DCOP were tested in small scenarios like the
MaxSAT 3-coloring problem. It is an interesting one as this problem can be
considered a benchmark, but it is not enough to deal with more complicated
problems. The largest and hardest scenario reported in the literature where
the DCOP algorithms were applied are related to distributed meeting schedule
(DMS) [4,7].

In [4], the authors analyze the performance of the Adopt algorithm with
an instance of DMS problem with 47 variables, an 8-element domain and 123
constraints. It was shown that using Adopt, agents exchange about 750.000
messages to compute the solution. In [7] the DPOP was experimented with a
DMS instance of 136 variables, an 8-element domain and 161 constraints. In
this case, 132 messages were exchanged by the agents. According to the authors,
the number of messages grows linearly according to the number of constraints.
However, the size of messages grows exponentially and the time necessary to
compute and send this messages are critic to the performance.

Complex scenarios, as we define, result in problems dramatically more hard
then the ones cited above. Let us suppose an E-GAP scenario with 100 agents
and 100 tasks. This is a small scenario if thinking in large scale (thousands of
tasks and agents). The number of variables is equal to the number of agents. The
total number of constraints can be computed, as we mentioned before, as n(n−1)

2
where n is the number of agents: 4950 for 100 agents. Assuming that each agent
has, on average, enough resources to perform only 3 tasks simultaneously, the size
of the variables domain is equal to the number of possible tasks’ subsets (each
with 1, 2 or 3 tasks), namely 166,750 elements. These figures are much higher
than the ones related to the DMS problem. The amount of messages or their size
as well as the computational effort in DCOP algorithms grow exponentially with
those numbers. Thus, to deal with complex scenarios, it is necessary to minimize
the communication (including the messages size) among the agents as much as
possible. Besides, in this kind of problem, it is better to get an approximated
solution as fast as possible than to find the optimal one in an unfeasible time.

Most DCOP algorithms have approximated it is possible to define an upper
bound for the number or size of messages. However, normally the mechanisms
used by those algorithms become very inefficient as the scale of a complex sce-
nario grows. Since it is not possible to use the optimal algorithms, nor their
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variants, we must look for other heuristic approaches, based on different mech-
anisms.

In [8], authors present an approximated algorithm called Low-communication
Approximation DCOP (LA-DCOP) to solve instances of E-GAP. LA-DCOP
outperforms DSA, another approximated algorithm able to deal with E-GAP,
both regarding solutions’ quality and number/size of messages. LA-DCOP uses
a token based protocol to improve communication performance. Agents perceive
a task in the environment, and either create a token to represent it or they
receive a token from another agent. An agent decides whether to allocate a task
based on a threshold and tries to maximize the use of its resources. After an
agent decides whether or not to allocate a task, it sends the token to another
randomly chosen agent.

3 Swarm-GAP

3.1 Motivation: Division of Labor in Swarms

Nature often rely on self-organization. There are several examples of self-
organized biological systems. We focus here on the social insect colonies – also
called swarms. A social insect colony with hundreds of thousand of members
operates without any explicit coordination. An individual worker cannot assess
the needs of the colony; it just has a fairly simple local information, and no one
is in charge of coordination. From individual workers aggregation, the colony
behavior emerges without any type of explicit coordination or planning. The
key feature of this emergent behavior is the plasticity in division of labor inside
the colony. Colonies respond to changing conditions by adjusting the ratios of
individual workers engaged in the various tasks. Observations regarding this be-
havior are the basis of the theoretical model described in [11]. In this model,
interactions among members of the colony and the individual perception of lo-
cal needs result in a dynamic distribution of tasks. This model describes task
distribution among individuals using the stimulus produced by tasks that need
to be performed and an individual response threshold related to each task. The
intensity of this stimulus can be associated with a pheromone concentration, a
number of encounters among individuals performing the task, or any other quan-
titative cue sensed by individuals. An individual that perceives a task stimulus
higher than its associated threshold, has a higher probability to perform this
task.

Assuming the existence of J tasks to be performed, each task j has a sj

stimulus associated. I different individuals can perform them, each individual i
having a response threshold θij associated to a task j, according the task’s type.
Individual i engages in the task j with probability:

Tθij(sj) =
s2

j

s2
j + θ2

ij

(8)
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Each insect in the colony can potentially perform all types of tasks. However,
it is possible for individuals to specialize in some type of tasks based on mor-
phological aspects (polymorphism). Polymorphism plays a key rule to determine
the division of labor in ant colonies. It is possible to capture the physical variety
in the theoretical model by differentiating individual thresholds. The threshold
θij of the individual (i) for the task i decreases proportionally to the individ-
ual capability to perform these tasks capabilityi(j). Thus, individuals with large
capability for a set of tasks have higher tendency to perform tasks of this set.

θij = 1 − capabilityi(j) (9)

where capabilityi(j) is the capability of individual i regarding to task j.
Social insects behavior seems to fit the requirements of complex problems

since they are the result of millions of years of survival-of-the-fittest evolution.

3.2 Swarm-GAP Algorithm

The aim of Swarm-GAP is to allow agents to decide individually which task to
execute in a simple and efficient way, minimizing computational and communi-
cation efforts. As in [8], we assume that the communication does not fail. In the
future we intend to relax this assumption and perform tests with unreliable com-
munication channels. Agents in Swarm-GAP decide which task to execute based
on the same mechanism used by social insects as shown in Equation 8. Each task
has the same associated stimulus, there is no priority on task allocation. The
stimulus s is the same for every task j and its value was empirically determined to
maximize the system reward, through direct experimentation. Swarm-GAP uses
polymorphism to setup the agents thresholds according to agents capabilities.
Equation 9 sets the agents threshold θij as 1 minus the capability capacityi(j)
of agent i to perform task j. This is so because threshold and capability are
inversely proportional values.

Algorithm 1 details Swarm-GAP. Agents running Swarm-GAP communicate
using a token based protocol, and react to two events: task perception and mes-
sage arriving. When an agent perceives some tasks, it creates a token composed
by these tasks (line 5), or it receives the token from another agent (line 10).
Once this is done, the agent has the right to determine which tasks to allocate
(lines 14 to 21) according to their tendency given by Equation 8. This decision
also depends on whether the agent has the resource which is required to perform
the task. The quantity of resource one agent has is decreased by the amount re-
quired by the task (line 19). Afterwards, the agent is marked as visited (line 23).
This prevent deadlocks, since it avoids passing the token to agents that already
received the token. At the end of this process, if the token still has available
tasks, a token message is sent to an agent randomly selected among those agents
which have not received the token in the current allocation (lines 24 to 29). The
size of the token message is proportional to the number of tasks.
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Algorithm 1. Swarm-GAP(agentId)
1: loop
2: ev ← waitEvent()
3: if ev = task perception then
4: J ← set of new tasks
5: token ← newToken()
6: for all j ∈ J do
7: token.addTask(j, -1)
8: else
9: token ← receiveToken()

10:
11: r ← avaiableResources()
12: τ ← token.avaiableTasks()
13: for all t ∈ τ do
14: θt ← 1− capability(t)
15: if roulette() < Tθt(s) and r ≥ ct then
16: token.aloc(j, agentId)
17: r ← r − ct

18:
19: token.visited(agentId)
20: τ ← token.avaiableTasks()
21: if |τ | > 0 then
22: ı ← token.avaiableAgents()
23: i ← rand(ı)
24: sendToken(i)

4 Experiments and Results

Empirical evaluations of Swarm-GAP were conducted in an abstract, domain-
independent simulator, and in the RoboCup Rescue Simulator [2,10].

The abstract simulator allows experimentation with a large number of agents
and tasks. In general, we have 2000 tasks in each experiment, with 5 different
classes randomly assigned to the tasks, and a variation in the number of agents
from 500 to 4000 (that means, the latter is twice the number of tasks). Tasks cost
are assigned uniformly from {0.25, 0.50, 0.75}. Each agent has 60% probability of
having a non-zero capability for each class. Capabilities are uniformly assigned,
with values ranging from 0 to 1. 60% of the tasks are AND inter-related in groups
of 5. When new tasks arise at each simulation cycle they are randomly perceived
by agents. The total number of tasks is kept constant, which means we modify
the tasks characteristics (10% of the tasks has a probability of 10% to have their
classes and demanded resources changed). At each simulation cycle, agents are
constrained in the number of messages they can send to a maximum of 20.

Rewards are computed over 1000 simulation cycles, where in each cycle one
allocation is performed. All data is averaged over 20 runs. Swarm-GAP is com-
pared with three methods: LA-DCOP, a distributed greedy algorithm, and a
centralized greedy algorithm. In the distributed greedy strategy, agents allocate
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the local perceived tasks for which they have highest capability. The central
greedy strategy, used to benchmark other methods, allocates the appearing tasks
to the most capable available agent, i.e. it does this in a centralized way. This
simulation has exactly the same setup used by [8] to experiment LA-DCOP and,
according the authors, different values for these parameters do not affect the
results.

The other scenario used is the RoboCup Rescue [2]. The goal of the RoboCup
Rescue Simulation League is to provide a testbed for agent rescue teams acting
in large urban disasters. RoboCup Rescue is a complex multiagent domain char-
acterized by: agents’ heterogeneity, restricted access to information, long-term
planning, and real-time. In the RoboCup Rescue, each agent has perception lim-
ited to its surroundings. Agents are in contact by radio, but they are limited on
the number of messages they can exchange. As a cooperative multiagent system,
efficiency can be achieved with the correct coordination. Approaches based on
communication are not appropriate, because of the high communication con-
straints. According to [6], the challenge imposed by the environment can be
decomposed into a task allocation problem. The allocation sub problem that we
use in this paper concerns to the efficient assignment of fire brigade agents to the
task of extinguishing fire spots. Swarm-GAP is also compared with LA-DCOP
in this case and both methods are benchmarked by a greedy algorithm. This al-
gorithm considers a heuristic where brigade agents decide always to tackle their
shortest distant fire spots.

4.1 Abstract Simulator

In the first experiment, the aim is to find the best stimulus value (Equation
8) that maximizes the reward when the number of agents changes regarding
the number of tasks. In this case there are no tasks with AND constraints.
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Figure 1 shows the rewards achieved for different values of stimulus and different
number of agents. We use different quantities of agents to experiment different
proportions related to the number of tasks (500 means 25% of the 2000 tasks,
1000 means 50%, and so on.)

In the second experiment, we measure the average number of messages per
simulation cycle, according to the number of agents, for different setup parame-
ters of Swarm-GAP (stimulus 0.2 and 0.08) and LA-DCOP (threshold 0.0 and
0.8). As we can see in Figure 2, when LA-DCOP works with threshold equal to
zero, the number of messages exchanged is the smallest. Only on this case the
average number of messages exchanged by Swarm-GAP is significantly greater
than that of LA-DCOP. However, as we can see further on Figure 3, in this
specific case, the total reward is significantly lower for LA-DCOP in comparison
with Swarm-GAP. The total reward in E-GAP is computed as the sum of the
agents capabilities to each task they allocated.
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In the third experiment, we evaluate Swarm-GAP comparing its results with
those achieved by the greedy centralized algorithm and LA-DCOP. Figure 3
shows the total reward, for different number of agents, achieved by Swarm-
GAP, with the best stimulus for each number of agents and LA-DCOP, also
with the best threshold for each number of agents. As expected, the greedy
approach outperforms both Swarm-GAP and LA-DCOP. Swarm-GAP performs
well achieving rewards that are only 20% lower (on average) than those achieved
by the greedy, and 15% lower than those of LA-DCOP.
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To illustrate the advantages of Swarm-GAP related to LA-DCOP regarding
the number of exchanged messages, Figure 4 shows the average reward divided by
the total number of exchanged messages for different number of agents achieved
by Swarm-GAP with stimulus 0.2 and LA-DCOP with threshold 0.8. We use
this setup because in this case, both algorithms achieve to similar rewards. As
we can see, Swarm-GAP exchanges a significant lower number of messages.

Furthermore, as Swarm-GAP uses a probabilistic decision process, the com-
putation necessary for agents to make their decision is significantly lower than
in LA-DCOP. As mentioned in Section 2, an agent running LA-DCOP chooses
to allocate tasks which maximize the sum of its capabilities, while respecting its
resource constraints. This is a maximization problem that can be reduced to a
Binary Knapsack Problem (BKP), which is proved to be NP-complete. The com-
putational complexity of LA-DCOP depends of the complexity of its function to
deal with BKP. Each agent solves several instances of BKPs during a complete
allocation. Agents running Swarm-GAP chooses to allocate tasks according to a
probability computed by Equation 8, constrained by its available resources. This
is a simple one-shot decision process.

Regarding the average number of allocated tasks per simulation step, both
algorithms allocate almost the same number of tasks.

The last experiment with the abstract scenario measures the impact that
AND-constrained tasks have over the reward. In this experiment, 60% of the
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tasks are AND constrained in groups of 5. Figure 5 shows the expected decrease
in the performance of Swarm-GAP when we consider the AND constraints and
several values for ω (Equation 8). Rewards improve when ω �= 0, improving the
average performance in 25%.

4.2 Experiments on the RoboCup Rescue Simulator

In the following experiments, we evaluate Swarm-GAP comparing its results
with those achieved by LA-DCOP. Both methods are benchmarked by a greedy
approach based on a shortest distance heuristic.

We run our experiments in two partial maps of the Japanese city of Kobe
(commonly used in RoboCup Rescue simulations), using 30 fire brigade agents
in the first (Kobe) and twice this number in the second and largest map (Kobe 4).
For each map, we have tested two different scenarios for fire ignition points: 30
fires (Kobe1), 42 fires (Kobe2), 43 fires (Kobe 41) and 59 fires (Kobe 42). These
points were uniformelly distributed. To measure performance, we use a metric
which is the building area left (e.g. after an earthquake followed by a fire and the
intervention of the fire brigades). Table 1 and 2 list results obtained in the above
described scenarios. On the algorithm name column we also show the differents
threshold values for LA-DCOP and stimulus value for Swarm-GAP that were
experimented. All data is averaged over 20 runs of the simulator. Figure 6 depicts
only the best performance for each method, for different scenarios.

To compute agents capabilities in the RoboCup Rescue we use the Euclidian
distance from the fire brigade to the fire spot. Equation 10 show how this measure
is normalized by agents.

capability(t) =
max{distance(ti), ∀ti ∈ tasks} − distance(t)

max{distance(ti), ∀ti ∈ tasks} (10)
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Table 1. Results from the Kobe map, showing the average building area left

Kobe1 (30 fires) Kobe2 (42 fires)
Swarm-GAP 0.1 1.35 × 107±0.08 × 107 0.66 × 107±0.89 × 107

Swarm-GAP 0.2 1.25 × 107±0.14 × 107 0.65 × 107±0.12 × 107

Swarm-GAP 0.3 1.26 × 107±0.14 × 107 0.58 × 107±0.12 × 107

Swarm-GAP 0.4 1.13 × 107±0.29 × 107 0.57 × 107±0.90 × 107

Swarm-GAP 0.5 1.25 × 107±0.18 × 107 0.60 × 107±0.11 × 107

Swarm-GAP 0.6 1.12 × 107±0.42 × 107 0.59 × 107±0.12 × 107

LA-DCOP 0.1 1.04 × 107±0.22 × 107 0.45 × 107±0.11 × 107

LA-DCOP 0.2 1.09 × 107±0.19 × 107 0.50 × 107±0.72 × 107

LA-DCOP 0.3 1.08 × 107±0.23 × 107 0.51 × 107±0.10 × 107

LA-DCOP 0.4 0.97 × 107±0.21 × 107 0.51 × 107±0.83 × 107

LA-DCOP 0.5 0.77 × 107±0.14 × 107 0.48 × 107±0.11 × 107

LA-DCOP 0.6 0.70 × 107±0.15 × 107 0.46 × 107±0.12 × 107

Shortest distance 1.31 × 107±0.10 × 107 0.97 × 107± 14 × 107

Table 2. Results from the Kobe 4 map, showing the average building area left

Kobe 41 (43 fires) Kobe 42 (59 fires)
Swarm-GAP 0.1 4.80 × 107±0.09 × 107 2.04 × 107±0.09 × 107

Swarm-GAP 0.2 4.78 × 107±0.04 × 107 1.96 × 107±0.11 × 107

Swarm-GAP 0.3 4.77 × 107±0.14 × 107 1.89 × 107±0.18 × 107

Swarm-GAP 0.4 4.76 × 107±0.10 × 107 1.78 × 107±0.12 × 107

Swarm-GAP 0.5 4.75 × 107±0.10 × 107 1.80 × 107±0.08 × 107

Swarm-GAP 0.6 4.76 × 107±0.08 × 107 1.78 × 107±0.11 × 107

LA-DCOP 0.1 4.64 × 107±0.14 × 107 1.65 × 107±0.09 × 107

LA-DCOP 0.2 4.57 × 107±0.18 × 107 1.62 × 107±0.08 × 107

LA-DCOP 0.3 4.48 × 107±0.24 × 107 1.61 × 107±0.09 × 107

LA-DCOP 0.4 4.52 × 107±0.17 × 107 1.64 × 107±0.10 × 107

LA-DCOP 0.5 4.40 × 107±0.23 × 107 1.61 × 107±0.10 × 107

LA-DCOP 0.6 4.51 × 107±0.03 × 107 1.61 × 107±0.13 × 107

Shortest distance 4.78 × 107±0.05 × 107 2.39 × 107±0.15 × 107

Swarm-GAP, in the first scenario of each map (Kobe1 and Kobe 41), outper-
forms other methods by a slight difference. These are a very simple situations
with few fire spots and all methods perform almost equally well.

In the scenarios Kobe2 and Kobe 42, Swarm-GAP outperforms LA-DCOP,
but not the shortest distance heuristic. When there are more fires and they get
bigger, there is a demand for more agents concentrated in clusters. Here, the
stochastic decision of Swarm-GAP agents keep them from performing a more
concentrated effort, and make them waste more simulations cycles to go from
one spot to another. When we increase task stimulus, Swarm-GAP performance
get worse. In LA-DCOP, the agents simply reject tasks for which their capabil-
ities are lower than the associated threshold. In LA-DCOP there is always the
possibility that agents do not allocate any task during a time step, or keep from
accepting distant tasks for a long time. Swarm-GAP agents can also allocate
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zero tasks during a time step or neglect far tasks, but when the number of tasks
is high (like in scenario of Kobe 42 map), this occurs with lower probability. In
fact, in an overall average, LA-DCOP number of non-allocated tasks was almost
80% higher than Swarm-GAP.

Our results points that Swarm-GAP, by doing more flexible allocation choices,
enable agents to better divide the tasks, sometimes outperforming LA-DCOP or
performing equally well in comparison to the shortest distance in some situations.

5 Conclusions and Further Work

The approach introduced here – Swarm-GAP – deals with task allocation in
complex scenarios modeled as DCOPs based on the theoretical models of division
of labor in swarms. This algorithm solves complex DCOPs in an approximated
and distributed fashion.

The experimental results show that the probabilistic decision, based on the
tendency and polymorphism models, allows the agents to make reasonable coor-
dinated actions. In the abstract simulation, Swarm-GAP performs well in com-
parison with LA-DCOP. However, by the nature of its mechanisms, Swarm-GAP
uses less communication and computation than LA-DCOP.

Next, we intend to introduce failures in the simulation regarding the com-
munication channel and agents task perception. This failures contribute to a
realistic analysis of all algorithms. The idea is to evaluate our intuition that
swarm like algorithms are able to deal with communication failures.
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The chapters in this book describe a variety of algorithms, infrastructure ideas, and
applications involving large numbers of coordinated agents: Massive Multi Agent Sys-
tems (MMAS) in short. History tells us though, that powerful technological revolutions,
like MMAS promises to be, often shape up in ways we cannot imagine. What Einstein
said about nature holds for future technology as well – it is not only weirder than we
imagine, but weirder than we can imagine. Vannevar Bush, for instance, first imagined
something like the Internet in his idea for a ’Memex’ in a popular article, As We May
Think, published in the Atlantic Monthly back in 1948. While his vision inspired the
original architects of the Internet, what we see today, 60 years later, would certainly
dazzle even an exceptional visionary like Bush.

As scientists exploring the possibilities of MMAS, narrative explorations and story-
telling are one way we can imagine the future of this technology beyond what our
technical explorations can reveal, and perhaps get closer to imagining the unimagin-
able. What might research labs look like in an age of mature MMAS? What sort of is-
sues might become important? How might political and cultural implications play out?
These are all fascinating questions for the scientist interested in the socially-situated
implications of his/her work.

We hope you enjoy one such narrative exploration in the mini-comic-book that fol-
lows in this chapter. Inspired by the nugget of common wisdom that says ”build a better
mousetrap and the world will beat a path to your door,” we imagine the tumultuous ca-
reer of a hypothetical invention, Mousetrap 2.0, in a future world dominated by mature
MMAS technologies.
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Abstract. Diagnosing the anomalies of inter-AS (autonomous system)
routing and flexibly controlling its behavior to adapt to environmental
changes are difficult, because this information changes spatially and tem-
porally over different administrative domains. Multi-agent-based systems
that coincide with this control architecture have been applied to these
domains, but the number of deployed agents is small and more accurate
analysis taking into consideration the actual Internet structure is desir-
able. To enable better analysis, cooperation among tens of thousands of
agents is needed. This paper proposes a cooperative routing management
system, called NetManager-M, which enables detailed analysis by using
massively deployed agents on the Internet. NetManager-M can diagnose
the routing flows around suspicious areas through cooperation among dy-
namically organized agents. This cooperation, which is conducted based
on the current and previous routing topology, enables monitoring of rout-
ing update messages at neighboring observation points and the identi-
fication of the causes of problems in more detail. This system is thus
an effective means of detailed analysis for typical scenarios of inter-AS
routing failures.

1 Introduction

The Internet consists of more than 20000 autonomous systems (ASs) that cor-
respond to independent network management units such as ISPs. IP messages
reach their destinations by transiting among some ASs based on inter-AS rout-
ing information. The inter-AS routing information is locally exchanged among
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neighboring ASs and distributed through the Internet in a hop-by-hop manner.
There is no centralized control system and no global view. Currently, this routing
information is generated and propagated by the Border Gateway Protocol (BGP)
[1]. This is designed to take into account not only path vectors for transition to
all destinations but also routing policies that, for example, reflect the contracts
and capital relationships between ISPs. However, the actual routing informa-
tion changes spatially and temporally because it is affected by network traffic
(congestion), link failures, and instability caused by normal operation or mis-
configuration. Moreover, inconsistent routing among ASs and unintended traffic
flows can easily occur. Given this policy-based and dynamically changing rout-
ing, topology- and path-based static verification is not sufficient for observing
and diagnosing routing inconsistency. More importantly, a coordination frame-
work among ASs for monitoring, analyzing, and controlling inter-AS routing is
strongly required.

Cooperative distributed problem solving (CDPS) provided by multi-agent sys-
tem (MAS) can adequately deal with such problems because 1) CDPS coincides
with the control architecture and monitoring methods should be managed on a
request-and-accept basis rather than centralized control approaches, 2) observed
results that include statistical analysis should be shared after local calculation
to improve efficiency and scalability, and 3) operation availability such as mes-
sage relaying among agents, whose effectiveness was verified through deploy-
ment, should be established. The integration of observed results from several
ASs can provide more accurate network views for effectively inferring the be-
haviors of BGP information flow. For this reason, we developed the ENCORE
and ENCORE-2 systems [2,3], which are MAS-based routing anomaly detection
systems. More recently, we have also applied CDPS to a cooperative inter-AS
routing management system called AISLE[4]. Ideally, ENCORE-2 and AISLE
agents should be deployed in all ASs, each playing a representative role for its AS,
because deploying more agents to cover the nodes on the BGP topology map will
enable more precise diagnosis and control of inter-AS routing. Thus, these agent
systems can be regarded as a massively multi-agent system (MMAS). Hence
we have integrated the diagnostic functions of ENCORE-2 with the policy con-
trol functions of AISLE and have designed a massively deployed network-service
agent system called NetManager-M.

An important concern regarding a MMAS like NetManager-M is how to en-
sure the collaboration can be achieved through many agents appropriately se-
lected based on their network locations, abilities, and workloads. In practice, all
NetManager-M agents have to communicate with other agents in their neighbor-
ing ASs for constant daily health checks and to find any abnormal variations.
When an anomaly is detected, they must connect to the agents in the ASs sus-
pected of being the origin (or the vicinage) of the anomaly. Since many agents
will observe the same anomaly and have the same task of figuring out the ob-
served problem, teamwork among neighboring agents can enable more efficient
and effective problem solving. Recent Internet research indicates that coopera-
tion among simple neighborhood-based agents is not scalable. The Internet has
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a scale-free property [5], so it has a small number of hub ASs, each having many
direct connections with a huge number of other ASs. The agents in hub ASs
become overloaded, especially when routing is instable, under the simple local
iteration strategy of a MMAS, but almost all other agents have extremely low
workloads. Moreover, because a MAS like ENCORE-2 or AISLE is deployed
gradually, performance bottlenecks are exposed only after many agents are in-
stalled and in operation.

In this paper, we describe the difficulties that arise in inter-AS routing man-
agement and analyze this domain. We then explain current multi-agent-based
approaches to cope with these problems and the requirements for solutions ob-
tained through massively deployed agents used to more accurately diagnose and
control inter-AS routing. After that, we introduce the cooperative model and
architecture of NetManager-M, our massively multi-agent system, and discuss
their effectiveness in allowing a more detailed level of analysis by focusing on
two typical action scenarios.

2 Difficulties in Inter-AS Routing Management

The difficulties in understanding inter-AS routing can be summarized as follows.

1. [Spatial changes] Routing information is physically and geographically
distributed and varies depending on the observation points.

2. [Temporal changes] Routing information changes over time.
3. [Administrative domain] Routing is controlled independently by each AS.

Operators in other ASs cannot directly access these routing data.
4. [Local trends] Each observation point has its own local trends regarding

the dynamics of routing information. Information about these trends can
be acquired only through actual observation at each point and statistical
analysis of the observed data.

5. [Limitations of human operators] Detection and diagnosis require hu-
man operators to repeatedly observe and analyze large amounts of routing
information, including raw data such as BGP update messages. They also
require operators to have sophisticated expertise concerning where and how
to collect and analyze data.

The spatial changes easily lead to inconsistent routing states among several
ASs, even though each AS is working consistently with respect to its neighbor-
ing ASs. Moreover, the ASs experiencing anomalies might not be those causing
the anomalies. Therefore, we need to infer part of a global view of the rout-
ing information to verify whether advertised routing information is spreading
as the originating AS intends. The temporal changes make advance analysis
invalid. Overcoming this problem requires verification at multiple observation
points on an on-demand basis. Operators can use tools such as ping, traceroute,
and looking glass [6], but they have to use these tools repeatedly over a long
period to confirm their own AS’s advertisement and find an anomaly as quickly
as possible.
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There are also the following problems regarding the control of intra- and inter-
AS routing based on the network status. Solutions to these problems are required
concurrently or after gaining an understanding of the routing behavior.

6. [Feedback based on network status changes] Router primitives only
configure the routing protocol at a low level. There are no control frameworks
to describe adaptive actions on the observed results.

7. [Policy description over router primitives] More abstract policies, such
as contractual restrictions, cannot be described.

8. [Coordination framework among ASs] Cooperative actions among ASs
are required to control inbound traffic. Furthermore, control fluctuation
should be avoided.

Our earlier analysis of BGP-related troubleshooting records [3] revealed 72%
of the records could not be analyzed without BGP information obtained from
outside the AS. These records therefore suggest that inter-AS coordination was
established in this domain. To implement these collaborative actions in our sys-
tem, the agent has to integrate locally observed data with information from other
agents that reside outside the AS. These cooperative partners should be deter-
mined based on the current and previous BGP topology by considering how an
anomaly affects their status. In general, as the number of agents deployed in the
Internet becomes large enough to cover almost all ASs, the system can infer the
causes of anomalies more precisely. Therefore, massively deployed agents that
exist in almost all ASs, which exceed 12000 in number according to our full-route
BGP routing information, can know the behavior of inter-AS routing flows more
precisely. In the first step of analyzing inter-AS anomalies, each agent tries to
find indications of anomalies through continuous observation within its environ-
ment and the integration of information exchanged with other agents. If it finds
any such indications, it issues a warning to the appropriate agent. It then starts
executing various types of cooperative analysis with the agents of other ASs. In
many cases, it is necessary to change the cooperating partner agents during the
diagnosis process. Planning activities should gradually generate these diagnos-
tic actions based on required information, because there are a huge number of
possible hypotheses and candidates for cooperative actions and the system must
narrow down the list of hypotheses and candidates during the analysis process.

3 Multi-agent-based Diagnosis and Control

3.1 Current Multi-agent-based Diagnosis

As explained in Section 2, a global view of the current routing information
that is spread among different administrative domains is essential for diagnosing
inter-AS routing anomalies. Since a complete understanding of the global view
is impossible, we use routing information observed almost simultaneously at
multiple ASs. By integrating these observed results, we can infer a part of the
global view for the purpose of diagnosis. To achieve these coordinated actions,
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Fig. 1. Reflector model: basic idea for observing the spread of information

we have proposed a diagnostic system called ENCORE which uses a multi-agent
architecture and utilizes cooperative actions to resolve the problems described in
Section 2. Here, we briefly introduce the model and architecture of the currently
deployed ENCORE system and its extension ENCORE-2. These systems were
experimentally tested on the actual Internet and then have been commercially
deployed [7], but the number of cooperative agents is currently less than 10 due
to contractual reasons. A detailed analysis is therefore sometimes impossible,
though the feasibility and effectiveness of the basic diagnostic functions on the
actual Internet have been verified through them.

The system is based on the reflector model as shown in Fig 1. The essence
of this model is to provide a function which allows an agent to request that
a remote agent observe routing information about a specific AS, usually the
AS of the requesting agent. The routing information observed and analyzed by
remote agents is sent to the requesting agent. Although the reflector model can
provide a cooperative function, this function is performed on an on-demand
basis. Thus, a function that enables an agent to request that a remote agent
continuously observe the routing information of a specified AS and notify the
requesting agent when specified events occur is required for efficient verification
and rapid detection. For example, if the remote agent finds a change in the origin
AS number of the BGP attribute value of a specified IP address, it notifies the
requesting agent of this observed change. This function is effective because a
remote AS receiving routing information usually becomes aware of a failure
sooner than the originating AS.

Another useful function enables the relay of messages to appropriate agents.
The relay function is needed to cooperatively deliver important messages to des-
tination agents even when direct IP routes for message delivery are unavailable.
This function, enabled by having agents act as application gateways, is useful
because 1) the system can use paths that are not used in the usual IP routing,
and these paths can include non-transit ASs; and 2) messages whose source IP
addresses have changed can pass misconfigured filters with a high probability.
Message loops and a significant increase in the number of copied messages are
prevented by using information about the path that a message has traversed and
restricting the maximum number of hops over which a message can be delivered.
When failures are caused by filter setting errors, which are typical configuration
mistakes, exchanging messages at the end-to-end level is sometimes impossible.
In the case of Fig 1, if an intermediate AS filters routing information adver-
tised from ASself , ASself cannot exchange messages with ASx to verify the
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reachability. In this situation, ASself can exchange messages with ASx by hav-
ing an agent in an intermediate AS relay messages because the source IP address
of relayed messages changes to another address and this enables the relayed mes-
sages to pass the filter.

3.2 Required Functions When Using Massively Multi-Agent
Systems

Although the basic functions for verifying routing reachability and diagnosing
some class of causes of an anomalous routing state are achieved through the
cooperation described above, a more detailed diagnosis of anomalous states is
required. In MMAS, each agent needs a strategy that defines how to cooperate
with other agents because agents cannot act with a large number of agents
in all diagnosis and/or control phases. Therefore, a NetManager-M agent first
accesses a small number of agents for diagnosis or control. When an agent starts
performing detailed analysis, the agent searches for other topologically suitable
agents. Such agent location information on the BGP topology map is maintained
by an agent organization management system called ARTISTE [8], which is an
independent system of another MAS such as NetManager-M. ARTISTE can
search for agents that match a given requirement, such as “Find agents that can
relay messages and are located within two AS-hops from ASx.”

NetManager-M is typically required to diagnosis the detailed causes of un-
usual traffic flow changes. Although the systems in our previous architecture
can determine whether advertised routing information reaches remote ASs by
applying the reflector model or its extended actions among several agents, it can
only point out the unintended state of routing tables in several ASs. The impor-
tant point is that the absence of some BGP entry can be caused due to several
reasons and more detailed causes cannot be identified in this framework. Such
an absence may simply reflect the policy of the AS where the AS intentionally
declines to receive the BGP entry based on the AS’s contract with other BGP
peers. The entry may be filtered due to router setting errors in an intermediate
AS, or it may be temporarily suppressed by the route dampening algorithm [9]
applied in intermediate routers when such an entry is flapped and penalty values
individually calculated in these routers exceed pre-defined values.

These situations require the system to monitor the BGP update sequence
and analyze them from a temporal viewpoint. In addition, a dense population
of observing points around an anomalous area is needed as shown in Fig 2. In
this example, the agent in ASself recognizes that ASself advertised its BGP
entry concerning prefix-1 (that is, the network portion of the IP address) to ASi.
The most recent sequence of the BGP update messages is “advertise, withdraw,
advertise”. When all agents in other ASs peering with ASi (i.e.,ASx, ASy, and
ASz) find there is no BGP entry concerning prefix-1 in their routing tables,
there are various possible causes. If none of the agents in ASx, ASy, or ASz

have observed prefix-1 in their routing tables in the past, there should be some
management policy in ASi where ASi should refuse to receive prefix-1 from
ASself . If the agents have observed prefix-1 in their routing table but have
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Fig. 2. NetAgent-M deployment for detecting route damping

not received any reasonably recent update messages, there should be a filter
setting error in ASi. If some agents have seen only the preceding part of the
update message sequence, an update concerning prefix-1 should be temporarily
damped in ASi. Note that the agent in ASi cannot easily identify the damped
router and directly extract that damping state, because an AS usually consists
of several BGP routers and there are many possible BGP information flows.
Therefore, route damping can be performed at any BGP router, which might be
configured with different damping control parameters. The important point is
that those agents can be located in all peer ASs of ASi, where they can observe
the BGP flows from ASi. If ASi is replaced with a set of ASs, all BGP paths
surrounding this cluster of ASs similarly need to be monitored. If any paths are
not monitored, the certainty of the diagnosis gradually deteriorates. Therefore,
a massively multi-agent system enables more detailed analysis and dynamical
organization based on the place where an anomalous state is found is important.

4 Diagnosis and Control by Massively Deployed Agents

4.1 Agent System Structure

The NetManager-M agent system uses the same platform used to construct the
ENCORE-2 system [3]. The agent consists of several modules classified accord-
ing to their functions as shown in Fig 3. This architecture has been realized
as a hybrid system for diagnosis functions and policy control functions. The
knowledge-processing component for diagnosis consists of an inference engine,
an observation strategy controller, a cooperation controller, an execution module,
and knowledge description. This knowledge description should be independent
of the system operation so as to allow knowledge to be added or modified for the
purpose of flexibly adapting to the local environment. This is represented by us-
ing variables, whose values represent the agent’s local environment state. These
values are acquired at run time and are determined when accessed. The body
consists of environment-dependent components, including the observed data,
data acquired through statistical analysis, some monitor modules, and sensing
and analysis tools. For controlling the BGP information, the agent modifies sev-
eral BGP attribute information to reflect policy and to adjust to environmental



138 O. Akashi et al.

Agent group management system (ARTISTE)

BGP-controller
BGP-monitor

Policy-control-
engine

Cooperative-
action-controller

Policy
description

Common Lisp C

Prefix 1: attributes
  control-info

Agent

AS
Border router

iBGP sessions

Route
table

Data
acquisition

requests and 
control requests

Status
information

BGP entry

ASAgent

Agent
Cooperative

actions

Status
information

Status
information

Execution of 
sensing tools

Border router

Inference-engine
Observation-strategy-

controller

Diagnostic
knowledge

AS

Fig. 3. NetManager-M agent architecture for diagnosis and routing control

changes. The selection rules of the best path from multiple BGP entries, which
have different attribute values, are strictly defined in RFC [1] and NetAgent-M
can communicate with border routers within these rules.

The knowledge-processing component of the agent is based on the BDI (belief,
desire, and intention) architecture [10]. It makes plans for verifying hypotheses
or satisfying policy descriptions, schedules the execution of verification rules
or policy-control rules, and controls monitoring and statistical analysis based
on the given descriptions. The actions of an agent are invoked by events from
other agents or the monitoring-planner. The monitoring-planner selects the
rules for observation, while the diagnosis-planner selects the rules for analyz-
ing causes. The policy-control-engine interprets the policy description and
determines rules for adjusting routing under the given policy. The scheduler
then assigns a set of rules to execution threads. The executor executes threads
if locally executable, or else the coordinator performs cooperative actions by
requesting other agents using basic action primitives. The execution system is
optimized using the tabulation technique and adaptive control. These internal
modules also work as threads.

The agent module is constructed on a network agent platform that provides
basic action primitives in distributed environments. They are implemented by
using Allegro Common Lisp/CLOS. The agents use RPC/SSL for authentication
and secure communication with each other.

4.2 Cooperative Action Management

For practical deployment reasons, ENCORE-2 agents use diagnostic knowledge
that enables an effective cooperative strategy even if cooperation is organized
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among only several agents. This means that for effective collaboration in MMAS,
suitable partners should be carefully selected among the large number of de-
ployed agents based on their BGP topological position and the observed phe-
nomena caused by routing-related anomalies.

The agent’s roles in the basic cooperative strategy in ENCORE, which are
investigation, relay, and friend, are statically assigned so that the functions
required for inter-AS diagnosis can be performed. ENCORE-2 dynamically
searches for agents suitable for these three roles based on their functional capa-
bility and topological conditions. In NetManager-M, role assignments are also
flexible because dynamical searching for suitable active agents is performed on
an on-demand basis according to topological requirements from each agent’s
viewpoint. When cooperative diagnosis is performed, an agent sends a query to
ARTISTE which responds with a list of active agents that can fill the requested
role and satisfy a given topological requirement on the BGP map. The forma-
tion of groups is possible, and this is useful for political reasons because the
list of potential cooperative agents can be restricted and separate management
information is provided to each group.

An investigation agent is used to send back requested information observed
in its environment. This role is typically assigned to agents located in major
transit ASs, because they can observe the large amount of routing information
exchanged there. NetManager-M agents also deploy investigation agents in tran-
sit ASs and use them at an early stage of each diagnostic action. Therefore, they
are considered as the first contact points. However, a transit AS is a hub and a
NetManager-M agent assigned the investigation role receives many queries and
tends to become overloaded. In this case, it simply replies with a reject message,
which tells the requesting agent that the requested agent is currently overloaded.
The requesting agent must then try to find other investigation agents that reside
near the first one. In addition, the overloaded agent in the hub can set a flag in
ARTISTE denoting that it is overloaded and recommending the use of an agent
having the same role which is located in the same neighborhood, especially up-
stream. An agent matching this description will work well because it has almost
the same BGP view including the view from that hub AS. The diagnosis then
starts and the next investigation agents will be designated for isolating the cause
of anomalies in detail and/or identifying an area where these anomalies affect
routing. A friend agent is used to continuously observe the state from outside
the AS. Candidates to become friend agents can be selected using topological
requirements such as agents in a neighboring AS, a transit AS, or an AS on the
other side of the central ASs of the Internet. A relay agent is used to control the
routing at the application level. If an agent cannot obtain results within a pre-
defined time, the agent selects other investigation or relay agents and requests
that they do the job. An initial set of relay agents can also be selected in the
same way as candidates to become friend agents.

An agent may need to find 1) other investigation agents located in ASs that
are downstream from the initially selected investigation agent; or 2) other in-
vestigation agents located near an AS in which hijacked routes were observed.
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These newly selected agents are considered suitable because they could have
BGP data needed to determine the location of the anomaly’s cause or the ex-
tent to which the anomalous state, such as a hijacked route, is spreading. More
comprehensively, these agents are able to issue search queries to ARTISTE in-
cluding condition terms such as group, role, designated-AS, AS-hop-count, and
topology, where topology is downstream, upstream, or neighbor. Conditions can
be combined using logical terms such as and and or.

For diagnosis in a massively deployed environment, the neighbor concept is
important. It is directly expressed as a query to ARTISTE such as “Find agents
that exist within x AS-hop from ASy.” Therefore, it is important to know the
entire network topology map for finding suitable agents. On the other hand, it
is difficult to find all paths on the BGP topology map by only analyzing BGP
information received at a single observation point, because the received BGP
information consists of the best path entries, each of which only includes a single
AS path per destination from an AS. Therefore, a single agent can only see a
spanning tree of the BGP best paths from an AS. In the example shown in Fig 4,
ASself cannot see the links between ASi and ASj , ASx and ASy, and ASy and
ASz since these links are not selected as the best paths in the BGP information
received at ASself . Therefore, the BGP information observed at different ASs
must be integrated to consider the possible BGP paths more accurately. As
well as target agent systems, ARTISTE is also a multi-agent-based system and
performs this path-searching over the Internet environment. Basically there is a
design assumption that an available ARTISTE agent exists within one AS-hop
from a managed agent like a NetManager-M agent. ARTISTE agents cooperate
with other agents to integrate the BGP best-path trees observed from other
observation points. They can also cooperate to find BGP peers of an AS, whose
information may not be delivered if they are not selected as the best paths.
Therefore, ARTISTE agents can also find agents within a specified number of
AS-hops more precisely if they are deployed more densely.

4.3 Cooperative Scenario

In the case of hijacked routes. Each NetManager-M agent autonomously
acts based on monitoring strategies that are given by operators in their ASs or
are requested from other agents. For example, an agent R1 in AS1 requests that
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Fig. 5. Contamination by hijacked route delivery

a friend agent R4 observe BGP entries in AS1. R1 notifies R4 of the target IP
prefixes in AS1 and trap conditions for which agent R4 is requested to invoke
a warning action. The BGP topology is assumed as shown in Fig 5. A typical
trap condition is “Notify R1 if the origin AS number, which should be AS1, in
any BGP entries concerning target IP prefixes is changed or any of these BGP
entries disappear.”

In this example, AS1 advertises its IP-prefix-1 to AS2. AS2 advertises it to
AS3 and AS5. Then IP-prefix-1 is delivered and arrives at AS4 with AS path (3,
2, 1). It also arrives at AS7 with AS path (6, 5, 2, 1). If AS7 mis-advertises the
same prefix IP-prefix-1 to AS6 and AS6 does not filter it, this prefix from AS7 is
selected as the best path for IP-prefix-1, because the BGP entry of IP-prefix-1
from AS7 has a shorter AS path than the one from AS1 and so has priority as
the best path according to the default selection rules [1]. Similarly, it is diffusing
and contaminating routing tables in some other ASs. In these contaminated
ASs, packets destined for IP-prefix-1 are forwarded to AS7. In this example, this
mis-advertised prefix also reaches AS3 and AS5. AS3 and AS5 have two BGP
entries concerning destination IP-prefix-1 and one is selected as the BGP best
path. If the mis-advertised route is selected in AS3, AS4 is also contaminated. In
this situation, R1 is notified that the origin AS number, which should be AS1,
was changed to AS7 in AS4. Then R1 extracts possible hypotheses and starts
verification. More specifically, the contaminated routing table prevents direct
communication between AS1 and AS4, since packets in AS3 destined for AS1

are forwarded to AS7. In this case, AS1 and AS4 can communicate indirectly
by using a relay agent such as in AS2. As shown in Fig 6, a suspicious AS
is found by comparing the AS paths of the two BGP entries acquired from
the current BGP routing table in AS4 and the previously existing one. In this
case, these are (3, 6, 7) and (3, 2, 1). The separation point of these two paths



142 O. Akashi et al.

agent

Current path   (3 6 7)
Previous one   (3 2 1)

Agent

Agent

Tries to search agents along 
these paths using ARTISTE.

AS that appears in both paths could be 
a boundary of the hijacked area.

Hijacked
area

investigation

Investigation + relay

Agent

investigation

Fig. 6. Cooperative analysis of a hijacked route

is AS3. Therefore, R1 first checks AS3 and its neighboring AS, namely AS2.
Then along with the current path, AS6 and its neighboring AS5 are checked.
Therefore, R1 can infer the contaminated area by repeatedly sending inquiries to
investigation agents which are near from the ASs located along the path where
unintentional advertisement is detected. In such partially hijacked cases, relay
agents can effectively work to deliver messages among agents.

Although fatal accidents or attacks like the 1997 failure that disturbed the
entire Internet through the unintentional advertisement of full-routes might not
occur because of the careful filtering employed by several major ISPs, cases of
small-scale or partial-area mis-advertising have been observed several times in
the past few years. Thus, continuous observation and diagnosis by an adequate
number of sufficiently distributed agents are still needed. Massively deployed
NetManager-M agents suitably covering almost all ASs can detect these partial
failures, and such a deployment is needed to maintain reachability in the Inter-
net. After detection and analysis, operators of a misadvertising AS should be
notified of their mistake as soon as possible. On the other hand, some counter-
measures should be applied to allow rapid though temporary recovery. Although
ASs neighboring around the misadvertising AS can try to filter any misadver-
tising, all paths connecting border routers in neighboring ASs should be filtered
and this is not possible in all cases. Therefore, an originating AS that has a
hijacked route advertises longer prefixes that include the hijacked address space.
These longer prefixes can overwrite misadvertised routes, because longer prefixes
precede the currently advertised shorter ones according to the BGP best path
selection rule.

Detailed analysis of hijacked-route behavior from the viewpoint of the AS
adjacency topology of an actual Internet structure are described in [11]. Its
simulation results using an actual Internet topology show the effectiveness of
an agent-deployment strategy based on connectivity information. These results
demonstrate that our routing management system using massively multi-agents
can be applied to the real Internet topology.
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In the case of route information disappearing. A NetManager-M agent
Rself in stub-AS ASself observes various network status parameters to find any
indication of anomalies. In this example, suppose a border router in a transit
AS located upstream from ASself , failed, and previous router configurations, in
which a newly connected ASself was not described, were restored. The advertise-
ment from ASself is then filtered. Rself finds that it cannot access some hosts,
because the rule utilizing ping fails. At the same time, friend agent Rn, which
observes ASself from the viewpoint of ASn, can also find these routing changes
and try to send a notify message to Rself . If this leads to a timeout, Rn then
uses relay agents.

By checking a previous BGP path stored in Rn, Rself can find that the previ-
ous path was (.., ASi, ASj , .., ASself ). Rself then issues queries to agents along
this path and finds that ASi is suspicious, because every AS appeared in the se-
quence from ASself to ASj currently has the BGP entry from ASself and it has
the same AS path as the previously observed one. In the next step, Rself tries to
find neighboring agents peering with ASi and gets a list {ASx, ASy, ASz}. As
described in subsection 3.2, neighboring agents check previous update messages
concerning ASself from ASi. In this example, the neighboring agents have not seen
recently flapped update messages and know that no BGP entry concerning ASself

exists in the routing tables in their ASs. These agents know, though, that a BGP
entry existed in all of their routing tables before the warning message from ASn,
which notified them of the disappearance of the route, was issued. Thus, Rself can
determine that the cause of the problem was some filter in ASi.

5 Related Work

There are several diagnostic tools for analyzing inter-AS routing anomalies.
WWW-based systems such as looking glass [6], RIS tools [12], RouteViews [13],
and various visualization tools are widely used by network operators to monitor
routing information and the states at specific points. These systems, however, are
designed for use by humans and cannot be straightforwardly applied. Although
analysis of the temporal and topological behavior of BGP path-changes [14] and
centralized analysis approaches [15] have been reported, all possible cases are not
covered. To provide real-time anomaly detection by analyzing BGP updates, the
signature-based method and statistics-based method were proposed [16]. These
methods can effectively identify anomalous BGP events, but they also cannot
cover all cases. Our analysis approach concerning BGP update events, which
utilizes a kind of learned parameters and human operator heuristics, is less au-
tomatic than these methods, but can be used to complement them. Such a hybrid
system of human and statistically analyzed results [17] is unique and effective.
Although it is a kind of visualization tool and cannot be directly applied, it could
become a valuable complement if some patterns are extracted as interpretable
rules. Listen and Whisper [18] can eliminate a large number of problems due
to misconfiguration by considering the network topology, but Listen only treats
verification in the data plane. Whisper can verify routes in the control plane,
but requires another protocol over BGP.
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Several advantages provided by the CDPS-based approach would be a useful
supplement for them. From the viewpoints of data availability and cooperation
among different administrative domains, some agent-based intra-AS diagnostic
systems have been proposed, but these systems only offer restricted cooperation
to obtain targeted information. These systems operate under the assumption
that targeted information exists in the management domain of the agent rec-
ognizing a problem. This means that the agents in these systems cannot deal
with situations in which an anomaly or its effect is observed in a different man-
agement domain from that in which the cause exists. This situation is actually
quite common in inter-AS diagnosis.

Although community attribute extension for policy control has been proposed
[19], it only defines the mechanism for distributing additional values on BGP and
does not discuss inter-AS routing adjustment or coordination functions. A path
selection mechanism for BGP paths and overlay routing has been reported in
[20], but routing only at a fine-grained level such as units of sessions or pack-
ets was discussed. In addition, there was no treatment of inter-AS control. The
NetManager-M system focuses on control of the inter-AS routing at the mass
traffic level, considering observed results and the given policy description. Intelli-
gent routers [21,22] are also capable of controlling outgoing packets by modifying
received BGP information based on a given policy description, but they do not
provide cooperative actions among multiple ASs and they assume special de-
vices are available. On the other hands, the NetManager-M architecture works
with conventional routers without any protocol extensions. RAML [23], a meta
description approach cannot express control according to the observed network
status. Active network approaches [24] provide similar control functions, but do
not consider the control structure like ASs. A CDPS approach in NetManager-M
applies the request-and-acceptance based cooperation and it coincides with the
actual network management structure.

6 Conclusion

To effectively support inter-AS routingmanagement and control,wehave proposed
a massively deployed multi-agent-based system called NetManager-M. By cooper-
ating with other massively deployed agents that are located in suitable positions on
the BGP topology map, NetManager-M can diagnose the specific causes of anoma-
lies which are difficult to analyze with conventional multi-agent-based systems.
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Abstract. In this paper an agent-based segmentation approach is pre-
sented and evaluated. The approach consists in using a high number of
autonomous agents for the segmentation of a range image in its different
planar regions. The moving agents perform cooperative and competitive
actions on the image pixels allowing a robust extraction of regions and
an accurate edge detection. An artificial potential field, created around
pixels of interest, allows the agents to be gathered around edges and
noise regions. The results obtained with real images are compared to
those of some typical methods for range image segmentation. The com-
parison results show the potential of the proposed approach for scene
understanding in range images regarding both segmentation efficiency,
and detection accuracy.

Keywords: Image segmentation, Multi-agent systems, Range image, Ar-
tificial potential field.

1 Introduction

The segmentation of an image is often necessary to provide a compact and
convenient description of its content, suitable for high level image analysis and
understanding. It consists in assigning image pixels to homogenous and disjoint
subsets, which form an image partition. The pixels which belong to the same
region share a common feature called the region homogeneity criterion. In range
images, segmentation methods can be divided into two distinct categories: edge-
based segmentation methods and region-based segmentation methods. In the
first category, pixels which correspond to discontinuities in depth or in surface
normals are selected and chained in order to delimit the regions in the image
[8,4,10]. Edge-based methods are well known for their low computational cost,
however they are very sensitive to noise.

Region-based methods use geometrical surface descriptors to group pixels with
the same proprieties in disjoint regions [22,11,13,3,1]. Compared to edge-based
methods, region-based methods are more stable and less sensitive to noise. How-
ever, their efficiency depends strongly on the selection of the region seeds. Most
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of the time, the segmentation results in an over-partition of the image. So, it
is necessary to perform an iterative fusion of homogenous regions. Such an ap-
proach does not facilitate the distribution of the used algorithms, and leads to
high computational costs [7].

Furthermore, most of the proposed methods model surface proprieties by com-
puting image derivatives of different orders. Such techniques result in a highly
noise-sensitive detection. It is then necessary to perform some preprocessing
tasks, which consist mostly in image smoothing and noise filtering. However, in
the case of highly noisy images such as range images [7], a strong noise smooth-
ing can erase the roof edges (at discontinuities of surface normals), and the
smooth edges (at discontinuities of curvature) whose detection remains a chal-
lenge. Moreover, if the noise is under-smoothed the distortions, which remain in
the image, result in inaccurate or erroneous segmentation results. This difficulty,
which is an open issue in image segmentation [14], results from the restriction
of computation and decision to the local neighborhood of the processed pixel.
In range images, several recent segmentation methods fail because they do not
correctly address and resolve this problem [9].

To deal with this problem, some authors have proposed agent-based solutions
for 2-D image segmentation. Agent-based solutions inherit the advantages of the
agent-oriented systems for collective problem solving. In such systems a single
agent has a limited perception and limited capabilities, and it is not designed to
solve an entire problem. Agents cooperate thus in order to provide a collective
solution. Contrary to conventional systems, solutions in agent-based systems
emerge from collective action of interactive agents [12].

In this paper, a new agent-based solution for range image segmentation is
presented and discussed. It consists in the use of reactive agents, which move over
the image, and act on the visited pixels. While moving over the image, an agent
adapts to the planar region on which it moves, and memorizes its proprieties.
When an agent encounters a pixel which does not belong to its current region, an
agent alters this pixel in order to align it to its current region. At the boundaries
between the regions the agents will be in competition to align the pixels of the
boundaries to their respective regions. The resulting alternative alignment of the
boundary pixels preserves the region boundaries against erasing. Noise regions
that are characterized by small sizes or by aberrant depths (outliers) prevent
the agents from adapting. Thus, these regions continuously contract by aligning
their pixels to the planar regions which surround them.

Our aim is to overcome the difficulty related to the local perception around
the processed pixel. A pixel is therefore processed according to both its neigh-
borhood, and the agents that visit this pixel. An agent acts on pixels with
more certainty, acquired from its move on large areas on the image regions.
The combination of the global information memorized within the agent, and the
local information, provides more reliable decisions. To optimize the agent move-
ments, an artificial potential field inspired from the electrostatic potential field is
used. It allows to rationalize the movements of the agents by directing them to
be gathered around the regions of interest (edges and noise regions) and to
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concentrate their actions around these regions. The utilization of a large number
of reactive and weakly coupled agents provides a massively multi-agent system,
allowing a parallel and distributed image segmentation. Extensive experimenta-
tions have been performed using real images from the ABW database [7]. The
obtained results show the high potential of the proposed approach for an efficient
and accurate segmentation of range images.

The remainder of the paper is organized as follows: In Section 2, we review
the agent-based approaches for image segmentation. Section 3 introduces the
surface proprieties modeling. Section 4 is devoted to the proposed approach. It
describes the behavior of the agents and shows the underlying collective mech-
anism to deal with the edge detection and the noise removal. The experimental
results are introduced in Section 5, in which we discuss the selection of the
used parameters, and we analyse and comment the obtained results. Finally, a
conclusion summarizes our contribution.

2 Related Work

Several agent-based systems have been proposed for image analysis and object
recognition. They propose interesting solutions to deal with several problems,
such as multiple domain knowledge handling, control automation over the image
interpretation tasks, collective segmentation, and distributed and parallel image
processing. In this review we consider only works which have addressed a solution
in image segmentation.

Liu et al. [16] introduce a reactive agent-based system for brain MRI seg-
mentation. They underline that the employed agents are more robust and more
efficient than the classical region-based algorithms. Four types of agents are used
to label the pixels of the image according to their membership grade to the differ-
ent regions. When finding pixels of a specific homogenous region an agent creates
offspring agents into its neighborhood. In this system, the agents neither interact
directly between them nor act on the image. Their actions depend only on their
local perception. Nevertheless, each agent is created so that it becomes more
likely to meet more homogenous pixels. For the same type of images, Richard et
al. [18] propose a hierarchical architecture of situated and cooperative agents for
brain MRI segmentation. Three types of agents have been used: global control
agent, local control agent, and tissue dedicated agent. The role of the global
control agent is to partition the volume of data into adjacent territories and to
assign one local control agent to each territory. The role of a local control agent is
to create the tissue dedicated agents which perform a local region growing. The
statistical parameters of the image data distribution, needed to perform region
growing are updated according to the interaction between neighboring agents.
Using several types of agents has allowed to deal with both the control over the
high-level segmentation tasks and the low-level image processing tasks.

The two previous systems are well optimized to brain MRI segmentation. They
can provide interesting results because region characteristics are regular in the
different brain anatomic parts. In addition, most of the edges in such images are
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jump edges (at discontinuities of image data) which are easy to detect, compared
to roof and smooth edges.

Rodin et al. [19] using the oRis langauge [6], have presented a reactive agent-
based system for edge detection in biological images. According to some prior on
image content, the system provides an edge detection which is better than that
provided by traditional detectors. Two groups of agents, called darkening agents
and lightning agents follow respectively the dark regions and the light regions.
Their actions aim at reinforcing regions by stressing their contrast, allowing a
reliable detection of these regions. In this system, agents are fully independent
from each other, and never interact. The system can be considered as a paral-
lel segmentation algorithm which was well optimized for the detection of roof
edges in some biological images. However, agents were not designed to detect
discontinuities of image data. So, the system may fail to detect jump edges. Fur-
thermore, the number and the topology of the expected regions must be known,
and hard coded within the agents.

Based on the cognitive architecture Soar [17], Bovenkamp et al. [2] have de-
veloped a multi-agent system for IntraVascular UltraSound (IVUS) image seg-
mentation. They aim to elaborate a high knowledge-based control over the al-
gorithms of low-level image processing. In this system, an agent is assigned to
every expected object in the image. Agents cooperate and dynamically adapt
the segmentation algorithms, according to contextual knowledge, local informa-
tion and their personal believes. In this work, the problem of the control over
segmentation algorithms seems to be well resolved. However, no agent or even
behavior has been proposed to deal with the problem of uncertain and noisy
data.

The proposed agent-based systems for image segmentation are specific to im-
age contents. Following a supervised approach, these systems aim at segmenting
images in known and previously expected regions. The system proposed in this
paper claims to be general and unsupervised. It aims to segment an image into
its several regions by using some invariant surface proprieties. The adaptive and
competitive behavior of the agents allow overcoming the constraint related to
the restriction of the treatments to the local neighborhood of pixels. We show in
this work that despite the simplicity of the model used to represent surfaces, the
obtained results are better than those provided by conventional approaches. We
believe that interactions between agents provide an alternative way for image
segmentation to that of methods based on complicated and costly models [15].

3 Surface Modeling

A range image is a discretized two-dimensional array where at each pixel (x, y)
is recorded the distance Z(x, y) between the range finder and the corresponding
point of the scene. Regions in such an image represent the visible patches of
object surfaces. To attenuate the white and the impulsive noise contained in the
image, a Gaussian filter and a median filter are applied to the depth raw data.
A new image Z∗(x, y), called plane image is then derived from the range image.
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Each pixel (x, y) of the new image records the tangent plane to the surface at
(x, y). The best tangent plane at (x, y) is obtained by the multiple regression
method using the set of neighboring pixels χ(x, y). The neighborhood χ(x, y) is
made up of pixels (x′, y′) situated within a 3 × 3 window centred at (x, y), and
whose depths Z(x′, y′) are close, according to a given threshold (TrD).

The plane equation in a 3−D coordinate system may be expressed as follows:

ax + by + cz = d (1)

where (a, b, c)T is the unit normal vector to the plane (a2 + b2 + c2 = 1; c < 0)
and d is the orthogonal distance between the plane and the coordinate origin.
First, Parameters α, β and γ of the surface z = αx + βy + γ at (x0, y0) are
obtained by the minimization of the function Φ, defined as follows:

Φ(α, β, γ) =
∑

(xi,yi)∈χ(x0,y0)

[αxi + βyi + γ − Z(xi, yi)]2 (2)

with

χ(x0, y0) = {(x0 + i, y0 + j); (i, j) ∈ {−1, 0, +1} and |Z(x0 + i, y0 + j) −
Z(x0, y0)| < TrD}

Parameters a, b, c and d are thus obtained as follows:

(a, b, c, d)T =
1√

α2 + β2 + 1
(α, β, −1, γ)T (3)

The tasks performed on the plane image are based on the comparison of
planes. Indeed, we consider that two planes ax+by+cz = d and a′x+b′y+c′z =
d′ are equal if they have, according to given thresholds, the same orientation
and the same distance to the coordinate origin. Let θ be the angle between
the two normal vectors, and D the distance between the two planes: sin(θ) =
‖(a, b, c)T ⊗(a′, b′, c′)T ‖ and D = |d−d′|. So, the two planes are considered equal
if sin(θ) ≤ Trθ and D ≤ TrD, where Trθ and TrD are respectively the angle and
the distance thresholds. Plane comparison is first used to test if a given pixel
belongs to a planar region, given its plane equation. It is also used to test if the
pixel is, or is not, a pixel of interest (edge or noise pixel). In this case, the pixel
in question is considered as a pixel of interest if at least one of its neighbors has
a different plane equation, according the previous thresholds.

4 Multi-agent Range Image Segmentation

The plane image is considered as the environment in which agents are initialized
at random positions. An agent checks if it is situated within a planar region,
and adapts this region if planar, by memorizing its plane equation. Next, the
agent performs actions which depend on both its state and the state of the pixel
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on which it is located. At each time t, an agent is characterized by its position
(xt, yt) over the image, and by its ability At to act on the encountered pixels. At
the beginning of the process, all the agents are unable to alter the image pixels.
After having been adapted to a planar region, an agent becomes able to modify
the first pixel not belonging to this region (At=true). When an agent alters a
pixel, it loses its alteration ability (At=false) and starts again searching for a
new planar region. An agent having modified a pixel records in an appropriate
array I at the position (xt, yt) the last state of the visited pixel: I(xt, yt) ∈
{smoothed, aligned, unchanged}. We show next, that this simple behavior of
the agents allow both the detection of the image edges, and the removal of the
noise regions.

4.1 Agent Behavior

An agent adapts to the region of the image on which it is moving by computing
and storing the proprieties of this region, and by adopting the suited behavior
to the local image data. Fig. 1 depicts the behavior of an agent according to its
state and the state of the pixel on which it is located.

Fig. 1. Agent behavior according to its state and position

Searching for a Planar Region. After its creation, an agent randomly moves
within the image and searches for a planar region around its current position.
The seed of the searched region is formed of the last L pixels visited by the
agent. L is called the adaptation path-length. It represents the confidence degree
that the agent is situated within a planar region. The agent considers that it is
within a planar region if the pixels of the seed form a planar surface. The agent
memorizes the new region and considers it as its current planar region. It agent
becomes then able to alter the first encountered pixel which does not belong to
its planar region (At=true).
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Moving on a Planar Region. While moving inside a planar region, an agent
smoothes the pixel on which it is located by updating the equations of both the
memorized plane and the plane at the pixel position. This is done by replacing
the two equations by their weighted average. Let (a′, b′, c′, d′) and (a, b, c, d) be
the parameters respectively of the memorized plane and the plane at the current
pixel. Resulting parameters of the weighted average plane, before normalization,
are obtained as follows:

(a′′, b′′, c′′, d′′) =
1

1 + l
(a + la′, b + lb′, c + lc′, d + ld′) (4)

where l is the length of the path crossed by the agent on the planar region.

Pixel Alignment. Pixels of interest are edge pixels or pixels within noise re-
gions. When an agent meets a pixel of interest (i.e. not belonging to its current
planar region) it alters it in order to partially align it to the planar region
on which it is moving. Parameters (a′′, b′′, c′′, d′′) of the new plane equation at
the pixel position are obtained by linear combination of the current parameters
(a, b, c, d) and the parameters of the memorized plane equation (a′, b′, c′, d′):

(a′′, b′′, c′′, d′′) =
1

1 + ξ
(a + ξa′, b + ξb′, c + ξc′, d + ξd′) (5)

where ξ is the alteration strength.
The agent loses then its alteration ability (At=false) and starts again to search

a new planar region. Further to the alteration of a pixel, the agent can pass into
another region, or remain in the current region. If the altered pixel is an edge
pixel, the agent likely pass in an other planar region. However, if the altered
pixel is on the boundary of a noise region, the agent crosses the noise region
and most likely end up in the previous planar region, except if the noise region
is situated between two planar regions. The alteration strength ξ is a critical
parameter which affects the quality of the results and the time of computation.
Indeed, high values of ξ lead to a fast detection of regions. However the resulting
region boundaries are distorted and badly localized (Fig. 2c). Low values of ξ
result in a slow detection, but region boundaries in this case are well detected
and correctly localized (Fig. 2d). In order to speed up the segmentation process,
and avoid edge distortion, an agent chooses the alteration strength among ξmin

and ξmax according to the information recorded by other agents in the array I.
So, an agent assumes that the current planar region is adjacent to a noise region
and thus uses ξmax as alteration strength, if the number of ”unchanged” pixels
(situated in a noisy region) around the agent is greater than a given threshold
(fixed to 3 in our experimentations). Indeed, pixels labeled ”unchanged” in the
adjacent region mean that this latter is a noise region for which agents have not
adapted and consequently have not smoothed its pixels. Otherwise the agent
assumes that the current planar region is adjacent to another one, where other
agents have labeled the pixels as ”smoothed” or ”aligned”. In this case the agent
uses the alteration strength ξmin.
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(a) (b)

(c) (d)

Fig. 2. The impact of the alteration strength on the segmentation results: (a) Range
image (abw.test.8); (b) Rendered range image; (c) Segmentation results with ξmin =
ξmax = 4 at t=2500; (d) Segmentation results with ξmin = 0.3 and ξmax = 5 at
t=13000

4.2 Agent Coordination by Artificial Potential Field

To endow the agents with a self-organization mechanism, an artificial electro-
static like potential field is used. It is created and updated around the aligned
pixels. It allows agents to be gathered around pixels of region boundaries, and
concentrate their actions at these pixels. Contrary to other works, where the
potential field is created at known positions of objects (goals and obstacles)
[5,21,20], the potential field in our case results from the interaction of agents
with the objects in the environment (pixels). The intensity Ψ(x, y) of the po-
tential field at position (x, y) created by a set of P pixels beforehand aligned
{(xi, yi),i = 1..P ∧ I(xi, yi)=aligned} is given by:

Ψ(x, y) =
P∑

i=1

k√
(x − xi)2 + (y − yi)2

, k ∈ R+ (6)

where k is the constant of the electrostatic force, set to 1.
An agent which is able to alter pixels (At=true) and situated at position

(xt, yt) undergoes an attractive force −→
F . This force is expressed by the gradient

vector of the potential field:
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−→
F =

⎧
⎨

⎩

-−→∇Ψ(xt, yt) if At=true

−→0 otherwise

So, the agent movements, which are stochastic in nature, are weighted by the
attractive force applied by the potential field. Agents are influenced to head for
the pixels of interest, while keeping random moves. The random component of
the agent moves allows the exploration of all regions of the image.

A Relaxation mechanism of potential field is also introduced. It allows the
agents gathered around pixels of interest to be released and thus to explore
other regions of the image. Around a given pixel, the field intensity decreases
after every alteration of this pixel. The equation of the relaxation dynamic is
expressed as follows:

Ψt+1(x, y) = μ × Ψt(x, y), μ < 1 (7)

Ψ0(x, y) corresponds to the created field after the first alteration of the pixel.
The constant μ set to 0.9, represents the decrease rate of the field intensity.
After several alignements of a given pixel, the field intensity around this pixel
decreases, and tends to zero. This situation represents the final state of the
process, after which the system can be stopped.

4.3 Edge Detection and Noise Removal

While moving over the image, agents smooth pixels that approximatively belong
to their respective planar regions. An agent considers pixels that do not belong
to its current region as noise pixels. The agent aligns thus automatically these
pixels to its current planar region (Fig. 3b). However, pixels on the boundaries of
planar regions are true-edge pixels and thus should not be aligned. Nevertheless,
the competition between agents preserves these pixels against an inappropriate
smoothing. Indeed, around the edge between two adjacent planar regions, two
groups of agents are formed on the two sides of this edge. Each group is formed
of agents passing from one region to the other. Agents of each group align the
pixels of the boundary to their respective region. So, pixels of the boundary
are continuously swapped between the two adjacent regions. This allows these
pixels to remain emergent in the image (Fig. 3c). This pattern of competitive
actions between agents allows the emergence of image edges. The edge map is
not coded in any agent, it results from the collective actions of the agents. Unlike
true regions of the image, which remain preserved against erasing, noise regions
continuously narrow, and they finally disappear. Borders of these regions are
continuously aligned to the true planar regions, that surround them. An agent,
having aligned a pixel which belongs to the border of a noise region and having
moved inside this region, will not be able to adapt. Consequently, it cannot align
any pixel when leaving the noise region. This occurs in two distinct situations: 1)
when a region is planar but insufficiently large to allow agents to cross the mini-
mal path-length L necessary to be able to adapt; 2) when a region is sufficiently
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(a) (b) (c)

Fig. 3. Underlying edge detection (image abw.test.22): (a) Rendered range image; (b)
Aligned pixel at t=800 ; (c) Only edge pixels are emergent at t= 8000

large but not planar, or made of random depths (noise). In both situations, the
agent leaves the noise region and will adapt inside the surrounding planar region.
The true regions have large sizes sufficient to allow agent to adapt and then align
boundary pixels when leaving these regions. However, noise regions, which are
non planar, or having weak size, prevent agents from adapting. Consequently,
agents will be unable to align pixels on the boundaries of these regions when
leaving them. As a result, boundaries of these regions are continuously aligned
from outside by including their pixels in the true surrounding regions. After
several execution steps, these regions will be completely erased.

After Several iterations, all image regions are well delimited by the detected
boundaries. A simple region growing steered by the detected boundaries allows
to extract the regions of the image.

5 Experiments and Analysis

5.1 Evaluation Framework

Hoover et al. have proposed a dedicated framework for the evaluation of range
image segmentation algorithms [7], which has has been used in several related
works [10,9,13,3,1]. The framework consists of a set of real range images, and a
set of objective performance metrics. It allows to compare a machine-generated
segmentation (MS) with a manually-generated segmentation, supposed ideal and
representing the ground truth (GT). The most important performance metrics
are the numbers of instances respectively of correctly detected regions, over-
segmented regions, under-segmented regions, missed regions, and noise regions.
Region classification is performed according to a compare tool tolerance T ;
50% < T ≤ 100% which reflects the strictness of the classification. The 40
real images of ABW database are divided into two subsets: 10 training images,
and 30 test images. The training images are used to estimate the parameters of
a given segmentation method. Using these parameters, the method is applied to
the test images. The Performance metrics are computed and stored in order to
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be used to compare the involved methods. In our case, four methods, namely
USF, WSU, UB and UE, cited in [7] are involved in the result comparison.

5.2 Parameter Selection

Since the evaluation framework provides a set of training images with ground
truth segmentation (GT), we have opted to a supervised approach for the selec-
tion of parameters. For our System, named 2ARIS for Agent-based Approach for
Range Image Segmentation , six parameters should be set: ξmin, ξmax, Trθ , TrD,
N , and L. These parameters are divided into two subsets: 1) ξmin, ξmax, Trθ,
and TrD represent respectively the two alignment strengths, the angle threshold,
and the depth threshold. These parameters are used for testing and aligning im-
age pixels, and 2) N and L represent respectively the number of agents, and the
adaptation path-length. These two parameters control the dynamic of the multi-
agent system. For the first parameter subset, 256 combinations namely (ξmin,
ξmax, Trθ, TrD) ∈ {0.5, 0.3, 0.1, 0.05} × {1.0, 3.0, 5.0, 7.0} × {15, 18, 21, 24} ×
{12, 16, 20, 24} were run on the training images. The performance criterion for
this parameters is the average number of correctly detected regions with the com-
pare tool tolerance T set to 80%. The two alignment strengths ξmin and ξmax are
set respectively to 0.3 and 5.0. These values have provided a good edge detection
in a reasonable execution time. The threshold Trθ was set to 20. We have ob-
served that higher values of this parameter under-differentiate regions regarding
their orientations, and lead to an under-segmentation of the image. However,
lower values over-differentiate regions, and lead to an over-segmentation. It re-
sults in a high number of false and small regions, which should be merged in
the true neighboring regions. Finally, the threshold TrD is set to 16. Note that
values significantly greater than 16 can lead to wrongly merge some parallel
overlapped regions. However, if TrD is significantly less than 16, highly sloping
regions cannot be detected as planar regions [10]. This results in a high rate of
missed regions.

The number of employed agents N depends on the size of the image, while
the adaptation path-length L depends on the level of detail of the image. These
two parameters are critical and must be carefully selected. Inappropriate val-
ues of these two parameters can lead to a high rate of segmentation errors.
Indeed, an insufficient number of agents lead to an under-processing of the
image. So, resulting regions are deprived of a set of pixels which should be
included in these regions. A low value of the adaptation path-length L leads
to take into account small planar regions which should be considered as noise
regions. However, higher values of L can result in missing some true planar
regions which are insufficiently large (see section 4.3). In order to set the
parameters N and L, 25 combinations of these parameters, namely (N, L) ∈
{1500, 2000, 2500, 3000, 3500} × {3, 5, 7, 9, 11} were run on the training set. In
this case, the performance criterion is the average number of noise regions, with
the compare tool tolerance set to 80%. Obtained optimal values of N and L are
respectively 2500 and 7.
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5.3 Experimental Results

Fig. 4 shows an instance of segmentation progression within time. The time t
represents the number of steps performed by each agent since the beginning of
the process. Displaying a range image by a simple rendering algorithm (Fig. 4a),
allows observing the high level of noise in the used images. Figures 4b, 4c, 4d
and 4e show the set of pixels of interest (edge or noise pixels) respectively at
t=1000, 5000, 9000 and 13000. Regions are progressively smoothed by aligning
noise pixels to the surrounding planar regions. Edges between adjacent regions
are also progressively thinned. At the end of the process, region borders consist
of thin lines of one pixel wide (Fig. 4e). Fig. 4f shows the segmentation result
obtained by displaying the borders of the extracted regions.

Fig. 5 shows the segmentation results of the image abw.test.8, with the com-
pare tool tolerance T set to 80%. This image was considered as a typical image
to compare the involved methods [7],[3]. Fig. 5a shows the range image, and
Fig. 5b shows the ground truth segmentation (GT). Fig. 5c, 5d 5e and 5f are
segmentation results obtained respectively by USF, WSU, UB and UE methods.
Fig. 5g presents the segmentation result obtained by our method. Metrics in
table 1 show that all image regions detected by the best-referenced segmenter

(a) (b) (c)

(d) (e) (f)

Fig. 4. Segmentation progression. (a) Rendered range image (abw.test.6); (b) at t=1000,
(c) at t=5000 ; (d) at t=9000 ; (e) at t=13000 ; (f) Segmentation result (Extracted
regions)



158 S. Mazouzi et al.

(a) (b) (c)

(d) (e) (f)

(g)

Fig. 5. Segmentation results of abw.test.8 image. (a) Range image; (b) Ground truth
segmentation (GT); (c) USF result; (d) WSU result; (e) UB result; (f) UE result; (g)
2ARIS result

(UE) were detected by our method. Except the shadowed region, where all meth-
ods fail to detect, all object regions were detected. The incorrectly detected
regions are those with small sizes, and situated on the horizontal support. Com-
pared to the other methods, values of incorrect detection metrics are also good.
Our method is equivalent to UE, and scored higher that the others.

Table 2 contains the average results obtained with all test images, and for all
performance metrics. The compare tool tolerance was set to the typical value
80%. By considering both correct detection and incorrect detection metrics, ob-
tained results show the good efficiency of our method. Fig. 6 shows the av-
erage numbers of correctly detected regions for all test images, and according
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Table 1. Comparison results with abw.test.8 image for T=80%

Method GT Correct Over- Under- Missed Noise
region detection segmentation segmentation

USF 21 17 0 0 4 3
WSU 21 12 1 1 6 4
UB 21 16 2 0 3 6
UE 21 18 1 0 2 2

2ARIS 21 18 2 0 1 1

Table 2. Average results of the different involved methods with T=80%

Method GT Correct Over- Under- Missed Noise
region detection segmentation segmentation

USF 15.2 12.7 0.2 0.1 2.1 1.2
WSU 15.2 9.7 0.5 0.2 4.5 2.2
UB 15.2 12.8 0.5 0.1 1.7 2.1
UE 15.2 13.4 0.4 0.2 1.1 0.8

2ARIS 15.2 13.0 0.5 0.1 1.4 0.9

Fig. 6. Average results of correctly detected regions of all methods, according to the
compare tool tolerance T ; 0.5 < T ≤ 1.0

to the compare tool tolerance T ; T ∈ {51%, 60%, 70%, 80%, 90%, 95%}. Re-
sults show that the number of correctly detected regions by our system is in
average better than those of USF, UB and WSU. For instance, our system
scored higher than WSU for all the values of the compare tool tolerance T . It
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scored higher than USF for T ∈ {80%, 90%, 95%}, and better than UB for T ∈
{50%, 60%,70%, 80%}. For all incorrect detection metrics (instances of Over-
segmentation, Under-segmentation, Missed Region, Noise Region), our system
has equivalent scores to those of UE and USF. The two latter scored higher than
UB and WSU.

6 Conclusion

In this paper we have introduced an agent-based approach for range image seg-
mentation. Indirect interaction between autonomous agents moving over the im-
age allows reliable edge detection and efficient noise removal. Competitive actions
between agents that are self-gathered around region boundaries have allowed the
emergence of image edges. Image edges, for which no explicit detection was coded
in any agent, result from the collective action of all the agents. The proposed
approach aims to improve efficiency and to deal with the problem of result ac-
curacy. Indeed, obtained results are better than those provided by traditional
algorithms, based on region growing techniques. Moreover, employed agents are
weakly coupled, and indirectly communicate via the environment (image). This
allows parallel or distributed implementations, necessary to obtain a high com-
putational efficiency. Experimental results obtained with real images from ABW
database were compared to those provided by four typical algorithms for range
image segmentation. Comparison results show a good potential of the proposed
method for both segmentation efficiency and accuracy. The proposed approach
can be extended to deal with more complex surfaces by defining their specific
proprieties, and endowing the agents with the appropriate behavior.
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Abstract. Natural, technological and man-made disasters are typically followed
by chaos that results from an inadequate overall response. Three separate lev-
els of coordination are addressed in the mitigation and preparedness phase of
disaster management where environmental conditions are slowly changing: (1)
communication and transportation infrastructure, (2) monitoring and assessment
tools, (3) collaborative tools and services for information sharing. However, the
nature of emergencies is to be unpredictable. Toward that end, a fourth level of
coordination – distributed resource/role allocation algorithms of first responders,
mobile workers, aid supplies and victims – addresses the dynamic environmental
conditions of the response phase during an emergency. A tiered peer-to-peer sys-
tem architecture could combine those different levels of coordination to address
the changing needs of disaster management. We describe in this paper the archi-
tecture of such a tiered peer-to-peer agent-based coordination decision support
system for disaster management and response and the applicable coordination
algorithms including ATF, a novel, self-organized algorithm for adaptive team
formation.

1 Introduction

Large scale disasters are characterized by catastrophic destruction of infrastructure
(e.g., transportation, supply chain, environmental, communication, etc). The lack of
coordination characterizes such disasters. While preparedness is the best response to
emergencies [1], a multiagent-based approach to coordination decision support systems
(CDSS) can play an important role in disaster management and response (DM&R) in
shaping decentralized decision-making on a large scale. However, the diverse aspects
of coordination make it difficult to find a unified approach for continuous control. Coor-
dination is at best defined as an emergent property from local interactions, either coop-
erative or competitive, explicit or implicit, in the pursuit of multiple goals. A taxonomy
of coordination is illustrated in Fig. 1. Finding a unified approach is a key problem
in disaster management because a cooperative approach in the preparedness phase has
to be complemented with a competitive approach in the response phase due to life-
threatening situations requiring fast and reactive solutions. For example, satellite-based
environmental surveillance requires centralized planning and scheduling in advance due
to geo-spatial and atmospheric constraints but needs to be supplemented by unmanned
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aerial vehicles for timely information requests. It is desirable that planning and pre-
paredness decisions in DM&R be relevant in emergency situations to first responders
and provide them with guidelines to avoid chaotic situations. A disaster management
task is specified by the tuple {P,T,A,S} where P is the set of plans, T the set of tasks or
incidents, A the set of agents, volunteers, first responders, and coordinators, S the set of
sensors, static or mobile, and where A ⊆ S. The problem consists of matching the needs
of T with the resources of S in a decentralized and concurrent fashion to accomplish
goals defined by P.

Fig. 1. Coordination Taxonomy and related coordination mechanisms

This paper is organized as follows. First, we explain the agent-based CDSS frame-
work in Sect. 2 and motivate a tiered peer-to-peer (P2P) coordination architecture for
integrating the different coordination dimensions of DM&R. Then, in Sect. 3, we in-
troduce two basic coordination algorithms for heterogeneous agents suitable in disaster
management response. In Sect. 4, a self-organized, semi-centralized coordination al-
gorithm is introduced in support of the architecture proposed. An empirical evaluation
follows in Sect. 5 on a canonical fire/rescue scenario to illlustrate the relative merits of
the coordination algorithms. Finally, Sections 6 and 7 conclude with related work.

2 Agent-Based CDSS

Recent technological advances in communication and processing power, enabling sen-
sor networks and personal digital assistants, have made possible the self-organization
of mobile agents (robots or people) and geo-localized decision support. The complexity
of decentralized decision-making is tamed by delegating certain management tasks to
proxy agents [2]. Coordination is a pervasive management task that helps reduce inter-
ference in role assignments and enhance information sharing. The degree of consensus
to obtain before making a decision can be arbitrarily set. The lower the degree of con-
sensus, the more flexible the agents are in reacting to outside events and making timely
decisions, but more negative interactions can occur. Assuming rational, communicating
and trusting agents reduces the degree of consensus overhead required in coordina-
tion tasks because the agents are likely to reach the same conclusions given the same
information.
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Current collaborative web-based tools have essentially a fixed client/server approach
because of the relatively stable nature of internet routing. Coordination is achieved
through the server as a synchronizing blackboard passively mediating the interactions
of intelligent agents (humans or proxies) as clients. P2P approaches, such as JXTA [3],
de-emphasize the role of the server as passive synchronizer but the role of mediator
is taken up actively by “rendez-vous” peers and “relays.” Peers discover each other
through advertisements propagated by relays and rendez-vous peers. This suggests a
flexible, semi-centralized coordination architecture for complex tasks such as DM&R
where the preparedness and information sharing architecture can seamlessly adapt to
rapidly changing conditions and communication infrastructure (Fig. 2). In this frame-
work, coordination at the network layer, whereby a host is chosen to act as relay for
propagating messages through the network, maps with a coordinator role at the appli-
cation layer.

Fig. 2. Semi-Centralized Coordination Architecture

3 Coordination Algorithms for Heterogeneous Agents

One of the key coordination problem in disaster management is the heterogeneity of the
players involved. Roles provide a convenient a priori decomposition of a task and are a
key coordination tool [4]. Roles can be viewed either as fixed slots in a team structure
that are filled by agents or part of an agent’s behavior repertoire in its relationships with
other agents that can determine the structure of a team. The decision complexity for the
role allocation of N agents to p tasks is O(pT ) where T is the number of teams of size
t that can be selected from N agents:

T =

⎧
⎪⎪⎨

⎪⎪⎩

(
N
t

)

case1 : homogeneousagents
(

N + t +1
t

)

case2 : heterogeneousagents
(1)
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Algorithm 1. Basic agent loop for cooperative distributed systems
set initial role to explore
active ← true
rounds ← 0
while (no termination condition) do
if (active) then
sense environment
act according to role
broadcast information to neighbors
active ← false

else
read neighbors’ new information, if any
deliberate and select role
active ← true

endif
rounds++
end while

t is the number of roles in a team which might not correspond to the number of agents
N. In the homogeneous case, ∑T

i ti ≤ N, agents have distinct, mutually-exclusive roles.
In the heterogeneous case, agents fill a number of non mutually-exclusive roles (i.e. an
agent can perform a number of roles in a team). The complexity of role allocation scales
up with heterogeneous agents where the mapping of agents to roles is one-to-many. The
basic agent loop for role allocation in distributed cooperative systems is described in
Alg. 1. Two basic matching algorithm for generalized role allocation of heterogeneous
agents running in polynomial time are described below.

3.1 Hungarian Algorithm

The “Hungarian” algorithm for weighted bipartite matching [5,6] solves constraint op-
timization problems such as the job assignment problem in polynomial time. An imple-
mentation of this algorithm follows Munkres’ assignment algorithm [7]. The algorithm
consists of transforming a weighted adjacency matrix of roles× agents into equivalent
matrices until the solution can be read off as independent elements of an auxiliary ma-
trix. While additional rows and columns with maximum value can be added to square
the matrix, the optimality is no longer guaranteed if the problem is over-constrained,
i.e. there are more roles to be filled than agents. This algorithm can be extended to
heterogeneous agents by expanding the original set of agents to virtual homogeneous
agents, one for each capability required by the task, ignoring other capabilities. The
mapping of agent capabilities to incident needs is illustrated by the bipartite matching
graph in Fig. 3. A team preference for a task is proportional to its coverage and the in-
dividual preferences of the agents selected for the task, ensuring commitment to mostly
completed tasks.
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Fig. 3. Weighted Bipartite Matching

3.2 Greedy Set Cover Algorithm

This is an approximate matching algorithm [8] that finds the minimum set cover for a
list of resources needed to accomplish a task given the initial capabilities of a set of
agents sorted in maximal task coverage order (Fig. 4). In addition, a small penalty is
given to capabilities not relevant to the task. Here too, the team preference for a task
depends on its coverage of the task and the individual preferences of the agents selected
for the task.

This algorithm was found to have a faster performance than the Hungarian algorithm
described above and was subsequently used in the experimental evaluation.

Fig. 4. Greedy Set Cover of a task decomposed into 6 needs (dots) with 3 agents and one over-
lapping capability between 2 agents

4 Semi-centralized Coordination Algorithms

Semi-centralized algorithms were found to be both practical and efficient in the large-
scale coordination of agents [9] and lend themselves well to the widely used contract net
protocol. The level of specificity in the planning of large groups does not extend to indi-
vidual behaviors. DM&R planning in the National Response Plan [10] provides specific
guidelines at the lowest geographical and organizational level but leaves room for self-
organization. Semi-centralization with adaptive team formation enables the continuous
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control of decentralized decision-making to achieve planned objectives and maintain
situation awareness through data fusion at the global level. We first describe a cycle-
based self-organizing algorithm for the formation of “cluster heads” and then our ex-
tension of this algorithm to take into account environmental demands in the form of
request for service.

4.1 Low-Energy Adaptive Clustering Hierarchy (LEACH) Algorithm

The LEACH algorithm [11] is a stochastic adaptive algorithm for energy-efficient com-
munication in wireless sensor networks in the task allocation of aggregating and routing
messages back to the base station (BS). Because of the limitation on battery power, the
task should be fairly distributed among the nodes. In addition, aggregating the data to
reduce noise before sending it to the BS is more efficient. Rotating this “cluster head”
role among the nodes will (1) minimize the overall energy consumed and (2) allow the
battery power to get replenished through solar energy. A round in the algorithm includes
a setup phase establishing a transmission schedule to maximize bandwidth utilization
and a steady-state phase where data fusion occurs and the aggregated messages are ac-
tually transmitted. It is assumed that the percentage of nodes that should take up this
role is known a priori by the agents. An algorithm where the agents take turn assuming
the “cluster head” role is described in Alg. 2. An agent i assumes the role of “cluster
head” if the stochastic probability is below a threshold T , determined as follows:

T (i) =

{
P

1−P∗(r mod 1
P )

i f i ∈ G

0 otherwise
(2)

where P is the desired percentage of cluster heads known a priori, r is the current round,
and G is the set of agents that have not been cluster heads for the past 1

P rounds. If below
threshold, the agent will advertise its services. Otherwise, the agents elect as their leader
the closest agent according to the advertisements received.

4.2 Extension of the LEACH Algorithm

The LEACH algorithm assumes that (1) the activation percentage is given a priori and
(2) the activation duration during which a schedule is propagated and messages are
transmitted to the base station is fixed. This works well for sensor networks (e.g. un-
manned aerial vehicles) where the number of nodes is known in advance and the only
mission is to report back to the BS. This algorithm needs to be adapted to act as a relay
in a mobile ad hoc network (i.e, transmit messages from any node to any other nodes)
and to autonomously adjust to the number of nodes in the network. The time interval
allocated to be a “cluster head” need not be limited to a single transmission to the BS
and has to adapt to the needs of the network.

Adaptive Team Formation (ATF) algorithm. If an agent i does not assume a network
role or “cluster head,” it will receive only advertisement messages, and will send only
election messages. As long as it receives advertisement messages, it does not have to
compete for the network role. However, if everybody assume the same strategy, no ser-
vice will be provided. The key idea is to predict the correct individual phase to alternate
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Algorithm 2. LEACH algorithm
active←true
rounds←0
set activation rate
while (no termination condition)
if (active) then
if (cluster_head) then

read BS mesgs
aggregate BS mesgs
send BS mesgs to BS
rounds←0
cluster_head←false

else
route BS msgs to elected cluster_head

endif
generate a random number r
T←estimate threshold
if (r < T) then

cluster_head←true
broadcast advertisement messages

endif
propagate messages
active←false

else
if (cluster_head) then

read election mesgs
create transmission schedule
broadcast transmission schedule

else
read advertisement mesgs
elect cluster_head
send election mesg to cluster_head

endif
active←true

endif
rounds++
end while

between roles based not only on internal disposition but also on the state of the envi-
ronment. A coverage metric as the number of agents reached over the total number of
agents looking for service measures the performance of this algorithm. The time-to-live
(TTL) parameter, latency and communication range affect the propagation of messages
and coverage of a node.

In contrast to other adaptation problems where convergence of an agent to a fixed
behavior (or role) is desired, congestion problems like the El Farol Bar problem [12]
require learning when to change behavior to resolve conflicts. Response thresholds in
swarm intelligence [13] induce a dynamic task allocation depending (1) on the disposi-
tion of the agents and (2) the environmental demands. A simple reinforcement learning
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scheme allocates agents to the task by either raising or lowering their response thresh-
old. In our problem, an increase in connectivity (due to proximity or communication
range) should sensitize an agent to be a team leader but a decrease in advertisement
messages should also be an incentive to assume the role. The stimulus si for an agent
i to become a team leader at time t depends on the connectivity of the agents (i.e. the
number of other agents within one hop) or degree di of the network node, the change in
connectivity δi, and repulsion factor α∈ (0,1) as follows:

si0 =
di0

di0 + 1
(3)

sit+1 = sit − α
#Advertisements

#Elections+ #Advertisements+ ε
+ δit+1 (4)

Here ε > 0 is a small constant that prevents division by 0. The agent’s response threshold
Ti at time t taking into account its internal disposition θi and external demands is then
as follows:

Tit =
θit

1 + e−sit
(5)

The initial disposition θio∈ (0,1) of an agent can be a function of its battery power
or other hardware capabilities. To avoid specialization and redistribute the manager
task fairly among the agents according to their capabilities, θt is adjusted based on the
“fatigue” of performing the task or the “boredom” of not performing the task measured
in cycles as in the LEACH algorithm above (see Subsect. 4.1).

θit = θi0 ∗ (r mod
1

θi0
) (6)

where r is the number of elapsed rounds.
It is assumed that the agents can perform their deliberative task in allocating and/or

selecting roles in one round and that roles are noncommittal. The leader determines
team compositions with a role allocation algorithm (Sect. 3) by iterating through each
task. Roles are allocated to the best ranking team based on coverage of the task and
preferences. The process repeats again on the remaining agents and tasks until no team
can be formed. Redundancy against message loss occurs when roles are reallocated ei-
ther by the same manager agent in the next round or another manager agent. Algorithm
3 describes the combined process.

5 Experimental Evaluation

The experiments were conducted with RePast [14], an agent-based simulation and mod-
eling tool where agents act concurrently in a decentralized manner on an n × n grid. Its
powerful scheduling mechanism was used to model the asynchronous behavior of the
agents. Communication between agents was implemented by transmitting messages to
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Algorithm 3. Adaptive Team Formation
active ←true
set repulsion rate
rounds ← 0
while (no termination condition) do
if (active) then
read role allocation mesg
perform step(s) in role
generate a random number r
update stimulus and disposition
T←estimate threshold
if (r < T) then

leader←true
broadcast advertisement mesg

else
leader←false
elect leader
send election mesg to leader

endif
send role preferences mesgs to leader
propagate all messages
active←false

else
read role preferences mesgs
read role allocation mesgs
read election mesgs
read advertisement mesgs
if (leader) then

optimize team allocations
send role allocation mesgs

endif
active←true

endif
rounds++
end while

agents in a Moore neighborhood of 7 cells, eliminating cycles, and time-to-live parame-
ter set to 6 hops. In addition, a 5% message loss proportional to distance was simulated.

Figure 5 compares the static coverage rates of the LEACH and ATF clustering al-
gorithms for routine messages without task allocation for a varying number of agents
in fixed random locations on a 100 × 100 grid. Only cluster nodes relay messages to
other agents. The agents were randomly initialized with a disposition rate varying in
the [0,0.1] range. The swarm-based ATF algorithm provides a significantly better cov-
erage albeit with a larger clustering rate for each node. Nodes were cluster nodes at a
rate of ~0.5% in the LEACH algorithm while their rate was evaluated at ~0.8% in the
ATF algorithm.
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Fig. 5. LEACH vs. ATF static coverage comparison over 100 cycles

5.1 Coordination Metric

Because coordination is an emergent property of interactive systems, it can only be
measured indirectly through the performance of the agents in accomplishing a task
where a task is decomposed in subgoals. The more complex the task, the higher the
number of subgoals needed to be achieved. While performance is ultimately defined
in domain-dependent terms, there are some common characteristics. Performance in
a task can be measured either as the number of steps taken to reach the goal, i.e. its
time complexity, or as the amount of resources required, i.e. its space complexity. An
alternative evaluation for coordination is the absence of “failures”, for example negative
interactions such as collisions or lost messages. Figure 6 illustrates the taxonomy of
coordination solution quality in pursuit games. To show the scalability of a solution, the
evaluation must linearly increase with the complexity of the task [15].

Fig. 6. Taxonomy of coordination solution quality
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A combined coordination quality measure is defined as the harmonic mean of goals
achieved g, resources expanded r and collisions c as follows :

g =
#GoalsAchieved

#Goals
(7)

r =
#agents

log2(#MessagesReceived +1)+#agents
(8)

c =
#agents

log2(#Collisions+1)+#agents
(9)

coordination =
3grc

gr + rc+cg
(10)

Such a metric combining the different aspects of coordination can evaluate the trade-
off of performance and consuming bandwidth in large-scale tasks. The logarithms help
normalize the distribution of the data across runs. In [16], coordination is evaluated
solely as an effort, such as additional steps to avoid collisions or messages to avoid role
conflicts, and do not take into account the indirect effect on performance.

5.2 Fire/Rescue Problem

In our scenario, buildings are randomly created on an n × n grid with a random prob-
ability of being on fire and of spreading fire to adjacent buildings if not extinguished
in time. Each fire or incident creates an emergency situation requiring up to k types
of resources. In turn, each responder agent can provide up to k matching types of ca-
pabilities. There are m capabilities and needs for each agent and incident (m < k). The
problem consists of dynamically matching capabilities and needs with a team of agents.
When a team of agents with the desired capabilities is situated near the incident within
proximity range p, the emergency will be removed. There are no scheduling constraints
in matching resources but the overall resource requirements might increase over time as
the fire spreads leading to a decrease in coordination performance. Each agent has a per-
ception range p and a typically greater communication range h to communicate with its
neighbors. There are 5 types of messages in this scenario which are either broadcasted
or point-to-point: (1) advertisement messages are broadcasted; (2) election messages
are point-to-point; (3) role preferences messages are broadcasted; (4) role allocation
messages are point-to-point; and (5) “resource needed” messages are broadcasted upon
observation of an incident.

Figure 7 shows the coordination performance (Eq. 10) in this scenario with ATF
where the elected leader node performs the network role of relaying messages. In the
semi-centralized case, the leader node performs the managerial task of role allocation.
In addition, one scout agent broadcast “resource needed” observation messages. In the
distributed case, the role allocation task is performed implicitly by each agent. Both
cases use the Greedy Set Cover algorithm. Results show that self-organization and semi-
centralization of role allocation incurs an overhead with a large number of agents. There
is a significance difference under ATF with 50 agents (t-test p-value = 0.002) between
fully distributed role allocation and semi-centralized role allocation using the Greedy
Set Cover algorithm.
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Fig. 7. Comparative coordination performance with ATF (α = 0.05,m = 4,k = 8) for 20 incidents
and a varying number of agents. Greedy Set Cover was the role allocation algorithm used in the
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6 Related Work

Workpad [17] has proposed a 2-layer P2P architecture where the static internet backend
provides the information services necessary to first responders in a tethered mobile
ad hoc network. The scenarios explored an architecture for a coordination layer on
top of the network layer where a team leader would reallocate tasks to solve predicted
fragmentation of the network due to the mobility of the agents. In this paper we explored
in detail the algorithms for role allocation and for selecting a team leader in a self-
organized way.

Cooperative mediation [18] combines distributed role allocation with partial central-
ization. An agent, acting as mediator, recommends value changes (role assignments)
to neighboring agents to optimize local subproblems. If a current solution is different
from an optimal solution, the mediator transmits repairs to the relevant agents. Agents
are prioritized to act as mediator based on the size of their “social knowledge.” If a
solution cannot be found, the neighboring agents transmit their constraints which could
involve other agents enlarging the context of the subproblem. Cooperative mediation
achieves a global optimal solution in a distributed way by exploiting the substructure
of the problem. If no local optimal solution can be found, the mediator will progres-
sively enlarge its context until an optimal global solution is found. Similarly, the ATF
approach uses the degree of connectivity as a stimulus to influence the tendency of an
agent to be a team leader but the election of a leader is explicit. A team leader divides
the search space according to the substructure of the problem but does not attempt to
reach a more global solution in this paper. The role of the team leader is not only to
coordinate other agents in solving a task but also to coordinate the information sharing
between agents.
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7 Conclusion

We have presented applicable coordination algorithms and introduced a tiered P2P ar-
chitecture to unify the different communication and coordination dimensions of DM&R
with possible applications to other complex environments such as battlespace manage-
ment. In addition, a novel, self-organized, semi-centralized algorithm, ATF, has been
introduced extending the LEACH algorithm to adaptive team formation. Tiered archi-
tectures are important to achieve planned objectives with bounded resources and to
integrate disparate systems. Experimental evaluations of role allocation algorithms for
heterogeneous agents have been presented in the fire/rescue domain along with a co-
ordination metric that takes into account communication costs as well as partial goals
achieved. Future work should include (1) dynamic coordination alternating between
semi-centralized and fully distributed role allocation and (2) communication between
leader nodes to reach a global solution.
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Abstract. In this paper we discuss the scalability of an environment for distrib-
uted sensor-network resource-allocation. We cover the underlying architecture
and demonstrate the scalability of the architecture through a number of experi-
ments and show that different code configurations can have an impact on run-time
performance. We conclude with a discussion of some of the challenges in scaling
the environment further.

1 Introduction

Coordination in large-scale multi-agents systems is a difficult task. Not only must the
problem-solving protocols, algorithms and analysis scale but so must the supporting
computational environment. In this paper we discuss one such environment. This envi-
ronment supports a distributed resource-allocation model for large-scale sensor-network
systems[10]. Although the resource-allocation model is an interesting problem the fo-
cus of this paper is on the underlying environment. We demonstrate the scalability by a
number of experiments and discuss the research challenges in scaling it even further.

Sensor-networks contain a number of interconnected nodes with transducers that
sense the environment. Applications for sensor networks are diverse and include battle-
field sensor deployment [5,8], homeland security [19], and earthquake and fire moni-
toring [11]. Modalities range from dynamic sensing with disposable units to expensive
fixed-installation units across the country.

The sensor-network model in this paper is similar to the Defense Advanced Research
Projects Agency (DARPA) Autonomous Negotiating Teams (ANTs) program challenge
problem [8,6] and to the Collaborative Adaptive Sensing of the Atmosphere (CASA)
project. A set of fixed sensing stations must coordinate activities to track or detect ob-
jects or events in an environment. The issues are linked together by the interdependence
of one scheduling problem with another making the coordination process a multi-issue
problem. Two key properties of the environment make the problem difficult. The first
is that sensing nodes are vulnerable and may only provide intermittent results or even
disappear entirely from the system. The second key aspect is that the system may be
extremely large and so the resource algorithms must scale with the environment.

N. Jamali et al. (Eds.): CCMMS 2007, MMAS 2006, LSMAS 2006, LNAI 5043, pp. 176–189, 2008.
c© Springer-Verlag Berlin Heidelberg 2008
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Fortunately, sensor-networks are distributed geographically; it is this property that
provides a natural mechanism to distribute the problem. Although the issues (resources
under contention) are multi-linked, they do not extend beyond a certain range around
the targets and sensors. This key factor is important when constructing the simulations
and computations, and will ultimately determine if an implementation will scale or not.

The modeling approach used in this work defines the resource-allocation problem
in terms of a collection of autonomous decision-making entities, or agents, each with
its own local and global goals. Bargaining markets provide a natural framework for
the analysis of this type of strategic interaction between agents. Bargaining markets
combine bargaining theory and markets to provide a description of how local strategic
interaction between agents leads to different global outcomes. The agents compute the
outcome of the bargaining market and use the results for resource-allocation. The multi-
linked bargaining market model used in this paper is described in detail in [10].

The remainder of the paper is structured as follows: In the next section we discuss
the construction of the computational environment and its major components. We then
discuss the sensor-network system and how it is implemented in the environment. With
an understanding of the computational and sensor environment the next section dis-
cusses the system performance by presenting a number of experiments to demonstrate
scalability. This naturally leads into a discussion about the research challenges in doing
science at this scale. Finally, the paper closes with related research and conclusions.

2 Computational Environment

The computational environment plays an important part in both the design and the scal-
ability of the environment. In this section we discuss the high level architecture and
the major modules associated with the problem in order to communicate the decision
rational in the later sections. We first start with an overview of the architecture of the
computational environment.

The architecture is divided in to multiple software layers that are show in Figure 1.
Each layer depends on services provided by those above it. This software stack is a
result of the architecture, the hardware configuration, and the deployment software, and
is discussed in the remainder of this section.

Middleware: The middleware system used in the environment is the Internet Commu-
nications Engine [2,1] or ICE. ICE is a lightweight modern alternative to object mid-
dleware such as CORBA [15]. ICE was designed to be developed for high-performance
distributed applications. Currently the platform supports Java, C++, C#, PHP, and Python.
The core of the environment was developed with Jython [13] (Python on a JVM). The
major strengths of this combined platform is rapid development, stability, small size and
ease of use. For an extensive overview of distributed systems and this style of architecture
see [18].

World Application: The world application level in the environment is responsible for
managing and coordinating the computational resources. The application level provides,
and abstracts, information about the hardware to the rest of the system. Changes in
hardware configuration are managed from here. Deployment at this level is handled by
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Fig. 1. Software stack

a suite of Ice tools and libraries customized for the hardware and software needs of the
environment. After deployment the location abstraction is managed by a name service
called the Ice registry. This, in conjunction with the application, provides the means
for software entities to find and communicate with each other without knowing their
physical location.

The relative homogeneity of the simulation environment makes this method of sys-
tem configuration convenient. The hardware requirements for the simulation are com-
puted at the beginning and remain constant throughout the duration of the run. However,
configuration changes are a reality in a commodity cluster environment where hardware
failures are a non-zero occurrence and resources must be shared with other users. These
changes are made easy by utilizing the centrally deployed world application. After de-
ployment the environment is further customized by the simulation itself by utilizing the
location abstracted resources that are deployed by the world application. The runtime
utilization of abstracted resources allows the simulation to easily use a large number of
nodes and the centralized deployment allows the hardware configuration to be easily
changed. This balance is what makes using a cluster easy yet scalable.

Blade Server: The blade server is the actual hardware on which the environment runs.
Each blade is managed by an IcePack node that is responsible for controlling processes
run on each node; each process is called a server. The world application is responsi-
ble for assigning processes to the hardware. In the case of the hardware used, it was
important to run multiple processes on each blade to take advantage of the number
of processors and the Hyper-Threading technology. Other servers are responsible for
monitoring and keeping the software up to date.

Agent Services: The IceBox server can run multiple modules called services. A ser-
vice is an independent module that can be run with other services in the same virtual
machine allowing the Ice library to optimize out some of the communication. Services



The Scalability of an Environment for Large-Scale Sensor-Networks 179

contain individual instances of objects that are exposed to others via the Ice library.
These exposed instances are called servants and are spawned in the service by the di-
rection of the world application. In the distributed environment there are three main
services: (1) an agent service, (2) a logging service, and (3) a configuration service
responsible for monitoring and code distribution. This collection of software and hard-
ware collectively represents the support infrastructure for the more interesting agent
servants.

This structure allows modules and agent to be distributed across process and proces-
sors. The number of modules is limited by the address and stack space of the Java
Virtual Machine. Running more processes allows better utilization of processors but at
the expense of memory and increased communication costs, which we will see later in
the experimental section.

Agents: Agent servants are the main software entity in the distributed environment.
There are three main classes of agents in the environment: world agents responsible
for configuration management, network agents responsible for coordinating the com-
munication and coordination of other agents, and domain agents that the sensors and
targets in the sensor-network application. Additionally, these agents use communicat-
ing worker-threads, which is a fourth class of servant. For performance reasons worker
servants bypass the main agent hierarchy and communication services.

3 Large-Scale Sensor-Network

In this section we describe the construction of the agents in the sensor-network envi-
ronment. There are three main entities in the sensor-network: the network agent, sensor
nodes, and target nodes.

Network agents manage information and communication for sensor and target nodes
and manage most of the simulation process. The network agents are deployed by the
world application and the simulation is responsible for its configuration. Each network
agent is assigned a location and an effective range (a circle of control) and informed
about neighbors that have overlapping effective ranges. The network agents are then
assigned sensor and target nodes that lie within their control area. The nodes use the
network agent to discover location and effective range of other entities and to coordinate
the simulation. This mechanism eliminates the need for a global location database and
centralized synchronization that can become a bottleneck as the environment scales.
The network agent also separates the simulation network-protocol from the sensor and
target nodes. By reducing the number of network agents in the environment the number
of protocol interactions is reduced since domain agents do not directly take part in the
protocol.

The number of network agents is a product of the environment configuration. At a
minimum there must be at least one network agent per process/blade and at the max-
imum there is one network agent for each sensor and target node. As the number of
nodes per network agent changes so does the total number of network agents along
with the size and number of processes run on each blade. With this mechanism the
blade configuration can be optimized for performance and increased scalability. With-
out this optimization faulty configurations are quickly reached.
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Figure 2 illustrates an environment with 16 hexagonally packed sensors in a four
network configuration . The smaller circles are targets, the medium circles are sensors,
and the large circles inscribe the control area of a network agent. In this case each net-
work agent control’s four sensors within its effective range. Figure 3 shows an example
of a 1512-network and 1512-sensor network. In this case each sensor has a dedicated
network agent. The targets/events are randomly placed in the environment and given a
constant direction and velocity determined at random. The number of targets is set such
that there is a sufficient level of conflict (multiple targets and sensors in the same area)
to make the problem interesting: Too small a density and there are insufficient resources
to obtain a track (or the problem becomes uninteresting, having only one target per sen-
sor); if there are too many sensors, then there is an excess of resources in the area to
track the targets. The target/sensor ratio remains constant throughout the experiments
conducted in this paper.

Fig. 2. Example sensor layout (4 networks, 16 sensors, 3 targets)

Fig. 3. Example network (1512 sensors, 1512 networks)
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With this understanding of the structure of the problem we now present the system
performance and scalability in the next section

4 System Performance

The requirements of large-scale simulation and analysis puts extreme demands on hard-
ware and software. This section is the result of a large number of initial experiments
designed to increase performance and the maximum problem size that the environment
can handle. The end result shows how well the distributed environment scales when
adding more hardware and increasing the problem size.

The computational resources in the cluster are arranged in a hierarchical manner,
with the calculations performed on the bottom and the entire facility at the top. Fastest
computation occurs at the bottom but has limited capacity. As we work up the hierarchy
the computation is grouped by various forms of connectivity, thus increasing the total
capacity. We now discuss the different groupings, from top to bottom, and their effect
on performance.

– Data Centers house multiple racks of servers in the same room. Their close prox-
imity allows multiple high-speed links, often in a mesh, that allow high-capacity
communication.

– Blade Centers usually contain the same type of blades with their own unique ca-
pabilities and may span multiple racks. Scheduling resources across blade centers
depends on the type of computation being performed.

– Blade Chassis contain a number of blades connected by network-switching hard-
ware. Intra-blade-chassis communication is usually at wire speed and limited by
the switch bandwidth. Inter-blade-chassis communication is limited by the network
connectivity to the blade center switching hardware.

– Blades are the fundamental unit of capacity and mark the boundary between
network-based communication and communication through memory.

– Processors are connected via internal busses and memory. Communication be-
tween processors on the same blade is very fast.

– Hyper-Threading uses virtual processors that share a single hardware processor.
Performance gains can come from reduced pipeline stalling and shared caches.

– Processes have their own memory spaces. Communication must be explicit, either
using shared memory or a message-passing system. Switching between processes
degrades cache performance and has an associated context-switching overhead.

– Threads share the same memory space. For Java 32-bit processors this space is
limited to less than 2GB. Communication can be done though shared variables.

– Functions are the fastest form of computation, as communication can occur at the
register level. In addition, code and data often occupy the fastest caches.

Since the amount of code and computation are limited at each level, higher levels
must be used at the expense of speed induced by the additional communication over-
head. Each layer going upwards requires more complex and slower interaction mecha-
nisms. There is a tradeoff when moving computation up the stack. Does the additional
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capacity make up for the increased communication? What is the most efficient config-
uration? To answer these questions for the sensor-network, a series of experiments was
run for a range of problems.

The distributed-environment and sensor-network problem can be configured in a
number of ways. The primary unit of configuration is the network agent and how it
is clustered among the various computational levels. The network agent contains multi-
ple sensors and targets in the same process. The blade server can also contain multiple
network agents in a single process (the Java virtual machine). These mechanisms allow
code to be distributed between threads, processes, and blades. Using the language of
the world application, this breaks down to blades, processes, and agents. Here “agent”
refers to the network agent, the lowest agent visible to the world application. The prod-
uct of blades, processes, and agents gives the total number of network agents. The target
and sensor agents then must be distributed over the network agents. In the next section
we describe the problem setup and how different configurations are generated to test
the performance of the environment and sensor network problem.

4.1 Experimental Setup

One of the purposes of the experiments conducted in this section was to determine the
best way in which to configure the environment. A number of preliminary experiments
were conducted to determine reasonable bounds on the parameters for the more formal
experiments presented here. The bounds allowed the search space to be restricted, thus
eliminating any configurations that would fail to complete for any number of the follow-
ing reasons: memory exhaustion, thread exhaustion, exceeding memory address space,
and stack limits, among others. The initial experiments also showed that there are com-
plex performance interactions between the different computational modes. Throughout
the experimentation two factors consistently showed a strong influence: the problem
size (the number of sensors) and the number of blades.

For this experiment three IBM blade servers where used with 14 blades each con-
taining two 2.8GHz Hyper Threaded processors. The blades use gigabit Ethernet and
blade centers are connected via four port gigabit trunks. For experiments 1 and 2 the
problem size is determined by the number of sensors. The environment is then seeded
with one-half the number of targets at random locations and random directions. The
environment is then run for 12 periods. for each period the target location is incremen-
tally updated and the resource-allocation algorithm is run. Experiment 1 tests the main
effects with a large parameter space and Experiment 2 increases the problem size even
further to determine how well the system scales.

4.2 Experiment 1

For experiment 1 a large parameter space was selected for a relatively small number
of sensors. Table 1 shows the range of values for each parameter. Valid configurations
occur when the product of networks and children is equal to the number of sensors. The
term “children” refers to the configuration parameter (a square number) that determines
the maximum number of sensors a network agent will manage. This parameter is also



The Scalability of an Environment for Large-Scale Sensor-Networks 183

Table 1. Experiment 1 parameters

Parameter Range Comment

sensors 36,60,120,
144,168,216

multiples of 6 with many
combinations

targets sensors/2
networks 4-216 blades*process*agents
children 1-36 sensors/network

blades 1-42
processes 1-10

agents 1-84

runs 5 times a configuration is run
periods 12 length of simulation

used as an approximation of how many sensors and targets the network agent will man-
age. Parameter ranges were selected from a known stable and reasonable performing
set.

4.2.1 Sensors and Blades

From the initial experiments the main effects on the run-time (the time in seconds it
takes for the simulation to complete) was observed to be related to the problem size
(number of sensors) and the number of blades used to do the computation. To show that
this still holds for the expanded data set, the number of sensors vs. run-time was plotted
(log-log) while holding the number of blades constant. The plot for 12 blades is found
in Figure 4. This plots show that the number of blades and run-time have a significant
log-log relationship. Plots for different number of blades look similar.
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Likewise, the number of blades vs. run-time was plotted while holding the number of
sensors constant. The results for 216 sensors is found in Figure 5. Similarly, we see that
blades vs. run-time also have a significant log-log relationship. It should also be noted
that the results shown here are for this particular parameter set and problem structure.
At the extremes of the parameter space other variables begin to have a non-trivial impact
on the run-time.
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Fig. 5. Experiment 1, sensors=216

Figure 4 and 5 show the log-log relationship between run-time and blades and sen-
sors. Using the software R [9], a multiple linear regression model of

log(time) ∼ log(sensors)+ log(blades)

was run on the entire data set. A summary of the model is shown in Table 2 for exper-
iment 1. The low standard error and a multiple R-squared of 0.9156 indicates a good
fit. The log-log relationship between problem size and run-time demonstrates that the
environment scales well with problem size. The log-log relationship between run-time
and the number of blades indicates that adding hardware has a positive impact on the
simulation time. These two results indicate that the environment will scale well. In the
next section we explore how the number of processes impacts performance, a factor of
practical importance when scaling the problem to even larger sizes.

Table 2. Experiment 1 regression

Parameter Estimate Standard Error

Intercept 2.57 0.0396
log(sensors) 0.783 0.00796
log(blades) -0.581 0.00400
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4.2.2 Processes

The next contributing factor to run-time is the number of processes used per blade. The
number of blades and sensors is fixed and the number of processes vs. run-time is shown
in Figure 6.
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Fig. 6. Experiment 1, sensors=216, blades=9

This experiment shows that a single process performs surprisingly poorly given the
multi-threaded nature of Java. This result indicates that the Icebox process must have
affinity to a single processor. It is unclear at this time if the middleware architecture or
the Java virtual machine itself is a contributing factor. Under the assumption of proces-
sor affinity and the combination of dual processors and hyper-threading, a good value
should be somewhere between 2 and 4. This observation and informal experimentation
for larger problem sizes confirms that we have made a good choice and that the actual
number is probably around 3. Finding the exact value is not important for two reasons:
(1) the number of processes is an integer value and (2) the exact value in this range does
not have a significant impact on performance.

4.3 Experiment 2

Experiment 2 was run with 42 blades and is used to show how well the problem scales
to large numbers. The range of parameter values used to construct valid configurations
is summarized in Table 4. The log-log plot of the number of sensors and run-time is
plotted in Figure 7. The relationship first observed in the first experiment still holds
even at this scale. A similar linear-regression model of

log(time) ∼ log(sensors)

was computed again using the statistical package R; the results of this model are sum-
marized in Table 3. The model has a multiple R-squared factor of 0.9901, indicating a
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Table 3. Experiment 2 regression

Parameter Estimate Standard Error

Intercept -4.32 0.218
log(sensors) 1.22 0.0207

Table 4. Experiment 2 parameters

Parameter Range Comment

sensors 12096-98784
targets sensors/2

networks 84-3360 blades*process*agents
children 52-122 sensors/network

blades 42
processes 2

agents 1-40

runs 1 times a configuration is run
periods 12 length of simulation
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Fig. 7. Experiment 2

good fit. Using this model we can easily estimate how long a problem with a specific
sensor count will take to complete. The model also shows that the environment contin-
ues to scale well and with a high level of predictably. Although statistically not valid,
we could extend the model beyond the problem size explored to estimate even larger
problem run-times.
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4.4 Experimental Results

The experiments show that the problem run-time scales well with problem size and
number of blades. Each experiment is built on the results of the previous in order to raise
the number of sensors that could be simulated; in the end there were almost 100,000 of
them. Even though at this point the simulation took just over 4 hours, there is no reason
to believe that the problem will not continue to scale. Even more interesting would be
to run the experiments on a larger computational cluster, thus pushing the problem to
even greater sizes.

The experiments also revealed that the threading model of the underlying technology
(Java and Ice) does not scale well across processors and merits further research. This
result demonstrates the importance of using experimental techniques to detect perfor-
mance issues and the necessity of finding good computational configurations to maxi-
mize performance. In the next section we discuss some of the research challenges that
this work revealed.

5 Research Challenges

The distributed environment has two methods of managing the simulation, ad-hoc and
monolithic. The first can be thought of as a loose collection of computational resources.
As the resources are activated they first discover their neighbors and then join the sim-
ulation. In this case, clocks need to be coordinated and synchronized between agents.
It is also possible that entire simulation domains (independently running simulations)
must be joined. The join protocol must coordinate this joining activity, all in a dis-
tributed manner, without a centralized clock mechanism. The approach taken for the
experiments done in this paper was to use a simple monolithic protocol designed to
take advantage of the homogeneous layout and the simultaneous startup of the agents in
order to avoid the problems of a distributed startup. The ad-hoc method is more applica-
ble to a real deployment of a distributed environment, whereas the monolithic protocol
is more applicable to an experimental simulation scenario.

Although the current ad-hoc method worked in the majority of cases presented in
this paper, more dynamic and larger environments induce conditions where the protocol
fails more often. When analyzed, the conditions needed to cause the problem seemed
obscure, but the size of the problem ensured that even the most remote scenario where
covered. Adding to the difficulty, failures in a distributed asynchronous environment
are non-obvious and non-trivial to debug. These issues emphasize the need to develop
and use rigorous protocols that are theoretically sound.

At the current scale the monolithic protocol was adequate. However, at this scale
most parts of the configuration environment that rely on centralized mechanisms are
beginning to approach failure at the upper bounds of the experiments. The shear size
of the problem makes it difficult for single node to cope at even the operating-system
and hardware levels. If the configuration environment, and by extension the problem, is
going to scale to the next level the configuration environment must also be distributed.
This challenge must be overcome before the environment can scale even further.
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6 Related Literature

The development and execution of large scientific problems is not a trivial task. There
is a wide range of approaches from distributed algorithms [7,18] to distributed artifi-
cial intelligence[12] and multi-agent systems [20]. What distinguishes this work is the
combination of a distributed philosophy and the use of loosely coupled clusters.

Although the hardware used in this work is a collection of commodity based com-
puters the environment does not subscribe to the job-based architecture that typifies a
Beowulf style cluster [17]. Commodity gigabit networking and heterogeneous environ-
ments do not make traditional parallel computing, such as MPI[16], an obvious choice
either. The result is a style of computation that is highly coupled but loosely synchro-
nized using commodity hardware and middleware.

The “Farm Distributed Simulation Environment” [4,3] is an environment that uses
a similar style of computation. It is also constructed of loosely coupled agents (meta-
agents) distributed over workstations that are analogous to the network agent in this
paper. The difference is in how time is managed. A system that uses a similar notion of
time to the work in this paper is the System for Parallel Agent Discrete Event Simulation
(SPADES) [14]. Unfortunately SPADES uses a centralized event and synchronization
system, an important issue when considering scalability.

7 Conclusions

In this paper the performance and scalability of a cyberinfrastructure for distributed
sensor-networks was evaluated. It was shown, for the multi-linked bargaining market
model, that the problem size and the number of blades have a log-log relationship with
the problem run-time for the range of problems run on the hardware. The experiments
also showed that the distributed environment can handle very large sensor-network
problems – on the scale of hundreds of thousands. However, for even larger scales,
it was observed that even the environments configuration needs to be distributed.
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