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puter programs to study the interactions of the agents
and/or emerging system behaviors. The theoretical basis of
ABS lies mainly in cellular automata (CA), complex system modeling (CSM), artificial life (AL), and swarm intelligence (SI) (Bonabeau et al. 1999, Macal and North 2005).
The work in CA is pioneered by Von Neumann (1966)
and Stanislaw M. Ulam (Beyer et al. 1985). CA considers a
set of cells residing in an -dimensional lattice. It studies
complex behaviors emerging from some simple rules that
govern the interactions of the cells. In a conventional CA,
each cell is nothing but an object following only the rules.
One of the famous models is the Conway’s Game of Life
(Berlekamp et al. 1985), in which the only action that each
cell performs is to change its state based on the number of
neighboring live cells. See Toffoli and Margolus (1987)
and Wolfram (1983) for more details on CA.
Comparing ABS and CA, one can see that ABS provides more flexibilities and functionalities (such as learning and adaptation) in each agent and can accommodate
more complicated interactions and rules between the
agents and their environment. Nevertheless, being able to
produce complex behaviors using simple rules is the beauty of CA and one of the main reasons for its popularity and
broad applications in many areas (Wolfram 2003).
The research reported here lies in between conventional CA and general ABS. We retain the basic CA lattice-form of environment and try to keep the interaction
rules simple; yet we move a step closer to general ABS by
allowing the cells to model more realistic real-world objects and using more general interaction rules.
Specifically, we generalize the basic framework of CA
to allow each cell to be a queueing node. The interactions
among the cells are based on the status of its queue, its
neighbors’ queues, the whole community’s queues, and the
state of its neighboring cells. Therefore, the cells’ transition rules are no longer fixed, but change as the system
evolves. Details of the model are provided in the next section.

ABSTRACT
This paper considers a large-scale service system consisting of a number of service areas (cells). Each cell contains
a queueing model that operates continuously and independently from the queueing models in other cells. Each
cell changes its state between alive and dead based on certain rules that depend on the queueing status of its own
queue, the neighboring queues, and the whole community,
while satisfying a constraint on the number of live cells in
a neighborhood. The objective is to examine emerging behaviors from the interactions of the cells under various
rules. Chaotic, deterministic, and in-between emerging behaviors are presented.
1

INTRODUCTION

A complex system often contains a large set of interacting
individual sub-systems, each of which could be an autonomous, goal-driven, and adaptive intelligent entity
(agent). For example, a large-scale healthcare network
could consist of a number of objects, such as hospitals,
medical supply warehouses, blood banks, etc. In many cases, each object (agent), although operating based on its
own strategies, cooperates with each other in accordance
with certain mutual rules or agreements. Real-world examples can be found in blood supply chain (Katsaliaki and
Brailsford 2006, Mustafee et al. 2006), organ transplantation supply chain (Pritsker et al. 1995), general supply
chains (Pathak et al. 2007), electricity markets (Conzelmann et al. 2004, Koritarov 2004), and social networks
(Newman et al. 2006).
Because of the agents’ autonomous characteristic,
people have been applying different kind of decentralized
methods to analyze the behaviors of these complex systems. Agent-based simulation (ABS) is one of such methods that has been developed rapidly over the past decade.
The basic idea of ABS is to simulate these real-world systems with a group of interacting agents modeled as com-
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The goal of this work is to construct a conceptual decentralized model to examine emerging behaviors from a
large set of queueing systems. Each queueing system can
be viewed as a simplified representation for a healthcare
unit/facility, service center, or any supply-demand chain in
which a certain type of stochastically arriving demand is
fulfilled by a set of resources. The objective of this research is to study the interactions among these large number of queues.
Emerging behaviors here refer to a certain pattern of
live and dead cells distribution—a live cell means a service
center should be built while a dead cell implies the service
center should be shut down. Identifying these patterns provides values to decision-makers in designing where to set
up these centers and how they evolve in time. In the case
of a chaotic pattern, a temporal study on the number of live
cells within a particular region might reveal the scarcity of
the supply in that region. People doing market study might
also be interested in the distribution and the related statistics of the live and dead centers estimated from these
evolving patterns.
The organization of this paper is as follows. Section 2
defines the model and the interaction rules. Section 3 presents some emerging behaviors, including chaotic, deterministic, and in-between patterns. Section 4 draws a conclusion on this study and suggests future extensions.
2

spectively, the set of all the queues and the set of neighbors
corresponding to each queue, i.e.,
and
. Denoted by the set of transition rules associated with each queue, i.e.,
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Figure 1: A Model with 9 Cells

THE MODEL

The agent-based queueing network can be expressed
as:

The model includes an environment, a set of cells (each
contains a queue), and the interaction rules among the
cells.
The environment is a two-dimensional lattice space
considered in conventional CAs. Each grid of the lattice is
a cell. Each cell contains one queueing system whose input
process and output process are independent from other
queues. Figure 1 shows an example with 9 cells and 9
queues. The model evolution (interactions of cells) is carried out by incorporating three types of information (self,
local, and global) and one constraint. Self information refers to the queueing status of a cell. Local information is
the queueing status of the neighboring queues. Global information represents the overall queueing status from the
whole community. The constraint is a set of rules that each
cell must follow. For example, a constraint could be “there
must be at last one live cell within a neighborhood.” The
time of the model is continuous. All queues are running
continuously without interruption. However, the interactions of cells take place only at discrete time points, i.e.,
every single time unit (see more details in the following).
The formal definition of the model is provided in the
following. The model space, , is a two-dimensional lattice consisting of
cells, i.e.,
. Each cell,
, is occupied by a queue,
,
independent from all other queues. Let and be, re-

.
Each queue is a generic queueing model. It can be, for
example, a certain service system with resources to satisfy
a particular type of demand. Let
and
be
the distributions of the demand and the service, respecresources (i.e., servers). The notively. Each queue has
tation for each queue is:
.
The Moore neighborhood is used in this paper. Thereare represented by
fore, the neighbors of
.
Since the time of the model is continuous, each queue
resembles a conventional queueing system. However,
model evolution is carried out at discrete time points, i.e.,
every one-unit time interval. As a result, the status of each
.
queue is sampled only at
This model uses three factors and one constraint to determine the state of a cell. They are the factors coming
from the cell itself (self), its neighbor (local), the whole
population (global), and the constraint restricting the num-
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ber of life cells in a neighborhood. In the following, we
first introduce these factors and the constraint one by one
and then discuss how to consolidate them to determine the
final state of a cell.
The self factor is a cell’s queue size, which represents
the degree of demand for the service inside a cell. Let
be the queue size of
at sample time . This self
factor influences the cell’s state by the following rule: (1)
should die at the beginning of time
if its queue
, at the end of time ;
size is smaller than a threshold,
should be alive at the beginning of time
if its
(2)
, at the end of time
queue size is larger than a threshold,
; and (3)
remains its state at the beginning of time
if its queue size is between
and
, inclusively,
the self factor,
at the end of time . Denoted by
which equals –1 if it suggests that the cell should die, 0 if
unchanged, and 1 if alive. We have

Similar to the self and local factors, the global factor
affects
’s state by the following rule: (1)
should die
at the beginning of time
if the average global queue
, at the end of time ;
size is smaller than a threshold,
should be alive at the beginning of time
if the
(2)
, at
average global queue size is larger than a threshold,
remains its state at the beginthe end of time ; and (3)
ning of time
if the average global queue size is beand
, inclusively, at the end of time . Detween
the global factor, which equals –1 if it
noted by
suggests that the cell should die, 0 if unchanged, and 1 if
alive. We have

.

and
allow different cells to have
Observe that
different degrees of assessment of the global factors; thereis the same for all cells,
’s are
fore, although
distinct.
Another important factor influencing the state of a cell
is the number of neighboring live cells. In reality, it is uncommon to have several service centers next to each others. This leads to the following constraint (rule) governing
the number of live cells within a Moore neighborhood: (1)
will die at the beginning of time
if the number of
, at
neighboring live cells is greater than a threshold,
the end of time (i.e., there are too many service centers
around); (2)
will be alive at the beginning of time
if the number of neighboring live cells is smaller than a
, at the end of time (i.e., there are too few
threshold,
service centers around); and (3)
remains it’s state at the
beginning of time
if the number of neighboring live
and
, inclusively, at the end of
cells is between
the factor representing the
time . Denoted by
neighboring live cells, which equals –1 if it forces the cell
to die, 0 if unchanged, and 1 if alive. We have

.

The local factor comes from a cell’s neighbors. Let
be the average queue size of all
’s neighbors, i.e.,
.
’s state by the followThis local factor influences
ing rule: (1)
should die at the beginning of time
if
its average neighbor queue size is smaller than a threshold,
, at the end of time ; (2)
should be alive at the beginning of time
if its average neighbor queue size is
, at the end of time ; and (3)
larger than a threshold,
remains its state at the beginning of time
if its
and
, incluaverage neighbor queue size is between
sively, at the end of time . Denoted by
the local factor, which equals –1 if it suggests that the cell should die, 0
if unchanged, and 1 if alive. We have

,

.

(1)

is the set of
where
live neighbors of
at time and
is the state of
and is equal to 1 if
is alive and –1 otherwise. It should
be pointed out that in this paper
is only an indicator
of the state of
; it does not enable nor disable its queue;

The global factor is the average queue size of the whole
community, denoted by
, which is
.
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to

keeps running normally no matter whether
that is,
is alive or not.
For simplicity, the effects of these three factors and
the constraint are combined by weighting each of them and
be the liveness (total factor) gosumming them up. Let
verning the state of
. Then, we have

, where
is the traffic intensity.
,
,
,
,
,
The values of the thresholds,
are determined based on the argument that a serand
vice center should be built [closed] if the queue size is larger [smaller] than the mean by a certain percent of the
standard deviation. In the example below, 30% of the stanif
dard deviation is selected. For instance,
,
if
, and
=0
otherwise. The model data is provided in Figure 2 and the
experimental results are displayed in Figure 5 in Appendix
A.

,
,
,
, and
are the weighted coefficients
where
for the self, local, global, and constraint factors, respecand
tively. It is assumed that
so that the constraint is enforced.
To make the model more realistic, a constant sojourn
time that a cell must stay in a particular state upon entering
is assumed. The reasoning is that this can avoid repeatedly
opening and closing a service center at every two consecube the constant sojourn time that a
tive iterations. Let
cell must remain in its current state and
be the number
of iterations (times of intervals) since
’s last state
change.
Summarizing the discussion above, the state of
is
determined by the following rule: (1)
will die at the
beginning of time
if its state has been changed for
more than
iterations and its liveness at time is smaller
; (2)
will be alive at the beginning
than a threshold,
if its state has been changed for more than
of time
iterations and its liveness at time is greater than a
; and (3)
will remain in its current state at
threshold,
if its state has been changed for
the beginning of time
less than
iterations or its liveness at time is between
and
, inclusively. Formally, this rule is

Parameter/Quantity

10.92
5.28
10.92
5.28
10.92
(to be varied)
(to be varied)
0.5
0.4
0.1
3
-0.3
0.3

.

3

Value
30
30
0.9
1
1
8.1
88.29
5.28

EMERGING BEHAVIORS

0.1
3

The model defined in the previous section does not make
any assumptions on the queueing systems. However, for
simplicity, in this section, we implement the model using
30×30 (= 900) M/M/1 queues. The software platform, AnyLogic (Borshchev et al. 2002), is used to create the model. Due to the model size and the number of parameters it
has, we limit our experimental study on evaluating how the
values of
and
affect the distribution of live and
dead cells. Since each queue is an M/M/1, the expected
with a variance equal
queue size is

Figure 2: Experimental Data
The experiment is performed by varying the two thre, in the constraint for the number of live
sholds,
neighboring cells, including the following cases: (0, 0), (0,
1), (1, 1), (1, 2), (2, 2), (2, 3), (3, 3), (3, 4), (4, 4), (4, 5), (5,
5), (5, 6), (6, 6), (6, 7), (7, 7), (7, 8), (8, 8). Figure 5 shows
the distributions of live cells for all these cases. In Figure
5, different colors are used to visualize the number of live
neighboring cells. The color schemes are shown in Figure
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3. If the cell is dead, then the color is white (or null). All
distributions in Figure 5 are obtained after 20,000 iterations.

4

CONCLUSION AND FUTURE WORK

Large-scale service or supply-chain systems often exhibit
behaviors emerging from different regulations or rules.
Some of these behaviors are foreseeable, yet they have
been largely ignored due to leaking knowledge about the
complex interaction consequence from a large amount of
intelligent objects. See the examples given in the literatures
cited in Section 1.
This paper is one attempt to understand these complex
interactions. A set of 900 queueing models are considered
and their interactions are examined. Several emerging behaviors are observed from different rules. These include
behaviors of chaotic, deterministic, and on-the-edge-ofchaos. The latest is of particular interest because the evolution follows certain non-deterministic and non-totally stochastic form, resembling some of the real-world phenomena.
There is certainly a fidelity issue of using a simple
queueing system to model a big service center or supplydemand facility; therefore, one possibility is to extend the
queues to more general queueing systems or networks.
Other future work may include (1) examining how low and
medium traffic intensities influence the system behaviors,
(2) allowing jobs (demand) jockeying among neighboring
cells, and (3) making the service processes in the queues
dependent on each others.
Another interesting extension is to model random
neighborhood. This would make the model more realistic
because agents in the real world could interact with other
agents at different remote locations.

Number of Live Neighbors
Color
0
Light gray
1
Gray
2
Blue
3
Red
4
Green
5
Magenta
6
Orange
7
Yellow
8
Cyan
Figure 3: Color Schemes for Cells with Different Number
of Live Neighbors
It can be seen from Figure 5 that Cases (0, 0) to (2, 3)
and cases (5, 6) to (8, 8) produce patterns in seemingly
chaotic forms, which also evolve in an unforeseeable format.
Case (4, 4) yields a quite stable pattern after around
20K iterations. This pattern contains several squares expanding equally from the center to the boundary of the environment, without connecting to each other. This also creates two diagonal lines of live cells in red since these red
cells have 3 live neighbors (while all the rest live cells, in
blue, have 2). This pattern is stable mainly because the
thresholds,
= (4, 4), force all dead cells to have
6 live neighbors and the live cells to have 2 live neighbors
(the blue cells) or 3 live neighbors (the red cells on the diagonal lines), keeping all dead cells to die and live cells to
live from iteration to iteration (See Figure 5). Although the
queue sizes of all the M/M/1 queues keep changing at
every iteration, the whole system has reached an equilibrium (or the lowest-energy point), in which the constraint
in Eq. (1) is always binding at
or
,
, to dominate all the
causing the constraint factor,
other terms in
and subsequently, determine the state
change of each cell,
. It is also observed that this stationary pattern can be reached from all arbitrary initial
states that we have simulated.
On the other hand, Cases (3, 4), (3, 3), (4, 5), and (5,
5) generate some patterns that lie in between chaotic and
deterministic—that is, “on the edge of chaos” (Langton
1990). These patterns all have four curly lines, each starting at the center and ending at one of the corners of the environment. These four curly lines are neither fixed nor periodic (within our experiment length), but evolve from
iteration to iteration and never disappear. Figure 4 in Appendix A shows four snapshots of Case (5, 5) at iterations
20K, 80K, 160K, and 320K.
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A APPENDIX

20,000 Iterations

160,000 Iterations
Figure 4:

= (2,2)

= (2,3)

= (3,3)

= (3,4)

= (4,4)

= (4,5)

= (5,5)

= (5,6)

80,000 Iterations

320,000 Iterations

“On-The-Edge-Of-Chaos” Pattern under
= (5,5)

= (0,0)

= (1,1)

= (0,1)

= (1,2)
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= (6,6)

= (6,7)

= (7,7)

= (7,8)

Langton, C. G. 1990. Computation at the Edge of Chaos:
Phase Transitions and Emergent Computation. Physica D D42,: 12-37.
Macal, C. M. and M. J. North 2005. Tutorial on AgentBased Modeling and Simulation. In Proceedings of the
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Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.
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Piscataway, New Jersey: Institute of Electrical and
Electronics Engineers, Inc.
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Structure and Dynamics of Networks, Princeton University Press.
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= (8,8)
Figure 5: Chaotic, Deterministic, and On-The-Edge-OfChaos Patterns under Various Rules
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