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Abstract

A coordination mechanism for a system of sparsely
communicating agents is described. The mecha-
nism is based on a stochastic version of cellular au-
tomata. A parameter similar to a temperature can
be tuned to change the behaviour of the system.
It is found that the best coordination occurs near
a phase transition between order and chaos. Coor-
dination does not rely on any particular structure of
the connections between agents, thus it may be ap-
plicable to a large array of sparsely communicating
mobile robots.

1 Introduction

The term multiagent system encompasses large bodies of
work from engineering, computer science, and mathemat-
ics. Examples include networks of mobile robots [Mataric,
1992], software agents [Bonabeau et al., 1994], and cellular
automata [Wolfram, 1984]. A common thread in all multi-
agent systems is the issue of coordination. How are a large
number of sparsely coupled agents able to produce a coherent
global behaviour using simple rules? Answering this question
will not only permit the construction of interesting and useful
artificial systems but may allow us to understand more about
the natural world. Ants and the other social insects are per-
fect examples of local interaction producing a coherent global
behaviour. It is possible for millions of ants to act as a super-
organism through local pheromone communication. We seek
to reproduce this ability on a fundamental level in order to
coordinate artificial systems.

It can be argued that cellular automata (CA) are the sim-
plest example of a multiagent system. Originally studied by
[von Neumann, 1966], the term CA is used to describe sys-
tems of sparsely coupled difference equations. Despite their
simple mechanics, some extremely interesting behaviours
have been catalogued (e.g., Conway’s Game of Life). The
word self-organization is used in many contexts when dis-
cussing multiagent systems which can lead to confusion.
Here we use it to mean multiagent coordination in the face of
more than one alternative. We will be describing a stochastic
version of cellular automata. The goal will be to have all cells
choose the same symbol from a number of possibilities using
only sparse communication. We maintain that rules able to
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succeed at this task are self-organizing because the cells are
not told which symbol to choose, yet they must all coordinate
their choices to produce a globally coherent decision. If we
told the cells which symbol to choose, the task would be very
easy and no communication between cells would be neces-
sary. This can be dubbed centralized organization and is in
stark contrast to self- or decentralized organization. We be-
lieve that coordination in the face of more than one alternative
is at the very heart of all multiagent systems.

This paper is organized as follows. Related work is de-
scribed, followed by a description of the model under consid-
eration. Results of its performance on the multiagent coordi-
nation task are presented. Statistical analysis of the rule are
provided followed by discussions and conclusions.

2 Redated Work

In the following note that typically cellular automata do not
operate in a stochastic but rather a deterministic manner.
Unless explicitly stated (e.g., stochastic cellular automata
(SCA)), the term cellular automata will imply determinism.

[von Neumann, 1966] originally studied cellular automata
in the context of self-reproducing mechanisms. The goal was
to devise local rules which would reproduce and thus spread
an initial pattern over a large area of cells, in a tiled fashion.
The current work can be thought of as a simple case of this
where the tile size is only a single cell but there are multiple
possibilities for that tile. Futhermore, we wish our rules to
work starting from any random initial condition of the system.

Cellular automata were categorized by the work of [Wol-
fram, 1984] in which four universality classes were identi-
fied. All rules were shown to belong to one of class I (fixed
point), class Il (oscillatory), class 11l (chaotic), or class IV
(long transient). These universality classes can also be iden-
tified in SCA and we will show that in our particular model,
choosing a parameter such that the system displays long tran-
sient behaviour (e.g., class V) results in the best performance
on our multiagent coordination task.

[Langton, 1990] has argued that natural computation may
be linked to the universality classes. It was shown that by tun-
ing a parameter to produce different CA rules, a phase transi-
tion was exhibited. The relation between the phase transition
and the universality classes was explored. It was found that
class IV behaviour appeared in the vicinity of the phase tran-
sition. The current work is very comparable to this study in
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that we also have a parameter which can be tuned to produce
different CA rules. However, our parameter tunes the amount
of randomness that is incorporated into the system. At one
end of the spectrum, completely random behaviour ensues
while at the other completely deterministic behaviour ensues.
We also relate the universality classes to particular ranges of
our parameter and find a correlation between performance on
our multiagent coordination task and class 1V behaviour. We
attempt to use similar statistical measures to [Langton, 1990]
to quantify our findings.

[Mitchell et al., 1993], [Das et al., 1995] study the same
coordination task as will be examined here in the case of de-
terministic CA. However, their approach is to use a genetic
algorithm to evolve rules successful at the task whereas here
hand-coded rules are described. They found that the best so-
lutions were able to send long range particles (similar to those
in the Game of Life) [Andre et al., 1997] in order to achieve
coordination. These particles rely on the underlying structure
of the connections between cells, specifically that each cell
is connected to its neighbours in an identical manner. The
current work assumes that no such underlying structure may
be exploited and that the same mechanism should work for
different connective architectures. The cost for this increased
versatility is that the resulting rules are less efficient (in terms
of time to coordinate) than their particle-based counterparts.

[Tanaka-Yamawaki et al., 1996] studies the same prob-
lem to that considered here. They use totalistic [Wolfram,
1984] rules which do not permit exploitation of the underly-
ing structure of the connections between cells but rather rely
on the intensity of each incoming symbol. They also vary a
parameter to produce different rules and find that above a cer-
tain threshold, “global consensus™ occurs but below it does
not. However, they consider large clusters of symbols to be
a successful global consensus. We do not and thus turn to
a stochastic version of their totalistic rules to destroy these
clusters and complete the job of global coordination.

3 TheModd

In deterministic cellular automata there is an alphabet of K
symbols, one of which may be adopted by each cell. Incom-
ing connections each provide a cell with one of these sym-
bols. The combination of all incoming symbols uniquely
determines which symbol the cell will display as output.
Stochastic cellular automata (SCA) work in the very same
way except at the output level. Instead of there being a sin-
gle unique symbol which is adopted with probability 1, there
can be multiple symbols adopted with probability less than
1. Based on this outgoing probability distribution over the K
symbols, a single unique symbol is drawn to be the output of
the cell. This is done for all cells simultaneously. It should be
noted that deterministic CA are a special case of SCA.

We consider a specific sub-case of SCA in this paper which
corresponds to the totalistic rules of CA. Assume that cells
cannot tell which symbols came from which connections. In
this case, it is only the intensity of each incoming symbol
which becomes important. Furthermore, we desire that our
rules work with any number of incoming connections thus
rather than using the number of each of the incoming K sym-
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bols, we use this number normalized by the number of con-
nections which can be thought of as an incoming probability
distribution. In summary the model we consider is as follows.

Totalistic SCA. Consider a system of N cells, each of which
is connected to a number of other cells. Let A represent an
alphabet of K symbols. The state of Cell ¢ at time-step ¢ is
x;[t] € A. The input probability distribution, pin, for Cell 4 is
given by
pin[t]:O'i(l'l[t],...,l']v[t]) (1)
where o; accounts for the connections of Cell i to the other
cells. The output probability distribution po is given by the
map, ¢,
Pout[t + 1] = <P( pin[t]) (2

The probability distributions pin and pos are stochastic
columns. The new state of Cell ¢ at time-step ¢ + 1 is ran-
domly drawn according to the distribution poy[t + 1] and is
represented by x;[t + 1].

It should be noted that in (1) if the connections between the
cells are not changing over time then the functions, o (),
will not be functions of time. However, we could allow these
connections to change which would make them functions of
time.

Once the connections are described through the o, (-) func-
tions, the only thing that remains to be defined is the ¢-map.
We assume that each cell has the same ¢-map but this need
not be the case. The possibilities for this map are infinite and
thus for the remainder of this paper we discuss a parameter-
ized subset of these possibilities. This subset will be called
piecewise-¢ and is defined as follows.

Piecewise-p. Let

Pin = [pl,in te pK,in]T (3)

The (unnormalized) output probabilities are given by

1, !f%‘kﬁ(pk,in_L) >1
Pk,out = 0, if I4 + 6(pk,in - f) <0
%+ + B(prin— +), otherwise @
where § is derived from the tunable parameter A as follows:
[ 2, ifo<a<i
5‘{%(1—»1, ifl <A<l ®)
The (normalized) output probability column is
T
Pout = —— [pl,out T pK,out] (6)

>, out

K
where ps out = D11 Pk out-

Note that in (5), the tunable parameter, A acts in a similar
manner to a temperature parameter. When A = 1 we have a
completely deterministic rule while when A = 0 we have a
completely random rule. Figure 1 shows what the rule looks
like for different A when K = 2.
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Figure 1: The piecewise-¢ rule for different values of X and K = 2.
An equilibrium point, p*, in a -map is one for which the P AR Stable
following is true " Stable Unstable
p* — QO( p*) (7) uDi .....................
The idea behind the piecewise-¢ rule was to create an insta- L, ISt e | Stope
bility in the probability map at the uniform distribution equi- } } |
librium point A0 0.5 1

. 1 1 11"
puni:[EE"'E} ®)
such that a small perturbation from this point would drive the
probability towards one of the stable equilibria

p; = [10-0]" 9)
ppo= [01--0] (10)

(11)
Pk = [00-1]" (12)

It turns out that when 0 < A < 1, the equilibrium point, p;,,,
is the only stable equilibrium. However when % <A<,
P;i becomes unstable and the other equilibria, pj, ..., P},
become stable. This is similar to the classic pitchfork bifur-
cation as depicted in figure 2 for K = 2. However, with K
symbols in the alphabet the pitchfork will have K tines.

It is important to stress that we have designed the stability
of our system at a local level. The question of global stability
and success on the multiagent coordination problem does not
follow directly from the local stability of each cell. It might
be possible to study the global stability of a system of cells
with the piecewise-¢ rule analytically. The approach in this
paper has been to study it through simulation and statistical
measures.

4 Simulation

We now present simulations of cells running the piecewise-¢
rule. In order to ensure that the connections between cells are
not regular, we consider each cell to exist in a Cartesian box
(of size 1 by 1). The IV cells are randomly positioned in this
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Figure 2: Pitchfork stability of the piecewise- rule for K = 2. A
is a parameter analogous to a temperature.

box and symmetrical connections are formed between two
cells if they are closer than a threshold Euclidean distance,
d, from one another. Figure 4 shows example connections
between N = 100 cells with d = 0.2. Figure 3 shows ex-
ample time series for different values of A. When A < 0.5,
chaotic global behaviour arises, with 0.5 < A < 1 fairly suc-
cessful behaviour results but with A\ = 1 clusters form. The
formation of clusters means that the global system has stable
equilibria which we did not predict from the local rule. How-
ever, as A is decreased towards 0.5, these equilibria are no
longer stable and the system continues to coordinate.

It would seem that there is a good correlation between the
stability on the local level and the behaviour type of the global
system. As A moves from below 0.5 to above, it appears there
is a dramatic phase transition in the behaviour of the system
(totally chaotic to fixed point). In the neighbourhood of 0.5
there is long transient behaviour. It turns out that the best
value for A, from the point of view of multiagent coordina-
tion, is approximately A = 0.6.

5 Statistics

In an attempt to quantify the qualitative observations of the
previous section a number of statistical measures were em-
ployed in the analysis of the SCA time series. These were
used also by [Langton, 1990]. The first measure is taken from
[Shannon, 1948] and will be referred to as entropy (H). It is
defined as follows.

1039



A=0.4
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A=0.6 A=1

60 70 80 90 100 10 20 20 40 50 60 70 80 90 100

Time Time

Figure 3: Example time series for different values of A and N = 100, K = 2, d = 0.2. (left) chaotic behaviour, (middle) successful
coordination, (right) clusters. The 2 colours represent the 2 symbols of the alphabet.

Figure 4: Example connections between N = 100 cells with d =
0.2. K colours represent the K symbols of the alphabet. Here an
initial random condition is displayed for K = 2.

Entropy Given a sequence of M symbols

sm]” (13)

from an alphabet of size K, the entropy of the sequence may
be computed as follows. First compute the frequency, ny,
of each of the K symbols Vk € 1... K which is simply the
number of occurrences of symbol & in the sequence, s. From
the frequencies, compute the probability, p;, of each of the K
symbolsvVk € 1... K as

S:[81 S92

n
pE = — (14)
ny

where ny = Zfil n;. Finally, the entropy of sequence,
H(s), is defined as

— Y, peln(py)
H(s) = =

(s) n(K)

where the In(K') denominator is a normalization constant to
make H (s) € [0, 1].

(15)

This entropy function produces a value of 0 when all the sym-
bols in s are identical and a value of 1 when all K symbols
are equally common. The second measure is based on the
first and will be referred to as mutual information (I). It is
defined as
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Mutual Information Given two sequences of M/ symbols
st )" (16)
som]” (17)

from an alphabet of size K, the mutual information of the
sequence, I(s1,s2), may be defined as

I(Sl,Sg) = H(Sl) + H(Sg) — H(Sl,Sg) (18)

s = [81,1 51,2

Sy = [82,1 52,2

where H(s1,s2) is the entropy of the two sequences consid-
ered as a joint process (i.e., with an alphabet of size K x K).

These two measures may be computed on any sequence of
symbols. We tested them on spatial sequences (e.g., time
series columns from figure 3) and temporal sequences (e.g.,
time series rows from figure 3). The most interesting mea-
sures were average spatial entropy (average of entropies
computed from all columns in a time series) and average tem-
poral mutual information (average of all Is computed from
all rows in a time series. I was computed between a row and
itself shifted by one time-step).

Figure 5 show various measures for 1000 values of \. At
each value of \, 100 simulations were done on different ran-
dom connections between cells and initial conditions. Thus,
all displayed measures are actually averaged over 100 sim-
ulations. Each simulation was run for 300 time-steps with
N =100, K =2,andd = 0.2.

Figure 5 (left) shows the average number of clusters? at the
final time-step for different values of A. Clearly there is an
optimal value of A near 0.6. Figure 5 (middle) shows average
spatial entropy for different values of A. This measure has
a good correlation with average number of clusters. Again,
there is a minimum occurring at approximately A = 0.6
which corresponds to the best performance at multiagent co-
ordination.

Figure 5 (right) displays average temporal mutual informa-
tion for different values of A. This is a very interesting plot.

INumber of clusters was computed by considering the SCA as
a Markov chain with connections deleted between cells displaying
different symbols. The number of clusters is then the number of
eigenvalues equal to 1 from the Markov transition matrix.

MULTI-AGENT SYSTEMS
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Figure 5: (left) Average number of clusters at final time-step for 1000 values of X. (middle) Average spatial entropy for 1000 values of \.
(right) Average temporal mutual information for 1000 values of A. All plots show average of 100 simulations at each value of \.

Temporal mutual information seems to capture the length of
the global transient behaviour of the system. As discussed in
[Langton, 1990], the random pattern in the chaotic region is
not considered transient but rather the steady state behaviour.
The peak in temporal mutual information occurs at A = 0.5,
the phase transition, and drops away on either side. [Langton,
1990] has a similar plot. Figure 6 shows how the number of
clusters at the final time-step (300 time-steps) changes as the
problem scales up to more cells; it appears to be a linear re-
lationship. Figure 7 shows how the number of clusters at the
final time-step changes for different message sizes.

6 Discussion

The strong correlation between the local stability of the
piecewise-p rule and the type of global behaviour is quite
interesting. It appears that A > 0.5 corresponds to fixed
point behaviour (class 1), A < 0.5 corresponds to chaotic
behaviour (class I11), and X near 0.5 corresponds to long tran-
sient behaviour (class 1V). The correlation most likely has
something to do with the way in which the incoming proba-
bility distribution is computed in (1). This step delivers in-
formation averaged from all connected cells. This averag-
ing serves to smooth out differences between connected cells.
However, if this smoothing occurs too quickly (i.e., A = 1)
the system does not have time to smooth globally resulting in
the formation of clusters. The addition of noise in the partic-
ular form of the piecewise-¢ rule aids in slowing the smooth-
ing process thus destroying the clusters. This has been called
critical slowing down [Haken, 1983] in other systems. As we
approach the critical point (A = 0.5 or 8 = 1) from above,
the strength of the instability decreases which slows down the
decision-making process. It is a balance of these two effects
which seems to be the most effective at multiagent coordina-
tion. The optimal operating value of A is not right at the phase
transition but a little bit towards the deterministic end of the
A spectrum (approximately A = 0.6).

Note that we did not find any oscillatory behaviour (class
I1) which is likely because the connections between the cells
are symmetrical. However, if the piecewise-¢ rule in figure 1
is reflected (left-right) then the system “blinks’ and global co-
ordination corresponds to all cells blinking in phase with one
another.
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In this model of multiagent coordination, the boundaries
between clusters have purposely been made unstable. This
forces them to move randomly until they contact one another
and annihilate, leaving a single cluster. The results presented
here used N = 100 cells and required on average 150 time-
steps to get to a single cluster with d = 0.2, K = 2 and
A = 0.6. Clearly the time required to form a single cluster
will increase with the number of cells in the system. Figure 6
confirms this by showing that at the end of 300 time-steps, in-
creasing the number of cells, IV, results in more clusters. The
linear relationship suggests that scaling-up may be possible
but more in depth studies are required. Figure 7 shows how
the system scales to different message sizes, K. Here the rela-
tionship between number of clusters (after 300 time-steps) to
message size is a bit surprising, first dropping then increasing
as K increases. It levels off again as the number of symbols
exceeds the number of cells (since at most N symbols can
be represented in the random initial condition). Again, the
nature of this scaling should be studied more closely.

The piecewise-¢ rule is not the only map that can be used
to achieve multiagent coordination in SCA. Replacing it with
other monotonically increasing functions (i.e., in figure 1)
with the same equilibria also works. We had comparable suc-
cess to the piecewise-p map using

Pk,out = (pkyin)'g Vkel...K (19)

with the outgoing probability column normalized as in (6).

The model considered here does not require knowledge
of the underlying structure of the connections between cells.
This was a design requirement as it was originally motivated
by a network of communicating mobile robots whose con-
nections might be changing over time and thus difficult to
exploit. It is thus natural to question whether the model still
works as the connections are varied over time. To this end,
a small amount of Gaussian noise was added to the positions
of the cells in the Cartesian box of figure 4 at each time-step.
As the cells moved, the connections between them changed
(since they are limited by the range, d). The SCA model was
still able to form single clusters. This was possible even when
A = 1 which does make sense since there is still some noise
being added. However, the nature of the noise is at the con-
nection level rather than the signal level. This aspect is cur-
rently under further investigation.
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size is varied from K = 2 (1 bit) to K = 256 (8 bits). Parameters
for each run were 300 time-steps, A = 0.6, N = 100 and d = 0.2.
Plot shows average of 100 simulations at each value of K.

7 Conclusion

A mechanism for multiagent coordination has been presented
based on stochastic cellular automata. We consider this to be
an example of self-organizing behaviour in that global coor-
dination occurs in the face of more than one alternative. It
was shown that by using stochastic rules, sparsely communi-
cating agents could come to a global consensus. A parameter
in the coordination mechanism was tuned and it was found
that coordination occurred best when the system was near a
phase transition between chaotic and ordered behaviour (the
optimum was a little bit towards the ordered side).

It is hoped that this model will shed light on self-
organization as a general concept while at the same time pro-
viding a simple algorithm to be used in practice.
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Abstract

Decision-making in multiagent settings requires
significant computational resources. Agents
need to model each other to decide how to
coordinate — this sometimes may require solv-
ing nested models of many other agents and
may be impractical to perform in an accept-
able time. In this paper, we investigate ways
in which the agents can be equipped with flexi-
ble decision-making procedures to allow mul-
tiagent decision-making under time pressure.
One of the techniques we implemented uses it-
erative deepening algorithm guided by perfor-
mance profiles generated offline. When the in-
teraction involves many agents, the algorithm
iteratively enhances the quality of coordinated
decision-making by incrementally adding the
levels of nesting considered, but with the ad-
ditional penalty of increased running time. To
identify the appropriate scope of modeling on-
line we use the concept of urgency which rep-
resents cost of delaying decisions. We vali-
date our framework with experiments in a sim-
ulated anti-air defense domain. The contribu-
tion of our framework is that it endows our au-
tonomous agents with flexibility to cope with
time pressure in complex multiagent settings.

1 Introduction

In multiagent settings, deliberative decision-theoretic
methods [Gmytrasiewicz et al., 1998; Gmytrasiewicz and
Durfee, 2000; Noh and Gmytrasiewicz, 1999a; 1999b;
Vidal and Durfee, 1995] allow an agent to compute its
best action, i.e., with the highest expected utility, given
its available knowledge. The agent’s knowledge may con-
tain information about environment, about the agent it-
self, about other agents present, about what the other
agents know, and so on. Therefore, when making coor-
dinated decisions in complex scenarios with many agents

*This research has been sponsored by the Office of
Naval Research Artificial Intelligence Program under con-
tract N00014-95-1-0775 and by the National Science Foun-
dation CAREER award IRI-9702132.
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Piotr J. Gmytrasiewicz

Dept. of Computer Science and Engineering

University of Texas at Arlington
piotr@cse.uta.edu

present, the agent may have to consider large and com-
plex knowledge structures, which may lead to it failing
to decide an action in an acceptable time.

In response to these issues we investigate methods
which allow the agents to perform multiagent decision-
making in time-critical situations. In our earlier work
[Noh and Gmytrasiewicz, 1999b] we concentrated on
compiling results of deliberative decision-making using
machine learning and creating reactive rules that im-
proved the agent’s reactivity. This current paper focuses
on limiting deliberation time by identifying the proper
scope of knowledge used for decision-making. We wish to
establish which information, assuming it is in the agent’s
possession in the first place, can be neglected and at what
cost. In general, there are two approaches which we call
simplification and approximation techniques:

o Simplifications involve neglecting a certain part of
available information and computation associated
with processing this information, while preserving
the accuracy of deliberation. In general, there is
no guarantee that a simplification technique will be
applicable in any particular situation but, if it is,
it can be used without sacrificing the quality of the
result.

o Approzimations involve limiting information consid-
ered while making decisions without the guarantee
that the solution obtained is optimal.

In our framework, the simplification techniques remove
computations that are found not to influence the qual-
ity of output. For example, if the agent finds that one
of its actions is better than all other actions no matter
what (we call it the dominant action) then any further
computations of the values of actions become unneces-
sary. Other examples include memoization, and prun-
ing certain parts of structured knowledge representation
(defined rigorously in [Gmytrasiewicz and Durfee, 2000]
and presented in Figure 1), if it can be proven that they
do not influence the solution. All simplifications reduce
the computation time needed for deliberation without
significant overhead. The approximation techniques de-
termine what computational resources should be used
for agent’s decision making. These methods consider a
tradeoff between decision quality and computation time.
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In other words, the objective of approximation tech-
niques is to provide autonomous agents with the bound-
edly rational decision, given the real-time demands of
the situation at hand. The approximation techniques
include: (1) using compiled rules to constrain alterna-
tive actions, on which we reported in [Noh and Gmy-
trasiewicz, 1999b], and (2) using performance profiles
and urgency of situation to determine the appropriate
scope of modeling.

In this paper, we will explore the second of the ap-
proximation techniques. We will identify the appropriate
scope of modeling of other agents based on performance
profiles and the calculation of urgency. Toward this end,
we focus on the amount of information that can be in-
cluded in modeling other agents. We are inspired by
techniques used by humans in real-life situations when
they make coordinated decisions with a large number
of individuals. Frequently, we consider and think about
only a few agents in our immediate vicinity for the pur-
pose of coordination. Similarly, our agents start by con-
sidering their closest neighbors first, and then broaden
the scope by including more distant agents (in Figure 1
this would correspond to broadening of, what we call
the modeling structure.) At the same time, our agents
need to decide on how deep the modeling should proceed.
Should one consider how the other agents model others,
for example? While reasoning at deeper levels results in
better decisions, it also requires more computation time.

Thus, the entire modeling space has the dimension of
the breadth, which corresponds to the number of agents
considered for coordination, and the depth, which cor-
responds to the reasoning level. Based on the struc-
ture of the modeling space, we present an iterative
deepening algorithm which provides our agents with
preemptible results according to different breadths and
depths of the modeling space. This algorithm can be
used offline to generate performance profiles [Dean, 1990;
Zilberstein and Russell, 1996], which illustrate the per-
formance vs. computation time required by processing
increasingly more information. Further, we introduce
the concept of urgency which represents the value of time
given a situation at hand. For example, if a situation is
very urgent, the agent should be ready to execute an ac-
tion quickly, without much reasoning efforts. When the
situation is not urgent, on the other hand, the agent can
afford to consider more information and spend more de-
liberation time looking for better decisions. Our agents
decide whether to act or think by computing urgency.

2 Related Work

We explore the ways to reduce the complexity of de-
liberative decision-making procedures that might cause
autonomous agents to fail in accomplishing their tasks
under time pressure, and, at the same time, to preserve
the accuracy of deliberation as much as possible. Due to
the impracticality of an agent with perfect rationality,
it has been proposed that bounded optimality can be a
way to yield a solution within a specific time in spite
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of sacrificing the optimality of the decision to some de-
gree. Thus, our work builds on efforts by several other
researchers who focus on making autonomous systems
tractable when there is no sufficient time to produce op-
timal solutions in complex environments.

One approach uses a purely reactive reasoning proce-
dure. The goal of reactive systems is to directly respond
to the condition with a predefined action. Although such
a system is able to react very quickly to environments,
plans will be useless if problem varies and re-planning is
needed. Further, if no protocol or overall plan can be
established explicitly in advance, this reactive system is
unrealistic or likely to lock the agents into suboptimal
forms of behavior. However, our deliberative reasoning
procedure provides rational behaviors in dynamic envi-
ronments even when plans are not pre-defined.

Other rigorous efforts have focused on bounding the
rationality of deliberative agents, which limits the re-
sources available to agents. These approaches include
work on the use of meta-reasoning procedures to control
inference [Horvitz, 1988; Russell and Wefald, 1991], and
anytime algorithms [Dean, 1990; Zilberstein and Rus-
sell, 1996]. Meta-reasoning and anytime algorithms bal-
ance the costs and the benefits of continued deliberation
[Good, 1971]. They perform online computation of ex-
pected utilities of additional deliberation. In contrast,
our approach incorporates offline empirical data (perfor-
mance profiles) into the decision of whether to act or
think. By using the information calculated offline, our
meta-reasoning is faster than their meta-reasoning.

In the field of multiagent coordination, there have been
several approaches to support practical decision-making.
Lesser [Lesser, 1998] proposes a domain independent
agent architecture for a large-scale multiagent environ-
ment, which deals with adaptation to resource availabil-
ity, tradeoffs between resources and quality, complex in-
terdependencies among agents, and so forth. For fur-
ther research, the components of their software infras-
tructure should be implemented and tested in sophisti-
cated, real-time multiagent applications. Durfee [Durfee,
1999] suggests strategies for making coordination prac-
tical when agents use the Recursive Modeling Method
(RMM) [Gmytrasiewicz and Durfee, 2000] as a nested
model framework. These strategies include simplifying
utility computations, limiting possible choices, treating
multiple agents as one, and so on. This work is similar
to our current work in that both approaches use RMM
to make agents’ rational decisions. However, we identify
the scope of modeling knowledge processed by an agent
considering the urgency of the situation at hand whereas
Durfee simplifies (or ignores) computational resources as
much as possible. Further, our work concentrates on of-
fline efforts to make real-time decision tractable but most
of Durfee’s strategies for practical coordination have to
be executed online. Lastly, in our own work [Noh and
Gmytrasiewicz, 1999b], we propose an adaptive and de-
liberative agent architecture consisting of compiled and
deliberative decision procedures. We compile the re-
sults of deliberative decision-making into a set of reactive
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condition-action rules with numerous machine learning
algorithms. An autonomous agent can use the compiled
knowledge and constrain the number of alternative ac-
tions considered by excluding the ones that are likely to
be suboptimal.

3 Control of Reasoning: Act or Think

To show the correlation among the amount of informa-
tion, decision quality, and computation time within our
framework, we compare expected utilities of actions ar-
rived at using different amounts of computational re-
sources, and executed with various time delays. Let N
be the set of agents and A;, i € N, be the set of actions
of agent i. The expected utility of the best action, a, ar-
rived at using the body of information £ and executed
at time ¢, is

EU(P,t) = maxazeAiEkP(SHE,t, a{)U(Sk) (1)

where

. P(Sk|E,t,ag ) is the probability over the possible
outcome states, S, given the available evidence E
and the action a] executed at time ¢.

e U(Sy) is the utility of the resulting state S.

Having arrived at the best action, the agent i can exe-
cute it immediately, or keep on computing by increasing
the body of knowledge considered, and including addi-
tional information, e, hoping to arrive at better decision.
If it were to keep computing with information E + e, the
result, a®*¢ would be available for execution at time
t + t', where t' is the computation time used. The deci-
sion of whether to keep computing with extra informa-
tion or whether to execute currently best action comes
down to the following comparison:

EU@@"*e t+t') > EU(A" 1) (2)

If the expected utility of possibly higher quality, but
delayed, action is greater than the utility of acting on the
current, best, the agent should keep on computing based
on the increased body of information. The challenge is to
determine whether the above inequality holds before the
computation of a”*¢ is actually executed. Our approach
to flexible decision-making is to use the performance pro-
files, generated offline, and the notion of value of time,
or urgency, to determine whether to act or think. Us-
ing performance profiles one can estimate EU (a”*¢,t),
i.e., the expected value of decision based on information
E + e, executed currently. Since the actual a®*¢ is not
available, we postulate that the currently available a”
be used to estimate the EU(af*¢ t 4+ t') as follows:

EU(a"*e t+ ) =
EU(aP*e t) — [EU(aP,t) — EU(a¥,t +t)]  (3)
In the above, the value of delayed action af*€, is
estimated based on the assumption that its quality
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deteriorates! at the rate similar to that of o, which has
been computed. Substituting the above to Equation 2
and rearranging terms, we get:

EU (%, t) — EU(0F,t) >
EU(dE,t) — EU(F t + 1) (4)

The left hand side of the above inequality is the ben-
efit of further computation, if it can be carried out in-
stantaneously. This quantity can be estimated from the
performance profiles. The right hand side is the cur-
rent estimate of the value of the extra computation time
t'. Tt is closely related to what we define as urgency, or
the value of time, expressed as the rate with which the
expected utility of the currently best alternative deteri-
orates with time. For instance, if the system slowly pro-
cesses the data and the urgency is high, then the cost of
time needed for computation is greater than the benefit
of computation, and it is better not to compute further
and act immediately. But if the computation time is
short, the value of a unit of time is moderate, and the
performance profile rises sharply, the extra computation
is preferred to immediate action.

4 Performance Profiles of Iterative
Deepening Algorithm

Our deliberative decision-theoretic method is the Recur-
sive Modeling Method (RMM). We have implemented
a full-blown version of RMM which allows an agent to
compute its best action given all that is known about
the other agents, about their states of knowledge, and
so on. An agent using RMM represents the hierarchy of
its modeling knowledge as a nested modeling structure
with: (1) the agent’s own decision-making situation (rep-
resented as a payoff matrix or as an influence diagram),
(2) the next level containing the agent’s view of other
agents’ situations (also payoff matrices or equivalent in-
fluence diagrams), (3) the deeper level representing the
agent’s view of how other agents model others, and so
forth (as depicted in Figure 1).

The RMM algorithm, operating on the structure rep-
resented in Figure 1, can iteratively deepen its scope by
including lower modeling levels. Doing so enhances the
quality of decision-making as models nested deeper de-
crease uncertainties about the agents’ beliefs about oth-
ers in a multiagent domain. In the worst case, when none
of the simplification methods is applicable, the complex-
ity and run time of decision-making grow exponentially
with the number of agents and the level of reasoning.
That is why we consider the tradeoff between decision
quality and computation time.

Using iterative deepening RMM algorithm, we gen-
erate performance profiles, which plot expected output
quality versus computation time in proportion to the

'In an urgent situation it is better to execute action sooner

rather than later. I.e., the expected utility of action decreases
as the time passes.
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the number of agents
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mode! model

AgentI's  Agent(n-1)'s
mode! model

the depth of modeling space:
the reasoning level

Figure 1: The space of recursively nested models.

breadth and the depth of modeling space. The data for
performance profiles is collected offline through simula-
tion of many specific decision-making situations.

Our model of multiagent decision-making under time
pressure is the anti-air domain, which consists of a num-
ber of attacking targets and coordinating defense units,
as depicted in Figure 2. The mission of the defense units
is to attempt to intercept the attacking targets so as to
minimize damages to own territory. The anti-air defense
simulator [Noh and Gmytrasiewicz, 1999a] is written in
Common LISP and built on top of the MICE simulator,
running on a LINUX platform.

MICE Time =7

Figure 2: A complex anti-air defense scenario. There are
six defense units and 18 incoming targets.

To construct performance profiles using the iterative
deepening RMM, we consider six defense agents and six
incoming targets.? The positions and warhead sizes of

*We simplified the scaled-up scenarios for clarity of pre-
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targets are randomly generated, and the warhead sizes
vary between 100 and 300. We measure the agent’s per-
formance in terms of total threat removed. The total
threat removed is defined as the expected value of a sum
of removed warhead sizes of attacking targets. Thus, if
a target was chosen for interception, then it contributed
(interception_probability x warhead_size) to the total
threat removed. If a target was not intercepted, it
did not contribute at all. The interception probability,
P(H;j), is dependent on the angle a;; between the target
Jj’s direction of motion and the agent ¢’s line of sight, as
follows:

P(Hz) — e Hij (5)

where p is an interceptor-specific constant (assumed here
to be 0.01).

In the experiment, the breadth of modeling space
ranges from two to six and the depth of modeling space
varies between one and four. The algorithm begins with
the simplest modeling space, that is, two agents and rea-
soning depth one and incrementally adds the amount of
information up to six agents and depth four. For base-
line performance, we include the performance of agents
controlled by random and independent target selection
(i-e., without modeling other agents) strategies. The ex-
perimental results of average performance (total threat
removed) and computation time (seconds on a 500 MHz
Pentium™ TIT machine) after 100 runs are summarized
into Table 1 as discrete entries. In Table 1, the more
total threat removed, the better performance.

The random agents, ignoring all information, showed
the worst performance, 516.2, and spent the shortest
computation time, 0.013. The performance (527.9) and
the computation time (0.017) of the independent agents
were similar to those of the random agents. The indepen-
dent agent, maximizing its own expected utility without
considering others, did not score well in this coordination
experiment and obtained next to the worst performance.
Compared the performance of the independent agent,
the performance of the agent coordinating by consider-
ing the other neighboring agent, the amount of threat
removed, 809.7, was drastically increased up by 53.4%.
In this case, we clearly see that modeling other agents is
advantageous for effective coordination.

As the depth or the breadth of modeling space in-
creased, the performance of agents was improved and the
computation time increased. When the number of agents
considered for coordination was two or three, the perfor-
mance gradually improved; the threat removed from our
defense area increased from 809.7 to 859.9 when each
defense agent considered the other agents, and increased
from 906.2 to 1055.0 when it modeled two other agents.
However, as more agents and further reasoning depth
were included, the result of performance increase leveled
off. The amount of improvement from 3 with depth 4 to

sentation here. This simplification is made possible by com-
piled rules we reported on earlier [Noh and Gmytrasiewicz,
1999b).
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Table 1: Performance and computation time of the
agents using random, independent and iterative deep-
ening algorithm

Methods Performance  Computation Time
Random 516.2 + 126.6 0.013+ 0.007
Independent 527.9 £175.3 0.017+ 0.005
2w/ depth1 809.7 £105.1 0.040 £ 0.015
2 w/ depth 2 816.7 £ 108.9 0.056 £ 0.020
2 w/ depth 3 841.4 + 82.1 0.068 £ 0.021
2w/ depth4  859.9+ 57.9 0.062 + 0.043
3w/ depthl 906.2+ 98.3 0.364 £ 0.047
3w/ depth 2 1001.3 + 60.2 0.374 £+ 0.053
3w/ depth 3 1050.8 + 46.3 0.381+ 0.051
3w/ depth4 1055.0 £ 47.9 0.373+ 0.054
4w/ depth 1 1055.2+ 48.9 3.036 £ 0.380
4 w/ depth 2 1055.4 + 48.0 3.129 £ 0.501
4 w/ depth 3  1055.7 £ 50.8 3.168 £ 0.556
4w/ depth4 1055.9+ 47.4 3.202+ 0.570
5w/ depth1 1057.2+ 48.0 32.533 £ 11.064
5w/ depth 2 1057.4+ 46.6 38.400 £ 7.026
5w/ depth 3 1057.7+ 46.3 37.675+ 6.813
5w/ depth4 1058.1 + 49.0 37975+ 7.108
6 w/ depth1 1060.6 £ 45.3  144.776 £ 97.834
6 w/ depth 2 1060.8 + 44.4  691.043 + 166.245
6 w/ depth 3 1061.2 + 44.3  689.943 + 164.606
6 w/ depth 4 1061.5+ 44.0  692.443 + 164.804

6 with depth 4 in Table 1 was only 6.5(= 1061.5—1055.0)
due to more information.

As more breadth and more depth were considered, our
agents also spent more computation time. However, be-
cause of garbage collection in Lisp, the computation time
in some cases did not increase in proportion to the rea-
soning depth: 3 with depth 4, 5 with depth 3, and 6
with depth 3. As more agents were added the run-times
ranged over [0.040—0.062], [0.364—0.381], [3.036—3.202],
and [32.533 — 38.400], respectively. When the six agents
were considered for coordination, it should be noted that
the computation time at reasoning depth two (691.043)
took five times as long as that of reasoning depth one
(144.776). Proceeding to more than depth one, the
agents (6 with depth 2 — 4) needed to compute addi-
tionally five six-dimensional payoff matrices and so used
relatively more runtime to construct and evaluate the
payoff matrices. In that the dimension of payoff matrix
increased according to the number of agents, the com-
putation time spent depending on the number of agents
was saliently different.

5 Determining the Scope of Modeling
Using Urgency

Our definition of the urgency, as defined in Equation 4,
gets at the intuition that an agent stands to lose util-
ity as time progresses in an urgent situation if the agent
is not doing anything to remedy the situation. For ex-
ample, an air defense unit’s not trying to intercept the
incoming threats may cause the increase in the proba-
bility of getting hit as the time progresses, because the
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unit’s inaction may diminish its chances to successfully
intercept the threats. Thus, if the agent’s expected util-
ity is inversely proportional to the damages expected in
the attack, the situation is urgent in that the defense
agent loses utility as time progresses.

@%@ g "

1 2 3 4 5 6

Tagetss A B C D E F
Positions: (2,3) (5,2) (7,1) (10,2) (13,3) (16,1)

Batteries: 1 2 3 4 5 6
Positions: (3,20) (6,20) (9,20) (12,20) (15,20) (18,20)

Figure 3: A simplified anti-air defense scenario. There
are six defense units and six incoming targets.

As a simple example consider the scenario depicted
in Figure 3. Assume that the targets proceed two grids
down for one second. In this example, we focus on the
agent 1’s decision-making situation. At the current time
the average interception probability is

At time t, EJP(HU)/G = 0.9499

After one second, the targets are coming closer to the
defense agents by two grids, the angles between the bat-
tery’s line of sight and the targets increase, and the in-
terception probability from the agent 1’s perspective de-
creases as follows:

At time t+1, $;P(Hy,)/6 = 0.9483

In our settings as described in the previous section, the
average total warhead size is 1,200(= 200 x 6). Given
the interception probabilities at different time steps, the
average total warhead size and the computation time,
the urgency, or the cost of computation, is

EU(a®,t) — EU(af,t +0.017)

(0.9499 — 0.9483) x 1,200 x 0.017 = 0.0326

Given the performance profiles in Table 1, the benefit
of computation (the left hand side of Equation 4) is

EU(oP*°,t) — EU(a,t) = 527.9 - 516.2 = 11.7

In this example scenario, therefore, since the benefit of
computation is greater than the cost of computation, the
agent should not take the immediately available action
a of shooting at a randomly picked target at the ini-
tial time ¢, but it should consider the extra information
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e (consisting of the agent’s own decision-making situa-
tion), compute EU (a®*¢,t+t'), and be ready to execute
the best action at time ¢ + 0.017.

It turns out that the break-even point, at which the
agent should cease computation, is to model 3 agents
with depth 3 in the example scenario. If the parameters
of the particular situation at hand change, however, say
when the missiles move faster, they are positioned closer,
or if the computation is slower, the optimal scope of
reasoning is lower and less computation will take place.
In general, the factors of the calculation of value of time
include the capability of data processing machine and
the external factors imparting urgency to the situation.

We tested the notion of urgency in the anti-air defense
settings which contain six defense units and six incoming
targets. To identify the appropriate scope of modeling
given the offline pre-computed performance profiles (Ta-
ble 1), each defense agent calculated the benefit and the
cost of computation for a level. As a result, after 100
runs, the defense agents stopped reasoning when the av-
erage breadth of modeling space was 3 and the average
depth of modeling space was 3.017. That is, they consid-
ered the adjacent two agents with the reasoning depth
just over three, on the average, for their coordinated
decision-making. When the agents were under time pres-
sure, thus, they could decide the proper modeling space
by calculating their urgency, and reduce the scope and
processing time to react faster.

6 Conclusions

The iterative deepening algorithm can be a useful tool
that generates partial results according to the breadth
and the depth of the modeling space. We generated of-
fline performance profiles by using the iterative deepen-
ing algorithm in an anti-air defense domain. We think
that the performance profiles for other coordination do-
mains may be similar, but should be obtained separately
offline. As the amount of breadth and depth of model-
ing information increased, the quality of decision was
improved. We also extended our multiagent interaction
model by introducing the concept of urgency. This no-
tion presents the value of time in a specific situation,
when decisions have to be made under time pressure
and uncertainty. We integrated this concept into the
flexible decision-making framework for identifying the
proper scope of modeling information. The most promis-
ing aspect of this method is that the reasonable model
structure can be employed to avoid wasteful computa-
tions and produce a practical decision during real-time.
We experimented with the iterative deepening algo-
rithm and the concept of urgency in the anti-air defense
domain to assess agent’s decision-making quality. Anti-
air defense is certainly a real-time task, and any over-
head or loss of timely response can result in the destruc-
tion of coordinating agents and areas they are defending.
The iterative deepening algorithm and the calculation of
value of time prevented catastrophic failure and provided
the best decisions in the high-stakes anti-air defense.
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We will address the problem of what and how much of-
fline performance profiles are necessary to gain the real-
time advantage. For a more systematic evaluation of
the framework, the performance profiles using the iter-
ative deepening algorithm will be generated in various
domains. In parallel, when insufficient data is available
for offline simulation, we will test whether or not our
framework produces deterioration in performance of the
real-time deliberation.

Another problem to be answered is that we need to
validate how each flexible decision-making method pro-
posed can be integrated into a whole procedure. Even
though we already tested whether the respective meth-
ods can be successfully applied to the time critical situ-
ation, we still need to experiment with the whole proce-
dure selectively combined for various situations.
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