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Abstract
Multi-agent systems sometimes yield surprising emergent behaviours
that are unexpected given the individual or microscopic agent prescriptions. We have investigated the emergent spatial behaviour that results
when predatory animats in a multi-agent system simulation are able to
hunt in a pack. The consequences of this cooperative behaviour are significant for the macroscopic spatial patterns of both predator and prey
agents. Our model is based on a very simple set of rules for individual animats, which have their own individual state, and exist cooperatively or in
competition in a spatial world. We show quantitatively that cooperation
allows the world area to support a higher number of agents.
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Introduction

The defining features of a “multi-agent system” have been presented [1] as:
• Autonomy: the agents are at least partially autonomous
• Local views: no agent has a full global view of the system
• Decentralization: there is no one controlling agent
We have developed a sophisticated predator-prey simulation [2] to produce a
unique world of “animats” [3] that eat, breed and interact to create fascinating
emergent macro-behaviours. Two species of animat exist in an unbounded 2dimensional plain – the predators that must eat prey to survive; and the prey
1

1

INTRODUCTION

2

that must eat “grass” to survive. The model incorporates behavioural rules
similar to those of Boids [4] as well as the evolutionary processes found in many
simulations such as Tierra [5], Avida [6] and Echo [7]. Over a period of several
years, we have also developed and incorporated a number of general techniques
for managing large-scale simulations and increasing efficiency in the model [8].
Every time step, each animat executes one of a small set of simple rules, e.g.
“move away from adjacent predator”. The rules are placed in a priority order
and by changing the order of priority, di↵erent rule sets (genotypes) can be
evolved [9]. The system can manage significant numbers of animats. A typical
run contains tens of thousands and the current record is over a million animats.
These high population figures enable emergent macro-behaviours such as the
distinct spiral patterns discussed in [2], an emergent behaviour which can not
be traced to any of the simple rules guiding the lives of individual animats. A
number of formation patterns can be seen in Figure 1.

Figure 1: A typical situation at step 3000. Predators are black, prey is white
and they inhabit a square “grassed area” with a grass value of 60. Various
emergent formations have appeared including spirals.
One of the major problems facing multi-agent models is that of achieving
local views for every agent because numerous global parameters are often imposed on all agents equally, irrespective of any local situation. For example,
many genetic algorithms use globally imposed fitness functions to decide which
organisms live or die. Such global e↵ects may constrain emergent behaviours
and we have refined our model to ensure that animat behaviour is governed by
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local criteria. Each animat eats, breeds or moves depending only on the proximity (and actions) of its neighbours. There is no global fitness function – there
is only life or death.
Our model enables research into far more complex emergent behaviours than
many previous systems because it simulates large numbers of higher-order animals. Further work is planned to study the interactions of di↵erent types of
animats within the same community, e.g. “workers” and “soldiers”. Our latest
research project is to demonstrate that altruism can evolve naturally among
animats and that it benefits both the group and the individual [10].
This paper consists of the following sections: A brief overview of our predatorprey simulation in section 2; an outline of an experiment involving cooperating
predators in section 3; the results of the experiment are presented in section 4;
and finally, a brief summary and conclusion in section 5.
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Our model consists of two species of interacting animats – the predators and
the prey. Animats have a very simple state: a health variable; an age; and a
location. Prey consume “grass” which is assumed to be continually replenished
and we can adjust the “nutritional value” and position of the grass. Predators
consume only prey and other things being equal we can reproduce the well
known boom-bust limit cycles predicted by predator-prey models such as the
Lotka-Volterra coupled di↵erential equations [11, 12].
Every animat carries a small set of rules that govern its behaviour and this
rule set is passed on unchanged to any o↵spring. We have experimented with
changing the order (priorities) of the rules and have investigated which rule sets
generate the most successful animat groups [13]. The rule priorities used in this
experiment are shown in Figures 2 and 3.

Figure 2: Predator rule set showing priority order. An animat executes one
rule each timestep. If the conditions for a particular rule are not satisfied, the
animat attempts to execute the next rule.
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Figure 3: Prey rule set showing priority order.

Breeding only has a certain chance of success. This is a simple alternative
to factoring in a host of complicated parameters including birth defects, nutrition, adequate shelter and so on. Note that the “Eat Prey” rule assumes that
predators are always able to catch and consume adjacent prey. It is this rule
that will be modified in the experiment described in section 3.
Rules are considered in a strict priority order. Each time-step, every animat
attempts to execute the first rule in its rule set. However, most rules have
conditions so can often not be executed. For example, predators can only eat
prey if the prey is actually adjacent. If the conditions for the first rule can not
be satisfied, the animat attempts to execute the next rule in the set and so on.
All animats in the model have a “current health” value. This value (in some
ways analogous to “internal energy”) is reduced each time-step and if it reaches
zero the animat “starves to death”. If an animat eats something (predators eat
prey and prey eat “grass”) then the current health value will be increased by a
certain amount, although it may never be increased past the maximum health
value which is predetermined for each animat species. A “well-fed” animat has a
current health value of two-thirds or more of the maximum. A “hungry” animat
has a current health value of less than one-third of the maximum. Only well-fed
animats can breed and only hungry animats can eat or seek prey. The concepts
of health values and animats eating are discussed in [14].
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Grass can be placed in specific locations on the map and each grassy area carries
a specific “grass value”. When a prey animat eats the grass, its current health is
increased by the grass value. This means that animats will do well on grass with
a higher value and will struggle to survive on grass with a lower grass value.
The snapshot provided in Figure 1 shows animats on a square grassy area with
a grass value of 60. This is considered to be an above average value and the
animat populations are thriving.
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We then conducted an experiment to examine whether it was possible to
lower the grass value but modify animat behaviour in some way in order to make
best use of the reduced resources. One suggested solution was to get predators to
cooperate and hunt in pairs. This was accomplished in the following two stages.
The first stage was to modify the model so that predators only had a relatively
small chance of actually catching prey. In addition predators were penalised
a certain number of health points for engaging in a hunt (whether successful
or not). If health points are equated with energy, this can be thought of as
“expending energy” during the hunt. The grass value was lowered from 60 to
40 and the new penalties were introduced. This caused significant changes to the
model as the predator population was greatly reduced and this, in turn, caused
the prey population to increase. The complex features shown in Figure 1 vanish
to be replaced by a uniform mass of mixed predators and prey – see Figure 4.

Figure 4: Step 3000 with a grass value of 40. Predators have only a 30% chance
of catching prey and are also penalised for every hunt (whether it is successful
or not). Predators are black and prey are white. The predator population has
decreased allowing the prey population to increase. All formations and clusters
have disappeared.
The second stage of the experiment was to introduce cooperative behaviour
amongst the predators. The model was changed such that when a predator
decides to execute the “Eat Prey” rule, it seeks support from its immediate
neighbours. If there is another predator immediately adjacent it will assist in
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the hunt and thereby double the chances of catching prey. Note that predators
can only be assisted by adjacent predators. There is no “long-distance communication” and if a predator becomes isolated then it is forced to hunt on its
own. (At this stage predators only hunt in pairs but the potential exists for
predators to hunt in larger packs in which it is quite possible that some sort
of pack macro-behaviours may emerge.) Cooperative hunting led to a dramatic
increase in the predator population with a corresponding decrease in prey. New
and interesting formations emerged that appeared to be a mixture of the formations previously appearing in Figures 1 and 4. Figure 5 shows these new
formations in which spirals are still emerging despite changes to the size and
shape of clusters.

Figure 5: Step 3000 with a grass value of 40. Predators are penalised for an
unsuccessful hunt but they are working as cooperating pairs and thus doubling
their chances of success. Predators are black and prey are white. New formations (still including spirals) have emerged which appear to be a mixture of
those shown in Figures 1 and 4.
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Results

The results of the experiment are presented in Figure 6. The third and fourth
lines (when looking at the right-hand side of the graph) show the predator
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Figure 6: Results of the experiment. From top to bottom the lines represent
the following populations of predators: Top line – predators when hunting as
cooperating pairs and a grass value of 40; Second line (at the right-hand side) –
predators not cooperating and penalised for hunting (also a grass value of 40).
Third line – predators in the original model (no penalties and no cooperation)
with a grass value of 60. Bottom line – predators in the original model with a
grass value of 40. Fluctuations or experimental uncertainties are around ±1000
predators (between 1% and 3%).

populations in the original model. These are predators with a 100% chance of
catching and consuming adjacent prey. These populations are both quite stable
and show the drop in numbers when the grass value is reduced from 60 to 40.
The results become interesting when the predator “Eat Prey” rule is adjusted
to (a) reduce the chance of successfully catching adjacent prey to 30% and (b) a
penalty is introduced (health points are deducted) for hunting – irrespective of
whether the hunt was successful or not. Predators are now less likely to catch
prey and, initially, predator numbers are the lowest in the graph and increase
only very slowly. However, because the prey population is not reduced at the
normal rate, it too increases and thereby makes it more likely that an individual
predator will have an abundance of adjacent prey. This means that (somewhere
between steps 1000 and 1500) the predator population is able to overtake those
of the original model. However we postulate that this increase is not sustainable
and the predator population will reach a critical point and then decline. This
boom-bust cycle has been well documented in previous discussions of the model
[13]. The top line of the graph clearly shows the benefits of hunting in pairs as
the predator population is significantly higher, even though the usual boom-bust
cycle is present.
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Summary

As we have shown, the model exhibits some quite dramatic changes when cooperation is introduced in the form of pack-hunting. The main outcome is that
the animats are able to make much better use of the existing “land mass”.
The interactions between groups of animats are driven by a mix of boundary
e↵ects and microscopic intermingling. The result is that there is still a high
degree of spatial complexity in Figure 5 compared to that of Figure 4. On the
other hand there are fewer regions of no animat activity – as there are in the
non-cooperative model shown in Figure 1.
We are presently developing some other multi-agent analysis metrics such
as animat autocorrelation functions. These are expected to emphasise quantitatively what seems clear enough qualitatively in the configuration snapshots.
We are also investigating variable hunting-pack sizes.
We believe models such as ours, that posit a spatial collection of greater
than 105 animat agents, are a good framework for investigating emergence and
other cooperative e↵ects in multi-agent systems.
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