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ABSTRACT
Artificial life systems attract the attention of researchers
due to their ability to model and study natural processes by
means of software and hardware simulating environments.
One of these is the predator-prey concept which is widely
used for modeling the relations in ecosystems where the
members have contradictory goals. The article suggests a
software model of multi-agent predator-prey system. We
engaged the obvious biological principles to construct the
model parameters laws of variation. The goal of the article
is to evaluate the model lifetime dependencies. The experi-
ments aimed at obtaining the best ratios of predators-prey
populations and the grass growing intervals were performed.
A balance between random and non-random model compo-
nents has been estimated. The macro-parameters’ combi-
nations returning the mean lifetime value overcoming 10-20
times the values obtained when using macro-parameters set
at random have been defined. It has been also found that
the grass growing amount and interval affect the vitality of
the model, consequently, the hypothesis of optimal feeding
ratio has been inferred.

Categories and Subject Descriptors
I.2.11 [Artificial Intelligence]: Distributed Artificial In-
telligence

General Terms
Algorithms, Performance, Experimentation
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1. INTRODUCTION
Artificial life systems provide a powerful tool for studying

biological evolution phenomena by means of numerical ex-
periments. Artificial life models have been in focus of the
researchers since the middle of the 20-th century. Since then
the main concepts in this area have been introduced and a
number of approaches has been applied to software modeling
of ALife systems, such as game theory [2], [6] optimization
including genetic algorithms [4], neural networks [1], search
algorithms [5] etc.

Despite the extensive ALife research and numerous in-
struments for simulation we developed from scratch a cus-
tom lightweight and fast ALife implementation which makes
possible a large number of statistical experiments using ordi-
nary computational device. Also for future work and collab-
oration the model code is open-source and extendable. The
article suggests a software model of multi-agent predator-
prey system. We used the obvious biological assumptions
to choose the model parameters analytical description. The
elementary model of a single-agent (an animal) is based on
a number of features typical for natural predator-prey sys-
tems: age; relative velocity and vision; reproduction mech-
anism; nutritive value of food; energy and stamina. The
agents are driven by their ”brain”, they have four types of
behavior and make the decisions based on the state of the
environment. The goal of the research presented in this ar-
ticle is to simulate the predator-prey world, to study the
lifetime dependencies of the model discussed and to keep it
extensible and agile.

2. MODEL
The multi-agent predator-prey artificial life system is con-

sidered to have three agent types: predators, preys and
grass. The model derivation process includes the construc-
tion of a:

1. Single agent model, i.e. agent life processes model.
2. Multi-agent model.

2.1 Single agent model
It is assumed in the research that predators and preys are

described by a number of temporary evolving parameters
(Eq. 1): age (Eq. 3); velocity (Eq. 4); life energy (Eq. 5);
stamina (Eq. 7); vision (Eq. 9). At the same time, grass
is characterized by only one parameter (Eq. 2). A number
of steps t is taken by the authors as an independent argu-
ment, while the model parameters depend upon it directly
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or implicitly.
The agent model is defined by:

{Animal}Ni=1 = {Ai, Vi, Ei, Si, Ri}) (1)

{Grass}Mi=1 = {Ai} (2)

A = α · t (3)

V ≤ Vmax = β · V0 (4)

E ≤ Emax = λ · E0, (5)

∆E = E(t)−E(t− 1) = γ ·Efood− ε ·Elife− ζ ·Emove (6)

S ≤ Smax = θ · S0 (7)

∆S = S(t)− S(t− 1) = η · Smove, (8)

R = ρ ·R0, (9)

where ζ, η are covered distance-dependent linear coefficients,
λ, β, γ, ε, ρ are age-dependent polynomial coefficients, θ
is energy-dependent exponential coefficient and α, V0, E0,
Efood, Elife, Emove, S0, Smove, R0 are constants (see Ap-
pendix 1).

Figure 1: Model coefficients

2.2 Multi-agent model
Multi-agent modelling is performed in a rectangular closed

area of l × w size with cells, where l is the area length; w
is its width. Each agent occupies one cell. It moves on a
number of cells and it depends on the velocity. The world
(W ) of multi-agent model consists of:

W = {{Animal}ND
i=1, {Animal}

NY
j=1, {Grass}

NS
k=1} (10)

where ND = NpreDators, NY = NpreY s, NS = NgraSs are
partial amounts of each type of agents measured in cells.

A global energy over model is determined as the sum of
life energy of predators and preys:

EW =
(ED + EY ) · ED · EY

1 + ED · EY
(11)

where ED =
∑ND

i=1 EpreDator, EY =
∑NY

i=1EpreY s are agents
life energy. The modeling process stops when ED = 0
and/or EY = 0.

The lifetime Z of the model world W is measured as
the number of steps during which the model stays alive
(EW > 0).

2.3 Model behavior control
The predators and preys have ”brain” and make decisions,

while grass behavior is direct: a fixed amount of grass ap-
pears at random positions within a fixed number of steps.
The decision making system comprises walking, eating, re-
production and pursuit/runaway.

2.3.1 Brain
At each step animal makes decision based on a target list

and its actual energy level is:

k =
E(t)

Emax
. (12)

Every target on the list is a structure [A target type, dis-
tance to target]. This way each agent gets a snapshot of the
environment state around him.

Figure 2: Prey brain

2.3.2 Behavior
Four types of agent behavior are considered:
1. Walking as a free agent moving driven by C++ pseudo-

random generator. During walking the animal spends
the moving energy ζ ·Emove (see Eq.6) and restores its
stamina η · Smove (see Eq.8).

2. Eating as a food consumption process that gives the
energy amount γ · Efood (see Eq. 6). Eating action is
performed within a current step, i.e. instantly.

3. Reproduction as a new agent insertion into the model.
After that the energy level k of a parent is reduced up
to 0.6

4. Pursuit or runaway as moving with maximal avail-
able velocity β · V0 (see Eq.4) towards prey or from
predator along the line connecting their initial posi-
tions. During pursuit or runaway the animal spends
the moving energy ζ · Emove (see Eq.6) and looses its
stamina η · Smove (see Eq.8)

3. EXPERIMENTAL ENVIRONMENT AND
METHODOLOGY

3.1 Environment
The experimental environment is formed by 2 parts: C++

model implementation and the research part deployed on
Jupyter, an interactive data science and scientific computing
web-application (Fig. 3).

The source files of the model can be accessed on GitHub1

and can be compiled. C++ implementation was motivated
by a high performance and efficiency of the language. At

1https://github.com/Zhuikov/predator-prey
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the same time the object-oriented paradigm seems to be rel-
evant to predator-prey models. The development method-
ology driven by unit and functional tests was used.

Our application is multi-platform (tested under Windows 10,
Debian 8.5) and is compiled with Qt Framework.

The model launch parameters, data analysis and visual-
ization of the results for the model testing and experiments
are set by Python scripts in Jupyter notebooks. Jupyter,
NumPy, SciPy and matplotlib packages are installed by the
Conda package management system and the environment
file is also available. A Docker container zhuikov/predator-
prey:20160702 on DockerHub is provided. All the compo-
nents of experimental infrastructure and original artifacts
are available and the results can be easily repeated, repli-
cated or reproduced [3]. C++ application and Jupyter note-
books are launched in continuous integration system Travis CI,
the travis configuration file can be accessed. The tools sum-
mary is placed in Appendix B.

3.2 Model implementation
The model implementation consists of the model core,

graphical user interface (GUI) and command line interface
(CLI) (Fig. 3). The model core implements agents, decision
making and behaviour described in Sec. 2. GUI was imple-
mented with Qt Framework 5.7. It allows model behavior
observation in real-time and parameters tuning. Data ac-
quisition in CSV format is performed through CLI.

Figure 3: Component diagram

3.3 Experiment
The goal of the experiment was to search for macro-

parameters combinations that give the longest model life-
time:

f : {ND × NY ×GN ×GI} → Z (13)

where ND,NY,GN,GI are four vectors of model macro pa-
rameters: a number of predators and preys; grass amount
and growing interval respectively.

3.3.1 Parameter settings
A single-agent model was tuned under the following as-

sumptions:

• The area size is 100× 100 cells.
• The grass appears at GN cells with GI steps interval.
• The agent lifetime limit is set to 1000 steps.

• The age of the first generation of the animals is set to
400 steps.
• The initial energy level is set to a starting level and

holds on for 50 steps to keep young animals alive.
• The stamina decreases rapidly when energy factor k < 0.6.

The model constant parameters has been empirically set.
They are summarized in Appendix 1.

3.3.2 Experiment plan
The experiments were performed within regular plans,

where the elements of ND and NY cover the range of 1−8000
(triangle Fig 4(a)). Then the simulation step was refined
and the experiments were repeated on a part of plan points,
where the maxima were discovered (rectangle Fig 4(a)). The
elements of GN and GI varied in accordance with the trapeze
(Fig. 4(b)), after that the experiment was repeated at the
plan points inside the rectangle at Fig. 4(b).

(a) (b)

Figure 4: Experiment plan: (b) ND and NY; (a) GN and GI

4. RESULTS AND DISCUSSION
The model was run once at each plan point and the life-

time values Zi ∈ Z it returned were stored. One can notice,
that those plan points {N i

D, N
i
Y , G

i
N , G

i
I} where the lifetime

local maxima were observed are located in the vicinity of
each other. For all local maxima points the grass growing
amount versus growing interval ratio was near 5 : 2 and
the predators/preys ratio was in the range from 1 : 200 to
1 : 4000. The model was launched again only for those plan
points where these ratios were held.

The model launch around maxima with finer simulation
step size resulted in ridge-like peaks of the function Z =
f(ND,NY) for GN = 50 and GI = 20. The ridges stretch
along the line of best ratios (Fig. 6(a)), and Z = f(GN,GI)
with fixed NP = 1 and NY = 1200 (Fig. 6(b)).

Since the agents’ positions were randomly defined, the life-
time breakdowns for best ratios and for arbitrary ones were
explored. The results got from model launched with differ-
ent random seeds allow to deduce that best ratios return the
mean lifetime value that overcomes 10–20 times the values
obtained using macro-parameters set at random (Fig. 7(a),
7(b)).

5. FUTURE WORK
The group pursuit strategies and search algorithms as well

as amphigenetic agents reproduction may be applied and
implemented. Genetic algorithms seem to be fruitful for
further parameters tuning and evolution modeling.

6. CONCLUSIONS
The multi-agent Alife model to explore predator-prey sys-

tem has been suggested. The authors used biologically rea-
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(a) (b)

(c) (d)

Figure 5: Lifetime dependencies: (a) Z = f(ND,NY) for
GN = 50 and GI = 20; (c) Z = f(ND,NY) for GN = 100 and
GI = 40; (b) Z = f(GN,GI) for NP = 1 and NY = 1200; (d)
Z = f(GN,GI) for NP = 1 and NY = 3600.

(a) (b)

Figure 6: Best ratio ridges: (a) Z = f(ND,NY) for GN = 50
and GI = 20; (b) Z = f(ND,NY) for GN = 100 and GI = 40.

(a) (b)

Figure 7: Lifetime breakdowns (a) for ND
NY

= 400 : 2700 and
GN
GI

= 75 : 14 (b) for ND
NY

= 1 : 1800 and GN
GI

= 25 : 14

sonable assumptions for the agent and world models con-
struction. The model is defined as a set of functions of mul-
tiple variables which allows to find lifetime extremes. The
programming code is extensible and can be easily accessed
for further experiments and improvement. The relations be-
tween the numbers of agents and grass parameters have been
searched for and some stable ratios when model lives 10–20
times longer than at arbitrary chosen parameter settings
were found.
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APPENDIX
A. MODEL CONSTANTS

Table 1: Parameters

Par. Description Value
α Age scale coef. 0.007

β Velocity coef. A2+2·A
A2+2.3

+ 0.2

V0 Baseline velocity 2

λ Energy coef. A2+2·A
A2+3

E0 Baseline energy 100

γ Food value coef. 5·A2+5·A
7·A2+3

Efood Food energy 165

ε Life coef. A3

(4.5·A3)−(14·A2)+18·A−0.1
+ 2

Elife Life energy 1
ζ Movement coef. 0.2 · L

Emove Movement energy 1
Smove Movement stamina 10

η Movement coef. −2 · V
Vmax

+ 1

S0 Baseline stamina 50

θ Stamina coef. 1− e
−3·E(t)

Emax−E(t)

R0 Baseline vision 8

ρ Vision coef. A2+2·A
A2+2.3

+ 0.2

B. TOOLS

Table 2: Tools

Operating systems Debian 8.5, Windows 10
C++ Framework Qt Framework 5.7.0

Data science and scientific
computing tool

Jupyter 4.1.0,
matplotlib 1.5.1,

NumPy 1.11.0, SciPy 0.17.1
Software containerization

platform
Docker 1.8.3

Continuous integration
system

Travis CI
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