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Abstract. We herein revisit the predator-prey pursuit problem – using very
simple predator agents. The latter – intended to model the emerging micro- and
nano-robots – are morphologically simple. They feature a single line-of-sight
sensor and a simple control of their two thrusters. The agents are behaviorally
simple as well – their decision-making involves no computing, but rather – a
direct mapping of the few perceived environmental states into the corresponding
pairs of thrust values. We apply genetic algorithms to evolve such a mapping that
results in the successful behavior of the team of these predator agents. To
enhance the generality of the evolved behavior, we propose an asymmetric
morphology of the agents – an angular offset of their sensor. Our experimental
results verify that the offset of both 20° and 30° yields efficient and consistent
evolution of successful behaviors of the agents in all tested initial situations.
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1 Introduction

Multi-agent systems (MAS) are widely applied for problem solving, software engi-
neering, and the simulation of (human, robotic, etc.) societies. Owing to their complex,
non-linear nature, MAS can often solve problems that a single agent cannot tackle. In
our work, we consider MAS as a model of a society of mobile robots. We are especially
interested in the emerging small-scale robots – micro- and nano-robots – that are
promising candidates in future manufacturing and biomedicine [1]. However, several
challenges are currently hindering the progress of the real-world applicability of these
robots. Because of the physical constrains due to their small size, these robots could not
be morphologically advanced – both the sensors and the actuators would have to be
rather simple. Further, their behavior would be simple as well. It would not involve any
computing; instead, it would feature a direct mapping of the (few) perceived envi-
ronmental states into actuators commands. Additionally, such robots would most likely
be unable to communicate with each other. As an example of such robots, we consider
robots equipped with a single line-of-sight sensor providing only two bits of
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information, and two thrusters (wheels, in two dimensions, or propellers, in three-
dimensional environments) in a differential drive configuration, controlled by two
motors. Specifically, we focus on the two-dimensional (2D) implementation of such
robots, first modeled as agents by Gauci et al. [2]. The agents could self-organize to
solve the simple robot aggregation problem. A similar framework also successfully
solved the more complex object-clustering problem, in which the agents need to
interact with an introduced static object [3]. The ability of such agents to conduct a
social (surrounding) behavior in an environment featuring dynamic objects was
demonstrated in solving the shepherding problem, where a team of simple agents
guided multiple dynamic agents toward a defined goal [4].

In our current research, we considered the emergence of complex social behaviors
of a team of similar and very simple agents in a different task – the well-studied, yet
difficult to solve predator-prey pursuit problem (PPPP) [5–8]: eight identical, simple
agents (predators) are used to capture a single dynamic agent (prey). Our objective is to
investigate whether the PPPP is solvable by the team of such simple predator agents.
Further, we investigated the feasibility of applying genetic algorithms (GA) to evolve
direct mapping of the four perceived environmental states into the respective velocities
of the wheels of the predators that yield the social behavior of the predators, resulting in
the successful capturing of the prey.

The primary motivation of our work is the recognition that several real-world
scenarios – such as pinpoint drug delivery, surrounding and destroying (cancer) cells or
bacteria, and gathering around cells to facilitate their repair or imaging [1] – could be
modeled by the our new instance of the PPPP.

The remainder of this article is organized as follows. Section 2 describes the
entities in the PPPP. In Sect. 3, we elaborate the GA, adopted for the evolution of
predator behaviors. In Sect. 4, we present the experimental results and introduce the
proposed asymmetric morphology of predators. In the same section, we elaborate on
the robustness of the evolved behavior. In Sect. 5 we discuss the effect of varying the
degree of the asymmetry of the morphology on the behavior of the predators. We draw
a conclusion in Sect. 6.

2 The Entities

Each of the eight identical predators models a simple cylindrical robot with a sensor
featuring a limited range, and two wheels, controlled by two motors in a differential
drive configuration. The features of the predators are shown in Table 1.

The sensor provides two bits of information: each bit encodes if an entity (predator
or prey) – is detected in the line of sight. The sensor, aligned with the longitudinal axis
of the agent, could comprise two photodetectors, sensitive to non-overlapping wave-
lengths of (ultraviolet, visible, or infrared) light emitted by the predators and prey,
respectively. Such sensors allow the predators to perceive only four discrete environ-
mental states, as shown in Fig. 1. The state <11> is the most challenging one, and it
could be sensed under the following two assumptions: the prey is taller than the
predators, and do not obscure the shorter predators, the cross-section of the prey is
either narrower than that of the predators, or (at least partially) transparent for the light
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perceived by the predators. The perceived environmental states do not provide the
predators with any insight about the distance to the perceived entities, nor their total
number.

The reactive behavior of the predator agents could be described as a direct mapping
of each of the four perceived environmental states into a corresponding rotational speed
of the wheel motors. For simplicity, hereafter, we will assume a mapping into the linear
velocities of the wheels, expressed as a percentage – within the range [−100% …
+100%] – of their respective maximum linear velocities. The decision-making of the
predator agents could be formally expressed by the following octet D:

D ¼ V00L;V00R;V01L;V01R;V10L;V10R;V11L;V11Rf g ð1Þ

where V00L, V00R, V01L, V01R, V10L, V10R, V11L, and V11R are the linear velocities (as a
percentage of the maximum linear velocity) of the left and right wheels of the predators
for the perceived environmental states <00>, <01>, <10>, and <11>, respectively.

Our objective of evolving (via GA) the optimal direct mapping of the four per-
ceived environmental states into their respective velocities of wheels could be
rephrased as evolving such values of the velocities, shown in the octet in Eq. (1),
resulting in an efficient capturing behavior of the team of predator agents.

The prey features an omnidirectional sensor with limited visibility range. The vis-
ibility range is shorter – 50 units (e.g., nm, lm, mm, etc.) compared to the 200 units of
predators (Table 1). The maximum speed of the prey, however, is identical to that of the
predators. Such sensory- and moving abilities of the entities result in an inherently
cooperative environment for the predators: it would be impossible for them to capture
the prey alone, without cooperating with each other. In contrast to the predator

Table 1. Features of the predator- and prey agents

Feature Value of the feature
Predators Prey

Number of agents 8 1
Diameter (and wheel axle track), units 16 16
Max linear velocity of wheels, units/s 10 10
Max speed of agents, units/s 10 10
Type of sensor Single line-of-sight Omni-directional
Range of visibility of the sensor, units 200 50
Orientation of sensor Parallel to longitudinal axis NA

State <00> 

Ai

Prey

State <01>

Ai
Prey

State <11>

Ai
Prey

State <10> 

Ai
Prey

Fig. 1. The four possible environmental states perceived by (any) predator agent Ai.
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behaviors, the prey behavior is handcrafted. It attempts to escape from the closest
predator (if any) by running at its maximum speed in the direction that is opposite to the
direction of the predator, if the latter is detected [8]; otherwise, it remains still.

The world is simulated as an unbounded 2D area. The perceptions, decision
making, and the resulting new state (e.g., location, orientation, and speed) of the agents
are updated with sampling interval of 100 ms. The duration of trials is 120 s, modeled
in 1200 time steps. We approximated the new state of predators in the following two
stages. First, we calculated the new orientation from the current orientation, yaw rate
(obtained from the difference between the linear velocities of the wheels, and the length
of the axis between wheels), and sampling interval duration. Subsequently, we cal-
culated the new position (as 2D Cartesian coordinates) as a projection (in time, equal to
the sampling interval duration) of the vector of the predator’s linear velocity. The
vector is aligned with the newly calculated orientation, and its magnitude is equal to the
average of the velocities of the wheels.

3 Evolving the Behavior of Predator Agents

MAS, as complex systems, feature a significant semantic gap between the hierarchi-
cally lower-level properties of the agents, and the (emergent) higher-level properties of
the system as a whole. Thus, we could not analytically infer the optimal velocity values
of the wheels of the agents from the desired behavior of the team of predator agents.
Therefore, we applied the GA – a nature-inspired heuristic approach to gradually
evolve good values of the parameters, similar to the evolution of species in nature. GA
have proven to be efficient in finding the optimal solution(s) to combinatorial opti-
mization problems featuring large search spaces [9, 10]. Thus, consonant with the
concept of evolutionary robotics [11], we adopted the GA [12] to evolve good values of
the eight velocities of the wheels of the predators that resulted in an efficient behavior –
presumably involving exploring the environment, surrounding-, and capturing the prey
– of the team of predators. The algorithmic steps of the GA are shown in Fig. 2, and its
main attributes are elaborated below. The main parameters of the GA are summarized
in Table 2.

Step 1: Creating the initial population of random chromosomes; 
Step 2: Evaluating the population;
Step 3: WHILE not (Termination Criteria) DO Steps 4~7:
Step 4: Selecting the mating pool of the next generation;
Step 5: Crossing over random pairs of chromosomes of the mating pool;
Step 6: Mutating the newly created offspring; 
Step 7: Evaluating the population; 

Fig. 2. Main steps of GA
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3.1 Genetic Representation

The decision-making of the predator agents is encoded genetically as a “chromosome”.
The latter consist of an array of eight integer values (“alleles”) of the evolved wheel
velocities of the agents, as shown in Eq. (1). These values are within the range [−100%
… +100%], and are discretized into 40 values, with an equal interval of 5% between
them. This number of discrete values provides an acceptable trade-off between the
resolution of the evolved velocities and the size of the search space (408) of the GA.
The size of the population is 400 and the breeding strategy is homogeneous – each
chromosome is evaluated after being cloned to all eight predator agents.

3.2 Genetic Operations

We employed a binary tournament selection. It is computationally efficient, and has
been proven to provide a good trade-off between diversity of the population and the
fitness convergence rate [10]. Further, we implemented – with equal probability – both
one- and two-point crossovers. The two-point crossover results in an exchange of the
values of both velocities (of the left- and right wheels, respectively) associated with a
given environmental state (e.g., both V01L and V01R). This reflects our assumption that
the velocities of both wheels determine the moving behavior of the agents (for a given
environmental state); therefore, they should be treated as a whole – as an evolutionary
building block. The one-point crossover is applied to develop such building blocks
(exploration of the search space), while the two-point crossover is intended to preserve
them (exploitation).

3.3 Fitness Evaluation

To evolve predator behaviors that are general to several initial situations, we evaluated
the objective (fitness) function (OF) of each of the evolved chromosomes on 10 dif-
ferent initial situations. In each of these situations, the prey is located in the center of

Table 2. Parameters of GA

Parameter Value

Population size 400 chromosomes
Selection Binary tournament, ratio: 10%, and elitism, ratio: 1%
Crossover Both single- and two-point
Mutation Random single-point (with even distribution), ratio: 5%
Fitness cases 10 initial situations
Duration of the trial 120 s per situation
Value of OF Sum of OF values of each situation:

Successful situation: time needed to capture the prey
Unsuccessful situation: 10,000 + shortest distance
between the prey and any predator

Termination criteria (OF < 600) or (#Generations > 200) or (OF stagnation for
32 generations)
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the world. The predators are scattered in a small cloud situated south of the prey
(Fig. 3). The OF is the sum of the values, scored in each of the 10 initial situations. For
a successful situation, the OF is the time needed to capture the prey (selection favoring
the lowest values). For an unsuccessful situation, the OF is calculated as the sum of
(i) the closest distance, registered during the trial, between the prey and any predator,
and (ii) a penalty of 10,000. The former component provides evolution with a cue
about the comparative quality of the different unsuccessful behaviors. We verified
empirically that this heuristic quantifies the “near-misses” well, and correlates with the
chances of the predators – pending small evolutionary tweaks to their genome – to
successfully capture the prey in the future. The second component penalizes heavily the
lack of success of the predators in any given initial situation.

Our PPPP is an instance of a minimization problem, as a lower OF value corre-
sponds to a better performing team of predator agents. The evolution terminates on OF
values lower than 600, which implies a successful capture of the prey in all 10 initial
situations in an average time shorter than 60 s (i.e., half of the trial duration).

4 Experimental Results

4.1 Evolving the Team of Straightforward Predator Agents

The experimental results of 32 independent runs of the GA evolving the predator
behaviors are illustrated in Fig. 3. As Fig. 3 (top left) illustrates, the mean value of the
OF slowly converges to approximately 60,000, indicating that, on average, only 4 (of
10) initial situations could be successfully resolved (Fig. 3, bottom left). The best
result, achieved by the team of predators, is only 6 successful situations. These results
suggest that the PPPP is, in general, intractable.
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Fig. 3. Convergence of the values of best objective function (top left) and the number of
successful situations (bottom left) of 32 independent runs of GA. The bold curves correspond to
the mean, while the envelope shows the minimum and maximum values in each generation.
A snapshot of a sample initial situation is shown on the right.
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4.2 Enhancing the Morphology of Predators

To improve the generality of the evolved predator behaviors, we focus on modifying
their morphological features. The last of the features listed in Table 1 – the orientation
of the sensors – implies a straightforward implementation of the agents. This, indeed, is
the common configuration of predators (e.g., [4]). We are interested in whether an a
priori fixed asymmetry – an angular offset – would facilitate the evolution of more
general behaviors of the team of predators. We speculate that a sensory offset would
allow the predators to realize an equiangular (proportional) pursuit of the prey, aiming
at the anticipated point of contact with the moving prey, rather than the currently
perceived position of the prey.

In our experimental setup, we fixed the offset of all predators to 10°, 20°, 30°, and
40° counterclockwise and conducted 32 evolutionary runs of the GA for each of these 4
configurations. The results are shown in Figs. 4a, b, c, and d, respectively, and sum-
marized in Table 3. As Fig. 4a and Table 3 illustrate, offsetting the sensors by only 10°
significantly improves the generality of the evolved predator behaviors. They can
resolve all 10 situations in 30 (93.75%) of the 32 evolutionary runs. The probability of
success – the statistical estimation of the efficiency of evolution, defined for the PPPP
as the probability to resolve all 10 initial situations, reaches 90% by generation #60
(Table 3). The terminal value of the OF in the worst evolutionary run is 10,987,
corresponding to only one unresolved initial situation.
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Fig. 4. Convergence of the values of best objective function (top) and the number of successful
situations (bottom) of 32 runs of GA evolving predators with sensor offset of (a) 10°, (b) 20°,
(c) 30°, and (d) 40°, respectively. The bold curves correspond to the mean, while the envelope
illustrates the minimum and maximum values in each generation.
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More efficient evolution and more general behaviors were obtained for the sensory
offsets of 20° and 30°. As Fig. 4b and Table 3 depict for 20°, the predators successfully
resolved all 10 initial situations in all 32 evolutionary runs. The probability of success
reaches 90% relatively quickly – by generation #9 (Table 3). Both the efficiency of
evolution and the generality of the predator behaviors are similar for agents with a
sensory offset of 30°, while these two characteristics deteriorate with the further
increase of the offset to 40° (Figs. 4c, d, and Table 3).

4.3 Robustness of the Evolved Behavior to Noise

We examined the effect of a random perceptual noise on all evolved behaviors of the
most general predators – those with sensory offsets of 20° and 30°. We introduced two
types of noise – a false positive (FP) and false negative (FN), respectively. The FP
results in either of the two bits of perception information to be occasionally (with a given
probability) read as “1” regardless of whether an entity is detected by the predators.
The FN results in readings of “0” even if an entity is the line of sign. The best results
with the increase in the amount of noise from 0 to 16% (Fig. 5a and b) were achieved by
a predator with a sensor offset of 20°, as shown in Table 4. The OF value of such
predators in a noiseless environment is 552 – close to the average (588) and far from the
best evolved (468). Interestingly, the same behavior, being evolved for the sensor offset
of 20°, exhibits an impressive robustness to errors in the angular positioning of the
sensor, as well. As shown in Fig. 5c, the predators can resolve 9 (of 10) initial situations
when the sensor offset of all the agents is set to any value between 10° and 40°.

Table 3. Efficiency of evolution of the team of predator agents

Offset Terminal value of objective function Successful runs # Generations needed to
reach probability of
success 90%

Best Worst Mean Standard
deviation

Number In % of
32 runs

No
offset

40,928 70,729 61,064 8,516 0 0 NA

10° 504 10,987 1,310 2,531 30 93.75 60
20° 468 818 588 57.2 32 100 9
30° 495 713 574 38.5 32 100 12
40° 475 40,903 1,840 7,128 31 96.875 15
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Fig. 5. Robustness of a sample best evolved behavior of predators with sensor offset of 20° to
random false positive (FP) noise (a), false negative (FN) noise (b), and to error in angular
positioning of the sensor (c).
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The team of predators exhibits three emergent behaviors, as illustrated in Fig. 6
(a movie is available at http://isd-si.doshisha.ac.jp/itanev/SA/): (i) exploring the environ-
ment by dispersing themselves into a wide area in the world (t = 0 and t = 20 s),
(ii) shepherding (t = 30 s and t = 40 s), and (iii) capturing the prey (t = 50 s and t = 55 s),
respectively. The agents commence the trial (t = 0) with no entity in sight. Controlled by
<V00L = 25%, V00R = 100%> (Table 4) they turn to the left until either a predator (most
likely) or a prey is detected. Detecting a predator activates the setup of the wheels <V10L =
−25%, V10R = −20%>, resulting in both turning slowly and moving (dispersing) away
from the perceived predator. Such a dispersion widens the area of the cloud of predators and
enhances their ability to explore the environment and to detect the prey (t = 0 s and t =
20 s). When the predators detect the prey, they activate the setup <V01L = 100%, V01R =
100%>, resulting in a chase of the prey in the forward direction with maximum speed
(Fig. 6, t = 20 s and t = 30 s). As a result of the optical parallax, during the chase, the prey
might become temporarily invisible, as shown in Fig. 7 (left) and Fig. 7 (middle). When
this occurs, the predator activates the setup <V00L = 25%, V00R = 100%>, which yields a
counterclockwise rotation towards the invisible prey. The predator exhibits an embodied
cognition that the parallax is a result, in part, of its own forward motion; therefore, the new
location of the prey is – due to the counterclockwise offset of the sensor, –most likely on the
left of its own orientation. Therefore, the virtue of the sensor offset is in the more deter-
ministic direction of the prey disappearance, which facilitates a faster rediscovery of the
latter by the predator (Fig. 7 (middle) and Fig. 7 (right)). The predator could quickly
rediscover the prey by turning slightly (and quickly) by only a few degrees to the left (a).
Conversely, in an eventual straightforward implementation of the sensor, the predator
would need to turn a degrees if the direction of turning by chance coincides with the new
location of the disappeared prey, or (360-a) degrees otherwise. Because, from the predator
viewpoint, the moving of the disappearing prey is non-deterministic, on average, the
predator would have to turn 180° – i.e., much wider (and slower) than turning only a few
degrees (a), as with an offset sensor. Moreover, such a chase, due to the sensor offset, yields
a counterclockwise, circular trajectory of both the chasing predator(s) and the prey (Fig. 7
(right)), thereby resulting in shepherding (driving) the prey back into the (already widely
dispersed) other predators. Surrounded from all sides of the world by both current and
newly encountered chasing predators, the prey is finally being captured (Fig. 6, t = 40 s,
t = 50 s and t = 55 s).

In hindsight, we could also argue that the initial dispersion illustrates the emergent
strategy of the predators, i.e., for a capture, only three of them (the “critical mass”)
would be sufficient. By moving away from each other, most of the predators move
further away from the prey as well (Fig. 6, t = 0 and t = 20 s), thereby compromising
their chances to capture the prey. However, such an altruistic behavior results in a faster

Table 4. Evolved velocities of wheels of predators that result in a behavior that is most robust to
noise. The sensor offset is 20°.

V00L V00R V01L V01R V10L V10R V11L V11R

25% 100% 100% 100% −25% −20% 100% 100%
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discovery – and a faster capture of the prey by some (e.g., just three) predators,
presumably, for the benefit of the whole team.

5 Discussion

As the experimental results indicate, the proposed asymmetric morphology imple-
mented as an angular offset of the sensors of the predators facilitates both (i) a more
effective behavior of predators, and (ii) more efficient evolution of such behavior. The
offset contributes to a counterclockwise, circular trajectory of shepherding (driving) the
prey back into the pack of the predators. The offset results in more deterministic, and
therefore – faster redetection and chase of the prey during shepherding. The offset of
20° and 30° provides an optimal speed of such a chase. Lower values of the offset
imply that the last detected position of the disappeared prey would be closer to the
longitudinal axis of the predator, and therefore, a less deterministic – either to the left or
to the right of the longitudinal axis – actual location of the prey. It is therefore less
certain if the prey disappeared to the left or to the right of the longitudinal axis. This, in
turn, would result in a slower rediscovery of the prey. Alternatively, higher values of
the offset would imply a higher value of the tangential- and lower value of the radial
(i.e., towards the prey) component of the vector of the speed of chasing predator that
the chasing predator is moving tangential to the prey rather than toward the prey., and
consequently, This will result in a slower overall chasing speed of the latter. In
addition, this would result in a too a circular trajectory of the chased prey. It would be
less likely for such a trajectory to head towards the pack of the other (dispersed)
predators.

Despite the simplicity of the predator agents, the emergent shepherding behavior of
the evolved team of these agents is very similar to the cooperative hunting strategy of the

t=0 s t=20 s t=30 s t=40 s t=50 s t=55 s

Prey

Fig. 6. Phases of a sample best evolved behavior of the predators with sensor offset of 20°.

Time step t,
Environmental state: <01>

Speed of wheels:<100%,100%>

Ai

Prey

Time step t+1,
Environmental state: <00>

Speed of wheels: <25%,100%>

Ai

Prey

Time step t+2,
Environmental state: <01>

Speed of wheels: <100%,100%>

Ai

Prey

α

Fig. 7. Reliable tracking of the prey by chasing predator Ai.
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bottlenose dolphins (Tursiops truncatus) in nature: one individual assumes the role of a
‘driver’, herding the fish in a circle towards the remaining ‘barrier’ of dolphins [13].

6 Conclusion

We examined a PPPP featuring very simple, non-computing predator agents, equipped
with a single line-of-sight sensor and a simple control of velocities of their two wheels.
We applied a GA to evolve the successful behavior of the team of predator agents. To
enhance the generality of the evolved behavior, we proposed an asymmetric mor-
phology of the predators. Offsetting their sensors angularly to 20° and 30° yielded the
most efficient and consistent evolution of successful behaviors of agents.

In our future work we are planning to evolve the optimal value of the offset as an
algebraic function of the most relevant parameters (e.g., speed, range of sensors,
diameter, etc.) of both predator- and prey agents. Also, we will consider a more
sophisticated behavior of the prey.
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