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Abstract—Memetics is a new science that has attracted in-
creasing attentions in the recent decades. Beyond the formalism
of simple hybrids, adaptive hybrids and memetic algorithms,
the notion of memetic automaton as an adaptive entity that is
self-contained and uses memes as building blocks of informa-
tion is recently conceptualized in the context of computational
intelligence as potential tools for effective problem-solving [1].
Taking this cue, this paper embarks a study on Memetic Multi-
agent system (MeM) towards human-like social agents with
memetic automaton. Particularly, we introduce a potentially rich
meme-inspired design and operational model, with Darwin’s
theory of natural selections and Dawkins’ notion of a meme as
the principal driving forces behind interactions among agents,
whereby memes formed the fundamental building blocks of
the agents’ mind universe. Experimental studies on a Mine
Navigation Task indicates the modeling of memetic agents that
resemble the natural way of human interaction can lead to
greater level of adaptivity and effective problem-solving.

I. INTRODUCTION

In the last decades, the new science of memetics which
represents the mind-universe analogue to genetic in culture
evolution has stretched across the field of biology, cognition,
psychology, etc., and attracted significant attentions. Memetic
computation is defined as a paradigm that uses the notion of
meme(s) as units of information encoded in computational
representations for the purpose of problem-solving [2]. It
covers a plethora of potential rich meme-inspired computing
methodologies, frameworks and operational algorithms.

In Dawkins’s book entitled “The selfish Gene” [3], the term
meme is defined as “the basic unit of cultural transmission via
imitation”. In the context of computational intelligence, meme
has been typically perceived as individual learning procedures,
adaptive improvement procedures or local search operators that
enhance the capability of population based search algorithms
[4], [5], [6]. This integration has been established as an
extension of canonical evolutionary algorithm, by the names
of hybrid, adaptive hybrid or Memetic Algorithm (MA) in the
literature, and used successful for solving many real world
search problems, ranging from continuous optimization [4],
[7], combinatorial optimization [8], [9], constrained optimiza-
tion [10] to image processing [11], etc. In spite of the success
that meme has enjoyed, it has remained to play much of a
complimentary role in the “learning” phase of the evolutionary
cycle. Thus the true nature and potential merits of memes

remain yet to be fully exploited in the context of computational
intelligence.

Beyond the formalism of simple and adaptive hybrids
in MA, Situngkir presented a structured analysis of culture
by means of memetics, where meme was regarded as the
smallest unit of information[12]. Heylighen et al. discussed
the replication, spread and reproduction operators of memes
in cultural evolution [13]. Nguyen et al. [14] studied the notion
of “Universal Darwinism” and social memetics in search,
and investigated on the transmission of memetic material
via non-genetic means. Meuth et al. [15] demonstrated the
potential of meme learning and high-order memes for more
efficient problem solving while Acampora et al. [16] intro-
duced memetic agents as intelligent explorers to create “in
time” and personalized experiences for e-Learning. In contrast
to memetic algorithms, significantly fewer studies on other
manifestations of memes for effective problem solving have
been explored, making it a fertile area for further research
investigations. The current paper thus presents an attempt to
reduce this gap.

In a recent survey on the multi-facet views of memetic com-
putation, “memetic automaton” is defined as an adaptive entity
that is self-contained and uses memes as the building blocks of
information that facilitates problem-solving [1]. Conceptual-
ization of memetic automaton unleashes the significant number
of potentially rich meme-inspired design, operational models,
and algorithm frameworks that could form the cornerstones of
memetic computation as tools for effective problem-solving.
Falling back on the basic notion of meme, as the fundamental
building blocks of culture evolution, this paper embarks a
novel study on Memetic Multi-agent system (MeM) towards
human-like social agents with memetic automaton.

In the field of multi-agent system research, one of the core
objectives pertaining to social learning is to benefit from the
mutual interaction through collaborations [17]. Oliveira and
Nunes in [17] showed that the learning process of agents can
be improved by means of advice exchange among the social
agents. In particular, to enhance personal problem solving
capabilities, under-performing agents can seek advice (on
behavior) from other friendly elite agents. Rafael et al. [18]
studied different means of information sharing among the
agents such as case-based reasoning, while Melo et al. [19]
investigated various forms of information that may be imitated



in multi-agent systems, ranging from the observed policies, ob-
served transitions, observed rewards, to the observed sequence
of states. Using the notion of side payments in game-theoretic
research [20], non-explicit transfer of information between
agents may also apply. From a survey of the literature [21],
it is worth noting that most efforts that modeled the learning
and interaction processes among multi-agents assumed perfect
fidelity and fecundity of information transmission.

In reality, however, due to the physiological limits to the
human ability to perceive differences, small amounts of error
below the limits of detection will be introduced during human
interaction [22]. These errors generated the “growth” and
“variation” of knowledge that we have of the world [23] and
hence the higher adaptivity capabilities exhibited on solving
complex and non-trivial problems. Besides social interaction,
the imitation processes of humans is particularly complex
and mostly stochastic in nature. Depending on the cognitive
and mental states of an individual, for example, perceptions,
preferences, beliefs, emotions, etc., infectious memes that
are transferred across agents are assimilated uniquely by the
individuals.

Taking this cue, this paper presents a study on Memetic
Multi-agent system (MeM) towards human-like learning and
interaction. In particular, we consider a manifestation of neu-
ronal memes as memory items or portion of an organism’s
neurally-stored information that fill the mind universe of the
agents. We further introduce a meme-based multi-agent system
that takes inspiration from Darwin’s theory of natural selection
and Dawkins’ notion of a meme and Universal Darwinism
as the principal driving forces (i.e., selection, transmission
and variations) behind the interaction and imitation model of
the agents. The manifestations of memotype as neural meme
embodiments and sociotype as behaviors exhibited by the
agents is then investigated. In the present study, the Temporal
Difference - Fusion Architecture for Learning and Cognition
or TD-FALCON in short [24] forms the basic infrastructure
of our connectionist learning agent, due to its well-established
fast and real-time/online self-learning capabilities. Without
loss of generality, other forms of learning infrastructures may
also apply. The acquired neuronal memes thus forms the
building blocks of the agent mind universe that governs its
adaptation to the ever changing environments. Experimental
study on a Mine Navigation Task demonstrates that modeling
of memetic agents which resemble the natural way of human
interaction can lead to enhanced level of adaptivity and effec-
tive problem-solving.

The rest of this paper is organized as follows: Section II
presents the details of the proposed memetic multi-agent sys-
tem for interactive learning. Section III reports our experiments
and analyzes the performances of our proposed approach on a
Minefield Navigation Task. The brief conclusion and potential
future directions are then presented in Section IV.

II. PROPOSED MEMETIC MODEL

In the design of Memetic Multi-agent System (MeM),
meme representation, meme expression, meme assimilation,

meme internal evolution and meme external evolution form the
core aspects that will be considered. In meme representation,
memes represent the building block of the agent’s mind
universe that are captured as memory items and generalized
as abstractions [25].

Meme expression and assimilation are the processes that
an individual expresses the internal knowledge as actions that
can be observed by others and an individual translates the
observations of the environment and corresponding behaviors
in terms of the respective mind-universe. The expression of
such memes may be encoded as unit of schemata information
(Symbolic), neurally-stored patterns (Connectionist) or other-
wise, that infect other agent’s mind in terms of perceptions,
beliefs, etc.

Meme internal evolution and meme external evolution are
also central to the behavioral aspects of memetic computation.
Dawkins in [3] coined Universal Darwinism to draw the
analogy on participation of genes in genetic evolution to
memes participating in a cultural evolutionary process. Meme
internal evolution denotes the process that updates an agent’s
mind universe via self-learning or personal grooming. Meme
external evolution models the interaction among agents, which
is primarily driven by imitation [26]. With regards to imitation,
meme selection pertains to who one imitates, while meme
transmission and meme variation relates to how one imitates.

The architecture of MeM is depicted in Figure 1, where a
population of agents learn and evolve within a certain environ-
ment. A meme is represented internally as the learned knowl-
edge, and externally as the manifested actions or behaviors. In
the evolutionary process, each learning agent undergoes meme
internal evolution and/or meme external evolution (imitation).
In meme external evolution, meme selection mechanism serves
to identify the appropriate teacher agent to learn from. Meme
variation process models the innovative characteristics of
interactions between agents.

Fig. 1. Illustration of Memetic Multi-agent System

A. Meme Representation
The choice of meme representation forms an essential unit

of memetic computation. Internally, memes define the mind



universe of an agent with respect to its building blocks of
the cognitive space. Externally, meme manifests itself as the
agent’s expressed or observed behavior [13]. In reality, only
the sociotype memes are observed and infect other agents
through interactions. In the subsequent sections, the mani-
festations of memotype as neural meme embodiments and
sociotype as behaviors exhibited by the agents are investigated.

The mind universe of a memetic agent takes the form of
a FALCON model [27], which has a three-channel neural
network architecture (Figure 2), consisting of a sensory field
Fc1

1 for representing current states, a motor field Fc2
1 for

representing available actions, and a feedback (reward) field
Fc3

1 for representing the internal states of an agent, as well as
external feedbacks from the environment. It has a cognitive
field F2 for the acquisition and storage of memes, which
encodes a relation among the patterns in the three input
channels.

Fig. 2. Neural Network Architecture of Each Memetic Agent in Figure 1

Input vector: Let IV = {S,A,R} denote the input vector,
where S = (s1, s2, . . . , sn) denotes the state input, and si
indicates the value of sensory input i; A = (a1, a2, . . . , am)
denotes the action vector, and ai indicates a possible action
i; R = (r, r̄) denotes the reward vector, and r is the reward
signal value and r̄ = 1− r.

Activity vector: Let xck denote the Fck
1 activity vector for

k = 1, 2, 3, while y denote the output of F2 layer activity
neurons. Activity vectors xc1, xc2 and xc3 corresponds to
the input state S, action A and reward R, respectively.

Cognitive weight: Let wck
j denote the cognitive weight

associated with the jth neuron in layer F2 for learning the
input patterns of Fck

1 . At start, each agent’s mind universe is
in the blank state, with F2 containing only one uncommitted
neuron. An uncommitted neuron is one which has yet to
encode any meme, with initialized weight vector to 1s.

1) Memotype: In the proposed MeM, a memotype defines
the meme inhabiting within the mind universe of a memetic
agent, which is stored in the cognitive nodes of F2. They form
the knowledge of the agent denoting the associated patterns of

the input channels, thus essentially encoding learned semantic
rule mappings between world states and actions.

2) Sociotype: The sociotype meme of an agent refers to
its expressed action or behavior, which can be observed and
imitated by other agents. Typically, when an agent observes or
acquires a meme in its sociotype representation, the sociotype
meme will be assimilated for updating existing memotype
memes or creation of new memotype memes using an infer-
ence derivation approach.

B. Meme Expression

Meme (memotype) activation: A bottom-up propagation
process first takes place in which the activities of all the memes
(memotype) in the F2 field are computed. Specifically, given
the activity vectors xc1, xc2, xc3, for each meme j in F2,
the activation value Tj is computed as follows:

Tj =
3∑

k=1

γck
|xck ∧wck

j |
αck + |wck

j |
(1)

where the fuzzy AND operation ∧ is defined by (p ∧ q) ≡
min(pi, qi), and the norm | · | is defined by |p| ≡

∑
i pi for

vector p and q. Parameter αck and γck are predefined by users,
k denotes the index of input channel.

Meme (memotype) competition: Meme competition pro-
ceeds right after meme activation, in which the F2 layer
neuron or the encoded memotype with the highest activation
value is identified. The system is said to make a choice when
at most one F2 memotype is active. The winner is indexed at
J where TJ = max{Tj : for all node j in F2}, yJ = 1,
while yi = 0 for all i 6= J . This indicates a winner-take-all
competitive strategy is considered.

Sociotype readout: The chosen neuron J in layer F2

performs a readout of its action into the input fields Fck
1 such

that
xck(new) = xck(old) ∧wck

J (2)

The resultant Fck
1 activity pattern or sociotype is thus the fuzzy

AND of xck(old) and wck
J .

C. Meme Assimilation

Memotype matching: Before meme J is identified by
means of meme (memotype) competition can be used for learn-
ing, a memotype matching process checks that the weights
of meme J are sufficiently close to their respective input
patterns. Specifically, resonance occurs if for a channel k, the
match function mck

J of the chosen meme J meets the vigilance
criterion ρck:

mck
J =

|xck ∧wck
J |

|xck|
≥ ρck (3)

where ρck denotes the vigilance parameters, k denotes the
index of input channel. If any of the vigilance constraints
is violated, mismatch reset occurs in which the activation
value TJ is set to 0 for the duration of the input presentation.
The search process then selects another meme J in F2 until
resonance is achieved.



Memotype update: Once resonance occurs, for each chan-
nel ck, the weight vector or memotype wck

J is updated using
the following learning rule:

w
ck(new)
J = (1− βck)w

ck(old)
J + βck(xck ∧w

ck(old)
J ) (4)

where βck denotes the learning rate parameters, k denotes
the index of input channel. When an uncommitted neuron
is selected for learning, it becomes committed and a new
uncommitted neuron is added to the F2 field. A memetic agent
thus expands its network architecture dynamically in response
to the input patterns.

D. Meme Internal Evolution

The evolution of human thought is making up of a sequence
of trials and learning. The meme internal evolution process
in the proposed MeM is summarized in Algorithm 1. In the
learning process, given current state s and a set of available
actions A, an agent predicts the reward values of performing
each available action through meme (memotype) activation,
meme (memotype) competition and sociotype readout. The re-
ward values are then processed by an action selection strategy
to select an action. Upon receiving a feedback (if any) from the
environment after performing the action, a temporal difference
(TD) formulation (i.e., Q-Learning) is used in each memetic
agent to learn the association from the current state and the
chosen action to the estimated reward value.

Algorithm 1 Meme Internal Evolution and Learning of an
Agent

1: Initialize an memetic agent.
2: For each action ai ∈ A

Q(s, ai)= Predict(s, ai)
where s is the current state.
End For

3: Select an action aI :
aI = Scheme(Q(s, a)).

4: Perform aI :
{s′, r} = Perform(aI)

where s′ is the resultant state, r is the reward (if any) from
the environment.

5: Estimate the reward Qnew(s, aI) by:
Q(new)(s, aI) = Q(s, aI) + ∆Q

6: Do:
a.Meme (memotype) activation with vector {S, A, R}
b.Meme (memotype) competition with vector {S, A, R}
c.Memotype matching with vector {S, A, R}
d.Memotype assimilation with vector {S, A, R}
/*{S, A, R} consists of state (s), action (aI ), and reward
(Qnew(s,aI))*/

7: Update the current state by s = s′.
8: Repeat from Step 2 until s is a terminal state.

In Step 3, a ε-greedy action selection scheme is used in
MeM to balance exploration and exploitation in the agent’s
learning. It selects an action of the highest Q(s, a) value with

probability 1 − ε (0 ≤ ε ≤ 1), or takes a random action
otherwise. In addition, the value of ε gradually decay with
time.

In Alg. 1, Step 5 involves an iterative process in the
estimation of Qnew(s, a) by means of a temporal difference
(bounded Q-learning):

∆Q(s, aI) = αTDerr(1−Q(s, aI)) (5)

where α ∈ [0, 1] is the learning parameter, and TDerr is
computed by:

TDerr = r + γmaxa′Q(s′, a′)−Q(s, aI) (6)

where r is the immediate-reward value, γ ∈ [0, 1] is the
discount parameter, and maxa′Q(s′, a′) denotes the maximum
predicted value of the next state s′.

The ∆Q term is then used to compute the new Q value,
which is given by:

Q(new)(s, aI) = Q(s, aI) + ∆Q (7)

which, in turn, is encoded into the reward for memetic agent
as:

R = (Q(new)(s, aI), 1−Q(new)(s, aI)) (8)

E. Meme External Evolution

In MeM, the meme external evolution process is governed
by the three principles of the Universal Darwinism [3], namely
meme selection, meme transmission and meme variation.

1) Meme (Societal) Selection: Meme selection as inspired
by Darwin’s principle of natural selection, serves to identify
the teacher agents that an agent shall learn from. Through
this mechanism, memes that are helpful for problem solving
are replicated exponentially while those that are less helpful
rarely get replicated. “Imitate-the-elite” [17] is one of the
more popular strategies for sociotype meme selection, but the
knowledge that is appropriate for an agent may not be as
useful to other agents. Taking this cue, we propose a novel yet
natural mechanism to sociotype meme selection. In particular,
an agent learns not only from its superior counterpart but also
from agents that share similar experiences.

- Let F (agt(v)) denote the performance merit or fitness
of an agent agt(v). Agents that have been found to
outperform the current agent agt(w) is grouped to form
set B.

B : {agt(v) ∈ P |F (agt(v)) ≥ F (agt(w))} (9)

where P is the population of agents.
- The input state S of agent agt(w) is then broadcasted

to all member agents of set B to identify the meme of
each agent that matches best with the given state through
meme (memotype) activation and meme (memotype)
competition. Subsequently, the activation TJ values of
each agent will be used in the selection of agent for
transmission.

Sc(agt(v)) = TJ(agt(v))×
F (agt(v))

Fbest
(10)



where agt(v) ∈ B, Fbest is the fitness of the elite or best
performing agent. Meme from the agent with highest Sc
value will be selected to enter meme transmission.

2) Meme Transmission via Imitation: Non-familial peer
agents with unique learning capabilities communicate socially
by imitation (Figure 3). In our memetic model, the imitation
is outlined in Algorithm 2, agent agt(w) first passes its
state to the selected teacher agent agt(s) identified by meme
(sociotype) selection. Subsequently, agent agt(s) expresses its
meme m, which is observed by agent agt(w). Agent agt(w)
infers sociotype meme m from its observation and update its
mind universe by means of memotype assimilation. Variation
may occur during the imitation process, which will be detailed
next.

Fig. 3. Example of Imitation between Agents

Algorithm 2 Social Meme Transmission via Imitation
1: For each agent w
2: Get the current state, denote as s(w)
3: Pass s(w) to the selected teacher agent agt(s) to get

action a(s) of agt(s) through:
a.Meme (memotype) activation with s(w)
b.Meme (memotype) competition with s(w)
c.Sociotype readout

4: Perform probabilistic variation on a(s).
5: Perform a(s)

{s′, r} = Perform(a(s))
where s′ is the resultant state, r is the reward (if any) from
the environment.

6: Estimate the reward R(s(w), a(s)) based on Equation 7
7: Do:

a.Meme (memotype) activation with vector {S, A, R}
b.Meme (memotype) competition with vector {S, A, R}
c.Memotype matching with vector {S, A, R}
d.Memotype assimilation with vector {S, A, R}
/*{S, A, R} consists of state (s(w)), action (a(s)), and
reward (R(s(w), a(s)))*/

8: Update the current state by s(w) =s′.
9: End For

3) Meme Variation: The meme variation forms the intrinsic
innovation tendency in the mind universe of an agent during

cultural evolution. For knowledge transmission without varia-
tion, bias will be introduced since the deterministic approach
may cause every agent to believe that a piece of knowledge
as represented by memes is good based on its particular
demonstration of success at a given time instance. Due to the
nonlinear interaction among agents, this initial bias can quickly
spiral out of control as it spreads and infects any agents it
comes into contact with. This will suppress the agent’s ability
to learn and innovate. Variation is clearly essential for retaining
more diversity in the agent’s attitudes towards learning and
innovation, thus playing a key role in reflecting the human-
like interaction among agents.

Meme variation can occur during the expression or assimi-
lation stage of meme transmission (imitation). In our memetic
model, for simplicity, we only consider the variation at the
assimilation stage. In particular, meme variation is realized by
means of perturbation, i.e., a random value is added to the
action’s Q value. This would lead to different actions being
selected for mapping with the current state for transmission.

Qt = η ×Rand+ (1− η)×Q (11)

where Qt is the mutated Q value, η is the parameter controls
the degree of randomness, Rand is a random with uniform
distribution, and each element in Rand lies in the range [0, 1].
A predefined probability τ is also used to control the frequency
of the variation process.

F. Proposed MeM System

The basic steps of the proposed MeM system is outlined
in Algorithm 3. In the first step, a population of m memetic
agents is initialized. Probability Cp is computed based on the
agent’s performance, which decides if an agent should undergo
meme internal evolution or meme external evolution.

Cp(agt(w)) = 1− F (agt(w))

Fs
(12)

where F (agt(w)) denotes the fitness of agent agt(w), which is
defined as the number of times that agent agt(w) accomplishes
a task successfully, and Fs is the fitness of the agent selected
to learn from. Thus an agent agt(w) shall perform imitation
with a probability of Cp(agt(w)).

As the agent proceeds to undergo imitation, meme selec-
tion and meme transmission couple with meme variation are
subsequently performed.

III. EMPIRICAL STUDY

In this section, the empirical study is established to study
the effectiveness and efficiency of the proposed model. The
detailed experimental platform, experimental configurations
and achieved results including discussions are presented in
the rest of this section.

A. Experimental platform

The Minefield navigation task (MNT) [24], [27] is consid-
ered as the motivating case study in the present paper. In the
minefield navigation task, a number of unmanned vehicle is
tasked to navigate towards a randomly defined target safely,



Algorithm 3 Pseudo Code of Proposed Memetic Multi-agent
System

Initialization: Generate the initial m memetic agents.
While (Stopping conditions are not satisfied)
For each agent

Compute the probability Cp

If (rand < Cp)
Perform meme selection to pick out the teacher
agent agt(s) for transmission.
Perform meme variation with probability τ
on agt(s)
Perform meme transmission with agt(s)

Else
Perform meme internal evolution

End If
End For
End While

across a field that is filled with randomly scattered land mines
as depicted in Figure 4.

Fig. 4. Minefield Navigation Task

MNT involves unmanned vehicles that start randomly within
the region of interest and are equipped with a set of sonar
sensors that has a 180o forward view. Other input attributes
of the sensory (state) vector include the bearing of the target
from the current position. Thus each unmanned vehicle is
equipped with a localized view of its environment and no a
priori knowledge on the location of the mines and targets are
available. In this task, the unmanned vehicle can choose one
of the five possible actions, namely, proceed left, diagonally
left, forward move, diagonally right, and right at each discrete
time step. The task or objective of the agent is to navigate
successful through the minefield towards randomly assigned
targets within the stipulated time, without hitting any land
mine.

Here, the minefield navigation problem is modeled with a
team of Na unmanned vehicles as agents, tasked to reach

target M within the minefield. Through the set of sonar
sensors that each unmanned vehicle is equipped with, each
unmanned vehicle agent takes in an input vector containing
details pertaining to mine detection, agent detection, and target
bearing. Figure 5 depicts the example of an unmanned vehicle
agent within the minefield in a particular time step. The
input vector shown denotes a mine detected straight ahead, an
unmanned vehicle agent detected on its diagonally left, and a
target on the diagonally right position.

In this study, a sequences of Nt missions with different
minefield configurations is considered. The positions of mines
and target are randomly generated over missions. For each
direction i of sonar sensor, the sonar signal is measured by
si = 1

di
, where di is the distance to an obstacle (that can

be either a mine or the boundary of the minefield) in the
ith direction. If si is smaller than 1, si will be set as 0.
Within a particular mission i, the positions of the mines and
target remain stationary. A mission ceases when all individual
unmanned vehicles hit mines, exceed 30 sense-act-learn cycles
(run out of time) or arrive at the target successfully. A mission
will also be deem to have failed if an agent collides with
another, as depicted in Figure 6. A success is thus defined
as the unmanned vehicle having reached the target. As the
configuration of the minefield is generated randomly and
changes across missions, the unmanned vehicle need to learn
strategies that can be carried over onto future unseen missions.
The success rate Sr for the team of multiple agents is defined
by the percentage of agents that reach the target position across
the total missions conducted:

Sr =
1

Nt
×

Nt∑
i=1

N i
a

Na
× 100% (13)

where Na denotes the total number of participating unmanned
vehicle agents and N i

a denotes the number of agents that
reached the target in mission i. Nt is the number of mission
conducted. Sr is then used for evaluating the performance of
an agent team.
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Fig. 5. Example of Input Attributes

B. Experimental Configuration

In our study, we conduct the experiments for 30 independent
simulations with each simulation having a total of 5000
missions (i.e., Nt = 5000). The parameter setting of the
memetic agent TD-FALCON is summarized in Table I. It is
worth noting that other simplified architecture of the mind
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Fig. 6. Illustration of Mission Endings

TABLE I
SUMMARY OF THE PARAMETER SETTING IN MEMETIC AGENT

FALCON Parameters
Choice parameters (αc1, αc2, αc3) 0.1, 0.1, 0.1

Learning rates (βc1, βc2, βc3) 1.0, 1.0, 1.0
Contribution parameters (γc1, γc2, γc3) 1.0, 1.0, 1.0

Baseline vigilance parameters (ρc1, ρc2, ρc3) 0.2, 0.2, 0.5
Temporal Difference Learning Parameters

TD learning rate α 0.5
Discount factor γ 0.1

Initial Q-value 0.5

ε-greedy Action Policy Parameters
Initial ε value 0.5
ε decay rate 0.0005

universe with few parameters may also suffice. Complement
coding is used here to normalize the magnitude of the whole
input vectors of agents. In proposed MeM, only 2 parameters
are introduced, namely τ and η of the meme variation process
are both set to 0.1. To ensure simulation independence, the
initial location of the agents, the location of the target, and
the location of the mines are randomly initialized at the start
of each mission.

In this empirical study , the unmanned vehicle does not
receive immediate evaluation feedback for each action it
performs. This is a more realistic scenario since targets may
be blocked or invisible in the real world. The reward scheme
is described as follows: A reward of 1 is given when the
unmanned vehicle reaches the target. A reward of 0 is given
when the unmanned vehicle hits a mine or collides with
another unmanned vehicle. A reward of 0 is also assigned
when the unmanned vehicle does not find the target in the
maximum time allowable.

C. Results and Discussions

The objective of the first experiment is to show whether the
proposed memetic model can improve the learning capability
of an agent team. We analyzed and compared the averaged
success rate Sr on 30 simulations between the proposed MeM

and conventional multi-agent team with no memetic evolution.
In each simulation run, six agents are assigned to each team.
The minefield with 16 × 16 size and 10 mines is considered
here. The simulation results presented in Figure 7 indicate
that the proposed MeM successfully enhanced the learning
speed and improved the learning capability of the agent team.
Furthermore, at the end of the 5000 simulation missions, the
success rate of the memetic multi-agent team is approximately
10% higher than the conventional multi-agent team.
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Fig. 7. Multi-agent with and without proposed MeM
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Fig. 8. Comparison with other interaction model

Next, analyze the effectiveness and efficiency of the pro-
posed MeM by pitting it against the state-of-the-art Advice
Exchange model recently proposed by Oliveira et al. [17].
The Advice Exchange model enhances the learning of multi-
agent system by exchanging advice between the elite agent
and under-performing agents, and has been demonstrated to
significantly improve the learning of multi-agent team. In



the simulation, the performances of three six-agent teams
are studied - one with proposed MeM, another with Advice
Exchange model, and the third conventional multi-agent team
without any interaction model. For fair comparison, parameters
of the Advice Exchange model are set according to its original
paper [17]. The configuration of minefield is maintain at
16 × 16 grid size with 10 mines. The empirical results in
terms of averaged success rate Sr, as illustrated in Figure 8,
showed that both MeM and Advice Exchange model improved
the learning capability of the agent team, as compared to
conventional multi-agent team. With comparison to the Ad-
vice Exchange model, the proposed MeM also demonstrated
superiority after the initial 500 running missions in terms of
Sr, and consistently outperformed the Advice Exchange model
in subsequent missions.

IV. CONCLUSIONS

In this paper, a study on Memetic Multi-agent system
(MeM) towards human-like social agents with memetic au-
tomaton has been presented. Using TD-FALCON as the con-
nectionist learning agent, the core aspects of MeM including
meme representation, meme expression, meme assimilation,
meme internal evolution and meme external evolution are
detailed described and illustrated. In meme representation,
both memotype and sociotype memes are discussed. Meme
expression and meme assimilation are identified to construct
the mapping between memotype memes and sociotype memes.
Furthermore, the meme internal evolution denoting the process
of updating agent’s mind universe via self-learning and meme
external evolution consisting of meme selection, meme trans-
mission and meme variation are designed to model the way of
human interacts. Experimental comparisons against both orig-
inal multi-agent system without interactions between agents
and another interaction approach proposed by Oliveira et al.
[17] on a real Minefield Navigation problem demonstrated
the effectiveness and efficiency of the proposed memetic
evolutionary model.

By falling back on the basic notion of meme, as the fun-
damental building blocks of cultural evolution, the modeling
of memetic agents leaded to greater level of adaptivity and
effective social learning. In the future, we believe that more
potentially rich meme-inspired design, operational models, and
algorithm frameworks can be developed as effective tools for
different problems-solving.
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