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Abstract. This paper investigates regularities in excitation information 
propagation in social interaction. We use cellular automaton approach where it 
is assumed that social media is composed from tens of thousands of community 
agents. Each agent can transmit and get a signal from several nearest 
neighbours. Weighted sums of input signals after reaction delay are transmitted 
to the closest agents. The model’s originality consists in  the exploitation of 
neuron-based agent schema with nonlinear activation function employed to 
determine the reaction delay, the agent recovery period, and algorithms that 
define cooperation of several excitable groups. In the grouped model, each 
agent group can send its excitation signal to other groups. The agents and their 
groups should acquire diverse media parameters of social media in order to 
ensure desirable for social media character of excitation wave propagation 
patterns. The novel media model allows methodical analysis of propagation of 
several competing novelty signals. Simulations are very fast and can be useful 
for understanding and control of the simulated human and agent-based social 
mediums, planning and performing social and economy research. 

Keywords: agents based modelling, social medium, excitation waves, grouped 
populations, propagation of novelties. 

1 Introduction 

Human beings and the communication instruments’ network surrounding them are 
coming together at various stages, starting from low-level connectivity at verbal or 
cellular automaton level, to the highest echelons of achieving collective actions. One 
may hope humans and communications means will coexist as an entangled web in 
future. The implications of excitation propagation modelling in the simulated agent-
based social mediums have a paramount role for the better understanding of modern 
digitally interconnected social systems behaviour. It provides a possibility to define 
and find some ways to manage the core digital network parameters, which impede or 
enable observed local and nonlocal emergent complex social phenomena. For 
instance, such modelling provides means to simulate and investigate information 
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diffusion properties (e.g. spread of novelties, political campaigns, social norms, etc) 
in the social-technological mediums depending on the characteristics of the simulated 
simple agents and their connections [1, 2, 3, 9, 15]. 

For that reason, a need arises to analyze outcomes of such coexistence just now. 
One of the possible models for communication network analysis is the excitation 
wave propagation model already considered earlier in the Chaos theory. To our best 
knowledge, such approach was not used in social interactions research. This almost 
universal methodology of signal propagation in an excitable media is the bottom-up 
approach that is successfully employed in many research disciplines, such as particle 
physics, micro and cell biology, chemistry, medicine, meteorology, and astrophysics 
[4], [5], [12], [13], [23], [24], [25]. We propose that this kind of model can be used in 
analysis of information propagation processes in human-agent based social media too, 
and can lead to deeper conceptual understanding of the fundamental nature of 
information dissemination in virtual agent societies. To demonstrate this statement is 
an objective of the present paper. 

This paper is organized as follows. For a simpler explanation of virtual agent 
population model and for visualization purposes, we describe and extend two-
dimensional (2D) cellular grid based, social medium model and its modifications 
(Section 2). Diverse excitation signal propagation patterns are demonstrated. In 
Section 3 we introduce a group-based agent model where the agent population is split 
into the groups. Inside the single group the excitation signals are transmitted only to 
the neighbouring nodes. Limited interaction of groups, as well as propagation of 
diverse informational signals, is allowed. In Section 4 we consider propagation of two 
competing excitations in the grouped agent population. Section 5 summarizes the 
simulation results and discusses perspectives for the further studies. 

2 The Basic Model 

2.1 Hexagonal 2 Dimensional Cellular Automaton Model 

Below we provide a general type of model. Like in the cellular grid based models, 
each node is summing input signals transmitted from neighbouring nodes.  In the 
nature inspired model, however, magnitudes of the output signals and their release 
times depend on sums of the accumulated inputs nonlinearly. To understand main 
properties of the model easier, at first we present its simplified version: 2- 
dimensional (2D) hexagonal model (see information transmission schema bellow). 
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The signal transmission starts from central node as blue marked line arrows show. 
After refractory period ends, the excitation signals are transferred to further 12 nodes 
(doted arrows, magenta). In the hexagonal model, each element of the grid is 
represented by the single layer perceptron (SLP) with six inputs that use weights 
(connection strengths between the nodes) to calculate a weighted sum of inputs in 
each node ([8, 16]). In the output of the nodes we have nonlinear sigmoid activation 
functions that restrict outputs between 0 and 1 (for details see [18]). After refractory 
period ends each unexcited node can be excited only in cases where the sum of input 
signals exceeds apriori defined sensitivity threshold. A novelty of the model is that 
the refractory period depends on the magnitude of the node’s outputs. It makes the 
model’s behaviour to differential equation and biology inspired excitable medium 
models that claim “the longer is delay in transfer of the excitation, the greater the 
node-to-node strength of the signal” [23]. Reaction to the excitation signal and 
refractory periods are necessary, e.g. to verify obtained information or get used to it. 
In order to ensure chaotic behaviour of the agents we introduce additional noise while 
determining coordinates of the nodes and calculation of the nearest neighbours. It is 
worth noting, that the SLP is a nature inspired model of information processing and 
has several universality properties [17].  For that reason, on may say that excitable 
media model considered is partially inspired by nature. Main media parameters are: 
Ny, a number of nodes in each edge of the hexagonal media, w1, w2 , ... , w6, the 
connection weights, θ* , sensitivity threshold, the rule and its parameters that 
determines the refractory period. To realize human-information agent based social 
media, parameters just mentioned can be common for a group of nodes, or specific for 
each node, that represents an element of social community (in different applications it 
can be  human being, a group of individuals, economy or political unit, or even a 
network of information processing and transmitting computer). Depending on the 
weights, initial excitation, excitation threshold, refractory period, etc. we obtained 
various excitation propagation patterns.  

2.2 Excitation Signal Propagation Patterns in 2D Space  

In economy and social hybrid human-computer agent based systems three, four or 
higher-dimensional models are preferable. Higher dimensionality of the space 
aggravates visualisation of the wave propagation. Two dimensional illustrations show 
interesting excitation wave propagation patterns. In simulation studies we performed 
hundreds of experiments with hexagonal grid. We found that some of the parameters 
affect the wave propagation only in a very narrow interval of their variation. Outside 
the interval the wave propagation ceases. In some cases, adequate selection of other 
parameters value can restore the weight propagation process. In order to introduce 
non-homogeneity, in some of simulations, coordinates of the model nodes were 
affected by a small noise, nois. In our experiments the triggering of the social medium 
(argstart = 0.7) was made to the very central node of the media model. If excitation is 
sufficiently powerful, a strong signal with some delay (inspect the basic hexagonal 
model above) is transferred to p=6 neighbouring nodes. Then, each of p already 
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excited nodes transfer their output signals further to 1, 2 or even 3 non-excited nodes. 
In Fig. 1 a, b, c, and d we show four wave propagation patterns. The media models 1b 
and 1d were strictly hexagonal, while coordinates of nodes in models 1a and 1c were 
shifted randomly in horizontal and vertical directions  (level of noise – up to 50% of 
distances between two adjacent nodes in hexagonal grid)  c) – non-uniformly. Other 
parameters of four media models: N = [182, 184, 180 and 178; weights = 0.82, 0.7, 
0.7, 0.7; refractory period refr = [5  29 4 3]; excitation threshold θ*=[0.5 0.6 0.45 
0.5]. More examples of excitation wave patterns can be found in figures 2 and 3. 

If the weights and initial excitation are small and the excitation threshold is too high 
(or very small), the wave propagation can cease. In intermediate situations, gaps (non-
excited nodes) appear in a circle of excited nodes. If refractory period is lengthy, the 
gap is fulfilled quickly by excitations from neighbouring nodes. If refractory period is 
brief, after the excitation the nodes can be excited without lengthy delay. In such 
cases, the number of non-excited nodes increases quickly and the wave can start 
propagating backwards. Such situation we observe in the propagation patterns 
depictured in Fig. 1 a, c and d.  In Fig 1b we have regular wave propagation starting 
from the centre towards borders of the media model.   The smaller wave corresponds 
to t = 100 signal propagation steps, while the outer wave corresponds to t = 300. After 
reaching the border, this wave ceases. 

If weights values are close to 1, almost entire incoming signal can be transferred 
further. Then we have regular hexagonal-formed signal propagation even in situations 
where the refractory period is short. Such situation we have in Fig. 2d. Dark colour 
shows freshly (two most recent time periods) excited nodes and lighter colours 
indicate cells still being in refractory period. Depending of parameters of the media we 
can observe oscillating wave propagation (Fig.1a), chaotic (Fig. 1c), or complex 
regular patterns (Fig. 1d). 

 

Fig. 1. Diverse wave propagation patterns after a) – 160 and 300; b), c), and d) – 215 wave 
propagation steps in four social medium examples differing in size and other model parameters 

For testing these and other simulation results, please, visit our on-line virtual lab 
(V-lab) at http://vlab.vva.lt/ ; MEPSM1 model, login: Guest, Passw.: guest555). In 
short, novel for social media investigations approach allowed us to obtain numerous 
diverse wave propagation patterns observed in the real-world experiments [11], [22].  
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3 Social Medium Model Composed Of Several Agent Groups 

3.1 Multi-Layer Media Model 

Analysis of cell behaviours in biology and social organizations of human beings and 
enterprises show the clustered structure, even their synchronized behaviours. The 
same is confirmed by theory and by simulations of wave propagation processes (see 
Section 2.3, also [6]) and other approaches [10]. It is believed that “group interests” 
are driving forces of evolution in biology and human society. In general, many 
aspects of nature, biology or even from society have become a part of the techniques 
and algorithms used in the computer science or they have been used to enhance or 
hybridize several techniques through an inclusion of advanced evolution, cooperation 
or biology (see review [7]).  

Having this knowledge “in mind” we expanded a structured schema of agent 
society. The socio-technological agents (the nodes in the model) are split into groups 
with diverse characteristics (parameters of the social medium model). It is assumed 
that the groups in the different populations are partners and share novel excitation 
information they get from outside. Inside the single group, the wave excitation and 
propagation is performed in the way described in Section 2. If a great number of 
nodes in the single medium (group) exceed a certain level, the “group leader” 
transmits excitation (novelty) signal to “leaders” of other groups of the agent 
populations (central nodes in the group’s media). To determine the “certain level”, we 
selected a fraction Texcitation=0.02 of the recently excited nodes in a central part of the 
medium as a criterion to transmit excitation information to other partner groups. The 
“central part” was characterized by a fraction of total number of the agents to be 
found excited in this area. In simulations we used Nclosest= 0.8. In Fig. 2 we present the 
wave distribution patterns after t =200 and t =500 wave propagation steps. In this 
experiment, we have one group ( b) where signal does not fade, and three groups 
where the signals after reaching the medium edges - vanished. Since the model 
parameters of the groups are different, annihilation of the excitation in diverse groups 
occur at different time moments. For that reason, diversity of the groups is almost 
obligatory condition for survival of the excitation waves in agent population. 

Mathematical notation aside, the motivation behind the group approach is very 
simple. For the simulation of complex social agent-based systems explicit information 
encoded in the properties of individual agents is not enough, as social agents are not so 
individual after all. Social agents are open systems influenced by external, i.e. not only 
local, but also regional and global, environment at large [3]. Novel social media model 
gives new perspectives to observe phase dependent field-like reality of social medium 
excitations [22], [14], [3], [15]. These findings guide us to the idea that contextual 
(implicit) information via mechanism of excitation waves dissipation is distributed in 
the fields and that fields – although expressing some global information – are locally 
(mostly unconsciously) perceived by the agents. Based on the above considerations, 
we foresee further expansion of present information transmission model. One needs to 
introduce global variables and states of the whole system. In such a simulation, not 
only local explicit but also global implicit level of contextual information could be 
captured and effectively exploited [3].  
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Fig. 2. Wave patterns in 4 (NG = 4) agent groups after A) – 200, B) – 500 wave propagation 
steps. Parameters: sizes Ny =[ 184 146 124 104]; weights=[ 0.7 0.8 0.7 0.9]; refractory period 
refr =[ 29 5 4 5]; excitation threshold θ*=[29 5 4 5]. 

4 Propagation of Two Competing Signals in Populations  
of Agents 

Evidently, single stimulus excitation is mere simplified?? of the social multi-modal 
reality. Nevertheless, such reductionism helps us to observe the basic features of the 
excitation propagation dynamics. In fact, two competing excitation modes are often 
perceived in social mediums, for instance, competing two major parties, presidential 
candidates, opposite opinions, genders, states of faith, etc. This naturally happens 
even in the complex heterogeneous agents’ environments, where extreme competition 
(or cooperation) boils down to only two dominating social excitation states. Hence, 
two-stimulus modelling reveals from “bottom to top” agents’ parameters, which foster 
observed social behavioural patterns.   

4.1 Two Colliding Waves and Their Breakdown 

Up to now we considered propagation of the innovation (excitation) signals in an 
unexcited social medium. In reality, everybody, the human beings, economy and 
social organizations are already excited by some previous “innovations”. In fact, 
competitive dissemination of innovations takes place, when one innovation is 
replaced by another one. In order to meet such a multi-excitatory reality, we have to 
enrich single excitation model with multi-excitatory properties, where several 
competing signals could be modelled.  

Let, for the start, consider single excitable medium model where two signals are 
starting propagating from different nodes. In the 2D example in Fig. 3 a (after t =155 
propagation time steps) we see two vis-a-vis propagating excitation (novelties) waves. 
Both excitation signals are propagating in strictly hexagonal medium. Relatively short 
refractory period usually causes chaotic, however periodic, patterns for both 
propagating signals. After the wave colliding (Fig. 3 b, after t =161 propagation time 
steps) almost all nodes near collision area are in their refractory period. Due to small 
refractory period the excited nodes of both signals can find some nodes just after their 
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Fig. 3. Annihilations of two colliding waves and their breakdown 

refractory period ends. In Fig. 3 b we see that signal of red (dark) “squares” “wins” 
and “cyan (gray) signal is almost dying. In Fig. 3 c shows that rotating red (dark) 
wave is generated and the excitation signal waves are going back. After 600 time 
periods the red (dark) excitation signal starts dominating almost in all area of the 
medium space. Wave propagation character remains the same during subsequent 
10000 time steps (Fig. 3 d).  

By changing parameters of the social medium one can watch enormous variety of 
wave propagating patterns, with one signal outperforming another and one of them 
dying, slow or rapid swinging of borders between two differently excited areas. 
Simulations analysis of great entity with a variety of models’ parameters can let 
towards better understanding of wave colliding mechanisms. 

4.2 Propagation of Two Signals in the Grouped Population 

Like in [10] the authors of this paper assumed at first that novelties signals were rare. In 
Sections 2, 3 we considered excitation wave propagation in empty non-excited social 
medium. In previous grouped agent population models, the novel excitation from 
outside arose just after the end of refractory period in the central area of the nodes. At 
the present time scientific, technological, political, economy novelties appear rather 
often. In practical situations, we do not have unexcited economy or social medium. All 
of them are “full of activity” with some of previous “fruitful” idea. 

In order to analyze propagation of two (EXS=2) or more excitation signals that 
appear in different time moments, we expanded the grouped structure of the agent 
population. In analysis of two, the old and new, excitation signals we considered 
population composed of NG = 4 agent groups. Each group control two excitable 
social mediums, one medium for propagation for each single innovation signal. 
Totally, we had to examine wave propagation patterns in 2×NG = 8 group medium. 
To create the model closer to reality problems, we introduced mutual influence of the 
two groups parameters allocated to each solitary agent group. We supposed that 
propagation of alternative signal (first four groups of the medium) influences the 
media parameters of remaining four groups: excitation threshold refractory period, 
and magnitudes of the weights. In such a way one excitation signal is disturbing 
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propagation of another one. We inspected a variety of scenarios and found a wide 
assortment of innovative information propagation patterns:  

1) both signals propagate in the population of the groups;  
2) new signal wins or loses, etc.  

Variety of possibilities requires a separate large scale study. Two-fold analysis of 
information propagations in the grouped excitable social media model, however, 
shows that wave propagation approach can be useful for understanding of 
distribution of a variety of innovations and controlling their dissemination processes.  

5 An Example 

As an example of concrete social phenomena we examine  high-dimensional financial 
data used in automated trading [20], [21].  We considered high frequency automated 
trading systems (ATS) where for decision making we use hundreds or even thousands 
of investments. In such a case, to develop and train a multi-agent trading system we 
need thousands of training vectors [21]. Exclusive feature of this financial time series 
that ATSs sometimes refuse from active investments: a very large part of data consists 
of zeros. In Fig. 4a we see an example of two trading series, A (stock returns), and B 
(ATS returns), where up to 70% of days have zero profit and loss.    
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Fig. 4. A - fluctuations of   robots’ (ATSs’), where a and b profits and losses during 15 months; 
B - fluctuations of   profits simulated by means of excitable media model 

Unfortunately, nowadays economic and financial situation is changing very rapidly 
and two years history (less as 500 trading days) is too long (contains old data). To test 
primary versions of multi-agent trading schemas we used artificial data generated by 
using the wave propagation model described in above chapter. Generation of artificial 
time series was based on the hypothesis that economy and financial world is 
composed of large number mutually communicating human and computer based 
actors that interchange novel information in a similar way as considered above in this 
paper. The excitable media model was composed of six mutually cooperating agent 
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groups of size Ny= 184 with media parameters ensuring steady chaotic behaviour. The 
example is depictured in Fig. 1c and Fig. 2a.  There you see differences between two 
sums of excitations in two small subgroups of agents (∼140 nodes each) represented 
the financial profit. After introducing the risk factor and ability to refuse from trading 
we obtained time series (Fig. 4b) similar to that used in real trading (Fig. 4a).  

The use of the excitable media model to generate financial time series allows better 
understanding automated trading. We found that synthetic data is useful for 
comparison of different decision making schemas. Most important it provides the 
instrument that can be used for better understanding economical and financial 
problems. In this task, the connection weights,  w1, w2 , ... , wp, characterise influence 
of discipline in economy and finance. Reaction to the excitation signal and refractory 
period characterizes eagerness and capability of media to react to the novel 
information and ability to  use it in practice. These subjects will be presented in 
subsequent publications. 

6 Concluding Remarks 

In this paper, we have presented a novel information interchanging approach 
developed to simulate large human-computer interaction social media. Our model 
provides a bottom-up means to simulate and investigate novel information diffusion 
properties in the complex human-technology agent media depending on the 
characteristics of the media. In the line of these investigations we should observe that 
the majority of individual, organisations and intellectual computer based agents are 
acting like information processing and transmitting nodes. The excitable media models 
help to consider the actors of diverse origin as excitable media nodes and can lead to a 
new type of analysis. In this way, the bottom-up and wave-like excitation propagation 
research helps to find out the most basic properties of social agents, which produce 
observed phenomena like information broadcasting, annihilation, competition between 
few excitation sources, excitation of transfer to other social domains, etc. The main 
results of our analysis are the following:  

1. The CA and artificial neural networks-based schema [18] was expanded by 
suggesting a novel way to calculate the node excitation and recovery times, which 
depends on the strength of the accumulated excitation input signal in a single node. 
Simulations indicate that the nonlinearity of the activation function allows obtaining 
wave propagation patterns modelled by more complex and more computer time 
demanding systems of differential equations based model. 

2. We broadened the homogeneous medium model to the heterogeneous, which 
revealed population clustering dynamics and cooperation conditions between different 
groups. We showed that clustered and diverse nature of population is vital for the 
overall performance of society.  

3. We suggested a structure and the model of the population groups for analysis of 
dissemination of two or more competing innovation signals. It provides new 
possibilities to understand which kinds of social media characteristics influence 
domination of one or another signal.  
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Our analysis supports the conclusion concerning the branching process of a 
speciation observed in databases and theoretically explained as a branching process in 
[10]. In sum, this paper presents a mechanism to parameterize and explore regular 
uniform, chaotic, spiral, rhythmic oscillations and bursting excitation propagation 
patterns, which have originated from essentially similar basic properties, namely, 
agents’ propensity to adopt a new behaviour depending on the proportion of some 
neighbouring reference group that have adopted it before. Modelling excitation wave 
propagation can be used to generate and analyse various wave propagation patterns in 
order to determine a set of attributes necessary to register while performing real world 
sociological surveys.  

The agent groups and wave propagation-based model can be expanded in a number 
of ways. Various agent proximity measures can be applied, simultaneous propagation 
of several dissimilar information waves can be considered. In joint analysis of human 
being and computerized agents media we can introduce the global variables and states 
of the whole system to transmit excitations to distant neighbours. The agents can differ 
in size, refractory period, importance. The agent groups can be joined into 
subpopulations with essentially different characteristics. We can form more complex, 
the multilevel, hierarchical structures of the agent groups and populations. An 
important, up to now untouched task, is an automated evaluation of the model’s 
parameters. Simulation of media evolution during long sequences of innovations can 
become a useful instrument here [19].  

In the prospective research, though, we plan to simulate and examine concrete 
social phenomena and seek for task dependant interpretations of single model’s 
parameters or sets of them. We intend to bring into play 2D and 3D visualizations of 
excitation propagation patterns in the analysis of time series of high-dimensional 
financial data used in automated trading [20], [21]. 
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