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Preventing endogenous extreme events in herding
dominant agent-based financial market
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Abstract

A characteristic feature of complex systems in general is a tight coupling between
their constituent parts. In complex socio-economic systems this kind of behavior leads to
self-organization, which may be both desirable (e.g. social cooperation) and undesirable
(e.g. mass panic, financial “bubbles” or “crashes”). Abundance of the empirical data as
well as general insights into the trading behavior enables the creation of simple agent-
based models reproducing sophisticated statistical features of the financial markets. In
this contribution we consider a possibility to prevent self-organized extreme events in
artificial financial market setup built upon a simple agent-based herding model. We
show that introduction of agents with predefined fundamentalist trading behavior helps
to significantly reduce the probability of the extreme price fluctuations events. We also
test random trading control strategy, which was previously found to be promising, and
find that its impact on the market is rather ambiguous. Though some of the results
indicate that it might actually stabilize financial fluctuations.

1 Introduction

Empirical data from complex socio-economic systems is known to frequently follow power law
distributions [1-9]. This basically means that the extreme events in such systems become
significantly more probable and consequently more frequent. In certain cases these extreme
events may be desirable - one may see emergence of “homo socialis”, social cooperation, fads
and norms as the most straightforward examples |[10H14]. But there are also undesirable extreme
events - such as mass panic, financial “bubbles” and “crashes”. Either way these events are
thought to be caused by the same social interaction mechanism - herding behavior, which
encourages endogenous self-organization of the socio-economic systems |12-22]. In this paper
we address the possibility to control financial market fluctuations, via herding interactions, thus
preventing extreme events, or greatly reducing their probability.

Heterogeneous agent-based modeling [23-30] is the most suitable framework to test the idea of
using herding interactions to prevent extreme events. This framework introduces a generalized
concept of an agent, which is meant to be used in place of the interacting parts of the modeled
system. Interactions between those agents are also generalized and simplified. After this
simplification only statistically relevant general behavioral details are retained and thus the
resulting models appear to be simple and able to capture important features of the modeled
systems.
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Figure 1: Schematic representation of the experiment and mathematical herding model. Ants
are moving from the colony (left hand side) to the food source (right hand side) using one of the
two available paths. Switching between the paths may be based either on individual decision,
single agent transitions, or be caused by exchange of information, two agent interactions.

We base our research on a simple agent-based model proposed by Alan Kirman, see [31], which
primarily explains the herding behavior in ant colonies. Various minimal modifications of this
model were shown to be able to reproduce the simplest stylized facts observed in the financial
markets - such as power law distributions [32-37] as well as power law spectral density and
auto-correlations [37,138]. A more sophisticated treatment of the agent-based herding model
further enhances the quality of reproduced statistical features - three state model was shown to
reproduce fractured spectral density [39]. While the latest developments enable reproduction
of the detailed empirical probability density function (abbr. PDF) and spectral density of
high-frequency absolute return [40].

In the following Section [2] we will introduce controlled agents into the generic Kirman’s model
and discuss the impact of this predefined agent behavior. Next, in Section [3|, we will analyze
three state artificial financial market built upon the generic herding model and explore the
effectiveness of certain extreme event prevention strategies. We will consider orthodox one,
based on the market fundamentals, and unconventional one, based on random trading (proposed
by [17[41]). Finally we will discuss obtained results in Section [

2 Agent-based herding model with controlled agents

In numerous previous works [32-40] artificial agent-based financial markets were constructed
using a very simple agent-based herding model, originally proposed by Alan Kirman in [31]. In
this section we will briefly discuss Kirman’s agent-based herding model and will introduce two
types of controlled agents, ones with predefined behavior, into the original model.

Biological research [42-44], as well as numerous socio-economic papers [16}[20,[22], provides
extensive evidence that herding interactions play crucial role in social scenarios both in animal
and human societies. In the experimental setup by Pasteels [42,|43] ants were allowed to
move from their colony to food source using one of the two available paths (see schematic
representation of the experiment in Fig. [1)). It would be far more convenient for them to use
both paths at once as it would increase throughput, but at any given time majority of ants
tend to use only a single path. Interestingly enough it was observed that from time to time
this “chosen” path is switched purely due to endogenous interactions. So despite symmetrical
setup asymmetric switching behavior was observed.

In order to describe such behavior Kirman proposed |31] a simple one-step transition model.
Which in general case can be expressed via the following one-step transition probabilities [45]:

PX = X +1) = (N - X)m(N, X)At, p(X — X — 1) = Xpa(N, X)At, (1)



here N is a fixed number of agents in the system (thus one of the available states is occupied
by X agents and the other by N — X agents) and p;(IV, X) are the transition rates. These
transition rates in the Kirman’s model are composed of the idiosyncratic transition rate, o;,
and herding behavior, h, terms

(N, X) =01+ hX, p(N,X)=0s+h(N-X), (2)

In the Eqgs. , it is assumed that all agents may interact with all other agents, or namely they
act on a global scale. In this case herding terms grow linearly together with the system size,
N, while in the case of local interactions they would remain constant. Local interactions lead
to the extensive statistics and may be described using ordinary differential equation. On the
other hand global interactions, as described by Egs. , lead to non-extensive statistics [46,47]
and are well described (for x = X/N in the limit N — oo) by the stochastic differential

equation [32,37]:
dz = [o1(1 — x) — ogz]dt + \/2hz(1 — x)dW, (3)

where W stands for a standard one dimensional Brownian motion (or alternatively for a Wiener
process). The stationary PDF of the above stochastic process is given by
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The model can be now extended by including M agents, which are controlled externally and
switch states only due to this exogenous influence. For the sake of convenience we can assume
that M, of them are in the state 1, while M5 are in the state 2. Namely unlike the other agents,
the controlled agents do not switch their state due to endogenous interactions, though they
are allowed to trigger endogenous switches of the other agents. In such case transitions rates,
analogous to Egs. , take the following form:

(N, X) =01+ h(Mi 4+ X), p2(N,X) =03+ h(N— X+ M). (5)

It is evident that one can include herding terms with M; and M into spontaneous transition
rates, 0;. Namely, one can set o1 = 01 + hM; and 09 = 05 + hM; to get back to the original
form of the herding model just with shifted individual preferences, ;. It means that Eqgs. (3)
and are valid for the system with controlled agents, just o; and o9 are replaced with ¢; and
03.

If we have a system with M controlled agents, which stochastically switch their state with equal
probabilities, then we can assume that M; = M, = M/2. Such interpretation of controlled
agents impact on the system is very valuable in the context of ongoing discussion about the role
of random trading strategies in financial markets [17,41]. It opens up two distinct possibilities
to control the behavior of the two state agent system - one can introduce a few agents with
fixed states or just let them stochastically switch between available states. In both cases the
standard deviation of stationary PDF of x can be reduced.

In the symmetric case, € = 71 = ihg, the stationary PDF, Eq. , can be rewritten as g-Gaussian

(for more information on ¢-Gaussian and non-extensive statistics see [48])
1)2] o (3 - Q)F<2(31__qq)
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where ¢ = 1—z=. This confirms that macroscopic variable x is distributed according power-law,
when £ is small (consequently ¢ # 1). As well as suggests that PDF of x approaches Gaussian

1

) 4z — 2?7, (6)
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Figure 2: Stationary PDF, Py(x), of agent population in the symmetric case of the two state
herding model. Parameters were set as follows: & = 0.1 + M /2, M = 0;2;4;8; 16.

PDF, when & — oo (which leads to ¢ — 1). In Fig. [J]we demonstrate the stationary PDF, Py(x),
calculated from the Eq. (@ for several values of predefined agents M. From the theoretical
point of view this herding model serves as a very simple example of a stochastic system on the
macroscopic level, which can be stabilized by introducing agents, who act stochastically.

In the next section we follow up by considering a three state agent-based herding model of
the financial markets. In which introduction of the controlled agents is not as straightforward
and thus different approaches are possible. Those different approaches lead to different results,
which may impact the usability of financial market control strategies.

3 Control of three state artificial financial market

In previous section we considered a possibility to stabilize macroscopic fluctuations of two state
herding system by introducing controlled agents with predefined or stochastic strategies. In such
simple two state system the impact of stochastic and predefined agents is rather straightforward,
see |49| for a more detailed consideration. In this section we consider the three state herding
model of the financial markets, successfully developed in our previous works [39,40], from the
perspective of the dynamics control using stochastic and predefined agents.

Let us now briefly discuss the basics of the three state herding model of financial markets.
In this model the macroscopic fluctuations are formed by the switching dynamics between
three agent groups: fundamentalists (we will use subscript f to denote them) and chartists
(subscript ¢), who may be either optimists (subscript o) or pessimists (subscript p). The
schematic representation of the three state herding model of financial market is given in Fig.

Bl

To simplify the full complexity of the three state model we assume that there is no essential
difference between optimists and pessimists. This assumption and symmetry of herding inter-
actions mathematically writes down as 0o, = 0po = Oce, Ofp = Ofo = Tfc/2, Opf = Opf = Ocf,
hyp = hyr = hyo = hoy = h (here first index means “from” state and the second - “to” state).
Also it is reasonable to assume that transitions between chartist states are much faster than
the transitions between chartists and fundamentalists h,, = hy, = Hh, H > 1, 0.c > 0.y,
Oce > 0fc. In the continuous limit, when total number of agents N — oo, occupation of
the states can be expressed by continuous variables: ny = Ny/N, n, = N,/N, n, = N,/N
and n. = N./N. In this limit agent-based dynamics are well described by a set of stochastic
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Figure 3: Schematic representation of the three state herding model. Simplified model pa-
rameters o;; describe idiosyncratic switching rate from state 7 to state j, h describes herding
behavior between fundamentalists and chartists (optimists and pessimists collectively) and Hh
describes herding behavior between optimists and pessimists.

differential equations (see [39}/40]):

dny = Bttt qy 4 220 (7)

dé = — et qp + 2=, (8)

here, for the sake of simplicity, we have redefined some model parameters, e.r = o.s/h, €5 =
ofe/h and €. = o../(Hh), and use scaled time ¢, = ht without writing subscript s into the

equations above. In the above £(t) = % stands for an average mood of chartists, which

makes Eqs. and coupled only through the inter-event time 7(ny,&). The inter-event
time, 7(ns, §), serves as a macroscopic state feedback on the microscopic activity of all agents,

—p PO _ 1ons()
p(t) = In 575y = nf{t) £(t), (9)
1-n @ el
L= (1+a]E2e))" = 1+ alpt)” (10)
Numerous empirical analyses (e.g., [50]) provide background for the chosen relationship between
inter-event time, 7(nys,¢), and relative log-price, p(t), as well as suggest that the value of
exponent, & = 2. Note that there is a difference in Eq. from the version published in [39}40]

as the last numerical investigation confirms the possibility to include the term ney. into the
denominator of first term.

Eqgs. — form a core of the consentaneous model of financial markets derived from the
three state herding model [40]. As we have shown in previous work, such financial market
model is able to reproduce power-law statistics of financial markets in very details and the
most exciting aspect of this approach is that model parameters are the same for all markets
from Vilnius to New York, and for all stocks. The return volatility in this model is defined
by deviations of market price from its fundamental value p(t) as a result of endogenous agent
population dynamics in the set of three states. Here we consider the possibility to control
market by introducing agents with predefined behavior.

It is obvious that the most effective market control method would be introduction of M agents
with predefined fundamentalist trading behavior. This would increase parameter o.¢ by hM,

bt
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Figure 4: Stationary PDF of absolute log-price, |p(t)|, when predefined fundamentalists,
M = 0;1;2;4;8, are present. Results were obtained by numerically solving equations —.
Parameters were as follows: €.y = 0.1+ M, €5 =3, €cc = 3, H =300, a = 0.5, o = 2.

or E.f = €. + M. Observe, in Fig. , that as M increases the PDF of p(t) becomes narrower
- larger deviations of p(t) become significantly less probable. This process may be also seen
as a convergence of q-Gaussian (power-law) distribution towards Gaussian distribution. From
our point of view, despite lack of conventional definition of fundamental price, it would be
reasonable to make experiments with different definitions of fundamental value looking for
the opportunities to control market by introducing predefined fundamentalist traders. Even
qualitative empirical confirmation of such control opportunity would have great value for the
theory and and practice of finance.

In couple of recent publications [17,41] stochastic trading in the market was considered as an
opportunity to stabilize market. This kind of approach would be of great value as introduction
of stochastic traders, unlike fundamentalist traders, is very simple in terms of implementation.
The beneficial role of noise in many physical systems is widely recognized [51,52] and it has a
great influences on the dynamics of socio-economic systems as well [53,54]. Realistic introduc-
tion of the stochastic agents into the three state model, and their impact on the macroscopic
behavior, is not an easy problem. The result will strongly depend on how other traders retrieve
and interpret information about ongoing trades.

First of all, let us consider that other traders treat stochastic traders as sort of chartists. In
this interpretation the buying stochastic agents would look like optimists and the selling ones
as pessimists. If stochastic traders buy or sell with equal probabilities, M /2 of them would look
like optimists and remaining M /2 would look like pessimists. This translates into an increase
of ¢4, and €,, by M/2 and increase of €7, by M. In Fig. |5 we demonstrate the stationary
PDF of absolute log-price, [p(t)|, calculated numerically from equations (7)-(10) assuming:
Eop = Eop + M/2; £,y = €po + M/2; and &y, = 4. + M; for various values of M. In this
case there is no significant effect of stochastic traders on the market price, as the stochastic
traders encourage switching from fundamentalists to chartists (this behavior should increase
the fluctuations of |p(¢)|), but discourage large chartist mood swings (the fluctuations of |p(t)|
become smaller). These competing effects mostly cancel each other out.

Nevertheless, the assumption to consider all stochastic traders as sort of chartists may appear
doubtful in context of fundamentalist-chartist dynamics. Namely, when a fundamentalist trader
solves a problem whether to stay with fundamentalist strategy or to switch to chartist behavior
he might consider half of stochastic traders as fundamentalists and half as chartists. If chartist
considers the possibility to switch back to the fundamental strategy, he could treat stochastic
traders in the same way. In this interpretation we stress the importance of traders choice of
the problem he himself wants to solve. Note that in global trading the information about
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Figure 5: Stationary PDF of absolute log-price, |p(t)|, in case when stochastic traders, M =
0;2;4; 8, are assumed to impact market as chartists. Results were obtained by numerically from
equations -. Parameters were set as follows: &, = 3+ M/2, ;. = 3+ M, e.p = 0.1,
H =300, a=0.5, a=2.
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Figure 6: Stationary PDF of absolute log-price, |p(t)|, in case when stochastic traders, M =
0;2;4;8, are assumed to have symmetric impact. Results were obtained by numerically from
equations —. Parameters were set as follows: &.. = 34+ M/2 &;, = 3+ M/2, ép =
0.1+ M/2, H=1300, a=0.5, a=2.

the other traders one deals with is very limited and thus the traders make decisions about
attitudes of others just from a general flow of orders and price deviations from its fundamental
value. Having in mind that half of stochastic traders are always not in line with prevailing
attitudes of chartists, it is reasonable to assume that half of stochastic traders might be treated
as representing fundamental strategy. Mathematically the impact of stochastic traders in this
interpretation may be formalized the following way: & = ef. + M/2, Ecf = ecf + M/2,
Eop = Eop + M /2 and £, = €, + M/2. In Fig. |§| we demonstrate that in this interpretation
stochastic trading has a considerable effect diminishing price deviations from its fundamental
value.

4 Conclusions

In this contribution we have considered control possibilities of the artificial agent-based financial
market setup built upon the three state herding model. The three state model has its roots
in generic Kirman’s model, which provides a mathematical background for the wisdom of
the crowd effect in social communities. Consequently this model reproduces extreme events,
which can be seen as extreme deviations from the “correct” opinion, happening simply due to



endogenous interactions. Fortunately, the core feature of the endogenous interactions causing
extreme deviations, herding behavior, might be also used to prevent these extreme events. We
propose to use predefined fundamentalist and stochastic traders, which through global herding
coupling may be able to prevent extreme events in the financial markets.

First of all we demonstrate the efficiency of controlled agents in the simplest case. Namely we
consider analytically the two state herding model with controlled agents present. Population
dynamics driven by herding interactions can be manipulated by introducing controlled agents
into the predefined states or just letting them change their state stochastically. From the
theoretical point of view this simple case serves as an example of a stochastic system on the
macroscopic level, which can be stabilized by introducing agents, who act stochastically.

Next we move on to the analysis of the market price deviations from its fundamental value in
the three state herding model of financial markets, which is known to be capable of reproducing
the empirical data [39,/40]. Numerical simulations using this model show that introduction of
predefined fundamentalist traders is a very efficient method to reduce market price fluctuations.
In this context we have also tested an unorthodox extreme event prevention strategy (proposed
in [17,/41]), which assumes that stochastically trading agents might also stabilize financial
market fluctuations. Introduction of the such agents into the three state model is somewhat
ambiguous and lead to differing results. Everything depends on how these stochastic traders are
interpreted by other agents. If other agents see them as chartists, the market is not stabilized
as two competing effects are observed - stochastic traders calm the chartists down (decrease
mood fluctuations), but also encourage fundamentalists to switch to chartist behavior. In the
case when the impact of stochastic traders on the dynamics of fundamentalists and chartists is
symmetric, the macroscopic dynamics of market price falls under observable restriction.

We would like to point out that the presented research is based on the artificial financial market
model. In order to check for the real opportunity to stabilize financial market fluctuations one
should consider empirical investigation. From our point of view such empirical study of financial
market control opportunities has to be realistic introducing controlled fundamental traders as
well as introducing stochastic traders. Even qualitative confirmation of such opportunities
would serve as further indication that financial markets are dominated by herding behavior.

Source code

Results presented in this paper may be reproduced using source code from https://github.
com/akononovicius/Fin-market-control-2014. Along with source code we make compiled
program available along with scripts used to produce figures.
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