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In real financial markets there are two kinds of traders: one is fundamentalist, and the other is a trend-follower.

The mix-game model is proposed to mimic such phenomena. In a mix-game model there are two groups of agents:

Group 1 plays the majority game and Group 2 plays the minority game. In this paper, we investigate such a case that

some traders in real financial markets could change their investment behaviours by assigning the evolutionary abilities to

agents: if the winning rates of agents are smaller than a threshold, they will join the other group; and agents will repeat

such an evolution at certain time intervals. Through the simulations, we obtain the following findings: (i) the volatilities

of systems increase with the increase of the number of agents in Group 1 and the times of behavioural changes of all

agents; (ii) the performances of agents in both groups and the stabilities of systems become better if all agents take

more time to observe their new investment behaviours; (iii) there are two-phase zones of market and non-market and

two-phase zones of evolution and non-evolution; (iv) parameter configurations located within the cross areas between

the zones of markets and the zones of evolution are suited for simulating the financial markets.
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1. Introduction

Minority game (MG) was extended from Arthur’s
‘El Farol bar’ problem!™ by Challet and Zhang.[?!
MG model attracts a lot of following studies as a po-

tential market model.3-5

However, there are some
weaknesses in the MG. First, the diversity of agents
is limited, since agents all have the same histori-
cal memory and time-horizon. Second, in real mar-
kets, some agents are trend-followers, i.e. ‘noise
traders’,[0=13] who effectively play a majority game;
while the others are ‘fundamentalists’, who effectively
play a minority game. Some researches on mixed mi-
nority/majority games have been done analytically
and numerically.'*=18 In their models, time-horizon
was infinite and all agents had the same abilities
to deal with historical information and could switch
over between majority side and minority side. They
studied the stationary macroscopic properties and the
dynamical features of the systems with different in-
formation structures, i.e. agents received the infor-
mation that was either exogenous (‘random’) or en-
dogenous (‘real’). In order to create an agent-based

model that more closely mimics a real financial mar-

ket, Goul'®! proposed ‘mix-game’ model which is an
extended version of MG model by dividing agents into
two groups: each group has different historical mem-
ories and time-horizons; Group 1 plays the majority
game, and Group 2 plays the minority game. The
difference between the mix-game and the mixed mi-
nority/majority games studied by Martino et al.18]
is that the two groups of agents in the mix-game
had different bounded abilities to deal with histori-
cal information and to count their own performance.
This feature of the mix-game implies that agents have
bounded rationality.”]

Goul?! specified the spectra of parameters of mix-
game models that fit financial markets by investigat-
ing the dynamic behaviours of mix-game models un-
der a wide range of parameters. The main findings
in Ref. [20] are (a) in order to improve efficiency,
agents in a real financial market must be heteroge-
neous, boundedly rational and subject to asymmetric
information; (b) an active financial market must be
dominated by agents who play a minority game, oth-
erwise, the market would die; (¢) the system could
be stable if agents who play a majority game have a
faster learning rate than those who play a minority
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game; otherwise, the system could be unstable. Fur-
ther work used mix-game models to forecast financial
markets. 21 =24

However, the learning abilities of agents in both
MG and mix-game are limited since agents cannot
change their strategies or learn from others during
the game. In real financial markets, participants can
learn from others and change their strategies or their
investment behaviours according to the situations of
markets. Gou et al.l” have studied the system dynam-
ics of evolutionary mix-game models in which agents
can change their strategies during the game. In the
present paper, we investigate such a situation that
some participants in real markets can change their
investment behaviours by assigning the evolutionary
abilities to agents: if the winning rates of agents are
smaller than a threshold, they will join the other
group; and agents will repeat such an evolution at cer-
tain time intervals. We refer to this modified model as
behaviour-evolutionary mix-game model. It is investi-
gated in this paper how the threshold of winning rate
and the time interval of evolution affect the dynamics
of behaviour-evolutionary mix-game model and spec-
ify the proper spectra of parameters for simulating
financial markets. The remainder of the present pa-
per is organised as follows. In Section 2, the model
and simulation conditions are introduced, and in Sec-
tion 3 the results are discussed. Finally, we draw some
conclusions from the present study in Section 4.

2. Model and

tions

simulation condi-

In the mix-game, N is the total number of agents
and Nj is the total number of agents in Group 1; T}

and T, are the time horizons of the two groups; my
and mso denote the history memories of the two groups,
respectively. A strategy consists of a response, i.e., 0
or 1, to each possible history; hence there are 22!
or 22" possible strategies for Group 1 or Group 2,
respectively, which form full strategy space (FSS). At
the beginning of the game, each agent is assigned to
with s strategies and keeps them unchanged during
the game. After each turn, an agent assigns one point
(virtual) to a strategy which would have predicted the
correct outcome; otherwise, the agent assigns zero to
the strategy. For agents in Group 1, they will re-
ward their strategies with one point if they are in
the majority; for agents in Group 2, they will reward
their strategies with one point if they are in the mi-
nority. The virtual points represent the satisfactory
levels that agents have for their strategies. Agents
collect the virtual points for their strategies over the
time horizon T or T, and they use their strategies
which have the highest virtual points in each turn. If
there are two strategies which have the highest virtual
points, agents use coin toss to decide which strategy
to be used.

In the behaviour-evolutionary mix-game, we in-
troduce two new parameters: one is threshold of win-
ning rate and the other is time interval of behavioral
change. The parameter of the time interval denoted
as F for both groups is to regulate a certain periodic
time interval for agents to change their investment be-
haviours. If an agent’s decision is correct, this agent
will be rewarded with one point, which is accumulated
as his/her real winning points at each turn. The win-

ning rate is calculated as

Winning rate = Real winning points/Current timestep, (1)

where ‘Current timestep’ means the number of time
steps elapsed since the simulation starts. @7 and Qs
denote the thresholds of the winging rates of agents in
Group 1 and Group 2, respectively. If agents’ winning
rates are smaller than the thresholds, they join the
other group and copy the best strategies and the cor-
responding virtual points of the newly-joining group
but keep their real winning points. Therefore, N7 and

Ny vary with time-steps but N remains the same in

the behaviour-evolutionary mix-game.

Excess demand D[(t)] is equal to the number of
1s (buy) that agents choose minus the number of 0Os
(sell) that agents choose, i.e.,

D[(t)] = MNbpuying—orders [t - 1]
— TNselling—orders [t — 1] (2)

According to a widely accepted assumption that
excess demand exerts an influence on the price of the
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asset, and the change of price is proportional to the
excess demand in a financial market,® the time series
of price of the asset P[(t)] can be calculated based on
the time series of excess demand as

P[(t)] = D[t]/A + P[t —1]. (3)

Volatility of the time series of prices is represented by
the variance of the increase of price. The local volatil-
ity Vol[t] is calculated at each time-step by calculat-
ing the variance of the increase of price within a small
time-window d. If A = 1 for simplicity, the increase of
price is just the excess demand. Therefore, we have

1[t] Ly Ly D i 4
Vo dzd ( d; [t]) : (4)

In simulations, the distribution of initial strate-
gies of agents is randomly uniform in FSS. Each agent
has two strategies i.e., s = 2. In the simulation, the
number of time-steps is 3000. The window length
of local volatility d is 5, i.e., d = 5. The remain-
ing parameters are m; = 3, my = 6, N = 201,
Ni(t =0) =40, Na(t =0) = N — N; =161, Ty = 12,

and Ts = 60.

3. Results and discussion

First, we discuss the results of behaviour-
evolutionary mix-game with F' = 1. Then we inves-
tigate the differences in dynamic behaviour between
systems with different values of F'. Finally, we present
the two-phase zones of markets and non-markets for

different values of F.

3.1. Results with FF =1

Figure 1 indicates the relations between Nj at
t = 3000 and the threshold of @2 with F =1 for dif-
ferent values of Q1. We can find that Nj increases
= 0.05 for all values of @1, then in-

creases slowly to a maximum of 200 for Q2 = 0.05—0.4

sharply at Qs
with all values of (J;. Generally speaking, N; de-
creases with the increase of Q1 except Q1 = 0. Figure
2 shows the relations between mean volatility of sys-
tem and the threshold of Q3 with F' = 1 for different
values of (J;. From Fig. 2, we can find that mean
volatilities increase sharply at Q3 = 0.05 for all values

of 1 and increase very slowly for Q2 > 0.05. Except

@1 = 0, mean volatilities decrease with the value of
()1 increasing.
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100 o095
——0.20
| ——0.15
50 ——0.10
—v— 0.05
0 —— 0
0 0.1 0.2 0.3 0.4 0.5

Q2

Fig. 1. Relations between N (¢ = 3000) and the thresh-
old Q2 with F' =1 for different values of Q.
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Fig. 2. Relations between mean volatility of system and
the threshold Q2 with F' = 1 for different values of Q.

Comparing Fig. 1 with Fig. 2, we can naively
say that mean volatility increases with the value of
Nj increasing. However, considering the situations of
@1 = 0, we can find that the mean volatility is the
smallest for ()1 = 0, but the corresponding value of
Ny is not the smallest. So we can infer that mean
volatility is also influenced by the time of behavioural
evolution of agents because agents in Group 1 do not
change their investment behaviours if @1 = 0. From
Figs. 1 and 2, we can also infer that ()2 has greater

influence on N; and mean volatility than on Q.

3.2. Comparing results of different val-
ues of F

First, we make detailed comparisons between the
results of F' = 30 and between the results of F' =1 as
shown in Figs. 3 and 4. Comparing Fig. 3 with Fig. 1,
we find the first difference of Ny for F' = 30 is that IV;
does not change for Q1=0-0.35 and @>=0-0.15. We
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refer to this area as non-evolutionary zone as shown
in Fig. 5, in which the area below the curve is non-
evolutionary zone. This means that the winning rates
of agents in this zone are greater than 0.35 for Group
1 and 0.15 for Group 2, respectively. Reference [12]
shows a similar finding. The second difference in V7 is
that in the case of F' = 30 IV increases slowly with the
increase of ()2 from 0.15-0.30 then increases rapidly
from @2 > 0.30 with all values of Q.
Fig. 4 with Figs. 3 and 2, we can conclude that mean

Comparing

volatility of F' = 30 increases with the increase of Ny
and the time of behavioural evolution also, which is
similar to the case of F' = 1.

140
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Fig. 3. Relations between Ni (¢ = 3000) and the thresh-
old Q2 with F' = 30 for different values of Q1.
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Fig. 4. Relations between mean volatility of system and
the threshold Q2 with F' = 30 and different values of Q1.

Then we discuss the results of F' = 10 and 20. As
shown in Fig. 5, the non-evolutionary zone in F' = 20
is the same as that in F' = 30 but greater than that
in FF = 10. For F' = 1, agents do not change their
investment behaviours only at the points of @7 = 0
and Q2 = 0. This means that the winning rates of all
agents increase with the increase of F' within F' = 20.

0.4
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—~—F=20

0.31 & F=10
—O—F=1

é;l 0.2
0.1
0 T T :
0 0.1 0.2 0.3 0.4 0.5
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Fig. 5. Two-phase zones of evolution and non-evolution
(the areas below curves represent non-evolutionary zones).

By carefully examining the simulation results,
we find that system dynamic features of behaviour-
evolutionary mix-game with F' = 10 and 20 are qual-
itatively similar to but quantitatively different from
that with F' = 30. In order to observe the effects of F'
on N7 and volatility, we pick out the typical data and
plot them in Figs. 6 and 7, where shown are the vari-
ations of N7 (¢t = 3000) and mean volatility of system
with the value of F, respectively.

250
—— Q1 = 0.40, Q2 = 0.30
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Fig. 6. Variations of Ny (¢ = 3000) with the value of F
for different values of @1 and Qa2.
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Fig. 7. Variations of mean volatility with the value of F'
for different values of @1 and Qs2.
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From Figs. 6 and 7, we can find that both N; and
the mean volatility decrease with the value of F' de-
creasing within F' = 20 then tend to become stable for
F > 20.

3.3. Two-phase zones of markets and
non-markets

The variations of price series and local volatility
series with time shown in Fig. 8 are a typical example
for non-market dynamic feature. In contrast, what is
shown in Fig. 9 is a typical example for market dy-
namic feature.

3 x 10°
5L
.g 2 x 10 I
—
A1 x105F
0
0 1000 2000 3000
Time
>
X
.E
=
(=}
>
0 . .
0 1000 2000 3000

Time

Fig. 8. Price series and local volatility series of non-
markets reproduced by behaviour-evolutionary mix-game
with configuration parameters of m; = 3, ma = 6,
T, =12, T, = 60, s = 2, Q1 = 0.3, Q2 = 0.2, and
F=1.
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Fig. 9. Price series and local volatility series of mar-
kets reproduced by behaviour-evolutionary mix-game with
configuration parameters of m; = 3, mg = 6, T1 = 12,
Ty =60,s=2, Q1 =05, Qs =0.1, and F = 10.
Although the mix-game with the configuration
parameters of my = 3, mg = 6, T1 = 12, T = 60,
and s = 2 can reproduce the stylised facts of finan-
cial markets,2%) from the simulations we find that the

behaviour-evolutionary mix-game with the same con-
figuration parameters of m; = 3, mg = 6, 71 = 12,
T>, = 60, and s = 2, can reproduce the stylised facts of
financial markets for some configuration parameters of
Q1 and @2, but it fail to do so for some other configu-
ration parameters of @1 and Q2. FigurelO shows the
two-phase zones of markets and non-markets for dif-
ferent values of F' in which the areas below the curves
represent market zones. From Fig. 10, we can see that
the bigger the value of F' is, the greater the market

zone is.
0.4
)
0.3
S 0.21
—e— =30
0.1 —— F=20
— =10
<§i —— P=1
0
0 0.1 0.2 0.3 0.4 0.5

(9]

Fig. 10. Two-phase zones of markets and non-markets
(the areas below the curves represent market zones).

Comparing Fig. 10 with Fig. 5, we find that the
market zone is greater than the corresponding non-
evolution zone for each value of F'. This means that
the behaviour-evolutionary mix-game can reproduce
the stylised facts of financial markets if the configu-
ration parameters are chosen within the cross areas
between the zone of markets and the zone of evolu-
tions. As an example, we plot the price series and
the local volatility series reproduced by behaviour-
evolutionary mix-game with the configuration param-
eters of m; = 3, mo = 6, 71 = 12, T5 = 60, s = 2,
@1 =0.5,Q2 = 0.1, and F' = 10 as shown in Figs. 9(a)
and 9(b) respectively.

4. Conclusion

The volatility of the system increases with the in-
crease of the number of agents in Group 1 and the time
of behavioural change. However, the performances of
agents in both groups and the stabilities of systems
become better if all agents take more time to observe
their new investment behaviours. There are two-phase
zones of market and non-market and two-phase zones
of evolution and non-evolution. In order to simulate
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financial market, we can choose configuration param-

eters: threshold of wining rate and the time interval

within the cross areas between the zone of market and

the zone of evolution.
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