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Abstract In this study we rethought efficient market hypothesis from a viewpoint of complexity of market partici-
pants’ prediction methods and market price’s dynamics, and examined the hypothesis using simulation results of our
artificial market model. As a result, we found the two difference from the hypothesis. (a) Complexity of markets
was not fixed, but changed with complexity of agents. (b) When dgents increased the complexity of their prediction
methods, structure of dynamic patterns of market price didn’t disappear, but it can’t be described by equation of any
dimensions.
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1. Introduction

Are you surprised if the performance of financial
specialists’ forecasts is the same as that of randomly
generated forecasts?

In the field of economics, the theory of financial
markets called the efficient market hypothesis was
proposed in the 70s, and it has caused many ar-
guments till today. By this hypothesis, the move-
ment of the price of financial markets is a random
walk, and cannot be predicted. Therefore, the per-
formance of all the forecasts is the same. Theories
of financial engineering which developed greatly to-
day are based on this hypothesis, and they assume
financial prices as the stochastic process.

Although many statistical verification of the hy-
pothesis was performed using actual data, since the
hypothesis included a market participant’s expecta-
tion formation, it has not been verified directly. In
recent years, however, the artificial market approach
which builds a virtual market model and performs a
simulation into a computer appeared, and research-
es in this approach try to verify the hypothesis di-
rectly [1-3].

This study rethinks the efficient market hypothe-
sis from the new viewpoint of the relation between
the complexity of market participants’ prediction
formulas and the complexity of the movement of a
market price. And this study examines the hypoth-
esis from the simulation result using the artificial

market model.

2. The efficient market hypothesis
seen from complexity

The main points of the efficient market hypothesis
are summarized as follows.

e FEach market participant of a financial market
takes in very quickly and exactly all the information
related to the movement of a market price, and uses
it for price expectation.

e The market price that determined by the
dealings between such market participants is re-
flecting properly all the relevant information that
is available at present.

e Therefore, there is no room for a certain per-

son to find out the new relation between a mar-

ket price and the available information, and to be-
That is,

the movement of a market price becomes a random

come advantageous from other persons.

walk driven only by new information, and nobody
can predicted it.

When the above-mentioned main points are re-
caught from the viewpoint of complexity, the ef-
ficient market hypothesis contains the following
things implicitly.

e In order to take in suitable information, each
market participant is going to complicate his pre-
diction formula by learning, and is going to hold
the structure of the determination formula of the
market price.

e The structure of a price determination formu-
la is fixed and independent of the learning of mar-
ket participants. Finally the structure is detected
by the market participants, and it will disappear.
That is, the efficient market hypothesis needs the
two premises: (a) the independence of the complex-
ity of the movement of a market price from the com-
plexity of each market participant’s prediction for-
mula and (b) the existence of motivation of leaning
by each market participant.

On the other hand, by the artificial market simu-
lation, de la Maza [4] found that when the dimension
of market participants’ prediction formula went up
from O to 1, the movement of a market price also
changes from a random walk to linearity. That is,
he showed the possibility the complexity of market
participants and the complexity of a market are not
independent.

Then, what is the motivation to which each mar-
ket participant complicates his prediction formula?
Joshi et.al. [7] think that it is because the situa-
tion similar to the prisoner’s dilemma game has oc-
curred. In their artificial market model, taking in
the technique of the moving average of a techni-
cal analysis to a prediction method, and raising the
dimension of a prediction formula from 0 to 1 cor-
responds to the default strategy of the prisoner’s
dilemma game. On the other hand, not using a
technical analysis for prediction corresponds to the
cooperation strategy. From the simulation result,
the two following conditions for becoming a prison-

er’s dilemma situation were seen.



Condition 1 If one raises his prediction dimension,
his prediction becomes more accurate and the profit
of his dealings result increases. Thus, the motiva-
tion of the default strategy exists.

Condition 2 However, when everybody raised the
dimension, the movement of the market price be-
came more complicated, and the prediction accura-
cy has fallen rather than the time of everybody’s
not using the technical analysis.

Thus, since everybody raised the dimension of his
prediction formula in pursuit of profits, the predic-
tion accuracy becomes worse than before.

In the following sections, by the artificial market
simulation, we analyze the complexity of a market
and the prisoner’s dilemma situation when a predic-
tion dimension becomes larger.

3. Artificial market model

The artificial market is a virtual financial market
with 50 virtual dealers (agents) in a computer. One
financial capital and one non-risk capital exist in
this artificial market. Each agent expects the move-
ment of the financial price, and he changes the posi-
tion of the financial and non-risk capital so that the
utility of his expected profit may become the maxi-
mum. In the artificial market, one term consists of
four step of expectation, an order, price determina-
tion, and learning, and time progresses discretely by
repeating these four steps.

3.1 Expectation

Each agent expects the change value of the finan-
cial price of this term using the weighted sum of the

change value of past financial price. That is, in this_

study, since fundamentals information does not ex-
ist in a market, the agents expects the change value
of the financial price only by the technical analysis.

The expectation formula of each agent is auto the
regressive integral moving average model ARIMA (n,
1, 0), where n means the number of the terms of the
price changes used for expectation. The larger n is,
the larger the dimension of an expectation formula
is. Thus in this study, n is regarded as the complex-
ity of each agent’s expectation.

The expectation formula is as follows, when P,
is the financial price of this term which is not yet
determined and g; is the expectation the change of

financial price (P, — Pi_1).

n
= Z biyt—i + et (1)
i=1
= X;bt + e

Here, €; is the normal distribution whose average
is 0 and standard deviation is 0.1, by is a vector
with the coefficient of the prediction formula™?,

(by,---,by)’, and x; is a vector of the explanation
variables of the prediction formula, i.e., the past
price changes™ 2 (y;_1,- -+, yr—n)-

3.2 Order

It is assumed that each agent has the utility func-
tion of expected profit with risk avoidance. Then
the optimum quantity of the position of the finan-
cial capital with the maximum utility, ¢;, is propor-
tional to the expected change value y; of the formula
(1). ‘

q: = aye, (2)
where a is a coefficient. Each agent’s amount of
orders oy is the difference between the optimum po-
sition g and the current position g;_1.

0t = ¢ — gi1 ®3)
If the market price P; is lower (higher) than his ex-

pected price (P, + y), each agent order to buy
(sell). The amount of order is o;.

Ifo, >0,
Buy o (PPt +u)
{No action (P> Po_q+ )
Ifo, <O,
Noaction (P < P—y +u)
{ Sell o (Pez Py + )

3.3 Price determination

All the orders of 50 agents in the market are ac-
cumulated, and the market price of this term is de-
termined as the value where the demand and supply
are balanced. Dealings are transacted between the
buyer who gave the price higher than a market price,

and the seller of a lower price.

(#£1) : The initial value of the coefficients by is given with
the uniform random numbers from -1 to 1.

(7 2) © At the start, the initial values of price Xo are generat-
ed by the normal distribution whose average is 0 and standard
deviation is 1.



3.4 Learning

Each agent updates the coefficients b; of the
prediction formula (1) using the successive least-
squares method with the information on the change
y of the newly determined market pricé™3. The
least-squares method is as follows [5].

by + (XiXe) ™ xelye — xiby)
fi ’

where X, is a learning matrix which starts by X =

4)

by =

100 x I (I is a unit matrix), and is updated by the
following formula.

(XX ™ = (X} Xem) ™ 5)
_ (Xé—lxtﬂl)_l XX, (Xiflxtfl)_l
ft
fo=14x (X1 X 1) xe (6)

4. Simulation result

In the next section, we examine the complexity
of the market and the prisoner’s dilemma-situation
when the prediction dimension became large using
the artificial market model.

4.1 Development of the complexity of a

market

In order to examine the independence of the com-
plexity of the movement of a market price from the
complexity of each market participant’s prediction
formula, we carried out the correlation dimension
analysis® ¥, All 50 agents have the prediction for-
mulas of the same n dimension. We carried out the
simulation with 4000 terms 100 times. Changed the
embedding dimensions, the correlation dimensions
was calculated using the price data of 3885 terms
at the second half while learning were stabilized to
some extent (Fig.1).

As a result, when a prediction dimension was
0, the the correlation dimension curve was con-
vex downward like the theoretical value of a ran-
dom walk (fig. 1la).
ture in the dynamics of the market price. Howev-

That is, there is no struc-

er, when the prediction dimension increase a little,

(7£3) : When n = 0, the prediction value is a random number
and learning is not performed.

(£ 4) : The procedure of the correlation dimension analysis
was described in [9,10].

a) The agents’ prediction dimension is 0
45
40
35
30
25

correlation dimension

0 10
embedding dimension

b) The agents’ prediction dimension is 1

45
40

N L W
wm O W S W

correlation dimension

<

w

embedding dimension
¢) The agents’ prediction dimension is 10
45
40
35
30
25
20

correlation dimension

0 10
embedding dimension

1 Correlation dimensions : X-axis is
the logarithm of embedding dimen-
sions. A solid line is an average of the
correlation dimension of 100 paths.
A dotted line is the theoretical value
of a random walk.

the correlation dimension curve was convex upward
and saturated (fig. 1b). Thus, the structure that
could be described by an equation of a finite di-
mension appeared in the dynamics of the market
price. Furthermore, when the prediction dimension
was raised, the correlation dimension curve became
a straight line (fig. 1lc). Thus, the correlation di-

mension curve was neither convex downward like a



f

random walk nor saturated. That is, there was a
structure in the dynamics of the market price, but
it could not be described by an equation of any finite
dimension.

According to Nakajima [9,10], as a result of ana-
lyzing Tokyo Stock Exchange Stock Price Index da-
ta, the logarithm of a correlation dimension went up
linearly like this simulation result in fig. lc. That
is, when each agent’s prediction dimension increas-
es, like the price data in the real-world, the dynam-
ics of the price in the artificial market can be de-
scribed roughly by an equation of some dimensions.
And the more precise description is also attained
by increasing the number of dimension. However,
the movement of price data can not be described
completely by an equation of any finite dimensions.
That is, the number of the variables related to the
movement cannot be specified completely.

4.2 Merit of complicating a prediction

formula

‘We investigated the merit of complicating the pre-
diction formula. The dimensions of 25 agents’ pre-
diction formulas was set to n, and the dimension of
the prediction formula of the other 25 agents was
n + 1. Each simulation had 4000 terms which con-
sisted of the four steps in section 3.. The averages
of forecast errors were calculated both about the a~
gent group with n dimensions and about the group
of n + 1 dimensions. The forecast errors were the
difference between each agent’s prediction value and
a market price. The initial value of random num-
bers was changed and 100 simulations was carried
out®® . Figure 2 shows the difference between the
forecasts errors of the group with n + 1 dimensions
and those of the group of n dimensions. While the
number of dimensions in the prediction formula is
small, the merit of complicating prediction formu-
las is large. The agent who can predict correctly
can increase his profit. Thus, when the number of
dimensions is small, the conditions 1 of the prison-
er’s dilemma situation in the section 2. are hold.

However, when the number of dimensions becomes

(#5) : Since the calculation of averages were impossible
when the market price had diverged, we carried out simu-
lations until we could get 100 simulations whose paths did
not diverge.
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axis is a difference of forecast errors
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of the group of n + 1 dimensions are
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large, the merit of complicating prediction formulas
disappears.

4.3 The demerit in the whole market

We examined whether the prediction of prices be-
comes harder in the whole market as increase of the
dimension of prediction formulas. In this simula-
tion, 50 prediction formulas of all agents were the
same n dimension. We carried out the simulation
with 4000 terms 100 timed™®.
cumulated the forecasts errors in 4000 terms and

After having ac-

taking an average of 50 agents in 100 simulations.
(Fig.3). As aresult, when the number of dimension-
s in the prediction formula was small, the forecast
error became large, as the number of dimensions in-
creased. That is, the conditions 2 of the prisoner’s
dilemma situation in the section 2. were hold. How-
ever, it has converged to the fixed value when the
number of dimensions was lager than three.

5. New efficient market hypothesis

The simulation results are summarized as follows.

e When each market participant’s prediction
dimension is 0, the movement of a market price re-
sembles a random walk. If the prediction dimen-
sion increases, the structure which can be described

by an equation of a finite dimension appears in the

(7 6) : The path to diverge was not seen when all agents’
prediction formula was the same dimension.
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movement of price.

e Therefore, if each agent increases his predic-
tion dimension, since the prediction dimension ap-
proaches to the dimension of the price determination
formula and his prediction becomes more accurate.
Thus, the merit of complicating prediction formulas
exists. However, if everybody increases their predic-
tion dimension, prediction accuracy becomes small-
er than before. That is, it will become the prisoner’s
dilemma situation.

e If everybody continues to increase the predic-

tion dimension in the prisoner’s dilemma situation,
the movement of a market price come to have the
structure that can not be described completely by
an equation of any finite dimensions.
The structure of the movement of a market price
changed as market participants changed their pre-
diction formulas. That is, the complexity of mar-
ket participants and the complexity of a market are
not independent unlike the efficient market hypoth-
esis. The simulation results also suggests that the
structure of the dynamics of price data did not dis-
appear when market participants continue to com-
plicate their prediction formulas. In the final state,
however each market participant increases his pre-
diction dimension, he can not predict the market
price completely.

In such the state where there is no “correct an-
swer” of learning, it is thought that a procedure
of learning by each market participant becomes the
key factor to the movement of a market price in ad-
dition to a result of learning. As Kichiji [8] said, the
efficiency of learning by a market participant, the

difference in the cognitive framework, the interac-
tion between market participants, and the method
of informational choice, etc. become important.
Another key point is the mechanism of market
price determination. In this study we assumed that
the market price were determined discretely as an e-
quilibrium price. Alternatively we can assume that
the market price is determined continuously as a
transaction price of each dealing. The mechanism of
market price determination is the mechanism how to
accumulate the individual complexity on the com-
plexity of a market. Therefore, it has large influence
on the relation between the complexity of market
participants’ prediction formulas and the complex-
ity of the movement of a market price. It is inter-
esting to examine whether the same simulation can
be acquired when the-mechanism of market price

determination changes.

6. Mechanism of preventing diver-
gence.

As other relation between the dynamics of mar-
ket prices and agents’ complexity, we propose the
mechanism of preventing rate divergence.

We carried out two types of computer simulation-
s. In the first type of simulations, the numbers of
all 50 agents’ prediction dimension were the same
as n. In the second type, the number of 25 agents’
prediction dimension were n and that of the oth-
er 25 agents’ prediction dimension were n+ 1. We
varied n from 0 to 9 and carried out the two types
of simulations with 4000 terms 100 times at each
prediction dimension n.

As a result, there was paths which market prices
diverged™™ only in the simulations where the agents
have different prediction dimensions. There was no
path diverged when all the agents have the same
prediction dimension.

We found that the convergence of agents’ predic-
tion formula prevented rate divergence. In the sim-
ulation paths diverged, agents have different coefli-
cients of prediction formula and there were always
both demand and supply in markets. Thus, the

(7 7) : We regarded a simulation path as diverged when the
value of simulation rate exceeded the value that could be rep-
resented by double precision type.



trend could continue until the rate paths diverged.
By contrast, in the simulation paths that did not
diverge, when values of the common n coefficients
converged there was only demand or supply in the
market. Thus the trend stopped.

This mechanism is supported by the fact that the
simulation path did not diverge when all the agents
have the same prediction dimension. In this case,
the values of coeflicients were easier to converge be-
cause the numbers of them were the same.

Moreover, other simulation results supported the
mechanism. Figure 4 shows percentages of simula-
tion paths diverged when the numbers of prediction
dimensions are n and n + 1. When n = 0, there
were 25 random-forecasting agents in the market.
Thus the values of coefficients were difficult to con-
verge and the percentage became the highest. The
simulation results provided another support. As the
number of coefficients, n, increased, the convergence
became more difficult. Therefore more simulation

paths diverged.
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4 Percentages of Simulation Paths Di-
verged.

This mechanism supported the results of our pre-
ceding analysis of contrary opinion phenomena us-
ing our other artificial market [6].

7. Conclusion

This study examined an efficient market hypoth-
esis using artificial market approach. As a result,
the following two points different from an efficient
market hypothesis were found.

¢ While the prediction dimension of agents is

small, the structure which can be described to the
movement of a market price exists, and the motiva-
tion of increasing the prediction dimension exists.

e Even if the market participant increases the
prediction dimension, the structure of the movement
of a market price does not disappear. Finally, how-
ever each market participant increases his predic-
tion dimension, he can not predict the market price
completely.

As future works, we want to investigate the in-
fluence of (a) the procedure of learning by a mar-
ket participant and (b) the mechanism of the price
determination on the relation between between the
complexity of market participants’ prediction for-
mulas and the complexity of the movement of a mar-
ket price.
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