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Abstract
In this paper, an artificial financial market based on heterogeneous
agents is presented. The proposed market is composed of traders with
limited amount of cash, one traded asset and a centralized mechanism,
the market maker, matching buy and sell orders. The price formation
process is given by the intersection of the demand and the supply
curve.
The artificial financial market has been implemented using advanced software engineering techniques, in particular extreme programming and object oriented technology. The resulting system is a
∗
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powerful tool able to numerically simulate financial market operations
in a realistic way. Preliminary results show that the price time series
exhibits a random walk behavior with fat tails distribution of returns.
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Introduction

In the last decade, many computer simulated artificial financial market have
been proposed [1, 2, 3, 4, 5]. For a review see LeBaron [6]. Perhaps, the most
famous among them is the artificial market - populated with heterogeneous
agents endowed with learning and optimisation capabilities - built at Santa
Fe Institute by Arthur, Holland et al. [7, 8, 9].
In this paper, we present an agent-based computer simulator of a stock
market, called the Genoa artificial market, in honour of to the beautiful city
where most of this work was performed. In the Middle Age Genoa was a
major financial center, where the I.o.u. and the derivatives were invented
[10].
The main features of the presented simulator are:
1. it has been developed using state-of-the-art programming techniques
allowing an easy upgrade and modification of the system;
2. portfolio and cash of every simulated trader, as well as every order and
transaction, are tracked;
3. it is endowed with a realistic price formation mechanism.
The first release of the Genoa artificial financial market is characterized by
heterogeneous agents exhibiting random behavior, one traded asset and a
fairly complex interaction mechanism. Agents place buy and sell orders randomly, compatibly with their cash availability and asset portfolio. Orders
are then processed by a module, the market maker, which builds the well
known demand and supply curves, whose intersection point determines the
new asset price. Orders, whose limit prices are compatible with the value
of the new price, are satisfied, while others are discarded. The traders cash
and portfolio is updated and a new simulation step begins. The Genoa artificial market is stable, i.e., prices do not diverge, being constrained by the
fixed amount of cash of traders. In addition, with a mechanism representing the aggregation of traders, the artificial market is able to reproduce one
important feature of real markets: fat tails.
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The Genoa market microstructure

In the Genoa artificial market, we modelled a stock market from a very
realistic perspective. Each trader is modeled as an autonomous agent, and
its data structure keeps track of trading operations as it could do in a real
trading system. The traders are agents who are endowed with a given amount
of cash and of stocks, and can issue orders to buy more stocks or to sell (a
portion of) their stocks. The traders are individually tracked by the system,
but do not develop individual trading strategies. They issue random orders,
but their overall behavior depends on their actual state, as the quantity of
stocks of the issued orders depends on their cash and stocks owned.
The price computation proceeds in unit time steps of one day. For the
sake of simplicity, only one stock is traded in the market.
The system has three main degrees of freedom, i.e. three state variables:
the amount of cash in the system, the number of stocks in the system and
the price of the stock. Market capitalization is given by the number of stocks
times their price. In addition, initial conditions and the parameters of traders
need to be fixed.
The central market maker fixes a price by matching offer and demand and
stands ready to satisfy all orders at these conditions. The price formation
process is given by the intersection of the demand and the supply curve. Fig.
1 shows the shape of the demand and the supply curve and the resulting
clearing price in a case drawn from a simulation.
Once the price is cleared, the orders compatible with that price (buy
orders with maximum price lower than or equal to p∗ , and selling orders with
minimum price higher than or equal to p∗ ) are executed. Consequently, the
cash and stocks amounts of traders involved in executed orders is updated.
It is worth to note that the size of buy orders whose maximum price is lower
than or equal to p∗ may differ from the size of selling orders whose minimum
price is higher or equal to p∗ . If the size of compatible sell orders is larger
than the size of compatible buy orders, as shown in Fig 2a, the market maker
adds cash to the system of traders and subtract assets from it. Conversely, if
the size of compatible sell orders is smaller than the size of compatible buy
orders, as shown in Fig. 2b, the market maker adds assets to the system of
traders and subtracts cash from it. In this framework, we assume an ideal
market maker with an unlimited availability of cash and stocks satisfying
all orders compatible with the new price p∗ fixed by the intersection of the
demand and the supply curve.
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The orders that do not match the clearing price are discarded.
At the beginning of the simulation, the current price p(0) is set in an
exogenous way, and each trader is given an amount of cash and an amount
of stocks. These amounts can be the same for all traders, or may differ.
The interplay of demand and supply schedule and the eventual imbalance
of orders creates a rich behavior as at each step a price increase or decrease
might be accompanied by either a cash increase or decrease. As a consequence
the system might either evolve towards a situation of higher prices and higher
cash or the lack of cash will tend to restrain the price increase. The same
reasoning applies to price decrease.
The traders described so far issue buy and sell orders with the same
probability and are totally independent from each other. Consequently, it
should not be surprising to discover that the ensuing log-price behavior is a
random walk, and that daily returns follow a normal distribution.
It is well known, however, that real markets return distributions exhibit
“fat tails” following a Pareto-Levi distribution, at least for returns computed
for times approximately less than one month [12, 13]. In order to make
our market model more realistic, we added an aggregation mechanism based
on random graphs, following recent theories [14, 15] to model the aggregate
behavior of traders in real markets.
In our model, each trader is marked with a tendency to be optimist or
pessimist. At the beginning of the simulation, 50% of traders are marked as
optimist and 50% as pessimist. This tendency does not immediately affect
the trader behavior, which remains balanced. At each time step, however,
random links are added among traders sharing the same tendency, with a
probability pa . In this way, clusters of traders sharing the same opinion
gradually take shape. If a link is established between two traders belonging
to different clusters, these clusters merge into a bigger one.
Moreover, at each simulation step clusters of both optimist and pessimist
traders are randomly chosen with probability pc , that does not depend on
the cluster size. All traders belonging to a chosen cluster receive a message
to buy (if they are optimist) or to sell (if they are pessimist) as far as they
can. Optimists immediately place an order to buy covering 90% of their cash,
while pessimists place a selling order of 90% of their stocks. The percentage of
90% of cash was chosen because in this way if the price climbs in consequence
of buy orders, it is unlikely that the trader cash becomes negative. As for
sellers, the 90% percentage was chosen to keep balanced the buy and sell
order flow.
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After these aggregate orders are placed, all links of traders belonging
to the chosen clusters are broken, and these traders change their tendency.
As optimists have bought (almost) all the stocks they could, their tendency
switches to pessimist, not having anymore cash for buying, but only stocks
to sell. Vice-versa for pessimists.
This aggregate behavior reflects in a simplified way mechanisms of opinion
formation actually in place in real markets. With this mechanism, the price
behavior remains balanced and apparently does not divert from the usual
random walk. One day returns, however, change their distribution, which
now becomes much closer to return distribution of real data.

3

Market simulation software

The model described in the previous section was implemented in software,
using advanced software engineering techniques. In this section we briefly
describe implementation techniques and the architecture of the resulting system.
The simulator was implemented using object-oriented technology and Extreme Programming [16] as development process. This process is incremental
and iterative. It builds a software system step by step, adding new features
at each step. These features come from requirements gathering in the form of
user stories, i.e., short sentences describing the behavior of the system and/or
its interactions with the users. User stories are collected, sorted by importance and risk and then implemented. A functional system, implementing a
subset of the required features, is released as soon as possible (in our case, in
a few weeks) and new releases are made every week. Testing and refactoring
[17] are of paramount importance in the process.
We used a revised version of XP, described in [18]. It proved effective and
enabled us to successfully deliver the system in a few months. The system is
divided in the following subsystems:
• Assets, whose objects hold data and implement operations pertinent to
various kind of assets.
• Trading, whose objects keep track of trading orders, of actual buy and
sell transactions and of single traders.
• Clusters, containing objects representing the random graphs and managing traders aggregation in clusters.

6

Modelli Dinamici in Economia e Finanza - Urbino 2000
• Simulation, containing high-level objects managing the simulation, like
the market maker, the stock market and the simulator itself.

An UML class diagram [19] of the “Trading” subsystem is shown in Fig. 3,
showing the classes of the various objects involved, their data structure and
their relationships.
Fig. 4 shows the architecture of the whole system. The user sends commands to the simulator in textual form. The simulator object manages the
whole simulation, first creating the traders and the stock, and then performing the simulation steps.
At each step the cluster management module generates new links at random and chooses at random zero or more clusters, marking accordingly the
traders belonging to them and breaking all their links. Then, each trader
is ordered to perform trading, which happens individually and depends on
the state of the trader. Each trader generates zero or more buy and/or sell
orders, involving her cash and stocks, respectively. The orders are sent to
the market maker, which computes the new price and satisfies compatible
orders by generating buy and sell transactions.
When developing the system, we developed also an automatic test suite
for all its objects. This suite is continuously increased as new objects and
new features are added to the system, and is run after every modification to
ensure that the modification did not break system integrity [16].
Let us note that the whole system was conceived not as a stand-alone
application optimized for the presented model, but as an evolving system,
able to be continuously modified and updated. For instance, the system
keeps track of every trading operation. It can manage a practically unlimited
number of different kinds of securities, and could be used also as an engine for
a trading game, or for implementing real online trading. As another example,
let us consider adding more intelligence to traders, like the capability to
learn and to take decisions as in the seminal stock market model by Arthur
et al. [8, 9]. This modification would amount simply to add the objects
supporting this kind of computation, like Predictor, Condition, Forecasting,
GeneticAlgorithm, and to modify the “Trader” object. The remaining parts
of the system would remain unaffected, and trading could start immediately
with the new “intelligent” traders. By the way, this upgrading of the system
is planned as one of the next activities to perform.
The system is written in Smalltalk language, that proved very suited for
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this kind of application.1 Using Smalltalk, in fact, it is possible to develop
complex systems and to make substantial modifications to them very quickly,
not jeopardizing quality. As regards performance, though Smalltalk is an
interpreted language, the simulation speed is enough for our purposes and
we did not feel any need to trade Smalltalk flexibility for further speed. A
simulation of 100 traders for 1000 time steps can be performed in about 4
minutes on a Pentium III 600MHz computer. Let us recall that the simulation
is quite complicated, and takes into account every single trading operation.
The resulting system is composed of 18 classes and 220 methods (operations).
The test suite is composed of 11 classes and 112 methods.

4

Results and conclusions

Several simulations have been performed using the system. We briefly present
some results of a simulation of 10,000 steps with 500 agents. In this configuration, agents are endowed with a fixed supply of cash and there are no
addition or subtraction except those due to trading. Moreover, both cash
and asset portfolio capitalization are initially set at the same value: the initial price of the asset is 50 $ and every trader has a portfolio of 1,000 assets
and a cash availability of 50,000 $. The value of probabilities pa and pc , as
defined in previous section, are respectively: pa = 0.09 and pc = 0.05.
A typical price path is shown in Fig. 5. The estimate of the probability
density function of logarithmic returns is presented in Fig. 6, which clearly
shows the presence of fat tails. Fig. 7 shows the scaling behavior of the
variance of logarithmic returns versus the time horizon. The variance scales
roughly linearly with exponent ∼ 0.94 up to about 13 days, whereas above
this time horizon there is clearly a change of scale and the variance grows
more slowly with time with an exponent equal to ∼ 0.59. This fact is probably due to constraints of cash and asset availability in the case of very large
orders.
The Genoa artificial stock market is being employed to investigate the
asset price dynamics from a microscopic perspective and the relationship
between money supply and stock price processes.
The whole system is a work in progress, as we are actively working on
the following issues:
1

The first version of the Artificial Stock Market of Santa Fe Institute was written in
Objective C, which is C with embedded Smalltalk instructions.
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• exploring the influence of a market maker with limited resources;
• adding more intelligence to traders;
• performing simulations with cash outflows and inflows;
• performing simulation with several stocks and bonds being traded.
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Figure 1: The new price p∗ is determined by the x coordinate of the intersection point between the demand and the supply curve. The figure presented
is derived from a simulation. The unbalance towards buy orders causes an
increase of price.
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Figure 2: a) Particular of Fig. 1. The size of compatible sell orders qs is
larger than the size of compatible buy orders qb. b) In this fictitious case,
the size of compatible sell orders qs is smaller than the size of compatible
buy orders qb.
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Figure 3: UML class diagram of “Trading” subsystem, whose classes represents the orders and transactions taking place in the system.
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Figure 4: The overall architecture of the Genoa artificial financial market
simulator.

14

Modelli Dinamici in Economia e Finanza - Urbino 2000

60

price

55

50

45
1

1000

2000

3000

4000

5000

6000

7000

time (days)

Figure 5: A typical price path.

8000

9000 10000

Marchesi et al.

15

3

10

simulated data
gaussian from data

2

pdf

10

1

10

0

10

−1

10
−0.03

−0.02

−0.01

0

0.01

0.02

0.03

log returns
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