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Abstract—The authors of this paper present the architecture
of a multi-agent system which supports investment decisions.
The individual components of the system, the manner of com-
munication between them, the mechanism of assessing the indi-
vidual agents are discussed here. Combining their common
open/close position signals and relearning with the use of the se-
lected data create the never-ending learning concept. New
methods of transforming financial series, the behavioural
model of stock exchange gamblers and the manners of translat-
ing the modelled patterns into the open and close position sig-
nals are described. The results of the research are described
and the directions of the further development of the platform
are provided in the conclusion.

I. INTRODUCTION

UNDERSTANDABLY the issue of stock exchange data
exploration has been meeting with unabated interest
for years. A range of more or less effective methods which
are aimed at the market analysis and which assist the deci-
sion-making process have been developed [2;5;9;14]. Gener-
ally, the methods are based on statistics, economics, artificial
intelligence, financial knowledge. This study focuses solely
on multi-agent systems and suggests a technological solution
aiding the purchase and sale decision-making on the securi-
ties market.

One of the first solutions of this type is the multi-agent
system proposed by K. P. Sycara, D. Zeng and K. Decher
[16]. The system enabled the user to cooperate with multiple
specialised agents which have access to financial models and
supervise the operation of the system, the situation on the
market, the environment and the pursuit of the user priorities
on the ongoing basis. Numerous interesting concepts of
multi-agent systems have been published in the recent years.
C. Chiarella, R. Dieci and L. Gardini [8] describe a system
where two groups of agents applying the methods of the fun-
damental and technical analysis shape market dynamics.
Similar research was conducted by F. Westerhoff [18]. V.
Bohm and J. Wenzelburger [6] present the evaluation of the
shares portfolio optimisation strategy by three agents: ratio-
nal agent, interference agent and technical analysis agent.
Among numerous other studies on the applications of multi-
agent systems, the overview of active and passive forms of
learning of the agents operating on financial markets by B.
LeBaron is also worth mentioning [LeBaron, 2010].

There are several standards describing the principles of
designing the systems based on agent technologies. One of
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them is the standard developed by the FIPA (Foundation for
Intelligent Physical Agents) organisation. It describes the
manners of management, communication and cooperation
between agents. Another standard is MAF (Mobile Agent
Facility) defined by the Object Management Group — Agent
Working Group. The Agents Society and the Knowledge
Sharing Effort were also involved in the standardisation of
agent technologies. The results of the works of the above
mentioned associations facilitate agent implementation and
integration and their transfer between the existing systems.
The available implementations of certain standards are
mainly experimental implementations and some of them are
no longer maintained. The most popular platform among the
JADE ones is maintained in two versions as an open-source
platform [24] and independently as a commercial platform —
JADE 7 [25]. The commercial variety of JADE is positioned
as a base framework, which supplies the basic mechanisms
for business applications. It is characterised by a greater
speed and scalability than the free variety. Unfortunately, the
professional JADE version is free of charge only for non-
commercial use and its use licence does not permit the modi-
fication of the source code. A platform which is supposed to
be the basis for constructing a multi-agent open system for
the analysis of financial time series needs to be fast, light
and simple to use. The aspect of security and possibility to
modify/improve the engine is also important. Speed is not
only the instant messaging protocol but also triggering agent
responses immediately; the agents should process the de-
manded information. The lightness of the platform is a low
resource consumption overhead related to the information
receiving and sending process itself. Unfortunately, the
above listed platforms do not satisfy the necessary condi-
tions to serve as the base for the open multi-agent system for
analysing financial time series despite the fact that they sup-
ply multiple tools and capabilities which would undoubtedly
be extremely useful.

The aim of this publication is to present the design and
implementation of the scalable and open multi-agent system
which would enable the best possible support for investment
decisions due to the integration and cooperation of the
agents based on any methods. The accuracy of predictions,
the orientation on obtaining information continuously, the
never-ending improvement of own knowledge base and the
ability to adapt to the changing environment were important
requirements in the system implementation.
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The internet Bourse Expert — Agent Technology (iBE-
-AT) system developed in the LSIIT-CNRS laboratory in
Strasbourg was a prototype of the suggested solution assist-
ing investment decision-making on the securities market
[12], [20]. In the iBE-AT system several types of agents
were designed: agents responsible for registering and pre-
processing of the information from the securities market,
rapid response agents which directly observe the market in
order to detect anomalies immediately, agents analysing the
collected financial data and preparing investment decisions
suggested to the user, agents managing the knowledge base
and artificial financial experts used to analyse financial data,
agents analysing text data, particularly press news related to
the companies quoted on the stock exchange, agents visual-
ising financial data and the prepared investment decisions,
and security agents monitoring user access to the system.
Artificial financial experts recommending purchase and sale
decisions were subsets of technical analysis rules selected by
the genetic algorithm. Each rule was a function suggesting
one of three investment decisions: PURCHASE, SELL or
KEEP, calculated based on the recent quotations of prices
and share volumes. The genetic algorithm sought such sub-
sets of rules that optimised the objective function specifying
the financial efficiency of the expert in a given period.

Another example of the agent technologies application
when aiding investment decision-making was the Evolution-
ary Multi Agent System (EMAS) [1], [12], developed in the
Institute of Computer Science, University of Wroctaw, con-
sisting of agents which are functionally similar to iBE-AT
agents, ones that analyse the situation on the market and sug-
gest investment decisions. The agent society was subject to
evolution controlled by several system agents in the compu-
tational process, owing to which the agents with low invest-
ment skills were eliminated and replaced with the agents that
were better adjusted to market conditions. The EMAS sys-
tem was based on the FIPA standards and implemented with
the use of the JADE library, which enabled, among others,
the activation of the system on many computers and the
maintenance of distributed computing. The iBE-AT and
EMAS systems were tested on the actual data obtained,
among others, from the Paris, New York and Warsaw stock
exchange.

The iBE-AT and EMAS solutions presented above did not
fully meet the user expectations. The applications were char-
acterised by an exceedingly slow operation and costly main-
tenance. Moreover, due to the outdated technologies on the
basis of which they were created, there were problems with
their development or integration with the applications of
other stock exchange gamblers. The A-Trader platform was
established as a response to the former drawbacks. The A-
Trader project assumes the integration of the platform with
the Meta Trader system supplied with data online, including
ticks of any securities, goods or currency pairs. The created
agents have access to the selected raw data and to the pre-
processed data. The paper describes the solution tested on
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the actual data of the FOREX market related to the major
currency pairs.

The paper is divided into three main parts. The first one
presents a draft of the physical and logical architecture of the
suggested solution. The individual components of the system
and the manner of communication between them are dis-
cussed. In the second one the issue of the data pre-process-
ing is characterised and the operation of an example agent
responsible for preparing the information is described. The
concept of the never-ending learning process is explained.
The new idea of an agent modelling the behaviours of stock
exchange gamblers and the manner of translating the mod-
elled patterns into the open and close position signals are
also described. The last — conclusion — part is a description
of the results of the carried out research and the indication of
its further development direction.

II. SYSTEM ARCHITECTURE

The presented system is a multiagent solution that sup-
ports the analysis of time series of high frequency, such as
trading instruments. The main features are its openness for
integration and development of new system functionality
and ensuring adequate communication between the various
agents. The service orientated architecture and cloud com-
puting solves the problem of computing power. Open and
easy to implement the communication protocol (SOAP) sig-
nificantly facilitated the integration of individual solutions
(see further in [21], [22], [23]). Ultimately, this protocol will
be changed to its own communication protocol which will
ensure required fast speed data transfer. Popular in distrib-
uted systems PUSH technology significantly accelerates the
propagation of information within the system (see further in
[19]). Multiagent system allowed us to customize solutions
for arbitrary systems of surveillance methods to end users, as
well as supervising implemented intelligent agents. Agents
of evaluating existing solutions, preparing the training data
sets and methods that are able to learn and adapt to ensure
the continuing evolution of knowledge describing the behav-
ior of financial markets.

The following agents and components are distinguished in
the A-Trader architecture:

® Notify Agent (NA),

e Historical Data Agent (HDA),

¢ Cloud of Computing Agents (CCA),

e  Market Communication Agent (MCA),
e  User Communication Agent (UCA),

e Supervisor (),

e Database System (DS).

The Notify Agent (NA) ensures efficient communication
within the system. It is an intermediary in sending signals
between agents in accordance with the declared indications
(see Fig. 1). Each agent the state of which changes informs
its Notify Agent. The Notify Agent forwards the information
on the status change of a given agent to all agents that are
recorded in the notify register as the clients/observers of its
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signals. The notification is performed by triggering an ap-
propriate Web method (SOAP) in all the agents from the list
of listeners to the indicated signal. Next, it records the infor-
mation on the status change of the Notify Agent in the data-
base. This capability of the Notify Agent makes the system
flexible and scalable, provides the possibility to add and re-
move agents easily, and ensures the independence of the sys-
tem from the physical position of the agent.

Another system agent downloads data from the Database
System (SD) and delivers them to the newly forming or
learning agents according to their needs. This is the Histori-
cal Data Agent (HDA). This agent is responsible for supply-
ing agents with the historical data which permit their initia-
tion or which are applied in the learning process.

The next system component is the Cloud of Computing
Agents (CCA), consisting of the following (see Fig. 1):

e Basic Agents Cloud (BAC),

e Intelligent Agents Cloud (IAC),

e  User Agents Cloud (UAC).

The Basic Agents Cloud (BAC) is a group of agents
which pre-process data and compute the basic technical
analysis indicators. These agents most often use unprocessed
data; the data already processed by other CCA agents are
rarely applied. They perform predefined operations of a low
memory and computing complexity. It enables fast obtain-
ment of the results and forwarding them for further use by
the agents with more advanced logic. The result of the oper-
ations of the Basic Agents Cloud is a fixed set of data which
describe the market and which are used by other agents.
From the viewpoint of the solution implementation, SAC
may be an integral part of the Notify Agent, which will al-
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low the data transfer and grouping time to be saved when
sending them to the target agents.

The agents which possess their own knowledge base,
which can learn and change their parameters and their inter-
nal state create another component of the agents cloud,
called the Intelligent Agents Cloud (IAC). The possibility to
observe the results supplied by other agents, to process,
“memorise” and learn them makes the agents capable of
continuous changes of their operating logic and improve-
ments of their effectiveness. This group of agents includes
all the solutions based on artificial intelligence (genetic algo-
rithms, neural networks, expert systems, etc.), agents
analysing text messages, agents observing user behaviours.
The following are distinguished among these agents: agents
responsible for pre-transformation of financial series, agents
responsible for modelling the behaviours of stock exchange
gamblers, agents based on never-ending learning.

The User Agents Cloud (UAC), in turn, is the agents
cloud containing the agents created by external users. Sepa-
rating this part of the system provides the possibility to inte-
grate the User Agents with the entire solution without the
necessity to install the agent on the research team servers.
Such an approach ensures that a researcher outside the team
does not have to reveal the secret of its agent’s operation
while being able to receive and send signals, on the one
hand. And the external agent does not threaten the stability
of the operation of the characterised system, on the other.
Owing to that, external users may freely add their agents to
the system and the added agents may use all the
information/signals supplied by the system. The Intelligent
Agents may receive and interpret the signals supplied by

Provides real time data, makes market transactions —-— "

- |
Database
System

Historical
Data Agent

Provides Historical Data

Inteligent Agents

User Agents

Fig.I. A-Trader system architecture. Source: own work
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UAC. After obtaining appropriate stability, the User Agents
may be transferred to the Intelligent Agents Cloud.

The communication of the system with the external envi-
ronment is ensured by the Market Communication Agents
(MCA). On the one hand, these agents supply the news from
financial markets and quotations of the available securities.
On the other hand, they are responsible for performing open
and close position orders. This group includes the agents
analysing the information from companies and browse the
content of the portals writing about financial markets. They
can, among others, supply the information on the
investor/speculator sentiments by analysing financial ex-
perts’ blogs or browsing relevant posts on community por-
tals.

Fast and easy visualisation of the results of the agent or
the entire system’s work is an important aspect in verifying
the correctness of its operation. It is possible in the system
due to the User Communication Agents (UCA). Visualisa-
tion tools permit a fast analysis of the agent’s operation,
which may significantly contribute to simplifying the works
on improving its effectiveness. It is also a manner of present-
ing the results of the platform to end users. The Communica-
tion Agent allows the user to communicate its own sugges-
tions to the Intelligent Agents. It enables the change of the
parameters of a selected agent or the suggestion for the Su-
pervisor on which mechanisms are supposed to influence in-
vestment decisions, and to what extent. UCA permits the
user to prepare and analyse learning sets for the Intelligent
Agents. The presentation of the signals supplied by the
agents of the characterised system does not require the im-
plementation of own tools but is possible due to the integra-
tion of the agents with the software supplied by brokers.

The multi-agent system is characterised by the agents be-
ing capable of generating independent decisions. These may
be mutually consistent or completely contradictory deci-
sions. Such mutually exclusive decisions are e.g. the open
and close position suggestions generated by two independent
agents at the same time. A conflict between agents occurs
then. The conflicts are resolved by Supervisors (S), which
observe the decisions of all the Cloud of Computing Agents
and the Intelligent Agents, assess their effectiveness in in-
vesting and risk. They are responsible for resolving the con-
flict. They decide which agents are taken into consideration
when making an investment decision and whose advice is ig-
nored based on the collected information. Decision trees or
negotiation methods may be applied for resolving conflicts
[13]. Implementing the Supervisor based on the consensus
method may also prove effective [Hernes, 2011]. The deci-
sion taken with the use of the consensus method accounts for
the signals of all agents, which reduces the number of wrong
decisions. The Supervisor, apart from making the final deci-
sion, regulates the volume of the positions and their mainte-
nance time. It is accountable for the investment security of
the entire system and discontinues the investments in the
case where exceptional situations or ones not predicted by
the system occur on the market.
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The proposed architecture is compliant with the FIPA
standard. All the required components and services are en-
sured by the Notify Agent. The Notify Agent is the Agent
Management System. It stores the information on the avail-
able agents, their location (White Pages) and available ser-
vices (Yellow Pages), fulfils the role of a directory service
(Directory Facilitator). It intermediates in communicating
messages between the individual agents (Message Trans-
port). The specificity of the problem being solved (generat-
ing open and close position signals), due to the dynamically
changing environment, requires an extremely high system
efficiency. The advanced communication between the agents
occurs solely in the process of learning of the whole system
or its individual agents. When starting its work in the online
mode, the agent learns or uses its knowledge base and sup-
plements the required historical data. When it is prepared for
operation, its work comes down to the analysis of the data
sent from the Notify Agents with the use of the knowledge
collected earlier and the communication of its decision to its
Notify Agent. When the decision needs to be made immedi-
ately, the process of an advanced inter-agent negotiation,
such as establishing a connection or approving the messag-
ing protocol, does not occur.

In order to make the implementation easier, each agent is
activated within its container, which isolates it from the en-
vironment and which encapsulates the communication with
the central part of the system: the Notify Agent. Multiple
containers may be activated on one machine. The priorities
when designing the container were as follows:

e the maximum simplification of the agent creation
process and its integration with the system, which is
virtually transparent for the user,

e the maximum simplification of the already created
agent and including it in the cloud.

The objective of the isolated agents and their transfer to
the cloud is to ensure asynchronous cooperation and to en-
able the performance of specialised operations on the envi-
ronments dedicated therefore, e.g. computing algorithms,
which may be performed synchronously on the computers
equipped with multi-processor NVIDIA graphic cards. Visu-
alisation agents, in turn, may also be activated on the mobile
equipment which facilitate the user access to the results of
the cloud computing.

A container was implemented on the .NET platform as
part of the prototype, which enables the activation of the
agents on the computers with the Windows and Unix fami-
lies systems. The creation of containers for JAVA agents
and ones enabling the integration with popular environ-
ments, such as MATLAB, is planned at the subsequent
stages.

III. FUNCTIONAL DESCRIPTION OF SELECTED AGENTS

A. Data pre-processing agents

Pre-processing data according to the methodology CRISP-
DM (Cross Industry Standard Process for Data Mining) [7]
developed by Daimler-Chrystler Analyst, SPSS, and NCR, is



MACIEJ BAC, JERZY KORCZAK ET AL.: A-TRADER—CONSULTING AGENT PLATFORM FOR STOCK EXCHANGE GAMBLERS

known to be the second and third stage of the process of data
mining, that is "understanding of the data" and "data
preparation".

Most of the data stored in databases is a rough, incom-
plete and noisy. For example, database may include:

e values that are obsolete or unnecessary,

®  missing values,

e outliers,

e data in the wrong format,

¢ multidimensional dependent variables, etc.

The overall objective of the process is to minimize irrele-
vant data that enters the model and often cause erroneous re-
sults.

A difficulty with the initial analysis and data processing is
that the algorithms work on real data, while preparing the
data for such models, so it requires a very short time of their
reaction. Designers of data mining models, very often are
balancing between these two guidelines, to settle for com-
promises on data quality to make them available in an ac-
ceptable time.

Agents responsible for initial processing, in the presented
system, are part of cloud computing agents. An important
criterion posed against these agents is the speed of process-
ing. The advantage of extracting such a group of agents is
that it makes possible the effective management of the
process of preliminary data analysis. It will allow using the
automatic optimization of this process and, perhaps most im-
portantly, enable parallelization of processing allowing the
preparation of high quality data within an acceptable time.

B.  Never-ending learning agents

The agents responsible for never-ending learning are a
component of the already described agents cloud, and specif-
ically of the Intelligent Agents group. The never-ending
learning concept is in this case implemented based on four
groups of agents: grouping agents, trainer agents, assessment
agents and a group of agents which are supposed to be a sub-
ject of the algorithm’s operation.

The suggested never-ending learning method is based on
the following assumptions:

e The method does not restrict the user with respect
to the selection of financial instruments. The actual
data from the currency market are used in the plat-
form design, yet the algorithm will operate effi-
ciently on all other high frequency time series.

e  The number of agents in unlimited.

e The agent algorithm may be based on any algo-
rithm which can be adjusted to the changing condi-
tions of the financial market by changing the pa-
rameters. They include neural networks [4], evolu-
tionary algorithms [3], association rules and expert
systems [10]. Parameterised algorithms are also e.g.
technical analysis functions (e.g. RSI, MACD,
moving average with the time window size parame-
ter,...) or other algorithms which do not change
their state of knowledge but which are modifiable
by input parameters.

The group of never-ending learning agents consists of the
following: grouping agent, trainer agent, assessment agents
and self-learning agent group. The grouping (association)
agent distinguishes the agents that cooperate with each other
effectively. Some of the agents will have higher effective-
ness of the decisions taken when other agents are active (a
specific value of the output signal). This is how the grouping
agent will be capable of distinguishing the agents which op-
erate effectively in the conditions of high or low changeabil-
ity or of the sold-out or bought-out market. Moreover, the
grouping agent divides the periods on the observed time se-
ries into clusters, describing them with the use of specific
values of output signals of the individual agents. Next, the
trainer agent creates new instances of significantly more ef-
fective agents in the specified conditions based on the clus-
ters. Such an operation results in creating extremely spe-
cialised agents whose investment performance for particular
situations/phases faced by the market is above average. The
assessment agents verify the performance of the agents and
identify the cause of low performance (excessive number of
transactions, premature or too long detention of open/close
trading decisions, incorrect TP — Take Profit or SL — Stop
Loss). It significantly accelerates the specialisation of the
agents with auto-adaptive capacities. The formation of new
agents detecting completely new market phases will allow
the grouping agent to create new clusters and enable the evo-
lution of the system in accordance with the never-ending
learning concept.

C. Experimental Behavioural Agent

One of the top-modern elements of the A-Trader system is
a module suitable for on-line tracking of the behavior of in-
vestors. The approach used in this subsystem relies on deci-
sion rules that have previously been discovered as negative
or unwanted. In particular they could signal the possibility of
an investor being under the influence of one of the following
cognitive biases: Gambler’s Fallacy or Hot Hand.

The rules of this system were extracted from the data col-
lected during multiple experiments. A special stock market
simulator was built for this purpose [11]. This is an experi-
mental and pioneer approach, but the agent is already capa-
ble of identifying four crucial situations:

e Gambler’s Fallacy (when buying and selling) — a
belief in trend reversal [17],

e Hot Hand (when buying and selling) — a belief in
trend continuity [15].

During development of these rules approximately one
hundred people were tested for more than thirty days. They
were observed during trading and asked many questions re-
lated to trading psychology. Finally the data was processed
using various data mining algorithms to reveal the top influ-
encing factors causing erroneous assumptions by investors.

Finally, the behavioral agent can be used for various pur-
poses. One of them is to warn investors about potential mis-
takes they could avoid. On the other hand it is possible to
point out to them the moments where it is most likely other
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users of the market would commit a mistake. Therefore it is
possible to use this agent as a system for suggesting early
market entry points.

Currently the extracted rules were encoded and tested on
real data on NYSE and NASDAQ revealing results above
average. The present goal of this system is to improve per-
formance and determining if the chosen company is more
subjective to swing, speculative investing or is mainly driven
by other forces.

IV. CONCLUSION

The first attempts to of the implemented multi-agent envi-
ronment proved extremely encouraging. The Supervisor de-
creased the investment risk by restricting the independent
operations of more risk-taking agents for joint decisions of
the entire environment. The cooperating agents made prof-
itable decisions more frequently and closed the loss-generat-
ing positions considerably earlier.

The SOAP accepted for communication permitted fast im-
plementation of the agent containers in the C# environment.
The authors are planning to implement the containers in the
Java, PHP languages and the environment for the solutions
developed in the Matlab software in their further works. The
application of the containers will enable the replacement of
the SOAP communication protocol for a binary standard en-
suring faster communication.

The platform allows the integration of new intelligent so-
lutions and methods operating within the area of the finan-
cial series analysis. It permits the use of the signals gener-
ated by the already implemented agents, owing to which it is
possible to test the effectiveness of own methods in combi-
nation with the algorithms implemented thus far. By con-
structing own agents, it is possible to make use of the infor-
mation of the assessing agents in order to improve own solu-
tions. The described multi-agent system makes testing and
validating new algorithms easier by supplying the basic
functionalities and data. It enables the concentration of
works on constructing new agents not caring about the basic
data and message supply mechanisms.

Creating agents simulating the behaviours of market trade
participants is an innovative idea for taking advantage of the
infrastructure. Developing a cross-section by investor
“types”, accounting for the proportion between the number
of investors of each type and accounting for capital re-
sources of the individual investor categories will enable the
capital flow forecast. It is possible to make an attempt to ap-
ply this idea to the changes in the capital allocation on the
observed securities and the changes between the securities
on the selected market and alternative investment possibili-
ties (securities, bonds, goods, currencies).

The A-Trader platform is now in the testing and expan-
sion phase. The number and scope of the applied methods is
being continuously expanded. New agents based on the most
recent artificial intelligence methods are created. On the ba-
sis of the concluded research, the solutions operating on var-
ious markets and using the available algorithms are being
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developed. This is an open platform for testing the trading
models used in the academic works of the research team and
student theses.
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