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 Abstract— Agent-based approach to economic and financial analysis is a suitable research methodolgy 
for developing and understanding the complex patterns and phenomena that are observed in economic 
systems. In agent-based financial market models, prices can be endogenously formed by the system itself 
as the result of interaction of market participants. By using agents for the study, heterogeneous, 
boundedly rational, and adaptive behaviour of market participants can be analysed and its impact 
assessed. The collective behaviour of such groups is determined by the interaction of individual 
behaviours distributed across the group. This being the scenario prevailing in stock markets, agent based 
models are suitable for the study.  

   Through this paper, we have attempted to illustrate a detailed implementation of multi agents in an 
artificial stock market invoking the agent-based methodology on Java Agent Development (JADE) 
environment, a platform to develop multi-agent systems. The Extended Glosten and Milgrom Model, an 
agent based artificial stock market model, has been chosen to depict the multi-agent environment model 
in JADE.  
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I. INTRODUCTION 
Financial markets are complex entities and hence models are required to study the phenomena prevailing 

therein. Artificial Stock Markets (ASM) are models for studying the link between individual investor behavior 
and financial market dynamics. In agent based ASM, prices arise from simulating the interactions of 
autonomous entities with different profit-making strategies. ASM are often computational models of financial 
markets, and are usually comprised of a number of heterogeneous and boundedly rational agents. These models 
are built for the purpose of studying agents’ behavior, price discovery mechanisms, the influence of market 
microstructure etc. 

A similar bottom-up approach has been utilized in agent-based computational economics (ACE) [1] to [5], 
which illustrates the distributed nature of trading in financial markets by computational study of economies 
modeled as evolving systems of autonomous interacting agents that correspond to the trading parties. A large 
number of agent-based stock market models have been proposed by researchers to study various aspects of the 
stock market behaviour [6] to [16]. The Extended Glosten and Milgrom (EGM) model, a multi agent artificial 
stock market model proposed by Das [17], [18], the ASM proposed to be implemented in this paper, studies the 
information based market making strategy. The EGM model has been implemented on Java Agent Development 
(JADE), a framework suitable to develop multi-agent systems described in [19]. Moreover, the behaviour of the 
traders is designed to be continuous and autonomous [22]. Prior to delving into the ASM per se, a brief 
overview of the market microstructure is given in the next section, which would give a perspective of the 
intended work and also help clarify the setting of the ASM. 

II. THE MARKET MICROSTRUCTURE 
The field of market microstructure is concerned with the specific mechanisms and rules under which trades 

take place in a market and how these mechanisms impact price formation and the trading process. Main factors 
that describe a market structure are [20], [22]: 
A. Market participants 

• Investors: Traders, not part of the market organization. 
• Market Makers: Responsible for an orderly and stabilized market.  
• Brokers: Traders, part of the market organization, who handles orders for customers. 
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B. Traded instruments 

The objects traded in a market are called traded instruments. Stocks, the instruments traded, are financial 
assets that represent ownership of corporate assets. 

C.  Orders 

• Market order: Specifies size of the stock and type of the trade (buy/sell) for the trade. 
• Limit order: In addition to the specifications of a market order, it specifies the length of order validity 

with respect to time or change in price. 
D.  Trading Sessions 

• Discrete: Occurs at well specified time. During a call, all the trade requests are aggregated and a single 
price is set. 

• Continuous: Trade can occur at any time when the market is open. 
E. Execution Systems 

• Quote-driven: Investors or brokers cannot trade with each other; they must involve the market maker. 
• Order-driven: Buyers and sellers can trade directly without the intermediation of the market maker. 

Rules regulate the market organization, viz trade prices, time interval in discrete trade sessions, quantity and 
quality of information disseminated to the market participants etc.                                    

III. EXTENDED GLOSTEN AND MILGROM MODEL 
   The Extended Glosten and Milgrom (EGM) model is an extension of the Glosten Milgrom information based 
model, proposed to show the influence of informational asymmetry on the bid-ask spread, based on the learning 
market maker from Das [17]. The market maker tries to discover the fundamental value of a stock by means of 
Bayesian learning. He determines the bid and ask quotes based on his expectation of the real value, the order 
flow, taking into account his prior knowledge regarding the ratio of informed and uninformed traders. A 
nonparametric density estimation technique is used to maintain a probability distribution over a range of 
expected true values. The market-maker uses these probability estimates to set bid and ask prices.  
A. The Behaviour of the Market Maker 
   An investor, based on its trading strategy, places a buy/sell/hold order. It is the market maker’s task to carry 
out the rest of the actions within a trading round. On his turn, the market maker needs to carry out the following 
tasks: 

• Receive and execute orders; 
• Update the probability density estimate (PDE) based on the received orders; 
• Adjust the bid and ask quotes according to the changes in the PDE. 

The market maker executes sell orders at the current bid price and buy orders at the current ask price. 
Information regarding the fundamental value of the stock diffuses from the informed traders to the market 
maker in this way. A series of sell orders might indicate that the fundamental value is lower than the current bid 
price, and a series of buy orders might indicate that the fundamental value is higher than the current ask price. 
However, the market maker will have to take into account the noise incorporated by the orders of the noisily 
informed traders, and the noise implied by the orders submitted by the uninformed traders. The market maker 
aims to set bid and ask prices to capture the underlying fundamental value of the stock. The fundamental value 
is known only by the (perfectly) informed investors, and is not known by the market maker. The main task of 
the market maker is to learn this value. In order to ensure an efficient market, he tries to track this value by 
maintaining a probability density estimate (PDE) over a set of possible true values and the probability estimates 
attached to each of them. The range of possible values, the corresponding probabilities, and the learning process 
of the market maker is based on a set of current and a-priori known information.  The above steps are carried out 
in a continuous manner, thus resulting in a rather realistic simulation of an actual stock market, and elaborated 
to form the market making algorithm, given at Section VI. 
B. Inventory Control 

   A realistic model for market-making necessitates taking portfolio risk into account as well, and controlling 
inventory in setting bid and ask prices. If the market-maker has a long position in the stock, minimizing 
portfolio risk is achieved by lowering both bid and ask prices (effectively making it harder for the market-maker 
to buy stock and easier for it to sell stock), and if the market-maker has a short position, inventory is controlled 
by raising both bid and ask prices. Inventory control can be incorporated into the architecture of our market 
making algorithm by using it as an adjustment parameter applied after bid and ask prices have been determined.  
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C. Important Issues 

   This model consist of “informed" trading agents who decide to trade based on received signals of the true or 
fundamental value of the stock, and “uninformed" trading agents who trade for exogenous reasons and are 
modeled as buying and selling stock randomly. This model (EGM) is combined with the learning market maker, 
which Das [18] describes in a turn-based model, with investors that interact asynchronously and autonomously. 
The described model is simulated in JADE in continuous time simulation, since most financial markets are 
continuous and asynchronous in nature. Hence we choose to simulate the same as has been done in [22].  

IV.   JADE 
   The implementation of the trading environment is based on JADE, a framework to develop multi-agent 
systems. JADE includes two main products: an agent platform and a package to develop Java agents. JADE 
(Java Agent Development Framework) is a software development framework aimed at developing multi-agent 
systems and applications conforming to FIPA standards for intelligent agents. It includes two main products: a 
FIPA-compliant agent platform and a package to develop Java agents. JADE has been fully coded in Java and 
an agent programmer, in order to exploit the framework, should code his/her agents in Java, following the 
implementation guidelines described in this programmer's guide [19]. The steps to launch the project in JADE 
are illustrated at Appendix. 

V. SYSTEM DESIGN 
A.  The Basic Trading Structure and The Agents 

   Trading in a market is organized around three main components: the market makers, investors and information 
source. Based on these roles, three agents are implemented in this system [22]: 

• The Investor: This agent represents any entity willing to perform trade with the MarketMaker. 
Depending on the investor’s trading strategy, it buys, sells or holds for a particular instance of the stock 
prices. The type of investors differs based on its behaviour.  

• The MarketMaker: The MarketMaker agent is the main authority that controls the market. It is the 
agent that takes care to open and close the market. It is responsible for the relation between the 
marketplace and   

        the investors. 
• The NewsManager: The NewsManager represents the information-source component. This agent is 

started  
immediately after launching the marketplace and it generates fundamental value related information. The 
NewsManager agent sends new information to all agents who have subscribed to it. This agent informs the 
fundamental value evolved after a jump while it informs the market maker about the occurrence of such  a jump 
(Fig.1). Currently this agent is part of the marketplace application. 

 
 
 
 

B. The investors’ Behaviour 
Investors are differentiated based on the information they receive regarding the fundamental value. There are 
two types of investors: 

• Informed traders (perfectly informed/noisily informed). 
• Uninformed traders/noisy traders. 

 Fig. 1: NewsManager agent 
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  Perfectly informed traders observe the correct fundamental value (Vt), while noisily informed investors observe 
a distorted fundamental value Wt = Vt + ψ(0,σw). Here, ψ(0,σw) represents a sample from a normal distribution 
with mean zero and variance σ. Finally, uninformed traders do not know what the underlying fundamental value 
is, and they trade randomly. As shown in Fig. 2, informed traders decide whether to trade or not, based on their 
observation of the fundamental value. An informed trader will buy if the fundamental value that he observes is 
higher than the market maker’s ask price, i.e. if Vt >Pt

A in the case of perfectly informed traders, and Wt > Pt
A in 

the case of noisily informed traders. He will sell if the fundamental value that he observes is below the bid price, 
i.e. if Vt < Pt

B or Wt< Pt
B. He will place no order if the observed fundamental value is within the bid-ask spread, 

i.e.     Pt
B<= Vt<= Pt

A or Pt
B<= Wt<= Pt

A. Note: The noisily informed traders behave very similarly to the 
perfectly informed traders, the only difference being that the former make their decisions based on a distorted 
fundamental value, V+ noise. Uninformed traders (Fig. 3) place buy and sell orders with equal probability (η < 
0.5).They can also decide not to place orders with probability (1-2η). 
                               

                             
Fig. 2:  Perfectly Informed Trader Agent      Fig. 3: Noisy Trader Agent 

VI. DESIGN OF THE EGM MODEL 
A. System  Design of the EGM Model 

   In both the original Glosten and Milgrom [21] model and the extended EGM version described by Das [17], 
[18] trading sessions are continuous and the execution system is quote-driven. There is one stock traded. One 
market maker and multiple investors are represented. The stock does not pay dividends. It is assumed that the 
stock has an underlying fundamental value, which is generated exogenously to the market.The underlying 
fundamental value of the stock at time t is Vt which follows a jump process, being constant most of the time, 
and changing occasionally. Jump in the fundamental value occurs with some probability at every trading period 
that is at every discrete point in time. The jump process is modeled as a random process following Vt+1 = Vt + 
ω(0,σ) where ω(0,σ) represents a sample from a normal distribution with mean zero and variance σ2. The 
NewsManager agent takes care of this. Once a jump has occurred, it informs its subscribers, the informed trader 
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agents, of the new fundamental value (the noisily informed traders are aware of the new fundamental value 
weighted by a noise factor). The NewsManager then informs the MarketMaker agent of the occurrence of such a 
jump. The system design is illustrated in Fig. 4. 
B. The Information Set of the Market Maker 

   The market maker does not know the fundamental value, but, in order to ensure an efficient market, he tries to 
capture it by maintaining a PDE over a range of expected true values [22]. The probability estimates are 
initialized according to the normal distribution.   The initial bid and ask prices are calculated from this initial 
PDE and a-priori expectations of the market maker. After initialization, trading rounds start. The market maker 
executes sell orders at the current bid price (PB) and buy orders at the current ask price (PA). The private 
information regarding the fundamental value is revealed implicitly by the type of the orders submitted by the 
(informed) traders. 
 

 
Fig. 4 : System Design 

Information regarding the fundamental value of the stock diffuses from the informed traders to the market 
maker in this way. A series of sell orders might indicate that the fundamental value is lower than the current bid 
price, and a series of buy orders might indicate that the fundamental value is higher than the current ask price. 
However, the market maker will have to take into account the noise incorporated by the orders of the noisily 
informed traders, and the noise implied by the orders submitted by the uninformed traders. 

   The market maker aims to set bid and ask prices to capture the underlying fundamental value of the stock. The 
fundamental value is known only by the (perfectly) informed investors, and is not known by the market maker. 
The main task of the market maker is to learn this value. As mentioned above, he tries to do this by maintaining 
a set of possible true values with probability estimates attached to each of them. The range of possible values, 
the corresponding probabilities, and the learning process of the market maker is based on a set of current and a-
priori known information. Current information refers to the actual order placed, and a notification when a 
change in the fundamental value occurs. The a-priori information set of the market-maker contains: 

• Fraction of perfectly informed traders (α_in),noisily informed traders (α_nia) and noisy traders(α_no); 
• Probability for an uninformed trader to trade (η); 
• Initial fundamental value Vo; 
• Distribution function of the jump process (ω (0,σ)); 
• Distribution function of the noise process (ψ(0,σw)). 

C. The Behaviour of the Market Maker 

  After an investor has placed an order, it is the market maker’s task to carry out the rest of the actions within a 
trading round. On his turn, the market maker needs to carry out the following tasks: 

• Receive and execute orders; 
• Update the PDE based on the received orders; 
• Adjust the bid and ask quotes according to the changes in the PDE. The above steps are carried out in a 

continuous manner, thus resulting in a rather realistic simulation of an actual stock market [22]. These 
steps are elaborated to form the following market making algorithm. 
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D. The Market Making Algorithm 

   A round in the market making algorithm (Fig. 5) consists of the following steps: 
I. Initialise Vo, Ask_price and Bid_price as 100. 
II. Compute Vmin=Vo - 4σ and Vmax= Vo + (4σ-1). 
III. Populate the PDE 2-D array as pde[Vi][ Pr(V= Vi)], following a uniform distribution.  
IV. Register itself to the Directory Facilitator (DF). 
V. Call RequestPerformer: 

 

 
 
 

 
RequestPerformer: Behaviour of the MarketMaker that takes care of the continuous trade. This 
happens cyclically until the MarketMaker agent is manually terminated. 

1. Call TraderIdentifier. 
TraderIdentifier: Behaviour of the MarketMaker called to identify all the trader agents and the 
NewsManager agent. 

a. Identify NewsManager. 
b. Send transaction count to the NewsManager. 
c. Identify trader agents in the system. 
d. Receive jump_flag from NewsManager agent; if jump_flag=1, jump has occurred, call 

JumpPerformer. 
JumpPerformer: Behaviour of the MarketMaker that is invoked each time jump_flag=1, ie. the 
MarketMaker is informed of the occurrence of a jump. 

Fig. 5: MarketMaker Agent 

PN Kumar et.al / International Journal of Engineering and Technology (IJET)

ISSN : 0975-4024 Vol 5 No 3 Jun-Jul 2013 2641



a. Compute Vo=Avg[∑(Vi*Pr(V=Vi))+Avg(Prices)] 
where Avg(Prices): average of the sum of various Ask_price and Bid_price occurrences since the last 

jump. 
b. Reset Vmin and Vmax. 

2. Send call for proposal message, publishing the Ask_price and the Bid_price, to all the available traders. 
3. Store the Agent identities (Aid) of the traders who proposed, their corresponding number of shares to 

trade and the prices at which trade is proposed in respective arrays. 
4. Perform a transaction as per the order of agents enlisted in the arrays. 
5. Increment the transaction count. 
6. Call UpdatePDEPerformer. 

UpdatePDEPerformer: As explained earlier, the PDE array is updated. 
7. Call UpdatePricesPerformer. 

UpdatePricesPerformer: As explained earlier, the ask and bid prices are adjusted. 

8. If current_stock < 30% of initial_stock OR current_stock > 170% of initial_stock, 
9. Call InventoryControl. 

InventoryControl: Behaviour of the MarketMaker that is invoked whenever the current stock is out of 
the tolerant range, ie. 80% of initial_stock < current_stock < 120% of initial_stock. 
a. Set Adjustment factor= - γ *((current_stock-initial_stock) /initial_stock) where  γ = 10. 
b. Reset Ask_price= Ask_price+ Adjustment factor 
c. Reset Bid_price= Bid_price+ Adjustment factor 

10. Go to step 1. 
Note: Continuous trading occurs through Step 2 to Step 7. 

E. The PDE 

   The range of possible values maintained by the market maker to estimate the fundamental value, as proposed 
by Das [18] varies from   Vmin = Vo-4σ  to   Vmax = Vo + 4σ-1.            (1) 
The values are given in INR, in intervals of 25 Paise. The market maker keeps a PDE over the whole range of 
possible values determined in this way. Whenever a jump in the fundamental value occurs, the range of possible 
values is re-centered. That is, after each jump the market maker sets Vo to the current expected value, as follows: 

Vo=∑Vi*Pr(V=Vi) ))+Avg(Prices)]       (2) 
where Avg(Prices) is the average of the sum of various Ask_price and Bid_price occurrences since the last jump. 
Vi is the possible fundamental values already present in the PDE and Pr(V=Vi) is its corresponding probability 
value. The range of possible values is reset at 4σ distance from the new Vo. 
F. Initialization 

   At the beginning of the simulation, and after a jump in the fundamental value, the probabilities are initialized 
to follow a normal distribution within the given range of possible values. Accordingly: 

Pr(V= Vi) = ∫ N(0, 4σ)dx; where Vi  ε {Vo-4σ,…,Vo+4σ-1} and integrated from Vi to Vi+1    (3) 
Here, N is the normal density function in x with mean zero and standard deviation 4σ. The array is kept in a 
normalized state at all times, so the entire probability mass for V lies within it. The probabilities are updated 
whenever a new order arrives. It should be noted that the probabilities for the V values at the beginning of the 
simulation are of uniform distribution. 
G. Updating the PDE 

  When an order arrives, the market maker updates the probabilities for Vi by scaling the distribution, based on 
the type of the order. The new probabilities at time t+1, Pr(V = Vt+1

i) will be set to the current probabilities 
given that the corresponding order arrived Pr(V = Vt+1

i|Order). The values are updated using Bayes’ Rule 
according to the following generalized equation: Pr ሺVi│Orderሻ ൌ   ሾPr ሺOrder│Viሻ כ Pr ሺV ൌ Viሻ ሿ/Pr ሺOrderሻ        (4) 
where the Order can be:Buy,Sell, or No order/Hold. 
The prior value probabilities Pr(V = Vi) refer to the current probability estimates. Pr(Order) represents the prior 
probability of a certain type of order, while  Pr(Order|V =Vi) is the conditional probability of a certain type of 
order. The prior probability of an order is the cumulative conditional probability of that action weighted by the 
probability estimate of the given values. 
For V from Vmin to Vmax,   Pr ሺOrderሻ ൌ ∑Pr ሺOrder|Viሻ כ Pr ሺV ൌ Viሻ       (5) 
The conditional probability of placing a certain order depends on the fraction and type of the investors involved. 
In general: 
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Pr(Order|V = Vi) =  (α_no) Pr(Order from noisy investors|V = Vi)  + 
      (α_in) Pr(Order from perfectly informed investors|V = Vi) + 

                                                 (α_nia) Pr(Order from noisily informed investors|V = Vi)      (6)    
The model assumes that in case of uninformed traders the probabilities are known and these are independent of 
the current market situation. Accordingly, Pr(Buy from uninformed investors|V = Vi) = Pr( Sell from 
uninformed investors|V = Vi) = η. Consequently, Pr(No order from uninformed investors|V = Vi) = 1-2η. Let us 
now elaborate on how the conditional probabilities of the various order types can be computed for the market 
system with the three types of investors. 
Case (i): Sell Order 

If Vi<PB,          Pr(Sell|V=Vi) = (α_no*η)+ α_in+ α_nia*Pr(Vi+noise<PB)   (7) 
If Vi>=PB,        Pr(Sell|V=Vi) = α_no* η.       (8) 

Case (ii): Buy Order 

If Vi>PA,          Pr(Buy|V=Vi) = (α_no*η)+ α_in+ α_nia*Pr(Vi+noise>PA)   (9) 
If Vi<=PA,        Pr(Buy|V=Vi) = α_no* η.       (10) 

Case (iii): No Order 

If PA<Vi<PB,    Pr(Hold|V=Vi) = (α_no*(1-2η))+ α_in+ α_nia*Pr(PA<Vi+noise<PB). (11) 
Otherwise,       Pr(Hold|V=Vi) = α_no*(1-2η).      (12) 

   Once the market maker receives an order or (an acknowledgement of no order), the agent updates the PDE as 
shown in Eq.(6.4) using one of the equations between (6.7) to (6.12) depending on the type of order and the Vi 
value. In other words, for the range of V values present in the PDE, the agent iteratively calculates the 
Pr(Order|V=Vi). Consequently, Pr(Order) is computed. These values are then substituted in equation (6.4). 
   It should be noted that receiving a sell order would lead to density functions that are symmetric to the ones 
resulted after receiving a buy order. The case of no orders leads to different results. If the selected investor 
decides not to place any order the market maker believes that he managed to capture the bid and ask values. 
Consequently, he increases the probabilities for the values in between the bid and ask, and lowers the 
probabilities for the rest of the values. 
H. Adjusting the Bid and Ask Quotes 

   The market maker tries to set the bid and ask prices such that these reflect the fundamental value of the stock. 
As he does not know this value, the new bid and ask prices will be based on the expected value, given the 
adjusted PDE after arrival of an order. The bid price is set to the expectation of the true value given the 
probability that a sell order will arrive. Similarly the ask price is set to the expectation of the true value given the 
probability that a buy order arrives. In other words, 

PB=E[V|Sell]         (13) 
PA=E[V|Buy]         (14) 

   By definition, in order to estimate the expectation of the underlying value, it is necessary to compute the 
conditional probability that the true price equals a certain value (V = x; x > =0) given that a particular type of 
order is received. With [Vmin; Vmax] as the range of possible values, the refined equations are arrived at: 

PB = ∑ Vi כ PrሺVi |Sellሻ௏௠௔௫௏௜ୀ௏௠௜௡        (15) 
 
PA = ∑ Vi כ PrሺVi|Buyሻ௏௠௔௫௏௜ୀ௏௠௜௡        (16) 

Using the PDE values, the above equations are updated as follows: 

PB =  ଵP୰ሺ௦௘௟௟ሻ ∑ Vi כ PrሺSell|Viሻ כ PrሺV ൌ Viሻ௏௠௔௫௏௜ୀ௏௠௜௡      (17) 

 

PA=  ଵP୰ሺ஻௨௬ሻ ෌ Vi כ PrሺBuy|Viሻ כ PrሺV ൌ Viሻ௏௠௔௫௏௜ୀ௏௠௜௡      (18) 

Thus, the new prices emerge as a result of each trade taking place in the market. 
I. Implementing the Inventory Control 

   A control over the stock inventory is maintained by ensuring that the stock stays within a particular pair of 
lower and upper bounds. Consider that the lower bound is set at 30 percent of the initial stock while the upper 
bound is set at 170 percent. Logically speaking, the stock tends to go below the lower limit when there is an 
excess of buy orders. The stock is then said to be in short position. This problem can be controlled by increasing 
the ask and bid prices. This will lead to an increase in the sell orders. On the other hand, the stock tends to go 
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above the upper limit when there is an excess of sell orders. The stock is then said to be in long position. In this 
case, the ask and bid prices are decreased to encourage buy orders. To implement inventory control, a risk 
aversion factor, γ, is introduced. The adjustment is calculated as follows: Adjustment= - γ* ((current_stock - 
initial_stock) / initial_stock)                (19) 
The prices are then modified by being appended with the calculated adjustment factor as mentioned below. 

PA =  PA + Adjustment  and  PB =  PB + Adjustment.       (20) 
   One might think that 80% (120%) of the initial stock is too high (low) a value to be used as a proper lower 
(upper) limit for the stock. But one must keep in mind that the trade takes place in a continuous manner. Despite 
knowing that the stock is in short (long) position, the market maker has to finish the trades that he had agreed to 
before realizing the necessity for inventory control. Hence the rather immoderate limits give the market maker a 
sort of buffer period within which the inventory can be brought back under control. 

VII.    EXPERIMENTAL EVALUATION AND CONCLUSION 
A.   Experimental Settings 

1)   Fundamental value related settings 

• The initial value (V0) is Rs. 100. 
• The standard deviation in the distribution function of the jump process (ω(0,σ)) is Re. 1. 
• The jump in the fundamental value is set to occur after every 10 transactions. 
•  The σ used to compute Vmin and Vmax is 50 paise. 

2)    Investor related settings: 

• The fraction of perfectly informed traders, noisily informed traders and noisy traders is set at 0.3, 0.5 
and 0.2 respectively; here a total of 50 traders for the experiment are considered. 

• The probability (η) that uninformed traders place a buy order (and, respectively, sell order) is set to 0.5. 
Consequently, the probability that uninformed traders do not trade is 0 (these values ensures that noisy 
agents never hold, maintaining liquidity in stock). 

• All investors place market orders for a chosen quantity of the risky stock. The investors do not withdraw 
their order once it is submitted. 

• The noise value for the noisily informed traders is set to range from 1 to 1.5, incrementing at 0.05; this is 
selected using the random function during the creation of the trader agent. While in prevalent ASM 
systems, a noise factor is fixed, common to all the noisily informed traders, in this system varying noise 
values are chosen as an attempt to create heterogeneity among the noisily informed traders. 

• To maintain an elementary sense of inventory control among the traders, constraints are added such that 
the trader does not trade beyond a limit value in wealth and stock. 

3)   Market maker related settings: 

• The market maker knows the fraction of traders present in the system. 
• The market maker also knows the noise distribution. 
• For inventory control, the short stock position is at 30% of the initial stock while the long stock position 

is at 170% of the initial stock. γ is taken as 10.  
B.   Experimental Results and Inferences  

   Fig.6 shows the graphical outputs of the system with inventory control and Fig.7 without inventory control. 
Initially, the ask and bid prices are set equal to the Vo value, 100. Then the trade begins. After each order, the 
PDE is updating and if it is a buy order, the ask price is modified, else, if it is a sell order, the bid price is 
modified. As is evident in both the graphs, there are quite some fluctuations. This is due to the presence of 
noisily informed traders and noisy traders in the market. Their erratic behaviour leads to unpredictable orders 
flowing to the market maker. 
   In our experiment, a jump is set to occur after every 100 transactions. If this was increased to say, 500 
transactions, the fluctuations will reduce as the market maker is provided with ample time to settle into a steady 
pace. The blue lines in the graphs denote the fundamental value estimated by the market maker as a result of his 
Bayesian learning. This is nothing but the average of the pair of asks and bid prices since the last jump. The 
actual fundamental value of the stock, as maintained by the NewsManager agent is shown in Fig. 8. Comparing 
the blue lines of the graphs with the fundamental value in the above figures, it is evident that the market maker 
does a satisfactory job of tracking the fundamental value. Graphically it is seen that inventory control results in 
lesser fluctuations in the prices. The result of using inventory control, although not evident in Fig.7, is quite 
significant when analyzing the output data. In the output data corresponding to the system without inventory 
control, the market maker’s stock diminishes to a mere 1. This has the danger of the market maker running out 
of stocks to trade. This, in real life, spells a market catastrophe. The main role of the market maker is to 
maintain liquidity in the market. This is an impossible task if the market maker runs out of stock and is solely 
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dependent on a sell order to get back into the market. Thus, the system implementing inventory control is the 
better choice for emulating an efficient stock market. 
C. Deviation from the Existing Model 

• Computing Vo after a jump 
Whenever the MarketMaker gets to know that a jump has occurred, the Vo is recalculated. It is equated to 
the average of the estimated V value (computed using the PDE) and the average of the ask and bid prices 
that the agent has been maintaining since the last jump. 

• Probabilistic estimation of the order 
This refers to the calculation of Pr(Order|Vi). In the prevalent papers, consideration is given to either 
perfectly informed traders and noisy traders or noisily informed trader and noisy traders when estimating 
Pr(Order|Vi). But in this system, all the three types of traders coexist. Accordingly, modification has been 
done to the probability estimation formula to make room for the three traders. 

D. Conclusion 

     A continuous-time, autonomous, asynchronous agent-based model of the ASM based on the theoretical 
concepts enunciated in EGM has been implemented in JADE. A step by step illustration of implementing a 
multi-agent system has been elaborated. This system can be used to carry out comparative studies of the real and 
artificial stock markets by exploiting this flexibility, as follows: 

• By adjusting the ratio of the different type of traders and comparing the resulting graph with the real-
stock data, the distribution of the varied traders in the real market can be sufficiently assumed.  

• For a given initial stock value, the most efficient inventory control tolerance range can be ascertained. 
E. Future Work 

• Multiple stocks can be considered, and investors could be modeled as portfolio managers in multiple 
stocks. 

• More market makers could operate on the same market. 
• Brokers could be implemented. 
• In accordance with the implementation of our system, inclusion of new traders could be done 

dynamically. 
• To create a more realistic simulation of the stock market, trade can be carried out over a distributed 

platform. 
 

 Fig. 6: The emergent prices with inventory control Fig. 7: The emergent prices without inventory 

control 
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Appendix 
EXPERIMENTAL SET UP : STEPS TO LAUNCH THE PROJECT IN JADE 

1). To execute .java files, java compiler should be available to create the respective .class files. Firstly,   
     download JDK (latest version) and set 

• Path 
 Right click on My computerPropertiesAdvanced PropertiesEnvironment Variables 
Path(augment) C:\Program Files\Java\jdk1.6.0\bin\; 
 create a new system variable named, CLASSPATH and set it to: .;C:\Program Files\Java\jre6\lib 
Open CMD.    Type, 
 java 
 javac 
Note: All the commands available in java and javac will be printed if the path and classpath were set correctly. 
• Compile the required java files in the jade folder: (this creates the .class files) 
C:\ jade>javac -classpath lib\jade.jar –Xlint:unchecked -d classes examples\bookTrading\*.java 
Note: Without -Xlint:unchecked , javac will not compile because the .java files are interlinked (GUI and java 
program). 
          2).   Basic launch commands: 
• To launch JADE GUI:   java jade.Boot –gui (by default JADE uses port# 1099 ) 
• To launch a main-container with port(1111),platform-id (MarketPlace): 
     java –cp lib\ jade.jar;classes jade.Boot -gui -platform-id MarketPlace -port 1111 
• To launch two platforms on the same machine, in the first CMD prompt, enter: 
     java jade.Boot –gui (by default JADE uses port# 1099 ) 
• And in the second one, enter:  
     java jade.Boot –gui –port 1111  
• To invoke an agent for, say, a predefined agent class: PingAgent : 
     java -cp lib\jade.jar;classes jade.Boot –gui  –agents ping1:examples.PingAgent.PingAgent 
• To invoke multiple agents in the environment: 
 java -cp lib\jade.jar;classes jade.Boot –gui  –agents 
ping1:examples.PingAgent.PingAgent;ping2:examples.PingAgent.PingAgent;ping3:examples.PingAgent.PingA
gent 
   3).   To invoke this project:   
• Type the following command in cmd.in C:\jade> 
java -cp lib\jade.jar;classes jade.Boot -gui -platform-id MarketPlace -port 1111 -agents  

Fig. 8:  The actual fundamental value of the stock 
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nia1:examples.stockMarket.NoisyInAgent;nia2:examples.stockMarket.NoisyInAgent;nia3:examples.stockMark
et.NoisyInAgent;nia4:examples.stockMarket.NoisyInAgent;nia5:examples.stockMarket.NoisyInAgent;in1:exam
ples.stockMarket.InformedAgent;in2:examples.stockMarket.InformedAgent;in3:examples.stockMarket.Informe
dAgent;no1:examples.stockMarket.NoisyAgent;no2:examples.stockMarket.NoisyAgent;pg:examples.stockMark
et.PingerAgent 
Note: Invoke the MarketMakerAgent using the GUI. A prior invocation of the MarketMakerAgent, before the 
establishment of the market, will create erroneous results. Fig. A.1 shows 10 agents (as per the above command). 
• To invoke MarketMakerAgent: Right click ‘Main-Container’ and select  ‘Start New Agent’(Fig. A.2).  

 

 
Fig A.1: Agents invoked in JADE environment 

 
            Fig A.2 Market Maker Agent 

•  Give the MarketMakerAgent a name and choose the .class file  (Fig.A.3). 
•  Click on OK. The MarketMakerAgent is invoked (Fig. A.4). 
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      Fig A.3: Steps to start MarketMaker agent 
     

              Fig A.4: MarketMaker in the agents pool 
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