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ABSTRACT 

In describing dynamics of classical bodies one uses systems of differential equa-
tions (Newton laws). Increasing the number of interacting bodies requires finer 
time scales and heavier computations. Thus one often takes a statistical approach 
(e.g. Statistical Mechanics, Markov Chains, Monte Carlo Simulations) which sac-
rifices the details of the event-by-event causality. The main assumption is that 
each event is determined only by events immediately preceding it rather then 
events in the arbitrary past. Moreover, time is often divided in slices and the vari-
ous cause and effect events are assumed to take place in accordance to this arbi-
trary slicing. The dynamics of certain economic systems can be expressed simi-
larly. However, in many economic systems, the dynamics is dominated by specific 
events and specific reactions of the agents to those events.  Thus, to keep the 
model meaningful, causality and in particular the correct ordering of events has to 
be preserved rigorously down to the lowest time scale.  

We introduce the concept of Markov Nets (MN) which allows one to rep-
resent exactly the causal structure of events in natural systems composed of many 
interacting agents. The Markov Nets preserve the exclusive dependence of an ef-
fect event on the event directly causing it but makes no assumption on the time 
lapse separating them. Moreover, in a Markov Net the possibility exists that an 
event is affected if another event happens in the meantime between its causation 
and its expected occurrence. We present a simulation platform (NatLab) which 
uses the MN formalism to make simulations that preserve exactly the causal tim-
ing of events without paying an impossible computational cost.  

We demonstrate the use of the MN and NatLab for the study of a con-
tinuous double auction market. We ran on NatLab realistic experiments that com-
bined in various market conditions agents with various strategies. The dynamics of 
the market and the co-evolution of the agents could then be understood on the ba-
sis of the detail timing of their actions. Thus, we were able to understand both the 
traders’ intentions and the causes for which their intentions lead to the desired re-
sult or not.  
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INTRODUCTION AND BACKGROUND 

What’s the problem?  

The present paper describes the application of the “Markov Net” (MN) concept 
on a generic continuous time asynchronous platform (NatLab) [ 2] to the study of 
continuous double-auction markets. The continuous double-auction market is a 
fundamental problem in economics. Yet most of the results in economics were ob-
tained for markets that are discrete time, synchronous or both. The markets evolve 
in a reality in which time is continuous and traders act asynchronously by sending 
independently bid and ask orders. A change in the sequence of arrival to the mar-
ket of 2 orders may change the actual price by a significant value and eventually 
lead to completely different subsequent market development (even if their arrival 
time difference is arbitrarily small).  Thus to describe faithfully the market dynam-
ics one has to insure arbitrary precision in the timing of each event (Fig. 1). 

The insistence on preserving in great detail the causal order of the various 
events might seem pedantic and irrelevant for large disordered systems of many 
independent traders. After all, statistical mechanics is able to reproduce equilib-
rium thermodynamic results of some Ising-like models without even considering 
the details of their dynamics [ 3]. However, there are certain systems in which this 
requirement seems unavoidable. Economic Markets is one of them. 

The classical theoretical framework for understanding market price formation is 
discrete and synchronous. It is based on the equilibrium price concept introduced 
by Walras in 1874. Walras’ equilibrium price did not address the issue of market 
time evolution. He assumed that in order to compute the market price it is suffi-
cient to aggregate the offer and demand of all the traders. The equilibrium price 
will then be the one which insures that there is no outstanding demand or offer 
left. 

The extension of the Walrasian equilibrium-price mechanism to time evolving 
markets was suggested only later by Hicks [ 4,  5], Grandmont [ 6] and Radner 
(1972) [ 7]. At each time, the demand curves of all the traders were collected and 
aggregated synchronously. The intuition that ignoring the asynchronous character 
of the market may miss its very causality, occurred to a number of economists in 
the past. In fact [ 21] suggested that economic phenomena like the business cycle 
may be due exactly to the iterative process of firms / individuals reacting to each 
other positions. This insight did not have wide impact  because the methods used 
in modeling markets with perfect competition (General Equilibrium theory) and 
markets with strategic interaction (Game Theory) are synchronous and, arguably, 
even timeless1.  

If the extension of the Walrasian paradigm[ 8,  9] to time evolving market price 
would hold, the sequence in which the orders arrive would be irrelevant and the 

                                                           
1 We are greatly indebt to Martin Hohnisch for very illuminating and informa-

tive correspondence on these points. 
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insistence of absolute respect of the time order of the various market events un-
necessary. However, in spite of the conceptual elegance of the Walrasian con-
struction, its application to time-dependent markets is in stark contrast with what 
one experiences in the real market. In reality the demand and offer order stacks in-
clude at each time only a negligible fraction of the shares and of the share holders.  

Moreover, only the orders at the top of the stack have a direct influence on the 
price changes. One may hope that the local fluctuations due to the particular set of 
current traders would amount to only some noise on top of a more fundamental 
dynamics closer to the Walrasian paradigm. However, there are many indications 
that this is not the case. 

 
Fig. 1. The figure represents 2 scenarios a) and b) in which 2 traders react by a buy and re-
spectively a sell order to the market having reached the price 10. This moment is repre-
sented by the leftmost order book in both a) and b) sequences. The current price is marked 
by the two arrow heads at 10. We took for definiteness both offer and demand stacks occu-
pied with equal size limit orders (represented by horizontal lines) at integer values around 
10. The a) sequence illustrates the case where the seller is faster and saturates the buy order 
at the top of the buy stack: 9 (this is shown by the order book in the middle). Then, the 
buyer saturates the lowest offer order: 11 (rightmost column). Thus the final price is 11. 
The b) figure illustrates the case where the buyer is faster. In this case the final price is 9. 
Thus an arbitrary small difference in the traders’ reaction times leads to a totally different 
subsequent evolution of the market. The problem is to device a method that insures arbi-
trary precision in treating the timing of the various events (see discussion of  Fig. 13 be-
low). 

First, the multi-fractal structure of the market implies that there is no real sepa-
ration between the dynamics at the shortest time scales and the largest time scales 
[ 17,  18]. Thus one cannot indicate a time beyond which the market is bound to re-
vert to the fundamental / equilibrium price.  

Second, the motivations, evaluations and decisions of most of the traders are 
not in terms of an optimal long range investment but rather in terms of exploiting 
the short term fluctuations whether warranted or not by changes in the “real” or 
“fundamental” value of the equity.  

Third, the most dramatic changes in the price are taking place at time scales of 
maximum days; so aggregating over longer periods misses  their causality. 
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Forth, the Walrasian auction requires each trader to define a personal demand 
function, i.e. defining his conditional bid / offer for any eventual price. In practice, 
not only the traders do not bother and do not have the necessary notions to make 
their decisions for arbitrary improbable prices, but also the market microstructure 
just does not have the instruments capable to collect this kind of orders. 

All the arguments above can be summed in a more formal tautological form: 
the variation of the price for large time periods is just the sum (in fact product) of 
the (relative) variations of the market at the single transaction level. A full under-
standing of the market dynamics is therefore included in the understanding of the 
single-trade dynamics. This idea has be investigated in models of high frequency 
financial data [ 10,  11,  12] .  

The fact that Walras did not emphasize this point is due not only to the lack at 
the time of detailed single-trade data. Ideologically he had no way to be primed in 
this direction: the program of Statistical Mechanics of deducing global average 
thermodynamic properties from the aggregation of the binary interactions of indi-
vidual molecules was not accepted even in Physics at his time. In recent times 
there were however trials to reformulate Walrasian ideas in a statistical mechani-
cal framework [ 13]. 

The background of the “Markov Net” concept  

One may be surprised at the long time that the natural continuous time asyn-
chronous reality have been represented in computers in terms of discrete time syn-
chronous approximations. Even after this became unfashionable, the lack of con-
sideration for the precise causal order of events continued to prevail through the 
use of random event ordering. Alternatively, in many applications the exact order 
in which the various events take place is left to incontrollable fortuitous details 
such as arbitrary choices by the operating system or the relative work load on the 
computer processors. This is even more surprising given the fact that some fun-
damental scientific problems fall outside the limits imposed by these approxima-
tions. An outstanding example is the continuous time double auction market that 
we present in the second part of this paper. 

A possible explanation for this state of art is the influence that the Turing dis-
crete linear machine paradigm has on the thinking about computers. This lead to 
the implicit (thus automatic) misconception that discrete machines can only repre-
sent discrete-time evolution. The continuous time is then viewed as a limit of arbi-
trary small time steps which can be achieved only by pain-staking efforts. We will 
show that this is not necessarily the case. We also are breaking-away from another 
implicit traditional assumption in computer simulations: the insistence to see the 
time evolution of the computer state as somewhat related to the time evolution of 
the simulated system. Even when the computer time intervals are not considered 
proportional to the simulated system time, the order in which the events are com-
puted is assumed to be the one of the simulated world.  As we shall see, in our im-
plementation of the Markov Nets, there is occasional lack of correspondence be-
tween the 2 times. For instance one may compute the time of a later (or even 
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eventually un-happened) event before implementing the event that happens next 
according to the simulated world causality.  

The “Markov Net” (MN) idea is easier to understand if one releases oneself 
from the psychological tendency to assign to the simulated system 1) the discrete-
ness and 2) the causality of the computer process simulating it. The mental effort 
to overcome this barrier is worthwhile: we can (without computational load pen-
alty) go easily to any time precision (e.g. if desired, one can use time resolution of 
the order of the time quanta - the time necessary for light to traverse a Plank 
length ~ 4410− sec in simulations that involve time scales relevant to daily trading 
activities). The only requirement would be to use double – or if desired arbitrary – 
real variable bit-length [ 20]. Using the NatLab framework, one can apply the MN 
concept to applications in heterogeneous agent based macro-economic models 
[ 19].  

Markov Net Definition and NatLab Description 

Definition, Basic Rules and Examples 

In this chapter we describe sequences of events in the Markov Net formalism 
and the way the NatLab platform implements them. While ostensively we just de-
scribe a sequence of simulated events, this will allow us to make explicit the way 
the MN treats the scheduling and re-scheduling of future events as the causal flow 
is generated by the advancing of the process form one present event to the next. 

A Markov Net is a set of events that happen in time to a set of agents. The 
events cause one another in time with a certain lag between the cause and effect. 
Thus at the time of causation the effect event is only potential. Its ultimate hap-
pening may be affected by other events happening in the meantime. To take this 
into account, after executing the current event of the Markov Net, the putative 
happening times of all its directly caused potential effects are computed. The 
process then jumps to the earliest yet un-happened putative event which becomes 
thereby the current event. From there, the procedure is iterated as above. 

Note that with the present definition, Markov Nets are deterministic structures. 
We leave the probabilistic Markov Nets study for future research. The name of 
Markov Nets has been chosen in order to emphasize the fact that the present 
events are always just the result of their immediate cause events (and not of the 
entire history of the Net). However, as opposed to a Markov chain [  14 ,  15], the 
current state is not dependent only on the state of the system immediately preced-
ing it. For instance, as seen below, the current event could be directly caused by an 
event that took place arbitrarily far in the past. This is to be contrasted with even 
the n-order generalizations of the Markov chains where only a limited time strip 
preceding the present affects it directly. To recover continuum time in an n-order 
Markov Chain, the time step is taken to 0 and the dynamics collapses into n-order 
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stochastic differential equation (continuous Markov chain) [ 16]. By contrast, a 
Markov Net exists already in continuum time and the past time-strip that influ-
ences the present is undefined depending on the system dynamics. In this, it shares 
properties with the Poisson process (except that it allows for a rather intricate 
causal structure). Thus, only in special regimes it can be approximated by differ-
ential equations.  

In order to explain the functioning of MN, one represents the various agents 
time evolution as directed horizontal lines going from some initial time (at the 
left) towards the future (the right) (Fig. 2). 

 
Fig. 2. The line representing an agent time evolution in a Markov Net. Below it, the time 
axis is plotted too). 

The events of receiving some input (being caused) or sending some output 
(causing) will be represented by points on these horizontal lines. Thus each event 
is associated with an agent line and with a specific time. Its position on the agent 
axis will correspond to the Markov Net time of the event (Fig. 3). 

 
Fig. 3. The black dot on the line of Agent 1 represents the currently happened event. The 
vertical dotted line represents the time at which the Markov Net evolution currently arrived. 
The dashed arrow represents the potential causation of a future event (empty dot on the line 
of Agent2) by the current event. 

A vertical line will indicate the current time. Note that in a Markov Net one 
jumps from the time of one event to the next one without passing through or even 
considering any intermediate times. The actual transmission / causation will then 
be represented by a directed line starting on the sending (causing) agent’s axis at 
the sending (cause event) time and ending on the receiving agent axis at a (later) 
reception (effect event) time (Fig. 3). 



7        

 7 

  

Fig. 4. This Markov Net represents 2 initial events (black dots) belonging to Agents 1 and 3 
that cause 2 potential effect events to Agent 2. 

Note that while the Markov Net is at a given time (event) the process is (re-) 
calculating and (re-)scheduling all the future potential events directly caused (or 
modified) by it. These events may be later modified or invalidated by meantime 
events so we represent them by open dots pointed to by grey dotted (rather then 
full black) lines. Those lines are only to represent that the events timings were 
computed and the events were scheduled, but in fact their timing or even occur-
rence can be affected by meantime secondary effects of the current state Fig. 5 - 
Fig. 7). Incidentally, this procedure which is explained here for deterministic 
events can be extended to probabilistic ones. 

 

 
Fig. 5. The Markov Net of Fig 4 advances to the first event on the Agent 2 axis.  

The actual time that the transmission / causation takes is computed based on the 
on the state of the sending (causing) and receiving (affected) agents. Other time 
delays e.g. between the arrival of an order to the market and its execution are simi-
larly represented. 
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Fig. 6. As a consequence of the first event acting on Agent 2, the second event is modified 
and remised to a later time. 

Since the transmission / causation takes time, it often happens that as a signal 
travels from one event (agent) to another, another event on the receiver site affects 
the reception (delaying it, canceling it or changing its effect). 

 
Fig. 7. The modified second event acting on Agent 2 is executed.   

The entire dynamics of the system can then be expressed in terms of its Markov 
Net: the communication / causation lines, their departure (cause) and arrival (ef-
fect) event times. 

We consider the internal processes of an agent (e.g. thinking on a particular in-
put to produce a decision as output) as a particular case in which an arrow starts 
and ends on events belonging to the same agent. The beginning of the arrow 
represents the time at which the process started and the end of the arrow represents 
the time of conclusion (typically by a decision and sending a communication). The 
computation of the thinking time and the scheduling of the issue time for the deci-
sion is made immediately after the execution of the event that triggers the deci-
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sion process.  Of course as with other future events evaluation, if other meantime 
events affect the agent, the thinking process and the decision can be affected or 
even cancelled.   

Thus the scheduling of an event arrival is always provisory / tentative as the 
relevant agent can undergo another “unexpected” event before it. Such a interven-
ing event will modify the state of the agent and in particular the timing or even the 
actual happening of the event(s) that the agent is scheduled to undergo otherwise. 

 For instance (Fig. 8) , as a result of certain “news” at 15:00, the agent is tenta-
tively computing a certain internal deliberation which ends up with a sell order at 
17:00. 

 
Fig. 8. News arriving at 15:00 cause potentially a decision at 17:00.   

 
Fig. 9. The news are cancelled by a new “news” at 16:00.  The new “news” produce a po-
tential effect at 16:30. 

 
If however at 16:00 the agent receives a message canceling the “news”, the order-
ing event tentatively scheduled for 17:00 is cancelled (Fig. 9) and some other 
event (going home at 16:30) can be tentatively scheduled (Fig. 9) and executed 
(Fig. 10). 
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Fig. 10. In the absence of other meantime events, the effect event at 16:30 is actually exe-
cuted. 

Another example of a Markov Net involving 3 agents is shown in Fig. 11. Their 
interaction sequence is explicitated through the MN scheduling and re-scheduling 
mechanisms. At the beginning of the process 2 events are pre-scheduled to take 
place at times t1 (affecting the middle agent) and t2 (affecting the upper agent). 
These events cause the 2 agents to enter internal deliberation states to prepare 
some reaction. The middle agent succeeds to make very fast the decision (at t3) 
and cause the lower agent to send (at t4) a new signal to the upper agent. This new 
signal, (received at t5) interrupts the internal deliberation state in which the upper 
agent was. Thus scheduled decision event that was expected to happen at t6 as a 
result of t2 is cancelled (this is symbolized by the dashed arrow). Instead, as a re-
sult of the signal received from the lower agent, the upper agent enters a new in-
ternal deliberation that concludes into an answer being sent (at t7) to the lower 
agent. 
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Fig. 11. A Markov Net with 3 interacting agents and interfering events. 

Applications to Continuous Double Auction  

Simple Example of a Double Auction Markov Net 
The simplest MN diagram of a continuous double-auction is shown in Fig. 12. 

In this diagram we show only one trader (the upper horizontal line) and the market 
(the lower horizontal line). The market price evolution is shown below the market 
line. The process described by this diagram starts with the agent setting P0 (repre-
sented on the price graph by a * ) as an attention trigger. This is represented by a 
formal (0-time delay) message sent to the market (at time t1). When the price 
reaches P0 (at time t2), the agent notices it (t3), observes it (t4) and makes the de-
cision to send a buy order (t5) which will be executed at t6. At the same time (t5), 
the agent also sets a new attention trigger price P1.     
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Fig. 12. Schematic implementation of the continues double auction 

Returning to the example in the introduction, we can now see how the Markov 
Net formalism takes care of the details of the traders’ behavior [ 25,  26,  27] in or-
der to represent faithfully the sequence of market events that their behavior en-
genders. 

In Fig. 12 one can see that at certain past times (t1 and t2), each of the traders 
have fixed 10 as an action trigger price threshold. This is represented in the MN 
conventions by messages that each of them sent to the market. This is only an in-
ternal NatLab platform technicality such that the messages are considered as not 
taking any transmission time in the simulated world. As a consequence of these 
triggers, when the market reaches 10 at time t3 (following some action by another 
trader), each of them receives a “message” which is the representation on the plat-
form of the fact that their attention is being awakened by the view (presumably on 
their computer screen) of the new price display equal to 10. 

Due to the delays in their perception (and other factors), their reception times 
(t4 and t5) are slightly different. Once they perceive the new situation they pro-
ceed to think about it and reach a decision. They have different times until they 
reach the decision. Thus in the end they send their market orders at different times 
(t6 and t7). After taking into account the time each order takes to reach the market, 
one is in the position to determine the arrival times of each of the orders (t8 and 
t9). Thus, for given parameters (perception times, decision times, and transmission 
lags) those times are reproducibly computable and unambiguous market scenarios 
can be run. Fig. 13 A and B illustrate the 2 possible outcomes discussed in Fig. 1. 
Incidentally, upon seeing the effect of the order of Agent 2, Agent 1 may wish to 
take fast action to cancel his own order. Of course this possibility depends on the 
existence of a second communication channel to the market that is faster then the 
one on which the initial order has been sent.  

 



13        

 13 

 
Fig. 13. The order books are the same as in Fig. 1. The figure describes in detail the 
Markov Net implementation of the correct time order in such a situation. The upper (lower) 
panel describes the situation in which the buy (sell) order arrives first corresponding to the 
a)  (b) sequence in Fig. 1.  
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Application of Markov Nets to Realistic Continuous Double-Auction 
Market  

We have performed computer-based experiments of a continuous double-action 
market. As seen below (e.g. the spectacular loss of the professional strategy 7) the 
details of the timing of the various events at the lowest time-sacel (single trade) 
have a overwhelming influence on the market outcome.  

The NatLab experiments were based on the “Avatars” method that we have in-
troduced lately [ref Gilles] in order to insure that our simulations / experiments are 
realistic. The “Avatars” method allows us to capture in the computer the strategies 
of real traders (including professionals). By doing so we are crossing the line be-
tween computer simulations and experimental economics [ 1]. In fact we have 
found that NatLab is a convenient medium to elicit, record, analyze and validate 
economic behavior. Not only NatLab provides in a most motivating and realistic 
environment but also provides a co-evolution arena for individual strategies dy-
namics and market emergent behavior. 

 

  
Fig. 14. The NatLab code for the long range mean reverters (trader group number 4 in the 
text). 

Casting the subjects’ strategies within computer algorithms (Avatars) allows us 
to use them subsequently in various conditions: with and without dividend distri-
bution, with and without interest on money in the presence or absence of destabi-
lizing strategies. We present below in detail some experiments.  

We have collected the preferred trading strategies from 7 subjects and we have 
created (by varying the individual strategies parameters) a set of 7000 trading 
agents. We have verified that the subjects do agree that the traders behave accord-
ing to their intentions. We then made runs long enough to have a number of trades 
per trader of the order 1000. In addition we introduced 10000 random traders to 
provide liquidity and stability. One can also consider their influence on the market 
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as a surrogate for market makers (which we intend to introduce in future experi-
ments). 

In this particular experiment we verified the influence on the market of having 
1000 of the traders respecting a daily cycle. We did so by first running the market 
simulation in the absence of the periodic traders and then repeating the runs in 
their presence. 

Let us first describe some of the relevant traders, their algorithms and their re-
action to the introduction of the periodic daily trends (the numbers on the curves 
in the graphs in Fig. 15 to  Fig. 18 correspond to the numbers in the following 
list).  

1. Random 

We introduced random traders. Each random trader extracts his belief about the 
future price from a flat, relatively narrow distribution around the present price and 
then offers or bids accordingly with a limit order set to be executed at the price 
just below (offer) or above (bid) the current market price,. The order volume is 
proportional to the number of agent’s shares (in case of offer) or to his cash (in 
case of bid) and to the relative distance between the current market price and the 
price the agent believes is right.  

As seen on Fig. 15  the random traders are performing poorly; their average 
(Fig. 16) is very smooth because their guesses at each moment are uncorrelated. 
Their performance and behavior are not affected by the presence or absence of 
daily trends due to their inability to adjust to them (Fig. 17, Fig. 18). 

2. Short range mean reverters 

They compute the average over a certain - very short - previous time period and 
they assume that the price will return to it in the near future. On this basis they buy 
or sell a large fraction of their shares.  

When executed on the market with no periodic daily trends (Fig. 15), this strat-
egy took full advantage of the observed short-range negative autocorrelation of 
price returns. In fact, it was the winning strategy in that case. Agents following 
this strategy had their behavior strongly correlated among themselves. They were 
able to adjust to the continueously changing fluctuations (Fig. 16). 

When periodic trends (and hence short-range correlations in returns annihilat-
ing the natural anti-correlations) were introduced (Fig. 17), the performance of the 
strategy dropped dramatically. However, even in this case, positive returns were 
recorded. In the case of the periodic market, one can clearly identify the emer-
gence of correlation between the actions of all agents in this group (Fig. 18). 

3. Evolutionary extrapolation 

Each agent which follows this strategy tries to continuously evaluate its per-
formance and occasionally switches between trend following and mean reverting 
behavior.  
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Due to relatively long memory horizon any trend and correlation that could 
have been exploited otherwise was averaged out and the strategy shows moderate 
performance (Fig. 15, Fig. 17) with almost no spikes of consistent behavior (Fig. 
16, Fig. 18). 

4. Long range mean reverters 

They compare long range average to short term average in order to identify 
large fluctuations and submit moderate limit orders to exploit them.  

This strategy does not have any advantage in the case when no well-defined 
fluctuations exist and can not outperform other strategies (Fig. 15). The actions of 
the 1000 agents following it are uncorrelated. and their performance is uncorre-
lated and in general is averaged to 0 (Fig. 16).  

However, when long trends do appear in the case when periodic fluctuation of 
the price are induced, agents following this strategy discover  and exploit them  
(though, with some delay) (Fig. 18) to their benefit. In fact, they expect that the 
price fluctuation will end and it will eventually revert back to the average. Unlike 
the short-range mean reverters they are not disturbed by the small fluctuations 
around the - otherwise consistent – longer cycle. Only small investment volumes 
(due to their high risk avertion) do not allow the agents using this strategy to out-
perform the best strategy in the daily periodic case (Fig. 17). 

5. Rebalancers+Trend Followers 

They keep 70% of their wealth in the riskless asset. The rest of 30% is used in 
large order volumes in a trend following manner: if the short-range average price 
exceeds the long range average by more then one standard deviation they buy. If 
the price falls by more then one standard deviation, they sell. Agents practicing 
this strategy use market orders to ensure that their intentions are executed. 

In general this strategy is relatively immune to sudden price fluctuations since 
it causes its agents to put at risk at most 30% of their wealth. It attempts to ride 
moderate trends. This does not produce remarkable performance in the first case 
when trends are nor regular. The strategy performance is average in this case.  

However, it is the best possible strategy in the case of periodic fluctuations. The 
agents following this strategy, discover the trends quickly and expect them to con-
tinue for as long as the price evolution is consistent with them. In fact, they con-
sistently manage to predict the price evolution and make big earnings (Fig. 17). 

6. Conservative mean reverter 

Similar to 4) but with slightly shorter range average and less funds in the mar-
ket. This does not make any difference when no fluctuations are present (Fig. 15). 
However, when the periodic fluctuations are introduced (Fig. 17) they expect the 
price to return back to the average sooner that it actually does. Thus they are mis-
taken for rather long intervals. 
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7. Professional volume watcher 

They watch the aggregated volumes of the buy and sell limit orders. If a large 
difference towards offer is discovered, they sell and viceversa. Their intention is to 
predict starting dynamics and respond immediately upon smallest possible indica-
tors by issuing market orders so that the deal is executed ASAP.  

This strategy though suggested by a professional trader (and making theoreti-
cally  some sense) fails to perform well in both cases. The reason for that is, in our 
opinion, the wrong interpretation of the misbalance in the orders. Agents of this 
type expect the volume of the limit orders in the book to indicate the excess de-
mand or supply and hence give a clue on the immediate price change. However, in 
our case, the volumes of limit orders on the both sides of the book are highly in-
fluenced by big market orders (for example, those issued by 5) and in fact are the 
result of very recent past large deals rather then a sign for a incoming trend. An-
other way to express this effect is to recall that the prices are strongly anti-
correlated at one tick. Thus this strategy is consistently wrong in it's expectations. 
Interestingly enough, its disastrous outcome would be hidden by any blurring of 
the microscopic causal order (that would miss the one-tick anticorrelation).  

  

8.  The Daily traders: 

They gradually sell all their holdings in the “morning” and then re-buy them 
back in the “evening hours”.  This causes the market price to fluctuate accord-
ingly. 

 What is more important, the behavior of all the other strategies is greatly af-
fected as well as their relative success. Some of these strategies adapt and exploit 
the periodic trends while others are loosing systematically from those fluctuations. 

 
Some of the results (specifically the time evolution of the average relative 

wealth of the traders representing each subject) are plotted in Fig 15 and Fig 17. 
The unit of time corresponds to the time necessary to have in average a deal per 
each agent.  
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Fig. 15. Relative wealth in a market including the first 7 types of traders. The 
strategy labels on the left border of the graph correspond to the numbers labeling 
the traders in the text. 
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Fig. 16. The shares trading history is plotted for each strategy. The average number of 
bought shares per time unit per trader is represented by the height of the graphs above 0. 
The number of sold shares is represented by the depth below 0.  
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Fig. 17 The relative wealth evolution in a market containing all types of traders including 
daily traders (number 8).  
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Fig. 18. The shares trade as in the Fig 16, but for the run with daily trends. 
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Fig. 19. The activity of the daily trader (strategy number 8 in the list) 
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Conclusions and Outlook  

For a long while, the discrete time Turing machine concept and the tendency to 
see computers as digital emulations of the continuous reality lead to simulation al-
gorithms that mis-represented the causal evolution of systems at the single event 
time scale. Thus the events took place only at certain fixed or random times. The 
decision of how to act at the current time was usually by picking up (systemati-
cally or randomly) agents and let them act based on their current view the system 
(in some simulations, event ordering was even left to the arbitrary decision of the 
operating system!). This neglected the lags between cause, decision, action and ef-
fect. In the “Markov Net” representation it is possible for an event to be affected 
by other arbitrary events that were caused in the meantime between its causation 
and its happening. This is achieved exactly and without having to pay the usual 
price of taking a finer simulation mesh.  

We have constructed a platform (NatLab) based on the Markov Net (MN) prin-
ciple and performed a series of numerical and real-subject experiments in behav-
ioral economics. In the present paper we have experimented with the interactions 
and emergent behavior of real subjects’ preferred strategies in a continuous dou-
ble-auction market.  

In the future, we propose to extend the use the NatLab platform in a few addi-
tional directions: 

• Experiment with the effect on the market of various features and events. 
• Compare the efficiency of different trading strategies. 
• Isolate the influence of (groups of) traders’ strategies on the market. 
• Study the co-evolution of traders’ behavior. 
• Find ways to improve market efficiency and stability.  
• Study how people depart from rationality 
• Study how out-of-equilibrium markets achieve or not efficiency 
• Anticipate and respond to extreme events  
• Treat spatially extended and multi-items markets (e.g. real estate), firms 

dynamics, economic development, novelty emergence and propagation. 
• Study the effect of  out of market communication, and coupled  net-

works [22] 
Last but not least, the mathematical properties of Markov Nets are begging to 

be analyzed.  
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