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	   “In	   the	   face	   of	   the	   crisis,	   we	   felt	   abandoned	   by	   conven6onal	  
tools...	   we	   need	   to	   develop	   complementary	   tools	   to	   improve	  
robustness	  of	  our	  overall	  framework...	  I	  would	  very	  much	  welcome	  
inspira6on	   from	   other	   disciplines:	   physics,	   engineering,	   biology.	  
Bringing	   experts	   form	   these	   fields	   together	   with	   economist	   and	  
central	  bankers	  is	  poten6ally	  very	  crea6ve	  and	  valuable.	  Scien6sts	  
have	  developed	  sophis6cated	  tools	  for	  analysing	  complex	  dynamic	  
systems	  in	  rigorous	  way.”	  
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•  A	  limit	  of	  the	  classical	  approach	  is	  that	  of	  neglec9ng	  the	  interac9ons	  
amongst	   the	  market	   agents.	   To	   overcome	   this	   limita9on,	   physicists	  
consider	   the	  market	   agents	   as	   gas	   par9cles	   and	  mainly	   rely	   on	   the	  
mean	   field	   approach	   or	   on	   regular	   laZces	   to	   model	   their	  
interac9ons.	  

•  Unfortunately,	   the	   interac9on	   schemes	   amongst	  market	   agents	   are	  
far	   more	   sophis9cated	   than	   those	   captured	   by	   these	   regular	  
structures.	  

The	  idea	  
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	  My	  contribu9on	  consists	   in	   leveraging	   the	   tools	   from	  complex	  
networks	  of	  dynamical	  systems	  to	  model	  these	   interac9ons.	  An	  
agent-‐based	  approach	  will	  be	  used	  to	  in	  order	  to	  reproduce	  and	  
predict	  emerging	  features	  of	  the	  market.	  
	  

	  



  

Complex	  Networks	  
•  A network can be represented by a graph             , where     is the 

set of nodes and     is the set of edges. 
  G = (N ,E )  N
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The	  Model	  
•  Agent	  behaviours:	  

•  Agent	  dynamics:	  
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•  Agent	  interac9ons:	  

The	  interac9ons	  amongst	  market	  agents	  tend	  to	  evolve	  in	  9me.	  The	  
need	   of	  modelling	   evolu9onary	   networks	   spurred	   us	   to	   develop	   a	  
new	  abstract	  network	  model	  based	  on	  proximity	  metrics	  which	  we	  
have	  tested	  on	  Kuramoto	  oscillators.	  
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where k( )jα is a (possibly time-varying) coefficient which determines the risk attitude of the jth agent, ai and bi
are thewin and loss rates associated to the ith asset, i=1,…,m2. Based on their current risk attitude, we group the
agents in three classes. In thefirst one, there are the agents characterized by a low risk attitude, denoted inwhat
follows as prudent agents. The agents that aremore prone to take risks are denoted audacious and grouped in the
third class. Finally, the intermediate class groups the ordinary agents.We emphasize here that an agentmay
decide not to invest (formally, to invest in themth asset), if E U x k m E U x k i[ ( ( ), )] [ ( ( ), )]j j j j⩾ for all
i m1, , 1= … − . The outcome of the trade is the realization β of a uniformBernoulli random variableB.
Therefore, thewealth x k( )j

− of the agent j at time k before the taxation is given by:

( ) ( )x k x k x k a x k b( ) ( 1) ( ) 1 (1 ) ( ) 1 . (2)j j j i j iβδ β δ= − + − − − −−

When the trading session is over, a tax is applied and thewealth of agent j at time k is updated as

( )x k x k( ) ( ) , (3)j jτ= −

where τ is the function describing the selected taxation scheme, see section 2.4.

2.2.2. Interaction among the agents
Weconsider two alternative scenarios. In the reference scenario, themarket is composed of stubborn agents, who
do notmodify their utility function even if they observe that their investing strategy is not successful.
Accordingly, their risk attitude is considered as a parameter rather than an evolving state, that is, k( )j j0α α= ,
for all k ∈ 1, j=1,…,n. In the focal scenario, instead, the agents are adaptive, as they are prone to directly interact
with each other and update their trading strategy. In particular, wemodel the strategymodification as a variation
of the coefficient k( )jα in (1).We emphasize that k( )jα is referred to as ‘risk attitude’ for simplicity, but itmay
also embed other relevant factors determining the expected utility function of agent j, such as the perceived
information level of the other investors [33]. The reciprocal influence among the agents diffuses through a
connection topology described by a directed graph { , }  = , where  is the set of nodes, corresponding to
the agents, and  is the set of directed edges connecting the nodes. The existence of an edge (i,j) implies that the
risk attitude of node j is influenced by that of node i. The herding-like dynamics of the coefficients k( )jα in (1) is
described by
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wherew is the interactionweight, (0)j j0α α= , and j is the set of the neighbours of the jth agent, defined as
i i j{ : ( , ) }j  = ∈ ∈ .We remark that the bigger the coefficientw is, themore the agents are prone to

modify their utility function:w = 0models the case of stubborn agents, whilew = 1 the case inwhich the agents
completely disregard their innate risk attitudes and emulate the neighbours’ behaviour.

2.3. Leaders and communities
The interaction topology ismodelled as a disjoint directed scale-free network, and the graph  is decomposed in
up to three disconnected components, the communities, each of which is guided by leaders belonging to the same
risk attitude class. Namely, inside each community, we consider emulating the rich dynamics, where the richest
agents are stubborn, but influence the other agents, so playing the role of leaders [43].We choose to consider
separated communities so that each follower cannot be influenced by leaders with significantly different risk
attitudes. Accordingly, each follower elects to emulate the strategy he considersmost profitable. The size of the
communities is proportional to the total wealth of their leaders and, inside each community, the richest agents
aremore likely to activate links.

The interaction is triggered at a given time instant kt. Henceforth, the dynamics of k( )jα , j n1, ,= … ,
described in (4), are strongly influenced by the structure of the graph  describing the diffusion flow. In turn, the
structure of  is established at time kt, based on the current wealth x k( )j t , for j=1,…,n.

2.4. Taxation schemes
Weconsider two alternative taxation systems, which affect the current wealth of the agents x k( )j

− in different
ways: (a) taxation onfinancial transactions, and (b) taxation onwealth. Type (a) tax is a Tobin-like tax, which
reduces the current wealth of thewinning agents by a profit fraction u(k) given by
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Figure 7. Trading volumes when TT scheme is introduced: reference (blue line) and focal (red line)
scenarios, respectively.

of redistributing the wealth among the agents, but reduces the trading volumes, the

opposite happens with a flat tax, which encourages to invest, but dramatically increases

the disparity among the agents. Moreover, while the TT scheme favoured the prudent

agents investing only in the less risky assets, the FT scheme rewarded the audacious

agents, that also consider investing in the riskiest assets. In the focal scenario, where

the adaptive agents consider adjusting their risk attitude and the consequent trading

strategy, we observed a significant impact of the agents interactions on the emerging

features of the market. Indeed, the richest agents, recognized as the market leaders,

formed separate communities. Notably, we observed that the communities benefit from

the presence of leaders with successful trading strategies, and are more likely to increase

their average wealth. Moreover, this herding-like behaviour mitigated the reduction of

the trading volumes typical of Tobin-like taxes, while preserving its redistributive e↵ect.
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Figure 7. Trading volumes when TT scheme is introduced: reference (blue line) and focal (red line)
scenarios, respectively.

of redistributing the wealth among the agents, but reduces the trading volumes, the

opposite happens with a flat tax, which encourages to invest, but dramatically increases

the disparity among the agents. Moreover, while the TT scheme favoured the prudent

agents investing only in the less risky assets, the FT scheme rewarded the audacious

agents, that also consider investing in the riskiest assets. In the focal scenario, where

the adaptive agents consider adjusting their risk attitude and the consequent trading

strategy, we observed a significant impact of the agents interactions on the emerging

features of the market. Indeed, the richest agents, recognized as the market leaders,

formed separate communities. Notably, we observed that the communities benefit from

the presence of leaders with successful trading strategies, and are more likely to increase

their average wealth. Moreover, this herding-like behaviour mitigated the reduction of

the trading volumes typical of Tobin-like taxes, while preserving its redistributive e↵ect.
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Results	  
Up	  to	  now,	  we	  have	  been	  able	  to	  model:	  
•  The	  emergence	  of	  community	  structures	  among	  the	  agents	  
•  The	  effect	  of	  external	  inputs	  on	  the	  market	  dynamics,	  such	  as	  

taxa9on	  schemes	  
•  The	  adapta9on	  of	  agent	  behavior	  due	  to	  interac9on	  phenomena	  
•  The	  main	  emerging	  features	  of	  the	  market,	  such	  as	  wealth	  

distribu9on	  and	  trading	  volumes.	  
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Next	  year	  

Credits year 1 Credits year 2 
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Modules     3 4 7 6 20 9 
Seminars   0,8 1,6 0,4   0,2 3 6 
Research 10 9 5 7 6 5 42 42 

10 9,8 9,6 11 13 11 65 57 

•  Con9nue	  the	  study	  of	  ar9ficial	  markets,	  implemen9ng	  new	  
scenarios	  with	  the	  introduc9on	  of	  other	  phenomena	  (i.e.	  herding),	  
by	  using	  new	  tools,	  such	  as	  evolu9onary	  networks.	  

•  Summary	  of	  the	  first	  year	  ac9vity	  and	  outlook	  on	  the	  second	  year:	  
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