
   On the Naturally Allied Spiral of Agent-based 
Computational Economics and Experimental 

Economics 
The First Cross-Straits Symposium on Economic Frontier and 

Policy Simulation, China Southern Normal University, 
Guangzhou, China  

                                      November 15-16, 2014                                                             
                           Shu-Heng Chen, chen.shuheng@gmail.com   
                         Chung-Ching Tai, chungching.tai@gmail.com 
                         Bin-Tzong Chih, chie@mail.tku.edu.tw 
                         Ying-Fang Kao, seldakao@gmail.com 
                         Ye-Rong Du, yerong.du@gmail.com 
                        

AI-Econ Research Center 
Department of Economics 

National Chengchi University  
Taipei, Taiwan 

http://www.aiecon.org/ 

mailto:chen.shuheng@gmail.com
mailto:chungching.tai@gmail.com
mailto:chie@mail.tku.edu.tw
mailto:seldakao@gmail.com
mailto:yerong.du@gmail.com


What is the relationship 
between ACE and EE as two  
research tools in Economics? 

“Natural Allies”   (Duffy, 2006) 



Nobel Laureates in Economics, 
2002  

Vernon Smith  Daniel Kahneman 



Nobel Laureate in Economics, 
1994 and 2012 

Alvin Roth Reinhard Selten 



Nobel Laureate in Economics, 
1978 



 Using experiments with human subjects to 
generate observations so as to examine 
economic theory, policy, and market 
designs has become a widely-accepted 
research paradigm in economics. 

 This helps make economics be an 
experimental science.    



Scaling-Up Issues of EE 
 Space Limit 
 Budget Limit  
 Attention Limit (Fatigue)  

 
 Experimental economics at this point has not 

carefully reviewed to what extent their 
obtained results can be sensitive to the 
number of agents.  

 One difficulty is that many experiments are 
not easy to be scaled-up. 



Layout C (UCLA) 



Schelling (2007) 
 What I did not know when I 

did the experiments with my 
twelve-year-old son using 
copper and zinc pennies 
was that I was doing later 
became known as 'agent-
based computational 
models,' or 'agent-based 
computational economics.' 
(Schelling (2007), p. xi.) 

 Schelling T (2007) 
Strategies of Commitment 
and Other Essays. Harvard 
University Press. 

 



Outline  

 EE as an Origin of ACE 
 Natural Allied Spiral 
 Learning-to-Forecast Asset Market 

Experiments 
 Cognitive Double Auction Experiments  
 Concluding Remarks   





Reinforcement 
Learning  

Zero Intelligence 
(Entropy 
Maximization) 

Evolutionary 
Computation  



Experimental economics and ACE researchers are 
natural allies, as both are interested in dynamic, 
decentralized inductive reasoning processes and 
both appreciate the importance of heterogeneity in 
agent types. (Ibid, p. 954; Italics added.) 



ACE and Experimental Economics 

Agent-Based  
Computational  
Economics  

Experimental 
Economics  Calibration 

Validation 
Replication 

Scaling-Up 
New Designs 



ACE and EE 
Most of the studies combining the two 
approaches have used agent-based 
methodology to understand results 
obtained from laboratory studies with 
human subjects; with a few notable 
exceptions, researchers have not 
sought to understand findings from 
agent-based simulations with follow-
up experiments involving human 
subjects. (Ibid, p. 951) 



ACE and Experimental Economics 

Agent-Based  
Computational  
Economics  

Experimental 
Economics  Calibration 

Validation 
Replication 

Scaling-Up 
New Designs 



Experimental 
Economics  

Theoretical  
Models 

Financial Markets 

Double Auctions 

Agent-Based 
Computational 
Economics  Replications 

More  Agents 

Longer Time 

More Rules 
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More Rules 

EE 

Naturally Allied Sprial  



LtFEs 

 Significance 
 Learning-to-Forecast Experiments (LtFEs)  
 Earliest LtFEs  
 LtF Asset Market Experiments 

 



Gerber, Hens, and Vogt (2002) 

 Ninety percent of what we do is based 
on perception. It doesn’t matter if that 
perception is right or wrong or real. It 
only matters that other people in the 
market believe it. I may know it’s crazy, 
I may think it’s wrong. But I lose my 
shirt by ignoring it. (“Making Book on the 
Buck”Wall Street Journal, Sept. 23, 1988, 
p. 17) 



Learning-to-Forecast 
Experiments (LtFEs) 

 A concentrated task (no trading, no 
optimization, and so on) 

 Market design (endogeneity) 
 Repeated game (feedbacks) 



Agent 1:  
Rule Forecast 

Agent 2:  
Rule Forecast 

Agent N:  
Rule Forecast 

Aggregation  
Mechanism 

True  
Value 



Heemeijer et al.(2009) 



LtFES Overlapping Generation Experiments  
(Marimon and Sunder, 1993, 1994, 1995; Marimon, Spear 
and Sunder, 1993)  

Agent-based Macroeocnomic (Overlapping 
Generation Model) 
(Arifovic, 1995, Bullard and Duffy, 19988a, b, 1999; 
Chen and Yeh, 1999) 

LetFEs: From EE to ACE 



Earliest LtFEs 
 Marimon R, Sunder S (1993) Indeterminacy of 

equilibria in a hyperinflationary world: Experimental 
evidence. Econometrica 61:1073-1107. 

 Marimon R, Spear S, Sunder S (1993) Exceptionally 
driven market volatility: An experimental study. Journal 
of Economic Theory 61(1):74-103. 

 Marimon R, Sunder S (1994) Expectations and 
learning under alternative monetary regimes: An 
experimental approach. Economic Theory 4:131-62. 

 Marimon R, Sunder S (1995) Does a constant money 
growth rule help stabilize inflation? Carnegie-
Rochester Conference Series on Public Policy 43:111-
-156. 
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Degree of relative risk aversion  
Figure1. Bifurcation diagram, backward perfect-foresight dynamic (last 50 of 
1,000 iterations).  

Complex Dynamics: Grandmont (1985) 

 
Replicates the figure 4 of Grandmont (1985) 

Steady-state 
equilibrium 

Period-2 
cycle 

Period-4 
cycle 

Period-3 
cycle 

As relative risk aversion parameter is increased, 
the period of cycle also increased 

Sarkovskii’s Theorem  



LtFEs and Agent-Based 
Macroeconomic Model  

 Arifovic J (1995) Genetic algorithms and inflationary 
economies. Journal of Monetary Economics 36(1): 219--43. 

 Bullard J, Duffy J (1998a) A model of learning and emulation 
with artificial adaptive agents. Journal of Economic Dynamics 
and Control 22: 179--207. 

 Bullard J., Duffy J. (1998b) Learning and the stability of 
cycles. Macroeconomic Dynamics 2(1): 22--48. 

 Bullard J, Duffy J (1999) Using genetic algorithms to model 
the evolution of heterogeneous beliefs. Computational 
Economics 13(1): 41—60. 

 Chen S.-H, Yeh C.-H (1999) Modeling the expectations of 
inflation in the OLG model with genetic programming. Soft 
Computing 3(2): 53--62. 
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Bullard and Duffy (1998), Figure 2 
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Relative risk aversion, old agents  
Figure2. Limiting learning dynamics: 10 replications at each old-agent 
relative risk aversion; convergence values or last 50 iterations of each 
replication plotted. ○ Observed after convergence or 2,000 iterations. 

4.2 

Steady state and period-2 cycle 

Steady 
state 

Steady state 

Period-2 cycle 



Asset Market  
Experiments  
(Smith, Suchanek,  
and Williams, 1988)  

Agent-based Financial  
Markets (Arthur, 1992;  
Palmer et al, 1994) 

Expectationally-Driven  
Bubbles and Crashes   

LtF Asset Market  
Experiment  



ACE: Adaptive 
Belief System 
(Brock and 
Hommes, 1997, 
1998) 

Heuristic Switch 
Model 

EE: LtF Asset  
Market Experiments  
(Hommes et al., 2005, 2008) 

Aggregate  
Patterns  

Heterogeneously  
Expectations 
(Individually fitted  
Models) 

Heuristic Switching 
In 
Forecasting Models 



Asset Market Experiments  

 In late 1980, the laboratory approach has 
been extended to the study of financial 
markets, called the asset market 
experiments  (Smith, Suchanek, and 
Williams, 1988). 
 Smith V, Suchanek G, Williams A (1988) 

Bubbles, crashes, and endogenous 
expectations in experimental spot asset 
markets. Econometrica 56(5): 1119-1151. 





 In the early 1990s, in addition to 
macroeconomics, another development of 
agent-based models to economics is the 
domain of  financial markets.   

 The literature is known as artificial stock 
markets.  



Agent-Based Artificial Stock 
Markets: Origin 

– Origin: Brain Arthur at Santa Fe Institute (SFI) 
– Arthur, B. (1992), “On Learning and Adaptation in 

the Economy,” 92-07-038. 
– Palmer, R. G., W. B. Arthur, J. H. Holland, B. 

LeBaron, and P. Tayler (1994), “Artificial 
Economic Life: A Simple Model of a 
Stockmarket,” Physica D, 75, pp. 264-274. 

– Tayler, P. (1995), “Modelling Artificial Stocks 
Markets Using Genetic Algorithms,” in S. 
Goonatilake and P. Treleaven (eds.), Intelligent 
Systems for Finance and Business, pp.271-288. 



Artificial Stock Markets: Further Development 
 

– Arthur, W. B., J. Holland, B. LeBaron, R. Palmer and P. Tayler (1997), 
``Asset Pricing under Endogenous Expectations in an Artificial 
Stock Market,'' in W. B. Arthur, S. Durlauf & D. Lane (eds.), The 
Economy as an Evolving Complex System II, Addison-Wesley, pp. 
15-44. 

– LeBaron, B., W. B. Arthur and R. Palmer (2000),  ``Time Series 
Properties of  an Artificial Stock Markets,’’ Journal of Economic 
Dynamics and Control. 

– LeBaron, B. (1999), ``Building Financial Markets with Artificial 
Agents: Desired goals and present techniques ,’’ in G. Karakoulas 
(ed.), Computational Markets, MIT Press.  

– LeBaron, B. (1999), ``Evolution and Time Horizons in an Agent 
Based Stock Market,’’ 
 



Forthcoming in Chen S-H, Kaboudan M, and Du Y-R (eds), Handbook on  
Computational Economics and Finance, Oxford University Press.  



 Brock W. Hommes C (1997) A rational route 
to randomness, Econometrica 65:1059–1095. 

 Brock W. Hommes C (1998) Heterogeneous 
beliefs and routes to chaos in a simple asset 
pricing model. Journal of Economic Dynamics 
and Control, 22: 1235-1274. 

 Hommes C (2002) Modeling the stylized facts 
in finance through simple nonlinear adaptive 
systems. Proceedings of the National 
Academy of Sciences of the United States of 
America 99:7221-28. 



Adaptive Belief System  
(Brock and Hommes, 1997, 1998; Hommes, 2002) 

Risk Attitude: CARA  
 
Objective Function: Myopic Expected 
Utility Maximization 
 
Portfolio Optimization (Subjective 
Forecasts)   
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Brock and Hommes (1998), p. 
1264, Figure 11(a)  



Brock and Hommes (1998), p. 
1264, Figure 11(b)  



 Hommes C, Sonnemans J, Tuinstra J, van de 
Velden H (2005) Coordination of expectations 
in asset pricing experiments. Review of 
Financial Studies 18(3): 955-980. 

 Hommes C, Sonnemans J, Tuinstra J, van de 
Velden H (2008) Expectations and bubbles in 
asset pricing experiments. Journal of 
Economic Behavior and Organization 
67(1):116-133. 



Adaptive Belief System  
(Brock and Hommes, 1997, 1998; Hommes, 2002) 



LtFES Asset Market Experiments  
(Hommes, et al. 2005) 



LtFES Asset Market Experiments  
(Hommes, et al., 2008) 









Marimon, Spear, and Sunder 
(1993) 



Four Bases (Heuristics) 



EE and ACE (Hommes, 2011) 



EE and ACE (Hommes, 2011) 



Hommes and Lux (2013) 
 Using the GAs for individual learning, our paper makes 

another contribution that goes beyond the limitations 
of laboratory experiments. Laboratory experiments are 
costly, because subjects must be paid according to 
their performance, and typically experimental markets 
are small because of capacity limitations.  After fitting 
our GA model to individual learning, we can easily 
investigate price behavior in alternative, more realistic 
market scenarios through numerical simulations. In 
particular, we investigate the occurrence of excess 
volatility when the number of subjects in the market 
becomes large and/or when the number of rules per 
individual becomes large. (Hommes and Lux (2013), 
p.375; Italics added.) 



 Lager number of subjects (> > 6) 
 Heterogeneous pools of heuristics   



Cognitive Market Experiments  

 Significance  
 Backgrounds  
 Cognitive Capacity in ACE: DA Markets   
 Cognitive Capacity in EE: DA Markets  



Economic Significance of 
Intelligence 

 Some empirical studies 
support a positive 
correlation between 
Intelligence Quotient (IQ) 
and income.  

 While the correlation 
coefficient is often found 
to be less than 0.5, it may 
increase with age to 
some extent (Herrnstein 
and Murray, 1996; 
Jensen, 1998). 



Economic Significance of 
Intelligence 

 Lynn and Vanhanen (2002, 
2006) and Lynn (2006) further 
provided rich resources on the 
comparative studies of IQ 
among different countries and 
races, and indicated that IQ's 
significance can even come to 
the social or country level. 

 Other similar findings 
regarding the effect of 
intelligence on growth (Weede 
and Kampf, 2002; Jones and 
Schneider, 2006; Ram, 2007) 

 Human capital is approximated 
by national IQ.   



 Individual ability and income: 
Ammon (1895), Moore (1911), Staehle (1943) 
 

 Cognitive ability and wages:  
Murnane, Willett, & Levy (1995),  
Cawley, Conneely, Heckman, & Vytlacil (1997),  
Cawley, Heckman, & Vytlacil (2001),  
Zax & Rees (2002), Gould (2005),  
Heckman, Stixrud, & Urzua (2006) 



 Cognitive ability and financial portfolios:  
Christelis, Jappelli, & Padula (2010),  
Grinblatt, Keloharju, & Linnainmaa (2011)  
 



 Cooperation and Coordination:  
Segal & Hershberger (1999), Devetag & Warglien 
(2003), Jones (2008), Burks, Carpenter, Göette, 
& Rustichini (2009) 
 

 Representation and Depth of Reasoning:  
Devetag and Warglien (2008) 
 

 Winner's Curse:  
Casari, Ham and Kagel (2007). 



 We know intellectual quality plays an 
important role in various aspects of people’s 
economic life. 
 

 We do not have much knowledge about the 
influence of intellectual quality on human 
traders’ market performance. 
 
 



Cognitive Capacity in Experimental 
Economics 

 Segal and Hershberger(1999): prisoners’ dilemma game 
 Devetag and Warglien (2003): dominance-solvable 

game 
 Ohtsubo and Rapoport (2006): beauty contest game 
 Casari, Ham and Kagel (2007): common-value auction 
 Cornelissen, Dewitte and Warlop (2007): dictator game 
 Cappelletti, Guth and Ploner (2008): ultimatum game  
 Devetag and  Warglien (2008) 
 Jones (2008): prisoners’ dilemma game 
 Burks, Carpenter, Goette, and Rustichini (2009) 



Cognitive 
Capacity 

Personality 
Psychology 

Culture 

Human 
Subject 

Experiments 
Behavioral  
Economics 

Agent-Based 
Economic 

Models 







Game  
Experiments  

 
Agent-Based   

Financial  
Markets 

 

Zero-Intelligence Agents 

Reinforcement Learning Agents 
Belief Learning Agents 

Experience-Weighted  
Attraction (EWA) Agents 

Sophisticated (EWA) Agents Regime-Switching Agents 

Level-K Reasoning Novelty-Discovering Agents 



Cognitive  
Capability:  
One 
Dimension   

Zero-Intelligence  
Agents 

Reinforcement Learning  
Agents 

Belief Learning Agents 

Experience-Weighted  
Attractions (EWA) Agents 

Level-K Reasoning Agents 

Game  
Experiments  



Artificial Agents with Incremental 
Cognitive Capability  





Population Size and WMC 
 The idea of using population size as a proxy variable for working 

memory is first proposed in Casari (2004), who literally treated the 
population size used in the genetic algorithm equivalent to the 
number of chunks that human can process at a time. 

 Genetic programming is a population-based algorithm, which can 
implement parallel processing.  Hence, on the one hand, the size of 
the population will directly determine the capability of parallel 
processing.  

 On the other hand, the human's working memory capacity is 
frequently tested based on the number of the cognitive tasks which 
humans can simultaneously process (Cappelletti, Guth and Ploner, 
2008) 

 Dual tasks have been used in hundreds of psychological 
experiments to measure the attentional demands of different mental 
activities (Pashler, 1998). 

 Hence, the population size seems to be an appropriate choice with 
regard to mimicking the working memory capacity of human agents. 



Experiment Setups  

 300 Runs for each Pop  
 Each run starts with a renew sample of the 

eight software traders and with a renew 
demand and supply schedule  

 Each Run last for 7,000 trading days 
 Each trading day consists of 25 steps 
 Each generation of a GP cycle is 

composed of (2 times Pop) trading days.  
 



Market Architecture 

Auction 

Seller 1 [Random] 

Seller 2 

Seller 3 

Seller 4 

Buyer 1 

Buyer 2 

Buyer 3 

Buyer 4 

[Random] 

[Random] 

[Random] [Random] 

[Random] 

[Random] 

[Random] 

Traders = Sampling without Replacement(10, 7){Kaplan, 
Ringuette, Skeleton, ZIC, ZIP, Markup, Gjerstad-Dickhaut 
(GD), BGAN, Easley-Ledyard, Empirical Bayesian} + GP  



Market Architecture: One Realization, One 
Run 

Auction 

Seller 1 [Kaplan] 

Seller 2 

Seller 3 

Seller 4 

Buyer 1 

Buyer 2 

Buyer 3 

Buyer 4 

[Ringuette] 

[BGAN] 

[GD] [EB] 

[GP] 

[ZIC] 

[EL] 



Result I 
 There are three major findings from these 

simulations with software agents.  
 First, GP traders with different cognitive 

capacities, from Pop=5 to Pop=100, can 
all outperform the human-supplied 
programmed agents, while with different 
speed in terms. 

 GP traders with higher cognitive capacity 
tend to learn faster and consequently 
accumulate more wealth.   
 





Result II 
 Second, however, GP traders with larger 

cognitive capacity perform better than GP 
traders with smaller cognitive capacity; 
however, this dominance become less 
significant when cognitive capacity 
increases further.  
Remark: Again, double auction market  

is a rather easy environment that 
income inequality can be significant only 
if  the gap in cognitive capacity is large 
enough.  

 





Result III 
 Third, if we allow GP traders with lower cognitive 

capacity more time to learn, the above income 
gap can disappear if the difference in cognitive 
capacity among traders is limited; otherwise, the 
gap can be only narrowed but not disappear. 
 Remark: Therefore, even though the double auction 

market is an easy environment, it can still generate 
persistent income inequality if the heterogeneity in 
cognitive capacity of traders is significant enough.  In 
this sense, Gode-Sunder intelligence irrelevancy 
hypothesis is invalid.  





Intelligence Irrelevance 
Hypothesis 

 The intelligence irrelevance hypothesis 
basically states that competitive market 
can help determine the price and facilitate 
trading opportunities, and the gain that 
one can have from the competitive market 
is independent of his/her cognitive ability. 

 Is that real? 



Alignment from ACE to EE 

 Markets: 300  3 
 Opponents: 10  7  
 Sophisticated Traders (the seven) 
 Simple Traders (truth tellers) 

 Cognitive Capacity  Working Memory 
Test (Lewandowsky et al., 2010) 

 Subjects: 173 subjects for each series   
 



M1 M2 M3 



 First, cognitive capacity matters.  Subjects 
with higher cognitive capacity perform 
better than subject with lower cognitive 
capacity.  



Buyer or not 





 Second, cognitive capacity still matters 
even after learning has been taken into 
account. 



 Observations: 
◦ The High Group outperformed the Low Group in every 

period of every market. 
◦ There is obvious learning for both High and Low Groups. 
◦ The gap between High and Low Groups shrinks overtime. 
◦ Subjects’ performance drops when the demand-supply 

schedule changes. 







Concluding Remarks 

 Data under the lab is under control and 
clean? 
 Not entirely, because human is complex.  

 Agent-based model can assure how the 
data is socially generated. 
 However, have to show that the artificial 

agents under control are `human’.  
 



Let the naturally allied spiral to  
constantly spiral!  



Thank for your Attention! 
Slides are available on 
www.aiecon.org 
Questions? 

http://www.aiecon.org/
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